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ABSTRACT
The OpenMP programming model provides parallel applications a
very important feature: job malleability. Job malleability is the
capacity of an application to dynamically adapt its parallelism to
the number of processors allocated to it. We believe that job mal-
leability provides to applications the flexibility that a system needs
to achieve its maximum performance. We also defend that a sys-
tem has to take its decisions not only based on user requirements
but also based on run-time performance measurements to ensure
the efficient use of resources. Job malleability is the application
characteristic that makes possible the run-time performance analy-
sis. Without malleability applications would not be able to adapt
their parallelism to the system decisions. To support these ideas,
we present two new approaches to attack the two main problems of
Gang Scheduling: the excessive number of time slots and the frag-
mentation. Our first proposal is to apply a scheduling policy inside
each time slot of Gang Scheduling to distribute processors among
applications considering their efficiency, calculated based on run-
time measurements. We call this policy Performance-Driven Gang
Scheduling. Our second approach is a new re-packing algorithm,
Compress&Join, that exploits the job malleability. This algorithm
modifies the processor allocation of running applications to adapt
it to the system necessities and minimize the fragmentation and
number of time slots. These proposals have been implemented in a
SGI Origin 2000 with 64 processors. Results show the validity and
convenience of both, to consider the job performance analysis cal-
culated at run-time to decide the processor allocation, and to use a
flexible programming model that adapts applications to system
decisions.

1. INTRODUCTION
Processor scheduling in a multiprocessor machine is a difficult
task.

Scheduling algorithms must decide the job scheduling (which a
how many jobs should be executed) and the processor alloca
(how many and which processors allocate to each job). One of
main problems of the processor scheduling is how to deal with t
problem of processor sharing. Traditionally, there have been th
approaches to deal with this problem: space sharing, time shar
and space-time sharing (Gang Scheduling).

The space sharing approach [14][1] partitions the machine amo
a number of applications. Applications run on these partitions as
a dedicated machine. This approach has the advantages that m
mizes the context switches and reduces the loss of performa
due to synchronizations since all the threads of an application
simultaneously. However, it has the drawback that in executi
environments with fixed processor allocation this technique can
unresponsive and introduces fragmentation. Dynamic space-s
ing policies such as the equipartition [14] do not have these pro
lems because processor allocation is modified dynamically.

The time sharing approach considers the thread as an individ
scheduling basis without knowledge about applications or thre
synchronization. This approach introduces a great number of c
text switches and loss of performance due to the synchronizati
usually found in parallel applications. This approach is frequent
SMP machines and has not shown good results when the num
of threads exceeds the number of processors in the para
machine, as Tucker and Gupta showed in [23].

And finally, the combination of the two previous approache
space-time sharing or Gang Scheduling [4][6], has the followin
characteristics: Application threads are grouped into gan
threads in a gang are executed simultaneously, and time sharin
used among gangs. Common reasons to use Gang Scheduling
its responsiveness and efficient use of resources.

This work is based on two main ideas. The first one, and the m
important, is that OpenMP [16] is a programming model easy
use and that it provides a very important feature to parallel job
job malleability [5]. Job malleability is the capacity of an applica
tion to dynamically adapt its parallelism to the number of proce
sors allocated to it. We believe that the flexibility to adapt to th
execution environment provided by malleability marks the diffe
ence among execution environments and clearly determines
system performance. If applications are malleable, the system
dynamically take the scheduling decisions and applications ad
their parallelism to its decisions. Otherwise, applications are rig
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and the system has to take its decisions as a function of the jobs
requirements. Job malleability is the first point that we want to
defend in this work, and also provides us the basic mechanism to
the second important point in this work. This second point is that
the number of processors allocated to an application should be
determined by the scheduling policy, based on user request, but
also considering run-time measurements to ensure a good proces-
sor utilization. Job malleability allows to perform run-time mea-
surements and to dynamically modify the processor allocation of
running jobs.

To demonstrate the validity of our ideas we present two new
approaches to improve Gang Scheduling attacking the two main
problems of Gang Scheduling: the excessive number of time slots
[26] and the fragmentation [26][4].

