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Abstract achieved during the job execution. Furthé?-jobs per-
form computations spanning through several domains, not
Irregular and iterative 1/O-intensive jobs need a differ- only consuming data from those domains, but also gener-
ent approach from parallel job schedulers. The focus is not ating data and increasing the volume of data to be han-
only the processing requirements anymore. Memory, net-dled in real time. Finally, iterativeness raises two issues
work and storage capacity must be considered in a job that affect the parallelization: locality of reference and de-
scheduling decision. Jobs execution are irregular and data gree of parallelism. The locality of reference is affected be-
dependent, alternating between CPU-bound and I/0O-boundcause of the access pattern of iterations across time. The de-
phases. So, in this paper, we propose and implement a pargree of parallelism is a function of the dependencies among
allel job scheduling strategy, called AnthillSched, based on data across iterations and thus among iterations. As a con-
a simple heuristic. To test and verify AnthillSched schedul- sequence of these characteristics, scheduling’gbbs is
ing strategy, we used data mining jobs and logs obtained quite a challenge, and determining optimal scheduling for
from a real system. Oumain contributions are: the im- I3-jobs seems to be very complex, since it should consider
plementation of a parallel job scheduling strategy called |ocality, input size, data dependences, and parallelization
AnthillSched in a real system; a performance analysis of opportunities.
AnthillSched, which discarded some other alternative solu-  Generally, parallel job schedulers are designed to deal
tions. with CPU-intensive jobs [4, 6, 7, 8, 13, 14, 15, 16, 20, 23,
25]. Some researches have proposed strategies to deal with
I/O-intensive and irregular jobs [2, 3, 17, 18, 19, 22, 24],
In this paper we investigate the scheduling/éfjobs,
Increasing processing power, network bandwidth, main in particular filter labeled stream programs [5]. These pro-
memory, and disk capacity has been enabling efficient andgrams structure are composed of filters that communicate
scalable parallelizations of a wide class of applications thatusing labeled streams, which guarantee consistent address-
include data mining [10, 21], scientific visualization [5, 17], ing among filters. These programs are fundamentally asyn-
and simulation [18]. These applications are not only de- chronous and implemented using a event-based paradigm.
manding in terms of system resources, but also a paral-In the scope of this work, a job is the execution of a pro-
lelization challenge, since they are usually irregular, I/O- gram on a specific input data and execution parameters us-
intensive, and iterative. We refer to them&sapplications  ing a number of filter instances for each filter. The main is-
or jobs. As irregular jobs, their execution time is not really sue is that each filter demands a different amount of CPU
predictable, and pure analytical cost models are not accu-and I/O, and, in order to be efficient, they require a contin-
rate. The fact that they are 1/O intensive make them evenuous and balanced dataflow between filters. Our premise is
less predictables, since their performance is significantly that the balance among the dataflow between filters may be
affected by the system components and by the amount ofachieved by scheduling the proper number of filter copies or
overlap between computation and communication that isinstances. In this paper we propose, implement, and evalu-



ate a parallel job scheduling strategy called AnthillSched, that jobs information is available a priori and run-time mon-
which determines and schedules the number of filter in- itors of cluster/grid resources. It maximizes the dataflow be-
stances according to each filter's CPU and I/O demand. Wetween tasks and minimizes the number of processors used
evaluate AnthillSched using logs based on real workloadsper job. AnthillSched differs from LPSched in many points:
submitted to the Tamandwsystem, which is a data mining it supports labeled streams, iterative dataflow communica-
service platform that executes data minif¥gjobs. tion; it uses a simple heuristic and does not use run-time
This paper is organized as follows. We present the relatedmonitors.
work in Section 2. The following section introduces the pro-
gramming framework Anthill, and Section 4 describes our 3. The Programming Environment
proposed scheduling strategy. We then present the work-
load, metrics, experimental design, results and the perfor-
mance analysis of AnthillSched in the following sections.
Finally, we present our conclusions and future works in Sec-
tion 6.

