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Abstract

This thesis addresses the problem of scheduling multiple, coment, adaptively par-
allel jobs on a multiprogrammed shared-memory multiprocessoAdaptively parallel
jobs are jobs for which the number of processors that can be usedheut waste
varies during execution. We focus on the speci ¢ case of paedljobs that are sched-
uled using a randomized work-stealing algorithm, as is used iha Cilk multithreaded
language.

We begin by developing a theoretical model for two-level sath@ling systems, or
those in which the operating system allocates processors to jobsdahe jobs schedule
their threads on the processors. To analyze the performance ofjab scheduling
algorithm, we model the operating system as an adversary. We shdwat a greedy
scheduler achieves an execution time that is within a factorf @ of optimal under these
conditions. Guided by our model, we present a randomized woskealing algorithm
for adaptively parallel jobs, algorithm WSAP, which takes a uigue approach to
estimating the processor desire of a job. We show that attempts tardctly measure a
job's instantaneous parallelism are inherently misleading. ®also describe a dynamic
processor-allocation algorithm, algorithm DP, that allocagés processors to jobs in
a fair and excient way. Using these two algorithms, we present theegdign and
implementation of Cilk-AP, a two-level scheduling system for aaptively parallel work-
stealing jobs. Cilk-AP is implemented by extending the runtimesystem of Cilk.

We tested the Cilk-AP system on a shared-memory symmetric multipo@ssor
(SMP) with 16 processors. Our experiments show that, relative tthe original Cilk
system, Cilk-AP incurs negligible overhead and provides up to7% improvement
in throughput and 30% improvement in response time in typical oitiprogramming
scenarios.

This thesis represents joint work with Charles Leiserson and Kah Agrawal of
the Supercomputing Technologies Group at MIT's Computer $ence and Arti cial
Intelligence Laboratory.
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Chapter 1

Introduction

An adaptively parallel job is a job for which the number of processors that can be
used without waste varies during execution. This number repsents the instantaneous
parallelism, or processor desire, of the job. In this thesis, we Bstigate the problem
of scheduling multiple, concurrent, adaptively parallel jbos on a multiprogrammed
shared-memory multiprocessor. We focus on the speci ¢ case of gkl jobs that
schedule their computation on a given set of processors using aaamized work-
stealing algorithm, as is used in the Cilk multithreaded langage [5, 19, 47].

The problem of scheduling parallel jobs on multiprogrammedapallel systems is
two-fold: rst, the processors are allocated to the competingops, and second, a
thread from a job is chosen to run on each of the job's allocatgmocessors [17]. In
single-level scheduling , the decision of where to allocate a processor is combined
with the decision of which thread to run on it; in other words, tle operating sys-
tem schedules all threads of all jobs. Itwo-level scheduling , the two issues are
decoupled: the operating system is responsible for allocatingopessors to the jobs
(the rst level of scheduling), and the jobs are responsible fortseduling their threads
on those processors (the second level of scheduling). Since psoes are allocated
to jobs, sharing is done usingpace slicing , where the processors of the system
are partitioned statically or dynamically among the di®erenjobs. In contrast, time
slicing shares processors by rotating them from one job to another dugreach time
guantum and is more common in single-level scheduling.

We have developed a theoretical basis for analyzing the parftance of two-level
schedulers. We model the interaction between the rst and secofalels of scheduling
by playing a game between the operating system and the job schéghyin which the
operating system acts as an adversary. A similar approach is takby Arora et. al. [2]
to model multiprogrammed environments for their thread sctauler. We de ne an
adaptively parallel job using the graph-theoretic model of oitithreaded computation
developed by Blumofe and Leiserson [7]. We extend the models dition, however,
to support the idea of adaptive parallelism when executing a ritithreaded compu-
tation. In particular, the model can handle a scenario wherehe operating system
(adversary) changes the number of processors allocated to a jtthe beginning of
every time step. We show that it is still possible for a job schedularsing a greedy
algorithm under these conditions to achieve an execution tiethat is within a factor

11



of 2 of optimal.

Using our theoretical model, we have developed a randomizedristealing algo-
rithm for adaptively parallel jobs, algorithm WSAP (for \work stealing, adaptively
parallel"), that can handle dynamically changing processorllacations; WSAP is an
extension of algorithm WS presented in [7]. We also describe a @dynic processor-
allocation algorithm, algorithm DP (for \dynamic partitio ning"), which allocates pro-
cessors to jobs both fairly and exciently by responding to chamg in the processor
desires of jobs during runtime. Using these two algorithms, we hawdesigned and
implemented a two-level scheduling system for adaptively pdlal work-stealing jobs
running on a multiprogrammed shared-memory system. In the rstelvel of schedul-
ing, we use algorithm DP to allocate processors to the runninghe, based on their
current processor desires. In the second level of scheduling, we aigerithm WSAP
to schedule the computation of a single job and report its curné processor desire to
the rst-level scheduler.

The manner in which a job's current processor desire is estimatéglan interest-
ing problem on its own. In particular, we show that measuring té instantaneous
parallelism of a job can grossly underestimate the actual paralism in the job. We
propose a strategy that proactively explores the parallelisnfa job and uses feedback
from work-stealing statistics to tune the estimated desire.

We have implemented our two-level scheduler by extending threintime system
of the Cilk multithreaded language. We call our system Cilk-APThe original Cilk
scheduler implements algorithm WS [7], which assumes that theimber of processors
allocated to a job remains xed throughout its execution. Wenodi ed the scheduler
to implement algorithm WSAP, which handles dynamically chaging processor allo-
cations, and we added a user-level extension that implementsetprocessor-allocation
algorithm DP. Cilk-AP uses a technique called process contrat§] to coordinate the
reallocation of processors between the rst and second levelsaolfieduling. This tech-
nique is di®erent from the technique used in [2], because it eressithat the number
of virtual processors used by a job always matches the number diysical proces-
sors assigned to it. Empirical results demonstrate that Cilk-AP ha low overhead
and improved performance over the original Cilk system in a veaty of situations.
These results also suggest that algorithm WSAP runs in asymptotidgloptimal time,
although we have not yet veri ed this conjecture theoretiddy.

The remainder of this thesis is organized as follows. In Chapt8, we develop a
theoretical model for adaptively parallel computation, usig the two-level scheduling
approach. Chapter 4 presents our randomized work-stealinggarithm for adap-
tively parallel jobs, algorithm WSAP, and Chapter 5 presents audynamic processor-
allocation algorithm, algorithm DP. In Chapter 6, we discusshe design and imple-
mentation of our two-level scheduling system, Cilk-AP; we preseempirical results
for Cilk-AP in Chapter 7. Chapter 8 discusses previous work and weonclude in
Chapter 9.
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Chapter 2

High-Level Policy Decisions

In this chapter, we justify some of the major policy decisions iur approach to
scheduling adaptively parallel jobs. In particular, we discusthe advantages of

1) two-level scheduling over single-level scheduling,
2) dynamic processor allocation over static allocation , and
3) coordinated processor reallocation over uncoordinatedquoessor reallocation.

When choosing these policies, we focus on their applicabilitp shared-memory
systems that use the \workpile-of-tasks" programming model, in lich a computa-
tion is represented as a workpile of tasks that are executed byvariable number of
worker threads [17]. The model for adaptively parallel comytation that we present
in Chapter 3 is a variant of this model.

Two-Level Scheduling

The Trst policy decision we consider is the choice between sindéel and two-level
scheduling, the two basic approaches to scheduling in multipgpammed parallel sys-
tems de ned in Chapter 1.

In single-level scheduling, the operating system is responsibbde $§cheduling all job
threads directly onto the processors. The problem with this agpach is that it incurs
high operating-system overhead and may not be responsive to apption needs [17].
Since many scheduling decisions are a result of synchronizatmnditions among the
application's threads, paying the operating system overhead avery synchronization
point is expensive. The cost is especially high in ne-grainegbplications, where such
interactions between threads are numerous and frequent. flaermore, the operating
system is unable to optimize the scheduling, because it lacksanation about the
application's characteristics and synchronization patters.

The solution to this problem is to use two-level scheduling, whe the operating
system is only responsible for allocating processors to the comipgtjobs, and the
applications themselves perform the ne-grain scheduling ¢lireads onto allocated
processors in a way that satis es synchronization constraints. Thaternal level of
scheduling allows the application to have more threads thanllacated processors.

13



It also makes it possible to create systems where the allocationatiyes at runtime
and applications are expected to reschedule their threadscacdingly. This approach
is well suited to the workpile-of-tasks programming model, védre the tasks can be
executed by a variable number of worker threads.

While two-level scheduling is not universally accepted for latypes of multipro-
grammed parallel systems, it is perfectly suitable for shared-mery systems using
the workpile-of-tasks programming model [17], which are tHecus of this thesis. The
presence of shared memory makes it possible for tasks to be exetute any worker
thread on any processor. In fact, if the shared memory is centhallocated, memory
allocation (e.g. to implement the shared workpile) is complely decoupled from the
allocation of processors. Previous work has also shown that sintgeel schedulers
tend to work poorly on shared-memory systems [22, 38,50, 51].

Dynamic Processor Allocation

The rst level of a two-level scheduling system allocates processo jobs using either
a static or dynamic allocation policy. In astatic policy, the number of processors
assigned to a job remains xed throughout the job's executionln a dynamic pol-
icy, the number of allocated processors may change during rime. The current
Cilk scheduler can only be used with a static processor-allocatigpolicy, since it as-
sumes that a job's processor allocation does not change durinmtime. The Cilk-AP
scheduler presented in Chapter 6, on the other hand, copes witiinamically changing
allocations, and so it is suitable for use with a dynamic policy.

The disadvantage of a static processor-allocation policy is th& leads to frag-
mentation of processor resources and it compromises fairness. c8ifob allocations
are xed during runtime, new arrivals are forced to wait in a geue if sutcient
processors are not available. Various strategies to reduce qiumgy have been pro-
posed [16,42,43,49], but all of these strategies essentially resgrocessors for future
arrivals, thus wasting system resources and limiting achievabldilization. In addi-
tion, static policies are unable to adapt to changes in processequirements exhibited
by jobs during runtime.

Unlike static policies, dynamic processor-allocation policiedlow the system to
respond to load changes, whether they are caused by the arrivdl ew jobs, the
departure of completed jobs, or changes in the parallelism airming jobs|the last
case is of particular importance to us because of our study of gdeaely parallel
jobs. In all three cases, a dynamic policy is able to redistributprocessor resources
to accommodate the change in load.

To see how this response compares to that of a static policy, corsidhe example
scenarios presented in Figure 2-1. In scenario (a), jobs A and Badtrunning at
time T = 0 with P=2 processors each, whei is the number of processors in the
system, and a third job requesting®=2 processors arrives at timd@ = t. In the static
case, all processors of the system are busy, so job C is forced to waitlieither A
or B nishes; this policy compromises fairness and su®ers from uedd throughput.
The dynamic policy, on the other hand, is able to redistributehe processors of the
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system at timet and give each job a fair share oP=3 processors, thus achieving
better throughput. In scenario (b), only jobs A and B are runnng in the system,
but they exhibit complementary parallelism pro les (indicded by the dashed line).
In the static case, no changes can be made to the processor allan# once the jobs
have started, so there are periods during which some of the presers are poorly
utilized. This problem does not occur in the dynamic case, bagse the policy is able
to redistribute underutilized processors from job A to B and vie versa. The response
times of both jobs are also better because the processors are usedenexciently.

Static Dynamic
a)
Processors Processors
P P—
P/2 P/2 B
B C B C
C
t Time t Time
b)
Processors Processors

P/2 P/2

Time Time

Figure 2-1: Theoretical performance of static vs. dynamic processor-&cation policies
on a system with P processors. In scenario a), jobs A and B are running and job Creers
the system at time t; in scenario b), jobs A and B are running and exhibit complematary
parallelism pro Tes.

Dynamic processor-allocation policies have been studied amdplemented exten-
sively in the past [8,12,15, 22,27, 29, 30, 32, 33, 35, 37, 39¢41{46, 48,52]. Most of
this work, however, assumes that the instantaneous parallelisai the jobs is known
and used by the scheduling system when making its decisions. In piee, this in-
formation is not easily discernible, and in some cases can be irdrgly misleading.
(We show an example of such a case and describe our solution to thelgem in
Chapter 6.) In particular, at present not only does the Cilk sysgm expect the user to
manually enter the parallelism of a job before it begins, but tis parallelism remains
“xed throughout the job's execution, making the system only stiable for use with
static processor allocation policies.
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The primary complaint against dynamic processor-allocationgdicies is that they
incur more system overhead than static policies due to the freguot reallocations.
This overhead, however, is signi cantly reduced in shared-mmry systems that use
the workpile-of-tasks programming model, because the presenaf shared memory
makes it possible for tasks to be executed by any worker thread @my processor.
Moreover, the reallocation overhead also depends on how chaa to job allocations
are coordinated between the rst and second levels of schedglin

Coordinated Reallocations

An important policy decision for two-level scheduling systems #t employ a dynamic
processor-allocation policy is the manner in which reallodans are coordinated. In
uncoordinated reallocations, the operating system moves processors without in
teracting with the application, while in coordinated reallocations, processors are
moved in concert with the application [33]. The problem withuncoordinated reallo-
cations is that a processor might get preempted while running thread that holds
a spin lock, for example, causing other threads to spin until theritical thread is
resumed. In fact, the thread need not be holding a lock, but malye critical to the
application for another reason, causing other threads to blkr spin at the next
synchronization point. This waste of processor resources can sigantly deteriorate
both application and system performance [17,33]. While sevéidacking protocols
have been proposed to alleviate the problem|for example, \twp-phase" or \spin-
then-block” locking [24, 28]|they neither eliminate the problem nor target threads
that are critical for reasons unrelated to locks.

To avoid this kind of reallocation overhead, we choose a paglichat performs
coordinated reallocations. In a coordinated reallocationthe application is given
some responsibility or control to e®ect the requested allocatichange, or at the very
least, it receives noti cations from the operating system wheimportant scheduling
events occur. Since the application knows which of its threa are critical at any
given time, it can avoid preempting the corresponding processan the event that its
allocation needs to be reduced. For example, an applicatitimat follows the workpile
of tasks programming model can avoid preempting a processor 8bkdhread is in the
middle of executing a given task.

In general, coordinated reallocations allow us to °exibly idtribute reallocation
responsibilities between the application and the operating stem. The more respon-
sibility that is given to the application, however, the more he operating system needs
to trust that it will respond to allocation changes in an honest mnner. Several mech-
anisms have been proposed to implement coordinated reallooat policies, such as
scheduler activations [1], rst-class user threads [31], and qwess control [48]. The
Cilk-AP system uses the process control mechanism, which we discus$ection 6.2.
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Chapter 3

A Theoretical Model for
Scheduling Adaptively Parallel
Jobs

In this chapter, we develop a theoretical model for adaptile parallel jobs and their
execution schedules. We assume a two-level scheduling environiria which pro-
cessors are allocated to jobs in the rst level using a dynamic poyj, as discussed in
Chapter 2. We begin by modeling an adaptively parallel job aa \fully strict" (well-
structured) multithreaded computation with a given executon schedule, where the
number of processors allocated to the job may change at each stdphe execution.
Then, we model the interaction between the rst and second lelgeof scheduling by
playing a game between the operating system and the job schedulsm which the
operating system acts as an adversary; this approach is also used2]. We end with
an analysis of a greedy job scheduler in this adversarial modshowing that greedy
schedules achieve an execution time which is within a factof ® of optimal.