First approach: The processor allocation policy used is an orthog-
onal factor to the fact of using Gang Scheduling. For this reason,
we propose to apply a space-sharing policy to each time slot. This
policy allocates processors to applications as a function of their
performance measured at run-time. We demonstrated in [1][2] that
this is a good approach in dynamic space-sharing environments.
We will refer to this combination as Performance-Driven Gang
Scheduling, PDGS.

Second approach: Since OpenMP applications are malleable,
there is no need to suffer from the fragmentation. We can modify
the processor allocation of running applications to fit an applica-
tion in an idle processor or by reducing the number of time slots.
We will present a re-packing algorithm, Compress&Join, that
exploits this feature.

This work has been implemented and evaluated in a SGI Origin
2000 [25] with 64 processors. Since most of the previous works
are based on simulations, we have included in this work an initial
evaluation comparing Gang Scheduling with several dynamic
space-sharing policies and with a batch policy to have a reference
about the performance of these policies in our execution environ-
ment.

Results show that both approaches, the use of job performance
analysis and the job malleability, offer significant gains compared
with a traditional Gang Scheduling. However, in the experiments
performed in this work, even with our improvements, Gang Sched-
uling has not outperformed the dynamic space-sharing policies
evaluated as a reference in this work.

The remainder of this paper is organized as follows: Section 2 pre-
sents some related work, Section 3 describes some space sharing
policies and compares them with Gang Scheduling. Section 4 pre-
sents our proposals to improve the performance of Gang Schedul-
ing through job performance analysis and job malleability, and
finally Section 5 presents the conclusions of this work.

2. RELATED WORK
Static space-sharing policies have the drawback that their deci-
sions have a great impact in the response time of applications and
in the resource utilization. With these polices, decisions taken by

the scheduler are critical since they can not be modified. Examp
of static partitioning are FIFO, Smallest Job First [13] or Worst F
(these policies can be used with Backfilling [10]). Dynamic spa
sharing does not have these problems because the processor a
tion is dynamically modified. Examples of dynamic space-shari
policies are equipartition [14], equal_efficiency [15], equip++ [2
or PDPA [1]. However, dynamic space sharing policies have be
presented as difficult to implement in real systems.

Gang Scheduling is a technique proposed by Ousterhout in [
that combines space and time sharing and it was presented as
solution to the problems of static space-sharing policies. Feitels
and Jette argue in [6] that Gang Scheduling solves the problem
taking incorrect decisions while performing job scheduling. Feite
son and Rudolph comment in [8] that academically speaking Ga
Scheduling is inferior to dynamic partitioning, but that dynami
partitioning is difficult to implement and that the drawbacks o
gang are not so critical. They conclude that “the advantages
Gang Scheduling generally outweigh its drawbacks”.

Several works have analyzed the problem of fragmentation
Gang Scheduling and have proposed several re-packing algorith
as solution to this problem. Feitelson in [4] analyzes several alg
rithms of job re-packing for Gang Scheduling and concludes th
the best option is a buddy system or use migration to re-map
jobs (based on a first-fit algorithm). Feitelson and Rudolph propo
and evaluate Distributed Hierarchical Control (DHC) in [7][9]
DHC is a design using a hierarchy of controllers that dynamica
re-partitions the system according to changing job requiremen
They show through simulations that DHC achieves performan
comparable to off-line algorithms. Zhouet al. [26] also attack the
fragmentation problem and present ideas such as job re-pack
running jobs on multiple slots and minimizing the number of tim
slots in the system to improve the buddy scheme for Gang Sch
uling. Setia [18] shows through simulations that Gang Scheduli
policies that support job migration offer significant performanc
gains over policies that do not use remapping. In this work, w
have implemented a migratable Gang Scheduling.

