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Abstract

We introduce CPU Futures, a system designed to enable ap

plication control of scheduling for server workloads, even

during system overload. CPU Futures contains two novel
components: an in-kernel herald that anticipates applica-
K

tion CPU performance degradation and a user-level feedbac
controller that responds to these predictions on behali®f t

application. In combination, these two subsystems enable

fine-grained application control of scheduling; with thise

trol applications can define their own policies for avoiding
or mitigating performance degradation under overload. We
implement CPU Futures within two different Linux sched-
ulers, and show its utility by building two case studies gm to
of the system: Empathy, which limits the CPU interference

caused by low-importance batch programs, and SheepDog,

which prevents web requests from starving on a heavily-
loaded web server. Through experiment, we find that CPU
Futures are not only useful, but also have a low-overhead.

Categories and Subject Descriptors D.4.1 [OPERAT-
ING SYSTEMS Process ManagementMultiprocessing /
multiprogramming / multitasking, Scheduling>.4.8 [OP-

ERATING SYSTEMSerformance-Modeling and predic-
tion

General Terms Management, Measurement, Reliability

Keywords Feedback control, CPU contention, managing
concurrency, background batch processes

1. Introduction

Systems do not perform well when resources are fully uti-
lized. The results can be stark: starvation, poor perfogaan

mail servers, and file servers all have minimal acceptable
CPU allocations per thread; when these minimums are
not delivered, the system appears to have failed or dead-
locked [Arpaci-Dusseau 2001].

One could attempt to avoid overload through over-pro-
visioning [Chandra 2003]. However, such an approach is
flawed in two fundamental ways. First, purchasing too much
CPU is costly; as we transition toward the new Cloud era
where CPUs are rented by the hour [EC2], such costs are
quite real. Second, with virtually any amount of CPU re-
source, overload due to high demand is certainly still possi
ble; sudden surges of popularity are often unpredictatie [E
son 2008] and thus could exceed any planned for resource
purchases.

To build a robust application that handles CPU overload
gracefully, two key elements are required. First, an appli-
cation must be able tdetectthe overload, by determining
whether worker threads are obtaining enough CPU to meet
desired service-level objectives. Ideally, the detecsioould
take place as soon as possible, perhaps evenbgfstre
the overload condition fully manifests. Second, an applica
tion must be able toeactto overload conditions quickly;
by shedding load, prioritizing work, and taking other reac-
tionary measures, the application can thus remain responsi
during overload and increase overall availability of the-sy
tem.

In this paper, we introduc€PU Futures a novel com-
bination of in-kernel scheduler enhancements and uset-lev
feedback control that together enable applications to rema
responsive during periods of overload. The first, in-kernel
portion of CPU futures embeds small models with the CPU
scheduler; we call this component therald Without any

and even complete system failure are the manifestations ofknowledge of application workload or characteristics, the
system overload. For example, a recent surge in postings atherald tracks current usage, and (more importantly) ptedic
online retailer Ebay brought down the entire site, resgltin  optimal and future CPU allocations. With such information,
in untold financial losses [Palmer 2009]. Similar problems applications can avoid or mitigate performance degradatio
have arisen elsewhere, including the North Carolina unem- according to their own policies and goals.
ployment benefits website [AP 2009] and repeated availabil-  Applications react with aid of the second component of
ity problems in China due to high demand on the Olympics CPU Futures, a user-level feedbackntroller. The con-
ticketing web page [Shipeng 2008]. troller monitors in-kernel scheduler information provetiey
CPU overload is an important contributor to system the herald and helps to implement the application’s policy
misbehavior. Best-effort applications such as web sefvers
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to react to overload scenarios (for example, by prioritgzin
more important work, and perhaps adjusting the level of con-
currency to match currently-available resources). Altjioa
stock controller is provided, applications are free to nipdi
said controller to suit their specific needs. Thus, throungh t
combination of the in-kernel herald and user-level feebac
controller, applications can both properly detect andtraac
overload conditions gracefully.

To demonstrate the ease of adding the in-kernel herald to
modern CPU schedulers, we have implemented the herald

within two entirely different systems, the Linux O(1) [Bdve
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Figure 1. CPU allocations given an increasing system

2005] and CFS [Singh Pabla 2009] schedulers. The codeWorkload. The x-axis is the time and number of competing

changes required to build the herald into each scheduler ar

minimal, giving us confidence that a wide range of sched- y-axisis the CP

ulers could be enhanced in this manner.

To demonstrate the utility of CPU Futures, we have im-
plemented two case studies. In the first, which we Eaf-
pathy, we show how a web server can utilize futures to mini-
mize performance degradation despite running concuyrentl
with a low-importance background video conversion. In the
second case study, entitl&theepDogwe show how a modi-

fied web server can reduce the number and duration of starv-

ing web requests by an order of magnitude on a heavily-

gprocesses, a single low priority process is added everyrgkcthe

U% allocated to the high priority process.

shown in Figure 1, the high-priority process receives a wide
range of CPU allocations. This experiment demonstrates tha
a high-importance application’s CPU allocation may change
at anytime, even if its behavior remains constant.

The CPU allocation an application receives during CPU
contention also depends on the specific best-effort schedul
ing policy. Some policies divide CPU evenly; whereas oth-
ers provide improved service to some processes at the cost
of others. For example, the Linux O(1) scheduler attempts to

overloaded site. In both case studies, we show how applica-reduce the latency of interactive processes by giving them a

tions can readily use the provided user-level feedback con-

troller in order to implement such changes non-intrusively

better scheduling priority. If there are many interactive-p
cesses they may utilize nearly the entire CPU, leavinglittl

Our measurements reveal that CPU Futures adds little for non-interactive processes.

overhead under normal operating conditions, and greatly in
creases an application’s ability to react to CPU overload. B
predicting future allocations, CPU Futures allows applica
tions to quickly detect and react promptly to pending prob-
lems, thus increasing availability and enabling gracetsl b
havior even under extreme load.

The remainder of the paper is organized as follogz.
provides a more in-depth motivation for CPU futures. A de-
tailed overview of CPU Futures is provided §8. The de-
sign and implementation of CPU Futures is presentegdin

Schedulers that attempt to automatically divide processes
into high-importance and low-importance groups may make
mistakes. This results in variable CPU allocations amongst
nearly identical processes. As an example, we configured
an Apache server to respond to web requests using a pool
of worker processes. We expected each worker to achieve
roughly the same throughput because Apache assigns each
process the same priority. Contrary to our expectations,
Figure 2 shows a breakdown of Apache worker through-
put given an unchanging, heavy workload on the Linux

§5 features two case studies demonstrating the advantage§(1) scheduler. It is clear from this simple experiment that

of using CPU Futures in real applications. Related work and
conclusions are discussedgé ands?7.