3.1 A Model for Adaptively Parallel Jobs

In this section, we present a model for adaptively parallel jabbased on the graph-
theoretic model of multithreaded computation described in7]. We model an adap-
tively parallel job as a fully strict multithreaded computation with an adaptive exe-
cution schedule. We de ne each of these terms in turn.

Our de nition of a multithreaded computation is identical to the de nition pro-
vided in [7]. To summarize, a multithreaded computation consts of a set of threads
that are connected to each other via spawn or data-dependeneylges. Athread
is de ned as a sequential ordering of unit-size tasks, where edeask takes one unit
of time to execute on a processor, and tasks in the same thread ammected by
continue edges that specify the sequential ordering of the thread. Figai3-1 shows
an example of a multithreaded computation. During its exedion, a thread (which
we call the \parent") may create, orspawn , other threads (called \children"). Each
spawn is represented by an edge, called tspawn edge, which connects the task in
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the parent thread that performed the spawn operation to the st task of the resulting
child thread. A spawn is similar in semantics to a subroutine callexcept that the
parent thread is allowed to operate concurrently with the ciid thread.

Figure 3-1: A fully strict multithreaded computation. The shaded block s represent
threads, the circles represent tasks, and the horizontal egies within each thread are continue
edges. Threads are connected to each other by spawn edgespsim as downward-pointing,
shaded edges, and dependency edges, shown as curved edgesis Tomputation contains

In addition to spawn edges, a multithreaded computation may ab contain de-
pendency edges between threads, modeling both data and cohtiependencies. De-
pendency edges allow threads to synchronize with each otherdamust be satis ed
before a thread can continue executing. For example, task in Figure 3-1 cannot
execute before taskss and vg have completed because of the dependency edges from
V5 t0 Vg and vg to vg. If the execution of thread B reachesy and these dependencies
have not been resolved, thread Btalls ; the execution ofvs and vg enables thread
B, making it ready for execution.

In general, a multithreaded computation can be viewed as ardcted acyclic graph
(dag) of tasks connected by continue, spawn, and dependencyged. Since it can
be impossible to schedule multithreaded computations with aifpary dependencies
exciently [6], we focus on a subclass of multithreaded computans, called fully
strict computations, in which all dependency edges from a thread go its parent.
We say the computation is \well-structured” in the sense that aldependencies from a
subcomputation emanate from the subcomputation's root threh Any multithreaded
computation that can be executed in a depth- rst manner on ongrocessor can
be made fully strict by altering the dependency structure|possbly at some cost
in lost parallelism|but not a®ecting the semantics of the compuation [4,7]. The
computation depicted in Figure 3-1 is fully strict.

An execution schedule for a multithreaded computation determines which pro-
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cessors of a parallel computer execute which tasks at each step Y processor may
execute at most one task during any step of the execution schedula addition, an
execution schedule must obey the constraints delineated by tkentinue, spawn, and
dependency edges of the computation dag. In particular, naqgressor may execute a
task until all of the task's predecessors in the dag have been ewesd, i.e., the task is
ready . The execution schedules studied in [7] assume that the numberpybcessors
available to execute a computation remains xed over time. Wremove this assump-
tion in our model and introduce the notion of anadaptive execution schedule, which
is identical to an execution schedule except that the numberf available processors
is allowed to change (instantaneously) from one step of the exgion to the next.

We now have all the tools necessary to model an adaptively pdedljob. An adap-
tively parallel job is a fully strict multithreaded computation with a given adaptive
execution schedule. The execution of an adaptively parallgb is controlled by two
entities: the operating system, which controls the number of pcessors allocated to
the job during each step of its execution, and the job schedulewhich generates an
adaptive execution schedule subject to the allocations dided by the operating sys-
tem. These entities correspond to the rst and second levels of @d-level scheduling
system. In order to analyze the execution time of an adaptivelyarallel job, we need
to model the roles of these two levels, as well as the interaatibetween them. We
present this model in Section 3.2.

3.2 An Adversarial Model for Two-Level Sched-
ulers

In this section, we present a model for two-level scheduling syste based on the
model for adaptively parallel jobs from Section 3.1. We desbe a game played
between the operating system and the job scheduler to executeabj in which the
operating system acts as an adversary. Using this adversarial mgdee show how to
guantify the execution time of an adaptively parallel job.

There are three main entities in a two-level scheduling systemthe operating
system (representing the rst level of scheduling), the job schebiur (representing
the second level of scheduling), and the job itself. The execomi of an adaptively
parallel job is controlled by both the operating system and thgob scheduler. We
model the interaction between the rst and second levels of sahding by playing a
game between these two entities. We assume that there is only ooé jn the system
initially (extending our model to handle multiple, concurent jobs is trivially shown
at the end of this section). The rules of the game are simple. DOaog each time step
t of a job's execution, three operations occur:

1. The operating system determines the numbd?; of processors to allocate to the
job for stept.

2. The job scheduler assigns tasks in the computation that are ma at time t
to one or more of theP; processors (i.e., it generates one step of the adaptive
execution schedule).
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3. Each processor that is assigned a task nishes executing the tagkthe end of
stept. (Recall that all tasks in the computational dag are unit-sizd.)

We refer to the players in this game as OS and JS, for the opeira system and
the job scheduler, respectively. The role of OS is to act as anwatsary, similar to the
role of the operating system in [2]. The role of JS, on the otherahd, is to schedule
the job as exciently as possible given the allocations provideby OS, minimizing the
job's execution time. There are no restrictions on the policysed by OS to determine
the job's allocation during each time step.

To quantify the execution time of the job, we rst de ne some tems. LetP; be the
number of processors allocated to the job during stepwheret 2 S=f0;1;:::;Tg.
T is the execution time of the job on an ideal machine with no scteling overhead.
In general, we make this assumption for all theoretical exedah times in our model.
We de ne thecritical path length  of a job to be the length of the longest directed
path in the computational dag. We denote this length byT, , since with an in nite
number of processors, each task along the critical path must stilebexecuted serially.
We de ne the work of a job to be the total number of tasks in the dag, denoted
by Ti, since a single processor can only execute one task during each.sWp want
to bound the execution timeT of the job using these two quantities, similar to the
bounds presented in [7].

If the processor allocation of a job remains xed during its exeation (as in a
static allocation policy), then our situation reduces to the suation studied in [7]. In
particular, if P, = P for all t 2 S, then the following bounds can be shown for:
T, T, and T, T,=P. The rst bound holds because anyP-processor execution
of the computation must execute the critical path. To show the s®nd bound, we
note that the P processors can execute at moft tasks per time step, and since
the computation has a total of T, tasks, the execution time is at leas@;=P. In our
model, however, the processor allocation policy used by OS newut be static; that
is, the values ofP; may change from one time step to the next. While it still follows
that T , T, (for the same reason given above), we cannot make the statement
that T , T,=P, becauseP is not a xed number in our case. We can try to prove
a similar qgund, however, based on the average value Bf, which we denote by
P =(1=T) ,,5P:. The problem with usingP as de ned is that, if OS allocates an
in nite number of processors to the job during one or more time aps, the value oP
becomes in nite, yielding a trivial bound of T , T;=1 = 0. To solve this problem,
we modify our de nition of P to cope with in nite allocations. In particular, given

time steps corresponding to those allocations. Notice that the eshents of S° are
distinct and S°u S. Also, let R, be the number of ready tasks in the computational
dag at time stept. Then, we de neP as follows:

De nition 1  The average e®ective processor allocation , P, is the average of
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all P, t 2 S, with eachPy, replaced bymin(Py; Ry,) for all t; 2 S° In other words,

A !
X X
P + min(Py; Ry) (3.1)

t2Sj SO t2s0

p=

=~

The modied de nition of P replaces values oP; that are in"nite with the cor-
responding values oR;. This substitution allows us to calculateP in the face of
adversarial behavior by OS. It also makes intuitive sense, bes®R; represents the
maximum number of tasks that JS can schedule in a particular stepvhich is also
the maximum number of processors that can be used in that step. VWdibut the mod-
i cation to P's de nition, OS could apply the following \winning" strategy to every
possible job: allocate an in nite number of processors to the joim the rst time
step, and then allocate 1 processor during each succeeding step.tHis scenario,
P = 1 and the best execution time JS can achieve & = T,, since only one task is
ready during the rst time step and at most one task can be executeduring each
succeeding step. Thus, the execution time on an in nite numberf @rocessors is no
better than the serial execution time (wherP = 1).

Using Equation (3.1), we can now prove a lower bound on executitime based
on the amount of work in the computation.

Lemma 2 For any adaptively parallel job with worl; and average e®ective processor
allocation P, the execution timeT of the job satis es the constrainflT | T,=P.

Proof.  During each stept of the job's execution, at mostP; tasks can be executed,
since there are onlyP; processors available to the job and each processor executes at
most 1 task per time step. The sum of thé>'s therefore serves as an upper bound
for the amount of work in the job:

.- Py (3.2)

t28

execution, as before. If we replace ea¢h, with min( Py, ;Ry,), then Inequality (3.2)
still holds, becauseR; is also an upper limit on the number of tasks that can be
executed during stept. Thus, we restate the bound as follows:

X X
T, - P; + min(Py; Ry)
t2Sj SO0 % t2S0
A I
T = P; + min(Py; Ry)
t2S; SO 20

TP :

O

The bounds shown in this section hold even if multiple adaptile parallel jobs
are running in the system, each with its own instance of JS. Fronhé point of view of
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the JS's, OS is an adversary, and so no expectations or constrairgre placed on the
allocations it provides to their jobs. Consequently, each JSeed not be aware of how
many other JS's are in the system or what allocations they rea@ from OS, which

makes sense since the JS has no control over either of these factdgkll a JS must

know in order to perform its function is the allocation of itsown job during each time

step (regardless of how this allocation is determined).

3.3 Analysis of Greedy Schedules

For the case of static processor-allocation policies, early woldy Graham [20, 21]
and Brent [10] shows that there existP-processor execution schedules that satisfy
Tp - T:=P + T;, whereTp is the minimum execution time over allP-processor
execution schedules. The greedy-scheduling theorem in [6] ends this result by
proving the same bound onl for greedy schedules, or schedules that attempt to do
as much work as possible during every step. In this section, we peoa similar bound
for greedy schedules for the case of dynamic processor-allcmatpolicies, where the
allocation of a job may change during each step of its executio

We de ne anadaptive greedy schedule to be an adaptive execution schedule
in which, during each stept of a job's execution, if at leastP; tasks are ready, therP;
tasks execute, and if fewer that®, tasks are ready, then all execute. In the scheduling
game described in Section 3.2, the adaptive greedy schedulaulddoe generated by
JS in response to the allocation®; provided by OS. We now state the Graham-Brent
bound for adaptive greedy schedules:

Theorem 3 (The adaptive greedy-scheduling theorem) For any adaptively par-
allel job with work Ty, critical path length T; , and average e®ective processor allo-
cation P, any adaptive greedy schedule achiev@s- T,=P + T, , whereT is the
execution time of the job.

Proof. We classify each stepg of a job's execution as one of two types: in a
complete step, there are at leastP; tasks that are ready, so a greedy schedule
selects anyP; of them to execute. Anincomplete step has strictly less thanP;
ready tasks, and so a greedy schedule executes them all. Sincéhestep is either
complete or incomplete, we can bound the time used by an adagigreedy schedule
by bounding the number of complete and incomplete steps.

Consider the complete steps rst. If every step2 S SPof the job's execution is
complete, then exactlyP; tasks are executed during each of these steps by a greedy
schedule. Also, since mifif;;R,) - R, for all t 2 S° no more than R, tasks are
executed during the remaining steps. Since no more thdn tasks can be executed
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by the greedy schedule, we have that
X X
LET P + min(Py; Ry)
t2Sj SOA t280 I
1 X X
, Te= P + min(Py; Ry)
T
t2S t280
TP ;

from which it follows that T - T,=P. Thus, the maximum number of complete steps is
T.=P. Now, consider the number of incomplete steps. L& denote the computational
dag of the job, and letG; be the subgraph ofG that remains at the beginning of step
t, whereGo = G. During each stept, all tasks in G; with in-degree O (i.e, tasks that
have no unexecuted predecessors) are ready to be executed. lbsgume that every
step is incomplete, then all of these tasks are executed by a gigeschedule during
stept. Since the longest path inG; starts with a task that has in-degree 0, the length
of the longest path inG;.; must be one less than the length of the longest path iG;.
In other words, every incomplete step reduces the length of anlgest path in G by
one unit; since this length is precisely the critical-path legth, there can be at most

dags resulting from a greedy schedule of the computation in kige 3-1, where every
step is incomplete; the length of the critical path (shown in bld) reduces by one unit
during each step.

Combining these results, the total time for executing the compte and incomplete
steps of a job using a greedy schedule is at moBt=P + T; . (]

The result of Theorem 3 tells us when an execution schedule cacheevelinear
speedup ; that is, when it can achieve execution timel = £( T;=P). In particular,
we nd that this occurs whenP - T,=T;, since then we havel,=P . T; and so
a greedy schedule executes in tim& - 2T,;=P. The quantity T;=T, is called the
average parallelism of the computation. Thus, if the average e®ective processor
allocation is bounded by the average parallelism, linear sple occurs.

The proof of Theorem 3 also provides additional intuition fothe de nition of P
in Equation (3.1): namely, that we only need to replace the tgest T; values ofP;
when calculatingP, because there can be at most; incomplete steps when using
a greedy schedule. In more general terms, if a good schedulingoaithm is used to
determine the adaptive execution schedule of a job, we expdbe job to complete
after no more thanT; in nite-processor allocations by OS.

Theorem 3 can be easily extended to show the following corolks.

Corollary 4 An adaptive greedy schedule yields an execution time that ighim a
factor of 2 of an optimal schedule.

