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Abstract

Energy consumption is a major and costly problem in data centers. For many workloads,

a large fraction of energy goes to powering idle machines that are not doing any useful

work. There are two causes of this inefficiency: low server utilization and a lack of power

proportionality. We focus on addressing this problem for two workloads: (1) a traditional,

front-end web server workload and (2) an emerging class of analytics workload containing

both batch jobs and interactive queries. For the web server workload of the first study, we

present NapSAC, a design for a power-proportional cluster consisting of a power-aware

cluster manager and a set of heterogeneous machines. Our design makes use of currently

available energy-efficient hardware, mechanisms for transitioning in and out of low-power

sleep states, and dynamic provisioning and scheduling to continually adjust to workload

and minimize power consumption. We build a prototype cluster which runs Wikipedia to

demonstrate the use of our design in a real environment. For the MapReduce workload in

the second study, we develop BEEMR (Berkeley Energy Efficient MapReduce), an energy

efficient MapReduce workload manager motivated by empirical analysis of real-life traces

at Facebook. The key insight is that although MIA clusters host huge data volumes, the

interactive jobs operate on a small fraction of the data, and thus can be served by a small

pool of dedicated machines; the less time-sensitive jobs can run on the rest of the cluster

in a batch fashion. With our designs we are able to reduce energy consumption while

maintaining acceptable response times. Our results for NapSAC show that we are able to

achieve close to 90% of the savings of a theoretically optimal provisioning scheme would

achieve. With BEEMR, we achieve 40-50% energy savings under tight design constraints,

and represents a first step towards improving energy efficiency for an increasingly important

class of datacenter workloads.
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Chapter 1

Introduction

The energy consumption of data centers has received a great deal of attention over the past

decade—from massive web services like Google and Amazon located in proximity with

massive electrical generation, to enterprise data centers on urban grids, to building machine

rooms. The EPA estimates that U.S. data centers consumed 61 billion kilowatt-hours in

2006 at a cost of about $4.5 billion. This constitutes about 2% of US electricity consump-

tion and has been the fastest growing consumption sector, representing an alarming growth

trend [70]. Much of the focus has been on the ratio of total data center consumption to

that consumed by the computing equipment, called Processor Utilization Efficiency (PUE).

Typical, large data centers operate at a PUE of 2 [32], [67] so the energy required to deliver

power to and to remove the heat from the servers is equal to that used by the servers [7].

Tremendous design efforts focused on improved heat exchange, air flow, and power dis-

tribution has reduced this overhead and demonstrated PUE of 1.2-1.4 [57] [63]. PUE is

simple to measure and track by metering the whole center and the PDU output, but it fails

to recognize that real measure of effectiveness is not the power consumed by the servers,

but the work accomplished. In fact, the utilization of the servers in data centers is typically
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only about 25%. For example, in a study of over 5,000 of its servers, Google found that

the average CPU utilization for most servers is between 10% and 50% of maximum utiliza-

tion [8]. This should not be surprising, since reasonable capacity planning must provide

headroom to accommodate transient bursts in demand and potential future growth.

Such underutilization is concerning because it results in great inefficiencies in energy use.

This is because modern server platforms are very far from power proportional despite sub-

stantial improvements in power efficiency of the microprocessor, including Dynamic Volt-

age/Frequency Scaling (DVFS) and the introduction of a family of sophisticated power

states. Even for specially engineered platforms [8], the power consumed when completely

idle is over 50% of that when fully active, and idle consumption often over 80% of peak for

commodity products [23]. Thus, the service power consumption is essentially proportional

to provisioned capacity, not the request rate.

Approaches to increasing datacenter energy efficiency depend on the workload in question.

One option is to increase machine utilization, i.e., increase the amount of work done per unit

energy. This approach is favored by large web search companies such as Google, whose

machines have persistently low utilization and waste considerable energy [6]. Clusters im-

plementing this approach would service a mix of interactive and batch workloads [21], [49],

[54], with the interactive services handling the external customer queries [47], and batch

processing building the data structures that support the interactive services [24]. This strat-

egy relies on predictable diurnal patterns in web query workloads, using latency-insensitive

batch processing drawn from an “infinite queue of low-priority work” to smooth out diurnal

variations, to keep machines at high utilization [6], [21], [54].

In this paper we consider an alternative approach for two types of workloads. The alterna-

tive approach focuses on decreasing total cluster energy consumption, rather than increas-

ing total cluster utilization, since both result in increased efficiency. The first workload we

7



apply this approach to is a traditional, front-end web server workload. The second is an

emerging class of batch analytic workloads run on MapReduce-like distributed computing

frameworks, which we dub MapReduce with Interactive Analysis (MIA).

For web service workloads, the amount of work is primarily determined by the rate of user

requests, which can vary drastically over time. Web service operators must at the very least

provision for the observed peak, taking “...the busiest minute of the busiest hour of the

busiest day and build[ing] capacity on that [45]”. However, most clusters provision for far

more than the observed peak in order to provide a safety margin against flash crowds. A

typical rule of thumb is to provision for twice the maximum average load over a moderate

window experienced in the last planning cycle. In a one-week request trace obtained from

Wikipedia, we observed the peak demand over a minute that was 1.6 times the average

rate, though peaks as large as 19 times the average have been observed [69]. A natural

consequence of the gap between peak and average requests rates in workloads, amplified

by over provisioning, is that much of the time many servers sit at low levels of utilization.

MIA workloads contain interactive services as well, but also contain traditional batch pro-

cessing, and large-scale, latency-sensitive processing. The last component arises from hu-

man data analysts interactively exploring large data sets via ad-hoc queries, and subse-

quently issuing large-scale processing requests once they find a good way to extract value

from the data [12], [37], [48], [74]. Such human-initiated requests have flexible but not in-

definite execution deadlines. This makes MIA workloads unpredictable: new data sets, new

types of processing, and new hardware are added rapidly over time, as analysts collect new

data and discover new ways to analyze existing data [12], [37], [48], [74]. Thus, increasing

utilization here is insufficient: First, the workload is dominated by human-initiated jobs.

Hence, such clusters must also be provisioned for peak load to maintain good SLOs, and

low-priority batch jobs only partially smooth out the workload variation. Second, the work-

load has unpredictable high spikes compared with regular diurnal patterns for web queries,
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resulting in wasted work from batch jobs being preempted upon sudden spikes in the work-

load. In short, MapReduce has evolved far beyond its original use case of high-throughput

batch processing in support of web search-centric services, and it is critical that we develop

energy efficiency mechanisms for MIA workloads.

For web services workloads, we design and implement NapSAC, a power proportional clus-

ter constructed out of non power proportional systems. The basic approach is fairly obvious

– put idle servers to sleep and wake them up when they are needed. Thus, capital equipment

spend tracks peak demand, but energy consumption tracks delivered service. However, re-

alizing this simple goal presents several challenges. The active work must be coalesced into

a subset of nodes, so that a significant amount of coarse-grained, i.e., entire node idleness,

is obtained. But enough capacity must be available to absorb bursts in demand. Servers

exhibit a dramatic increase in delay or loss rate as the requested load approaches the maxi-

mum delivered load, which traditional services avoid by having all the resources running all

the time. The key observation is that most clustered systems employ a master-worker pat-

tern where the master is responsible for load management. It is natural to extend the master

to manage the power state of the workers and to assign work in a manner that is consistent

with its power provisioning. We dynamically provision active nodes to track demand, while

providing headroom for bursts. Interestingly, the solution is very similar to approach used

by electric utilities to match power generation to time varying demand without any explicit

protocol between consumers and providers. A set of baseline resources is supplemented by

an array of intermittent resources. Intermittent resources are brought on-line or off-line in

accordance with estimated demand in the near future. Each of those resources maintain a

certain amount of “spinning reserve” to absorb transient bursts and to cover the ramp-up de-

lay in spinning up additional resources. Each seeks to operate at sufficiently high utilization

to be efficient, while leaving enough reserve capacity to be reliable.

For MIA workloads, we present BEEMR (Berkeley Energy Efficient MapReduce), an en-
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ergy efficient MapReduce system motivated by an empirical analysis of a real-life MIA

workload at Facebook. This workload requires BEEMR to meet stringent design require-

ments, including minimal impact on interactive job latency, write bandwidth, write capacity,

memory set size, and data locality, as well as compatibility with distributed file system fault

tolerance using error correction codes rather than replication. BEEMR represents a new

design point that combines batching [40], zoning [41], and data placement [38] with new

analysis-driven insights to create an efficient MapReduce system that saves energy while

meeting these design requirements. The key insight is that although MIA clusters host huge

volumes of data, the interactive jobs operate on just a small fraction of the data, and thus

can be served by a small pool of dedicated machines; whereas the less time-sensitive jobs

can run in a batch fashion on the rest of the cluster. These defining characteristics of MIA

workloads both motivate and enable the BEEMR design. BEEMR increases cluster utiliza-

tion while batches are actively run, and decreases energy waste between batches because

only the dedicated interactive machines need to be kept at full power.

Our basic results are, for the web services workload, achieving 90% of the savings that

an ideal optimal scheme would achieve, assuming a 2x provisioning rule. With our Nap-

SAC design we are able to reduce energy consumption while maintaining acceptable re-

sponse times for a web service workload based on Wikipedia. With MIA workloads run

on BEEMR, we show energy savings of 40-50%. BEEMR highlights the need to design

for an important class of data center workloads, and represents an advance over existing

MapReduce energy efficiency proposals [38], [40], [41]. Systems like BEEMR become

more important as the need for energy efficiency continues to increase, and more use cases

approach the scale and complexity of the Facebook MIA workload.

The remainder of the report is organized as follows. We first describe the workloads for

which we build NapSAC and BEEMR (Chapter 2). Next, we discuss the design, imple-

mentation, evaluation methodology, and results for our NapSAC power proportional web
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services cluster (Chapter 3). We do the same for our energy efficient MIA workload archi-

tecture, BEEMR (Chapter 4). We conclude with a some closing thoughts and summary of

results and contributions (Chapter 5).
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Chapter 2

Background

Different workloads exhibit different characteristics, including diurnal patterns, periods of

inactivity, and large event-flurries or spikes in activity. System operators must provision

for the worst-case workloads in which all the available system resources are requested, and

generally this worst-case provisioning is in use all the time, regardless of how likely the

worst-case maximum workload is to occur at that point in time. Over-provisioning in this

case is a problem if one cares about energy usage of equipment.

Power proportionality refers to power usage corresponding linearly to the rate of work being

done. For example, when a web service is handling 100 requests per second the power of

the cluster should be half of the power when handling 200 requests per second. To achieve

a power-proportional system, we vary the amount of available resources (compute nodes,

in our case) to match the incoming workload. An example of this is shown in Figure 2.1.

The capacity of the cluster varies dynamically with the request rate by changing the power

state of the underlying compute nodes.

The Advanced Configuration and Power Interface (ACPI) specification defines two types

of low-power states: idle states (C states) and sleep states (S states) [22]. Idle states re-
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Figure 2.1. A subsampled, two-week Wikipedia trace. The trace exhibits strong diurnal
patterns. Typically, clusters supporting workloads such as this would be provisioned for
twice the peak observed.

duce processor power consumption by disabling the CPU clock, cache, and other on-chip

circuitry. They are characterized by fast transition times and are generally handled auto-

matically by the operating system. Sleep states, on the other hand, include such states as

suspend-to-RAM and suspend-to-disk. In these states most of the system is powered down

except for the network card which remains active to support Wake-on-LAN (WOL) and

thus offer much more aggressive power savings.

2.1 The Wikipedia Workload

We use several days of HTTP traffic data from a trace consisting of a 10% sample of the

total Wikipedia traffic [69] as our workload for comparison. We assume a fixed response

time and a maximum request rate per system. These parameters are set empirically by

using microbenchmarks. We take the maximum request rate with a response time of less

than 300ms for the the Wikipedia workload on each system. Figure 2.1 shows a trace of

this workload over a two-week period.
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Our cluster serves a snapshot of Wikipedia which implements the typical three-tier archi-

tecture of web service applications. At the front end we have a load balancer that distributes

load among a set of application servers. The application servers generate the requested con-

tent using data from the storage (database) layer. This architecture is generic and supports

many different applications and storage systems.

2.2 The Facebook Workload

MIA-style workloads have already appeared in several organizations, including both web

search and other businesses [12], [37], [48]. Several technology trends help increase the

popularity and generality of MIA workloads:

• Industries ranging from e-commerce, finance, and manufacturing are increasingly adopt-

ing MapReduce as a data processing and archival system [34].

• It is increasingly easy to collect and store large amounts of data about both virtual and

physical systems [12], [26], [38].