2. Motivation for CPU Futures

CPU schedulers can give widely varying CPU allocations

to nearly identical processes even when the workload is un-

changing. These results are particularly troubling for- dis

tributed services that provide concurrent access by aisgjgn

The CPU allocations provided by best-effort schedulers can an individual process or thread to each unique user. In a sys-
change dramatically based on the current workload. CPU tem such as this, the perceived system responsiveness could
allocations may also vary based on the specific best-effort vary greatly from user to user.

scheduling policy.

2.1 Variable Allocations in Best Effort Schedulers

2.2 Application CPU Contention

Applications cannot determine their required CPU alloca-

Changing CPU allocations in best-effort systems are causedtion nor can they predict their near future CPU allocation.
in part by variable system load. To demonstrate this ef- Therefore, they are unable to modify their behavior to deal
fect, we measured the CPU allocations a single unchangingwith CPU shortages and subsequently may crash or appear
process receives on a variety of CPU schedulers as systemunresponsive.

load increases. In this experiment, we started a CPU-bound

It is difficult for applications, and developers, to deter-

high-priority process on an idle machine, and every second mine the CPU allocation they require. This minimum ac-
we added a new low-priority, non-CPU-bound process. As ceptable CPU allocation depends on the application’s ntirre
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250 3. CPU Futures

200 Interactive o

@ 150 ] / We presenCPU Futures a combination of CPU scheduler

o feedback and user-level application controllers to enapte
é’,lOg: ------------------------ XS SRl L REEELEEEEEEEEE plications to better manage CPU contention. The in-kernel
‘3220 oo % °° portion of CPU Futures, c_alled th(_a hgrald, is an_ extension
< 500 Somewhat Interactive to CPU schedulers to advise applications of their past, de-
%150_ a sired, predicted, and potential CPU allocations. The keral
£ 100 e ° gives applications the ability to determine their resourse
T b= S quirements and anticipate performance degradation due to

g CPU contention. The techniques used by the herald require
Figure 2. Break down of Apache worker throughput. no prior knowledge of the applications anq are gengrally ap-
The x-axis is sorted by throughput, y-axis is the throughgert plicable for a variety of popular commodity operating sys-
worker. The Somewhat Interactive portion contains workbes tems.

scheduler provided a modest interactivity bonus. The &ukve The user-level portion of CPU Futures, the controller, en-
portion displays workers who received the maximum intéragt capsulates an application’s policy for managing CPU con-
bonus. The dashed line is the mean throughput per worker. tention. The controller monitors the information providad

the herald. If application performance goals will not be met
the controller resolves this conflict using applicatioresific
workload, user expectations, and the underlying hardware; policies.
changes in any of these variables may resultin changes in the
required CPU allocation. For example, a web server work- 3-1  Scheduler Feedback

load consisting of only static page requests would likety re - Applications need a technique to measure the effect CPU
quire a smaller allocation than a workload requiring dynam- contention is having on their perceived performance. Unlik
ically generated content. real-time processes, these applications do not have regula

Applications are also unable to anticipate unacceptable periodic CPU requirements or deadlines; they cannot mea-
CPU allocations (assuming an application’s CPU require- syre CPU contention in missed deadlines. We propose using
ments are known). Predicting CPU allocations is difficult. g metric we have terme@PU slowdowras an indicator of
Even the CPU scheduler does not know what allocations it degraded CPU performance. Intuitively, this is how much
will give in the near future, primarily because the set of-pro  slower the CPU appears to a task; e.g., a 5x CPU slowdown
cesses eligible for CPU is constantly changing: processesjs equivalent to running on a machine with a 5x slower CPU.
exit, fork, sleep, block on 1/O, and unblock. CPU sched- e believe this provides a natural way to think about CPU
ulers make immediate scheduling decisions based on theirperformance degradation for best-effort applicationsUCP
scheduling policy and the current set of eligible processes  sjowdown can easily be derived from the allocation infor-

A technique for preventing unresponsive or crashed ap- mation provided by the herald.
plications due to CPU contention should have the following  The herald exports four metrics for each task over a 1
properties. second interval; each allocation is specified as a rate in mil

e An application should be able to dynamically determine liseconds per second. Note that task is used in this paper as
its CPU resource requirements at runtime. An ideal so- shorthand for a process or thread. The latency between up-
lution should require no prior knowledge of the applica- dates of these metrics is determined by the sample period of
tion, its expected performance, or the system’s hardware the herald implementation (100ms in our implementations).
configuration. Potential and predicated allocations are also updated imme

diately when a task’s priority is modified.

Desired allocation: The CPU allocation a task would
have received on an idle machine during the previous time
interval. A process’s desired allocation provides a raefees
to compare its actual, predicted, and potential allocation

Actual allocation: The CPU allocation a task received
during the previous time interval. This allows an applioati
. . ) o to determine how CPU contention affected its performance

to |mpler_nent '_[helr own CPU contention policies that most recently. A task’s past CPU slowdown is determined by

meet their particular goals and use-cases. dividing its actual allocation by its desired allocation.

e An ideal solution should be applicable to a variety of  predicted allocation: The CPU allocation a task is ex-
schedulers. Many applications and users have a preferredhected to receive in the next time interval. Knowing a pro-
operating system or scheduling algorithm. cess’s predicted allocation allows an application to pnéve

e Applications should be able to anticipate and avoid per-
formance degradation due to CPU contention. An ap-
proach that cannot predict performance degradation runs
the risk of the application crashing or becoming unre-
sponsive before it can take corrective action.

e The policy for managing CPU contention should be
adaptable for each application. This allows applications
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application tasks and overly large allocations to otherss T

Application&%& Application&%ﬁ feedback allows applications to steer the CPU scheduler
towards the application’s desired division of resources.
_ _ The accurate accounting provided by CPU Futures makes
CPU Futures  Contention Policy it ideal for auditing quality of service in cloud comput-

ing [EC2, AZU] which is useful for establishing trust be-
tween cloud providers and customers [Haeberlen 2009]. A

Controller

PR - -
Kernel

Scheduley Allocation

Interface Information cloud computing client should know when they pay for an

Contention Poliq ~.___-VY hour of compute time if half of it was spent waiting to use the
CPU Scheduler CPU Scheduler CPU. Similarly, if cloud providers are to maintain the illu-
sion of infinite resources they must monitor applications fo

Figure 3. CPU Futures architecture. slowdown due to resource shortages. An accurate picture of

problems rather than simply respond to them. A task’s fu- application resource requirements and subsequent penalti
ture CPU slowdown is determined by dividing its predicted for server consolidation is vital to managing a cloud com-
allocation by its desired allocation. puting environment.

