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Abstract—Data centers consume tremendous amounts of energy in terms of power distribution and cooling. Dynamic capacity
provisioning is a promising approach for reducing energy consumption by dynamically adjusting the number of active machines to
match resource demands. However, despite extensive studies of the problem, existing solutions have not fully considered the
heterogeneity of both workload and machine hardware found in production environments. In particular, production data centers often
comprise heterogeneous machines with different capacities and energy consumption characteristics. Meanwhile, the production cloud
workloads typically consist of diverse applications with different priorities, performance and resource requirements. Failure to consider
the heterogeneity of both machines and workloads will lead to both sub-optimal energy-savings and long scheduling delays, due to
incompatibility between workload requirements and the resources offered by the provisioned machines. To address this limitation, we
present Harmony, a Heterogeneity-Aware dynamic capacity provisioning scheme for cloud data centers. Specifically, we first use the
K-means clustering algorithm to divide workload into distinct task classes with similar characteristics in terms of resource and
performance requirements. Then we present a technique that dynamically adjusting the number of machines to minimize total energy
consumption and scheduling delay. Simulations using traces from a Google’s compute cluster demonstrate Harmony can reduce
energy by 28 percent compared to heterogeneity-oblivious solutions.

Index Terms—Cloud computing, workload characterization, energy management
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1 INTRODUCTION

DATA centers have recently gained significant popularity
as a cost-effective platform for hosting large-scale ser-
vice applications. While large data centers enjoy economies
of scale by amortizing long-term capital investments over a
large number of machines, they also incur tremendous
energy costs in terms of power distribution and cooling. For
instance, it has been reported that energy-related costs
account for approximately 12 percent of overall data center
expenditures [5]. For large companies like Google, a 3 per-
cent reduction in energy cost can translate to over a million
dollars in cost savings [22]. At the same time, governmental
agencies continue to implement and regulations to promote
energy-efficient computing [2]. As a result, reducing energy
consumption has become a primary concern for today’s
data center operators.

In recent years, there has been extensive research on
improving data center energy efficiency [24], [29]. One prom-
ising technique that has received significant attention is
dynamic capacity provisioning (DCP). The goal of this tech-
nique is to dynamically adjust the number of active machines
in a data center in order to reduce energy consumption while
meeting the service level objectives (SLOs) of workloads. In the
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context of workload scheduling in data centers, a metric of
particular importance is scheduling delay [20], [23], [25], [27],
which is the time a request waits in the scheduling queue
before it is scheduled on a machine. Task scheduling delay is
a primary concern in data center environments for several
reasons: (1) A user may need to immediately scale up an
application to accommodate a surge in demand and hence
requires the resource request to be satisfied as soon as possi-
ble. (2) Even for lower-priority requests (e.g., background
applications), long scheduling delay can lead to starvation,
which can significantly hurt the performance of these appli-
cations. In practice, however, there is often a tradeoff
between energy savings and scheduling delay. Even though
turning off a large number of machines can achieve high
energy savings, at the same time, it reduces service capacity
and hence leads to high scheduling delay. Finally, the hetero-
geneity-aware DCP scheme should also take into account the
reconfiguration costs associated with switching on and off
individual machines. This is because frequently turning on
and off a machine can cause the “wear-and-tear” effect [12],
[19] that reduces the machine lifetime.

Despite the fact that a large number of DCP schemes
have been proposed in the literature in recent years, a key
challenge that often has been overlooked or considered dif-
ficult to address is heterogeneity, which is prevalent in pro-
duction cloud data centers [23]. We summarize the types of
heterogeneity found in production environments as follows:

Machine heterogeneity. Production data centers often com-
prise several types of machines from multiple generations
[25]. They have heterogeneous processor architectures and
speeds, hardware features, memory and disk capacities.
Consequently, they have different runtime energy con-
sumption rates.
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Workload heterogeneity. Production data centers receive a
vast number of heterogeneous resource requests with
diverse resource demands, durations, priorities and perfor-
mance objectives [20], [25], [27]. In particular, it has been
reported that the differences in resource demand and dura-
tion can span several orders of magnitude [8], [25], [27]. The
heterogeneous nature of both machine and workload in pro-
duction cloud environments has profound implications on
the design of DCP schemes. In particular, given a rise of
workload requests, a heterogeneity-oblivious DCP scheme
can turn on wrong types of machines which are not capable
of handling these requests (e.g., due to insufficient capac-
ity), resulting in both resource wastage and high scheduling
delays. However, designing a heterogeneity-aware DCP
scheme can be difficult, because it requires an accurate char-
acterization of both workload and machine heterogeneities.
At the same time, it also requires a heterogeneity-aware per-
formance model that balances the tradeoff between energy
savings and scheduling delay at runtime.

In this paper, we present Harmony, a Heterogeneity-
Aware Resource MONitoring and management sYstem that
is capable of performing DCP in heterogeneous data cen-
ters. Specifically, we first present a characterization of the
heterogeneity found in one of Google’s production compute
clusters. Using standard K-means clustering, we show that
the heterogeneous workload can be divided into multiple
task classes with similar characteristics in terms of resource
and performance objectives. We then formulate the DCP as
an optimization problem that considers machine and work-
load heterogeneity as well as reconfiguration costs. We then
devise online control algorithms based on the Model Predic-
tive Control framework that solves the optimization problem
at runtime. This paper is an extension of our previous work
[28]. Specifically, we updated our runtime scheduling algo-
rithm, provided a theoretical bound on the size of each task
class to achieve an efficient tradeoff between scheduling
delay and energy consumption, and evaluated the effect of
resource over-provisioning on solution quality. Through
experiments using traces from one of Google’s compute
clusters, we found Harmony achieves lower scheduling
delay and energy consumption compared to heterogeneity-
oblivious DCP solutions.

The rest of the paper is organized as follows. Section 2
surveys related work in the literature. Section 3 provides an
analysis of a publicly available workload traces from Google
to motivate our approach. Section 4 provides an overview of
Harmony. In Section 5, we describe the way Harmony cap-
tures the runtime workload composition. We present the
formulation of the heterogeneity-aware DCP in Section 6,
and provide two technical solutions in Section 7. Section 8
discusses the deployment of Harmony in practice. Finally,
we evaluate our proposed system using Google workload
traces in Section 9, and draw our conclusions in Section 10.