• Data analysts are gaining expertise using MapReduce to process big data sets interac-

tively for real-time analytics, event monitoring, and stream processing [12], [37], [48].

In short, MapReduce has evolved far beyond its original use case of high-throughput batch

processing in support of web search-centric services, and it is critical that we develop energy

efficiency mechanisms for MIA workloads.

We analyze traces from the primary Facebook production MapReduce cluster. The cluster

has 3000 machines. Each machine has 12+ TB, 8-16 cores, 32 GB of RAM, and roughly

15 concurrent map/reduce tasks [11]. The traces cover 45 days from Oct. 1 to Nov. 15,

2010, and contain over 1 million jobs touching tens of PB of data. The traces record each

14
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Figure 2.2. CDFs of input/shuffle/output sizes and ratios for the entire 45-day Facebook
trace. Both span several orders of magnitudes. Energy efficiency mechanisms must accom-
modate this range.

job’s job ID, input/shuffle/output sizes, arrival time, duration, map/reduce task durations (in

task-seconds), number of map/reduce tasks, and input file path.

Figure 2.2 shows the distribution of per-job data sizes and data ratios for the entire work-

load. The data sizes span several orders of magnitude, and most jobs have data sizes in the

KB to GB range. The data ratios also span several orders of magnitude. 30% of the jobs

are map-only, and thus have 0 shuffle data. Any effort to improve energy efficiency must

account for this range of data sizes and data ratios.

Figure 2.3 shows the workload variation over two weeks. The number of jobs is diurnal,

with peaks around midday and troughs around midnight. All three time series have a high

peak-to-average ratio, especially map and reduce task times. Since most hardware is not

power proportional [6], a cluster provisioned for peak load would see many periods of

below peak activity running at near-peak power.

To distinguish among different types of jobs in the workload, we can perform statistical data

clustering analysis. This analysis treats each job as a multi-dimensional vector, and finds
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Figure 2.3. Hourly workload variation over two weeks. The workload has high peak-to-
average ratios. A cluster provisioned for the peak would be often underutilized and waste a
great deal of energy.
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# Jobs Input Shuffle Output Duration Map time Reduce time Label
1145663 6.9 MB 600 B 60 KB 1 min 48 34 Small jobs

7911 50 GB 0 61 GB 8 hrs 60,664 0 Map only transform, 8 hrs
779 3.6 TB 0 4.4 TB 45 min 3,081,710 0 Map only transform, 45 min
670 2.1 TB 0 2.7 GB 1 hr 20 min 9,457,592 0 Map only aggregate
104 35 GB 0 3.5 GB 3 days 198,436 0 Map only transform, 3 days

11491 1.5 TB 30 GB 2.2 GB 30 min 1,112,765 387,191 Aggregate
1876 711 GB 2.6 TB 860 GB 2 hrs 1,618,792 2,056,439 Transform, 2 hrs

454 9.0 TB 1.5 TB 1.2 TB 1 hr 1,795,682 818,344 Aggregate and transform
169 2.7 TB 12 TB 260 GB 2 hrs 7 min 2,862,726 3,091,678 Expand and aggregate
67 630 GB 1.2 TB 140 GB 18 hrs 1,545,220 18,144,174 Transform, 18 hrs

Table 2.1. Job types in the workload as identified by k-means clustering, with cluster
sizes, medians, and labels. Map and reduce time are in task-seconds, i.e., a job with 2
map tasks of 10 seconds each has map time of 20 task-seconds. Notable job types include
small, interactive jobs (top row) and jobs with inherently low levels of parallelism that take
a long time to complete (fifth row). We ran k-means with 100 random instantiations of
cluster centers, which averages to over 1 bit of randomness in each of the 6 data dimen-
sions. We determine k, the number of clusters by incrementing k from 1 and stopping upon
diminishing decreases in the intra-cluster “residual” variance.

clusters of similar numerical vectors, i.e., similar jobs. Our traces give us six numerical

dimensions per job — input size, shuffle size, output size, job duration, map time, and

reduce time. Table 2.1 shows the results using the k-means algorithm, in which we labeled

each cluster based on the numerical value of the cluster center.

Most of the jobs are small and interactive. These jobs arise out of ad-hoc queries initiated

by internal human analysts at Facebook [12], [68]. There are also jobs with long durations

but small task times (map only, GB-scale, many-day jobs). These jobs have inherently low

levels of parallelism, and take a long time to complete, even if they have the entire cluster

at their disposal. Any energy efficient MapReduce system must accommodate many job

types, each with their own unique characteristics.

Figures 2.4 and 2.5 show the data access patterns as indicated by the per-job input paths.

Unfortunately our traces do not contain comparable information for output paths. Figure 2.4

shows that the input path accesses follow a Zipf distribution, i.e., a few input paths account

for a large fraction of all accesses. Figure 2.5 shows that small data sets are accessed

frequently; input paths of less than 10s of GBs account for over 80% of jobs, but only a tiny
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Figure 2.4. Log-log plot of workload input file path access frequency. This displays a Zipf
distribution, meaning that a few input paths account for a large fraction of all job inputs.

fraction of the total size of all input paths. Prior work has also observed this behavior in

other contexts, such as web caches [13] and databases [30]. The implication is that a small

fraction of the cluster is sufficient to store the input data sets of most jobs.

Other relevant design considerations are not evident from the traces. First, some applica-

tions require high write throughput and considerable application-level cache, such as Mem-

cached. This fact was reported by Facebook in [12] and [68]. Second, the cluster is storage

capacity constrained, so Facebook’s HDFS achieves fault tolerance through error correcting

codes instead of replication, which brings the physical replication factor down from three

to less than two [61]. Further, any data hot spots or decreased data locality would increase

MapReduce job completion times [2].

Table 2.2 summarizes the design constraints. They represent a superset of the requirements

considered by existing energy efficient MapReduce proposals.

2.3 Related Work

Many CPUs have support for Dynamic Voltage/Frequency Scaling (DVFS) which can be

used to dynamically reduce CPU performance and save energy when load is low. Many

18



0
0.2
0.4
0.6
0.8

1

1.E+00 1.E+03 1.E+06 1.E+09 1.E+12 1.E+15

CDF 

Input path size 

all jobs

all input

    0              KB             MB            GB             TB             PB 

Figure 2.5. CDF of both (1) the input size per job and (2) the size per input path. This
graph indicates that small input paths are accessed frequently, i.e., data sets of less than 10s
of GBs account for over 80% of jobs, and such data sets are a tiny fraction of the total data
stored on the cluster.

papers have explored policies for reducing CPU power with DVFS [33], [72]. In [44],

Lorch et al. use predictive models to estimate future load and create a power schedule.

Unfortunately, the CPU currently contributes less than 50% to overall system power [8],

thus we focus on whole system power management.

Virtual machines can be used to dynamically add or remove machines in response to change

in load. Several recent papers have used machine learning to dynamically provision virtual

machines while maintaining quality of service goals [10], [39]. Virtual machines take min-

utes to boot or migrate and introduce performance overheads. In contrast to this work we

operate at a granularity of seconds, giving us more agility in dealing with sharp changes in

request rate.

2.3.1 Web Server Clusters

Several papers have proposed putting machines to sleep. PowerNap [46] models how

quickly servers would have to transition in and out of sleep states to achieve energy propor-

tionality on web and other workloads. The authors find that a transition time of under 10ms
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is required for significant power savings, unfortunately, sleep times on current servers are

two orders of magnitude larger. In contrast, we build a power power proportional cluster

with current hardware by using predictive provisioning. Chase et al. [15] propose an eco-

nomic model for allocating resources in a hosting center and putting unused servers into

sleep states. A key difference is that our provisioning algorithm explicitly optimizes for

energy efficiency utilizing a heterogeneous cluster. We find this heterogeneity essential for

obtaining large energy savings with acceptable performance. Gong et al. [16] also trade

off user experience with energy usage in the data center. Their work specifically deals with

long lived connections as in instant messengers while we concentrate on short lived request-

response type of workloads. Pinheiro et al. [55] apply dynamic provisioning strategies to

web clusters. However the use of a heterogeneous set of server types and power states that

have fast transition times allow us to handle load spikes much better. Finally, we recre-

ate a cluster against a real production class application (Wikipedia) and also evaluate the

tradeoffs between user experience and energy usage on traces captured on the Wikipedia

servers.

Recent work by Andersen et al. [3] has proposed using embedded processors for reducing

energy consumption in I/O based workloads. We also believe that embedded and mobile

processors have a place in the data center, however, we consider a broader class of work-

loads which cannot be run exclusively on embedded systems. Chun et al. [20] make the case

for hybrid data centers with the observation that some applications have significantly differ-

ent performance per watt on different platforms. We agree with this vision and we measure

a substantial energy savings when using a heterogeneous cluster over a homogeneous one.

20



2.3.2 Parallel Computation Frameworks

Prior work includes both energy-efficient MapReduce schemes as well as strategies that

apply to other workloads.

Energy Efficient MapReduce

Existing energy efficient MapReduce systems fail to meet all the requirements in Table 2.2.

We review them here.

The covering subset scheme [41] keeps one replica of every block within a small subset of

machines called the covering subset. This subset remains fully powered to preserve data

availability while the rest is powered down. Operating only a fraction of the cluster de-

creases write bandwidth, write capacity, and the size of available memory. More critically,

this scheme becomes unusable when error correction codes are used instead of replication,

since the covering subset becomes the whole cluster.

The all-in strategy [40] powers down the entire cluster during periods of inactivity, and runs

at full capacity otherwise. Figure 2.3 shows that the cluster is never completely inactive.

Thus, to power down at any point, the all-in strategy must run incoming jobs in regular

batches, an approach we investigated in [19]. All jobs would experience some delay, an

inappropriate behavior for the small, interactive jobs in the MIA workload (Table 2.1).

Green HDFS [38] partitions HDFS into disjoint hot and cold zones. The frequently ac-

cessed data is placed in the hot zone, which is always powered. To preserve write capacity,

Green HDFS fills the cold zone using one powered-on machine at a time. This scheme is

problematic because the output of every job would be located on a small number of ma-

chines, creating a severe data hotspot for future accesses. Furthermore, running the cluster

at partial capacity decreases the available write bandwidth and memory.
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Desirable Property Covering subset [41] All-In [40] Hot & Cold Zones [38] BEEMR
Does not delay interactive jobs 4 4 4

No impact on write bandwidth 4 4

No impact on write capacity 4 4 4

No impact on available memory 4 4

Does not introduce data hot spots
nor impact data locality

4 4 4

Improvement preserved when using
ECC instead of replication

4 4 4

Addresses long running jobs with
low parallelism

Partially

Energy savings 9-50%1 0-50%2 24%3 40-50%

Table 2.2. Required properties for energy-saving techniques for Facebook’s MIA work-
load. Prior proposals are insufficient. Notes: 1 The reported energy savings used an energy
model based on linearly extrapolating CPU utilization while running the GridMix through-
put benchmark [31] on a 36-node cluster. 2 Reported only relative energy savings compared
with the covering subset technique, and for only two artificial jobs (Terasort and Grep) on a
24-node experimental cluster. We recomputed absolute energy savings using the graphs in
the paper. 3 Reported simulation based energy cost savings, assumed an electricity cost of
$0.063/KWh and 80% capacity utilization.

[]

The prior studies in Table 2.2 also suffer from several methodological weaknesses. Some

studies quantified energy efficiency improvements by running stand-alone jobs, similar

to [59]. This is the correct initial approach, but it is not clear that improvements from stand-

alone jobs translate to workloads with complex interference between concurrent jobs. More

critically, for workloads with high peak-to-average load (Figure 2.3), per-job improvements

fail to eliminate energy waste during low activity periods.

Other studies quantified energy improvements using trace-driven simulations. Such simu-

lations are essential for evaluating energy efficient MapReduce at large scale. However, the

simulators used there were not empirically verified, i.e., there were no experiments compar-

ing simulated versus real behavior, nor simulated versus real energy savings. Section 4.4.8

demonstrates that an empirical validation reveals many subtle assumptions about simula-

tors, and put into doubt the results derived from unverified simulators.
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These shortcomings necessitate a new approach in designing and evaluating energy efficient

MapReduce systems.

Energy Efficient Web Search-Centric Workloads

MIA workloads require a different approach to energy efficiency than previously considered

workloads.

In web search-centric workloads, the interactive services achieves low latency by using data

structures in-memory, requiring the entire memory set to be always available [47]. Given

hardware limits in power proportionality, it becomes a priority to increase utilization of

machines during diurnal troughs [6]. One way to do this is to admit batch processing to

consume any available resource. This policy makes the combined workload closed-loop,

i.e., the system controls the amount of admitted work. Further, the combined workload

becomes more predictable, since the interactive services display regular diurnal patterns,

and with batch processing smoothing out most diurnal variations [6], [28], [47].