Potential allocation: The maximum CPU allocation a Performance analysis and debugging can be difficult in
task could receive in the next time interval. This allows complex systems [Chanda, Mogul 2006, Regehr]; CPU fu-
bursty applications to ensure there is a large potential al- tures provides an important first step in isolating perfor-
location to deal with its demand spikes. A task’s potential mance bottlenecks. Performance may suffer for dozens of

future CPU slowdown is its potential allocation divided by reasons, narrowing the problem to resource contention stil
its desired allocation. leaves plenty of resources to investigate. In a CPU-Futures

enhanced-system, theop system utility could easily be
3.2 Controller modified to display the CPU slowdown of each process. Sys-
CPU Futures gives applications the ability to replace the tem administrators could then use this modified utility te de
static, generic in-kernel CPU contention policy with their termine the cause of performance problems, as well as guide
own dynamic, application-specific policies. Unlike an in- infrastructure adjustments to resolve these problemsnQur
kernel CPU contention policy, a user-level policy can be development, programmers could use CPU futures to isolate
written in a high-level language that allows applications and resolve performance bugs. CPU futures can be viewed
to easily express complex, changing policies that pregisel as a low-cost, first-step in isolating these bugs beforegusin
reflect their specific goals. resource-intensive, low-level instrumentation.
. In CPU Future;, an application’s CPU conteption policy 4. CPU Futures Design and Implementation
is represented by its user-level controller (see Figurd@Bg.
controller monitors the scheduler feedback provided by the The design of CPU Futures is motivated by the following

herald and enforces the application’s CPU contention polic four goals.
by shedding load or prioritizing work. Low overhead: Our interest is primarily in systems suf-

, fering under heavy load. These systems are already facing
3.3 Benefits of CPU Futures resource shortages, any solution to this problem should in-
CPU Futures enable precise control over interference from cur small resource costs.
other concurrent tasks, whether that interference is betwe Minimal scheduler modifications: Reducing the modi-
concurrent tasks within an application or between multi- fications required to implement the in-kernel portion of CPU
ple applications sharing the same hardware. An application Futures increases the likelihood of adoption into comnyodit
whose internal policy is compromised by low allocations can operating systems.
detect and resolve this problem by increasing the priority o Small modifications to applications:Limiting the mod-
vital tasks or suspending less important work. Similarly an ifications required to integrate a CPU Futures controller pr
application suffering from unacceptable CPU slowdown due vents destabilizing the software we are attempting to im-
to other competing applications can modify its own inter- prove.
nal workload or opt to notify an administrator and suspend  Accuracy: Accurate scheduler feedback allows more re-
operations entirely. Furthermore, CPU futures enable low- fined control over CPU allocations and enables adoption by
importance applications to cooperatively run in the back- a wide-variety of applications, including those with sgramt
ground without disturbing other more important programs. CPU requirements.

Operating system scheduling policies can conflict with These design goals are reflected in the simplicity of our
application scheduling policies, as illustrated by the web in-kernel models and feedback controller design. We de-
server example ir§2.1. Similar to detecting interference veloped a single desired allocation model for all scheduler
from other applications, CPU Futures can detect when the types and a separate predicted and potential allocatioeimod
operating system has given insufficient allocations to some for timesharing and proportional-share schedulers.
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4.1 Actual Allocation 2009]. The Completely Fair Scheduler (CFS) is found in the
newest versions of the Linux kernel, and has been included

Calculating a task’s actual allocation does not require a . . o
model: it g sufficient to simply measure the CPU glloca- in the desktop Linux distributions Fedora and Ubuntu for

tion a task received. The accuracy of these measurementsSeveral years. .CFS Is a proportiongl-share scheduler based
are determined solely by the granularity of scheduler instr on the generalized processor sharing model (GPS) where

mentation provided in the implementation. user—lev_el priorities are translated into fixed weights fikar
P P 2008, Singh Pabla 2009).

4.2 Desired Allocation Model An important feature of both our timesharing and propor-
Determining a task’s desired allocation is a matter of givin tional share models is that increasing or decreasing astask’
ing its intentions rather than simply measuring the outcome User-provided priority results in an immediate update dhbo
of CPU scheduling. Fortunately, the CPU scheduler is in a its predicted and potential allocations. Without this feat
unigue position to gather the statistics required. When CPU 0ur models would be inaccurate when applications attempt
is underutilized, a task’s desired allocation is simplyaits to prevent performance degradation.

tual allocation. Under contention, the delay experienged b 4.3.1 Timesharing Predicted and Potential Allocation

task due to queuing for CPU reduces its actual allocation. A
task’s desired allocation for a given time period is comgdute
by multiplying the task’s CPU utilization, in the absence of
gueuing, by the time period (1000ms).

Priority-based timesharing schedulers adjust user-gemali
task priorities based on the level of CPU demand each task
exhibits; more demand results in worse priority. This mech-
anism divides the population of tasks into distinct, redate

: : .« time_period 1) groups indexed by a sc_heduller-defineq dypamic priorit_y. _The
time_period — wait time behavior of a task defines its dynamic priority and similar

Calculating desired allocation in this way has two possi- 1@sks have similar dynamic priorities. '
ble drawbacks. First, special care must be taken when com-  From this fundamental property we derive the hypothesis
puting the desired allocation for tasks that have large wait that defines the CPU Futures timesharing model: the CPU
times. Long wait times reduce the amount of behavioral llocation given to each dynamic-priority group remairls re
information available about a task. As wait times become 2tively constantin the short-term. Individual tasks mayo
longer the estimate of a task’s behavior becomes less pre-Petween these groups, either through changes in their behav
cise. To mitigate this problem, our implementation uses 100 107 Or user-defined priority, but the groups themselvesineta
second utilization information if a task’s wait time is lagrg a persistent behavior. '_I'h|5 consistent behavior resules in
than 900ms per second. consistent CPU allocation from the scheduler. Therefore, a

Also, our technique for computing desired allocation may Priority group’s near future allocation is likely very sifar
be inaccurate for tasks with periodic, time-based workioad € its near past allocation. _

This technique assumes each task has a fixed CPU allocation  Given a predicted priority-group allocation, a task's pre-
it desires regardless of CPU load. Tasks with a fixed amount dicted allocation is a function of its predicted prioritycan
of work to do every second may receive inaccurate desired the competition within that priority-group. The compaei

allocation predictions under heavy load. These task ard goo Within €ach priority group is calculated by measuring the
candidates for real-time schedulers. average number of tasks in each group. The details of pre-

dicting a task’s future priority group are specific to each
4.3 Scheduler Models scheduler. For example, in the O(1) scheduler a task’s pri-
The predicted and potential allocations exported by our ority is increased when it returns from 1/O. Therefore, the
scheduler enhancements depend on the broad policy andpredicted priority of a task blocked on 1/O is simply the pri-
specific implementation of the underlying CPU scheduler. ority it would be assigned if it suddenly became eligible: Di
This section examines the basic models we have created toviding the priority-group allocation by the number of tasks
predict allocations for timesharing and proportionaltgha that must share that allocation yields the predicted pek-ta

cpu_allocation

schedulers. allocation for that group. For a given priority groyp
We have chosen timesharing and proportional-share sched- allocation.
ulers because they are popular in commodity systems. per_task_allocation; = ——— 2