Proof. ~ The lower bounds proved in Section 3.1 state that the executidtime T of
an adaptively parallel job satis esT , max(T;=P;T; ). From Theorem 3, we know
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Figure 3-2: The dag corresponding to the computation in Figure 3-1, with the critical

each incomplete step of a greedy schedule.

that an adaptive greedy schedule yields the following execah time:
T . fp + T]_
T T
max —:T; +max %;Tl
H T 1
2 max %;Tl (3.3)

Thus, an adaptive greedy schedule is always within a factor ofd optimal. [

Corollary 5 If P is much less than the average parallelism=T, , then an adaptive
greedy schedule achieves almost perfect linear speedup.
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Proof. If P ¢ T.=Ty, then it follows that T, ¢ T;=P. Thus, the execution
time of an adaptive greedy schedule from Theorem 3 reducesTo- T,:=P + T; »
T.=P. Since the constant in front ofT;=P is close to 1, the resulting execution time
demonstrates almost perfect linear speedup. (]

The argument that maintains Theorem 3 and Corollaries 4 and &when multiple
adaptively parallel jobs are running in the system is identidato the argument we
provide in Section 3.1. In particular, since we treat OS as ardgersary and place no
constraints on the processor allocation policy it uses, each JShaaperate obliviously
to the other JS's by simply regarding them as part of OS. In othewords, a JS does
not need to know how the allocations of its job are determind¢idcluding whether
or not they are a®ected by the presence of other jobs|for Theora 3 to hold.
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Chapter 4

A Randomized Work-Stealing
Algorithm for
Adaptively Parallel Jobs

In Chapter 3, we developed an adversarial model for analyzirige performance of
two-level schedulers for adaptively parallel jobs, where thaperating system (OS) and
job scheduler (JS) play the roles of the rst and second-level satiulers, respectively.
We showed that if JS uses a greedy algorithm to schedule a job'syqautation, then
the execution time of the job is within a constant factor of opmal. In this chapter,
we present another algorithm for JS, called algorithm WSAP, wibh uses randomized
work stealing to schedule the computation of an adaptively paflel job. WSAP is
an extension of algorithm WS from [7] that works with dynamic pocessor-allocation
policies. We begin with a description of WSAP in the adversarial odel, and then
discuss the policy issues surrounding its use in practice. We fooeg theoretical
analysis of WSAP in favor of investigating its performance prdically through the
Cilk-AP system (Chapters 6 and 7).

4.1 Algorithm WSAP in the Adversarial Model

In this section, we outline algorithm WSAP, which extends algithm WS to han-
dle the case where a job's processor allocation changes duritgyexecution. Like
WS, WSAP is an online, randomized work-stealing algorithm foscheduling fully
strict multithreaded computations; unlike WS, WSAP generatesan adaptive execu-
tion schedule that conforms to changing processor allocatiopsovided by OS. Since
WSAP is an extension of WS, we begin with a reprise of algorithm W&om [7]
and [3] and then proceed to extend it.

In algorithm WS (for \work stealing”), the threads of a computation are dis-
tributed across a xed set of processors, each of which attempts $teal work from
another processor whenever it runs out of work to do. Each pras®r maintains a
doubly-ended queue, called theeady deque , of threads that are ready to execute;
a thread is \ready" if the rst unexecuted task in its sequentialorder is ready. A
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processors treats its own ready deque as a stack, pushing and pagphreads from
the bottom, but treats the ready deque of another processor ascueue, removing
threads only from the top. In general, a processor obtains woily removing the
bottommost thread of its ready deque, which we call thread\, and executing it until

one of three situations occur:

1. Thread A spawns another thread. In this case, the processor pushes onto
the bottom of the deque and starts executing .

2. Thread A terminates. The processor checks the ready deque: if the deque is
nonempty, then the processor pops the bottommost thread and bieg executing
it; if the deque is empty, then the processor tries to execut®'s parent thread;
if the deque is empty andA's parent is busy, then the processor attempts to
work steal, as described below.

3. Thread A reaches a synchronization point and stallsSThe deque must be empty
in this case (if the computation is fully strict), so the processoattempts to
work steal.

The work-stealing strategy operates as follows: the processoaths attempting to
work-steal, called thethief , chooses another processor uniformly at random, called
the victim , and tries to steal work from it. If the victim's deque is nonemty, then
the thief removes the topmost thread and starts executing it {te steal is successful); if
the deque is empty, the thief restarts the process, choosing ahet victim at random
to steal from (the steal is unsuccessful). Each steal attempt takese unit of time
on a processor. At the beginning of the computation, all the rely deques are empty
except for one (the one that contains the root thread), so allui one processor starts
out work stealing.

Unlike algorithm WS, algorithm WSAP (for \work stealing, adaptively parallel”)
schedules a multithreaded computation on a dynamically chgmg set of processors.
In the context of our adversarial model, algorithm WSAP is impggmented by JS and
responds to changing processor allocations given by OS. Speally, during each step
t of a job's execution, JS receives an allocatid? from OS that is either greater than,
less than, or equal tdP;; 1, the job's allocation during the previous step. Consequently
JS needs a mechanism to increase or decrease the number of processing used by
the job, or the job'susage, to match the new allocationP;. In algorithm WSAP, these
adjustments are made by sending signals to the relevant processat the beginning
of stept. In particular, a sleep signal is sent to a processor to reduce the job's
processor usage by one, andwake signal is sent to a processor to increase the
job's usage by one. Thus, at the beginning of each stépJS takes one of two actions
after receiving the allocationP;:

1. If Py <Py; 1, JS sends a sleep signal to arl; 1| P; processors that are awake.

2. If P, > Py; 1, JS sends a wake signal t®; j P;; 1 processors that are asleep,
waking all processors with nonempty deques rst before wakindhase with
empty deques.

For ease of discussion, we assume that a job has an in nite number ofriual”
processors at its disposal, most of which are asleep; during any stepf the job's
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execution, algorithm WSAP guarantees that onlyP; of the virtual processors are
awake. The role of OS thus reduces to providing a numbBy to JS, instead of actually

allocating the physical processors. This abstraction does notolate the rules of our

adversarial model, since we guarantee that JS only uses as mampgessors as are
allocated, but makes it easier for us to deal with processors thare put to sleep

in the middle of working, since these processors cannot be retachto the system

without some protocol for handling their (hnonempty) deques. \& overload the terms

\virtual processor" and \processor" in the remainder of this chater.

The processors in algorithm WSAP follow the same rules of operati as the
processors in algorithm WS, except now they need to respond appriately to sleep
and wake signals. In particular, we add a fourth situation to thethree situations
listed above that can interrupt a processor's execution:

4. The processor receives a sleep signal from JS at the beginnifigstept. In this
case, the processor immediately puts itself to sleep, regardlegswhether it
is executing a task or attempting to steal work during steg. The processor
remains asleep until it receives a wake signal from JS or anothgrocessor at
the beginning of stept®> t, at which point it continues executing where it left
o®.

received wake signa

steal successful
w/ empty deque

(found work)

received sleep
signal

AN .
deque is empty and
parent is busy

stalled at
synchronization point

Sleeping

received sleep signal

) Working
deque is empty and
found parent

Figure 4-1: State diagram of a processor's execution in algorithm WSAP.

received wake signal
w/ nonempty deque

Figure 4-1 summarizes the execution of a processor in algorithMSAP using a
state diagram; the three possible states a processor can be in arediking” (when
the processor is executing a thread), \Stealing" (when the pomssor is making a
steal attempt), and \Sleeping" (when the processor responds toskeep signal). Since
processors can receive sleep signals at the beginning of any stefs possible for
some of them to go to sleep even if they have work on their deques prevent this
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work from going unnoticed, we modify the work-stealing stratgy as follows: the thief
processor chooses a victim from the set of processors that are eith®ake or sleeping
with nonempty deques. If the victim processor is asleep, then thkief sends a wake
signal to the victim and puts itself to sleep (note that the thiefhas an empty deque
since it is work stealing); the victim awakens and continues eguting where it left

o®. If the victim processor is awake, then the thief follows thariginal work-stealing

protocol: if the victim's deque is nonempty, the thief remogs the topmost thread
and starts executing it, and if the deque is empty, the thief iarts the process and
chooses another victim at random.

Using algorithm WS, the expected time to execute a multithreasl computation
on P processors i©O(T;=P + T; ), where T; is the work and T, is the critical-path
length. This bound has been shown using a delay-sequence arguinby Blumofe and
Leiserson [7], as well as using a potential-function argumeng Brora et. al. [2]. Arora
et. al. also prove an execution time bound for a nonblocking plementation of WS in
a two-level scheduling environment, where the computatiorkecutes on a xed set of
P processes that are scheduled by the operating system onto a tingyung allocation
of physical processors. In the case of algorithm WSAP, the mappingtween processes
to physical processors is one-to-one; that is, the computatioxexutes on exactly as
many virtual processors as there are physical processors. We expbat one can
use an approach similar to the potential-function argument uskin [2] to analyze the
execution time of algorithm WSAP.

4.2 Algorithm WSAP in Practice

In the adversarial model, the decisions made by OS are complgtéecoupled from
those made by JS; speci cally, OS does not consult with JS whentdamining a job's
allocation for a given time step. While this model is suitabledr analyzing the worst-
case performance of a job scheduling algorithm|since it captugs the notion that a
given job has no control over the number and processor requirents of other jobs
in the systeml|it only tells half the story in practice. In a real t wo-level scheduling
system using a dynamic processor-allocation policy, the operagi system and job
scheduler communicate with each other to determine the cumeallocation of a job.
In particular, the operating system gathers information abouthe current processor
desire of each job in the system, and then uses this information moake its allocation
decisions. While there exist dynamic processor-allocation pmés that do not use
a job's current processor desire in their decisions, these polgido not respond to
changes in the parallelism of jobs during runtime, and thus caot run adaptively
parallel jobs exciently (see Chapter 5).

In order to estimate the processor desire of a job during runtiméhere are three
policy questions that need to be addressed:

1) who is responsible for estimating a job's processor desire,
2) how should the desire be estimated, and
3) how often should the desire be estimated.
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We discuss the policies used in algorithm WSAP in response to theseegtions
in the remainder of this section. We begin by illustrating a fudamental problem
with strategies that measure a job's instantaneous parallelismirectly, and use this
problem to guide our policy decisions on questions 1) and 2). &h, we explain our
policy of estimating a job's desire at regular intervals insteh of irregular ones, in
response to question 3).

Estimating a Job's Processor Desire

In order to provide a good estimate for the processor desire of &jove need infor-
mation about the di®erent runtime characteristics of the jobsuch as the number of
threads it is currently using, the amount of work being perfaned by those threads,
or any synchronization constraints that limit processor utiliation. Since this infor-
mation is directly and readily available to the job schedulerwe give the responsibility
of estimating a job's processor desire to the job scheduler itselfe{ the second-level
scheduler). While it is true that the operating system can obtai di®erent runtime
statistics of a job|such as the utilization of the job's processos or the size of its
memory footprint|this information is necessarily coarse-graned and reveals noth-
ing about the internal workings or dependencies of the job.oF example, consider a
program written in the Cilk multithreaded language [47], ad recall that Cilk uses a
work-stealing scheduler which implements algorithm WS. Dumng a given run of the
program, the operating system can only determine the number gfocessors being
used by the job and has no direct knowledge about the number direads that have
been gqueued on the ready deques of the processors. Since eadhesktthreads could
potentially execute in parallel, it is important that the entity responsible for esti-
mating the job's desire be aware of them. The only entity with dlect access to this
information is the job scheduler.

Given that the job scheduler is in charge of estimating a job'srpcessor desire,
the question still remains as to how this estimate is made and, iparticular, what
runtime information about the job is used. As we observed in Chagr 2, most prior
work on dynamic processor-allocation policies assumes that tpeocessor desire of
a job is either known by the scheduling system or inferred using senmeasurement
of the job's instantaneous parallelism. In the latter case, alost all studies use the
number of operating system threads or processes being used by thie o measure its
instantaneous parallelism. Even if this method were accurateowever|which, as we
showed in the example of Cilk above, is not always the case|we niatain that any
measure of a job's instantaneous parallelism is not an acete or reliable measure
of its processor desire To see why this is true, we present a typical example of a
multithreaded computation whose instantaneous parallelismsialways bounded by
the number of processors it is allocated, but whose average péism may be orders
of magnitude higher. This computation, called the LOOPY bechmark, is shown
in Figure 4-2. We assume that LOOPY is scheduled using a depth- rstlgorithm
(like algorithm WS), meaning that execution goes to the chd whenever a thread is
spawned or created.

Suppose that LOOPY starts out executing on one processor. The pessor starts
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Figure 4-2: The LOOPY benchmark: a multithreaded computation with work T, =
N2+ N and critical-path length Ty =2N.

at task v; of the root thread but then immediately spawns thread A, thus bginning
working on A. Assuming thatN is very large, each of the subcomputations in threads
A, B, etc. may take a long time to complete, and so we assume that thpgocessor
is \stuck" on thread A for all practical purposes. At this point, the instantaneous
parallelism of the job is 2, as measured by the number of threadshas created (the
root thread and A). If another processor is allocated to the jobthis processor can
continue executing the root thread while the rst processor exates A, but it gets
stuck working on thread B almost immediately. The instantaneosi parallelism of the
job is now 3 (the root thread, A, and B). The process continues asore processors
are allocated to the job. At any given time, the instantaneougarallelism of the job is
only 1 greater than its allocation. Since alN subcomputations spawned by the root
thread of LOOPY can theoretically execute in parallel, thenstantaneous parallelism
is a gross underestimate of the average parallelism of the jolpe®i cally, the average
parallelism of the LOOPY is

T, _ N2+N
. 2N
=

If N is large, the average parallelism could be orders of magniei@reater than
the instantaneous parallelism. Moreover, an execution of LO®Y achieves linear
speedup as long aB - (N +1)=2. For N > 1(, this number is larger than most (if
not all) multiprocessor machines in existence today.

The LOOPY benchmark represents a common class of data-paralfgograms,
in which a single loop in the main thread spawns a large number efjual-sized
subcomputations. The following code fragment, for example,rgduces a LOOPY
computation:
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for i = 0; i < N; i++) {
spawn Work_N(i);
}

where WorkN is a subcomputation with N units of work. Programs of this form
provide a simple and e®ective means of generating large amsuof parallelism in

a computation. They are especially common in parallelized rmons of serial code.
Their widespread use reinforces our case against policies thaeunstantaneous par-
allelism measures to estimate a job's processor desire.

In light of this example, we seek a policy for estimating a job'desire that more
accurately gauges its average parallelism, but also responds feriods of high (or
low) levels of parallelism that may occur at arbitrary times diring the job's execution.
Speci cally, since we cannot reliably discern the potentialgrallelism of a job through
instantaneous measurements, we employ a policy that proactlyexplores its \future"
parallelism and uses runtime information about the job to tunehe estimated desire.
The basic idea is to give a job more processors than it apparentheeds at the
current time, and then remove processors that aren't being usestciently. Using
this strategy, we can nd and exploit sources of parallelism thamay be hidden in
the current state of the computational dag, but which revealltemselves as the dag
is unfolded. (Recall that since we are studying online schedudj algorithms, we only
discover the structure of the dag as it unfolds.)

In algorithm WSAP, the primary mechanism for exploring the paallelism of a
job is by work stealing: when a processor steals work from its viet, it removes and
executes the topmost thread from the victim's deque, which isecessarily an ancestor
of the thread currently being executed by the victim (see Leman4 in [7]). Since the
ancestor thread is shallower (in terms of dag depth) than the tead being executed
by the victim, the thief is able to expose parallelism starting &a higher level in the
computational dag. In the LOOPY benchmark, for example, thesecond processor
allocated to the job steals the root thread from the deque of #h rst processor,
thus continuing the execution of the main-level loop and exgsing more of the job's
parallelism through thread B. Evidently, it makes sense to use nime information
about steal attempts to estimate a job's processor desire. In patlar, if the number
of steal attempts is too low, then we increase the estimated desiof the job, even
if the amount of work available on the ready deques doesn't seetm warrant such
an increase; if the number of steal attempts is too high, then weduce the job's
desire. The underlying intuition is that, if there are many ursuccessful steal attempts
occurring, then there are too many processors being used ineewily by the job,
whereas if the number of unsuccessful steal attempts is low, therost processors are
being used exciently, so we can a®ord to increase the allocatiorsearch of additional
parallelism. We formalize the notions of exciency and inete@ncy|as they relate to
a job's usage of processors|in Section 6.1. The intuition presesd here is justi ed
theoretically in previous (unpublished) work by the Superamputing Technologies
Group at MIT. We discuss this work in Chapter 8.