DataCutter is a middleware that enables efficient applica-
tion execution on distributed heterogeneous environments.
It was designed based on the Filter-Stream programming
model [1], in which the applications are partitioned into a
set of Filters that communicate using Streams [5]. Datacut-
2. Related Work ter allows the instantiation of several copies of each filter

(transparent copies) at runtime so that the application can

This section presents other research related to thebalance the different computation demands of different fil-
scheduling of parallel I/O-intensive jobs. Wiseman et.al ters as well as achieve high performance. The stream ab-
[22] presented a Paired-Gang Scheduling, in which I/O- straction maintains the illusion of point-to-point commu-
intensive and CPU-intensive jobs share the same timenication across filters, and when a particular copy outputs
slot. Thus, when an I/O-intensive job waits for an 1/O re- data to the stream, the middleware takes care of delivering
guest, the CPU-intensive job uses the CPU, increasingthe data to one of the transparent copies on the other end.
utilization. This approach points that processor shar- Broadcast is possible in Datacutter, but selecting a partic-
ing is a good mechanism to increase performance. ular copy is tricky. Datacutter implements automatic selec-

Another work [24] shows three versions of an I/O-Aware tion mechanisms based on round-robin, or demand driven
Gang Scheduling (IOGS) strategy. The first, for each job, models.
looks for the row in the Ousterhout Matrix (time-space ma-  We extend such middleware in Anthill by providing a
trix) with the least number of free slots where jobs file nodes mechanism called labelled stream which allows the selec-
are available, considering a serverless file system. This aption of a particular copy based on data related to the mes-
proach is not efficient for workloads with lower I/O inten- sages (the labels). Such extension allows for a richer pro-
sity. The second version, called Adaptive-IOGS, uses thegramming environment, making it easier for transparent
IOGS, otherwise it tries the traditional gang scheduling ap- copies to partition their global state. Besides that, Anthill
proach. It fails to deal with high 1/0-intensive workloads. provides a task framework, in which the application execu-
The last version, called Migration-Adaptive IOGS, includes tion can be accomplished in a succession of intermediate
the migration of jobs to their file nodes during execution. tasks that need to be performed, and that can spawn multi-
This strategy outperformed all the other ones. ple filters in an iterative environment. It explores parallelism

A job scheduling strategy for data mining applications in two levels: time, space, as well as it makes it easy to ex-
to a cluster/grid is proposed in [19]. It groups independent ploit asynchrony.
tasks that use the same data to form a big job and sched- As we see in Figure 1, a job in Anthill explores time par-
ules it to the same group of processors. Thus, the amount o&llelism like a pipeline, because it is composed\bfilters
transferred data is reduced and the jobs performance is in{processing phases or stages) connected with streams (com-
creased. munication channels). This job model explicitly forces the

Storagge Affinitty is a job scheduling strategy that ex- programmer to divide the job in well defined phases (fil-
ploits temporal and spatial data locality for bag-of-tasks ters), in which an input data is transformed, by a filter, to
jobs [18]. It schedules jobs near to their data according another data domain that is required to the next filter.
to the storage affinity metric (distance from data) and also  Anthill programming model also explores space paral-
uses task replication when necessary. It has presented bettéelism as each filter can have multiple copies or instances.
performance than XSufferage (apriori informed) and WQR Each communication channel between filters can be labeled
(non-informed). to direct a dataflow to a specific filter copy (point-to-point,

Finally, a very close work is LPSched, a job schedul- ex: filter 1 to filter L) or to all filter copies of the next fil-
ing strategy that deals with asynchronous dataflow I/O- ter level (broadcast, ex: filter L to filter N). A consequence
intensive jobs using linear programming [17]. It assumes of space parallelism is data parallelism, because a database
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Figure 1. Anthill programming model.

is automatically partitioned among filter copies. Together on the proper scheduling of B-job among processors,
with streams, data parallelism provides an efficient mecha-that is, the number of copies for each filter, according to
nism to divide I/O demand among filters. job input parameters (minimum node size, support, attribute
Moreover, Anthill takes advantage of asynchrony and etc). There are two possible scheduling alternatives: analyt-
provides iteractiveness. Each job has a set of work slicesical modeling that is very complex and can be infeasible to
(WS) to be executed. According to data sets read fromour problem or a less complex approach as an experimen-
databases, the WS are created. They can be executed indéal heuristic.
pendently, respecting only a data dependency graph, where Qur approach is based on a simple experimental heuris-
aWs, is the former WS executed. A WS also can gener- tic to solve a very complex problem in a efficient way. We
ate other WS, this fact justifies the need of an iterative Pro- pased this on the fact that the app”cations have Comp|ex in-