SunOS includes both a proportional-share and timesharing group-size;

scheduler [McDougall 2007]. Currently the Linux kernel is This predicted per-task allocation ignores another funda-
distributed with either the O(1) timesharing schedulethert  mental property of priority-based timesharing schedulars
proportional-share Completely Fair Scheduler (CFS). The higher priority task can steal CPU from any lower priority
O(1) scheduler is a priority-based timesharing schedwder d group. This cycle stealing, however, may result in a deereas
signed to give better priority to interactive tasks. Despié- in priority because timesharing schedulers assign betier p
ing the older Linux scheduler, both Google and Red Hat En- orities to tasks that use less CPU. As a result, in our model
terprise Linux (RHEL) both use the O(1) scheduler [Corbet a task can either keep its high-priority allocation or drop t
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a lower priority and share cycles allocated to that priority allocation for this scheduling interval is the maximum pos-
group. A task’s potential CPU allocation is the maximum of sible, as there will always be at least one eligible task.

the predicted-per-task allocation for its own priority gm Let ¢z, 5 be the maximum total CPU allocation for a
or any lower priority group. Given a tagkwith a predicted scheduling intervab andb; € B be the best allocation task
priority j and worse prioritieg — 1 through0, p’s potential p; can receive irb, then: w;

S bi = Caz.§ ¥ == 8
allocation is: i = Cmaz,S * S o — e+ w; ®)

potential = max(ppaj, ppaj_1,...,ppao) 3) 4.4 Implementation Details

We have implemented the CPU Futures models in two Linux
schedulers: O(1) and CFS. Implementing these models re-
quires adding a modest amount of additional instrumentatio
to the statistics gathering code already found in many CPU
schedulers. Specifically, we instrument the code that @sdat
individual task statistics every scheduler tick and cod# th
predicted = min(desired, potential) (4) adds or removes tasks from the run queue. This instrumenta-
tion supplies an accurate estimate of the amount of CPU al-
located to each task and priority-group, as well as the weigh
Many proportional-share schedulers are based on the GPSnd depth of the run queue. These samples are aggregated
model. Therefore, the proportional-share CPU Futures mod- into a moving average every 100 milliseconds to produce a
el is based on modifications we have made to this standardone second estimate of each value.

model [Parekh 1993]. GPS states that given a set of t&sks For simplicity, both prototype implementations of the

whereppa; is the per-task allocation for priority

The predicted allocation model follows directly from this
model. A task will never attempt to get a larger allocation
than it needs. Therefore, a task’s predicted allocatiohes t
smaller of its desired and potential allocations.

4.3.2 Proportional-share Predicted Allocation

with associated weights in sBt, the CPU allocation; € C CPU Futures herald export scheduler feedback through a
a taskp; receives matches the formula single virtual file in theproc file system. This file contains a
row for each task in the system and a column each for the po-
ci = iy Zc (5) tential, desired, predicted, and actual CPU allocatiote T
2w w C herald calculates these values from the scheduling statist
providedp; is continuously eligible to use the CPU, i.e., ©achtime thisfile is read.
not blocked. 4.5 Evaluation

Unfortunately, even in the short-term many tasks are not \ye nerformed a variety of benchmarks to evaluate the over-
continuously eligible. In order to compute predicted CPU hea4 and correctness of our kerel modifications. We mea-
allocations, we extend this simple model to include non- g a4 the overhead of our kernel instrumentation using the
continuously eligible tasks. The core idea behind our exten gpEcint2006 benchmark suite. For this and later experi-
sion is that the weight contributed by each task to the olveral ,ants the hardware was a machine with a pair of quad-core
system weight is proportional to the amount of time an indi- |ye| Xeon processors and over 20GB of memory. The base
vidual task is eligible. Therefore, each task receives &@or  gjo\down of the entire SPECInt2006 suite was less than
of the CPU based on its contributed weight and the sum of o 5o for the O(1) scheduler, with a worst benchmark slow-
contributed task weights. , . down of 3%. The CFS version of CPU Futures did slightly

More formally, our extension to the GPS model is as pgter with an entire benchmark slowdown of less than 0.5%
follows. Lett; € T be the timep; was eligible out of a and a worst benchmark slowdown of less than 1%.

scheduling intervab. Then the normalized weight, € E Microbenchmarks reading the herald proc file indicate
is calculated using the following formula: that the cost to applications monitoring CPU Futures is min-
t imal. The average query to the O(1) version of the herald

e = w; * é (6) takes just ove 00us; the CFS version takes undéious.

] ) Since these metrics are only updated once per 100ms, this
A task p; predicted future CPU allocatiofy € F' can represents a nominal overhead.

then be calculated using the following formula: The modifications to the O(1) and CFS schedulers were
fi= €, Z f (7) minor. The code to insert additional instrumentation, com-
>pe F pute moving averages, and export allocation metrics to-user

space totaled roughly 400 lines in O(1) and 600 lines in CFS;
this is less than a 4% and 6% increase in the scheduler code
Given equation 6, a task’s potential allocation is simply th  respectively.

allocation it would receive if it was continuously eligitfier To demonstrate the correctness of our models, we record-
the entire scheduling interval. Therefore, a task’s pagént ed the four herald metrics for a process on an initially idle
allocation is calculated using its full weight. The totall@P  machine; every 30s an additional, identical process is@ddde

4.3.3 Proportional-share Potential Allocation
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Figure 4. The herald metrics illustration. The x-axis rep- Figure 5. Example of feedback-controller search algo-
resents the experiment time; the y-axis the CPU allocativergto rithm.. The x-axis is a portion of the experiment time; the y-axis
the target process in milliseconds per second. Note theigiest is the process priority. Between 41 and 43 seconds the dtanti®
and actual lines are nearly indistinguishable. This grapbws the searching for a new optimal setting. The time between 43$%4ad
experiment on the CFS implementation of CPU Futures. shows the minimal interference mode and the increasedrdista

to the system (see Figure 4). The desired allocation of the between checking the other candidate priority.