When using the number of unsuccessful steal attempts to measure dioe@ation's
inexciency, we focus on those attempts that arpurely unsuccessful , meaning that
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the victim processor is in the middle of work stealing itself, aspposed to attempts
that are partly unsuccessful , where the victim processor has an empty deque but
is busy working on some thread. Purely unsuccessful steal attempis/e a better
indication of the number of inexciently used processors in a joksince both thief
and victim processors are looking for work. In a partly unsuccessfsteal attempt,
however, the victim processor is actually doing work, so it is leading to use such
attempts to directly measure the inexciencies of a job's allmation. For example, if
the LOOPY benchmark is scheduled using algorithm WSAP, then th&tal number
of unsuccessful steal attempts is always very large, because ooihe thread can be
stolen at any given time; the fraction of these attempts that a& purely unsuccessful,
however, is very low, because most processors are busy working @ulacomputation
when their deques are empty. As a result, any decisions based oer tbtal number of
unsuccessful steal attempts|or the number of partly unsuccessful sa attempts|
would lean towards reducing the job's allocation, even if lathe processors are busy
doing work (and hence being used ezciently). Decisions based tre number of
purely unsuccessful steal attempts, on the other hand, would ledowards increasing
the job's allocation, thus exploiting the high average patielism of the computation.

The details of what thresholds to use when comparing the numbef unsuccessful
steals attempts, and how much to increase or decrease the allacatby, are left to
the particular implementation of algorithm WSAP. We discuss tlese decisions for the
Cilk-AP system in Section 6.1.

Frequency of Desire Estimations

We have established that the job scheduler is responsible for eséitimg the processor
desire of a job and that it does so using runtime information abawnsuccessful
steal attempts. The question remains, however, as to how oftendbe estimations
should be made. We consider two options. Option 1 is to estimatedhob's desire at
evenly spaced intervals, where the size of the interval can bened either statically
or dynamically. Option 2 is to estimate the job's desire at irrgular intervals, perhaps
corresponding to relevant events in the job's execution (faxample, when a processor
successfully steals work, or conversely, when a processor is repaéigtunable to steal
work).

There are several disadvantages to Option 2. First, performingdesire estimations
at important events in the job's execution may add an unacceable amount of over-
head. In the case of Cilk jobs, for instance, the work- rst pringle [19] states that
scheduling overheads borne by the work of a computation shold& minimized, since
they contribute more to the execution time of a job than overbads borne by the
critical path. Thus, if processors that are currently working & expected to perform
desire-estimation calculations, the e®ect on the job's runmgrtime may be adversely
large. Even if this overhead is reduced|for example, by resticting the estimation
calculations to processors that are in the middle of stealing dding to critical-path
overhead instead of work overhead)|the irregularity of the estimation intervals makes
it dixcult to measure or tune the incurred overhead, let alongeason about it.

As a result, we stick to Option 1 in algorithm WSAP, performing thedesire es-
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timation at regular intervals. By tuning the size of the intenal, we can balance the
trade-o® between the overhead incurred by estimating a joldesire and the respon-
siveness of these estimates to changes in the job's parallelismpe@& cally, larger
intervals reduce the overhead incurred by the desire estimati, while reducing the
responsiveness of the estimates to changes in the job's par@lel. Smaller intervals
achieve the opposite e®ect, incurring greater overhead busponding to changes in
parallelism more promptly. We discuss our approach to tuning ik interval in the
context of the Cilk-AP system in Section 6.1.
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Chapter 5

A Dynamic Processor-Allocation
Algorithm for
Adaptively Parallel Jobs

In a real two-level scheduling system using a dynamic processadeahtion policy, the
operating system communicates with the job scheduler to deteme the current al-
location of a job. In Section 4.2, we discussed the policies usedadgorithm WSAP
in the second level of scheduling to estimate the processor desif@gob and report
it to the “rst level. In this chapter, we describe a well-known gnamic processor al-
location algorithm, algorithm DP, which allocates processsrto multiple, concurrent,
adaptively parallel jobs in the rst level of scheduling. DP usginformation about the
processor desires of each job to distribute processors in a way thatfair, excient,
and conservative. We begin by de ning these three conditionsnd then we show how
DP satis es them. Algorithm DP is used in the rst-level scheduler bthe Cilk-AP
system in Chapter 6.

5.1 Properties of a Good Dynamic Processor-Allocation
Algorithm

In this section, we de ne three conditions for a good dynamicrpcessor allocation
algorithm: fairness, exciency, and conservatism. Together, #se conditions ensure
that an allocation achieves both low job response times and higob throughput.

We consider a parallel system withP processors and running jobs, whereJ - P.
At any given time, each jobj =1;2;:::J has a processor desiré , representing the
maximum number of e+ciently usable processors, and an allotmeaf, representing
the number of processors allocated to it. & < d;, we say that the job isdeprived ,
since it has fewer processors than it desires;af = d;, we say that the job issatis-
“ed , since its desire has been met. We de ne the notions of fairnessciency, and
conservatism as follows:

1. An allocation isfair if the processors are distributed equally among the jobs.
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Mathematically, if there exists a jobj such that a < d;, then for all i =
1,2;:::;3, m; - g +1; whenever a job is deprived, then no other job receives
more than 1 more processor than this job receives. (The allowanof one
processor is due to integer roundo®.)

2. An allocation isexcient if it uses as many processgys as possible. Mathemat-
ically, if there exists a jobj such that g < dj, then jJ:O g = P;ifajobis
deprived, then there must be no free processors in the system.

3. An allocation isconservative if no job receives more processors than it desires.
Mathematically, for all j = 1;2;:::3, & - dj; a job is either deprived or
satis ed.

The fairness condition allows all jobs to run simultaneouslynstead of having
some of them wait in a queue. The conservatism condition ensurémt jobs use their
allocations ezxciently (by not giving processors to jobs that d not use them well), and
the exciency condition ensures that the system utilizes all peessors exciently. As
long as the exciency condition is met, both fairness and consatism contribute to
high job throughput. Furthermore, since jobs do not spend arbarily long periods
of time in queues, the response times of jobs more directly reteébe amount of
computation they have to perform.

Allocation Fair | Efficient] Conservative

Job 4
o0
@O0
Job 1 Job 2
000 000
@00 @00
Job 1 Job 2 Job 4
000 000 (X0}
@00 @00 ® ® @O
Job 2
000
@00

Figure 5-1: Example allocations for a system withP = 20 processors andJ = 5 jobs;
the fairness, exciency, and conservatism conditions are @luated on the right. Each large
circle represents a job, and the small circles within the jobrepresent its processor desire;
small circles that are grayed represent actual processorsThe gray circle that is crossed
out in Job 3 of the second allocation represents a processofl@cated to the job beyond its
desire.

91 9
9| ‘8
8| 9

© | © | © | m

91 9

Figure 5-1 shows examples of di®erent allocations for a systenthwP = 20 and
J = 5. For each allocation, we determine whether or not it satis & the conditions

38



of fairness, exciency, and conservatism. In particular, the rsallocation is not fair,
because Job 4 is deprived and receives only 2 processors whiteojobs receive more
than 3. The second allocation is not conservative, because Johs3given one more
processor than it desires. The third allocation is not excient, bcause there are free
processors in the system that are not being used to satisfy deprivaabg. The fourth
allocation satis es all three conditions.

5.2 Algorithm DP

In this section, we present algorithm DP (for \dynamic partitioning™), a well-known
dynamic processor-allocation algorithm that is fair, etciefy and conservative. DP
employs a dynamic version of the basiequipartition  policy [33,48], and hence is
sometimes called \dynamic equipartitioning".

The equipartition policy strives to maintain an equal allotnent of processors to
all jobs, with the constraint that a job's request is an upper bond on the number
of processors it receives. During a reallocation, processors digtributed among the
jobs as follows: each job starts out with O processors, and the attent of each job
is incremented by 1 in turn, where jobs that are satis ed drop duof the allocation.
The process continues until either all jobs have dropped outr & processors have
been allocated. We recognize three types of equipartitiorg. In static equiparti-
tioning, reallocations are not allowed to change the allotemts of existing jobs, and
so imbalances in the allocation and queuing may occur. In relgu equipartitioning,
reallocations occur on job arrival and completion only, ando the allocation is fair,
excient, and conservative at all times if we assume that the pr@ssor desires of jobs
remain xed during their execution. In dynamic equipartitioning, reallocations can
occur at any time|responding to both job arrivals and completions as well as changes
in the processor desires of jobs during execution|and so the alt@tion is always fair,
excient, and conservative.

Although dynamic partitioning can be implemented using the egjpartitioning
algorithm described above, we present a more practical versifor algorithm DP that
does not have to redistribute processors every time a reallomat occurs. Assume that
there are no jobs in the system initially, and that jobs arrive ne at a time (i.e. no
two jobs arrive at exactly the same time). We de ne thdair share of a job to be
the quantity: X
Pi a

S=fjjd; <bP=Jcg
Jij Sj

whereP is the total number of processors and is the number of jobs in the system.
In other words, a job's fair share is computed by discounting afirocessors being used
by jobs that desire less than the system equipartitiolP=Jc and then distributing
the remaining processors equally among jobs that desire moreathbP=Jc. Thus,
when a new jobj with initial desire d, and initial allocation a = O arrives into the
system, algorithm DP operates as follows:

fair _share =

(5.1)
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Current Allocation State \ Input Event \ Ending Allocation State

fg Arrival: job 1 with d; =4 | f4g

f4g Arrival: job 2 with d, =16 | f4;12g
f4,129 Arrival: job 3 with d3 =2 | f4;10,2g
f4;,10,29 Change in desiredds =16 | f4;6;69

f4;6; 69 Arrival: job 4 with d; =8 | f4;4;4;4g
f4;4;4, 49 Arrival: job 5with ds=8 | f3;3;3;3;4g
£3;3;3;3;4g Arrival: job 6 with dg =8 | 2;2;3;3;3;3g
£2;2;3;3;3;3g Completion: job 2 3,4, 3;3;3g
£3;4;3;3;3g Completion: job 3 f4; 4,4, 49

f4; 4; 4; 49 Completion: job 6 f 4, 6; 69

Figure 5-2: A sample allocation trace for algorithm DP on a 16-processorstem.

1. Letfree _procs be the number of free processors in the system at the time when
j arrives. Iffree _procs , d;, seta = d;. Otherwise, seta; = free _procs and
go to step 2.

2. Compute the value offair _share given by Equation (5.1) (include jobj in the
calculation). If & - min(d;;fair _share), remove one processor from a job that
has the highest allocation and give this processor §o

3. Repeat step 2 until eitherg; = d;, meaning that]j is satis ed, ora; = fair _share,
meaning thatj now has its fair share of processors.

The same steps are performed by DP when the processor desire of astieg job
increases; the only di®erence is thai does not start out at 0 in this case. When the
desire of a jobj decreases, or whep completes, DP operates as follows:

1. Add the number of freed processors teree _procs. Recomputefair _share
using Equation (5.1) ifj has completed.

2. Add a processor to a deprived job that has the lowest allocation

3. Repeat step 2 until eitherfree _procs = 0 or there are no deprived jobs.

Figure 5.2 shows a sample allocation trace for algorithm DP onsystem with 16
processors. Each row of the table shows the current state of theaaation (expressed
as a list of allotments), an input event (either a job arrival, pb completion, or change
in a job's processor desire), and the ending state of the alloaari.

Several studies have shown that algorithm DP outperforms alltlver space-slicing
policies when the reallocation overhead is low, regardlessjob workload or overall
system load [22,27,33,39,46,48,52]. Most of these studies fomusiniform-access,
shared-memory (UMA) machines, where the allocation of processaslecoupled from
the allocation of memory (see Chapter 2). Some studies have alwown that DP
performs better than static allocation policies under readtic reallocation overheads
[15], and for some classes of workloads, under a wide range of logads [52]. In
general, the advantage of using algorithm DP increases withrgger and more rapid
changes in the parallelism of the workload, as well as increagisystem load [52].
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The performance of DP decreases, however, when the number dfsion the system
exceeds the number of processors (i.e. during high loads), sisoene of the jobs must
be queued [35,52]. While queuing is not expected to be a preil in large parallel
machines [17], various strategies can be used to reduce its@®a the response time
of jobs [16,42,43,49]. A mathematical model for algorithm B including an analysis
of its performance across a wide range or parallel system enwineents, is provided
in [46]. Examples of real implementations of DP can be found {12, 32].

In practice, there are a few policy decisions that need to be @ when imple-
menting algorithm DP, most of which relate to the way realloctons occur. The
“rst decision is between uncoordinated reallocations, wheréné operating system
reallocates processors without interacting with the job scheter, and coordinated
reallocations, where processors are reallocated in concerthathe job scheduler. We
choose the policy of coordinated reallocations for reasonssalissed in Chapter 2.
Given that reallocations are coordinated, it is still uncleehow much responsibility or
control the job scheduler should have during a reallocationsavell as how much trust
this responsibility requires between the operating system andl scheduler. We also
need to determine when and how often reallocations occur|with may or may not
depend on how often jobs report their processor desires (see Bect.2)|so that we
can control the amount of overhead a reallocation incurs. Inractice, reallocations
never occur instantaneously (this is true of both uncoordinad and coordinated poli-
cies), and so there is necessarily a delay between when a job'stalent is changed
by the operating system and when its processor usage matches thevradlotment. If
p; represents the number of processors currently being used by jobthen there is
a period of time whenp; > a; after j's allotment is decreased, and a period of time
whenp; < a; after j's allotment is increased. Also, we need to decide how to deal
with situations where J > P (e.g. whether to multiplex the existing processors or
just queue the excess jobs), keeping in mind that queuing can dnatically a®ect the
performance of algorithm DP relative to other processor-al@ation policies [52]. We
discuss all of these policy decisions and issues as they pertaintie Cilk-AP system
in Chapter 6.
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Chapter 6

Cilk-AP: A Two-Level Scheduler
for Adaptively Parallel
Work-Stealing Jobs

In this chapter, we present the design and implementation of &AP, a two-level

scheduling system for adaptively parallel work-stealing jobsunning on a multipro-

grammed shared-memory system. In the rst level of scheduling, IiGAP uses algo-
rithm DP from Chapter 5 to allocate processors to jobs in a fairexcient, and con-
servative manner. In the second level of scheduling, Cilk-AP usakyorithm WSAP

from Chapter 4 to schedule the computation of a single job andpert its processor
desire to the rst-level scheduler. The Cilk-AP system is impleméed by extending
the runtime system of the Cilk multithreaded language [5,19,4. We rst present an
overview of the design of Cilk-AP, addressing some of the policy egtions raised in
Chapters 4 and 5. Then, we describe its implementation.