2 RELATED WORK

Characterizing workload in production clouds has received
much attention in recent years, as both scheduler design
and capacity upgrade require a careful understanding of
the workload characteristics in terms of arrival rate, require-
ments, and duration [20]. For example, Mishra et al. have

analyzed the workload of a Google compute cluster, and
proposed an approach to task classification using k-means
clustering [20]. Following the same line of research, Chen
et al. provided a characterization of Google cluster work-
load at job-level applying the k-means algorithm [13].
Sharma et al. [25] and Zhang et al. [27] studied the problem
of finding accurate workload characterizations through
benchmark generation and validation. Recently, Reiss et al.
[23] provided a comprehensive analysis of the heterogeneity
and dynamism found in Google cluster traces, and found
that both machine configurations and workload composi-
tion are highly heterogeneous and dynamic over time. They
also pointed out the importance of considering workload
heterogeneity for designing adaptive schedulers. However,
the goal of these studies was to understand the workload
composition in production clouds, rather than using work-
load characterization for resource allocation and capacity
provisioning.

There is a large body of literature on energy-aware
dynamic capacity provisioning in data centers. For exam-
ple, pMapper [26] is a migration-aware workload place-
ment framework for optimizing application performance
and power consumption in data centers. However, it does
not consider the cost of turning on and off machines when
making provisioning decisions, nor does it consider task
arrival rate and scheduling delay objectives. Similarly,
Mistral [17] is a framework that dynamically adjusts VM
placement to find a tradeoff between power consumption,
application performance, and reconfiguration costs. How-
ever, it does not consider the arrival rate of task requests
in its formulation. More recently, Ren et al. [24] studied
the problem of scheduling heterogenous batch workload
across geographically distributed data centers. Different
from our work, they assume that the workload has already
been divided into distinct types. They further assume that
every task can be scheduled on any machine, which is not
always the case as we shall demonstrate in Section 3. To
the best of our knowledge, no previous work has applied
task classification to dynamic capacity provisioning prob-
lem in heterogenous data centers. Thus, we design Har-
mony as a workload-aware DCP framework that can
achieve both higher application performance and effi-
ciency in terms of energy savings.

3 WORKLOAD ANALYSIS

To understand the heterogeneity in production cloud data
centers, we have conducted an analysis of workload traces
for one of Google’s production compute clusters [4]' con-
sisting of approximately 12,000 machines. The workload
traces contain scheduling events, resource demand and
usage records for a total of 672,003 jobs and 25,462,157 tasks
over a time span of 29 days. Specifically, a job is an applica-
tion that consists of one or more tasks. Each task is sched-
uled on a single physical machine. When a job is submitted,
the user can specify the maximum allowed resource demand
for each task in terms of required CPU and memory size.

1. It should be mentioned that the same data set has been analyzed
by Reiss et al. [23]. However, our analysis extends, and largely comple-
ments the results in [23].
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Fig. 1. Total CPU demand.

The values of the demand for each resource type were nor-
malized between 0 and 1. Even though the data set does not
provide task size for other resource types such as disk, it is
straightforward to extend our approach to consider addi-
tional resource types.

In addition to resource demand, the user can also specify
a scheduling class, a priority and placement constraints for
each task. The scheduling class captures the type of the task.
Its value ranges from 0 to 3, with 0 corresponding to least
latency-sensitive tasks (e.g., batch processing tasks) and 3,
the most latency-sensitive tasks (e.g., web servers). The
scheduling class is used by every machine to determine the
local resource allocation policy that should be applied to
each task. The priority reflects the importance of each task.
There are 12 priorities that are divided into three priority
groups: gratis(0-1), other(2-8), production(9-11) [23]. Generally
speaking, task priorities can be used for specifying the qual-
ity of service (QoS) in terms of desired task scheduling
delay. During busy periods when demand approaches clus-
ter capacity, task priorities can ensure that high priority
tasks are scheduled earlier than low priority tasks, resulting
in lower scheduling delay. In this work, we primarily ana-
lyze task characteristics at the priority group-level, because
priority groups already provide a coarse-grained classifica-
tion of tasks. In addition, they also have strong correlation
with task scheduling classes [4], [23]. Nevertheless, our
technical approach can be extended to handle any combina-
tion of task priority groups and task scheduling classes.

3.1 Machine and Workload Dynamicity

In our analysis, we first plot the total demand for both CPU
and memory over time. The results are shown in Figs. 1

Fig. 3. Number of machines.

and 2, respectively. The total demand at a given time is
determined by total resource requirement by all tasks in the
system, including the tasks that are waiting to be scheduled.
From both figures, it can be observed that the demand for
each resource type can fluctuate significantly over time.
Fig. 3 shows the number of machines available and used in
the cluster. Specifically, a machine is available if it can be
turned on to execute tasks, and is used if there is at least one
task running on it. Fig. 3 also suggests that the capacity of
the cluster is not adjusted according to resource demand, as
the number of used machines is almost equal to the number
of available machines. This suggests that a large number of
machines can be turned off to save energy.

3.2 Analysis of Task Scheduling Delay

While turning off active machines can reduce total energy
consumption, turning off too many machines can also hurt
task performance in terms of scheduling delay. Fig. 4 shows
the cumulative distribution function (CDF) of the schedul-
ing delay for tasks with respect to their priority groups. It
is apparent that tasks with production priority have
better scheduling delay than the gratis ones. Indeed, more
than 50 and 30 percent of the tasks in production and other
priority groups respectively are scheduled immediately. On
the other hand, some of the tasks were delayed significantly.
During our analysis, we have also noticed that some
tasks even with production priority were delayed for up to
21 days. Since the cluster is not constantly overloaded, the
only possible explanation is that the task is difficult to
schedule due to unrealistic resource requirement or had a
placement constraint that is difficult to satisfy. These results
suggest that more efficient provisioning and scheduling
methods are needed to reduce the scheduling delay for
these difficult-to-schedule tasks.
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Fig. 5. Machine heterogeneity.

3.3 Understanding Machine Heterogeneity

The traces also provide information about the types of
machines used in the cluster. A machine is characterized by
its capacity in terms of CPU, memory and disk size as well
as a platform ID, which identifies the micro-architecture
(e.g., vendor name and chipset version) and memory tech-
nology (e.g., DDR or DDR?2) of the machine. Similar to tasks,
machine capacities are normalized such that the largest
machine has a capacity equal to 1. Fig. 5 shows the different
types of machines and their characteristics (capacity and
platform ID (PFID)). We found 10 types of machines where
more than 50 and 30 percent of the machines belong to
machine types 1 and 2, respectively. On the other hand,
machine types 3 and 4 have around 1,000 machines each.
The remaining machine types (5 to 10) constitute less than
100 machines. Unfortunately, the traces do not provide
detailed information about hardware specifications, how-
ever, it is likely that this heterogeneity translates into differ-
ent energy consumption models.