target process should and does remain constant despite thenains incorrect in the same direction (high or low) resuits i
increasing load. Matching our expectations the potential a the increment or decrement being doubled. Changes in di-
location starts much higher than the desired allocation be- rection between two successive measurements, high to low
cause the machine is initially idle. Note that even with 10 or low to high, result in halving the distance between the
concurrent processes, the target process could stillve@ei  current and the previous setting.
larger allocation simply by competing for CPU more often.  The optimal setting may be impossible, e.g. 3.5 concur-
The predicted allocation correctly matches the actuatalo  rent workers. Therefore, this algorithm must be able tordete
tion and both drop every 30s as the system load increases. mine that it has found a setting as close to optimal as possi-
Our feedback controller design is easier to discuss in the ple. The search algorithm determines that it has reached the
context of application case studies. These case studies als optimal setting when it begins to oscillate between two con-
provide an evaluation of the accuracy of the CPU Futures secutive settings. It selects the better of these two gsttin
herald. and ceases searching.
5 CPU Futures Case Studies The optimal setting may qhange with shift; in the work-
load. Thus the search algorithm must periodically recheck
These case studies demonstrate that CPU-Futures can marhe other candidate setting, if it is better the search élyor
age interference caused by low-importance applications aspegins again. If not, the search algorithm changes thegetti
well as increase the responsiveness of a distributed systenback to the previous value and doubles the time until it com-
under heavy load. In the Empathy case study, CPU Fu- pares the two candidate settings again (up to 1s). We refer to
tures limits the performance degradation suffered by a web this interval asminimal interference modéigure 5 shows
server when run concurrently with a low-importance video this algorithm searching for an unknown preset optimal pri-
conversion program. The SheepDog case study features arity.
CPU Futures-enhanced Apache web server that drastically
reduces the number and magnitude of starving web requeststtis €88y illustrates CPU Futures ability to manage
under heavy user-demand. interference caused by low-importance background tasks. |
this case, an Apache web server is the high-importance ap-
5.1 Controller plication running concurrently with a low-importance vile
The controller for each of these case studies is remarkablyformat conversion program. The flexibility of CPU Futures
similar, following roughly the same design. In the first case allows a wide variety of application-specific interference
study, the controller is searching for the optimal priority policies. As such, this case study presents two scenarios to
for a low-importance application; in the second, the con- highlight different interference policies. In both of tleesce-
troller must determine the correct level of concurrencynn a narios the high-importance and low-importance task are ex-
Apache web server. ecuting on behalf of the same system administrator. As such,
In each case study, the appropriate setting is unknown inthe goal is to use CPU Futures to allow these applications to
advance and the only information that can be inferred is that cooperate rather than compete. All experiments in this case
the current setting is either too low or too high. The con- study use CFS enhanced with CPU Futures.
troller uses a search algorithm to find the correct settifig. | This first scenario demonstrates the responsiveness of
the current setting is too large or small, the search algarit  CPU Futures to changes in system workload. In this sce-
decrements or increments the value a small amount respechario, the web site administrator wishes to perform video
tively. Each successive measurement in which the setting re conversion only when it does not interfere with serving
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Figure 6. Apache throughput with an alternating Figure 7. Empathy-managed video conversion running
heavy/light workload. The x-axis is the experiment time; the  simultaneously with increasing Apache web server work-
y-axis is Apache request throughput. The No Interferermmezrigp- load. The Goal line is minimum allocation the video conversion

resents Apache running on an otherwise idle machine. TheaEmp  program must receive to suffer less than a 5x CPU slowdown.
thy line is when Apache is run concurrently with Empathy ngela

video conversion software. The Unmanaged line is Apacheimgn

concurrently with video conversion software at the lowekirfiy.

web requests; the video conversion program should only pend the video conversion application reducing interfegen
consume CPU cycles that would have otherwise gone idle. to the web server. The low-importance program still receive
The CPU Futures herald must provide accurate information an average CPU allocation of 16ms/s.
about CPU contention to ensure the video conversion pro- In the second scenario, the system administrator would
gram does not degrade web server performance. like to ensure the video conversion does not take an indef-
We developed an external controller, call&npathy inite amount of time to complete. They would still like to
to manage the multithreaded video conversion program. In limit the interference with the web server, but at the same
this scenario, Empathy monitors the CPU contention experi- time prevent the video conversion from starving. Using CPU
enced by other processes and suspends the low-importanc&utures, the administrator can set a limit on the CPU slow-
application if this contention exceeds a fixed, small thresh down experienced by the video conversion application.
old. An application that has been suspended is periodically  This policy requires a more complex controller. We mod-
resumed using the minimal interference mode discussed inified Empathy to monitor the desired and predicted alloca-
the previous section. tions of multiple tasks running under the low-importance ap
We ran the Apache web server with a workload that al- plication. Empathy employs the full search algorithm from
ternates between a heavy and light load. There are no idlethe§5.1 to determine the best priority for the low-importance
cycles under the heavy load, but during light load there are application to meet the administrators desired CPU slow-
relatively idle periods. An Empathy-managed video conver- down.
sion should be able to run in the light load periods without ~ We ran the Apache web server with a steadily increas-
affecting the overall throughput of the Apache web server. ing workload; starting out idle, the workload increased in-
Empathy should also quickly respond to the transition from crementally every 30s. We ran Empathy concurrently with
light to heavy load allowing web server throughput to in- a policy to ensure the video conversion suffered no greater
crease rapidly. than a 5x CPU slowdown. Early in the experiment Empa-
As shown in Figure 6, the Empathy-managed video con- thy is not required to intervene as there is little CPU con-
version application inflicts a worst case throughput degra- tention. As the workload increases, Empathy increases the
dation of less than 9%, with an average reduction of 3%. video conversion’s priority to meet this goal.
For comparison, this graph also shows the impact an un- As shown in Figure 7, Empathy is able to enforce this
managed, lowest-priority video conversion has on Apache CPU slowdown limit. As predicted, between 0 and 60s the
throughput. The unmanaged approach results in a consistenCPU contention is not large enough to require Empathy to
25% reduction in the light load throughput and up to an 11% increase the video conversion’s priority. After 60s the web
drop during the heavy load periods, with an average reduc- server CPU demand is large enough that an unmanaged
tion in throughput of over 13%. The larger degradation in video conversion’s CPU slowdown would be beyond the ac-
the light load periods is due to a reduction in active Apache ceptable limit. Despite the increasing CPU contention, Em-
worker processes caused by the lower load. The fast tran-pathy is able to keep the video conversion program’s CPU
sition from low to high throughput indicates that Empathy allocation centered around the goal allocation for the re-
is able to quickly quickly detect CPU contention and sus- mainder of the experiment. In contrast, an unmanaged low-
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mean; the box forms the standard deviation and the whiskers a  pool size selected by SheepDog.
the max and min. Each box represents at least 5 runs.