6.1 Design Overview

Figure 6-1 provides an overview of the Cilk-AP system. Cilk-AP usea global alloca-
tion table (GAT) to maintain a fair, excient, and conservative allocation of processors
to jobs in the rst level of scheduling. The allotments in the GA are computed using
algorithm DP, and the GAT itself is stored in shared memory. In tle second level
of scheduling, Cilk-AP uses algorithm WSAP to schedule the compation of a job
and estimate its processor desire. The estimates are performedragular intervals
and entered directly into the GAT. In Cilk-AP, both the rst and second levels of
scheduling are performed by the job schedulers of the runninglys. In this section,
we describe the three major functions performed by the job sdhder:

1) estimating the processor desire of a job,
2) maintaining a fair, excient, and conservative allocationand

3) adjusting the processor usage of a job to match its allotment.
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Global Allocation Table

Job ID | Desire | Allotment

1 10 6

4

8

Figure 6-1: Overview of the Cilk-AP system. Jobs record their processor dsires in the
GAT and recompute the allocation for the entire system if ne@ssary.

We end by discussing our strategy for tuning the parameters used the above
functions. In the course of our discussion, we present the policyailgons of the
Cilk-AP system in response to the questions and issues raised in Settid.2 and 5.2
(regarding the use of algorithms WSAP and DP in practice, respteely).

Estimating a Job's Processor Desire

The circles in Figure 6-1 represent multiple, concurrent, agptively parallel jobs run-
ning in the Cilk-AP system. Each job has an associated job scheduldat schedules
the job's computation using algorithm WSAP. In accordance wit the policies of
WSAP (Section 4.2), the job scheduler is also responsible for estitimg the proces-
sor desire of the job and reporting this desire to the GAT; in othewords, job desires
are estimated in the second level of scheduling. Ldt be the current processor desire
of jobj and let p; be the number of processors currently being used pythe distinc-
tion betweenp, and g, the job's allotment, is explained in Section 5.2). We de ne
the exciency of j to be the ratio of processors that are busy working t@;; the
inexciency of j, therefore, is the ratio of processors that are busy stealing (.
The desire-estimation process occurs as follows: at any givemd in j's execution,
each of thep; processors keeps track of the number of purely unsuccessful stdal a
tempts and the number of total steal attempts that take place o the processor (recall
from Section 4.2 that purely unsuccessful steal attempts are atber measure of an
allocation's inexciency than partly unsuccessful steal attemg). Every est _cycle
seconds, the job scheduler uses the steal-attempt statistics frorach processor to
approximate the overall inetciency ofj, and then uses this approximated value to
estimate d;. More speci cally, the job scheduler performs the followingperations
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every est _cycle seconds:

1. Calculate the ratio of purely unsuccessful steal attempts tatal steal attempts
across allp; processors, using

n% of purely unsuccessful steal attempts on processor

PUSatio =
M, no. of total steal attempts on processor

Reset the steal-attempt counters on alp; processors to start the next interval
of counting.

2. If PUSatio - 1j ", where O<” - 1isthe target exciency, setd; = (1=")dp;;
otherwise, setd, = d((1 i PUSratio )=") ¢pe.

3. Replace the old value ofl; stored in the GAT with the new value computed in
step 2.

Since the GAT is stored in shared memory, the job scheduler is ablo directly
update the row corresponding tg in step 3; other job schedulers perform similar
updates, as illustrated by the arrows in Figure 6-1. The inteal at which the above
operations occur,est _cycle , is a tunable parameter that balances the overhead of
the desire-estimation process with its responsiveness to changea job's parallelism.
The value of est _cycle is set by the job scheduler and may vary from job to job.
The parameter” in step 2, 0<” - 1, is another tunable parameter that represents
the target exciency of jobj. The value of” can be set by either the user or the job
scheduler and can also vary from job to job. We discuss the tuning the parameters
est_cycle and” at the end of Section 6.1.

Our de nition of exciency for adaptively parallel work-steding jobs is based on
the premise that working processors are excient because they neagrogress on the
total work (T,) of a job's computation. Stealing processors, on the other hando
not contribute to T,, and are therefore inexcient. By setting a target exciency for
job j, we e®ectively set a limit on the fraction of processors that cdre stealing at
any given time, or the inexciency ofj. Since 1j ~ represents the target value for this
fraction, it also represents the probability that a victim processor chosen uniformly
at random during a steal attempt is also busy stealing. Thus, we camse the ratio
of purely unsuccessful steal attempts (those in which the victimrpcessor is busy
stealing) to total steal attempts in a given interval to approxmate the inexciency of
] during that interval. (This value is calculated in step 1 aPUSratio .) If PUSratio
is less than the target inexciency (4 “), then we treat the ratio as e®ectively 0 and
set j's desire to (E" times its current processor usage, or the usage at whigls
exciency drops to” (and its inexciency rises to 1j ") if j is 100% ezxcient to begin

with. If the inexciency is greater than 1j “, then we setj's desire to the fraction
of the current usage that matches the target inexciency, whitwe derive in the next
paragraph.

The reason we overestimatg's desire when its current inexciency drops below
1j ~ is to allow us to proactively explore the future parallelismfj , in accordance with
our policies from Section 4.2. By approximating's inexciency to 0, we temporarily
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overstate its processor desire in the hopes of nding more work daexploiting any
available parallelism sooner. While this boost in processors teorarily reducesj's
exciency below”, the hope is that a sutcient number of the added processors are
able to nd work before the next interval, thus increasing theoverall etciency ofj .
Also, there are two additional safeguards that prevent's inexciency from greatly
exceeding 5 ~ during this period. The rst safeguard is that we only increasg's
desire by a factor of (£") over its current usage, so the resulting exciency is lower
bounded (at least initially) by (1="2); if ~ > 0:5, then the exciency drops by at most
a factor of 1=2. The second safeguard is that we only increags processor desiré;,
and not its actual allotment . The allotment of j is determined by the rst-level
scheduler of Cilk-AP, and is guaranteed never to exceed therfahare ofj. Thus,
there is no risk that a large desire reported by the job schedulean monopolize the
available processors in the system or detract from the fair shareé other jobs.

If, despite these two safeguards, the processorsjoére unable to nd suzxcient
work to increasgj's exciency to ", then the desire ofj is reduced in step 2 during the
next est cycle interval. In particular, if j's inexciency is greater than 1j “, then
we reduce its desire to avoid wasting processors that may be usedreneztciently by
other jobs. Unlike increases tq's desire, however, we do not want to overstate this
reduction, since an underestimation of the desire can adverse@ect the response
time of j. Thus, a good compromise is to try to match the target inexciengexactly,
by calculating the numberk of stealing processors that need to be removed in order to
lowerj's inexciency to 1j ~. SincePUSratio is the approximation ofj 's inexciency
during the most recent interval, andp; is the usage of during that interval, we can
calculatek as follows:

PUSatio £ p i k _
pik
Multiplying both sides of Equation (6.1) by (o, i k) and solving fork, we have:

1i~ (6.1)

pi(li ")i PUSatio £ p
1i "i 1 q
PUSatio + j 1 o :

- i

u

Subtracting this value ofk from p; yields the new desire of shown in step 2.
Figure 6.1 shows a sample desire-estimation trace for jpbwith = = 0:5 running on
a 16-processor system, where one other job runs concurrently wjt for the duration
of the trace. Each row of the table shows the values &tUSratio , p;, d;, and &
after the desire-estimation process has occurred during thercsspondingest _cycle
interval. The value of g is set by the rst-level scheduler and never exceeds the fair
share ofj, as computed by Equation (5.1). (We assume that the second job the
system always desires more than the system equipartition, 6P=Jc = bl6=2c = 8
processors.)

One aspect of the desire-estimation process that merits furtheliscussion is the
manner in which we measure a job's exciency in step 1 by approxating its inef-
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Interval no. | PUSratio | p | d | &
1 0.15 4 8 8
2 0.45 8 | 16| 8
3 0.70 8| 5| 5
4 0.55 5| 5|5
5 0.50 5 10| 8
6 0.95 8 | 1 1

Figure 6-2: A sample desire-estimation trace for jobj with = = 0:5. There are 16 proces-
sors in the system and one other job running concurrently wih j whose desire is consistently
greater than 8 processors.

“ciency using the ratio of purely unsuccessful steal attempts awss all processors.
There are two main reasons why we measure the inexciency of thebjinstead of
directly measuring its exciency (for example, by counting tkb number of partly un-
successful steal attempts or successful steal attempts): relevanoe averhead. Since
steal attempts are made by stealing processors, they are only acte indicators
of periods of inexciency in the job's execution. In other wals, when most of the
job's processors are stealing|that is, when the job is being inetient|there are a
large number of steal attempts, and so any measurements based onakttempt
statistics are accurate. When most of the job's processors are wioig, there are few
steal attempts, so any measurements we take are inherently inacate. Since we are
trying to approximate the job's inexciency, however, it is rot very important if our
measurements are inaccurate when most of the job's processors &orking, because
then the job is being excient and its inexciency is low. Thus, g choosing to measure
the inexciency of the job, the accuracy of our measurements riwh their degree of
relevance to the current situation. If we choose to measure the@ency of the job
directly, the circumstances would be reversed, and we wouldtrachieve the desired
level of accuracy in our measurements. Furthermore, when measg the inetciency
of the job, the overhead of maintaining the steal-attempt stastics also matches their
degree of importance: when the job is being inexcient, we spg¢more time collecting
steal-attempt information because of the large number of steattempts. When the
job is being excient, however, we incur little overhead, bewse the number of steal
attempts is very low. Again, this situation would be reversed ifve were trying to
measure the job's exciency directly.

Another alternative to our method of approximating a job's irexciency is to have
the job scheduler poll allp; processors at regular intervals and check which ones are
working or stealing. We decided against this strategy for two esons: compatibility
with the existing scheduling algorithm and overhead. Since lgobs are scheduled
using algorithm WSAP, our strategy of maintaining a few steal-aempt counters
while work stealing is a simple and unobtrusive extension to thelgorithm. The
current implementation of the Cilk system, for example, alredy has this capability
built into its work-stealing scheduler. Furthermore, since wenly take measurements
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while work stealing, the overhead incurred by our strategy ishaays borne by the
critical path of the computation (satisfying the work- rst pri nciple [19]), and is always
proportional to the inexciency of the job. In a regular pollng strategy, the amount of
overhead remains xed throughout the job's execution, and is not clear where the
overhead is borne. If the job spends most of its time using its pessors exciently,
regular polling incurs more overhead than our strategy.

Maintaining a Fair, Excient, and Conservative Allocation

The Cilk-AP system uses algorithm DP to compute a fair, excient, ad conservative
allocation in the rst level of scheduling. The only informaton required for this
calculation is the processor desire of each job, which is entrmto the GAT by
the job schedulers during the desire estimation process aboveinc® the GAT is
stored in shared memory (in user space), it is not a requirementdhthe operating
system perform the rst level of scheduling. In Cilk-AP, the entres of the GAT are
maintained in a distributed fashion by the job schedulers of theunning jobs. In
particular, each job scheduler recomputes the allocation wh updating the processor
desire of its own job: if the change in the job's desire does na®act the allocation,
then no entries in the GAT are changed; otherwise, the job schelér adjusts the
allotments of the relevant jobs using algorithm DP. We assume #t the number of
jobs is always less than or equal to the number of processors i tsystem, so each job
is allotted at least one processor. There are three primary reasofor maintaining the
allocation in this way, related to the ease of implementatiartimeliness, and overhead
of our strategy. We explain these reasons below.

2 Ease of implementation Since the job scheduler already accesses the GAT to
report the processor desire of its job, it does not take much moe®ort to update
the job allotment entries in the event that the allocation ha been disturbed.
In addition, since processors are moved only one at a time by aftgom DP, it
is possible for multiple job schedulers to update the GAT concrently without
a strict locking protocol; we explain this in more detail in Setion 6.2.

2 Timeliness The allocation of the system only changes when a job enters or
leaves the system, or when the current processor desire of a rumgnjab changes.
Since the job scheduler access the GAT at precisely these timespnidkes sense
for the job scheduler to update the allocation as well. This wawe can be sure
that changes to the allocation are always timely and necessary

2 Qverhead By updating the allocation only when needed, we minimize #h
overhead of maintaining the GAT while maximizing the respongeness of the
allocation to changes in job desires.

There are many alternatives to the above strategy for maintaing the GAT, most
of which fall into one of two categories: strategies that storerapdate the GAT in
kernel space, and strategies that store the GAT in user space butrfm updates
externally to all jobs (e.g., using a background processor). W&immarize the di®er-
ences between our strategy, which we call USER-JS (for \job schder"), and the
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Strategy Ease of Overhead Security
implementation
USER-JS | easy low but GAT could | job schedulers trust
become a hot spot | each other
USER-BP | easy low job schedulers trust
background proces-
sor
KERNEL | ditcult high if job schedulers| job schedulers trust
communicate  with | kernel
kernel

Figure 6-3: Comparison of alternative strategies for maintaining the GAT.

alternative strategies, which we call KERNEL and USER-BP (for \tackground pro-
cessor") respectively, in Figure 6.1. We use three main criterfar our comparison:
ease of implementation, overhead, and security. We assume thaetGAT is updated
in a timely manner by all three strategies, as described in thentieliness condition
above. (Alternatively, the GAT can be updated at regular intevals without coordi-
nating with the job schedulers, reducing overhead at the cost lmwer responsiveness.)
From Figure 6.1, we see that the primary disadvantages of USERSJare its lack of
scalability (since the GAT may become a \hot spot") and the levebf trust it requires
between the job schedulers. We describe methods to cope with $beproblems in
Section 6.2.

Adjusting a Job's Processor Usage

After setting a job's allotment in the GAT, the task still remains of adjusting the job's
processor usage to match the computed allotment; the discrepgrwetween these two
quantities is the di®erence between the tern and g, as explained in Section 5.2.
In the Cilk-AP system, adjustments to a job's processor usage are nmaatdy the job
scheduler using sleep and wake signals, as speci ed by algorithm A¥SFor a given
job j, let signaled _to _sleep be the number of working processors that have received
a sleep signal from the job scheduler, but which have not yet gomte sleep. Every
est _cycle seconds, after reporting 's desire to the GAT and making any necessary
changes to the allocation, the job scheduler comparg's allotment & to its current
usagep; and takes one of two actions:

1. Ifa < (pi signaled _to _sleep), send a sleep signal tog j signaled _to _sleep j
a;) of the working processors that have not been signaled to sleep;tdo
few of those processors exist, send a sleep signal to all of them. émeent
signaled _to _sleep for each sleep signal sent.

2. Ifa > (p;i signaled _to _sleep), send a wake signal toff; j signaled _to _sleep j
a;) processors that are asleep, waking all processors that have wardt before
waking those that do not have work. A processor that has been sided to
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sleep (but which hasn't gone to sleep yet) can be \woken up" by cagling its
sleep signal and decrementingignaled _to sleep.

Upon receiving a sleep signal, a processor that is working goes teegl as soon
as it can, decrementingsignaled _to _sleep immediately prior to sleeping. (In our
implementation, working processors can only go to sleep at theread boundaries of
a computation, as explained in Section 6.2.) A processor that stealing checks to
see ifa; < p; before each steal attempt; if it is, then the processor goes to gledf
a stealing processor chooses a victim that is sleeping with a norgyndeque, then
the processor wakes the victim up and goes to sleep itself (as spatiby algorithm
WSAP); the usage ofj does not change in this case. We assume thatalways has
access to its allotted number of processors when increasing isage in Action 2.