3.4 Understanding Task Heterogeneity

In order to analyze the workload heterogeneity, we plot-
ted tasks’ requirements and their durations for the three
priority groups. Fig. 7 shows the CPU and memory size of
tasks belonging to each priority group. The coordinates of
each point in these figures correspond to a combination of
CPU and memory requirements. Radius of each circle is
logarithmic in number of tasks within its proximity. It can
be seen that most of the tasks have low resource require-
ments. In particular, we found that 43 percent of gratis
tasks have the same CPU and memory requirements equal
to 0.0125 and 0.0159, respectively. Furthermore, most of
the large tasks are either CPU-intensive or memory-inten-
sive. There is usually no correlation between CPU and

0.8 r
L 06 1/ L
2 (;
© 0.4 f Priority group

gratis (0-1)
ther (2-8) ===
0.2 r producﬁone 9-11) -~ 7]
03 i . > 3
107 10 10 10 10

Task duration (hours)

Fig. 6. CDF of task duration.

Memary size
Memary size

{a) Gratis (D-1) () Production

Fig. 7. Task size analysis.

memory requirements. Another key observation is that
the difference in task size can span several orders of mag-
nitude. For example, Fig. 7a shows that the largest task in
the gratis priority group is almost 1,000x bigger than the
smallest task in the same group for both CPU and mem-
ory. Similar characteristics can also be found in Figs. 7b
and 7c. We note that similar characteristics have been
observed in one of Facebook’s data centers [15], suggest-
ing these characteristics are likely to be common in Cloud
data centers. Finally, from Figs. 5 and 7, it is clear that not
every task (e.g., CPU size ~ 1) can be scheduled on every
type of machines (e.g., CPU capacity= 0.5).

Another important parameter that shows the heterogene-
ity of the tasks is the task duration. Fig. 6 shows the CDF of
task durations for tasks with different priority groups. From
Fig. 6, it can be seen that production tasks (9-11) have long
durations that can reach up to 17 days, whereas 90 percent of
the remaining tasks (i.e., gratis and other) have shorter dura-
tion that ranges between 0 and 10 hours. The same observa-
tion can be made for production-priority tasks when
compared to other priority groups (Fig. 6). Furthermore, it is
worth noting that more than 50 percent of the tasks are short
(less than 100 seconds). This concurs with the previous stud-
ies [27], which showed that tasks are either short or long.

3.5 Summary

The above analysis suggests that while the benefit of
dynamic capacity provisioning is apparent for production
data center environments, designing an effective and
dynamic capacity provisioning scheme is challenging, as it
involves finding a satisfactory compromise between energy
savings and scheduling delay with consideration to the het-
erogeneous characteristics of both machines and workload.
In particular, we have found the heterogeneity in task size
can span several orders of magnitude, and not every type of
machine can schedule every task. Similar characteristics
have also been recently reported in Microsoft and Facebook
data centers [8]. Thus, it is a critical issue to design heteroge-
neity-aware DCP schemes for production data centers, as
failing to consider these heterogeneous characteristics will
result in sub-optimal performance.

4 SYSTEM OVERVIEW

As discussed previously, we design Harmony as a DCP
framework that considers both task and machine hetero-
geneity. This requires (1) an accurate characterization of
both workload and machines, (2) effectively capture
the dynamic workload composition at runtime, and (3)
using the captured information to control the number of
machines in the compute cluster to achieve a balance
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between energy savings and scheduling delay. In prac-
tice, large cloud infrastructures such as Google compute
clusters execute millions of tasks per day. Capturing het-
erogeneity at fine-grained (i.e., per-task) level is not a via-
ble option due to the high overhead of monitoring and
computation. Thus, a medium-grained characterization of
the workload is necessary. To this end, we present a
workload characterization of Google traces by dividing
tasks into task classes using the K-means algorithm. How-
ever, different from previous work [13], [20] whose main
objective is to understand workload characteristics, our
goal is to find accurate workoad characterization, while
supporting task classification (e.g., labeling) at runtime.
Note that machines are naturally characterized (i.e., there
are 10 types of machines in the cluster). Thus, our solu-
tion will mainly focus on task characterization.

Once the workload characterization has been obtained,
we introduce a monitoring mechanism that allows Har-
mony to capture the runtime workload composition in
terms of arrival rate for each task class. To make provision-
ing decisions, we define a container as a logical reservation
of resources that is meant to host tasks belonging to the
same task class. In our approach, the task containers serve
as reservations for helping the controller to make machine
allocation decisions (described in Section 7.2). It is also pos-
sible to directly use task containers for scheduling
(described in Section 7.3). Finally, a heterogeneity-aware
DCP controller is designed to adjust the number of active
machines, based on the current machine availability and
workload composition.

The architecture of Harmony is shown in Fig. 8. It con-
sists of the following components. The task analysis module
is responsible for monitoring the arrival of every task in
order to identify the type to which it belongs. The scheduler
is responsible for assigning incoming tasks to active
machines in the cluster. The prediction module receives sta-
tistics of the arrival rate for each task class, and forecasts its
future arrival rates. The container manager evaluates the
number of containers required to schedule the current
workload based on two parameters: (1) the predicted
arrival rate, and (2) the required average scheduling delay
for each type of tasks. The container manager periodically
notifies the capacity provisioning module about the num-
ber of required containers for each type of tasks. The capac-
ity provisioning module decides which machine in particular
should be switched on or off. Obviously, the goal is to
select the right combination of machines that can host the
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containers and, at the same time, minimizes the energy
consumption. Finally, The monitoring module is responsible
for collecting diverse statistics about tasks and machines,
including CPU and memory usage, free resources and cur-
rent task durations. It also reports any failures and anoma-
lies to the management framework. In the following
sections, we describe the design of Harmony in details.

5 WORKLOAD ANALYSIS AND MODELING

5.1 Task Classification

The goals of task classification is to divide tasks into classes
with similar resource demand and performance characteris-
tics. For the purpose of resource provisioning, it is necessary
to consider task priority group, task size (CPU, memory) as
well as task running time as the features for clustering. Spe-
cifically, the size of a task i can be modeled as a vector
st = (s,...,s'"), where F denotes the set of features used
for clustering. Let N;. denote the tasks that belong to cluster
k. Then, the centroid of each cluster can be defined as a vec-
tor @t = @",..., @), where " = ﬁzszem 5. The
K-means clustering algorithm essentially tries to minimize
the following similarity score:

K ‘
score = Z Z s — ¥,

i=1 ieNy,

where ||a — b|| denotes the Euclidian distance between two
points a and b in the feature space. Even though Harmony
does not restrict the type of clustering algorithm used for
clustering, in practice we found K-means is simple and suf-
ficient to serve our purpose.

A key issue associated with the use of K-means clus-
tering is to determine the value of K, which is the num-
ber of clusters to be produced by the algorithm. A small
value of K will lead to low-quality workload character-
izations, which reduces the benefit of heterogeneity-aware
DCP. On the other hand, a large value of K will lead to
high monitoring and management overhead. In our
scheme, we adopt a common approach which is to pick
the value of K such that adding another cluster does not
achieve much better gain in terms of minimizing score.
We shall report the result of running the K-means clus-
tering algorithm in Section 9.1.