priority video conversion program receives less than 35 mil arrives, a worker process is selected from the pool to servic
liseconds of CPU time per second after the first 90s, eventu-it. After this request has been completed the worker process
ally trailing off to less than 10ms/s (a 328x slowdown). is returned to the pool. An Apache master process maintains
We performed a similar experiment for a variety of video this pool.
conversion slowdown limits. In this experiment we do not Determining how large to make this worker pool is diffi-
increase the Apache workload; it stays consistently heavy. cult. If this value is too large resources are spread tog thin
Empathy is able to ensure that the CPU slowdown of the too small and resources go unutilized. Additionally, assil
video conversion is no worse than the specified limit, for a trated in§2.1, under CPU contention the CPU scheduler may
variety of limits (see Figure 8). However, it is not always enforce policy decisions that conflict with the overall goal
be able to closely match the specified limit due to the lim- of the Apache web server. In a standard Apache web server

ited granularity of CFS priorities. In this situation, Entpga the pool size is set statically via a configuration variable.
always errs on the side of better performance for the low-  We embedded our CPU Futures controller into the Apa-
importance application. che master process to control the size of the worker pool. Us-

Both of these scenarios clearly demonstrate the value ofing the algorithm described i§b.1, this controller increases
CPU Futures in creating a cooperative user-level policy be- the pool size when every worker is above a CPU slow-
tween applications. With CPU Futures a system administra- down threshold and decreases the pool size if any worker
tor can develop a wide variety of consolidation policiestha falls below that threshold. These modifications should-dras
accurately manage the interference between applications tically reduce the level of worker starvation while ensgrin

Without CPU Futures it would be difficult to enforce the high-level of CPU utilization. We call this modified Apache
administrators wishes in either scenario. Neither the O(1) serverSheepDodpecause it prevents the operating system’s
nor the CFS scheduler support a job class that consumes onlyscheduling policy from separating any of the worker pro-
cycles that would be otherwise idle, and without knowing an cesses from the flock.

application’s desired allocation it would be impossiblein To overload SheepDog we ran 250 clients, half generat-
sure it received an arbitrary fixed fraction of that allooati ing uninterrupted static web requests (job class S) and the

other half generating uninterrupted dynamic web requests
5.3 SheepDog (job class D). For evaluation purposes, any web request tak-

. ing longer than ten seconds is considered to have starved.
In this case study, web requests starve because the weky, configured SheepDog to allow up to a 50x slowdown
server is unable to determine the correct level of internal per web request before reducing the worker pool; Sheep-
concurrency; conflicts between the web server and operatingp g goes not measure response times and is unaware of the
system’s CPU contention policy also contribute to starving response time limit. Sheep Dog should be able to prevent
web requests. CPU Futures is able to find the correct concur-, |, requests from starving within the limits of managing
rency level to reduce starvation caused by both problems. Al ¢ concurrency level. To verify this, we repeated this expe
experiments in this case study use our modified O(1) sched-j ant with a non-CPU-Futures-enabled Apache and a vari-

uler. . . ety of fixed worker pool sizes including the default value,
We configured an Apache web server to service web

requests using a pool of worker processes. When a request
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256 workers. For all experiments presented the results aredegradation, not anticipate it. In contrast, CPU Futured-mo
an average over five runs, each run taking five minutes. els are simple, predictive, adjust to all hardware typest(ju
As shown in Figure 9, SheepDog is able to minimize the as the scheduler does), and do not require a learning phase
number of starved web requests within the limits allowable or offline analysis.
by modifying the concurrency level. SheepDog has on av-  Implicit feedback has also been used to ensure low-
erage only 35 starving requests per run, a nearly order-of- importance background tasks do not interfere with impdrtan
magnitude reduction when compared to the default Apache foreground processing [Abe 2008, Douceur]. A background
configuration. During the experiment, SheepDog dynami- application monitors its own application-specific progres
cally increases or decreases the pool size based on the curer resource allocations and infers resource contentiomwhe
rent mix of running requests; some mixes create more CPU ever this progress slows or allocations decrease. The low-
contention. This dynamic behavior accounts for SheepDog importance application then slows or suspends its resource
having fewer starved requests than the optimal statically consumption to reduce interfering with high-importance ap
configured pool size. plications. These type of applications can detect resource
SheepDog also reduces the magnitude of starvation whencontention for a larger set of resources than CPU Futures.
compared to a default Apache server (Figure 10). All of However, this approach only works if resource contention
SheepDog’s starving requests completed within 22s, where-reduces allocations to all tasks. As the Apache experiment
as 30% of Apache’s 328 starving requests took over a minutein §2.1 illustrates, this assumption does not always hold.
to complete. A handful even took as long as four minutes. Statically partitioning CPU resources through virtualiza
We performed a similar experiment in which we var- tion [Bugnion 1997, Dragovic 2003, Soltesz] or hierarchica
ied the mix of web requests to ensure SheepDog works for CPU partitioning [Goyal 1996, Waldspurger] can be used to
a variety of workloads and concurrency levels. The opti- ensure a fixed CPU allocation for each individual applica-
mal concurrency level changes depending on the workloadtion. These techniques ensure that there is CPU isolation be
mix, from 20 to nearly 80. A statically configured Apache tween competing applications. However, they do not prevent
would need a configuration update every time the workload CPU contention between concurrent tasks in the same appli-
changed. cation; without scheduler feedback, it can be difficult far a
Figure 11 illustrates that SheepDog reduces starvation byapplication to determine the correct level of concurrency o
at least half and in some cases by nearly ten fold. In the the severity of CPU slowdown it is suffering.
majority of workload mixes SheepDog limits starvation to Control theory mechanisms present an alternative to the
less than 20 requests. In contrast, Apache with a defaultsearch algorithm employed by CPU Futures controllers.
configuration starves over 300 requests at its worst, ana eve Padala use a control-theory-enabled resource allocator to
starves 60 requests with a simple, homogeneous workload. meet statically-specified application performance mstric
The results of this case study demonstrate the CPU such as throughput or mean response time. Unfortunately,
Futures can increase the perceived responsiveness of disdesired throughput and response time are functions of the
tributed applications. type and size requests being made; a user would not ex-
pect similar response times for converting on a 30 second
snippet of video as they would for a feature film. Replacing
Corresponding to our design goals, integrating CPU Fu- throughput or response time with CPU slowdown may add
tures into the case study applications required only adichit  proportionality to this control theory approach; similarl
amount of developer effort. The Empathy external controlle  adding control theory to CPU Futures controllers may speed
is written in C++ and is under 900 lines of code and can be f|nd|ng the optima| priority or concurrency level.
used to monitor a variety of low-importance programs. Sim-  Previous work in real-time scheduling is related to our
ilarly, the SheepDog controller required roughly 800 liés  work in many ways. For example, Buttazzo [2002] pro-
code modifications to the Apache master. posed the notion of tasks that have a range of acceptable
6. Related Work CPU allocatiqns. Feeplba_ck sch_eduling_h:_:\s been used to
support real-time applications withoat priori knowledge
An alternative approach to direct CPU scheduler feedback is of their resource requirements [Banachowski 2003b, Cu-
to construct ImpIICIt feedback from low-level instrumenta Cinotta]_ Previous real-time research has also attemmj:ed t
tion of individual tasks [Barham, Stewart]. In this apprbac  extract CPU requirements from the behavior of real-time
a variety of performance information is collected onlinelan  applications [Banachowski 2003a, Barham 1998]. Our ap-
complex models are calibrated or constructed offline. This proach differs in that our focus is entire|y on non-periodic
approach is broader than CPU Futures in that it can de- pest-effort applications, with the ability to reduce or rifpd
tect contention for multiple resources. However, it reggir  their CPU demand given scheduler feedback.
a learning phase or recalibration for every new applica-  Rather than enabling applications to handle CPU con-

tion, range of inputs, and hardware configuration. Another tention, another alternative is to dynamically add morelhar
drawback is that this approach can only detect performance