These characteristics enable energy efficiency improvements to focus on maximizing the

amount of work done subject to the given power budget, i.e., maximizing the amount of

batch processing done by the system. Idleness is viewed as waste. Opportunities to save

energy occur at short time scales, and requires advances in hardware energy efficiency and

power proportionality [6], [9], [25], [28], [46], [47], [65].

These techniques remain helpful for MIA workloads. However, the open-loop and unpre-

dictable nature of MIA workloads necessitates additional approaches. Human initiated jobs

have both throughput and latency constraints. Thus, the cluster needs to be provisioned for

peak, and idleness is inherent to the workload. Machine-initiated batch jobs can only par-

tially smooth out transient activity peaks. Improving hardware power proportionality helps,

but remains a partial solution since state-of-the-art hardware is still far from perfectly power
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proportional. Thus, absent policies to constrain the human analysts, improving energy ef-

ficiency for MIA workloads requires minimizing the energy needed to service the given

amount of work.

More generally, energy concerns complicate capacity provisioning, a challenging topic with

investigations dating back to the time-sharing era [4], [5], [62]. This paper offers a new

perspective informed by MIA workloads.
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Chapter 3

Front-End Web Services Study

In this chapter, we present the design, implementation, and evaluation of a power-aware

cluster manager called NapSAC which performs Server Actuation and Control on a hetero-

geneous set of machines. It dynamically provisions enough machines to serve the requested

load with just enough headroom to accommodate the bursts and allow for re-provisioning

to increased demand. NapSAC energy consumption is proportional to the work performed

at essentially a Joule per request, despite large variation in the request rate, while static

provisioning is only efficient near the peak load. Furthermore, the fine-grained, slight over

provisioning required to track the load without incurring a significant congestion penalty is

small compared to the worst-case provisioning used in capacity planning.

The system architecture of NapSAC is described in Section 3.1. It employs a master-worker

pattern where the master is responsible for load management. The master manages the

power state of the workers and to assign work in a manner that is consistent with its power

provisioning. Section 3.2 describes our implementation using mechanisms available on

current platforms. We explain our evaluation methodology in Section 3.3 Section 3.4 con-

tains our results. We first perform an empirical analysis of typical platforms to establish
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the critical parameters and trade-offs that guide the scheduling and provisioning algorithms

(Section 3.4.1). As of 2010, leading server products do not actually support going into

standby and resuming, other than by actuating the AC power line, so we examine the use of

desktop, mobile, and even embedded platforms for use in service applications. The Wake-

on-LAN and low-power sleep states available on these platforms are sufficient mechanisms

for this design. Sections 3.4.2 through 3.4.4 explore the key axes of the system design

space, including prediction and provisioning algorithms, through simulation driven by a

production Wikipedia workload. We use the results from this exploration to set parameters

in the cluster manager We then evaluate the full system via simulation in Section 3.4.5 We

find that under the 2x provision rule we are able to achieve 90% of the savings that a ideal

optimal scheme would achieve. Lastly, we validate these results using a prototype cluster

built from Atom-based mobile platforms Section 3.4.6. With our design we are able to re-

duce energy consumption while maintaining acceptable response times for a web service

workload based on Wikipedia.

3.1 NapSAC Architecture

NapSAC follows a conventional n-tier Internet service architecture. A large number of

clients interact with a web server tier through a load balancing switch. The web server tier

is supported by a collection of application servers, which provide dynamic content. Lastly,

there is a upon a back-end storage tier, e.g., database servers or a SAN, for persistent data

storage [14]. Typically, the front-end servers have large memories for caching, along with

local storage. The resources devoted to each tier are sized according to a capacity plan that

is based on historical and anticipated workload.

NapSAC augments this general architecture with a cluster manager, as shown in Figure 3.1.

The cluster manager coordinates the individual servers to achieve cluster-level power pro-
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Figure 3.1. NapSAC architecture. We add a cluster manager to the standard multi-tier In-
ternet service architecture. The cluster manager interacts with the load manager to measure
and predict incoming load. Based on its prediction, it provisions a number of servers by
keeping them active. The rest are put to sleep. The cluster attempts to minimize the servers
needed awake by coalescing the workload onto the smallest number of machines possible,
and transition the rest to sleep.

portionality. It does this by lowering cluster power consumption during periods of low

load, transitioning subsets of front-end servers to low-power sleep states while minimally

impacting performance. It seeks to deliver the performance of a fully-powered cluster of

the same resources but with less energy consumption. More sophisticated policies might

use these capabilities to obtain a specific target power consumption profile with minimum

degradation of service.

We note parenthetically that with NapSAC the back-end storage tier machines remain

active at all times to provide availability to all of the data. However, in many web service

clusters, including Wikipedia, upon which this study is based, the number of front-end

servers greatly exceeds the number of storage servers, thereby accounting for the largest

proportion of wasted power [73]. Thus, for improving energy efficiency in such clusters,

focusing on the front-end servers is most important.

The cluster manager monitors the stream of incoming requests through the load balancer

to compute the current load on the cluster and predict future load. It uses this information

to determine the minimum set of front-end machines that must be in service. When load is

low, exceeded by the processing capacity of the currently active servers, the cluster manager
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puts the unneeded servers into a low-power sleep state. When load increases beyond the

capacity of the currently active servers, it wakes up servers. As indicated by the shading

in Figure 3.1, the servers may be either awake, sleeping or in transition; those in transition

may be spinning up and not yet serving requests, or going to sleep after completing current

requests. The cluster manager maintains a map of the power state of the nodes and directs

the load balancer to send requests to active nodes. To enable the manager to command

nodes to transition from one power state to another, nodes are augmented with a daemon

that processes sleep and wake-up commands from the cluster manager. Wake-up is triggered

by Wake-on-LAN or similar facilities [42].

Our algorithms are equipped to deal with a heterogenous set of nodes, to take advantage of

the strengths of different classes of machines. We consider three classes: server, mobile, and

embedded Each class has different power demands, processing capacity, ramp up times, and

peak efficiencies. Server-class machines consume a lot of power, but tend to be efficient at

peak utilization. However, they often lack the kinds of agile, low-power sleep states found

in mobile hardware. This means that to save power, they must be turned off, and turning

them back on when they are needed can take a long time, on the order of a minute. On

the other hand, mobile-class machines have low power consumption and can transition in

and out of low-power states very quickly, however, they are not always more efficient at

peak utilization. Lastly, embedded hardware is often very efficient, but has much lower

processing capacity. These trade-offs suggest that the provisioning algorithm should select

different nodes based on the workload. For example, large servers should be used to handle

long lasting “base load”, while the mobile systems that can be brought up quickly can be

used to handle short workload bursts.

The main challenge is to maintain just enough capacity to handle spikes and increases in

the average load, given that it takes time to spin up new servers. Doing this involves rate

prediction and provisioning, which is performed at an interval of pwnd seconds. The clus-
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ter manager starts with estimates of (1) the processing capacity of each front-end server,

and (2) the amount of time it takes a server to transition out of a low-power state. These

estimates are based on past history, measurement, or configuration The processing capac-

ity of each server is described both by a target operating point and a maximum capacity

constraint. Typically, the target operating point of a node is at approximately half of the

maximum processing rate that a node can deliver effectively. The cluster manager uses its

rate prediction algorithm to estimate what the load will be pwnd seconds into the future. It

is important that pwnd be no less than the amount of time it takes to spin up a new node

into an active power state, to avoid a situation in which the amount of load exceeds the

cluster capacity. The cluster manager attempts to maintain the invariant that the aggregate

operating capacity is equal to the predicted load one ramp time ahead, or equivalently that

the maximum capacity is twice this amount.

3.1.1 Prediction

Rate prediction is used to hide server ramp-up latency to minimize the impact of power

management on performance. By predicting the request rate we can bring up systems ahead

of when they become necessary. Some possible prediction algorithms include:

Last Arrival (LA) predicts all future values to be the request rate seen in the last second.

This is equivalent to an “on demand” algorithm which brings up nodes only after a

violation.

Moving Window Average (MWA) computes the average request rate over the last ‘α’ sec-

onds. Extrapolation is done by averaging in the request rate over the last second.

Exponentially Weighted Average (EWA) maintains a weighted average over all request

history rate = α old rate+ (1− α) current rate. A rate n seconds in the

future is obtained by averaging in the request rate of the last second n times.

29



NapSAC uses an EWA prediction algorithm with an α value of 0.95. We evaluate this

choice in 3.4.2.

3.1.2 Provisioning

The provisioning algorithm must keep enough machines awake such that, if they are utilized

at their target operating point, they will be able to handle the load predicted within pwnd.

The provisioning algorithm uses a knapsack algorithm to select the set of servers to bring

up for the predicted workload. For all available systems, the algorithm predicts the load at

the time each system could be ramped up. It uses a bin packing algorithm to choose a set

of machines, weighted by their efficiency, such that the sum of the system operating points

is above the predicted load. This maximizes system utilization while preferring the most

efficient systems. Finally, the algorithm subtracts out systems that are already active or

have been previously selected to turn on. Any systems still remaining in the list are brought

up. The full startup algorithm is shown in Listing 3.1. The shutdown algorithm, shown in

Listing 3.2 is largely analogous, but more conservative in turning systems off. It computes

the maximum set of machines for all prediction windows. If the current set of nodes is a

superset of this, then the excess nodes are turned off. By default, we run these provisioning

algorithms every second. Other provisioning intervals are explored in Section 3.4.4

Listing 3.1. Provisioning new servers to handle increased load.

f o r s e r v t y p in s e r v t y p e s :

rampt ime = s e r v t y p . rampt ime

# p r e d i c t and s t a r t s e r v e r s

p red = p r e d i c t l o a d ( now + rampt ime )

c l u s t e r = m a k e c l u s t e r ( p r ed )

− c u r r e n t c l u s t e r

− nodes waking up in t ime

s t a r t s e r v t y p s e r v e r s in c l u s t e r
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Listing 3.2. Putting unneeded servers into a low-power state when load decreases.

f o r s e r v t y p in r e v e r s e ( s e r v e r t y p e s ) :

rampt ime = s e r v t y p . rampt ime

m a x c l u s t e r = e m p t y c l u s t e r

f o r t in r a n g e ( 1 , rampt ime ) :

p r ed = p r e d i c t l o a d ( now + t )

t m p c l u s t e r = m a k e c l u s t e r ( p r ed )

m a x c l u s t e r = max ( m a x c l u s t e r , t m p c l u s t e r )

t m p c l u s t e r = c u r r e n t c l u s t e r − m a x c l u s t e r

t u r n o f f s e r v e r s in t m p c l u s t e r

3.1.3 Example Behavior

The operation of NapSAC is illustrated in Figure 3.2. The figure also shows a static pro-

visioning line, based on traditional, power-oblivious capacity planning, across the top for

comparison. In this example, the load is initially constant. The predictor estimates that this

rate will continue, so the manager decides that the active nodes provide adequate head room

and distributes requests over the active nodes. Then the request rate begins to increase. A

relatively stable estimator is used, so the predicted rate lags the instantaneous rate during

this increase. The algorithm is operating on-line, so it cannot tell whether the increase is

a transient burst or a change in trend. Either way, the increase is absorbed by headroom

maintained by the provisioning algorithm. For a short period, the instantaneous demand is

within the active capacity, but then predictor indicates that the demand will exceed the op-

erating capacity within pwnd. Thus, the cluster manager initiates the wake up of a sleeping

node. By the time this node has come on-line and the available capacity has increased, the

instantaneous load has also increased. Sufficient headroom is available for a short period,

and eventually additional resources are brought on-line until the full capacity of the clus-

ter is used. Since we assume that the cluster has been provisioned to handle such peaks,
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Figure 3.2. Example of the power-proportional NapSAC cluster in action: Initially, load is
constant at 40 requests per second. At 200 seconds (A), request rate increases. At 225 sec-
onds (B), demand is predicted to exceed the operating capacity within pwnd, so the cluster
manager activates a sleeping node. As load increases, it is absorbed the capacity headroom
left by the cluster manager, until more nodes are brought online. As load decreases be-
low the aggregate capacity of the cluster, nodes are transitioned back into low-power sleep
states.

we do not consider what happens when the full cluster capacity is exceeded. As demand

decreases, machine utilization falls, decreasing efficiency. When the load is below the ag-

gregate operating point of the cluster minus one node, a node is spun down. Future requests

are distributed over the remaining active nodes. When the last pending request completes,

the node informs the cluster manager and puts itself to sleep.

