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a b s t r a c t
Today’s data centers contain large numbers of compute nodes that require substantial power, and
therefore require a large amount of cooling resources to operate at a reliable temperature. The high
power consumption of the computing and cooling systems produces extraordinary electricity costs,
requiring some data center operators to be constrained by a specified electricity budget. In addition, the
processors within these systems contain a large number of cores with shared resources (e.g., last-level
cache), heavily affecting the performance of tasks that are co-located on cores and contend for these
resources. This problem is only exacerbated as processors move to the many-core realm. These issues lead
to interesting performance-power tradeoffs; by considering resource management in a holistic fashion,
the performance of the computing system can be maximized while satisfying power and temperature
constraints. In this work, the performance of the system is quantified as the total reward earned from
completing tasks by their individual deadlines. By designing three resource allocation techniques, we
perform a rigorous analysis on thermal, power, and co-location aware resource management using two
different facility configurations, three different workload environments, and a sensitivity analysis of the
power and thermal constraints.
© 2017 Elsevier Inc. All rights reserved.

1. Introduction
Faster execution time has long been the highest priority design
objective for data centers. The great success achieved thus far in
optimizing performance of these systems has come at the cost
of increased power consumption, leading to increased ownership
costs from powering and cooling these systems. Furthermore, the
increased demand for performance from these systems has led
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to chip designers increasing the number of cores in their multicore processors, and led data center administrators to include
these high-performance multicore processors in their facilities.
The increased number of processing chips in data centers also
has increased the power consumption of computing and cooling. The increased number of cores per chip has led to greater
interference between cores competing for shared resources. The
push to exaflop-capable systems will require even more on-chip
parallelism (and sharing nodes among multiple tasks), thereby
reducing performance because of this interference and requiring
larger systems to meet needs, thus exacerbating power consumption.
Motivated by the need to reduce electricity costs and encourage
green computing, the Green500 list aims to switch the paradigm
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of performance as a primary design objective to metrics such
as energy efficiency and performance-per-watt as higher priority
design objectives. The DGX SATURNV supercomputer currently
tops the Green500 list with a performance-to-power ratio of 9.46
GFLOPS per Watt [15]. A linear extrapolation of the DGX SATURNV
system to exascale results in a power consumption of 105 MW,
or approximately $33 million per year in electricity in the United
States. The Defense Advanced Research Projects Agency (DARPA)
has set the target for an exaflop capable system to consume no
more than 20 MW [26], consuming only approximately one-fifth
of the power of today’s most power-efficient supercomputer.
Designing new power-aware and thermal-aware resource management techniques is one method to reduce the power consumption of large-scale systems and to alleviate the amount of
cooling to further reduce power consumption and total cost of
ownership. Examples of power-aware and thermal-aware resource
management include exploiting different power and performance
characteristics of heterogeneity across compute nodes, configuring
dynamic voltage and frequency scaling (DVFS) in cores, and setting
computer room air conditioning (CRAC) thermostats to higher
temperatures during operation. These decisions must ensure the
temperatures of the compute nodes do not exceed the red-line
threshold, defined as the maximum allowable equipment intake
temperature [2].
The prevalence of multicore processors in modern enterprise
data center facilities has given rise to heavy contention for shared
resources among the cores, such as at the last-level cache and
DRAM. This has led to performance degradation when running
tasks on cores that share these resources, with a significant impact on the execution time of those tasks [18]. The performance
degradation can range from negligible to severe, and the amount of
degradation is correlated with attributes such as how many tasks
are co-located (i.e., running on cores within the same processor),
the memory intensity of the co-located tasks (defined as the ratio of last-level cache misses to the total number of instructions
executed), and clock frequency of the core. With knowledge of
these workload characteristics, it is possible to predict the execution time degradation of tasks under co-location interference
effects [12]. Typically, performance degradation is more severe
when memory intensive tasks are co-located, because they try to
access shared memory simultaneously more often than compute
intensive tasks. Therefore, to mitigate interference, it is intuitive to
co-locate memory intensive tasks with compute intensive tasks.
We consider an enterprise data center with workload arrival
rates that can be predicted over a decision interval (epoch) [6,10],
where the task arrival rates, temperatures at compute nodes and
CRAC units, and the power consumption of the computing system
and CRAC units remain virtually invariant over that interval of
time. That is, a day split into epochs, and over the course of an
epoch the workload arrival rates can be reasonably approximated
as constant, e.g., the Argonne National Lab Intrepid log that shows
mostly-constant arrival rates over large intervals of time [14]. The
performance of the data center is measured by the reward collected
from completing tasks by their individual deadlines, where reward
represents the worth of completing that task to the system. In
a rate-based resource management framework, maximizing reward is equivalent to maximizing the reward rate. The goal of
our resource management techniques is to maximize reward rate.
Our techniques mitigate the impact of co-location interference by
maximizing a reward rate objective function that considers colocation interference. The problem we solve is to maximize the
reward rate earned by the system while obeying red-line temperature thresholds and a power constraint on the whole facility
(both compute and cooling power). By taking a holistic approach to
the control of such a facility, we maximize the reward rate earned
while ensuring that the compute nodes do not exceed their red-line
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temperatures and the total power consumed by the compute nodes
and CRAC units do not exceed a given power constraint. Though
it is not typical for today’s resource managers (e.g., SLURM [38],
MOAB [30]) to consider DVFS performance states (P-states) for
its allocations, and we assume an oversubscribed environment
(i.e., the system is not capable of executing all incoming tasks)
where it would be common to execute the workload in the fastest
P-state, we believe the consideration of DVFS by our resource
manager provides greater control of the power consumption of
compute nodes and the intelligent selection of P-states allows for
greater performance gains within that power budget.
To solve this optimization problem, we design a new greedy
heuristic, develop a genetic algorithm (GA) based approach, and
improve a non-linear programming (NLP) approach from our
previous work [1] to consider the effect of co-locating tasks on
multicore processors. We perform extensive analyses of these
techniques on different workload environments, data center facility cold-aisle isolation configurations, and data center facility sizes
(large and small).
In summary, we make the following novel contributions:

• Derivation of a new detailed model of a heterogeneous data
center that considers the power consumption and performance of the compute nodes and cooling system, thermal
constraints, DVFS, and co-location interference.
• Design of resource management techniques based on a
greedy heuristic, a GA with local search, and an adaptation
of a previously proposed NLP approach with consideration
of co-location while ensuring that power consumption and
thermal constraints are obeyed.
• In-depth simulation-based analyses of resource management techniques under several important physical facility
configurations with different system sizes and cold-aisle
isolation capabilities.
• Sensitivity analysis of our resource management techniques
under a range of values for the power and thermal constraints across different cold-aisle isolation configurations
and workload environments.
The rest of the paper is organized as follows. We discuss related
work in Section 2. In Section 3, we explain our models for compute
nodes, CRAC units, and workload, as well as how we consider colocation interference. Section 4 describes our proposed resource
allocation techniques. Our simulation and evaluation setup and
results are in Sections 5 and 6, respectively. In Section 7, we
conclude and discuss ideas for future work.
2. Related work
2.1. Overview
Data centers use a large amount of power, resulting in high
electricity costs and a large carbon footprint. In an attempt to
encourage green data center design by reducing the power consumption in data centers, the authors of [20] have identified four
factors that can drive green data center design: (1) improved physical design to reduce heat recirculation and hot-spots, (2) using
highly energy-efficient computing and cooling systems, (3) using
sustainable energy sources such as solar power, and (4) using intelligent computing resource management strategies. In this study,
we focus on designing and analyzing green resource management
techniques. Temperature, power, and performance of the compute
nodes are all tightly coupled, and thus we take a holistic approach
to data center resource management that considers heterogeneous
compute nodes, spatial temperature knowledge, P-states, CRAC
outlet temperatures, and interference caused by co-location on
multicore processors.
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2.2. Thermal-aware scheduling
While larger data centers such as Google’s have small power
usage effectiveness (PUE) and therefore only 6% of the power consumption is due to cooling and power distribution [17], a survey
conducted in 2014 found an average data center PUE of 1.7 that
implies approximately 40% of data center power consumption is
due to cooling and power distribution [39]. Also, our collaboration
with Oak Ridge National Labs (ORNL) has demonstrated that large
computing systems (e.g., Titan) have significant cooling power
costs. A holistic approach to management of both the cooling and
computing components is vital in reducing electricity costs. The
power and temperature relationship between the compute nodes
and cooling infrastructure is highly correlated. That is, reducing
the power of compute nodes also reduces the temperatures of
those nodes, therefore easing the load on the cooling infrastructure
and reducing cooling costs. However, thermal-aware and poweraware computing decisions are often conflicting. Power-aware
computing techniques often attempt to concentrate the workload
to a few active nodes, allowing those nodes without a workload to
switch into an idle state or be deactivated. Intuitively, this leads
to high heat dissipation in a small area, creating thermal hotspots
and increasing the local cooling power for just a small number of
the nodes. Thermal-aware scheduling techniques reduce cooling
power by minimizing hotspots and total heat generated [9].
Both minimizing hotspots and total heat generated is examined
in [44], where virtual machines are dynamically migrated based on
temperatures and compute node loads to try to satisfy the conflicting objectives of reducing cooling costs by spreading the workload,
and reducing compute node power costs by consolidating the
workload. The fundamental idea of their migration algorithm is to
detect overheating compute nodes (through onboard sensors), and
migrate virtual machines from an overheated compute node to the
coolest one in the facility. By placing a temperature cap for detecting overheating, and then migrating loads from hot nodes to the
coolest ones, hotspots are managed and heat is spread more evenly
throughout the room. But neither DVFS nor heat recirculation is
considered, as we do.
The research in [19] takes an interesting approach in its
thermal-aware workload management by considering multiple
facilities, each located in different geographical locations. Each
facility has intermittent and unreliable renewable energy sources
attached (e.g., wind or solar), making it sensible to migrate ‘‘time
insensitive’’ batch workloads to facilities with high renewable
energy generation at a given point in time. The computing facilities
also are equipped with a thermal energy storage (TES) system. The
intuition behind the two kinds of thermal energy storage systems
in today’s computing facilities are to either (1) excessively cool the
data center when an abundance of renewable energy is available so
it remains at a reasonable temperature when no renewable energy
is available, or (2) attach a dedicated thermal storage unit that uses
renewable energy to chill liquid for use later. That paper considers
the latter, and models the thermal storage unit similarly to a
battery with a capacity, charge, and discharge rate. The problem
is formulated as an economics problem to minimize the operating
cost (energy and ‘‘bandwidth’’ cost for migration) to complete
the workload. Unlike [19], our research considers heterogeneity
of compute nodes, DVFS, and CRAC unit control in our resource
management techniques.
There have been many recent works that consider thermalaware resource management (e.g., [19,23,25,27,33,35,40,41,43,44]).
Some do not consider heterogeneity in their work [19,43,44] or
recirculation of heat in the room [19,33,41,44]. Others do not
consider DVFS control [19,25,27,33,35,40,41,44] or CRAC unit control [19,35,41,44], leaving the thermal-aware allocation choices
limited to only turning nodes on/off or basing the choices on
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CPU utilization. Lastly, some thermal-aware works only examine
thermal and power metrics, while not considering performance
metrics of any sort [44]. Today’s systems typically require abiding
by performance constraints to ensure either deadlines or SLAs are
not violated.
We consider a similar environment and problem to solve as
our previous work in [1]. The goal of [1] is to maximize the reward rate earned in a data center in a power and thermal constrained environment. We improve significantly upon that work by
considering the effects of co-location interference, designing new
techniques to mitigate the effects of co-location interference, and
performing analyses across a broader range of different workload
environments and facility configurations.
2.3. Co-location interference
Multicore processors are prominent in today’s data centers,
and the number of cores per processor is increasing. In such
processors, many (if not all) cores share resources such as the
last-level cache, causing contention and performance degradation
for tasks executing on those cores because of the thrashing in
shared caches or competition for main memory bandwidth. The
degradation experienced is dependent on the characteristics of the
co-located tasks, and ranges from negligible to severe [18]. The
problem of co-location interference between tasks on multicore
processors is fairly new; thus, most recent works are still related
to measuring or modeling of the phenomena, with very few on
the actual design of resource management techniques that use
such models to mitigate interference effects. The research in [24]
proposes a general methodology for measuring task interference
in multicore processors, and tests it in a real data center. In [46],
an empirical approach to predict performance degradation is proposed. Focusing on shared cache and memory bandwidth as the
two shared resources that affect performance the most, functions
that predict a task’s pressure on those subsystems are found.
Both linear models and neural network models are created using
empirical data in [12]. A set of benchmarks from both the PARSEC
benchmark suite and NAS benchmark suite are co-located on cores
of multicore processors in numerous configurations to collect data
for correlated features such as last-level cache misses, memory
intensities, and execution times. These models allow predictions
to be made for performance degradation when multiple tasks are
co-located on a multicore processor.
To mitigate co-location interference among virtual machines
allocated to the same multicore processor, the algorithm in [13]
aims to leverage information from tasks the system has seen in
the past to classify and then schedule tasks without violating
QoS guarantees. In [5], it is argued that consolidation of several
tasks onto a compute node (e.g., through virtualization) increases
utilization but results in degrading task performance significantly.
Therefore, a technique that increases node utilization while still
maintaining SLAs is proposed and tested. A weighting scheme is
used to determine the pairings for critical (strict SLA agreements)
and non-critical workloads onto compute nodes.
Our paper does not focus on modeling co-location interference
effects as [12,18,24,46] do. We focus on the design of resource
management techniques that use predictive models to avoid interference effects, such as [5,13]. However, our work also considers
power and temperature as constraints in the decision matrix of our
resource management techniques.
3. System model
3.1. Overview
Our model of a data center and workload builds on the model
proposed in [1]. We assume the facility is configured in a hot
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Fig. 1. Data center in hot aisle/cold aisle configuration.