cess. teractions, for the processing is iterative and the applica-
tions themselves are interactive. Going for a full analytical
4. Anthill Scheduler model may be very complicated. With this simpler schedul-

ing strategy however, we still expect to eliminate possible
It should be noted that Anthill's programming model bottlenecks and provide a continuous dataflow with high

deals with only qualitative aspects 6f-jobs. As we pre- asynchrony to d°-job.
sented, Anthill allows asynchrony, space parallelism, itera-  AnthillSched requires; controlled executions, one for
tiveness, but it does not deal with quantitative aspects sucheach permutation of the input parameters. For example, if
as the number of filter copies, number of transmitted bytesWwe have input parameters A and B, and each parameter can
during an iteration etc. Thus, to deal with quantitative as- assume 10 different values, we have 100 possible permuta-
pects' we need a ]Ob Schedu"ng Strategy that can be transﬂons. A controlled execution is the execution of a JOb with
lated in the calculation of the number of filter copies, con- one copy per filter (sequential pipeline) with certain input
sidering filter execution time, filter I/O demand, data com- Parameters. For each copy, we collect the number of input
plexity etc. It is important to notice that the overall applica- bytesB;; and the execution tim&;;, wherei is the permu-
tion performance is very dependent on the schedule of thetation of input parameters for a job afpds the filter identi-
filters. fier.

We propose AnthillSched, a parallel job scheduling strat-  In Anthill, each job is executed according to a FCFS
egy, implemented as the job scheduler of Anthill. It focuses strategy with exclusive access to processors. When a new



job arrives, Anthill calls AnthillSched with the permutation

of input parameters for the job and the number of avail-
able processorg, and outputs the number of filter copies
C;, afterm iterations. First, for each iteration, the number
of copies for each filte€’;; is calculated according to Fig.

2, wheren is the number of filters. In this step, we normal-
ize the number of input byteB;; and the execution time
E;; dividing by the sum ofB;, and E;;. Then, it sums the
normalized values and divide by two, in order to obtain the
percentage of each filter, which represents the amount of re-

function AnthillSched ¢, p : integer) : array of integer
for 1to mdo
forj=1tondo
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Cij =pX
endfor;

forj=1tondo
if(broadcast(Sij, Si((j+1)mod(n)) )
Bi((j+1)mod(n)) = Bi((j+1)mod(n))
XCi((j+1)mod(n))

sources that a filter consumes comparing to the other ones. endfor;
If we have a job with 3 filters, we can find that filter1, fil- ?erlﬂfr%r;o-

ter2 and filter3, respectively, utilize 0.6, 0.2 and 0.2 of the end.
total of resources to execute the job. Finally, according to
the number of available processerst calculates the num-
ber of filter copiesC;; proportionally to the percentage of
each filter. 5

Figure 2. AnthillSched’s algorithm.

Results

The second step handles broadcast operations, since
when a broadcast occurs between two filters, the num-
ber of input bytes of the destination filter will increase ac-
cording to it's number of copies. So, when a broadcast
occurs, the number of input bytes received by the destina-
tion filter S;((j+1)mod(n)) IS Multiplied by its number of
copiesCi((j4+1)mod(n))- Thus, AnthillSched must recalcu-
late the number of input byteB;; and consequently all
the process to find the number of copies for each filter, un-
til a certain number of iterations.

In this section we evaluate our scheduling strategy by ap-
plying it to a data mining application: the ID3 algorithm for
building decision trees. More specifically, we want to inves-
tigate whether the number of filter copi€sfor a I job de-
pends equally to the number of input bytgs and execu-
tion time E;; of each filterj. Thus, if the number of each fil-
ter copiesC; is proportionally distributed according 18;;

and E;;, we eliminate possible bottlenecks and provide a
continuous dataflow with high asynchrony to a job.

To test and analyze our hypothesis, we compared two

If we have a large number of permutations, its infeasi- versions of AnthiIISch_ed (non-optimized and optimized) to
ble to run all controlled executions and store them. So, aOther two job scheduling strategi€salanced Strateg{BS)
solution would be consider only a sampling of the possi- andAll StrategyAS). The proposed strategies use the max-
ble permutations. When a new, or not considered IOermu_imum number of processors available. The BS tries to bal-
tation of input parameters of a job arrives, an interpolation 2nce the number of filter copies among processors, consid-

between the two nearest permutations can approximate th&'ng that each filter has an equal percentage. For example,
number of copies for each filter in the new job. if we have a job with 3 filters and a cluster of 15 proces-

sors, each filter will have 5 copies. In AS, all filters have a

For each new submitted job, Anthill calls AnthillSched COPY on each processor executing concurrently.
with the job’s permutation of input parameters. The
scheduling process overhead is negligible, because5.l. Experimental Setup
AnthillSched’s scheduling heuristic is very simple and
can be solved in polynomial time as we see in Fig-
ure 2.