3.2 Implementation

Our implementation of NapSAC is shown in Figure 3.3. The cluster consists of 16 Atom

nodes, 8 Beagleboard nodes, and 4 Nehalem nodes. We evaluate these platforms in Sec-
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Figure 3.3. A photograph of the actual cluster including the 16 Atom back-end nodes
and the Core 2 Duo that hosts both the cluster manager and the load balancer. (The 8
Beagleboards and 4 Nehalem nodes are not pictured here.)

tion 3.4.1. These nodes sit on a 10 Gbps switch behind our cluster manager and load

balancer, which runs on Intel Core 2 Duo-based desktop hardware. All of the cluster nodes

run Linux; the servers with a patch to disable ARP, as explained below.

We explore the use of three classes of machines in our implementation: server, mobile, and

embedded. In the server class, we evaluate a high-end machine with a Nehalem architecture

quad-core Intel Xeon X5550. The mobile class platform is a dual-core Intel Atom 330. Fi-

nally, the embedded system is an ARM-based Beagle Board. Although our cluster contains

machines from each class, our whole-cluster prototype evaluations center primarily upon

the mobile-class platform. This is because it is easier to see their power and performance

contribution when added or removed from a cluster than the low-power, low-performance

embedded system, and the server-class nodes do not support sleep states.

Each node in our cluster, except the load balancer and cluster manager, runs the web server
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Lighttpd. In our implementation, all of the servers and the load balancer share an IP address.

However, the servers are modified so that only the load balancer responds to ARP requests

for the IP address, ensuring that all traffic destined for the system will pass through it. Thus

when a new request arrives from a client, the load balancer chooses an application server

from the pool of machines specified by the cluster manager and forwards the request in an

Ethernet frame addressed to that application server. Then, the response is sent directly from

this chosen application server back to the client.

For the load balancer software we use the low-level software-based Linux Virtual Sever

(LVS) [75]. LVS has a direct routing mode where it forwards packets at the Ethernet layer;

this way it can support a large number of connections and is oblivious to packet contents.

LVS worked well for our purposes with one exception: the process of frequently adding

and removing machines from the set of machines to load balance among caused the load

balancer to lock up after several iterations. We suspect this is due to a bug in LVS which is

probably not frequently encountered. We explain our temporary workaround in Section 3.2.

The cluster manager runs on the same machine as the load balancer, although this is not

necessary. The manager uses the MWA predictor with α = .95. Provisioning is done every

1 second, with an over provisioning factor of 30%.

Our implementation currently supports two web service applications for the purposes of

evaluation. The first is a simple CPU-intensive PHP application, and the second is Me-

diaWiki. We configure MediaWiki to serve a snapshot of Wikipedia, which implements

the three-tier architecture typical of web service applications. Wikipedia makes ample use

of caching, using front-end Squid reverse web cache servers, distributed memory cache

memcached, PHP bytecode caches, and database caches. Wikipedia also uses several LVS

servers for load-balancing. The application servers run the MediaWiki application using a

PHP interpreter. A PHP accelerator is also used to cache the PHP byte code. A snapshot

of Wikipedia data is stored in a central MySQL database accessible to all of the application
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servers. To host the back-end database, we use one Nehalem running a MySQL server con-

taining a full copy of the English Wikipedia article data, totaling approximately 22 GB. The

application servers also maintain a local disk cache of the recently accessed content. In par-

ticular, they each use a PHP bytecode cache called APC, along with the built-in MediaWiki

FileCache, instead of memcached or dedicated Squid servers.

3.3 Evaluation Methodology

We evaluate our design through experiments on our prototype implementation as well as

a simulator. We first evaluate the hardware platforms from which our prototype is con-

structed. We use data gathered from these evaluations to feed into our simulator. With the

simulator, we explore several different rate prediction and provisioning schemes in detail to

evaluate trade-offs. Then, we test the performance of the entire system using our prototype

driven by a real-world trace from Wikipedia.

3.3.1 Simulator

The simulator models a cluster with an arbitrary number of compute nodes. For each com-

pute node it has a performance model and a power model. We construct the simulator

performance model empirically by running a sample workload on the real hardware de-

scribed in Section 3.1 and Section 3.4.1. The performance model describes the maximum

sustainable request rate for a given type of request. We consider any requests sent at a

higher rate as “violations” because on a real system they may have response times that vi-

olate the desired maximum latency. We also maintain a power model for each node which

consists of the system power states and system efficiency. This includes idle power, peak

power and sleep states as shown in Table 3.1. There are also power states for transitions
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such as “going to sleep state” and “resuming from sleep.” These states are active for a fixed

amount of time corresponding to the wake up and sleep times of the machines.

The simulator inputs a request trace with timestamp and request type. Each request is

assigned to an active node in the virtual cluster according to the scheduling algorithm.

For web requests this is done using a weighted round-robin algorithm where machines

receive requests in proportion to their maximum request rate. If a node is assigned requests

faster than its maximum request rate, the excess requests are marked as “violations.” A

provisioning algorithm is run at a fixed interval to reconfigure the cluster. This updates

the power states of nodes in the cluster, potentially putting systems into transition states.

Internally, the simulator maintains an event queue which is executed at fixed time steps

for efficiency reasons. This is necessary for quickly executing week-long traces consisting

of over a billion requests. The request trace we use for evaluation is a 7 day HTTP log

consisting of a 10% sample of the total Wikipedia.org traffic [69].

3.3.2 Prototype

We evaluate both the hardware platforms we use for the individual nodes from which our

cluster is constructed, as well as the operation of the cluster as a whole.

Individual Nodes

In our evaluation of hardware platform, we measured energy efficiency, agility, overall

performance, and total power consumption.

Efficiency. Informally, one key feature of a good platform is one that can process a large

number of requests per unit energy expended. Thus, our metric of energy efficiency is

Joules per successful web request, where a successful web request is one whose response

time is 300 ms or less.
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Agility. The ideal platform would also be agile, meaning it would have a fast ramp rate.

The ramp rate is how quickly a node can transition between an active state and an idle

low-power sleep states; we measure this as well.

Power. To measure power consumption, we used a power meter to collect and sum the

instantaneous power readings once a second throughout the duration of each test.

Performance. To measure performance, we use a PHP application that performs some

CPU-intensive task on each request. In a full production system, this script would be re-

placed by the access of a back-end database server. However, we use this simple replace-

ment for node characterization so that there is no possibility of the database server being a

bottleneck.

Entire Cluster

To evaluate the cluster as a whole, we use two different workloads. For the first, we design

a request trace that emulates the trace used in the simulator, so we can verify that our

simulator matches the behavior of the cluster and vice-versa. This trace runs against the

simple CPU-intensive PHP application. The second workload we use is subsampled from

a real two-day Wikipedia trace and runs against MediaWiki. We compress the timescale

down to approximately 20 minutes to obtain the workload shown in Figure 3.12. This

subsampling is necessary because we are constrained by the number of actual nodes in our

cluster; to run the full trace we would require approximately 200 Atoms.

In order to generate enough traffic to saturate the cluster, we found it necessary to implement

our own load generation software. Many existing load generators either depend upon the

select() call which does not fare well with a large number of open sockets or use a

distributed load generation framework. The distribution of load generation resulted in time

synchronization issues which we found to be an issue when attempting to replay traces.
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Our software instead uses the efficient epoll/libevent mechanism for generation and

handling of network requests.

To our knowledge, at the time of our experiments, no commodity servers supported S-states,

which we use in our design for putting nodes to sleep. In particular, the Nehalem servers

do not support S-states. Thus, our first working implementation uses mostly Atoms.

Lastly, to address the LVS bug mentioned in Section 3.2 we use a temporary workaround

that requires reloading the LVS kernel modules. This results in a few anomalous data points

but these are quite easy to detect and explain, as will be shown in the next section.

3.4 Results

In this section, we evaluate our design using a combination of simulation and experiments

on our prototype cluster. We begin by examining the nodes from which our prototype

is constructed. We then evaluate the prediction and provisioning algorithms used by the

cluster manager. Lastly, we test the operation of the design as a whole, first on the simulator,

then validating these results on our real cluster.

3.4.1 Hardware

In the server class, we evaluate a high-end machine with a Nehalem architecture quad-core

Intel Xeon X5550. This server has high power consumption, with a maximum power use of

248W and idle power use of 149W. Like nearly all commercially available servers, it has no

support for low-power S-states, so its only available low-power state is when it is powered

off. The time it takes the machine to power back on and resume all necessary services is

approximately 60 seconds.

The mobile class platform is a dual-core Intel Atom 330, which supports both suspend-to-
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Peak
Power

Idle
Power

Power
in S3

Wake
Time from

S3

Wake
Time from

Off

Max Request
Rate

Min Energy
per Response

Server 248 W 149 W - - 60s 310 req/s 0.6 J/resp
Mobile 28 W 22 W 1W 2.4s 40s 28 req/s 1.0 J/resp
Embedded 3.4 W 3.4 W - - 33s 3 req/s 1.1 J/resp

Table 3.1. We evaluate each of three different classes of hardware platforms: server, em-
bedded, and mobile. We measured peak, idle, and low-power sleep state (S3) power con-
sumption, the time it takes for each to transition into and out of this low power state, the
maximum rate of requests each can sustain before latency begins to grow unbounded, and
the minimum number of Joules required to service a request.

RAM (S3) and suspend-to-disk sleep states, can be brought out of S3 in 2.4 seconds, and

can be powered on in 40s. This system uses 28W when fully utilized, 22W when idle, and

1W in S3. These low-power states and fast transition times make it agile and an asset to a

cluster turning machines on and off.

Finally, the embedded system is an ARM-based Beagle Board, which only consumes 3.4

Watts, whether fully utilized or idling. While it does not support low-power S-states, the

system’s power usage could be further reduced by enabling power management, though we

did not. The embedded system requires 33s to fully power on and resume services.

The results for each node are summarized in Table 3.1.

To test the efficiency and performance of each node, we send 1000 web requests to the

server under test at a constant rate. The requests go to our CPU-intensive PHP script. We

send requests at higher and higher rates until we find the saturation point, or knee, after

which individual response times increase exponentially.

Figures 3.4, 3.5, and 3.6, show efficiency along with response time as load increases. These

figures allow us to identify the ideal operating range for each node, which we provide

as parameters to our simulator and cluster manager. In the ideal operating range, also

highlighted in the figures, nodes achieve both low Joules per response and low latency. At

levels of load below this ideal range, efficiency is poor. Requests arrive sparsely and thus
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Figure 3.4. Server class hardware platform. We measured the energy efficiency and re-
sponse times at increasing request rates for a Nehalem server. We highlight the ideal oper-
ating range (in terms of request load sustained) where the platform achieves both request
latencies and low Joules per request, corresponding to better efficiency. The operating range
here is approximately 75 to 310 requests per second.

are all easily handled by the under-utilized CPU. As load increases, requests can still be

serviced in a reasonable time, leading to higher efficiency. But at high levels of load, the

processor becomes saturated and response times spike dramatically. This saturation point

thus marks the uppermost bound on the ideal operating range.

The high-end server has an operating range of 75 to 310 requests per second. The mobile

node has an operating range of 7 to 28 requests per second. The embedded node has a range

of 1 to 3 requests per second. Interestingly, despite very different processing capacities, the

three different types of nodes exhibit comparable energy efficiency within this operating

range, consuming around 1 Joule per response.

While the traditional operating set point is 50% of a node’s maximum capacity, these results
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Figure 3.5. Mobile class hardware platform. We measured the energy efficiency and re-
sponse times at increasing request rates for an Atom-based board. We highlight the ideal
operating range (in terms of request load sustained) where the platform achieves both re-
quest latencies and low Joules per request, corresponding to better efficiency. The operating
range here is approximately 7 to 28 requests per second.

suggest that in practice, this set point is tunable over a wide range of rates. The operating

range creates a guard band which allows deviations from the set point while still maintain-

ing good response times and energy efficiency. Operating at the lower end of the ideal range

can lead to over provisioning since machines are treated as if they can handle only a small

fraction of their actual maximum capacity. This route is the most conservative, with a mod-

erate power penalty and greater guarantees against high latency. Operating at higher ends

of the ideal range lead to less over provisioning and greater efficiency, but incurs a higher

risk of service degradation. If the operating set point is too aggressively, the computing

resources may actually be under provisioned, causing violations when unexpected spikes

in the workload force machines beyond their maximum request capacity. Large increases

in response times can also causes a drop in energy efficiency, so it is critical to avoid over
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Figure 3.6. Embedded class hardware platform. We measured the energy efficiency and
response times at increasing request rates for a BeagleBoard. We highlight the ideal oper-
ating range (in terms of request load sustained) where the platform achieves both request
latencies and low Joules per request, corresponding to better efficiency. The operating range
here is approximately 1 to 3 requests per second.

saturating the system. These results demonstrate that the choosing a proper operating set

point turns out to be a crucial step in having an energy efficient system.