aisle/cold aisle fashion (Fig. 1). In such a configuration, cold air is
supplied from the CRAC units to a cold aisle through perforated
floor tiles that face the inlets of the compute nodes. The compute
nodes consume power and expel hot air through the opposite end
to a hot aisle. The CRAC units draw the hot air from the hot aisles
to cool. If the cold aisles are isolated using containment technology
(e.g., using plastic curtains or commercial Plexiglass systems), the
recirculation of heat among compute nodes in a data center may
or may not be important to consider. Some facilities have isolated
aisles (e.g., the research computing facility at Hewlett Packard in
Fort Collins, CO) and some have non-isolated aisles (e.g., the data
center at Colorado State University). In our work, we compare both
and examine the benefits of isolation.
3.2. Compute nodes
The number of compute nodes in the data center is NN, and
each compute node j belongs to a compute node type NT (j). We
assume a heterogeneous system with the number of compute nodetypes equal to NNT , and compute nodes that belong to a specific
compute node-type are identical and contain the same number
of cores, power characteristics, and performance characteristics.
Cores within a compute node type are homogeneous, and we
assume the cores can be independently assigned performance
states (P-states) that provide a tradeoff between power and performance [21]. P-states are discrete voltage and clock frequency
pairings, with lower-numbered P-states consuming more power
but increasing the execution speed of tasks. We model a case
where a core is deactivated by adding one additional P-state to
the available P-states of a core, where the deactivated state is the
highest-numbered P-state. The total number of cores in the data
center is NC , and CT (k) is the type of the compute node to which core
k belongs. If core k is in node j, then CT (k) = NT (j). We provide a
table of notations (Table 14) in the appendices.
3.3. Workload
We assume that we have a set of T known task types. We
consider a data center in the steady-state where it is assumed
that for a given epoch interval, the arrival rates of tasks of type i,
denoted λi are known (or can be predicted [6,10]. A reward ri is
obtained for completing a task of type i by its individual deadline
di , relative to its arrival time.
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The system we consider is heterogeneous, i.e., the power and
performance characteristics of the compute node-types are different. Therefore, tasks of the same type can have different execution rates on different node-types and P-states. We assume that
we know the estimated computational speed (ECS) of any task of
type i on a core of type j in P-state k, ECS(i, j, k) (measured in
number of tasks per second). In many computing environments,
such as those in national labs (e.g., NCAR, ORNL) and industry
(e.g., DigitalGlobe), the tasks executed are from a known set of
tasks and therefore their arrival rates can be predicted and their
execution times pre-characterized using historical, experimental,
or analytical techniques [22,28,37]; in Section 5, we discuss the
values used for our simulations using benchmark data collected
from server class machines.
We assign a desired fraction of time each core k will spend
executing tasks of type i, denoted DF (i, k), and the P- state each
core k is configured when executing tasks of type i, denoted PS(i, k).
We assume tasks will run serially until completion. That is, a core
sharing its time among multiple tasks implies that an online scheduler using information from solutions provided by our rate-based
resource manager will assign different tasks to execute on the core
in such a manner that, over a long period of time (i.e., steadystate), the amount of time a core k spends executing a task of type i
would equal its assigned DF (i, k) value. Our goal is to maximize the
reward we can obtain and meet the power and thermal constraints
of the system. Given DF (i, k) and PS(i, k), we calculate the execution
rate of tasks of type i on core k, ER(i, k), as
ER(i, k) = DF (i, k) · ECS(i, CT (k), PS(i, k)).

(1)

3.4. Power model
In an oversubscribed environment such as the one we consider, non-CPU components are always active and thus their power
dissipation can be assumed to be static (i.e., not time-varying).
We consider the static power consumption of a compute node
(e.g., from main memory, disks, fans) in addition to the dynamic
power consumption of the CPU cores. We assume that CPU cores
are able to change P-states over time depending on what tasktype is currently being executed, and that the time associated with
switching P-states is negligible in comparison to the execution
time of tasks. The power consumed by cores is a function of the
task-type being executed and the P-state in which the core is executing the task. Let S(j) be the static power consumption of compute
node j, let APC(i, NT (j), PS(i, k)) be the average power consumed by
a core k in a node of type NT (j) executing tasks of type i in P-state
PS(i, k), and NCN(j) be the set of cores in node j. We calculate the
power consumption of node j, PN(j), as
PN(j) = S(j) +

T
∑ ∑

APC (i, NT (j), PS(i, k)) · DF (i, k).

(2)

k∈NCN(j) i=1

We assume a constant static power S(j), but in cases where a core
may not be active 100% of the time (i.e., the sum of DF (i, k) values
across all T task types is less than 100%), that core would not
consume its full power according to Eq. (2).
The power consumed at a CRAC unit is a function of the heat
removed at that CRAC unit in addition to the Coefficient of Performance (CoP) of the CRAC unit [31]. Let NCR be the total number
of CRAC units in the data center, TC in (i) be the inlet temperature of
CRAC unit i, TC out (i) be the outlet temperature of CRAC unit i, ρ be
the density of air, C be the specific heat capacity of air, and AFC (i) be
the air flow rate of CRAC unit i. The power consumed by CRAC unit i,
PC (i), is calculated as [31]
PC (i) =

ρ · C · AFC (i) · (TC in (i) − TC out (i))
CoP(TC out (i))

.

(3)
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3.5. Thermal model
To calculate the temperatures at compute nodes and CRAC
units, we use the concept of thermal influence indices that characterizes the causal relationship between heat sources and sinks
from [4]. That is, the thermal influence indices are used to help
estimate the recirculation of air between compute nodes and
CRAC units, similar to the recirculation models introduced in [31]
and [42]. Let TN in (j) be the inlet temperature at compute node j and
TN out (j) be the outlet temperature at compute node j. The outlet
temperature at compute node j is a function of the inlet temperature, the power consumed, and the air flow rate of the node AFN(j),
calculated as
TN out (j) = TN in (j) + PN(j)/(ρ · C · AFN(j)) .
out

(4)

T in (y) =

NCR
∑

ACRAC [i, y] · TC out (i) +

i=1

NN
∑

ANode [j, y] · TN out (j).

(5)

i=j

The ASHRAE guidelines have designated the inlets of IT equipment as the common measurement point for temperature compliance [2], and therefore we consider thermal constraints at the
inlets of compute nodes. If we let Tredline be the vector of red-line
temperatures, the thermal constraint is the element-wise inequality
Tin ≤ Tredline .

(6)

3.6. Co-location interference
Tasks competing for shared memory in multicore processors
can cause severe performance degradation, especially when competing tasks are memory intensive [18]. Analysis of performance
counters in computing systems (e.g., as in [11]) when executing
a task allows for determination of the memory intensity of that
task. The memory intensity of a task refers to the ratio of last-level
cache misses to the total number of instructions executed [12].
We employ a linear regression model from [12] that combines a
set of disparate features (i.e., inputs that are correlated with task
execution time) based on the current tasks assigned to a multicore
processor to predict the execution time of a target task i on a
target core k. A description of the features we use, in addition
to the symbols representing each feature, is given in Table 1. In
a linear model, the output is a linear combination of all features
and their calculated coefficients, where the coefficients are used
to combine the disparate features together into one measure. We
classify the task-types into memory intensity classes to calculate
these coefficients for the different memory intensity classes using
the linear regression model. If we denote u, v , w , x, and y as the
coefficients for feature symbols A, B, C , D, and E (from Table 1) for a
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task-type of memory intensity class m on core k, then with z as the
constant, the equation for co-located execution time of a task-type
i on core k (CET (i, k)) is
CET (i, k) = u · A(k) + v · B(i, k) + w · C (i, k)
+ x · D(k) + y · E(i, k) + z .