Once a characterization of the workload has been made,
the next challenge to be addressed is runtime task classifica-
tion. Specifically, when a task arrives, Harmony needs to
determine which task class (i.e., one of the K clusters) it
belongs to. An easy solution is to compute the euclidean dis-
tance between the task and each of the centroids, and assign
the task to the class that has the shortest euclidean distance.
However, this cannot be done directly at runtime. This is
because even though the resource requirements are known,
the task running time is generally unknown to the system
until the task finishes. In Harmony, this issue is addressed
by leveraging the fact that tasks are either short or long, and
the majority of the tasks are short tasks. Thus, we can ini-
tially label all tasks as short tasks, and gradually update the
labels to the correct ones as time passes. Since only a small
fraction of tasks are long, the error caused by the incorrect
labeling is both small and short-lived.
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Based on the above observation, we adopt a two-step
approach for workload clustering. In the first step, tasks are
classified based on static characteristics (e.g., CPU and
memory size specified in the job request) using the
K-means algorithm. In the second step, each task class is
further divided into short tasks and long tasks using
K-means algorithm. This two-step approach is reasonable
because task running-time does not simply correlate with
resources allocated on the hosting machine [7]. At runtime,
each task is initially assumed to be short. Later on if the task
running time exceeds the partitioning threshold between
short and long tasks determined by the K-means algorithm,
the task will be relabelled and assigned to the right task
class. This clustering procedure reduces the error intro-
duced by the labeling process.

5.2 Resource Prediction

Once the incoming tasks are classified, the prediction mod-
ule is responsible for forecasting the arrival rate of each task
class. Currently, we have implemented a time series-based
predictor using the ARIMA [9] model, which has been
shown to be effective for predicting workload arrival rate
[29]. However, Harmony can adopt other demand predic-
tion models as well.

Once the predicted task arrival rates have been obtained,
the next step is to determine the combination of machines
that need to be provisioned in next control period. In Har-
mony, the container manager is responsible for computing
the number of containers required to support the workload
of each task class. Specifically, let ¢; denote the number of
containers for tasks type i such that the average scheduling
delay is equal to d;. We can model the queue of tasks of type
i and its corresponding N, containers at time t by M /G/N;]
queue since a single container can process one task at a
time. Based on queuing theory, the average waiting time d;
for type i tasks is given by [16]:

NG 14+CVE 1

d; =~ C— 1
R e R TR (1)
where p; is the execution rate of task type ¢, p; = N’,\L is the

traffic intensity of tasks type i, CV? is the squared coefficient
of variation of the average duration, and = Ni is the probabil-

ity that a task has to wait in the queue:
-1

SN Ni—1 . N
e = DT\ S (Nip)" | (Nip)" (2)

Given an average scheduling delay and using Eq. (1), it
is easy to estimate N, to ensure d; < d; and p; < 1.

In our experiments, we found this queuing model gener-
ally works well for estimating task resource requirements
except for long-running tasks, for which queuing theory
makes inaccurate resource predictions. We found a simple
solution to address this limitation is to estimate the number
of long running tasks using the ARIMA model. As each task
runs for a very long time, the number of required containers
is practically the number of long running tasks. As a result,
we use the ARIMA model to predict the number of long
running tasks, which translates into the number of required
containers.

TABLE 1

Table of Notations
Symbol  Meaning
d; Average scheduling delay for task class ¢
R Resource types
skr Size of task i for resource type r
ckr Size of a container of type i for resource type r
cmr Capacity of a type m machine resource type r
Eidle;m Energy consumption of a type m machine when idle
™" Energy efficiency ratio of a type m machine for type r
uir Util. of machine ¢ for resource type r at time ¢
Yl Boolean var. indicating machine 4 is active at time ¢
vy Change in machine ¢’s state at time ¢
alk Num. of type k containers in machine ¢ at time ¢
ik Change in al¥ at time ¢
2k Number of type m machines active at time ¢
o Change in the num. of type m machines at time ¢
zyk Num. of type n containers in machine m at time ¢
omk Change in z}"* at ¢

6 THE CAPACITY PROVISIONING PROBLEM

We now provide a formal model for DCP in heterogenous
environments, In our model, time is divided into intervals
of equal duration, and control decision is made at the
beginning of each time interval. The cluster consists of M
types of machines. Let N;” denote the set of type m
machines available (either active or not) at time interval .
Denote by C™ € R" the capacity of a single machine of
type m € M for resource type r € R. Similarly, there are
K types of containers to be scheduled at time ¢, the num-
ber of containers of type k is NF. Let ¢/” € RT denote the
size of a type k container for resource type r € R.

Let yi € {0,1} denote whether machine i is active at
time ¢. Define vl € {—1,0,1} as an integer variable that
indicates whether the machine is turned on (u! = 1) or off
(ul = —1), or unchanged (u! = 0). Also, let a¥ € NU {0} as
an integer variable that indicates the number of type n
containers on machine i at time ¢, and yi* as the change in
al* at time t. We thus have the following state equations:

Yo =Y+ UL (3)

ity =iy o

Here, yi and a* are variables that capture the state of the
system at time ¢, whereas vl and yi* are the actual decision
variables that need to controlled by the capacity provision-
ing module. The utilization of type r resource on machine :
at time ¢ can be computed as:

Ué’ = Ccmr Z aékc}ﬂ : (5)

reR

As total energy usage of a physical machine can be esti-
mated by a linear function of resource utilization [29], the
energy consumption of all the active machines at time ¢ can
be computed as:

Et =p Z Z y; (Eidle,m + Zamruir>7 (6)

meM i EN;’ ! reR
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where E'¥¢™ ¢ RT is the energy consumption of a type
m machine when it is idle, and «”” € R is the slope of
the energy consumption function. We can define
B =py D omeM Z?EN"‘ y pem, B =Y e ZlENm

cepo@™ ul” and rewrite F, as Et E“”L + B,

To model task scheduling delay, since it is not possible
for all containers to be scheduled when demand exceeds
data center capacity, we assume there is a utility function
f*(-) that models the monetary gain for scheduling con-
tainers. f*(-) is assumed to be a concave function that can
be derived from SLO objectives. For example, f*(a*) can
be a linear decreasing function of the average scheduling
delay computed by equation (1). The total performance
utility can now be computed as:

S (X ) g

keK mel ie 1\’;”

[]p67f

The machine switching cost can be described by:

> D

meM i€ Nt’"’

Cn(vf) = I ) )

where ¢”»™ € R* and ¢°// € R* denotes the cost for turn-
ing on and off of a single type m machine, respectively.
Finally, Equation (9) ensures that containers scheduled on
the same machine do not exceed the resource capacity of
the machine:

> afm <yiCc™ ¥me Mie N teT. (9)
keK

Thus, the overall objective of DCP is to control the num-
ber of active machines and to adjust container placement
in a way that maximizes the total performance gain in
terms of scheduling delay, while minimizes the energy
consumption and machine switching cost over a time
horizon 7 = {0,1,...,T}:

T
max Rp=» U —E

k k
ag’ vy =0

- (DCP)

subjects to constraints (3), (4), and (9).