5.4 Minimal Application Modifications
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default configured Apache.

ware. Recent advances in cloud computing have made itap-7. Conclusion
pear as though computing resources are infinite [Babaoglu

2006, Elson 2008, Lagar-Cavilla 2009]; however, as demand Erggiti(ﬁnal t_)est-gffort scht_ad&grsl provilijle %Widz ralrﬂ]gg cl)f
increases in the cloud, good scheduling will be required allocations due to variability in workloads and schedu

to preserve this illusion. Applications will need to detect |nhg poll]?)/C.PHL?vg/e;/er, rr;}qngt?ppllt():auons have a m'T"m“Am
when demand has outstripped its current supply of cloud share o elow which hey become UNresponsive. Ap-

nodes. CPU Futures can not only aid in detecting overload plications that ignore the variability in CPU allocatiorsnc

but also may allow applications to effectively manage CPU ap%elflrJ nFot only unresponsive, bt;Jt ﬁlso (r)]thIOUS. cPU
contention until additional cloud nodes can be brought on- utures compromises both enhancements to

line. Optionally, a frugal cloud client may wish to manage schedulers and a user-level feedback scheduler to give ap-

transient overload using CPU Futures rather than allogatin plications the opportunity to avoid unresponsiveness due t
more nodes, thereby saving money, CPU contention. The in-kernel portion of CPU Futures gives
The Shar,e decay-usage scheduler allowed users to quer)?ppli_cations the ability to aut_or_natically determine t@itU .
the system to get their expected share of CPU [Kay 1988]. requirements as weII_ as anticipate performance degrmjgtlo
However, multifaceted distributed services are rapidly re due to CPU contention. CPU Futures also allows applica-

placing single-purpose programs executed from a prompt. tions to define their own CPU contentio.n.policies inthe fo'rm
Service applications are long-lived entities, often sgng ofa_tqser_-level feedback controller. Deﬂ_nmg CPU contantio
multiple requests and users concurrently. These appiitsiti pOI'_C'eS In user-space means that app_llcatlo_n_s can ea@h_ hav
need feedback in much the same way that Share users ditheIr own potentially complex, c_iynamlc policies for avoid-
In short, more abstraction requires more automation. ing CPU pgrformance degrada_tlon. .
Our motivation is similar to that of Exokernel [Engler, . We provided two case S.IUd'eS that'der.nonstrate combin-
Kaashoek], microkernels [Accetta, Brinch Hansen 1970, Ing sched_uler fe_edback W't.h an appllcg_tlon controller en-
Heiser 2001, Krieger], extensible operating systems [Ber- ables a wide variety of application-specific CPU contention

shad, Candea 1998, Leslie 1996, Small 1994], introspectivep(_)"Cies' In the Empathy case study, a Iow-impo_rta_nce ap-
systems [Arpaci-Dusseau, Gribble], and split level sched- plication managed by a CPU Futures controller limited the

ulers [Anderson, Krasic]; namely, applications can benefit interference between this application and a high-impeean

from exerting more control over resource management. Con- WEP Server. In the SheepDog case study, a CPU-Futures-
ceptually, this allows a wide variety of application-sici enhanced_ web server was able to reduce both the numt_)er
scheduling policies that may be difficult to express through 2nd duration of starving requests by nearly order of magni-
an operating system interface, but that are relatively éasy tude.

implemgnt in high-level pr.og.ramming Ianguag.es. Our ap- References

proach is perhaps most similar to Infokernel, in that CPU

Futures enhances commodity schedulers rather than rep|aC[EC2]Amazon elastic compute cloud. http://aws.amazan/eo?2.

ing them. This technique leverages the time and money in- [AZU ] Windows azure. http://www.microsoft.com/windovaae.
vested in commodity schedulers, and may help make them[Abe 2008] Y. Abe, H. Yamada, and K. Kono. Enforcing apprepri

S ate process execution for exploiting idle resources fronside
more robust by facilitating in-depth user feedback. operating systems. IBuroSys '08pages 2740, March 2008.

[Accetta] M. J. Accetta, R. V. Baron, W. J. Bolosky, D. B. Goju
R. F. Rashid, A. Tevanian, and M. Young. Mach: A new kernel
foundation for unix development.

11 2010/12/17



[Anderson ] T. E. Anderson, B. N. Bershad, E. D. Lazowska, and [Gribble]S. D. Gribble. Robustness in complex systemsepai

H. M. Levy. Scheduler Activations: Effective Kernel Sup’pﬁmrr — 26.

the User-Level Management of Parallelism. pages 53-79. [Haeberlen 2009] A. Haeberlen. A case for the accountabiecc!
[AP 2009] AP. North carolina unemployment claims crash vitebs In LADIS'09, October 2009.

USA TodayJan 2009. [Heiser 2001] G. Heiser.Inside L4/MIPS: Anatomy of a High-
[Arpaci-Dusseau ] A. C. Arpaci-Dusseau, R. H. Arpaci-Dasse Performance Microkernel School of Computer Science and

N.C. Burnett, T. E. Denehy, T. J. Engle, H. S. Gunawi, J. Nugen ~ Engineering University of NSW, Jan 2001.
and F. I. Popovici. Transforming Policies into Mechanisnithw [Kaashoek ] M. F. Kaashoek, D. R. Engler, G. R. Ganger,

Infokernel. pages 90-105. H. Bricefio, R. Hunt, D. Mazres, T. Pinckney, R. Grimm,
[Arpaci-Dusseau 2001] R. H. Arpaci-Dusseau and A. C. Arpaci  J. Jannotti, and K. Mackenzie. Application Performance and

Dusseau. Fail-Stutter Fault Tolerance. HiotOS VIII, pages Flexibility on Exokernel Systems. pages 52-65.

33-38, Schloss Elmau, Germany, May 2001. [Kay 1988] J. Kay and P. Lauder. A fair share schedul@mmun.
[Babaoglu 2006] O. Babaoglu, M. Jelasity, A. Kermarrec, ArM ACM, 31(1):44-55, 1988.

tresor, and M. van Steen. Managing clouds: a case for a fresh [Krasic ] C. Krasic, M. Saubhasik, A. Sinha, and A. Goel. feaid

look at large unreliable dynamic networkSIGOPS Oper. Syst. timely scheduling via cooperative polling. pages 103—116.