(7)

The coefficients of the model for the various features in Eq. (7)
(e.g., u, v , w ) were calculated using the linear regression model [12]
for task types of memory intensity class m on a core k. The execution rate is the reciprocal of the execution time. Therefore,
the co-located execution rate for task-type i on core k, CER(i, k),
is 1/CET (i, k). To assist our resource management techniques in
estimating actual reward rate under the effects of co-location
interference, we introduce an objective function called reward rate,
calculated as

in

Let TC
and TC be the vectors of outlet and inlet temperatures
of CRAC units. Also, let ACRAC be a matrix of thermal influence
indices where each element ACRAC [i, y] represents the percentage
of heat transferred from CRAC unit i to CRAC unit or node y, and
let ANode be a matrix of indices where each element ANode [j, y]
represents the percentage of heat transferred from node j to CRAC
unit or node y. The ACRAC matrix intuitively represents how much
of the heat generated by a CRAC unit (a row of ACRAC ) is transferred
to a CRAC unit or node (a column of ACRAC ). Similarly, the ANode
matrix intuitively represents how much of the heat generated by
a node (a row of ANode ) is transferred to a CRAC unit or node (a
column of ANode ). We derive the thermal influence indices from
computational fluid dynamics (CFD) simulations using the physical
layout of the data center we study (see Section 5). We can then
calculate the inlet temperatures of any CRAC unit or node y as [4]

)

RR =

T
∑

(
ri · min

i=1

( NC
∑

))
CER(i, k), λi

.

(8)

k=1

Eq. (8) states that the reward rate for a given task-type i is the
product of the reward earned and its co-located execution rate.
The min function in Eq. (8) enforces the constraint that if a task
is assigned for execution at a faster rate than its arrival rate λi ,
additional reward is not earned. One goal of our proposed resource
management techniques is to maximize the RR objective function
for a given epoch in the rate-based problem that we study. Using
Eq. (8) allows our techniques to evaluate co-location interference
effects on reward rate earned over an epoch interval.
We also present an objective named naïve estimated reward rate,
denoted NERR. NERR uses the execution rate (ER) rather than colocated execution rate (CER) values, and is therefore naïve to colocated interference effects. NERR is a false reward rate, however,
because co-location interference exists. We use NERR as an objective in co-location unaware versions of the techniques we propose
to demonstrate the value of considering co-location interference
effects. NERR is calculated as
NERR =

T
∑

(

i=1

ri · min

( NC
∑

))
ER(i, k), λi

.

(9)

k=1

Reward is only earned when tasks are completed by their deadline.
We have no way of guaranteeing deadlines are met in our ratebased model, but we can help minimize the number of deadlines
that would be missed by eliminating any task-type/core-type/
P-state combinations from consideration that would result in a
missed deadline even if a task of type i starts immediately after
its arrival, i.e., we eliminate combinations from consideration that
violate
1
≥ di .
(10)
ECS(i, CT (k), PS(i, k))
The goal of this study is to maximize true reward rate when subject
to power consumption and thermal constraints. RR is a better estimate of reward rate than NERR because co-location interference
exists. The total power consumed by both CRAC units and compute
nodes must be less than the power constraint, denoted as φ . The
thermal constraint is defined in Eq. (6). In the next section, we
describe several approaches to solve this problem.
4. Heuristics
4.1. Non-linear programming approach
We adapt a power and thermal-aware approach from [1], and
improve it to include the effects of co-location by using our RR
objective to estimate the reward rate instead of NERR. The problem
in [1] is formulated as a non-linear program and then solved using
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Table 1
Description of features for predicting execution time.
Name

Symbol

Description

Number of co-located tasks

A(k)

Base execution time

B(i, k)

Frequency of target core

C (i, k)

Average memory intensity

D(k)

Target memory intensity

E(i, k)

The number of tasks co-located with target task
on core k
Base execution time of target task i when
executing alone on core k in P-state PS(i, k)
Clock frequency of target core k when running
target task i in P-state PS(i, k)
Average memory intensity of all tasks on the
multicore processor that contains core k
Memory intensity of target task i on core k

approximations, heuristics, and linear programming. The complexity of common interior point algorithms (i.e., the type of algorithms
used in many non-linear programming solvers) is O(n3.5 L), where
n is the number of variables and L is the input length of the
problem [32]. We refer the reader to [1] for the full details of
this technique, but give the problem formulation in Appendix A in
addition to a brief summary below.
The NLP technique is divided into three steps to solve the
formulated mixed integer NLP for maximizing naïve estimated reward rate (using Eq. (9)) while obeying the power and thermal constraints. (1) The first step relaxes the integer constraint on P-states
(by assuming continuous P-states) and solves for the CRAC outlet
temperatures and power consumption of compute cores such that
reward rate is maximized and the power and thermal constraints
are met. (2) Using the core power consumption values obtained
from the first step, the second step uses a simple heuristic to round
the continuous power consumption values of cores to discrete
P-states, while maintaining the power and thermal constraints.
(3) Lastly, a linear program is solved to find the desired fraction of
time values that every core spends executing a given task so that
reward rate is maximized, assuming the CRAC outlet temperatures
from the first step and the discrete P-state assignments from the
second step. A non-feasible solution can sometimes be returned
by the NLP if the power or thermal constraints are set to extreme
values. In that case, the local search technique from the GA (Alg. 4)
is performed on the resulting solution to set the CRAC outlet
temperatures such that the thermal constraint is met (but possibly
not the power constraint).
We improve upon this approach in two ways. First, we incorporate the knowledge of the memory intensity of tasks by considering
the APC matrix (because a core consumes a different amount
of power based on task-type) instead of assuming all task-types
consume the same amount of power in a given P-state. Second,
we incorporate knowledge of co-location interference in this algorithm by maximizing our RR measure, which is a better estimate of
reward rate than NERR. Pseudo-code for our NLP technique is given
in Alg. 1.

Algorithm 1 Pseudo-code for our NLP technique
1. Step 1:
2. relax integer constraints on P-states
3. solve for CRAC outlet temperatures and power consumption of
cores to maximize RR and obey power/thermal constraints
4. Step 2:
5. use the solved continuous power consumption
of cores to round to discrete P-states
6. Step 3:
7. solve linear program to determine DF (i, k) values, assuming the CRAC
outlet temperatures determined in Step 1 and P-states found in
Step 2
8. if power/thermal constraints violated, apply local search from GA

4.2. Greedy heuristic
We designed a two-phase greedy approach similar in concept to
‘‘Min–min’’ in [7,29] to assign task-types to cores. For this heuristic,
cores are dedicated to a single particular task-type (i.e., 100% of the
core’s time is dedicated to tasks of that type). Our greedy heuristic
(see Alg. 2) iteratively assigns task-types to cores to find the most
efficient mapping, where we define efficiency for a task mapping
of type i on a node of type j in P-state k, EFF (i, j, k), as
EFF (i, j, k) = ECS(i, j, k)/APC (i, j, k).