The strategy described above is identical to the strategy used lajgorithm WSAP
in the adversarial model (Section 4.1), with two important dstinctions. First, since
adjustments to the processor usage are not instantaneous in priaet we need to keep
track of the number of processors that have been signaled to sleepecond, sleep
signals are only sent to processors that are busy working, becauseatihg processors
go to sleep on their own. In Cilk-AP, the interval at which a jobs processor usage is
adjusted is the same as the desire-estimation interval, est _cycle seconds. By using
the same interval, we ensure that the frequency at which the jodcheduler a®ects the
system allocation is the same as the frequency at which it adjustis changes in the
allocation.

The overall reallocation process in Cilk-AP follows a coordated policy (Chap-
ter 2), because processors are only removed from a job at theirlest convenience.
We discuss how this policy a®ects our implementation in Seati®.2. Since the job
schedulers are responsible for both the rst and second levels dieduling, the prob-
lem of trust between the rst and second-level schedulers now loeces a problem
of trust between the job schedulers themselves. We explain ourppach to this
problem, again in Section 6.2.

Setting the Tunable Parameters

The job scheduler uses two tunable parameters to perform its saa-level scheduling
functions: est _cycle and . In theory, both of these parameters can vary from job
to job, but in Cilk-AP we only allow ~ to vary, and use the same value ofst _cycle
across all jobs. The motivation for this decision is to uphold tfairness and exciency
conditions of algorithm DP: sinceest _cycle is the interval at which a job's processor
usage is adjusted, it also represents the responsiveness of the jolchanges in the
allocation, whether caused by the job itself or some other job ithe system. If the
value of est _cycle varies from job to job, then some jobs respond faster to allocati
changes than others, resulting in potentially long periods @afiexciency or unfairness.
For example, if jobj hasest cycle = x and jobi hasest _cycle = 4x, then a change
in j's desire can take up to 8 seconds to be noticed by, assuming that the intervals
of i andj are aligned and that updates to the GAT are instantaneous. (Ifhlese
assumptions are removed, then the delay may be even greaterf) j lis increasing
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its desire to demand more of its fair share of processors, then thikoaation may
become unfair during the delay, since may be using some of the processgraeeds.
Conversely, ifj is decreasing its desire below its fair share, then the allocati may
become inexcient during the delay, since may be able to use some of the processgrs
gives up. In practice, we cannot entirely avoid this type ofelay, but we can minimize
it by using the same value ofest _cycle for all jobs.

Given that the value of est cycle is xed, we still must determine what value
to use. Smaller values okst _cycle increase the job scheduler's responsiveness to
changes in both the job's parallelism and the overall allociain, albeit at the cost of
greater overhead. Larger values adst _cycle reduce the job scheduler's responsive-
ness to these changes, but incur less overhead. For our implenagiain, we tune the
value of est _cycle experimentally, as described in Chapter 7.

Unlike est _cycle , the parameter” need not be consistent across all jobs, and
can even be set by the user, because its e®ect on the allocatiosateguarded by
algorithm DP. In particular, ~ is only used to compute the desire of a job, not its
allotment. The job's allotment is computed in the rst level d scheduling, and is
guaranteed by algorithm DP never to exceed the job's fair shar We should note,
however, that low values of bloat the job's desire by allowing it to maintain a high
ratio of stealing processors. In contrast, high values 6fresult in more conservative
estimates, but may prevent the job from exploring its future peallelism. Setting”
to 0.5 (50% exciency) strikes a good balance between the twotesmes, and is the
value we used in most of our experiments in Chapter 7. In practg it is possible
to dynamically tune the value of” to respond to changes in the system load or the
job itself. For example, if the system load is too high, then theop scheduler can
increase” to reduce the number of processors used for stealing. Alternatiyeif the
system load is low, then the job scheduler can reduce because we can a®ord to be
inexcient. The value of” can also be increased when the job enters a serial phase, and
reduced when the job enters a phase of high (or unknown) pardism. For simplicity,
we do not dynamically tune the value of in our current implementation, because
using a xed value made it easier to analyze our experiments inh@pter 7.

6.2 Implementation

We implemented the Cilk-AP system by extending the runtime systenof Cilk, a

language for multithreaded parallel programming based on ANSI. Speci cally, we

extended Cilk's job scheduler to perform the three functiondescribed in Section 6.1:
estimating a job's processor desire, maintaining the allocatip and adjusting a job's

usage to match its allotment. The resulting scheduler is callegtie Cilk-AP scheduler.

We begin with a brief overview of the existing Cilk implemention and then describe
the implementation of Cilk-AP.
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The Cilk Scheduler

The existing Cilk scheduler uses algorithm WS to schedule the cpuotation of a job
(WS is described in Section 4.1). A Cilk job is a program exedoth consisting of a
collection of Cilk procedures ; each processor in Cilk (called avorker ) maintains
a deque of ready procedure instances. Cilk uses the THE protocol manage the
ready deque of each worker [19]. This protocol allows an egtien to be signaled to
a worker without introducing any additional work overhead.A worker checks for an
exception every time it pops a frame from its deque.

When compiling a Cilk program, the program is rst preprocessetb C using the
cilk2c translator [34] and then compiled and linked with the Cilk ruime system
for a target platform. The runtime system is responsible for schating the compu-
tation of a job (it contains the code for the Cilk scheduler) ad is the only part of
Cilk that we modi ed to implement Cilk-AP. The current implementation of Cilk
has a portable runtime system that is designed to run exciently o shared-memory
symmetric multiprocessors (SMP's). Cilk runs on UNIX-like systems #i support
POSIX threads (Pthreads), which are used to implement the woeks of a job. When
a Cilk program is started, the user speci es the number of workethat the Cilk job
can use; the runtime system then creates this many Pthreads andns a worker on
each thread. Cilk relies on the operating system to schedule theorkers onto the
physical processors of the machine.

The Cilk-AP Scheduler

The Cilk-AP system uses a technique called \process control” [48) coordinate
the allocation of processors between the rst and second levels scheduling. In
the process control technique, jobs create virtual processarslependently of the
“rst-level scheduler. When the allotment of a job changes, theb is noti ed of the
condition and is expected to adjust its current usage accordity. Eventually, the total
number of virtual processors becomes equal to the numbrof physical processors
in the system. Process control is consistent with the design of GikP, because of
the way the job scheduler adjusts the usage of a job. It is also casteint with the
existing implementation of Cilk, which virtualizes a job's pocessors using Pthreads.
The extensions to the runtime system required to implement press control in Cilk-
AP are therefore relatively simple.

To reduce the overhead of creating/destroying virtual proasors, the Cilk-AP
scheduler automatically creates® workers at the beginning of a job's execution.
Meanwhile, the scheduler continues to run on its own Pthreadyhich we call the
background thread . To adjust the processor usage of a job, the workers are put
to sleep or awakened according to the strategy speci ed in Sexti6.1. The Cilk-AP
scheduler creates an unnamed UNIX pipe for each worker to implent the sleeping
mechanism: a worker goes to sleep by performing a blocking reawl its pipe, and
a sleeping worker is awakened when either the background thteor another worker
writes to its pipe. Initially, the desire of a job is set to 1 proessor, which causes most
of the workers (which start out stealing) to put themselves to skp. After this point,
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the job's desire is measured periodically by the backgroundréad using the process
described in Section 6.1. The steal-attempt counters used tolcalated PUSratio
are maintained by each worker using the event-recording mexfism already built
into Cilk.

According to the process-control technique, no worker is folty put to sleep by
the Cilk-AP scheduler when reducing a job's usage. Instead, thehgduler signals a
sleep exception to the worker from the background thread usirige existing exception
mechanism of Cilk [19]. Since the worker only checks for an eption after a frame
is popped from its deque, it may take a while for the worker toatice the exception
if the thread it is currently executing is very long (for example, if the worker is
executing a subcomputation of the LOOPY benchmark). In the wst case, this
delay causes the total number of workers in the system to exce®d resulting in
added overhead due to context switching and synchronizatiorethys [17]. A similar
situation occurs when the number of jobs in the system exceeBs since each job
is given at least 1 processor. While this phenomenon of processtoal temporarily
a®ects the performance of running jobs, it is a much better altinative to policies
that resort to queuing in these situations [52].

Worker 1 Worker 2 Worker 3 Worker 4
status = ACTIVE status = SLEEPING_ status = SLEEPING_ status = ACTIVE
WITH_WORK W/O_WORK

Worker P

status = SLEEPING_
WITH_WORK

Worker 4 | Worker 1 Worker 2 [Worker P Worker 3

Y A

active procs_with_work P

Figure 6-4: The thread state array (TSA) used by the Cilk-AP scheduler to or-
ganize the workers of a job. The Trst active workers are either working or steal-
ing; the next procs _with _work j active workers are sleeping with work; and the last
P i procs _with _work workers are sleeping without work.

To simplify the management of the workers, the Cilk-AP schedulesses an array
of indirection to group the workers according to their curret status: active (the
worker is either working or stealing), sleeping with work (thewvorker is asleep with
a nonempty deque), and sleeping without work (the worker is as#p with an empty
deque). Figure 6-4 illustrates this array of indirection, ciéed the thread state array
(TSA). The TSA simpli es a number of the operations performed Y the Cilk-AP
scheduler:

1. When a worker is stealing, it only chooses victims that are ther active or
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sleeping with work.

2. When the background thread increases the usage of a job, itlpwakes up
workers that are either sleeping with work or sleeping withouivork.

3. When the background thread reduces a job's usage, it only s@js a sleep ex-
ception to workers that are active.

Accesses to the TSA by the di®erent workers are synchronized witie use of Cilk
locks [47]. Cilk locks support the memory-consistency semargiof release consistency
[23, p. 716] and are designed to be as fast as is supported by theenying hardware
[47].

The nal component of the Cilk-AP system is the GAT, which is curently stored
in a memory-mapped Te that all jobs have access to. Before ating the workers of
a job, the Cilk-AP scheduler rst maps the GAT Ie into memory andthen registers
the job (adding a row to the GAT) using the obtained pointer. Tke same pointer is
used in subsequent updates to the GAT. Currently, we do not use adking scheme to
control accesses to the GAT for two main reasons. First, since evgop accesses the
GAT on aregular basis, using a coarse-grained lock on the tablewid make the GAT
a bottleneck (or \hot spot") in the system. Using ne-grained locls (e.g., one lock
per row) is an alternative, but this strategy is complicated & implement correctly.
Secondly, since algorithm DP (as presented in Section 5.2) gpritansfers processors
between jobs one at a time, it is unlikely that concurrent updtes to the GAT can
cause the allocation to deviate that much from the fair, exciet, and conservative
ideal. If deviations do occur, the allocation can easily be lsalanced during the next
update to the GAT. In general, we nd that the cost of implemening an ezcient
locking scheme outweighs the overhead incurred by brief peds of inetciency or
unfairness in the allocation. Nevertheless, we consider more std¢ approaches than
the current scheme in Chapter 9.

By restricting our modi cations to the Cilk runtime system, we aitomatically
impose the condition that all jobs in the Cilk-AP system are Cilk pbs. Since each
job is linked with the same (modi ed) runtime system, they are dlassociated with
instances of the same job scheduler|the Cilk-AP scheduler. Whilghis consistency
limits the scope of our system, it eliminates the problem of trusbetween the job
schedulers, because they all share the same code. In Chapter 9, sresier possible
ways to generalize the Cilk-AP system to include other types oblps as well.

Upholding the Design Goals of Cilk

The implementation of the Cilk-AP system upholds the three majodesign goals of
the current Cilk implementation: simplicity, minimal work overhead, and portability.
We summarize Cilk-AP's adherence to these goals below.

2 Simplicity. The extensions made by Cilk-AP to the Cilk runtime system lever-
age existing mechanisms whenever possible, both simplifying amdiucing the
number of changes required. The process-control techniquedeages Cilk's im-
plementation of workers as Pthreads. The steal-attempt couets maintained
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by each worker use the existing event-recording mechanism oflkCiThe back-
ground thread leverages Cilk's exception mechanism to signabrkers to sleep.
Finally, Cilk locks are used to control access to the TSA.

Minimal work overhead The Cilk-AP system uses steal-attempt information
to estimate the desire of a job. Since this information is onlyaghered while a
worker is stealing, it does not contribute to work overhead,hus satisfying the
work- rst principle of Cilk.

Portability. The Cilk-AP scheduler performs both the rst and second levelsfo
scheduling and does not depend on the operating system or ungery) architec-
ture of the machine. The process-control technique escapesedir interaction
with the underlying hardware by virtualizing the physical processors of the ma-
chine. The sleeping mechanism used to increase or decrease a job&ge is
implemented using standard UNIX pipes. Finally, the GAT is implerented
using the standard UNIX mechanism of memory-mapped 1/O.
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Chapter 7

Experimental Results

In this chapter, we present a suite of experiments that measurée overhead and
performance of the Cilk-AP system. In each experiment, we com@aCilk-AP to the
current Cilk system as follows. If there is only one job runningthen we compare
the results from the two systems directly. If there are multiplgobs running, then
we compare Cilk-AP to the Cilk system combined with a static pro@sor-allocation
policy. (Recall that Cilk is only compatible with static allocation policies because
it uses algorithm WS.) We begin by describing the di®erent Cilpplications used
in our experiments. Then, we describe our experiments for meaislg the overhead
of the Cilk-AP system, and use our results to choose an appropriat@lue for the
tunable parameterest _cycle . Finally, we describe our experiments for analyzing
the performance of Cilk-AP in the scenarios presented in Figur21, and compare
the execution times achieved by Cilk-AP to the greedy-schednyj bound proved in
Theorem 3. Our results show that the Cilk-AP system incurs negligie overhead and
provides up to 37% improvement in throughput and 30% improveent in response
time for the tested scenarios.

All experiments in this chapter were performed on an idle SGI @in 2000 SMP
with 16 195-MHz processors and 8 Gb of memory, running version &bthe SGI
IRIX operating system.

Cilk Applications

We used several Cilk applications in our experiments. These ajgations are de-
scribed below:

2 fib(n) is a program that calculates thenth Fibonacci number using double
recursion.

2 loopy(n) is animplementation of the LOOPY benchmark from Section 4.that
uses a single loop to spawn equal-sized subcomputations. Each subcomputa-
tion consists of 10 iterations of a small amount of work.

2 cholesky(n,z) is a program that performs a divide and conquer Cholesky
factorization of a sparse symmetric positive-de nite matrix. fie input matrix
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is generated randomly with sizen and z nonzero elements; the nonzero elements
are stored in a quad tree.

2 strassen(n) is a program that multiplies two randomly generatedn £ n ma-
trices using Strassen's algorithm. The program reverts to a sirgy divide-and-
conquer algorithm when the matrix size is suzciently small (cuently, less than
64).