3.4.2 Rate Prediction

Next, we evaluate the three rate predictors mentioned in Section 3.1. We also briefly con-

sidered a predictor that extrapolates the current rate of change of the request rate, but found

that it performs very poorly because it is extremely sensitive to transient spikes. For each

predictor, we evaluate its accuracy using a week-long Wikipedia trace. At each time step t

in the trace we use a predictor to predict the value n seconds in the future; we compare this

to the actual rate at time t + n. We show the root mean square error of these predictions
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Figure 3.7. We compare rate predictors based on the root mean squared prediction error over
a one-week request trace. For our predictors, we try three different kinds of moving window
averages, with varying α values, which control how much history the predictor takes into
account. These prediction algorithms are given in detail in Section 3.1. An exponentially
weighted average with high values of α performs best.
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Heterogenous provision
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Figure 3.8. We run a week-long Wikipedia trace-driven workload against NapSAC , operat-
ing on a heterogenous cluster consisting of server- and mobile-class nodes, as well as over
homogenous clusters consisting of either type individually. We measure both efficiency in
terms of Joules per request as well as performance in terms of the number of violations,
or responses returned in excess of 300 ms. The agile, mobile-class cluster performs the
best in both dimensions, showing that using smaller, agile nodes helps, despite their lower
processing capacity.

normalized by the mean request rate in Figure 3.7. These values can be interpreted as a

measure of the typical error of the predictor as a percent of the average request rate. We

also consider different α values for the predictors. We see that all averaging algorithms per-

form similarly well, with errors of less than 4% of the mean. Using more history, a larger α

value, improves the prediction. Overall, the exponential weighted average with an α value

of 0.95 is found to perform best for long prediction windows.
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3.4.3 Provisioning Algorithm

We evaluate our provisioning algorithm using two metrics: energy efficiency and number

of violations. The efficiency is a measure of how well NapSAC is saving energy. It is

measured in Joules per request; lower numbers indicate more energy savings. Violations

are used as a proxy measure of performance impact. They indicate that server capacity

has been temporarily exceeded and some of the requests may incur excess latency due to

queuing. Violations occur when a sudden burst of requests exceed the maximum capacity

of the cluster nodes. Hence there is a trade-off between the aggressiveness of the power

management and the number of violations that occur. We tune the aggressiveness of our

provisioning algorithm by setting the operating point of each node to a fraction of the max-

imum capacity. This over provisioning ensures that some bursts can be absorbed without

impacting performance.

We experiment with both a mix of heterogeneous platforms rather as well as a single type

of node. We simulate the operation of NapSAC over each type of cluster over a week-long

Wikipedia trace. Figure 3.8 compares a mixed cluster of Atom and Nehalem machines to a

homogeneous cluster of either one individually, using the provisioning algorithms described

above with a 1 second provisioning interval. For each configuration we use a range of over

provisioning from 100% to 0%, shown along the length of the curve. Each over provisioning

setting gives us an efficiency and a number of violations over the request trace. 100%

over provisioning is shown in the upper left, indicating poor efficiency but no violations

and 0% over provisioning occurs in the lower right. For 0.1% violations the Nehalem

only cluster requires substantially more over provisioning and has worse efficiency than the

heterogeneous and atom only clusters. Moreover, as we decrease the over provisioning,

the efficiency of the Nehalem cluster does not significantly improve, but the number of

violations increases. This occurs because the less agile Nehalem nodes cannot keep up with
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Figure 3.9. We run NapSAC on a cluster of mobile-class nodes while experimenting with
different values for the provisioning window (pwnd). We measure both efficiency in terms
of Joules per request as well as performance in terms of the number of violations, or re-
sponses returned in excess of 300 ms. Smaller provisioning windows are better.

higher frequency load spikes. Overall, we see that using the more agile Atom nodes, alone

or in combination with the Nehalems leads to better efficiency and fewer violations. For all

subsequent comparisons we simulate a heterogeneous cluster.

3.4.4 Provisioning Interval

The provisioning algorithm is executed at regular intervals of size pwnd to reconfigure the

cluster. Figure 3.9 shows the effects of running at different provisioning intervals. We

consider a range of over provisioning factors from 10% to 230%, shown along the length of

the curve. Provisioning intervals under 10 minutes all perform comparably and much better
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Figure 3.10. We simulate running a week-long Wikipedia trace-driven workload against
our NapSAC cluster using the best settings from previous experiments. We compare this
against a static provisioning scheme. We measure the request rate, provisioned capacity,
power consumption, efficiency, and violations over the duration of the experiment. Nap-
SAC efficiency is relatively constant and does not vary with request rate, meaning the
cluster is indeed power proportional. Further, we witness relatively few violations.

than a pwnd of one hour. Higher provisioning rates lead to lower violations and less over

provisioning.

3.4.5 Efficiency and Performance

We now use our simulator to compare our cluster manager to (1) a baseline static provi-

sioning scheme and (2) an oracle scheme. For the static scheme, the cluster is sized using

the rule-of-thumb of provisioning for twice the peak load observed in the trace. For the
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Figure 3.11. We simulate running a week-long Wikipedia trace-driven workload against
our NapSAC cluster using the best settings from previous experiments. We compare this
against a static provisioning scheme and an oracle scheme which has perfect knowledge
of the future. We measure the amount of energy each scheme saves for varying amounts
of over provisioning. NapSAC comes to within 90 percent of the savings attained by the
oracle scheme with only 10 percent over provisioning, vastly out-performing traditional,
static provisioning.
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oracle scheme, we assume an omnipresent cluster manager that can see the future and keep

the minimum number of nodes needed to handle the load active at any time. We configure

NapSAC using the best performing settings from the previous experiments. For rate pre-

diction, use EWA with α = .95. We also use a heterogeneous cluster and a provisioning

interval of 1 second.

We simulate this system running on a two-week production trace from Wikipedia. Fig-

ure 3.10 shows how the cluster is provisioned over time, along with the energy efficiency

achieved. The efficiency of our dynamic algorithm is fairly constant and generally indepen-

dent of of the workload. Figure 3.11 summarizes our energy savings at different levels of

provisioning. NapSAC consistently saves over half of the energy consumed by the base-

line static provisioning scheme. At ten percent provisioning, we have only 0.15 percent

violations and we achieve more than 70 percent power savings. Moreover, we are within 90

percent of the oracle.

3.4.6 Validation

Lastly, we evaluate NapSAC using our prototype. We run our subsampled, two-day

Wikipedia trace against our cluster and measure the resulting efficiency as well as viola-

tions.

The results of this experiment are shown in Figure 3.12. NapSAC is again able to provision

to closely follow the load to maintain efficiency without any violations. Response times

remain well under 200 ms, discounting the handful of anomalous cases due to the LVS

reload bug. Moreover, the efficiency attained by the NapSAC cluster comes close to the

maximum achievable efficiency of the underlying nodes. This demonstrates NapSAC can

achieve power proportionality in a real-world setting.

49



(a) Workload tracking

(b) Response times

(c) Efficiency

Figure 3.12. We ran a two-day Wikipedia trace-driven workload against our real, Nap-
SAC power proportional cluster, measuring request rate, provisioned capacity, power con-
sumption, violations, and efficiency. We see that these results closely match those of the
simulator. Efficiency remains relatively constant throughout the experiment, showing that
our cluster is indeed power proportional. Moreover, it achieves this without incurring any
performance violations.
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Chapter 4

Parallel Computation Framework

Study

In this chapter, we present BEEMR, an energy efficient MapReduce system motivated by

the real-life Facebook workload described in Chapter 2. In that chapter, we provided an

analysis of a Facebook cluster trace to quantify the empirical behavior of a MIA workload.

In this chapter, we will see how that analysis factors into our design. BEEMR combines

novel ideas based this empirical data with existing MapReduce energy efficiency mecha-

nisms. We detail the BEEMR architecture in Section 4.1. We also developed an improved

evaluation methodology to quantify energy savings and account the complexity of MIA

workloads. This methodology is described in Section 4.3 and the implementation Sec-

tion 4.2. We evaluate the various parameters of our system and present energy efficiency

results in Section 4.4. In particular, we examine the effect of cluster size, batch interval

length, per-job task slots, map to reduce ratio, and interruptible threshold value in Sec-

tions 4.4.1 through 4.4.5. We then evaluate the overhead and sensitivity of BEEMR in

Sections 4.4.6 and 4.4.7. Lastly, we validate that the results of from our simulation can be
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obtained in real-life using EC2. These results are presented in 4.4.8. With MIA workloads

run on BEEMR, we show energy savings of 40-50%. This represents a step towards both

highlighting and improving the energy efficiency of a demanding, real-world use case for

MapReduce.

4.1 BEEMR Architecture

BEEMR is an energy efficient MapReduce workload manager. The key insight is that the

interactive jobs can be served by a small pool of dedicated machines with their associated

storage, while the less time-sensitive jobs can run in a batch fashion on the rest of the cluster

using full computation bandwidth and storage capacity. This setup leads to energy savings

and meet all the requirements listed in Table 2.2.

The BEEMR cluster architecture is shown in Figure 4.1. It is similar to a typical Hadoop

MapReduce cluster, with important differences in how resources are allocated to jobs.

The cluster is split into disjoint interactive and batch zones. The interactive zone makes up

a small, fixed percentage of cluster resources — task slots, memory, disk capacity, network

bandwidth, similar to the design in [5]. The interactive zone is always fully powered. The

batch zone makes up the rest of the cluster, and is put into a very low power state between

batches [35].

As jobs arrive, BEEMR classifies them as one of three job types. Classification is based

on empirical parameters derived from the analysis in Section 2.2. If the job input data size

is less than some threshold interactive, it is classified as an interactive job. BEEMR

seeks to service these jobs with low latency. If a job has tasks with task duration longer

than some threshold interruptible, it is classified as an interruptible job. Latency is

not a concern for these jobs, because their long-running tasks can be check-pointed and re-
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Figure 4.1. The BEEMR workload manager (i.e., job tracker) classifies each job into one of three
classes which determines which cluster zone will service the job. Interactive jobs are serviced in
the interactive zone, while batchable and interruptible jobs are serviced in the batch zone. Energy
savings come from aggregating jobs in the batch zone to achieve high utilization, executing them
in regular batches, and then transitioning machines in the batch zone to a low-power state when the
batch completes.

sumed over multiple batches. All other jobs are classified as batch jobs. Latency is also not

a concern for these jobs, but BEEMR makes best effort to run them by regular deadlines.

Such a setup is equivalent to deadline-based policies where the deadlines are the same

length as the batch intervals.

The interactive zone is always in a full-power ready state. It runs all of the interactive jobs

and holds all of their associated input, shuffle, and output data (both local and HDFS stor-

age). Figures 2.4 and 2.5 indicate that choosing an appropriate value for interactive

can allow most jobs to be classified as interactive and executed without any delay introduced

by BEEMR. This interactive threshold should be periodically adjusted as workloads

evolve.
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The interactive zone acts like a data cache. When an interactive job accesses data that is not

in the interactive zone (i.e., a cache miss), BEEMR migrates the relevant data from the batch

zone to the interactive zone, either immediately or upon the next batch. Since most jobs

use small data sets that are reaccessed frequently, cache misses occur infrequently. Also,

BEEMR requires storing the ECC parity or replicated blocks within the respective zones,

e.g., for data in the interactive zone, their parity or replication blocks would be stored in the

interactive zone also.

Upon submission of batched and interruptible jobs, all tasks associated with the job are put

in a wait queue. At regular intervals, the workload manager initiates a batch, powers on

all machines in the batch zone, and run all tasks on the wait queue using the whole cluster.

The machines in the interactive zone are also available for batch and interruptible jobs, but

interactive jobs retain priority there. After a batch begins, any batch and interruptible jobs

that arrive would wait for the next batch. Once all batch jobs complete, the job tracker

assigns no further tasks. Active tasks from interruptible jobs are suspended, and enqueued

to be resumed in the next batch. Machines in the batch zone return to a low-power state.

If a batch does not complete by start of the next batch interval, the cluster would remain

fully powered for consecutive batch periods. The high peak-to-average load in Figure 2.3

indicates that on average, the batch zone would spend considerable periods in a low-power

state.

BEEMR improves over prior batching and zoning schemes by combining both, and uses

empirical observations to set the values of policy parameters, which we describe next.