DCP is AP-hard to solve as it generalizes the vector bin-
packing problem [11]. Furthermore, linear programming
based solutions cannot be applied to DCP due to the large
number of variables involved. For example, given 10 task
classes and over 10K machines, DCP contains at least 100K
variables, making it difficult to solve in online settings.
Finally, traditional bin-packing heuristics (e.g., First-Fit
(FF)) do not apply directly to DCP as they do not consider
machine switching costs.

7 SOLUTION TECHNIQUES

Realizing that directly solving DCP is not possible, in this
section we present two fast heuristics for solving DCP. Both
techniques rely on solving the integer-relaxation of DCP
(i.e., relaxing the constraints that variables must take integer
values) called DCP — RELAX, which is much easier to
solve than DCP. Once the solution for DCP — RELAX is
obtained, one of our solution techniques called container-
based provisioning (CBP) directly rounds the numbers of
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machines to the nearest integer values and use these values
for capacity provisioning. On the other hand, the container-
based scheduling (CBS) technique attempts to find a feasible
placement of containers in physical machines, and use con-
tainers for run-task scheduling. In both cases, the capacity
provisioning module first adjusts the number of active
machines, and informs the scheduler about how tasks
should be assigned to each type of machines. In this section,
we shall first present the formulation of DCP — RELAX,
followed by a description of CBP and CBS in details. The
benefits and limitations of each approach will be also be dis-
cussed in Section 8.

7.1 The Relaxation of DCP

In DCP — RELAX we relax the integer constraints so that
the number of machines (i.e., y;;) and container assignment
(i.e., 2*) can take real values. This relaxation yields a sim-
pler formulat1on as we only need to solve the total number
of containers for each type of machines, rather than solving
the number of containers per machine. Specifically, we
denote by z" € R" the number of type m machines that are
active at time ¢, and §;" € R the change in the number of
active machines at time ¢. Similarly, define 2" € R™ as the
number of type k containers assigned to machines of type m
that is capable of hosting containers of type k, and o7"* € R"
the change in z/"* at time ¢. We thus have the following state
equations:

Z;il _ TYL _"_ STYL (10)
aph =+ o (11)

As 2"% can take fractional values, we need to ensure that
containers of each type can only be assigned to machines
that are capable of hosting them. This is achieved by intro-
ducing a predefined boolean variable y"* that indicates
whether a container of type n can be scheduled on a
machine of type m. We thus have the following schedulabil-
ity constraint:

™ < ZMYEC™T Yme Mk e K,r € RiteT.

omr kr
cmr ’ t

> Crer)

meM

(12)
DCP — RELAX can now be stated as:

T
idle,m
s 33 (e TS

k
O 20 meM TeR kek
mk) _

DHWIOS
VYm e Mt €T

t=0 keK meM
Vke Kkme M,teT,

(DCP-RELAX)

subject to 2" < N/[*

.’E?Lk Z;n c R+ (13)

along with constraints (10), (11) and (12). This problem is a
convex optimization problem that can be solved using stan-
dard methods [10].

7.2 Container-Based Provisioning for DCP

Container-based provisioning is a simple heuristic for solv-
ing DCP. After DCP — RELAX is solved, CBP simply
rounds up the fractional values of (z}"%,z") to obtain an
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integer solution for DCP, which gives the number of
machines to be provisioned (i.e., [2"]) and the number of
type n tasks that should be scheduled on type m machines
(ie., [x;”"']). However, at runtime, the scheduler needs to
ensure that the number of type n tasks assigned to type m
machines must respect the provisioned capacity [27"F]. A
simple strategy is to ensure the number of type k tasks
assigned to m (denoted by Assign!"*) is proportional to the
number of containers:

- omk __
Assign)™ =

This can be achieved easily by using a weighted round-
robin scheduling policy. Furthermore, it can be easily inte-
grated with existing scheduling algorithms. For example,
variants of first-fit and best-fit algorithms (which are used
in production clouds such as Microsoft [18], Google [25]
and Open source platforms such as Eucalyptus [3]) can
adopt this mechanism by changing the scheduling policy to
weight round-robin first fit and weight round-robin best fit,
respectively.

A key drawback of the above rounding scheme is that it
often under-estimates the required capacity. The reason is
that the fractional solution of DCP — RELAX assumes that
each container can be arbitrarily divided and placed on
multiple machines. However, in practice, this is not realiz-
able because each container must be scheduled on a single
machine. Realizing that DCP — RELAX under-estimates
the required machines’ capacities, we define an over-provi-
sioning factor »* € R for each container type k, which cap-
tures the extra resource required to fully pack the type n
containers. To account for ¥, it suffices to replace equation
(12) by the following equation:

Zwkck"'x;”k <ZH'C™M YmeMireRteT. (14)
keK

The value of »* can be obtained through experiments. For
example, we have found that setting o =12forallne N
seems to be a reasonable value in practice.

The main benefit of CBP is its simplicity and practicality
for deployment in existing systems. However, the main
drawback of CBP is that it still relies on bin-packing algo-
rithms for scheduling. At runtime, tasks of different classes
can still compete for resources in each type of machine. As a
result, CBP does not provide high performance guarantee
in terms of task scheduling delay.

7.3 Container-Based Scheduling for DCP

In this section, we present an alternative solution to CBP
called container-based scheduling. Unlike CBP that uses bin-
packing algorithms for scheduling, CBS allocates containers
in each physical machine and use them for runtime task
scheduling. Specifically, a type k container represents a
resource reservation for tasks of type k. The number of type
k containers on a machine ¢ indicates the number of type k
tasks that can be scheduled on machine i. At runtime, CBS
adopts the following simple scheduling policy: each task is
scheduled in the first available container such that schedul-
ing the task on the machine does not cause machine

capacity violation. If none of the machines can schedule the
task without violating machine capacity constraint, the task
will be kept in the scheduling queue.

The main benefit of CBS is that it provides low schedul-
ing delay due to resource reservations on each machine.
However, it also introduces several challenges which we
shall discuss in the following sections.

7.3.1  Modeling Container Size

One of the main challenges for container-based scheduling
is to select appropriate container size. Unlike in CBP where
we can simply use the centroid to determine the container
size, in CBS we need to set the container size large enough
to ensure that with high probability, each task can be sched-
uled without exceeding the capacity of the physical
machine. Specifically, setting the container size equal to the
maximum possible container size can cause resource wast-
age due to over-estimation of true task resource demand. In
contrast, setting the container size equal to the average task
size will lead to under-estimation of task resource usage,
resulting in tasks unschedulable in machines with available
containers.