2 knary(n,k,r) is asynthetic benchmark whose parameters can be set to produce
di®erent values for work and critical path length. Written ty Robert D. Blu-
mofe of MIT's Computer Science and Arti cial Intelligence Léoratory, knary
generates a tree of depth and branching factork, where the rst r children are
executed serially and the remainindsj r are executed in parallel. At each node
of the tree, the program performs 100 iterations of a small amnt of work.

All programs are compiled usinggcc -O2 when used in an experiment.

7.1 Overhead of Cilk-AP

In this section, we describe three experiments for measuringethoverhead of the
Cilk-AP system. In the rst experiment, we ran single jobs with higp parallelism in
isolation and measured the amount of work performed before alithe job's processors
get work on their deques; we call this amount thall-procs time. The second
experiment is identical to the rst, except we measured the ovall running time of
the job instead. By performing these experiments for di®eremtilues ofest _cycle ,
we can analyze the trade-o® between the all-procs time andnning time of each
job, and then use this information to choose an appropriate va¢ for est _cycle ; this
value is used in all subsequent experiments. In the third overhgéaxperiment, we
performed a simple test to illustrate the overhead incurred byrpcess control when
the total number of workers in the system exceed?.

The target exciency~ of the Cilk-AP scheduler was set to 0.5 in all three experi-
ments. For accuracy, each data point reported (either an afirocs time or a running
time) was averaged over 5 trials.

7.1.1 Experiment O1: All-Procs Time Overhead

The rst overhead experiment measures the all-procs time of sal jobs, each of
which has parallelism much greater tharP. The jobs were run in isolation with

all P processors using both the Cilk and Cilk-AP systems. We rst measured éh
parallelism T,=T; of each job using the built-in pro ling mechanism available in
Cilk; the pro ler was not used during the actualP-processor runs. Since all of the
applications we used are deterministic/meaning that the computation only depends

on the program and its inputs|jwe could measure the work T; by directly timing

the 1-processor run. The critical path lengthT; was measured internally by the
Cilk pro Ter. Since the pro ler incurs a signi cant amount of overhead, the measured
values of T; predict a much slower running time onP processors than our results
indicate (where proling is turned o®). We can ignore this dicrepancy, however,
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All-procs time | Running time
Cilk Job T, T, T,=T (16 procs.) (T1e)
fib(33) 189.9| 0.001093 169152 0.0709 1.044
loopy(64) 279.2 4.366| 63.95 0.1089 18.15
cholesky(2048,10000) | 373.8| 0.4843| 771.7 0.1271 11.17
knary(10,6,1) 1386 0.3748| 3698 0.1199 12.89

Figure 7-1: The parallelism of four Cilk jobs, derived from work and critical path mea-
surements. The all-procs time and running time of each job usig the Cilk system is shown
on the right. All times are in seconds.

because we are only using the pro ler to measure the parallelisrh @ job, which is
the ratio betweenT; and T; , under the assumption that pro ling a®ectsl; and T,
comparatively.

Figure 7.1.1 shows the work, critical path length, and paradlism of four di®erent
jobs; each job has parallelism much greater than the number ofqressors in our sys-
tem, P = 16. The all-procs time of each job using the Cilk system (on 16 pcessors)
is also shown in Figure 7.1.1. Using this value as a basis for compan, we then
measured the all-procs time of each job using the Cilk-AP systemrfdi®erent values
of est _cycle . We started with est _cycle =1 ms and repeat our measurements for
est _cycle =2, 5, 10, 25, 50, and 100 ms. (The resolution of the hardware cks
on our machine is approximately 0.8 ms.) The measured all-pm¢imes are shown
in Figure 7-2(a). Figure 7-2(b) plots the same results in termsf the number of
est _cycle intervals.

Since a job starts out with only 1 processor in Cilk-AP, we expecthe all-procs
times reported in Figure 7-2(a) to be longer than the times worded for Cilk, where
the job starts out using allP processors. We compare the two systems in Figure 7-3.
A value of 1 in Figure 7-3 indicates that the all-procs time usig Cilk-AP is as short
or shorter than when using Cilk, for the given job and value oést _cycle .

In Cilk-AP, the desire of a job grows by at most a factor of 4° during each
est _cycle interval, so it takes at least log-- P intervals before a job requests alP
processors of the machine. Once a processor has been requestecibimchted to the
job, there is a short delay before the job's usage actually ireases, since the Cilk-
AP scheduler must wake up a sleeping worker, and another delay twef the worker
gets work on its deque, since it has to steal this work from someoelse. The total
¢, of these delays over alP workers represents the all-procs time of the job when
est _cycle = 0. Assuming each delay takes a constant amount of time;, can be
expressed as follows:

¢ = O(P)+ O(log,— P) : (7.1)

The rst term represents the time taken to wake up allP workers, performed (in
series) by the Cilk-AP scheduler from the background thread; anthe second term
represents the time for allP workers to nd work, performed (in parallel) by the
awakened workers during eachst _cycle interval. In practice, est _cycle is greater
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than 0, sog, is distributed across several intervals. Iest _cycle is large enough, then
each portion of¢, completes within an interval, and the all-procs time of theqgb is

bounded by log-- intervals. If est cycle is small, then the all-procs time may take
longer than log_- intervals. For the values ofest cycle used in our experiment, the
all-procs time is always much longer than log- P = log, 16 = 4 intervals, as shown
in Figure 7-2(b). The number of intervals drops rapidly, howver, asest _cycle is

increased. When reading Figure 7-2(b), observe that while theumber of intervals
decreases for larger values da#st cycle , the value of the all-procs time actually
increases, as shown in Figure 7-2(a).

Figure 7-2 illustrates the trade-o® between overhead and resysiveness in the
Cilk-AP system. The smaller the value ofest _cycle , the shorter the all-procs time,
but the greater the number of desire-estimation intervals pérmed by the Cilk-AP
scheduler. In other words, while Figure 7-2(a) tells us to use ¢hsmallest value of
est _cycle possible, Figure 7-2(b) cautions us from using a value that isasmall, lest
it incur signi cant overhead. Looking at both graphs, it seemshat a value between
5 and 10 ms strikes a good balance between the two extremes. Weestigate this
trade-o® further in the next experiment, and use our combinegksults to choose an
appropriate value forest _cycle .

As an aside, we compared the all-procs time of theopy program using Cilk-
AP to the all-procs time measured using Cilk-AP-INST, a version of ik-AP that
estimates the processor desire of a job by directly measuring itsstantaneous par-
allelism. In Cilk-AP-INST, the instantaneous parallelism of a jb is measured by
counting the total number of threads on the ready deques oflalvorkers. As ex-
plained in Section 4.2, policies of this nature are inherdgtmisleading because they
can substantially underestimate the actual parallelism of a coputation. The results
of our comparison support this claim, and are shown in Figure 7.-4As predicted,
the Cilk-AP-INST system performs considerably worse than Cilk-APdr all values of
est _cycle ; even at the smallest interval size, Cilk-AP-INST is over 2.5 time slower
than Cilk-AP.

7.1.2 Experiment O2: Running Time Overhead

In Experiment O1, we observed a trade-o® between the overhead responsiveness of
Cilk-AP as the value ofest _cycle is changed. In Experiment O2, we assess the trade-
o® further by measuring its e®ect on the running time of eachbjoFor consistency, we
used the same jobs listed in Figure 7.1.1 from the rst experimentWe then measured
the running time of each job using both the Cilk and Cilk-AP systera over the same
range of values foest _cycle . By comparing the running times of Cilk-AP to Cilk, we
can gauge the overhead incurred by the desire-estimation pess, which is performed
by the Cilk-AP scheduler during every interval. For small value of est cycle , this
process occurs with high frequency throughout the job's exgon, and hence we
expect the overhead to be high. Ast _cycle is increased, the process occurs less
frequently, and the resulting overhead is low. Figure 7-5 shewour results for the
di®erent values ofest _cycle . The overhead of Cilk-AP is expressed as a percentage
of the running time using Cilk; a value of 0 indicates that CilkAP's running time is
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as short or shorter than the running time using Cilk.

From Figure 7-5, we see that the overhead of Cilk-AP drops rafidas the value of
est _cycle isincreased. In particular, forest cycle > 5 ms, the overhead is virtually
nonexistent. The decline of the overhead in Figure 7-5 is cost@nt with the decline
of the number of intervals in Figure 7-2(b). In particular, oth graphs suggest that a
value of est _cycle greater than 5 ms is large enough to avoid signi cant overhesad
when using Cilk-AP. Beyond 5 ms, the di®erence in overhead is nmral. Combining
this result with our analysis of Figure 7-2(a), we conclude thia value est _cycle =5
ms is an appropriate choice for our system.

By repeating the rst and second experiments for di®erent vads of P, we can
make a general statement about the overhead and optimal intexl size of Cilk-AP in
terms of the number of processors in a system. We describe a stratégyperforming
this extrapolation in Chapter 9.

7.1.3 Experiment O3: Process Control Overhead

In this experiment, we performed a simple test to measure the atead incurred by
process control when the number of workers in the system exce@lsAs observed in
Section 6.2, this situation usually occurs when the threads afcomputation are very
long, because a worker that is signaled to sleep only notices tieception after com-
pleting the currently executing thread. To simulate this e®s, we ran two instances
of the loopy program|each with parallelism greater than or equal to P [separated
by the all-procs time of the rst instance. In other words, we atlw the rst job's
usage to reachP processors before starting the second job. In the Cilk-AP system,
the allotment of the rst job is reduced toP =2 processors when the second job arrives,
but there is a potentially long delay before the rst job is actally able to reduce its
current usage, because each of its workers is busy executing reglsubcomputation.
The second job is oblivious to this delay and begins using itsifashare of P=2 pro-
cessors immediately after starting. As a result, the total numbeof workers in the
system exceed® for as long as the rst job is unable to properly reduce its usage
The response time of a job is de ned as the time elapsed from when the job ar-
rives to when it completes (including any time the job spendsugued). We measured
the mean response time of the two jobs for di®erent input sizes,cenusing Cilk-AP
and again using Cilk-AP with an allocation limit of P=2 processors per job. In the
second case, the total number of workers never excedtlsbecause the rst job is
limited to P=2 processors from the start. Our results are shown in Figure 7.1.Bor
comparison, we ran the experiment using the Cilk system with a statallocation of
P=2 processors per job. From Figure 7.1.3, one can see that the mss control tech-
nigue incurs signi cant overhead relative to Cilk when the nmber of workers in the
system exceed®. If the number of workers is kept at or belowP, however, process
control incurs no additional overhead, as evidenced by thadt column of Figure 7.1.3.
The larger the input size toloopy, the lower the process control overhead, because
the rst job has more time to reduce its processor usage (in fact)lsubcomputa-
tions after the rst P are executed using onlfP=2 processors by the rst job). The
allocation limits used in this experiment are for illustrative purposes only, and are
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not part of the design or implementation of the Cilk-AP system. Egn though such
limits help prevent the number of workers from exceeding, they also waste system
resources and limit achievable utilization, as explained i€@hapter 2.

7.2 Performance of Cilk-AP

In this section, we describe three experiments for measuringettperformance of the
Cilk-AP system. In the rst experiment, we simulated scenario (a)rbm Figure 2-
1 using three identical instances of thdib program. In the second experiment,
we simulated scenario (b) from Figure 2-1 using complementaryns of the knary
program. We compare the mean response time and throughput aetéd by the Cilk
and Cilk-AP systems in both of these experiments. We use the notiorf power ,
de ned as the throughput divided by the response time [25, 26}p compare the
overall performance. Power is a suitable metric for comparisdecause it re°ects
our goal of maximizing the throughput while minimizing the esponse time. In the
last experiment, we measured the running times of several jobsing Cilk-AP and
compare them to the greedy-scheduling bound proved in Theone3.

The target exciency = of the Cilk-AP scheduler was set to 0.5 in the rst two
experiments and 0.75 in the third. For accuracy, all of the nasured running times
were averaged over 5 trials.

7.2.1 Experiment P1: Arrival of a New Job

In this experiment, we simulated scenario (a) from Figure 2-1sing three identical
jobs, called A, B, and C, that requestP=2 processors each. In the given scenario, jobs
A and B start running at time 0 and job C arrives at some timet ; 0. We begin by
analyzing the mean response time and throughput achieved byelCilk and Cilk-AP
systems theoretically, assuming an ideal machine with no scheihgl overhead. IfT

is the execution time of each job of®=2 processors, then the mean response time and
throughput of each system can be expressed usiRg T, and t. We calculated these
values fort =0 and t = T=2 and list them in Figure 7.2.1. For both values of, the
mean response time using Cilk-AP is longer than when using Cilk, bthe increase

in throughput is still large enough to yield a greater power oCilk-AP. The ratios in
Figure 7.2.1 indicate the relative performance we can exgdoom Cilk-AP and Cilk

in practice.

In our experiment, we used three instances dib(38) to represent jobs A, B,
and C. Since each job has parallelism much greater th&h we set an allocation limit
of P=2 processors to simulate scenario (a) correctly. Figure 7.2.1 slsothe mean
response time, throughput, and power achieved by the Cilk andilk-AP systems
during the actual experiment. The value oflf was measured experimentally for each
system. Given the nonideal conditions of our machine, the rais in Figure 7.2.1 coin-
cide reasonably well with the theoretical values shown in Fige 7.2.1. As predicted,
the power achieved by Cilk-AP is greater than the power of Cilkor both values oft,
even with a theoretical ratio as small as 1.067 (as predictedrft = T=2).
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7.2.2 Experiment P2: Changes in Parallelism During Run-
time

In the second performance experiment, we simulated scenarig {lom Figure 2-1 by
running two jobs, called A and B, that have complementary paiéelism pro les. We
divided each job into two phases, a serial phase and a parallel glea and used the
knary program to implement each phase. Job A executes the serial phésdore exe-
cuting the parallel phase, and job B executes the parallel pka before executing the
serial phase. The pseudocode for each job is shown below. We Us®aty(11,4,4)
for the serial phase andknary(11,5,0) for the parallel phase.

Job A: Job B:

cilk int main (...) { cilk int main (...) {
[* serial phase */ [* parallel phase */
spawn knary(11,4,4); spawn knary(11,5,0);
[* wait for serial phase [* wait for parallel phase

to complete */ to complete */

sync; sync,
[* parallel phase */ [* serial phase */
spawn knary(11,5,0); spawn knary(11,4,4);
sync; sync,
return O; return O;

} }

Since A and B are perfect complements of each other, they eitithe same
amount of parallelism. We measured this value to be 13.68 usinget Cilk pro ler. To
perform our experiment, we ran jobs A and B concurrently usingoth the Cilk and
Cilk-AP systems and measured the mean response time in each case. f@sults are
shown in Figure 7.2.2. When using the Cilk system, each job is givéhe maximum
allotment of P=2 = 8 processors, based on their reported parallelism (which exdse
this value). Since the allotment of each job is static, it remias xed throughout both
the serial and parallel phases of execution. In the Cilk-AP systernthe allotment of
a job is determined dynamically by the Cilk-AP scheduler basednoestimates of the
job's current desire. As a result, the allotment can grow and sk during runtime
to adapt to changes in the job's parallelism. In the rst half ofour experiment, job
A executes the serial phase while job B executes the parallelgse, which causes the
Cilk-AP scheduler to allocate most of the processors to job B. In éhsecond half of
our experiment, the situation is reversed, and job A receivesast of the processors.
Since Cilk-AP is able to use the processors more ezxciently than IK| it achieves a
shorter mean response time in Figure 7.2.2, completing both plabout 30% faster
than Cilk. Figure 7.2.2 also shows the value & (de ned in Section 3.2) for each job
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when using Cilk-AP. We approximateP by measuring the average processor usage of
each job over allest _cycle intervals. In practice, the parallel phase of our experiment
takes longer than the serial phase (even when all 16 processors ased), and so the
value of P tends to be greater than 8.