4.1.1 Parameter Space

BEEMR involves several design parameters whose values need to be optimized. These

parameters are:
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Parameter Units or Type Values
totalsize thousand slots 32, 48, 60, 72
mapreduceratio map:reduce slots 1 : 1,

27 : 14, (≈ 2.0),
13 : 5 (≈ 2.6)

izonesize % total slots 10
interactive GB 10
interruptible hours 6, 12, 24
batchlen hours 1, 2, 6, 12, 24
taskcalc algorithm default, actual,

latency-bound

Table 4.1. Design space explored. The values for izonesize and interactive are derived
from the analysis in Section 2.2. We scan at least three values for each of the other parameters.

• totalsize: the size of the cluster in total (map and reduce) task slots.

• mapreduceratio: the ratio of map slots to reduce slots in the cluster.

• izonesize: the percentage of the cluster assigned to the interactive zone.

• interactive: the input size threshold for classifying jobs as interactive.

• interruptible: task duration threshold for classifying jobs as interruptible.

• batchlen: the batch interval length.

• taskcalc: the algorithm for determining the number of map and reduce tasks to assign

to a job.

Table 4.1 shows the parameter values we will optimize for the Facebook workload. For

other workloads, the same tuning process can extract a different set of values. Note that

totalsize indicates the size of the cluster in units of task slots, which differs from the

number machines. One machine can run many task slots, and the appropriate assignment of

task slots per machine depends on hardware capabilities.

Another parameter worth further explanation is taskcalc, the algorithm for determining

the number of map and reduce tasks to assign to a job. An algorithm that provides appropri-

ate task granularity ensures that completion of a given batch is not held up by long-running

tasks from some jobs.

55



BEEMR considers three algorithms: Default assigns 1 map per 128 MB of input and 1

reduce per 1 GB of input; this is the default setting in Hadoop. Actual assigns the same

number of map and reduce tasks as given in the trace and corresponds to settings at Face-

book. Latency-bound assigns a number of tasks such that no task will run for more than 1

hour. This policy is possible provided that task execution times can be predicted with high

accuracy [29], [50].

4.1.2 Requirements Check

We verify that BEEMR meets the requirements in Table 2.2.

1. Write bandwidth is not diminished because the entire cluster is fully powered when

batches execute. Table 2.1 indicates that only batch and interruptible jobs require

large write bandwidth. When these jobs are running, they have access to all of the

disks in the cluster.

2. Similarly, write capacity is not diminished because the entire cluster is fully powered

on during batches. Between batches, the small output size of interactive jobs (Ta-

ble 2.1) means that an appropriate value of izonesize allows those job outputs to

fit in the interactive zone.

3. The size of available memory also remains intact. The memory of the entire cluster

is accessible to batch and interruptible jobs, which potentially have large working

sets. For interactive jobs, the default or actual (Facebook) taskcalc algorithms

will assign few tasks per job, resulting in small in-memory working sets.

4. Interactive jobs are not delayed. The interactive zone is always fully powered, and

designated specifically to service interactive jobs without delay.

5. BEEMR spreads data evenly within both zones, and makes no changes that impact
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data locality. Nonetheless, Figure 2.4 suggests that there will be some hotspots in-

herent to the Facebook workload, independent of BEEMR.

6. BEEMR improves energy efficiency via batching. There is no dependence on ECC or

replication, thus preserving energy savings regardless of fault tolerance mechanism.

7. Long jobs with low levels of parallelism remain a challenge, even under BEEMR.

These jobs are classified as interruptible jobs if their task durations are large, and

batch jobs otherwise. If such jobs are classified as batch jobs, they could poten-

tially prevent batches from completing. Their inherent low levels of parallelism cause

the batch zone to be poorly utilized when running only these long jobs, resulting in

wasted energy. One solution is for experts to label such jobs a priori so that BEEMR

can ensure that these jobs are classified as interruptible.

4.2 Implementation

BEEMR involves several extensions to Apache Hadoop.

The job tracker is extended with a wait queue management module. This module holds all

incoming batch jobs, moves jobs from the wait queue to the standard scheduler upon each

batch start, and places any remaining tasks of interruptible jobs back on the wait queue

when batches end. Also, the scheduler’s task placement mechanism is modified such that

interactive jobs are placed in the interactive zone, and always have first priority to any

available slots.

The namenode is modified such that the output of interactive jobs is assigned to the inter-

active zone, and the output of batch and interruptible jobs is assigned to the batch zone.

If either zone approaches storage capacity, it must adjust the fraction of machines in each

zone, or expand the cluster.
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The Hadoop master is augmented with a mechanism to transfer all slaves in the batch zone

in and out of a low-power state, e.g., sending a “hibernate” command via ssh and using

Wake-on-LAN or related technologies [42]. If batch intervals are on the order of hours, it

is acceptable for this transition to complete over seconds or even minutes.

Accommodating interruptible jobs requires a mechanism that can suspend and resume ac-

tive tasks. The current Hadoop architecture makes it difficult to implement such a mech-

anism. However, suspend and resume is a key component of fault recovery under Next

Generation Hadoop [52]. We can re-purpose for BEEMR those mechanisms.

These extensions will create additional computation and IO at the Hadoop master node.

The current Hadoop master has been identified as a scalability bottleneck [64]. Thus, it

is important to monitor BEEMR overhead at the Hadoop master to ensure that we do not

affect cluster scalability. This overhead would become more acceptable under Next Gen-

eration Hadoop, where the Hadoop master functionality would be spread across several

machines [52].

4.3 Evaluation Methodology

The evaluation of our proposed algorithm involves running the Facebook MIA workload

both in simulation and on clusters of hundreds of machines on Amazon EC2 [1].

The Facebook workload provides a level of validation not obtainable through stand-alone

programs or artificial benchmarks. It is logistically impossible to replay this workload on

large clusters at full duration and scale. The high peak to average nature of the workload

means that at time scales of less than weeks, there is no way to know whether the re-

sults capture transient or average behavior. Enumerating a multi-dimensional design space

would also take prohibitively long. Any gradient ascent algorithms are not possible, simply
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Figure 4.2. A high-level view of the simulation algorithm. For each simulated second, the following
executes: 1. The simulator dequeues newly arrived jobs (arrival pattern given in the trace), classifies
the job as interactive, batch, or interruptible, and applies the task granularity policy. 2. The simulator
checks for available map or reduce slots, checks the batch policy to see which jobs can be run at
the present time, and assigns slots to jobs in round robin, fair scheduler fashion. 3. The simulator
removes completed tasks and returns the corresponding slot back to the free slot pool. For each
active job, it checks to see if the job has more tasks to run (go back to step 2) or is complete (go to
step 4). 4. The job is marked complete and the job duration recorded.

because there is no guarantee that the performance behavior is convex. Combined, these

concerns compel us to use experimentally validated simulations.

The simulator is optimized for simulation scale and speed by omitting certain details: job

startup and completion overhead, overlapping map and reduce phases, speculative execu-

tion and stragglers, data locality, and interference between jobs. This differs from existing

MapReduce simulators [51], [71], whose focus on details make it logistically infeasible to

simulate large scale, long duration workloads. The simulator assumes a simple, fluid-flow

model of job execution, first developed for network simulations as an alternative to packet-

level models [43], [58]. There, the motivation was also to gain simulation scale and speed.

Section 4.4.8 demonstrates that the impact on accuracy is acceptable.
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Simulated job execution is a function of job submit time (given in the trace), task assignment

time (depends on a combination of parameters, including batch length, and number of map

and reduce slots), map and reduce execution times (given in the trace), and the number

of mappers and reducers chosen by BEEMR (a parameter). Figure 4.2 shows how the

simulator works at a high level.

We empirically validate the simulator by replaying several day-long workloads on a real-

life cluster (Section 4.4.8). This builds confidence that simulation results translate to real

clusters. The validation employs previously developed methods to “replay” MapReduce

workloads independent of hardware [18]. The techniques there replays the workload using

synthetic data sets, and reproduces job submission sequences and intensities, as well as the

data ratios between each job’s input, shuffle, and output stages.

We model the machines as having “full” power when active, and negligible power when in

a low power state. Despite recent advances in power proportionality [6], such models re-

main valid for Hadoop. In [17], we used wall plug power meters to show that machines with

power ranges of 150W-250W draw 205W-225W when running Hadoop. The chattiness of

the Hadoop/HDFS stack means that machines are active at the hardware level even when

they are idle at the Hadoop workload level. The simple power model allow us to scale the

experiments in size and in time.

Several performance metrics are relevant to energy efficient MapReduce: (1) Energy sav-

ings: Under our power model, this would be the duration for which the cluster is fully

idle; (2) Job latency (analogous to “turn around time” in multiprogramming literature [27]):

We measure separately the job latency for each job class, and quantify any tradeoff against

energy savings; (3) System throughput: Under the MIA open-loop workload model, the his-

torical system throughput would be the smaller of totalsize and the historical workload
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arrival rate. We examine several values of totalsize and quantify the interplay between

latency, energy savings, and other policy parameters.

Table 4.1 shows the parameter values used to explore the BEEMR design space.

4.4 Results

The evaluation spans the multi-dimensional design space in Table 4.1. Each dimension

illustrates subtle interactions between BEEMR and the Facebook workload.

4.4.1 Cluster Size

Cluster size is controlled by totalsize. Under provisioning a cluster results in long

queues and high latency during workload peaks; over provisioning leads to arbitrarily high

baseline energy consumption and waste. Over the 45-days trace, the Facebook workload

has an average load of 21029 map tasks and 7745 reduce tasks. Since the workload has a

high peak-to-average ratio, we must provision significantly above the average. Figure 4.3

shows the detailed cluster behavior for several cluster sizes without any of the BEEMR

improvements. We pick a one-to-one map-to-reduce-slot ratio because that is the default in

Apache Hadoop, and thus forms a good baseline. A cluster with only 32000 total slots can-

not service the historical rate, being pegged at maximum slot occupancy; larger sizes still

see transient periods of maximum slot occupancy. A cluster with at least 36000 map slots

(72000 total slots) is needed to avoid persistent long queues, so we use this as a baseline.

4.4.2 Batch Interval Length

Energy savings are enabled by batching jobs and transitioning the batch zone to a low-power

state between batches. The ability to batch depends on the predominance of interactive
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Figure 4.3. The number of concurrently active tasks for clusters of different sizes (in terms
of total task slots, totalsize).
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Figure 4.4. Energy savings for different batch interval lengths as given by batchlen.
Energy savings are non-negligible for large batch intervals only. Note that taskcalc is
set to default, mapreduceratio is set to 1:1, totalsize is set to 72000 slots, and
interruptible is set to 24 hours.
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Figure 4.5. Active slots for a batchlen of 24 hours. Showing slot occupancy in the
interactive zone (top) and in the batch zone (bottom). Showing one week’s behavior. Note
that taskcalc is set to default, mapreduceratio is set to 1:1, totalsize is set to
72000 slots, and interruptible is set to 24 hours.

analysis in MIA workloads (Section 2.2). We consider here several static batch interval

lengths. A natural extension would be to have dynamically adjusted batch intervals to

enable various deadline driven policies.

We vary batchlen, the batching interval, while holding the other parameters fixed. Fig-

ure 4.4 shows that energy savings, expressed as a fraction of the baseline energy consump-

tion, become non-negligible only for batch lengths of 12 hours or more. Figure 4.5 shows

that map tasks execute in near-ideal batch fashion, with maximum task slot occupancy for a

fraction of the batch interval and no further tasks in the remainder of the interval. However,

reduce slot occupancy rarely reaches full capacity, while “dangling” reduce tasks often run

for a long time at very low cluster utilization. There are more reduce tasks slots available,

but the algorithm for choosing the number of task slots limits the amount of parallelism.

During the fifth and sixth days, such dangling tasks cause the batch zone to remain at full
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Figure 4.6. Energy savings for different taskcalc algorithms. Note that
mapreduceratio is set to 1:1, and interruptible is set to 24 hours. The actual
(Facebook) algorithm does worst and the latency-bound algorithm does best.

power for the entire batch interval. Fixing this requires improving both the algorithm for

calculating the number of tasks for each job and the ratio of map-to-reduce slots.

4.4.3 Task Slots Per Job

The evaluation thus far considered only the default algorithm for computing the number of

tasks per job, as specified by taskcalc. Recall that we consider two other algorithms: Ac-

tual assigns the same number of map and reduce tasks as given in the trace and corresponds

to settings at Facebook. Latency-bound assigns a number of tasks such that no task will

run for more than 1 hour. Figure 4.6 compares the default versus actual and latency-bound

algorithms. The actual policy does the worst, unsurprising because the task assignment

algorithm at Facebook is not yet optimized for energy efficiency. The latency-bound pol-

icy does the best; this indicates that good task execution time prediction can improve task

assignment and achieve greater energy savings.

Observing task slot occupancy over time provides insight into the effects of taskcalc.