To address this issue, we rely on the statistical multiplex-
ing of task resource demand to ensure the probability of
machine capacity violation is low. Specifically, the result of
the K-means clustering algorithm divides the feature space
into K partitions, where every point in the space belongs to
exactly one partition (i.e., the partition whose centroid has
shortest distance to the point). We assume the tasks in each
partition 1 < k < K are independently distributed accord-
ing to a common distribution D* (which can be an arbitrary
distribution) with mean u* = (u*',... 1) and standard
deviation o = (o*,...,0*f). Our goal is to select the con-
tainer size ¢* = (c*!, ..., ¢'®) for each task class 1 < k < K to
ensure that given a task j of type k to be scheduled, the
probability a task cannot be scheduled on any of the
machines that have available type k containers is less than a
small value e . Mathematically, given M* machines with
available type k containers, let N" denote the tasks sched-
uled on each machine n € M*. Given a task i to be sched-
uled, we want to ensure that

H Pr (Hr : Z § 4§ > oM

meMF JEN

chr + Cir < Cm’r’) <e

jEN
(15)

Theorem 1. Assume each task s™ in each class k is independently
and identically distributed with mean u*" and standard devia-
tion o*" for each resource type r. Also, let M* denote the mini-
mum number of machines on which a type k task can be
scheduled. We can set container size of task type k to

for each r € R to ensure equation (15) holds.
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Proof.Define N = N U {s’"}. Since
Pr (Hr : Z ST ST > o
jeEN jeN

=Pr (Elr : Z s> omr chr < C"”)

jeN jeN

<Pr <Elr : Z § > Zc”)

jenN jenN

chr + C’ir < Cmr)

given M % machines that have containers available, if we
can ensure that the probability of Violating machine
capacity constraint is less than e (e, Pr(3r:
D W s> > v < EW‘ then the inequality will
hold. Furthermore since Pr(3r: 3, & s> > dn) <
2rer P w8 > ZJ o), tne bound w111 hold if we
can ensure Pr(Zf,eN sT >3 ene) < ‘R‘ e for all 7 € R.
Define ¢" = ﬁ er*, To achieve this objective, we use con-
centration inequalities [14]. Define ¢ = u'" + B, where
B is a variable to be determined for each i € N. Our
objective is to ensure

Pr ( > (s -

ieN

ey <
i€EN
The one-sided Chebyshev’s inequality [14] states that
PI’(Z(S” _ Mir) > Zﬂ”)
ieN ieN
< Zieﬁ(o‘”)g
- ir\2
Zze]\ (0“)2 + (Zieﬁ B )
Thus it suffices to ensure the following inequality holds:
Sl
ir\2 —
Zze V(U”)2 + ( Zieﬁﬂ )
Rearranging the equation and using the fact that
Siew(0™)? < (X5 0™)?, we obtain

S g \/1——72 ir

ieN €N

uation (15) holds by setting " = |/15% o™ for
i € N . The result follows. 0

Thus E

each tas

Theorem 1 provides a bound on selecting container size
for CBS. For instance, if we want to achieve ¢ = 0.01 for
M* =100, | R| = 2, then Theorem 1 states that we can set con-
tainer size of task type k to u*" + 1.1okr, which is typically
much smaller than the maximum possible size for task type
k. In practice, we can use the sample mean and standard
deviation to approximate the values of 1*" and o*" for each
1 <k < K. This is reasonable because there is usually a large
number of samples per task class. Assume each sample is
drawn independently, the sample mean and sample stan-
dard deviation will be close to the true mean and the true
standard deviation. Finally, if a task still cannot be scheduled
immediately, Harmony will keep the task in the front of the
scheduling queue until it finds a machine with sufficient
resources to schedule the task. This simple policy can
achieves low scheduling delay as we shall demonstrate in
Section 9.2.
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7.3.2 Solution Algorithm

In order to leverage containers for task scheduling, we pres-
ent an alternative way to round the fractional solution of
DCP — RELAX. The idea is to leverage the following prop-
erty of the first-fit (FF) algorithm:

Lemma 1. Given a fractional solution of DCP — RELAX with
2" type m machines and x"™ type n containers, the first-fit
algorzthm can place at least LQ‘ R‘j of each type of container n in

* + 1 machines.

Proof. We rely on the property that the FF' algorithm produ-
ces a solution in which at most one machine i is less than
“half-full” (i.e., utilization u;” < {Vr € R). To see this, sup-
pose this statement is false, i.e., there are two non-empty
i,j € NJ" that are less than “half-full” and i is filled before
j. In this case, when FF tries to pack a container that
belongs to j in the solution, it would pack it in ¢ instead.
As a result, machine j should hold no containers, which
contradicts our assumption Therefore, given a machine ¢
with utilization ;" for resource type r € R, define the effec-
tive utilization of i as BI > rer vy - Based on this “half-full”
property, FF ensures every machine has effective
utilization at least 5} 317 €xcept the last non-empty machine.

Given z"*" type n containers for each n € N that
type m machines, the sum of

m*

the total effective utilization must be less than z]

m*

can be scheduled on z}
as

the maximum possible utilization for 2™

it is
machines. Now, suppose we scale down the number
of type n containers to Lﬁj for each n e N, the total
utilization of machines is thus at most 2‘ 7 Suppose
there are still containers waiting to be scheduled after
using 2" 4+ 1 machines. As FF ensures every machine
has effective utilization at least SR R‘ except the last one,
the total utilization of the 2 4+ 1 machines is at least
which contradicts that the total utilization is at

a

W

most 2| Ik

Lemma 1 essentially states that, given a fractional solu-
tion of DCP — RELAX that uses z/"* type m machines
and 2"*" type n containers, FF can ensure that at least
LQ‘N};‘J containers can be placed in 2" 4+ 1 machines. Using
this result, we devise our CBS algorlthm (Algorithm 1) as
follows: When the control interval ¢ starts, the controller
uses the predicted values muw‘: € K,1<i<W?to solve
DCP — RELAX, which gives zj”,
type m machines to be made available at time ¢. Then the
controller computes an integer solution by first reducing
the number of type n containers to at most L2I RlJ and then
adding containers using FF' to ensure the number of type

the number of active

k containers is at least LZlRlJ for all 1 < k < K. Container
reassignment (i.e., migration) is then performed to ensure

there are at most 2/'* + 1 active machines. In our formula-

e
tion, container reassignment cost is modeled as part of

the machine switching cost, as it is only used to allow

2. We use (t +i|t) to denote future value for time ¢ + ¢ either pre-
dicted or computed at time .
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machines to be turned off. The average switching cost can

be obtained through experiments. Once the container

reassignment is completed and there is still room for
more containers, the controller is free to schedule addi-

tional containers as long as the total number of type k

containers is at most z]"*. Finally, the controller will real-

ize the new configuration by actually turning off unused
machines and making container allocations.