Other authors have analyzed other aspects of the performanc
Gang Scheduling under different kind of applications. Silva an
Scherson propose Concurrent Gang [20] to improve the perf
mance of I/O intensive applications. Using simulations they sho
that Concurrent Gang combines the advantages of Gang Sche
ing for communication and synchronizations intensive applicatio
with the flexibility of a Unix scheduler for I/O intensive applica-
tions. They also classify applications through run-time measu
ments in [21] to provide better service to I/O bound and interacti
jobs under gang. They propose to improve the utilization of id
times (idle slots and blocked tasks) and to control the spinni
time of tasks. Gare and Leutenegger [11] analyze the relat
between job size and quantum allocation. They allocate a num
of quanta inversely proportional to the number of processes per
to reduce the slowdown. Zhang et al. [27] combine backfilling an
Gang Scheduling in Backfilling Gang Scheduling. As them, w
also believe that space sharing scheduling is orthogonal to
Gang Scheduling concept, and this is one of the important points
this work.
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3. GANG SCHEDULING VS. SPACE SHAR-
ING
In this section, we compare the performance of some space sharing
policies vs. Gang Scheduling to have a reference and to confirm
the problems of Gang Scheduling detected in previous works. The
processor allocation policies that we have selected to compare with
gang are: batch, equipartition [14], equip++ [2], and PDPA [1].
Equipartition, equip++ and PDPA are dynamic space-sharing poli-
cies. The job scheduling policy used in all the cases is an unre-
stricted Backfilling [12]. We have relaxed the restriction that jobs
involved in backfilling do not delay previous jobs in the queue.
However, in these experiments, the job scheduling policy only
affects the execution of jobs when using the batch policy, because
it is a static space-sharing policy.

3.1 Space Sharing Policies
Batch and equipartition are space-sharing policies that take their
decisions based on the user request. Equip++ and PDPA also con-
sider the application performance measured at run-time. A brief
description of each of these policies follows:

Batch: The batch policy is a static space-sharing policy that
allocates the number of processors requested to each application, if
available. Otherwise, the application waits until there are enough
free processors.

Equipartition : Equipartition [14] is a dynamic space sharing
policy that, to the extent possible, maintains an equal allocation of
processors to all jobs. It assigns cyclically processors to
applications till the requested of each application is reached or till
there are no more processors available to allocate.

Equip++: Equip++ [2] is an improvement of the equipartition
policy that considers the run-time measured efficiency achieved by
applications, and ensures that applications achieve a certain value
of processor efficiency.

Performance-Driven Processor Allocation (PDPA): The PDPA
[1] is a dynamic space sharing policy that allocates a number of
processors to each application that achieves anacceptable
efficiency, calculated at run-time. The concept ofacceptableis
fully described in [1]. It mainly consists of reaching a pre-defined

target efficiency. The PDPA applies a search algorithm to ea
parallel application running in the system to decide the number
processors that achieves thisacceptable efficiency.

3.2 Gang Scheduling
Gang scheduling is a term that includes a group of scheduling p
icies with common features: threads are grouped into gan
threads in each gang execute simultaneously on different proc
sors, and time sharing is used among gangs. In this section
present the characteristics of Gang Scheduling that we h
adopted. In this case, malleability is not involved at all.

Different scheduling policies can fit in the previous definition. W
have implemented migratable preemptions [18], that is, threads
a gang can be preempted in a set of processors and resume
another. Migratable Gang Scheduling has been shown to offer s
nificant gains over policies that do not allow remapping (jo
migration).

Gang Scheduling manages a two dimensional matrix where o
dimension represents processors and the other is time (this st
ture is known as the Ousterhout matrix [17]). Figure 1 is an exa
ple of a matrix in a machine with eight processors, where ea
column is a time slot, composed by a list of one or several gan
Time-sharing is performed between slots and the sum of proc
sors allocated to gangs in a slot must be less or equal than the n
ber of processors in the machine.

In our implementation, the number of active time slots has be
limited to five and the time-sharing quantum has been set to fo
seconds.

The packing policy implemented is a first-fit algorithm [4] (com
bined with job migrations) implemented in the following way:

• A new job is placed in the first slot with a sufficient number o
idle processors.

• A job completion does not imply a job re-packing.

At each time-sharing quantum the scheduler performs the follo
ing steps:

P0 J0 J1 J2 J4 J5

P1 J0 J1 J2 J4 J5

P2 J0 J1 J2 J4 J5

P3 J0 J1 J2 J4 J5

P4 J0 * J3 J4 J5

P5 J0 * J3 J4 J5

P6 * * J3 * *

P7 * * J3 * *

Time

Figure 1: Ousterhout matrix for a system with eight processors

current_slot

* idle processor
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• Stops the currently running gangs (this implies to suspend all
threads).

• Advance thecurrent_slotpointer and resume gangs in the
new slot (resume all threads).