As the workload, we used data mining jobs and real
logs obtained from Tamandu platform. It is a scal-
able and service-oriented dataming platform that uses effi-

During to preliminary tests, we verified that controlled cient algorithms for clusters with large databases. Nowa-
executions that spend less than 5 seconds do not need tdays, Tamandais used for mining government databases.
be parallelized. This threshold can vary according to the Today, there are various data mining techniques imple-
jobs and input data, but as a general rule, short sequentiamented in Anthill as Apriori, K-Means etc. In our ex-
jobs do not need to be parallelized to improve performance.periments, we are concerned about ID3 (Decision Tree)
Thus, we created an optimized version of AnthillSched that technique [10]. The main input parameter that influ-
determines if a certain job must execute in parallel (more ences in ID3 is the minimum node size, which determines
than one copy per filter). Otherwise, it executes a sequen-the minimum number of homogeneous points to cre-
tial version of the job. We called this version as Optimized ate a node.

AnthillSched (OAHS).



between jobs for all points shown in 3(b), so it has long peri-
ods of inactivity and a few peak periods, in which the inter-
arrival time between jobs is small. To create a medium load
workload, we used only the inter-arrival time a subset com-
posed of the peak periods found in 3(b). Finally, the max-
imum load assumes that all jobs of a workload arrived at
same time. So, in this case, we do not consider the inter-
arrival time between jobs.

Minimum Node Size Distribution

# of jobs

n

minimum node size WorkloadExecTime = Z JobExecTime; @
(@) Minimum node size histogram. i=1
n
L Inter-Arrival Times Distribution WorkloadIdleTime = TotalTime — Z JobEzxecTime; (2)
i=1
08 | n
bW aitTime;
06 1 MeanJobsW aitTime = JobWatiTime; 3)
A NumberO f Jobs
< i=1
& o4
02 L | Mean.JobsRespTime — Z JobW aitTime; + JobExecTime;
NumberO f Jobs
L L L L I =1
%0 10000 20000 30000 40000 50000 60000 4
Inter—Arrival Time (seconds)
(b) Inter-arrival time inverse cumulative distribution. n %
MeanJobsSlowdown = _oporecs e (5)
NumberO f Jobs
i=1
Figure 3. Workload characterization from To evaluate our proposal, we used 5 performance met-
Tamandu a. rics: workload execution time (Eqg. 1), workload idle time

(Eq. 2), mean jobs response time (Eqg. 4), mean jobs wait

time (Eq. 3) and mean jobs slowdown (Eg. 5). As the par-
Based on real logs from Tamar@we characterized the  allel computer, we used a Linux-cluster composed of 16

inter-arrival time between jobs in Fig. 3(a) and the min- nodes with 3.0GHz Pentium 4 processors, 1 GB main mem-

imum node size pattern all jobs in Fig. 3(b). As we see ories and 120 GB secondary memories, interconnected by

in Fig. 3(a), the majority of minimum node size values a Fast Ethernet Switch.

are concentrated between 0 and 10. As the minimum node

size is inversely proportional to the execution time, it signi-

fies that long-running jobs are predominant over short jobs.

Based on the characterization of Tamaadags, we cre- 5.2. Experimental Results

ated a workload model that uses the inter-arrival time pat-

tern between jobs and the minimum node size pattern. As In this section, we present some experimental results in

we see in Fig. 3(b), the inter-arrival time fits in a exponen- order to evaluate the effectiveness of the scheduling strate-

tial distribution with parametek = 0.00015352, with chi- gies discussed. More specifically, we evaluate how well the

square test value equal to 0. The minimum node size can fitscheduling strategies work when the system is submitted to

in a Pareto distribution with parametdts: 0.61815 and: varying workload and number of processors.