Theorem 2. The integer solution produced by Algorithm 1
ensures U — B, — Cpv > (am — U — (14 ¢)(Ef -
Cyv*) when 2" is sufficiently large forallm € M, t € T.

Proof. Since the number of machines used is determined by
DCP — RELAX, it is clear that the C;Y = C;"* and
Eidle = pidles - Ag the number of type n containers sched-

mkx

uled on type m machines is upper-bounded by x}

we

have Eil < i Finally, by Lemma 1, it is easy to show

Imk* Sk _q .
that |37 - “m—] containers of each type n € N can be
“t
packed in z"* machines. As f(-) is a convex function, it
LMK
must hold that U/ > (max, {‘e} — €) - 7 UP"™,
, r;nk'* Sm_q r;nk‘* fZ;r171 .
where € = max’"{ﬂTl = LW . TJ} is the round-

ing error. The theorem is proven by defining €=
maxm{z%} + ¢ and summing the above equations. O
t

Theorem 2 provides a bound on the worst case perfor-
mance of CBS. In the experiments, we have observed Algo-
rithm 1 typically performs much better than the worst case
bound. Furthermore, realizing the bin-packing solutions
often cannot fully utilize the machine capacities, similar to
CBP, we can use a provisioning factor " € R* to account
for the bin-packing inefficiencies. To account for ", it suffi-
ces to replace constraint (12) by constraint (14). and run
Algorithm 1 to find a suitable container placement. How-
ever, using " does not lead to a better performance guaran-
tee. To see this, consider an example where N;" of type m
machines that are selected by DCP — RELAX are active.
All other machines are inactive and have E'¥* ~ co. In this
case, no matter how we adjust the value of »*, the number
of containers scheduled by the algorithm will not improve.

Algorithm 1 Controller Algorithm for CBS

1: Provide initial state z§*, 0%, t < 0

2: loop
3: At beginning of control period t:
4:  Predict Ntkﬂ-‘t, Pttt for horizons t = 1,... ,W using a

demand prediction model
5 Solve DCP — RELAX to obtain 5ﬂi|t,aﬁ’§‘t for i =
0,... ,W—1
Sort new containers based on their utilities
for m € M do
Select z;}; machines of type m as active machines
end for
Compute a re-packing configuration for all selected ac-
tive machines
11:  Turn on selected machines, perform re-parking using
FF, turn off other machines
12: t<+t+1
13: end loop

SO PN

—_

8 DiscussION

In this section we discuss considerations related to the
deployment of Harmony in practice.

8.1 Task Classification and Prediction
It should be mentioned that many public cloud providers
today (e.g., Amazon EC2 [1]) already offer VMs in distinct
types. In such a case, our DCP algorithms can be applied
directly to these public clouds. However, we argue that pre-
defined VM sizes may not match the actual need of each
customer in all cases. This is reflected by the fact that work-
load heterogeneity is prevalent in private clouds such as
Google’s compute clusters, where customers are given the
flexibility to choose desired VM size. In these cases, our
approach is more flexible and can provide highly efficient
solution for DCP for arbitrary workload compositions.
Another important issue concerns the accuracy of the
demand prediction. Even though previous work [29] sug-
gests that ARIMA can forecast future demand with high
accuracy when the trend of resource demand is stable. It is
still insufficient when an unexpected demand spike occurs.
In this case, we can minimize the risk of under-provisioning
using the over-provisioning factor w*. The exact value of
over-provisioning factor can be set based on experience. In
Section 9.2 we shall evaluate the impact of the over-provi-
sioning factor on the performance of CBS and CBP using
the Google Traces.

8.2 Comparing CBS and CBP

Although CBS provides a theoretically-sound solution for
DCP, it requires the scheduler to adopt a container-based
scheduling algorithm, which is not always available in prac-
tice. As many production cloud systems (e.g., Google’s com-
pute cluster) have also developed sophisticated scheduling
algorithms, implementing CBS requires major change to the
design of the scheduler. On the other hand, CBP does not
suffer from this limitation. However, due to lack of control
of the scheduler, we have found CBP often produce worse
task scheduling delay compared to CBS in our experiments.
Nevertheless, in the next section we will present our evalua-
tion of both methods and quantitatively analyze the benefits
and limitations of both designs.

9 SIMULATION STUDIES

We have implemented both CBS and CBP in Matlab and
studied their performance. In our implementation, the simu-
lator receives job requests from the Google workload traces.
Each job request includes information about tasks resource
demand, priority, and arrival time. It then performs labeling
and job scheduling according to the algorithms described in
Section 7. The DCP procedure is performed once every
5 minutes, as suggested by the Google workload traces. We
have chosen the time horizon to be 7T'=1, as one step
prediction already provides decent performance in our
experiments.

In our experiments, we simulate a heterogeneous cluster
composed of a mixture of servers from multiple manufac-
turers and models. Table 2 provides the characteristics of
the simulated servers. We normalized the CPU core count
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TABLE 2
Machine Configurations
Model Num. Num. Memory Num.
of Processors of Cores Memory | of Machines
Dell PowerEdge R210 1 4 4 GB 7000
Dell PowerEdge R515 2 6 32 GB 1500
HP DL385 G7 2 12 16 GB 1000
HP DL585 G7 4 12 64 GB 500
500
— PowerEdge R210
--- PowerEdge R515
£ 400| —=—HP DL385 G7

== HP DL585 G7
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Fig. 9. Machine energy consumption rate.
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and memory capacity to the largest machine size. Hence,
HP DLG585 G7 has a capacity 1 CPU unit and 1 memory
unit, which corresponds to 48 cores and 64 GB, respectively.
The energy consumption of the different machines is mod-
eled according to Equation (6). The parameters E'“™ and
o™ for each type of servers were estimated using energy
measurements available in [2]. Furthermore, we use the
average electricity price in the state of California, which is
12.25 cents per Kilowatthour [6]. The reconfiguration cost
per machine power cycle is set to 0.5 cents [12]. Energy costs
reported hereafter include cooling costs, which are consid-
ered to be proportional to the cost of energy consumed by
the servers (the proportionality factor is set to 0.8) [21].

Fig. 9 shows the energy consumption as function of CPU
usage. Indeed, this figure demonstrates the importance of
considering the machine heterogeneity when scheduling
tasks in order to reduce energy consumption. For instance,
a container requiring 0.2 CPU units should be placed in a
HP DL385 G7 since the PowerEdge R210 does not have
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Fig. 11. Task duration (Gratis).
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Fig. 14. Class size (other).

enough CPU capacity, whereas the other types of servers
are able to host it but will consume much more energy.
Selecting the “right” machines to switch on becomes partic-
ularly challenging when millions of heterogeneous tasks
have to be scheduled in the cluster.