• If the total amount of processors used by gangs in the
current_slotdoes not fit the total number of processors in the
machine, the algorithm searches for gangs that could be
moved to this hole (starting fromcurrent_slot+1). If it finds a
gang that fits in the current slot the algorithm resumes it.
Moreover, it tries to move gangs from low loaded slots to
heavy loaded slots to reduce the number of time slots and the
fragmentation.

We only allow to move gangs from low loaded slots to heavy
loaded slots to avoid ping-pong effects that could be produced
without this limitation.

3.3 Evaluation
In this section, we evaluate the performance of Gang Scheduling
compared to the described space-sharing policies.

3.3.1 System, Parallel Applications and Workloads
All the workloads presented in this paper have been executed in an
Origin2000 with 64 processors with IRIX 6.5 [19]. Each processor
is a MIPS R10000 [25] at 250 MHZ, with two separated instruc-
tion and data L1 cache (32 Kbytes), and a secondary unified
instruction/data cache (4 Mbytes). The memory migrations of
IRIX has been activated to reduce the impact of migrating a job.

The execution environment is fully described in [1], and it is
mainly composed by the OpenMP parallel applications, a user
level scheduler, the CPU Manager, and a queueing system that
controls the arrival of applications.

To evaluate our proposal we have selected four different applica-
tions: swim, hydro2d, apsi, and BT (class=A). The swim, hydro2d
and apsi are applications from the SPECfp95 benchmarks, and the
BT is from the NAS Parallel Benchmarks. Each one of them has
different behavior considering the speedup. Table 1 presents the
characteristics of these applications, from higher to lower speedup.
Swim achieves a super-linear speedup, BT has a moderate-high
speedup, hydro2d has low speedup and apsi has very bad speedup.
In all the applications, except in apsi, the maximum speedup is
achieved with 32 processors.

We have defined a mix of applications composed by the four appli-
cations with the following requests: swim (32 proc.), BT (32
proc.), hydro (32 proc.) and apsi (2 proc.). These numbers of pro-

cessors are those that achieve the maximum speedup per app
tion.

Using these four applications we have generated several workl
logs simulating different frequency of application arrival. Thes
workload logs follow the standard workload format (swf) define
in [22] and they can be found in [24]. The workload logs have be
generated assuming that applications arrive following an expon
tial distribution.

The equation on the left of Figure 2 is the operational analys
equality between demand and resource utilization in an op
queueing system. We have taken as the reference of applica

demand its sequential time T1
i. To generate a workload with equa

demand for all the applications we use Pi=P/4 (as there are four
applications, each application uses 1/4 of the system processo
U is the system utilization that such an arrival rate would genera
With such arrival rates, we generated workload logs of arrivals du
ing 300 seconds. Then, no more applications are submitted.
have generated workload logs with an utilization of 0.6(norma
0.8 (high) and 1.0 (very high), that were then used to evaluate
the policies.

With fast arrival rates (U=1.0), the experiments will evaluate th
system ability to drain the queue of jobs that will build up durin
bursty job arrival phases.

Note that these workloads are computational intensive, but they
not evaluate the behavior of the policies under other scenarios s
as I/O intensive or with interactive applications.

3.3.2 Slowdown
Figure 3 shows the average slowdown achieved by the schedu
policies evaluated. The x axis is the load of the system (60%, 80
and 100%) and the y axis is the average slowdown. The slowdo
of an application is calculated as the relationship between
application response time in the experiment and the execution ti
in a dedicated machine with the number of processors in wh
achieves the maximum speedup. As we can observe, all
dynamic space-sharing policies clearly outperform Gang Sched
ing. The batch policy is one example of those static space-shar
policies that are very affected by job scheduling decisions. Ga
Scheduling has not achieved a good performance because of

Table 1: Application characteristics

Characteristics/
Application(input)

Swim(ref) Bt(A) Hydro2d(train) Apsi(ref)

Exec.Time. in Sequential 212.2 sec. 1066.21 sec. 223.7 sec. 99 sec.