(11)

We start by finding the P-states with the highest EFF values for
all task-types and node-types (line 1); all other P-states are not
considered. All T × NNT task-type to node-type pairings are then
sorted by their efficiency in descending order (line 2). At each
iteration of the heuristic, the first pairing (i.e., most efficient) is
selected and the heuristic checks if at least one core within the
chosen node-type remains unmapped. If so, that core is assigned
a 100% desired fraction of time for that task-type (line 6). After
making an assignment, that core is removed from consideration
(line 7). If the new mapping results in the execution rate of the tasktype exceeding its arrival rate (line 8), that core is unmapped (line
9), returned to the pool of available cores (line 10), and that tasktype/node-type pair is removed from future consideration (line
11). The heuristic uses the CER value to estimate execution rate
(line 8), thus making the decision to provision task-type execution
rates as long as the CER value does not exceed the arrival rate.
The CRAC outlet temperatures are set to the red-line temperature,
and then the outlet temperatures of all CRAC units are iteratively
decreased by one degree until the thermal constraints are met (line
12). If no unmapped cores within the selected node-type exist, the
current task-type/node-type pair is removed from consideration
(line 14). The algorithm repeats using the next pairing until the
power constraint is violated, or there are no more task-type/nodetype pairings to consider (line 3).
4.3. Genetic algorithm
4.3.1. Overview
We also designed a GA to solve our resource allocation optimization problem (e.g., as in [7]), based on the Genitor GA [45].
Our GA in this study operates on a population of 200 chromosomes
(empirically determined). Each chromosome represents one possible solution, i.e., a complete resource allocation. Each chromosome
consists of a matrix of T × NC genes, where each gene is a pair
of DF (i, k) and PS(i, k) values representing the desired fraction
of time and P-state of a task-type/core combination. The initial
population is generated by assigning random desired fractions of
time and P-states to each gene within the chromosome, and then
normalizing the desired fractions of time so that cores cannot
spend greater than 100% of their time executing tasks. That is, if a
core k is spending greater than 100% of the time executing tasks,
we normalize the DF (i, k) values on that core. Normalization is
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Algorithm 2 Pseudo-code for our greedy heuristic
1. get most efficient P-state for each task-type/node-type pair
2. sort these task-type/node-type pairs by efficiency
3. while power constraint not violated and at
least one task-type/node-type pair remains
4. choose first task-type/node-type pair
5. if unmapped core within selected node-type exists
6.
assign 100% desired fraction of time for selected
task-type to a core from selected node-type
7.
remove core from future consideration (mapped)
8.
if execution rate of task-type exceeds its arrival rate
9.
unmap core running that task-type
10.
return unmapped core to pool of available cores
11.
remove task-type/node-type pair
from future consideration
12.
set CRAC outlet temperatures to hottest temperatures
such that thermal constraints are met
13. else
14.
remove task-type/node-type pair from consideration
15. end while

Algorithm 3 Pseudo-code for our GA heuristic
1. create an initial population of chromosomes
2. evaluate and rank population
3. while time limit (e.g., epoch interval) not surpassed
4. perform crossover to generate two offspring chromosomes
5. perform mutation on offspring chromosomes
6. normalize DF (i, k) values in offspring chromosomes
7. perform local search on offspring to meet constraints
8. evaluate and rank population
9. trim population to original size
10. end while
11. return best chromosome from population

)
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fraction of time and P-state for its task-type on this core are set
to random values. Then, the chromosome is normalized so that
the desired fractions of time for all cores sum to 100%. Unlike the
greedy heuristic that dedicates a core to one task-type (i.e., 100%
desired fraction to one task-type), the GA can have cores assigned
to execute multiple task-types.
4.3.3. Local search
We perform a local search on (possibly mutated) offspring
chromosomes that sets CRAC outlet temperatures and P-states
such that the power consumption and thermal constraints are
met. The pseudo-code for our local search is given in Alg. 4. The
step described in line 3 is performed by setting the CRAC outlet
temperatures to the red-line temperature, and then the outlet
temperatures of all CRAC units are iteratively decreased by one
degree until the thermal constraints of the nodes are met. The steps
performed in lines 4 to 7 have a two-fold effect to reduce power
consumption. First, increasing the number of the P-state assignment (i.e., reducing the power and frequency) directly reduces the
power consumption of the hottest node. Second, the CRAC units
may be able to run with a higher outlet temperature, reducing the
overall power required to maintain red-line temperatures. In our
environment, our local search typically ensures that the power and
thermal constraints are met, but the resource allocation may have a
poor reward rate. If the power and thermal constraints are difficult
to meet, there is a limit to how long the search proceeds (maxIter)
before allowing the GA to continue. We set the value of maxIter to
2000 in this study. We examine the effects of our resource management techniques under different power and thermal constraint
values in Section 6.4.
5. Evaluation setup

performed by summing the desired fractions of time all task-types
spend executing on a given core k, denoted SumDF (k), and dividing
the desired fraction of time values for all T task-types by SumDF (k),
forcing their sum to equal 100%. Normalization is not performed on
a core if the value of SumDF (k) is less than 100%.
One chromosome of the initial population is from the greedy
heuristic to seed the GA and assist the GA by providing better
genetic material than randomly generated chromosomes. After the
initial population generation, the chromosomes in the population
are evaluated and ranked by reward rate (RR). We then perform
crossover and mutation that alter existing solutions to generate
offspring chromosomes. After the offspring are generated, local
search is performed on the offspring to meet the power consumption and thermal constraints. The population is then evaluated
and ranked, and subsequently the population is trimmed to its
original size by eliminating the least-fit chromosomes. By using RR
instead of NERR to evaluate chromosomes, we consider co-location
interference effects by effectively penalizing solutions that have
low reward rate due to co-location interference. The pseudo-code
for our GA heuristic is provided in Alg. 3.