Using the actual algorithm (Figure 4.7(a)), slots in the interactive zone reach capacity more

frequently, suggesting that the Facebook algorithm seeks to increase parallelism to decrease
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the amount of computation per task and lower the completion latency of interactive jobs. In

contrast, tasks in the batch zone behave similarly under the default and Facebook algorithm

for the week shown in Figure 4.7(a). Aggregated over the entire trace, the actual policy

turns out to have more dangling tasks overall, diminishing energy savings.

In contrast, task slot occupancy over time for the latency-bound policy eliminates all dan-

gling tasks of long durations (Figure 4.7(b)). This results in high cluster utilization during

batches, as well as clean batch completion, allowing the cluster to be transitioned into a

low-power state at the end of a batch. There is still room for improvement in Figure 4.7(b):

the active reduce slots are still far from reaching maximum task slot capacity. This suggests

that even if we keep the total number of task slots constant, we can harness more energy

savings by changing some reduce slots to map slots.

4.4.4 Map to Reduce Slot Ratio

The evaluation thus far illustrates that reduce slots are utilized less than map slots. Changing

mapreduceratio (i.e., increasing the number of map slots and decreasing the number

of reduce slots while keeping cluster size constant) should allow map tasks in each batch to

complete faster without affecting reduce tasks completion rates. Figure 4.8 shows that doing

so leads to energy efficiency improvements, especially for the latency-bound algorithm.

Viewing the task slot occupancy over time reveals that this intuition about the map-to-

reduce-slot ratio is correct. Figure 4.9(a) compares batch zone slot occupancy for two

different ratios using the default algorithm. With a larger number of map slots, the periods

of maximum map slot occupancy are shorter, but there are still dangling reduce tasks. The

same ratio using the latency-bound algorithm avoids these dangling reduce tasks, as shown

in Figure 4.9(b), achieving higher energy savings.

Nevertheless, the latency-bound algorithm still has room for improvement. During the fifth

65



0

10000

20000

30000

O
c
c
u

p
ie

d
  

ta
s
k
 s

lo
ts

 

Time (days) 

0

1000

2000

3000

O
c
c
u

p
ie

d
  

ta
s
k
 s

lo
ts

 

Time (days) 

map red

   10            11            12            13             14            15           16             17 

   10            11            12            13             14            15           16             17 

(a) Actual (Facebook)
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(b) Latency-bound

Figure 4.7. Slot occupancy over time in the interactive zone (top graph) and batch zone
(bottom graph). Showing one week’s behavior. Note that batchlen is set to 24 hours,
mapreduceratio is set to 1:1, and interruptible is set to 24 hours.
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Figure 4.8. Energy savings for different values of mapreduceratio. Increasing the
number of map slots increases energy savings for all taskcalc algorithms, with the im-
provement for latency-bound being the greatest. Note that totalsize is set to 72000
slots, batchlen is set to 24 hours, and interruptible is set to 24 hours.

and sixth days in Figure 4.9(b), the batches are in fact limited by available reduce slots.

Figure 4.10 shows that neither static policy for map versus task ratios achieve the best sav-

ings for all days. A dynamically adjustable ratio of map and reduce slots is best. A dynamic

ratio can ensure that every batch is optimally executed, bottlenecked on neither map slots

nor reduce slots.

4.4.5 Interruptible Threshold

The last dimension to evaluate is interruptible, the task duration threshold that deter-

mines when a job is classified as interruptible. In the evaluation so far, interruptible

has been set to 24 hours. Decreasing this threshold should cause more jobs to be classified

as interruptible, and fewer jobs as batch. A lower interruptible threshold allows faster batch

completions and potentially more capacity for the interactive zone, at the cost of higher

average job latency, as more jobs are spread over multiple batches.

Figure 4.11 shows the energy saving improvements from lowering interruptible.
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(b) Latency-bound

Figure 4.9. Batch zone slot occupancy over time using a mapreduceratio of 1:1 for the
top graph, and a mapreduceratio of 13:5 for the bottom graph. Showing one week’s
behavior. Note that batchlen is set to 24 hours and interruptible is set to 24 hours.
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Figure 4.11. Energy savings for different values of interruptible. Lowering the
threshold leads to increased energy savings for actual and default algorithms. Note that
mapreduceratio is set to 13:5 and batchlen is set to 24 hours. Note that for actual
and default algorithms, having a low interruptible causes the queue for waiting inter-
rupted jobs to grow without limit; the latency-bound policy is preferred despite seemingly
lower energy savings (Section 4.4.5).
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(The latency-bound algorithm, by design, does not result in any interruptible jobs, unless

the interruptible is set to less than an hour, so the energy savings for the latency-

bound algorithm are unaffected.) Actual and default algorithms show considerable energy

savings improvements, at the cost of longer latency for some jobs. It would be interesting

to see how many cluster users and administrators are willing to make such trades.

Lowering interruptible too much would cause the queue of waiting interruptible jobs

to build without bound. Consider the ideal-case upper bound on possible energy savings.

The Facebook workload has a historical average of 21029 active map tasks and 7745 active

reduce tasks. A cluster of 72000 task slots can service 72000 concurrent tasks at maxi-

mum. Thus, the best case energy savings is 1 − (21029 + 7745)/72000 = 0.60. As we

lower interruptible, any energy “savings” above this ideal actually represents the

wait queue building up.

The best policy combination we examined achieves energy savings of 0.55 fraction of the

baseline, as shown Figure 4.11, with taskcalc set to default and interruptible set

to 6 hours. This corresponds to 92% of this ideal case.

4.4.6 Overhead

The energy savings come at the cost of increased job latency. Figure 4.12 quantifies the

latency increase by looking at normalized job durations for each job type. BEEMR achieves

minimal latency overhead for interactive jobs, and some overhead for other job types. This

delayed execution overhead buys us energy savings for non-interactive jobs.

For interactive jobs, more than 60% of jobs have ratio of 1.0, approximately 40% of jobs

have ratio less than 1.0, and a few outliers have ratio slightly above 1.0. This indicates that

a dedicated interactive zone can lead to either unaffected job latency, or even improved job

latency from having dedicated resources. The small number of jobs with ratio above 1.0
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Figure 4.12. Latency ratio by job type between BEEMR with totalsize set to 72000,
taskcalc set to default, and (1) batchlen set to 24 hours, mapreduceratio set to
1:1, or (2) batchlen set to 6 hours, mapreduceratio set to 13:5; versus the baseline
with no batching. A ratio of 1.0 indicates no overhead. Some interactive jobs see improved
performance (ratio< 1) due to dedicated resources. Some batch jobs have very long delays,
the same behavior as delayed execution under deadline-based policies. Interruptible jobs
have less overhead than batch jobs, indicating that those are truly long running jobs. The
delayed execution in non-interactive jobs buys us energy savings.
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is caused by peaks in interactive job arrivals. This suggests that it would be desirable to

increase the capacity of the interactive zone during workload peaks.

For batched jobs, the overhead spans a large range. This is caused by the long batch interval,

and is acceptable as a matter of policy. A job that arrives just after the beginning of one

batch would have delay of at least one batch interval, leading to large latency. Conversely, a

job that arrives just before a batch starts will have almost no delay. This is the same delayed

execution behavior as policies in which users specify, say, a daily deadline.

For interruptible jobs, the overhead is also small for most jobs. This is surprising because

interruptible jobs can potentially execute over multiple batches. The result indicates that in-

terruptible jobs are truly long running jobs. Executing them over multiple batches imposes

a modest overhead.

4.4.7 Sensitivity

The evaluation thus far has set a totalsize of 72000 task slots and discovered the best

parameter values based on this setting. A cluster size of 72000 forms a conservative baseline

for energy consumption. Using BEEMR on larger clusters yields more energy savings, as

shown in Figure 4.13.

BEEMR extracts most, but not all, of the ideal energy savings. The discrepancy arises from

long tasks that hold up batch completion (Section 4.4.2) and transient imbalance between

map and reduce slots (Section 4.4.4). If the fraction of time that each batch runs at max-

imum slot occupancy is already small, then the effects of long tasks and map/reduce slot

imbalance are amplified. Thus, as cluster size increases, the gap between BEEMR energy

savings and the ideal also increases. One way to narrow the gap would be to extend the

batch interval length, thus amortizing the overhead of long tasks holding up batch comple-

tion and transient map/reduce slot imbalance. In the extreme case, BEEMR can achieve
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Figure 4.13. Ideal and observed energy savings for different cluster sizes. Both increase as
cluster size increases. Note that batchlen is set to 24 hours, taskcalc is set to default,
mapreduceratio is set to 13:5, and interruptible is set to 6 hours.

arbitrarily close to ideal energy savings by running the historical workload in one single

batch.

4.4.8 Validation

Empirical validation of the simulator provides guidance on how simulation results translate

to real clusters. The BEEMR simulator explicitly trades simulation scale and speed for

accuracy, making it even more important to quantify the simulation error.

We validate the BEEMR simulator using an Amazon EC2 cluster of 200 “m1.large” in-

stances [1]. We ran three experiments: (1) a series of stand-alone sort jobs, (2) replay

several day-long Facebook workloads using the methodology in [18], which reproduces ar-

rival patterns and data sizes using synthetic MapReduce jobs running on synthetic data, (3)

replay the same workloads in day-long batches. For Experiments 1 and 2, we compare the

job durations from these experiments to those obtained by a simulator configured with the

same number of task slots and the same policies regarding task granularity. For Experiment

3, we compare the energy savings predicted by the simulator to that from the EC2 cluster.
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Figure 4.14. Simulator validation for stand-alone jobs. Showing the ratio between simu-
lated job duration and average job duration from 20 repeated measurements on a real cluster.
The ratio is bounded for both large and small jobs and is very close to 1.0 for sort jobs of
size 100s of MB to 10s of GB.

These experiments represent an essential validation step before deployment on the actual

front-line Facebook cluster running live data and production code.

Figure 4.14 shows the results from stand-alone sort jobs. This ratio is bounded on both ends

and is very close to 1.0 for sort jobs of size 100s of MB to 10s of GB. The simulator under-

estimates the run time (the ratio is less than 1.0) for small sort sizes. There, the overhead

of starting and terminating a job dominates; this overhead is ignored by the simulator. The

simulator overestimates the run time (the ratio is greater than 1.0) for large sort sizes. For

those jobs, there is non-negligible overlap between map and reduce tasks; this overlap is

not simulated. The simulation error is bounded for both very large and very small jobs.

Also, there is low variance between different runs of the same job, with 95% confidence

intervals from 20 repeated measurements being barely visible in Figure 4.14. Thus, patho-

logically long caused by task failures or speculative/abandoned executions are infrequent;

not simulating these events causes little error.
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and is very close to 0.75 for the vast majority of jobs.

Figure 4.15 shows the results of replaying one day’s worth of jobs, using three different

day-long workloads. The ratio is again bounded, and close to 0.75 for the majority of

jobs. This is because most jobs in the workload have data sizes in the MB to GB range

(Figure 2.2). As explained previously, job startup and termination overhead lead to the

simulator to underestimate the duration of these jobs.

Figure 4.16 shows the validation results from batching the three day-long workloads. The

simulation error varies greatly between three different days. The average error is 22% of the

simulated energy savings (top graph in Figure 4.16). We identify two additional sources of

simulator error: (1) The BEEMR simulator assumes that all available task slots are occupied

during the batches. However, on the EC2 cluster, the task slot occupancy averages from

50% to 75% of capacity, a discrepancy again due to task start and termination overhead

— the scheduler simply cannot keep all task slots occupied. Adjusting the simulator by

using a lower cluster size than the real cluster yields the bottom graph in Figure 4.16, with

the error decreased to 13% of the simulated energy savings. (2) The BEEMR simulator
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Figure 4.16. Simulator validation for three different day-long workloads, with batchlen
set to 24 hours. Showing the predicted versus actual energy savings (top graph, average
22% simulation error), and the predicted versus actual energy savings after adjusting for
the slot occupancy capacity on the real-life cluster (bottom graph, average 13% simulation
error).

assumes that task times remain the same regardless of whether the workload is executed

as jobs arrive, or executed in batch. Observations from the EC2 cluster reveals that during

batches, the higher real-life cluster utilization leads to complex interference between jobs,

with contention for disk, network, and other resources. This leads to longer task times when

a workload executes in batch, and forms another kind of simulation error that is very hard

to model.

Overall, these validation results mean that the simulated energy savings of 50-60% (Sec-

tion 4.4.5) would likely translate to 40-50% on a real cluster.
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Chapter 5

Conclusion

In this chapter, we first present some general discussion. We then consider avenues of

future work related to each of the studies we considered. We close with a summary of

contributions.

5.1 Discussion

In this section, we examine some often asked questions, including:

• Is transitioning machines into a low-power state the right approach?