7.2.3 Experiment P3: The Greedy-Scheduling Bound

In this experiment, we measured the running times of di®erefabs using the Cilk-
AP system and compare these times to the greedy-scheduling bounahfi Theorem 3.
Our goal is to show that the Cilk-AP scheduler achieves asymptatally optimal time
in practice, which suggests that a theoretical analysis of algthm WSAP should yield
the same result (we explore this analysis in future work). Sindbe greedy-scheduling
bound becomes tighter with largerP, we raised the target e+ciency” to 0.75 to
increase the accuracy and economy of our processor desire estgwafd higher value
of © means that fewer processors are used inexciently by a job, resal in a lower
value of P.

Given an adaptively parallel job with workT,, critical path length T, , and average
processor allotmenP, a greedy scheduler executes the job intinle- T,=P+ T, , as
proved in Theorem 3. In Figure 7.2.3, we compare the runningntes of di®erent jobs
using the Cilk-AP system to the greedy-scheduling bound prediadein Theorem 3.
As before, we approximateP using the average processor usage of a job over all
est _cycle intervals. (We use the job's usage instead of its allotment becse the two
guantities are not always the same.) In every case, the runnitigne T using Cilk-AP
is within a factor of 2 of the greedy-scheduling bound, and thegerformance of Cilk-
AP closely matches that of Cilk on a "xed allocation ofdP e processors. Since the
Cilk scheduler achieves asymptotically optimal time in the stiéc case (when the job's
allotment is xed) [4,7], these results suggest that a similar bawd can be proved for
the Cilk-AP scheduler in the dynamic case (when the allotment iallowed to vary).

The running times for Cilk shown in Figure 7.2.3 come remarkdp close to the
best running time achievable by Cilk onany number of processors. This observation
suggests that the Cilk-AP scheduler is able to nd the optimal atitment of a job using
the desire-estimation strategy presented in Section 6.1. We esqi the accuracy ofP
to improve even further as the value of is increased.
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Figure 7-2: The all-procs time of di®erent jobs using the Cilk-AP system, fown on an
absolute scale in (a) and in terms ofest _cycle in (b).
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Figure 7-4: The all-procs time of the loopy program using Cilk-AP and Cilk-AP-INST,

a version of Cilk-AP that uses instantaneous parallelism meaurements to estimate a job's
desire.
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Figure 7-5: The running time overhead of the Cilk-AP system for di®erent jpbs, expressed
as a percentage of the corresponding running time using Cilk

Cilk Cilk-AP
(w/ alloc. Overhead| (w/ alloc. | Overhead
Job 1 Job 2 limit) Cilk-AP (%) limit) (%)
loopy(16) | loopy(16) 9.035 12.31 36.26 8.984 0
loopy(32) | loopy(32) 17.83 19.70 10.47 17.83| 0.01528
loopy(64) | loopy(64) 36.21 37.68 4.078 35.81 0
Figure 7-6: The overhead of process control when the number of workers ithe system

exceedsP (=16 in the above experiments). Each time represents the mea response time

of jobs 1 and 2 in seconds.
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t=0 t=T=2

Metric Cilk | Cilk-AP | Ratio | Cilk | Cilk-AP | Ratio
Mean response timg 4T=3 3T=2 1.125| 7T=6 5T=4 1.071
(sec)

Throughput 3=2T 2=T 1.333| 3=2T 12=7T | 1.143
(jobs/sec)

Power 0=8T2 | 4=3T? | 1.185| 9=7T?2 | 48=35T2 | 1.067
(jobs/sec?)

Figure 7-7: Theoretical values for the mean response time, throughputand power achieved

by the Cilk and Cilk-AP systems in scenario (a) of Figure 2-1. The ratio of Cilk-AP to Cilk
is shown for each metric.

t=0 t=T=2
Metric Cilk | Cilk-AP | Ratio | Cilk | Cilk-AP | Ratio
Mean response time  21.10 23.26| 1.102 18.48 19.76| 1.069
(sec)
Throughput 0.09450; 0.1291| 1.366| 0.09450 0.1022| 1.082
(jobs/sec)
Power 4,478 5.550| 1.239| 5.115 5.175| 1.012
(£ 10 3 jobs/sec®)

Figure 7-8: Experimental values for the mean response time, throughput and power
achieved by the Cilk and Cilk-AP systems in scenario (a) of Figire 2-1. The ratio of Cilk-

AP to Cilk is shown for each metric. Three instances offib(38) are used to represent jobs
A, B, and C.

Metric | Cilk | Cilk-AP
Mean response time 31.33 22.12
(sec)

P (Job A, Job B) | (8, 8) | (8.275, 9.756)

Figure 7-9: The mean response time and processor usage of the Cilk and GAP systems

in scenario (b) of Figure 2-1. The knary program is used to implement the serial and
parallel phases of jobs A and B.
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Cilk-AP | Cilk
Job T, T, ﬁ leﬁ + T (T) (Tdﬁe)
knary(11,3,3) 7660 4.187| 3.732 6.242] 11.37] 10.85
knary(11,4,0) 122.6| 0.001212| 15.02 8.164| 8.704| 8.166
knary(10,4,2) 35.60 1.442| 11.49 4.540 8.617| 8.580
strassen(1024) 10.77 2.582| 6.784 4,170 3.450| 3.906
pfloop(64) 279.2 4.366| 15.82 22.01 18.55| 18.49
fib(33) 208.2| 0.00704| 15.60 13.35 18.99| 18.93
cholesky(2048,10000) | 448.4| 0.8224| 14.45 31.85| 43.74| 45.49

Figure 7-10: The running times of di®erent jobs using the Cilk-AP system, ompared here
to the greedy-scheduling bound in Theorem 3. All times are in sconds.
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Chapter 8
Related Work

The problem of scheduling adaptively parallel jobs on multimgrammed parallel sys-
tems has been studied extensively in the past. In this chapter,enhighlight some
of this work in the context of the Cilk-AP system. For a thorough teatment of job
scheduling in multiprogrammed parallel systems, the reader isrdcted to Feitelson's
survey [17]. A more recent report has also been written by Feisen and Rudolph [18].
For background on the concept of work stealing, the reader igferred to Blumofe's
PhD thesis [4].

Dynamic processor-allocation systems are speci cally designedhwadaptively
parallel jobs in mind. The term \adaptive parallelism” itself seems to have been
coined by the designers of Piranha [11,12], a dynamic processtiocation system
based on the Linda programming model [13]. Piranha is consi@erto be one of the
“rst real implementations of dynamic partitioning on a paralel machine [17]. Most
dynamic allocation systems in the past have used the instantaneoparallelism of
a job|usually determined by the number of threads that are ready to execute|to
estimate the job's processor desire. We have shown in Section attthis approach
is inherently inaccurate for a large class of parallel progmes. Nguyen et. al. use
runtime measurements of exciency and/or speedup to tune a jaballotment [36, 37],
while others study the e®ect of using various application cheteristics to in°uence
allocation decisions [9, 14, 27, 29,42, 44, 45]. These systems @ther impractical,
because they assume that application characteristics are prded to the scheduler
beforehand, or based solely on recent measures of a job's penfance. In contrast,
the Cilk-AP system uses a policy that proactively explores the fure parallelism of
a job, and requires naa priori information about the job.

For the speci ¢ case of work-stealing jobs, little work has beerode to analyzing
their performance in multiprogrammed environments. The wdrstealing algorithm
presented by Blumofe and Leiserson [7], algorithm WS, is simuitaously ezcient
with respect to time, space, and communication, but assumes th#te number of
processors used to execute a multithreaded computation is xeds a result, any im-
plementations of this algorithm, such as the Cilk system [5, 187], can only be used
with a static processor-allocation policy in a two-level schetlng environment. In
more recent work, Arora et. al. [2] present a nonblocking impleentation of algorithm
WS that runs ezxciently on a variable number of processors, makgnit suitable for
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use with a dynamic allocation policy. Given a multithreaded e@mputation with work
T, and critical-path length T; , and for any numberP of processes, their nonblocking
work stealer executes the computation in expected tim@(T,=P, + T; P=P,), where
P is the average number of processors allocated to the computati The di®er-
ence between this algorithm and WSAP is that the number of pr@sses in WSAP
always matches the number of physical processors allocated tetcomputation. We
investigate the performance of WSAP and the Cilk-AP system in futte work.

Part of the work presented in this thesis is based on previous (pablished) work
by Bin Song, Robert Blumofe, and Charles Leiserson of the Supemputing Tech-
nologies Group at MIT. Song et. al. show that if a Cilk job runnng on P processors
spends a substantial fraction of its time stealing, ther® is bigger than the average
parallelism of the computation. If the job only spends a small &ction of its time
stealing, thenP is smaller than the average parallelism. This claim is justi edoth
theoretically and empirically in their work, and forms part of the intuition behind
using steal-attempts statistics in the desire-estimation process Cilk-AP.
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Chapter 9

Conclusion

This thesis has presented the theoretical foundation, desigmé implementation of a
two-level scheduling system for adaptively parallel work-stéiag jobs. The Cilk-AP
system uses dynamic partitioning (algorithm DP) in the rst leve of scheduling to
allocate processors to jobs in a fair, excient, and conservaéyvmanner. In the second
level of scheduling, Cilk-AP uses a randomized work-stealinggakithm (algorithm
WSAP) to schedule a job's computation, subject to these changirglocations. The
Cilk-AP scheduler estimates the processor desire of a job using aipplthat proac-
tively explores the job's \future" parallelism. We have shownthrough the LOOPY
benchmark that policies that directly measure the instantaneus parallelism of a job
are inherently inaccurate. These policies grossly underestiteathe average paral-
lelism of a job for a large class of programs. The information uséy the Cilk-AP
scheduler to estimate a job's desire is provided by algorithm WA at virtually no
additional cost. By relying solely on steal-attempt statistics, w guarantee that the
overhead incurred by the desire estimation process is borne byetcritical path and
proportional to the inexciency of the job, thus satisfying thework- rst principle.

As a consequence of our design choices, the implementation of @ilk-AP system
requires only a few extensions to the current implementatioof Cilk. Cilk-AP uses the
process control technique to manage the global allocationuser space. By leveraging
existing mechanisms of Cilk and relying only on standard UNIX meeimisms, the
Cilk-AP system upholds the three major design goals of the Cilk ipfementation:
simplicity, minimal work overhead, and portability. At present, all jobs in the Cilk-
AP system are Cilk jobs, which simpli es issues like security and trustetween the job
schedulers, at the cost of limiting the system's scope. We considesys to generalize
the Cilk-AP system, and other extensions to the current design, iour discussion of
future work below.

Future Work

This thesis is the result of ongoing research by the Supercommg Technologies
Group at MIT. As such, parts of the work presented here are pendyrfurther investi-
gation and study. In this section, we discuss these areas and direns for future work
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in the context of the Cilk-AP system. We begin with areas pertaiimg to the rst
level of scheduling, and then discuss areas pertaining to the sed level. Finally, we
describe some experiments that can be done to extend (and stréren) our results.

The Cilk-AP system uses algorithm WSAP to schedule a job's computah in the
second level of scheduling. We have described WSAP in the contextan adversarial
model, but have not provided a theoretical analysis of its p@rmance; this analysis
is part of our current research. Like algorithm WS, our goal iso show that WSAP
achieves provably good time, space, and communication bowdrhe nature of these
bounds is unclear to us at this time.

We are also exploring di®erent extensions and improvementstte desire estima-
tion process of Cilk-AP. One idea is to incorporate the historyfaa job's processor
usage when estimating its current desire, giving more weight tpast usage trends
than to current demands. This technique is particularly usefufor moderating the
e®ect of short-lived bursts or drops in a job's parallelism. Anbér idea is to imple-
ment a mechanism for detecting whether or not a worker is bloell on 1/0O, similar
to the mechanism used by McCann et. al. in their dynamic processallocator [33].
If a worker of a job is blocked, then it can be safely discountedoin the job's current
usage.

The Cilk-AP system uses algorithm DP to allocate processors to jolirs the rst
level of scheduling. DP uses a strict notion of fairness that doewt distinguish
between jobs. In practice, it may be useful to implement a pridy scheme for dis-
tinguishing between di®erent jobs (or users of jobs). A job's iprity can be set by
the user, and the user's priority can be set by the administratorfahe machine, for
example. Alternatively, the priority of the job can be deternined by the Cilk-AP
system itself, based on runtime characteristics or properties tiie job. The dy-
namic processor allocator designed by McCann et. al. [33] usesataptive priority
mechanism that increases the priority of jobs using fewer pragsors than the system
equipartition, and lowers the priority of jobs using more tha the system equiparti-
tion. The allocator uses a job's priority to determine which pocessors it can preempt
on the job's behalf|for example, a lower priority job can never cause the preemp-
tion of a processor from a higher priority job. Once a priority deeme is established
for Cilk-AP, the rst-level scheduler can be modi ed in a similarmanner to use this
information when reallocating processors between jobs.

Instead of implementing its own priority scheme, the Cilk-AP systm can leverage
existing priority mechanisms if we move the rst-level scheduleinto kernel space.
Although this strategy reduces the portability of the system, itextends the scope
of Cilk-AP to all types of jobs, not just Cilk jobs. As we noted in Setton 6.1, the
disadvantages of a kernel-level implementation include theommunication overhead
between the rst and second levels of scheduling and the issue afgr between the
two levels. We are currently exploring these issues, as well as @thvays to generalize
the Cilk-AP system.

A more immediate problem in the rst level of scheduling is the @tential for the
GAT to become a hot spot, especially on systems with a large numbefr processors.
One solution to this problem is to use a separate, dedicated pessor to periodically
update the allotments in the GAT, relieving the individual job schedulers of this
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responsibility. If the updates are made frequently enough, wexpect the allocation
to be as responsive to changes in job desires as the current systenfat the cost of
dedicating a separate processor for this role).

Finally, there are several experiments that we are planningptdo to extend our
results from Chapter 7. First, we are considering an alternates way to measure
the overhead of the Cilk-AP system, using the amount of work penfimed by a job
before all processors get work on their dequeus (instead of meaasy the time this
process takes). By repeating this experiment for di®erent vas of P, we can make
a general statement about the startup overhead of our system inrtas of the size of
the machine and the value okst _cycle . This overhead determines the minimum job
size for which it is advantageous to use our system. A similar statemt can be made
about the optimal value ofest _cycle in terms of the machine size, by repeating the
second overhead experiment for di®erent values Bf Together, these results can
make a strong case for the scalability and performance of Cilk-A&n any machine
size. As a nal note, we plan to test the Cilk-AP system on real-worl@pplications,
such as protein folding and ray tracing, to further reinforcehese results.
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