5.1. Overview

4.3.2. Crossover and mutation
Crossover starts by selecting two parent chromosomes using
a linear bias [45] and generates two points, x and y, such that
x < y ≤ NC . All genes for cores ranging from x to y are swapped
among parent chromosomes to create two offspring solutions. This
operation spans over all task-types for the cores ranging from x
to y.
Mutation is probabilistically performed on offspring chromosomes to introduce perturbations in the genes, allowing a broader
search. Offspring chromosomes have a probability pm of being
mutated (empirically set to 0.1). If a chromosome is selected for
mutation, each gene has a probability pg of being mutated (empirically set to 0.05). If a gene is selected for mutation, the desired

Algorithm 4 Pseudo-code for our local search technique

In this section, we provide the simulation parameters we used
for the platform configuration and workload. Many of our simulation parameters (e.g., power values, workload execution times,
coefficients for the co-location interference model) were obtained
from executing benchmarks on actual servers in our lab. These values can be found in Appendix B (for example, data representing the
power consumption of a core when executing PARSEC benchmarks
on our lab servers at the lowest frequency P-state can be found
in Table 11). Also, error values for the thermal and co-location
execution time models can be found in Appendix B.
5.2. Platform
In our simulations, we consider two heterogeneous platforms
of different sizes. The small platform (see Fig. 2(a)) consists of
one CRAC unit, and 30 compute node cabinets of size 42U with
36 nodes per cabinet (typically some cabinet slots are left empty,
e.g., due to power and cooling requirements). This gives a total

1. repeat for maxIter or until power and thermal constraints met
2. set CRAC outlet temperatures to hottest temperatures
such that thermal constraints are met
3. find node with highest temperature (node j)
4. while node j is hottest node and not all core/task-type
combinations in node j are assigned maximum numbered P-state
5.
choose random core/task-type
combination from node j
6.
increase P-state assignment by 1
if not already in maximum P-state
7. end while
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Fig. 2. (a) Small data center platform configuration, and (b) large data center platform configuration.

of 1080 compute nodes, where each node is one of three node
types (see Table 2). The large platform (see Fig. 2(b)) consists of
two CRAC units, and 120 compute node cabinets with 36 nodes
per cabinet (a total of 4320 compute nodes), where each node
is one of the three node types. These platforms represented the
physical layout of the facility we considered when performing CFD
simulations to calculate the thermal influence matrices (ACRAC and
ANode ). The evaluation of the accuracy for the technique used to
calculate the ACRAC and ANode matrices was performed in [4]. The
power characteristics of our different node-types were obtained
from power measurements of three server class machines when
executing different PARSEC benchmarks across all P-states (see
Table 2), and the workload characteristics were also obtained from
executing the benchmarks on the node-types listed in Table 2.
For a given P-state on a given server type, a power and execution
time measurement was obtained by executing the desired PARSEC
benchmark serially on a core. The power constraint was set to 900
kW for the large platform, and 230 kW for the small platform. The
red-line temperature was set to 30◦ C, which is on the high end of
ASHRAE’s temperature guidelines [2].
In this study, we assume that the CRAC units are homogeneous.
The CoP for a CRAC unit is a function of its outlet temperature, τ ,
given by CoP(τ ) = 0.0068τ 2 + 0.0008τ + 0.458 [31]. We used
that particular CoP function for simulations, but it could be easily
changed depending on the particular CRAC unit considered. The air
flow rate of each CRAC unit is set to 26.1 m3 /s, which is the air flow
rate of a CRAC unit with capacity to cool approximately 350 kW [3].
5.3. Workload
The task-types are from the PARSEC benchmark suite [36], and
corresponding ECS matrix entries for each benchmark on each
node-type in each P-state are obtained from taking the reciprocals of the execution times of those benchmarks on each of the
machines and P-states. We chose to represent the workload in this
study based on the PARSEC benchmark suite because of the diverse
set of tasks it offers. For example, benchmarks we consider are
associated with fluid dynamics, option pricing, body tracking of a
person, simulated annealing optimization, and pricing a portfolio
of swap options. In all, the following benchmarks were used:
canneal, cg, ua, sp, lu, fluidanimate, blackscholes, bodytrack, ep, and
swaptions. With regards to their memory intensity class, canneal,
cg, and ua were classified as ‘‘heavy’’, sp, lu, and fluidanimate were
classified as ‘‘medium’’, blackscholes and bodytrack were classified
as ‘‘light’’, and ep and swaptions were classified as ‘‘very-light’’.
We split the benchmarks into three workload environments
based on their memory intensities to be representative of three different types of real-world computing environments. The memory
intensive workload consists of canneal, cg, ua, sp, and lu to represent
a database style workload. The hybrid workload includes ua, sp,
lu, fluidanimate, and blackscholes to form an all-purpose group of
both CPU and memory intensive tasks. Finally, the CPU intensive
environment is formed of fluidanimate, blackscholes, bodytrack, ep,
and swaptions to emulate scientific computing.
The reward for task types are generated based on a uniform
random variable in the range [0.5, 1]. The di and arrival rate λi
values are generated using the same techniques as in [1].

6. Simulation results
6.1. Overview
A primary contribution of this research is to provide extensive
analyses of our co-location interference and thermal-aware techniques for maximizing reward under a range of physical facility
configurations and workload environments. Large-scale computing systems fall into several different categories that execute a
diverse set of workloads, making it important to simulate a variety
of environments so a system administrator can choose resource
management techniques that are most applicable to a specific
environment. For example, it is common in supercomputing environments to run scientific tasks that are compute intensive, with
less co-location interference effects and therefore less of a need
to consider them in resource management. However, in a data
processing environment the tasks access memory often (memory
intensive), and ignoring co-location interference effects can cause
severe performance issues. The analyses we present are also useful for physical data center facility design (compute node placement optimization), where researchers can determine potential
hotspots and optimal use of space for node and CRAC placement
with an ‘‘average’’ workload.
The bar graphs discussed in the rest of this section represent
the averages of 48 trials, with each trial varying in the deadline,
reward, and arrival rate values of the task-types. The ECS and
power values are obtained from experimental data of the PARSEC
benchmarks (see Section 5.3) on three heterogeneous server class
machines. The error bars are the 95% confidence intervals around
the mean of those 48 trials.
6.2. Workload experiments
In our first experiment, we examine the effects that the different
workload environments have on the performance of our resource
management techniques. Fig. 3 shows a comparison of the greedy,
GA, and NLP techniques across the three different workload environments: CPU intensive, hybrid, and memory intensive. In this
figure, we also compare each of the co-location aware techniques
(non-hashed bars) with versions that are co-location unaware
(hashed bars). That is, we compare the GA and NLP techniques
when using either the naïve estimated reward rate (NERR) or
reward rate (RR) as their objective functions, and greedy uses either
the ER values or CER values to estimate execution rates (line 8
of Alg. 2). The NLP technique that uses RR as its objective (colocation unaware) is similar to [1]. The reward rate is normalized
by the total reward rate that the system is capable of obtaining,
i.e., when all task-types are allocated to execute at rates equal to
their respective arrival rates. To make a fair comparison between
the NLP and GA techniques, the GA was terminated at the same
time as it took the NLP to finish (approximately four hours). All
techniques were able to meet the power and thermal constraints.
We can see in Fig. 3(a) that for all workload types, the NLP
technique works best, GA is second best, and greedy last. Though
none of the proposed techniques are guaranteed to find the global
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Table 2
Node-types used in simulations.
Node-type

Lenovo TS140

HP Z600

HP Z820

Processor (Xeon)
Architecture
Number of cores
Number of P-states
Case fans
Air flow rate (m3 /s)