Speedup with 8/16/32/48 proc. 21.6/36.5/44.2/30.0 6.1/12.4/20.85/20.59 4.6/5.4/6.3/3.6 0.93/0.93/0.92

Figure 2: Arrival rate calculation for application i

λi T1
i× Pi U×= λi P U×

4 T1
i×

-----------------=
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fragmentation and the number of time slots. To give an insight, we
have measured that Gang Scheduling has an utilization around a
88% compared with an utilization about the 96% of the equiparti-
tion (in the experiment with U=100%).

Another important observation is that it results in better perfor-
mance to queue applications that can not run, rather than to start
them and perform time sharing. We have observed that having a
large number of time slots is very harmful for the execution time of
running applications.

We have separated in Table 2 the average queued time and the
average running time in the equipartition, the equip++, the PDPA
and Gang Scheduling policies (in the experiment with load
=100%). The queued time is the time that applications are waiting
in the system, controlled by the queueing system rather than by the
short term scheduler. The full response time is the sum of the
queued and running times. In space-sharing policies, jobs are
queued if there are not available processors to execute. With Gang
Scheduling, applications are queued if the maximum number of
time slots has been reached. Observe that, despite the fact that jobs
under Gang Scheduling run with the number of processors that
achieves the maximum speedup, it results in the worst running

times. This is because the excessive number of time slots. E
time we add a new time slot, running jobs receive less proporti
of cpu time. Moreover, this cpu time is not totally useful because
proportion is used to resume the applications and restore their
tus (caches, TLB, etc.). In addition, this slowdown means th
applications stay in the system (processors, memory, etc.) m
more time that in a space-sharing approach. This is a very imp
tant problem because we have executed the same set of exp
ments with the maximum number of time slots set to eight and w
have found that the system crashes due to the unavailability

resources (processes)1. If the number of time slots is small, this
problem is not so critical, but if the load of the system is very hig
this becomes the more important drawback of Gang Scheduli
Observe that Gang Scheduling also have queued time. This
because in these experiments Gang Scheduling reaches the m
mum number of time slots (set to five) and applications must
queued.

   60%   80%   100%

5

10

15

20

25

A
V

G
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w

do
w

n batch
equipartition
equip++
pdpa
gang

Figure 3: Space-sharing policies vs. Gang Scheduling

Table 2: Average queued and running times, in seconds (U=100%)

Policy/
Application

Swim BT Hydro2d Apsi

queued running queued running queued running queued running

EQUIPARTITION 0 31 0 268 0 97 0 107

EQUIP++ 0 19 0 215 0 73 0 102

PDPA 48 9 59 175 42 61 42 100

GANG 76 22 190 239 96 155 133 227

1. Results of these experiments with eight time slots are not
included here due to the lack of space
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On the other hand, the equipartition adjusts the number of proces-
sors allocated to applications to adapt it to the load of the system.
Then, the execution time is greater than in the PDPA and the
equip++ cases because jobs are given a small number of processors
but they execute more efficiently and there is no queued time.

The equip++ has a behavior similar to the equipartition but it is
able to allocate processors to applications in a more efficient way
(based on run-time measurements), resulting in the scheduling pol-
icy that achieves the best results.

Finally, in the case of the PDPA, it allocates more processors to
jobs than the equipartition and the equip++, then the running time
is smaller than the achieved in those policies, but the queued time
is greater than the queued time of the equipartition and equip++. In
these particular workloads, PDPA does not outperform equiparti-
tion and equip++ because all the applications except Hydro2d
request a number of processors that initially achieve an acceptable
efficiency. In [1], we show that if jobs request processors without
knowledge of their performance, PDPA offers great benefits.

4. IMPROVING GANG SCHEDULING
The execution of applications in a non-malleable way introduces a
lot of fragmentation. Moreover, the time sharing among slots can
increase in excess the consumption of resources due to the incre-
ment in the number of time slots. The ideas that we will use in the
next sections to improve Gang Scheduling are not new. The main
contribution is their use along with Gang Scheduling.

4.1 Performance-Driven Gang Scheduling
We have observed that users normally ask for the number of pro-
cessors that achieves the best speedup in their applications, or even
they request for the maximum number of processors in the
machine without knowledge about their job performance. A lot of
jobs achieve their maximum speedup at the expense of processor
efficiency, and with much less processors the application would
achieve quite the same performance. We believe that the number of
processors used by an application should be determined by the
scheduling policy. It should be based on the user request but also
considering run-time measurements to ensure the processor utili-
zation. And that is orthogonal to the fact of performing time-shar-
ing.