9.1 Results of Task Classification

We performed task classification as described in Section 5.1.
For each priority group, we varied the value of k£ and evalu-
ated the quality of the resulting clusters produced by the
K-means algorithm. The best value of k for each priority
group is selected as the one for which no significant benefit
can be achieved by increasing the value of k. The results
after the first step of our characterization for each priority
group are shown in Figs. 10, 14, and 18, respectively. These
diagrams show the clustering algorithm captures the differ-
ences in task sizes and identifies cpu-intensive tasks and
memory-intensive tasks. Furthermore, the standard devia-
tion is much less than the mean value for both CPU and
memory, which confirms the accuracy of the characteriza-
tion. The number of tasks in each task class is shown in
Figs. 12, 16 and 20, respectively. It is clear that the number
of tasks within each cluster can vary significantly. Most of
the classes have between 10" and 10° tasks except cluster 4
for Gratis priority group, which has only 100 tasks. Lastly,
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we run the k-means algorithm with k£ = 2 to categorize tasks
of each task class as either short or long. The results are
shown in Figs. 11, 15 and 19, respectively. These diagrams
confirm that long tasks typically run several orders of mag-
nitude longer than short tasks. Finally, we computed the
container size as described in Section 7.3.1, with ¢ = 0.001,
|R| = 2 and M* = 100. The results are shown in Figs. 13, 17
and 21, respectively. Clearly, the size of containers is typi-
cally smaller than the maximum task size within the cluster.

9.2 Controller Performance

We have evaluated the performance of CBS and CBP
algorithms using Google workload traces. In our experi-
ments, the sum of arrival rate of tasks belonging to each
priority group is shown in Fig. 22. Fig. 23 shows the
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Fig. 22. Aggregated task arrival rates.

sum of the total containers belonging to each priority
group computed by Harmony.

For comparison purpose, we also implemented a base-
line (heterogeneity-oblivious) algorithm that tries to find
a balance between energy savings and scheduling by
maintaining an 80 percent utilization of the bottleneck
resource. Essentially, given the total resource demand,
the algorithm provisions machines in a “greedy” fashion
by turning them on in decreasing order of energy effi-
ciency (e.g., always turning on HP-DL585-G7 machines
first). We picked the value of 80 percent because we
found that a utilization higher than 80 percent can cause
a significant increase in task scheduling delay. As the
Google workload contains many long running tasks that
were scheduled before the start of the traces, in our
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simulation, we mainly focus on simulating the arrival of
new tasks.

In our first experiment, we use an over-provisioning
factor of 1.2 to demonstrate the behavior of our algo-
rithms. The number of active servers provisioned by the
baseline algorithm, CBS and CBP are shown in Figs. 24,
25 respectively. Note that both CBS and CBP provision
the same number of machines as indicated by the MPC
algorithm. It can be seen that the number of machines
provisioned by CBS and CBP is much less than the
number of machines selected by the baseline algorithm.
Furthermore, It can be seen that they are able to make
intelligent decisions regarding what type of machines to
turn on and off. Fig. 29 shows the total energy con-
sumption of all three approaches. It can be seen that
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CBS incurs the lowest energy costs, corresponding to a
28 percent reduction in energy cost compared to the
baseline algorithm.

The CDF of task scheduling delays are shown in Figs. 26,
27 and 28, respectively. It can be seen that CBS and CBP can
substantially reduce the scheduling delay compared to the
baseline algorithm. The CPU and memory utilizations of
the baseline, CBS and CBP are compared in Figs. 30 and 31,
respectively. It can be seen from the diagrams that the base-
line achieves low utilization for both CPU and memory.
This is because the baseline only ensures the total provi-
sioned capacity is m times the required capacity, and
does not consider the types of machines provisioned. As
soon as the most energy efficient (i.e., HP DL585 G7)
machines are all turned on, it began to make wrong
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Fig. 31. Memory utilization in the data center.

decisions regarding the type of machines to be turned on.
As a result, many tasks cannot be scheduled in the newly
provisioned machines, resulting in low utilization and high
scheduling delay. In contrast, both CBS and CBP can signifi-
cantly outperform the baseline algorithm in terms of both
resource utilization and scheduling delay. Furthermore,
CBS generally outperform CBP in our experiments. This is
because CBS uses dedicated containers for scheduling, thus
ensuring that large tasks can be scheduled quickly. In con-
trast, CBP does not provide guaranteed resources for large
tasks, making them more difficult to schedule.

To better understand the difference between CBS and
CBP, we varied the values of the over-provisioning factor
o between 0.6-2.2 to produce different tradeoffs between
operational costs (energy and reconfiguration cost) and
the average scheduling delay. The results are shown in
Figs. 32 and 33, respectively. We found when the cluster
is under-provisioned («" < 1.1), scheduling delays are
high for both schemes. In this case, CBS performs poorly
because it can only schedule tasks in dedicated contain-
ers. If all dedicated containers reserved for a task class
run out, a task that belongs to the class has to wait even
if there are idle resources in the cluster. In contrast, CBP
does not have this limitation, because a task can be sched-
uled whenever there is sufficient resources available in
the cluster. However, this is no longer true when
" > 1.1. In this case, CBS outperforms CBP because dedi-
cated containers can guarantee every type of tasks can be
scheduled without much delay, whereas the bin-packing
algorithm used by CBP can have difficulties scheduling
large tasks, especially production tasks. These observa-
tions suggest that CBS can slightly outperform CBP in
terms of solution quality. However, as CBS adopts a strict
(i.e., slot-based) scheduling policy, it is less practical for
real-world deployment. Thus, the cloud provider must
carefully analyze these tradeoffs in order to decide which
scheme should be used in a given scenario.
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Fig. 32. Energy cost versus scheduling delay for CBP.

2000,

—Gratis(0-1)
---Other (2-8)
== Production (9—11)|

1500} *

W
(=3
(=]

Average scheduling delay (s)
S
S
(=}

(=]

1600
Total energy cost ($)

Fig. 33. Energy cost versus scheduling delay for CBS.

10 CONCLUSION

Dynamic capacity provisioning has become a promising
solution for reducing energy consumption in data centers in
recent years. However, existing work on this topic has not
addressed a key challenge, which is the heterogeneity of
workloads and physical machines. In this paper, we first pro-
vide a characterization of both workload and machine het-
erogeneity found in one of Google’s production compute
clusters. Then we present Harmony, a heterogeneity-aware
framework that dynamically adjusts the number of machines
to strike a balance between energy savings and scheduling
delay, while considering the reconfiguration cost. Through
experiments using Google workload traces, we found Har-
mony yields large energy savings while significantly
improving task scheduling delay.
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