E3-1225v3
22 nm
4
16
2 x 80 mm
0.0284

E5649
32 nm
6
9
2 x 92 mm, 1 x 80 mm
0.0519

E5-2697v2
22 nm
12
16
3 x 92 mm
0.0566

Fig. 3. (a) Normalized reward rate comparison between different workload environments on the 1080 node system, and (b) power consumption comparison in relation to
power budget constraint (red line). Solid bars represent the GA, NLP, or greedy technique when using RR as the objective (co-location aware), and the hashed bars represent
those techniques when using NERR as the objective (co-location unaware). (For interpretation of the references to color in this figure legend, the reader is referred to the
web version of this article.)

optimum (within reasonable time limits), the NLP technique is
guaranteed to find a local optimum that is better than the solutions
found by the GA and greedy techniques. We can also see, within the
same power budget (demonstrated in Fig. 3(b)), that all techniques
earn significantly less reward as the memory intensity of the workload increases (moving from CPU intensive to hybrid, and hybrid
to memory intensive). Intuitively, this makes sense as the colocation interference effects become exacerbated as the memory
intensity increases. The NLP technique achieves approximately half
of the reward on the memory intensive workload environment
than on the CPU intensive environment. Comparing the co-location
interference aware (RR) with those that are unaware (NERR), we
can see the benefits of considering co-location interference, and
those benefits become more significant as the memory intensity of
the workload increases. Fig. 3(b) demonstrates that all techniques
were able to meet the power budget exactly, and in conjunction
with Fig. 3(a), we can observe that the more sophisticated techniques are able to achieve more reward rate within that power
budget.
Another observation to note is the difference in performance
of algorithms within a given workload type. For example, we can
see in Fig. 3(a) that the dropoff in performance between the NLP
and greedy techniques for the CPU intensive workload is much
less than for the memory intensive workload, because it becomes
more important to intelligently mitigate co-location interference
effects as the memory intensity of the workload increases. Depending on the requirements of the system administrator and the
mapping event interval (epoch length), it may be more worthwhile
to employ a simple greedy heuristic when the workload environment experiences little co-location interference because it is much
faster to make decisions than the GA and NLP. The performance
difference between the NLP, GA, and greedy heuristics become
more pronounced and extremely significant when executing the
memory intensive workload environment, with the greedy performing half as well as the NLP in that case. In summary, for
the CPU intensive workload, NLP outperforms GA by 4% and GA
outperforms the greedy heuristic by 3% when they are considering
the same objective function (RR or NERR). However, when the
workload is memory intensive, NLP earns 30% more reward rate
than the GA when using RR as the objective, and 24% more reward
rate than GA when using NERR as the objective. Similarly, for the

CPU intensive workload, GA is able to achieve 1% more reward rate
than the greedy heuristic when using RR as the objective, and 1%
more reward rate than greedy when using NERR as the objective.
For the memory intensive workload, the GA is able to earn 29%
more reward rate than the greedy heuristic when using RR as the
objective, and 23% more reward rate than the greedy heuristic
when using NERR as the objective.
6.3. Isolation experiments
The isolation of the cold-aisles in a data center provides many
benefits at a low upfront cost to purchase the isolation system.
Isolating cold aisles can be done using several different methods
(e.g., hanging plastic curtains, installing custom Plexiglass walls
and ceiling), all with the same goal of minimizing the heat recirculation among nodes. Isolating the cold aisles has previously
been shown to have the intuitive result of significantly reducing
node inlet temperatures when CRACs are set to the same outlet
temperatures or higher [16], because the nodes’ inlets are located
in the cold aisle and experience little heat recirculation from the
hot aisles. In our thermal-aware resource management problem,
reducing the inlet temperatures of the compute nodes allows the
CRAC units to run at higher temperatures, reducing the cooling
power required and allowing more power budget to be allocated to
the compute nodes for executing tasks. Because the cold aisles are
isolated, the node inlets do not experience a significant amount of
the extra heat that is generated due to the greater amount of power
being used by the compute nodes.
To quantify the impact of isolation, we experiment with our resource management techniques after calculating an additional set
of the thermal influence indices (i.e., the ACRAC [i, y] and ANode [j, y]
values). These coefficients were calculated by placing isolation curtains around the cold aisles in the mesh of the computational fluid
dynamic (CFD) simulations. Fig. 4 shows a comparison between
using the isolated and non-isolated aisles for the CPU intensive
and memory intensive workload environments. In Fig. 4(a), the
normalized reward rate is shown, and in Fig. 4(b), the power
consumption is shown, with hashed portion of the bars showing
the power consumed by the CRAC unit and the solid portion of the
bars showing the power consumed by the compute nodes.
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Fig. 4. (a) Normalized reward rate comparison between isolated and non-isolated cold aisle configurations on the 1080 node system, and (b) power consumption comparison
in relation to power budget constraint (red line). Hashed portion of bars show power consumed by the CRAC unit, and solid portion of bars show the power consumed by
the compute nodes. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

In Fig. 4(a), we observe that the reward earned is more in an
isolated configuration for all techniques, following similar trends
as the non-isolated configuration. Fig. 4(b) gives the reason why
the isolated configuration can earn more reward: under the same
power constraint, the techniques when using the isolated configuration are able to use less power for cooling (hashed portion of the
bars) and more power for computing (solid portion of the bars). In
summary, for the CPU intensive workload, isolation of the aisles
provides all techniques with the ability to achieve approximately
12% greater reward rate, and approximately 20% greater reward
rate for the memory intensive workload. With the cold aisles
isolated, the NLP is to obtain approximately 5% more reward rate
than the GA, and the GA earns 3% more reward rate than the
greedy heuristic when considering the CPU intensive workload.
For the memory intensive workload, NLP outperforms GA by 28%
and the GA outperforms greedy by about 52%. If the reward earned
is analogous to some form of revenue (e.g., in a cloud computing
environment), the initial cost of isolating the aisles could be worth
the price over time.
6.4. Power and thermal constraint sensitivity analysis
Our third set of experiments examines the effects of varying
the power and thermal constraints on the normalized reward that
can be earned in both isolated and non-isolated configurations.
The values of both of these constraints have a significant effect on
the ratio of power consumed by cooling and computing, and the
reward that can be earned by the system. Such studies are valuable
to the system administrator or data center owner to answer ‘‘whatif’’ questions, such as ‘‘what-if’’ the system is allowed 20% more
power, or ‘‘what-if’’ the maximum allowable (red line) temperature is reduced to increase reliability?
The results of our temperature and power constraint sensitivity
analysis are shown in Figs. 5 and 6. Fig. 5 shows the normalized
reward rate and associated total power consumption results of our
resource management techniques when varying the thermal constraint (red-line temperature) from 24◦ C to 32◦ C with the power
constraint set to 230 kW. Fig. 6 shows the normalized reward
rate and total power consumption of our resource management
techniques when varying the power budget constraint from 200
kW to 300 kW in 10 kW increments with the thermal constraint
set to 30◦ C.
Note in Fig. 5 that if the red-line temperature becomes difficult
to meet (less than 26◦ C for the isolated configuration and less
than 28◦ C for the non-isolated configuration), none of the techniques are able to meet the power constraint, and also earn no
reward. This is due to the thermal-aware aspects of the techniques,
where the CRAC outlet temperatures are set such that the thermal