• How can we improve system methodologies to provide the more transparent, understand-

able, and ideally, repeatable results?

• Are the workloads in the case studies we examine general enough for us to draw broader

conclusions?

We do not claim to have an answer for all of these questions, but we hope that the work

here provides some guidance.
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5.1.1 Increasing Load versus Decreasing Power

There is a lively debate about what is the best way to handle workloads with inherent high

peak to average ratios—save energy by transitioning machines to low-power states during

below peak periods, or increase utilization of machines by sending more work to smooth out

the peaks? Running machines at high utilization is desirable, since until energy prices get

considerably higher, equipment depreciation of already purchased equipment will dominate

the cost of power. Idle machines represent arguably wasted investments [6]. However, it

remains an open problem to increase cluster utilization to consistently high levels without

major performance degradation remains an open problem [36].

In some respects, powering down machines does not conflict with this viewpoint. Most

workloads have inherent high peak-to-average ratios that must be serviced within some

deadline or SLO constraints, implying that it is inevitable to have some degree of over

provisioning and low utilization. In our web services cluster, we strive to drive up active

machines to respectable levels of utilization. BEEMR shifts a subset of the workload in

time and executes those jobs in batches with high utilization. The 40-50% energy savings

can be viewed as 40-50% head room in the cluster for additional latency insensitive jobs.

5.1.2 Power Cycles versus Reliability

Transitioning machines to low-power states is one way to achieve power proportionality

while more power proportional hardware is being developed. Large-scale adoption of this

technique has been limited by worries that power cycling increases failure rates.

There have been few published, large-scale studies that attribute increased failure rates to

power cycling. Some authors have observed a correlation between the two, but point out that

correlation could come simply from failed systems needing more reboots to restore [56].

To identify a causal relationship would require a more rigorous methodology, comparing
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mirror systems servicing the same workload, with the only difference being the frequency

of power cycles.

One such comparison experiment ran for 18 months on 100s of machines, and found that

power cycling has no effect on failure rates [53]. Larger scale comparisons have been

stymied by the small amount of predicted energy savings, and uncertainty about how those

energy savings translate to real systems. BEEMR gives empirically validated energy sav-

ings of 40-50%. This represents more rigorous data to justify further exploring the thus far

unverified relationship between power cycles and failure rates.

5.1.3 Methodology

Evaluating the energy efficiency of large scale distributed systems presents significant

methodological challenges. We attempt to strikes a balance between scale and accuracy.

Simulation versus replay. The inherent difference among workloads means that the best

energy efficiency mechanisms would be highly workload dependent. In our two case stud-

ies, we use two very different approaches, though they both rely on the same basic mech-

anism of consolidating load and transitioning unneeded machines to a low-power state.

Even within workloads, behavior varies between use cases and over time (Figures 4.10

and 5.1). Thus, only evaluation over long durations can reveal the true historical savings

(Figure 4.10). Day- or week-long experiments are unrealistic, especially to explore multiple

design options at large scale. Hence, we are compelled to use simulations.

Choice of simulator. For our MapReduce case study, we considered using Mumak [51]and

MRPerf [71]. Mumak requires logs generated by the Rumen tracing tool [60], which is not

yet in universal use and not used at Facebook. MRPerf generates a simulation event per

control message and per packet, which limits simulation scale and speed. Neither simulator

has been verified at the multi-job workload level. Additionally, to our knowledge, there are
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no widely used web service simulators. Thus, we developed both the NapSAC and BEEMR

simulators. Both intentionally trade simulation detail and accuracy to gain scale and speed.

We also verify the simulator at the workload level (Sections 3.4.6 and 4.4.8).

Choice of power model. One accurate way to measure system power is by a power meter

attached at the machine wall socket. For NapSAC, we use this method to profile machines

individually. However, this method does not scale to clusters of 1000s of machines. An

alternative is to use empirically verified power models, which are yet to be satisfactorily

developed for MapReduce and other workloads. The translation between SPECpower [66]

measurements and MapReduce remains unknown, as it is between MapReduce workload

semantics and detailed CPU, memory, disk, and network activity. For BEEMR, we chose

an on-off power model, i.e., machines have “max” power when on and “zero” power when

off. This simple model allow us to scale the experiments in size and in time.

Towards improved methodology. The deliberate tradeoffs we had to make reflect the

nascent performance understanding and modeling of large scale systems. We encourage

the research community to seek to overcome the methodology limitations of this study.

5.1.4 MIA Generality Beyond Facebook

MIA workloads beyond Facebook lend themselves to a BEEMR-like approach. We an-

alyzed four additional Hadoop workloads from e-commerce, telecommunications, media,

and retail companies. These traces come from production clusters of up to 700 machines,

and cover 4 cluster-months of behavior. The following gives a glimpse of the data. We are

seeking approval to release these additional workloads.

One observation that motivated BEEMR is that most jobs access small files that make up

a small fraction of stored bytes (Figure 2.5). This access pattern allows a small interac-

tive zone to service its many jobs. Figure 5.1shows that such access patterns exist for all
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Figure 5.1. Access patterns versus input path size. Showing cumulative fraction of jobs
with input paths of a certain size (top) and cumulative fraction of all stored bytes from
input paths of a certain size (bottom). Contains data from Figure 2.5 for the FB-2010 work-
load, and four additional workloads from e-commerce, telecommunications, media, and
retail companies.

workloads. For FB-2010, input paths of < 10GB account for 88% of jobs and 1% of stored

bytes. For workloads A and D, the same threshold respectively accounts for 87% and 87%

of jobs, and 4% and 2% of stored bytes. For workloads B and C, input paths of < 1TB

accounts for 86% and 91% of jobs, as well as 12% and 17% of stored bytes.

Another source of energy savings comes from the high peak-to-average ratio in workload

arrival patterns (Figure 2.3). The cluster has to be provisioned for the peak, which makes

it important to achieve energy proportionality either in hardware or by workload managers

such as BEEMR. For the five workloads (Facebook and workloads A through D), the peak-

to-average ratios are: 8.9, 30.5, 23.9, 14.5, and 5.9. BEEMR potentially extracts higher

energy savings from workloads with higher peak-to-average arrival ratios, though the exact

energy savings and the tradeoff between policy parameters is workload specific. These ad-
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ditional workloads give us confidence that the BEEMR architecture can generalize beyond

the Facebook workload.

5.2 Future Work for Power Proportional Web Services

Our NapSAC cluster manager is optimized for those workloads exhibiting statistically

similar traits to the Wikipedia workload. While we realize this lack of workload diversity

limits the generalization of our results, we felt it was more compelling to show an actual use-

case of our cluster manager paired with actual production workload traces rather than leave

it unoptimized with only synthetic scenarios demonstrating different request interarrival

times.

The current cluster manager makes simplifying assumptions that can be extended in the

future to support more diverse workloads. One such assumption is that the distribution of

response times holds true for all requests. This assumption breaks down with requests for

both static and dynamic content as well as in systems with caches where requests have only

some probability of hitting in the cache. Handling different types of requests requires the

cluster manager to determine the type of content and to know the distribution of response

times for each type. The distribution of response times for dynamic requests poses a more

difficult challenge than simple static pages. Dealing with cache hits and misses requires

that the cluster manager have knowledge about the hit ratios.

A second simplifying assumption our cluster is based on is that every backend node acts as

a web server that has an exact replica of all the data. However, in a more multipurpose clus-

ter, different backends might serve special purposes, from web server to database server or

application server, and even machines dedicated to the same purpose might contain differ-

ent sets of data, as in a distributed file system. The current round-robin server provisioning

scheme would not work with this mix of machines since this provisioning treats every ma-
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chine equally with regards to being turned on or off, so choosing the particular machine to

run an incoming request on requires the scheduler to keep more detailed state information

about each machine, though it is possible round-robin provisioning could be used within

pools of special purpose machines. Dealing with machines containing different data for the

same applications is more complicated and requires further study.

In conjunction with differently purposed nodes comes mixed workloads, including batch

jobs. Nodes in our cluster are currently provisioned based on their current and maximum

request rate capacities, so the difficulty with batch jobs lies in deciding what the equivalent

of maximum request rate should be and how to determine whether a given node can accept

new jobs. CPU capacity and utilization might be a reasonable first-order estimation for

these types of jobs, though it would require frequent probing from the cluster manager to

determine these levels.

5.3 Future Work for MapReduce in General

Designing and evaluating BEEMR has revealed several opportunities for future improve-

ments to MapReduce.

1. The BEEMR policy space is large. It would be desirable to automatically detect good

values for the policy parameters in Table 4.1.

2. The ability to interrupt and resume jobs is desirable. This feature is proposed under

Next Generation Hadoop for fast resume from failures [52]. Energy efficiency would

be another motivation for this feature.

3. A well-tuned taskcalc algorithm can significantly affect various performance met-

rics (Section 4.4.3). However, choosing the correct number of tasks to assign to a job
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remains an unexplored area. Given recent advances in predicting MapReduce execu-

tion time [29], [50], we expect a dedicated effort would discover many improvements.

4. The chatty HDFS/Hadoop messaging protocols limits the dynamic power of ma-

chines to a narrow range. There is an opportunity to re-think such protocols for dis-

tributed systems to improve power proportionality.

5. The disjoint interactive and batch zones can be further segregated into disjoint in-

teractive and batch clusters. Segregated versus combined cluster operations need to

balance a variety of policy, logistical, economic, and engineering concerns. More

systematic understanding of energy costs helps inform the discussion.

6. The gap between ideal and BEEMR energy savings increases with cluster size (Sec-

tion 4.4.7). It is worth exploring whether more fine-grained power management

schemes would close the gap and allow operators to provision for peak while con-

serving energy costs.

5.4 Summary of Contributions

In an effort to tackle the problem of ever-rising energy usage from data centers, we pre-

sented the design of (1) a power proportional cluster that uses a power-aware cluster man-

ager and a set of heterogeneous machines to harness idleness to achieve significant energy

savings, and (2) an architecture for an energy efficient MapReduce cluster that relies on

keeping a small always-on cache for interactive jobs and batching the remainder to achieve

savings.
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NapSAC

In our first study, we characterize three different types of compute nodes representing server,

mobile, and embedded class systems with the metric of Joules per successful web request.

Despite having different levels of performance, they all exhibit comparable efficiencies

within their own energy efficient operating ranges, defined as the range of request rates a

node can service with low energy per response and low response times. Finding the proper

operating set point within this range is crucial to maintaining both top performance and

energy efficiency. Machines should have their operating set point fall within these energy

efficient ranges. The level of over provisioning within a cluster affects this operating point

and should be carefully considered by system operators.

To study how over provisioning and different provisioning schemes impact the energy and

performance of a front end web service cluster, numbers obtained from individual nodes

were used in simulations for estimating future incoming web server work rates in our

Wikipedia-based workload. Taking the best algorithms from the simulation, we compare

the efficiency of our power proportional cluster to static provisioning and an oracle algo-

rithm. The standard approach to capacity planning is to provision for twice the peak load,

we consider this the baseline, static provisioning approach. We achieve over 70% power

savings compared to static provisioning and we are within 90% of the optimal. In addition,

these saving can be achieved while minimally impacting performance. As a large propor-

tion of servers in the real world are idle for large portions of the day, we expect our system

design to enable major energy savings when deployed at large scale. We implemented

NapSAC cluster manager on a set of mobile class compute nodes along with the optimal

provisioning algorithm from our simulations and demonstrated the use of our design on a

set of actual Wikipedia workload traces. Using relatively simple, stable estimations for fu-
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ture work rates and simple round-robin scheduling, we are still able to attain improvements

over conventional 2x capacity planning.

BEEMR

For our second study, we performed an analysis of a Facebook cluster trace to quantify the

empirical behavior of a MIA workload. From this, we developed the BEEMR framework

which combines novel ideas with existing MapReduce energy efficiency mechanisms. We

improved upon current evaluation methodology to quantify energy savings achieved by

BEEMR and account for the complexity of MIA workloads. BEEMR is able to cut the

energy consumption of a cluster almost in half (after adjusting for empirically quantified

simulation error) without harming the response time of latency-sensitive jobs or relying

on storage replication, while allowing jobs to retain the full storage capacity and compute

bandwidth of the cluster. BEEMR achieves such results because its design was guided

by a thorough analysis of a real-world, large-scale instance of the targeted workload. We

dubbed this widespread yet under-studied workload MIA. The key insight from our analysis

of MIA workloads is that although MIA clusters host huge volumes of data, the interactive

jobs operate on just a small fraction of the data, and thus can be served by a small pool of

dedicated machines; the less time-sensitive jobs can run in a batch fashion on the rest of the

cluster.
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