= 0.00075019, wheré is the continuous shape parameter In order to evaluate the impact of the variability of the

anda is the continuous scale parameter (Fig. 3(a)). Using workload on the effectiveness of the strategies, we increased

a workload generator, we varied the random seed and genthe load on each experiment to test which scheduling strat-

erated 10 workloads. Each workload is composed of 1000egy presents a better performance to each situation and

jobs, all jobs are implementations of ID3 technique. Each which strategies are impossible to use in practice. In the first

job is characterized by a submission time and a minimum three experiments (low, medium and maximum load), we

node size value. used a cluster configuration composed of only 8 processors.
To test the scheduling strategies under different condi- With a maximum load, we saturate the system to test the al-

tions, we varied the load (job arrival rate) in low, medium ternatives. In our final experiment (scalability under a max-

and maximum. The low load consider the inter-arrival time imum load), we compare the two better strategies with the




Strategy Average Min Max | Std. Dev c1 Cao
AS 2065488.41| 2029272.33| 2155312.68| 36921.23| 2042604.83| 2088371.99
BS 2065463.77| 2029279.84| 2155222.41| 36903.64| 2042591.09| 2088336.45
NOAHS | 2065464.68| 2029245.12| 2155317.20| 36930.32| 2042575.47| 2088353.90
OAHS | 2065410.48| 2029242.96| 2155136.99| 36896.76| 2042542.06| 2088278.89
(a) Execution time for each strategy under a low load.
Strategy | Average| Min Max | Std. Dev c1 co
AS 1189.08| 61.86 | 3980.32| 1309.36| 377.54| 2000.61
BS 1214.08| 57.10| 4070.59| 1321.27| 395.17| 2033.00
NOAHS | 1209.70| 90.26 | 3975.80| 1304.82| 400.98| 2018.43
OAHS 1263.55| 90.19| 4156.01| 1328.39| 440.22| 2086.88
(b) Idle time for each strategy under a low load.
Strategy | Average| Min | Max | Std. Dev| ¢ Co
AS 9.61| 7.07 | 11.82 1.49| 8.69 | 10.53
BS 7.87| 577 9.32 1.15| 7.16 | 8.59
NOAHS 8.13| 6.01| 10.24 1.33| 7.30| 8.95
OAHS 484 | 3.64| 5.89 067 | 4.43| 5.25
(c) Mean jobs wait time for each strategy under a low load.
Strategy | Average Min Max | Std. Dev c1 ca
AS 189.28 | 186.76| 191.46 1.50 | 188.35| 190.21
BS 162.16 | 158.03| 164.50 2.04| 160.89| 163.42
NOAHS | 168.28| 166.28| 170.67 1.36 | 167.44| 169.44
OAHS 107.82| 101.68| 110.65 2.63| 106.45| 109.19

(d) Mean jobs response time for each strategy under a low load.

Table 1. Scheduling strategies performance for different workloads under a low load.

same optimizations and analyze the scalability of the strate-mission, than a system in which a job spends more time
gies for different cluster configurations (8, 12 and 16 pro- executing. According to an approximate visual test of the
cessors). We used a 0.95 confidence level and approximateonfidence intervals, table 1 (c) shows that the mean jobs
visual tests to compare all alternatives. The confidence in-wait time, and consequently the mean jobs response time
tervals are represented by (lower bound) and: (upper for OAHS, is really lower than the other strategies. As a job
bound). starts its execution, it cannot be preempted, so the differ-
This first experiment tests the scheduling strategies un-ence between two executions of the same job is only on its
der a low load for a cluster with 8 processors. As we see in Wait time.
Table 1(a), the mean execution time for all workloads and  As our first conclusions, this experiment shows that for
strategies was too close. A low load implies in large inter- a low load, independent of scheduling strategy, the inter-
arrival times between jobs, in this case, they were |arger arrival time between jObS prevails over the workload execu-
than the time necessary to execute a job. Thus, if a schedultion time, because jobs are shorter than it. As we expected,
ing strategy spends more time than another, for a low load,a scheduling strategy that reduces the mean jobs wait time
it does not matter. In despite of it, we observe in Table 1(b) and consequently the response time, increases the idle time
that system using Optimized AnthillSched (OAHS) spent of the system.
more time idle than the other ones. This is a first indica- Under a medium load, the obtained results showed in
tion that jobs executed with OAHS strategy have a lower re- Table 2 are clearer. A medium load avoids that the inter-
sponse time, as we confirm in Table 1(d). When a job spendsarrival time prevails over response time (be larger than).
less time executing, as the inter-arrival time is long, the sys-In Table 2(a), AS presented the worst execution time for
tem stays idle for more time, waiting for a new job sub- all workloads. While, BS and Non Optimized AnthillSched