For this reason, we present the Performance-Driven Gang Schedul-
ing, PDGS. The PDGS applies the philosophy used in [1][2] to

Gang Scheduling. The PDGS provides control on the number
processors allocated to each job and ensures that processor
used efficiently. The control of the processor efficiency achiev
provides an indirect benefit because it results in a reduction in
number of processors allocated to jobs, generating a reduction
the number of time slots.

The PDGS uses two different quanta: the time-sharing quant
and the space-sharing quantum. The goal of having two differe
quanta is to decide the processor allocation at a more fine gr
than the time-sharing quantum. The scheduler wakes up at e
space-sharing quantum to distribute processors among applicat
active in the current slot (that does not imply necessarily a proc
sor re-allocation). The time-sharing quantum is a multiple of th
space-sharing quantum, and implies the activation of applicatio
in the next slot. Figure 4 shows the main loop of the scheduler.
each time-sharing quantum the scheduler changes the slot
selects a new set of applications that will run during the next tim
sharing quantum.

4.2 Malleable Gang Scheduling
Even adjusting the number of processors that each applicat
uses, Gang Scheduling has the drawback of fragmentation. In
execution environment, fragmentation does not have sense bec
jobs can adapt their parallelism to the resources available. In t
section, we will evaluate the effect of exploiting the malleability o
OpenMP applications through a re-packing algorithm, Com
press&Join.

4.2.1 The Compress&Join Algorithm
The Compress&Join algorithm re-generates the matrix used
Gang Scheduling. The goal of this algorithm is to minimize th
overhead introduced by the context switch between slots by red
ing the number of time slots. We assume that the speedup provi
by reducing the number of slots is greater than the slowdown p
duced by the reduction in the number of processors allocated
each application.

For instance, consider a simple case when we have one time
that runs a parallel application with 64 processors. In that case t
application does not suffer slowdown because with one time s
there are not context switches. If a new application arrives reque
ing 64 processors, a normal packing algorithm opens a new ti
slot and performs time sharing between the two applications.
that case each one receives the 50% of the cpu time and suffers
slowdown of 2 (in average). The Compress&Join algorithm w
adjust the processor allocation of each application to 32 proc
sors, reducing the number of time slots from two to one. Aft
applying the Compress&Join algorithm, each application w
receive half the number of processors than with a normal alg
rithm, but it will not suffer any context switches. We assume th
the benefit generated by reducing the number of time slots
greater than the penalty by reducing the processor allocation.

Based on this consideration, theCompress&Joinalgorithm works
as shown in Figure 5.

while(1){
time+=space_sharing_quantum;
if ((time%time_sharing_quantum)==0){

Change_slot ();
Restore_state ();

}
Distribute_processors ();
sleep(space_sharing_quantum);

}

Figure 4: PDGS Algorithm
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The algorithm first tries to add the application in a open slot. If the
application does not fit in an open slot, the algorithm adds a new
slot. Thefits() function checks if there are enough free processors
in the slot to add the new application. In that case the application is
added without modifying its allocation. Otherwise, the algorithm
tries to fit the application bycompressingboth the current applica-
tion and any other applications added previously to the slot. The
reduce_cpus()function temporarily modifies the allocation and
calculates the resulting efficiencies to check if it is possible to fit
the new application in this slot. If the penalty introduced in the set
of applications does not exceed the 50% the application is added
and the modifications computed by thereduce_cpus()function are
fixed in the slot. Otherwise, the slot is not modified and the algo-
rithm tries to add the job to another slot.

Figure 6 shows the resulting matrix after applying theCom-
press&Joinalgorithm to the matrix presented in Figure 1. We can
see how, after applying theCompress&Joinalgorithm, jobs have
been proportionally reduced.

This algorithm uses the job efficiency. If the job efficiency is no
available, this algorithm assumes that all the jobs have initially
efficiency of 0.8. Moreover, in that case, we extrapolate the co
plete efficiency curve using the function proposed by Dowdy
[3].