constraints are met. When the CRAC outlet temperatures are set
low for the compute node temperatures to be under red line, the
power consumption of the CRAC units becomes very high (see
Eq. (3)), and the system is unable to meet the power budget even
with most (if not all) of the compute cores deactivated (either
assigned zero desired fraction of time, or running in the highestnumbered P-state). With all cores deactivated, a compute node
still consumes static power (S(j)) and would still require cooling.
The amount of reward earned decreases non-linearly with the
red-line temperature threshold. This is because when the CRAC
units have to run at a cooler temperature to ensure that redline temperatures are not violated, a quadratically greater amount
of the power budget must be used for cooling. This non-linear
relationship between a CRAC unit’s outlet temperature and its
power consumption is captured by the quadratic term in the CoP
equation (see Section 5.2). The non-isolated configuration shows
the techniques earning less reward, and also violating the power
constraint at lower red-line temperature values, but overall similar trends as the isolated configuration. However, in the isolated
configuration, we see that the greedy technique does not use all
available power when the red-line threshold is set to 32◦ C. This
is because assigning all core/task-type combinations to execute in
their most power-efficient P-state, in combination with the small
amount of cooling power required to maintain a 32◦ C threshold,
does not use all of the allotted power budget. The GA and NLP
are able to assign core/task-types to execute in faster P-states to
consume that additional power.
Fig. 6 shows that all techniques are effective at using all of
the power budget and not violating the power budget. The reward earned varies almost linearly with the power budget, and
the relationship between power budget and reward rate is not
as exaggerated as in Fig. 5. Giving the system a greater power
budget to operate within does result in more reward rate earned,
because nodes can operate in faster P-states and execute more
tasks. However, as evidenced by Fig. 5, it may be more worthwhile
to operate the compute nodes and CRAC units at a slightly higher
temperature to realize significant gains in reward rate earned. If
reward rate is analogous to a revenue generated for computing,
analyses such as these would give important insights into the most
profitable operating point.
6.5. Scalability analysis
As data centers become larger, it is important to address the
scalability of resource allocation techniques on larger system complexities. Figs. 3 and 4 showed that NLP was able to achieve the best
results for a 1080 node platform size across three different workload environments and both non-isolated and isolated cold-aisle
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Fig. 5. Sensitivity analysis of our greedy, GA, and NLP resource management techniques for both isolated and non-isolated data center configurations using the 1080 node
system on the thermal (red line) constraint. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

configurations. However, the primary drawback associated with
the NLP technique is its poor scalability. GAs hold an advantage in
that they are able to provide a solution within any given algorithm
runtime bounds, though typically better results are obtained the
longer they run. Fig. 7(a) and (b) show a comparison of greedy and
GA on the small (1080 nodes) and large (4,320 node) platforms,
respectively. We recorded the performance of GA at many different
heuristic execution times to examine the benefits of running it for
different time intervals. The NLP is excluded, as it was unable to
finish within two weeks. Simulations were performed on a laptop
with an Intel i7-4700HQ CPU and 8GB of RAM within a virtual
machine using an Ubuntu Linux operating system. The simulation
framework was written in C++.
In summary, for a small platform and problem size, the better
results obtained using the NLP approach motivates its use to generate resource allocations that optimize reward rate. However, as
the platform size becomes larger, the NLP technique becomes intractable, and GA offers a solution in a reasonable amount of time.

6.6. Epoch size interval considerations
The length of the epoch interval has a large impact on the choice
of a resource management technique. For a computing environment that has long running and predictable tasks (e.g., supercomputing environments dedicated to climate analysis or molecular
biology simulations), the task arrival rates would not change significantly in short periods of time and thus not frequently require
new resource allocations. Setting a longer epoch interval time
and performing resource management using the longer running

techniques (GA or NLP) lends itself to such environments. In an
environment where the types or arrival rates of the workload
changes rapidly, resource allocation decisions would have to be
fast, motivating the use of the greedy technique. Over time, however, our GA and NLP heuristics are able to provide better solutions,
and the GA can be terminated at any point, e.g., at the start of a new
epoch when new execution rates and P-states need to be found.
7. Conclusions
We studied the problem of maximizing the reward collected for
completing tasks by their deadlines subject to power and thermal
constraints for heterogeneous data centers. Co-location interference can have a significant impact on the execution speeds of
tasks (and thus total reward). We capture these effects with our
performance metric that considers co-location. We analyzed several resource management techniques: a greedy technique based
on assigning tasks to machines in order of their efficiency (most
performance per unit of power), a GA combined with a local search
technique that maximizes the reward rate and ensures the power
and thermal constraints are met, and an NLP technique building on
our prior work to maximize reward rate instead of naïve estimated
reward rate that ignores the impact of co-location interference.
The primary contributions of this research were to provide
in-depth analyses of the problems and solutions associated with
co-location and thermal-aware resource management in heterogeneous computing systems. We used a new thermal model that
directly considers CRAC units in its calculation of the thermal
influence coefficients, and a new co-location interference model
created from a linear regression technique using data from our lab
servers. Because the amount of co-location interference can vary
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Fig. 6. Sensitivity analysis of our greedy, GA, and NLP resource management techniques for both isolated and non-isolated data center configurations using the 1080 node
system on the power constraint.

Fig. 7. Comparison of normalized reward rate on the (a) small (1080 nodes) platform, and (b) large (4320 nodes) platform when using the hybrid workload. NLP excluded
in (b) because it was unable to finish within two weeks. The power constraint was set to 230 kW for the small platform, and 900 kW for the large platform. The red-line
temperature was set to 30◦ C. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

greatly between workloads, we classified task-types into three different workload environments of varying memory intensities. We
found that our greedy technique can perform almost as well as the
more complex GA and NLP techniques when interference between
tasks is small, but the complex techniques become significantly
better at heavy interference.
Isolation of the cold-aisles has a significant impact on the
thermal profile of the data center. We quantify the usefulness of
isolation by comparing the reward rate our resource management
techniques are able to earn in both configurations. We then show
a power and thermal constraint sensitivity analysis to answer
some ‘‘what-if’’ questions that would help system administrators

and facility operators in deciding what power budget or thermal
constraints would be ideal.
We have several directions we wish to pursue relating to this
research. First is examining the co-location and thermal-aware
resource management problem in a real-time dynamic environment instead of rate-based allocations in epoch intervals. The
complexity associated with predicting co-location interference
and thermal profiles fast enough to make real-time decisions is a
daunting task. Second, we wish to account for uncertainties in task
execution times that can vary due to changes in the data inputs
or network load (e.g., such as techniques in [8,28,37]), and design
co-location and thermal-aware resource management techniques
that are robust against such uncertainties to more closely match
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real-world problems. In high-performance computing (HPC)
environments, it is typical to execute large, parallel workloads.
Extending this work to consider tasks that span multiple nodes introduces considerations such as data sharing and communication
latencies that would be interesting to analyze and mitigate. Finally,
classifying unknown tasks into task types as they arrive would
be an intriguing addition to this work, as would multi-objective
Pareto front analyses to determine efficient performance per energy operating points.
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