Min

Max

Std. Dev

Strategy Average c1 Co
AS 179681.76| 179401.58| 179807.61| 106.49| 179615.75| 179747.77
BS 154321.87| 150995.24| 155923.21| 1394.01| 153457.87| 155185.87
NOAHS | 160181.04| 159284.49| 161230.22| 548.70| 159840.95| 160521.12
OAHS | 103100.88| 97447.90| 106026.05| 2413.90| 101604.76| 104597.01
(a) Execution time for each strategy under a medium load.
Strategy | Average| Min Max | Std. Dev c1 c
AS 11.40| 0.00| 86.56 27.22 | -5.48 | 28.27
BS 10.42| 0.00| 84.74 26.52 | -6.02 | 26.86
NOAHS 21.01| 0.00 | 120.53 39.66 | -3.57 | 45.60
OAHS 32.59| 0.00| 119.77 48.37| 2.61| 62.57
(b) Idle time for each strategy under a medium load.
Strategy| Average Min Max | Std. Dev c1 co
AS 56660.14| 53618.32| 58737.13| 1442.26| 55766.23| 57554.05
BS 44165.69| 41342.79| 46325.72| 1612.33| 43166.37| 45165.00
NOAHS | 46849.72| 43929.01| 49249.10| 1449.23| 45951.49| 47747.95
OAHS | 18721.51| 15228.08| 21785.22| 2032.29| 17461.90| 19981.11
(c) Mean jobs wait time for each strategy under a medium load.
Strategy| Average Min Max | Std. Dev c1 co
AS 56839.81| 53798.01| 58916.78| 1442.28| 55945.88| 57733.73
BS 44319.97| 41497.70| 46481.64| 1613.01| 43320.23| 45319.71
NOAHS | 47009.87| 44089.37| 49409.53| 1449.21| 46111.66| 47908.09
OAHS | 18824.49| 15325.52| 21891.15| 2033.92| 17563.88| 20085.10

(d) Mean jobs response time for each strategy under a medium load.

Table 2. Scheduling strategies performance for different workloads under a medium load.

(NOAHS) presented similar performance, with a little ad- time. In Fig. 4, for all metrics, OAHS was the best schedul-
vantage for BS. Table 2(b) shows that on average, OAHSIng strategy, and NOAHS the worst strategy. NOAHS par-
achieved the higher idle time. As we confirm in Table 2(c,d), allelizes short jobs, creating unnecessary overhead and de-
the mean jobs wait and response time are lower when thecreasing performance. In our data ming jobs, the first filter
OAHS is used, so the system have more idle time waiting executes much more work than the others. NOAHS assigns
for another job arrival. more (useless) processors to the first filter and few proces-
sors to the other ones. Thus, the other filters become bottle-
necks. This generates more overhead than a balanced distri-
bution of filter copies or instances among processors.

With this experiment, we observe that All Strategy (AS)
is inviable according to all evaluated metrics. In our context,
we cannot assume that all filters are complementary (CPU
and 1/0), as AS does. But, like presented in [22], for other
type of jobs or maybe a subgroup of filters, resource shar-

ing can be a good alternative. Moreover, Balanced Strat—short jobs, the parallelization of jobs leads to a high re-

egy (BS) and Non-Optimized AnthillSched (NOAHS) pre- sponse time, as we see in Fig. 4(b). Moreover, BS presented

ts;r;taet(ijvzlsmllar performance. So, we cannot discard both al-y e, performance than OAHS. Despite of the low per-

formance achieved with BS, we are not convinced yet

According to our previous experiment, we will not con- that OAHS is really better than BS. Because of the con-
sider AS alternative anymore. In this third experiment, we siderable amount of short jobs in the workloads, the op-
submit the scheduling strategies under a maximum load.timization in AnthillSched takes advantage over BS.
So, does not make sense the analysis of the system idl&o solve this problem, we included the same optimiza-

Based on the confidence intervals, our results show
that NOAHS is not a viable alternative, because for
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