4.2.2 Evaluation
Figure 7 shows the average slowdown achieved by Gang+Co
press&Join, PDGS, PDGS+Compress&Join, and equip++. T
equip++ has been added as a space-sharing reference becau
achieved the best performance. The execution environment
workloads are the same that in the previous section. We c
observe that the Compress&Join algorithm provides an additio
benefit to that obtained when considering the job performan
analysis through the PDGS. This algorithm is an optimization a
can be applied independently of the scheduling algorithm used

To give an insight about what really happens we have separate
Table 3 the queued time and the running time of Gang Scheduli
Gang+Compress&Join, PDGS, and PDGS+Compress&Join. T
more significant improvement is that the queued time has been
nificantly reduced. This is because with the same number of tim
slots we are able to run many more applications and they do
have to be queued. As you can see, the queued time has b
reduced but not at the expense of the running time. Taking in
account that these numbers are averaged, we can say that the
cution withCompress&Join outperforms the execution without it.

However, despite all our optimizations we can see that Ga
Scheduling does not reach the performance of equip++. This
because equip++ also exploits the two points that we defend in t
work: the job performance analysis and the job malleability and
does not suffer the slowdown introduced by the time-shari
among applications, improving the resource utilization.

The workload logs evaluated in this work do not introduce a sign
icant fragmentation. Nevertheless, we have performed other exp
iments, not included in this paper due to the lack of space, th
check the behavior of Gang Scheduling with workloads that gen
ate a significant fragmentation. We have found that the use of
malleability provides to Gang Scheduling the additional benefit
the insensitivity to this kind of pathological workloads.

void Compress_and_Join ()
{

active_slots=1;
ap=0;
while(app<MAX_APP){

slot=0;
while((slot<MAX_SLOT)&&

(slot<active_slots)&&
(compressed==0)){
compressed= Compress_Slot (app,slot);
slot++;

}
if (slot==active_slots){

compressed= Compress_Slot (app,slot);
Check_Error(compressed);

}
app++;

}
}

i nt Compress_Slot (app,slot)
{

if ( fits (req(app),slot)){
add (app,slot);
actualize_active_slots ();
return 1;

}else{
calculate_efficiencies (slot);
cpus_needed=max_cpus-

(cpus_used(slot) + req(app));
if ( reduce_cpus (cpus_needed,slot)==1){

add (app,slot);
return 1;

}else{
return 0;

}
}

}

Figure 5: Compress&Join algorithm

Figure 6: Matrix generated by the Compress&Join
algorithm

P0 J0 J2 J4
P1 J0 J2 J4
P2 J0 J2 J4
P3 J0 J2 J4
P4 J0 J3 J5
P5 J1 J3 J5
P6 J1 J3 J5
P7 J1 J3 J5
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5. CONCLUSIONS
Job performance analysis and job malleability have been shown as
valid and useful tools to improve the system performance. In this
work, we have applied these ideas to the particular case of improv-
ing Gang Scheduling. We have presented the Performance-Driven
Gang Scheduling policy and the Compress&Join algorithm.

The PDGS policy considers run-time measured performance of
jobs to improve the job processor allocation. It is important to
track the performance of applications under Gang Scheduling
because the job performance highly depends on the number of
context switches (generated by the time-sharing among slots).

The Compress&Join algorithm adapts the processor allocation of
running jobs to avoid the fragmentation and to minimize the num-
ber of time slots. These two approaches to improve Gang Schedul-
ing have shown clear benefits compared to the original Gang
Scheduling. The combination of PDGS and Compress&Join algo-
rithm has shown the best improvement.

However, our techniques to improve Gang Scheduling do not rea
the same performance that some of the dynamic space-sharing
icies evaluated in this work due to the loss of performance th
context switches among slots introduce.

As future work, it should be interesting to compare Gang Sched
ing vs. dynamic space-sharing policies with workloads with diffe
ent characteristics or in different multiprocessor architectures su
as clusters.
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Figure 7: Gang Scheduling compared to PDGS in combination with theCompress&Join algorithm

Table 3: Average queued and running times, in seconds (U=100%)

Policy/Application
Swim BT Hydro2d Apsi

queued running queued running queued running queued running

GANG 76 22 190 239 96 155 133 227

GANG+COMPRESS&JOIN 12 25 24 344 7 137 14 290

PDGS 38 28 68 250 20 153 46 190

PDGS+COMPRESS&JOIN 8 26 8 345 3 241 9 203
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