Rev, 40(3):9-13, 2006. [Krieger ] O. Krieger, M. Auslander, B. Rosenburg, R. W. Wis-
[Banachowski 2003a] S. A. Banachowski and S. A. Brandt. é8ett niewski, J. Xenidis, D. Da Silva, M. Ostrowski, J. Appavoo,

real-time response for time-share scheduling. IRDPS '03 M. Butrico, M. Mergen, A. Waterland, and V. Uhlig. K42: build

April 2003. ing a complete operating system. pages 133-145.
[Banachowski 2003b] S. A. Banachowski, J. Wu, and S. A. Brand  [Kumar 2008] A. Kumar. Multiprocessing with the completéyr

Missed deadline notification in best-effort schedulersMCN scheduler]BM developerWorkslan 2008.

[Ba?ﬁa\rg)l;&%siongigenj 1§3C1r3(;§bsp':'EGzrg(r)1 er, N. Stratford [Lagar-Cavilla 2009] H. A. Lagar-Cavilla, J. A. Whitney, Al.
M. Hugaard. and F. Toome Mgésdremengt] based resource Scannell, P. Patchin, S, M. Rumble, E. de Lara, M. Brudno, and
i ugg o i 3|’ \ ) ] M. Satyanarayanan. Snowflock: rapid virtual machine clgnin
allocation for multimedia applications. MMCN 98, volume for cloud computing. IrEuroSys '09pages 1-12, April 2009.

3310. SPIE, 1998.
! . Leslie 1996] |. Leslie, D. McAuley, R. Black, T. Roscoe,
[Barham ] P. Barham, A. Donnelly, R. Isaacs, and R. Mortiesing [ P. Barham] D. Evers, R. Fawbawn% and E. Hyden. The de-
magpie for request extraction and workload modelling. gage sign and |mplementat|0n of an operating system to suppstt di
259-272. tributed multimedia applicationdEEE J. Sel. Areas Commun.
[Bershad ] B. N. Bershad, C. Chambers, S. Eggers, C. Maeda, 14(7):1280-1297, 1996.

D. McNamee, P. Pardyak, S. Savage, and E. Gun Sirer. Spin_an[McDou - .
; . : ) - ; gall 2007] R. McDougall and J. Maur&olaris Internals:
extensible microkernel for application-specific opergtiystem Solaris 10 and OpenSolaris Kernel Architectugin Microsys-

services. o
[Bovet 2005] D. Bovet and M. CesatiUnderstanding the Linux tems Press, 2nd edition, 2007.

Kernel, Third Edition O'Reilly Media, Inc., 3rd edition, 2005. [Mogul 2006] J. C. Mogul. Emergent (Mis)behavior vs. Comple

[Brinch Hansen 1970] P. grlnch HanAsct:an 13T2e2n3u8d%l2|151 o;\ a Enul [P;O;f;vf ;esg(?:;ni lHESLOiyZ ogt':\iﬁn;zgﬁi' M. Uysal, Z. an
tlprogrammmg system.Commun ML3(4): pri S. Singhal, and'A. Merchant, Automated control of multiple
[Bugnlon 1997] E. Bugnion, S. Devine, and M. Rosenblum. Bisc virtualized resources. pages 13-26.
Running commodity operating systems on scalable multggoc ~ [Palmer 2009] M. Palmer. Surge of goods for sale sparks etzsc

sors. INSOSP '97 pages 143-156, October 1997. and compensation claimBT.com (Financial TimesNov 2009.
[Buttazzo 2002] G. Buttazzo and L. Abeni. Adaptive workload [Parekh 1993] A. K. Parekh and R. G. Gallager. A generalized

management through elastic scheduliRgal-Time System23 processor sharing approach to flow control in integratedces

(1/2):7-24, 2002. networks: the single-node caskEEE/ACM Trans. Netw1(3):

[Candea 1998] G. M. Candea and M. B. Jones. Vassal: loadable 344-357, 1993. . ) o
scheduler support for multi-policy schedullng \MINSYM '98 [Regehr]J. Regehr. Inferring Scheduling Behavior with kyass.

Berkeley, CA, USA, 1998. [Shipeng 2008] G. Shipeng and K. Willis. Snags, again, fon@h
[Chanda ] A. Chanda, A. L. Cox, and W. Zwaenepoel. Whodunit: ticket sale.Reuters May 2008.
transactional profiling for multi-tier applications. pagE7—30. [Singh Pabla 2009] C. Singh Pabla. Completely fair schedule

[Chandra 2003] Abhishek Chandra, Pawan Goyal, and Prashant Linux Journaj Aug 2009.
Shenoy. Quantifying the benefits of resource multiplexing i [Small 1994] C. Small and M. Seltzer. Vino: An integratedtfdiam

on-demand data centers. $elf-Manage '03June 2003. for operating system and database research, 1994.
[Corbet 2009] J. Corbet. Ks2009: How google uses li¥N.nef [Soltesz | S. Soltesz, H.d®zl, M. E. Fiuczynski, A. Bavier, and

Oct 2009. _ _ _ _ L. Peterson. Container-based operating system virtuaiza
[Cucinotta ] T. Cucinotta, F. Checconi, L. Abeni, and L. Raib. a scalable, high-performance alternative to hypervisgages

Self-tuning schedulers for legacy real-time applicatiopages 275-287.

55-68. [Stewart ] C. Stewart, T. Kelly, and A. Zhang. Exploiting rsba-
[Douceur ] J. R. Douceur and W. J. Bolosky. Progress-based tionarity for performance prediction. pages 31-44.

regulation of low-importance processes. pages 247-260. [Waldspurger ] C. A. Waldspurger and W. E. Weihl. Lottery
[Dragovic 2003] B. Dragovic, K. Fraser, S. Hand, T. Harris Ho, schedullng flexible proportional-share resource managgm

I. Pratt, A. Warfield, P. Barham, and R. Neugebauer. Xen and
the Art of Virtualization. INSOSP '03October 2003.

[Elson 2008] J. Elson and J. Howell. Handling flash crowdsnifro
your garage. IUSENIX '0§ pages 171-184, June 2008.

[Engler ] D. R. Engler, M. F. Kaashoek, and J. W. O'Toole. Exok
ernel: An Operating System Architecture for Applicatiopvel
Reso urce Management. pages 251-266.

[Goyal 1996] P. Goyal, X. Guo, and H. M. Vin. A hierarchicakcp
scheduler for multimedia operating systems. TechnicaldRep
CS-TR-96-12, University of Texas at Austin, 1996.

12 2010/12/17



	TECHCOVER.NEW1684.pdf
	1684

