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Abstract. Automatic execution time prediction of the Grid applica-
tions plays a critical role in making the pervasive Grid more reliable and
predictable. However, automatic execution time prediction has not been
addressed due to the diversity of the Grid applications, usability of an
application in multiple contexts, dynamic nature of the Grid, and con-
cerns about result accuracy and time expensive experimental training.
We introduce an optimized, low-cost, and efficient yet automatic training
phase for automatic execution time prediction of Grid applications. Our
approach is supported by intra- and inter-platform performance sharing
and translation mechanisms. We are able to reduce the total number of
experiments from an polynomial complexity to a linear complexity.

1 Introduction

Automatic execution time prediction of the Grid applications plays a critical
role in making the pervasive Grid more reliable and predictable. Application
execution time prediction based on historical data is a generic technique used
for application performance prediction of scientific and business applications in
the Grid infrastructures [I4]. Historical data obtained through carefully de-
signed experiments can minimize the need and cost of performance modeling.
Controlling number of experiments to get the historical/training data, in or-
der to control the complexity of training phase is challenging. Methods from
the field of experimental design have been applied to similar control problems in
many scientific and engineering fields for several decades. However, experimental
design to support automatic training phase and performance prediction in the
Grid has been largely ignored due to diversity of the Grid applications, usability
of applications in different contexts and heterogeneous environments, and con-
cerns about the result accuracy and time expensive experimental training. There
may be some applications whose scientific phenomenon of performance behav-
ior could be well understood, and useful results including performance models
can be developed, but, this is not possible for all applications because of expen-
sive performance modeling, which makes it almost impractical to serve several
predictions using these models at run time. Moreover, the size, diversity, and
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extensibility of heterogeneous resources make it even harder for the Grid. These
challenging issues lead to the requirement of a generic and robust experimental
design for automatic training phase that maximizes the amount of information
gained in minimum number of experiments by optimizing the combinations of
independent variables.

To overcome this situation, we present a generic experimental design EXD
(Extended Experimental Design) for compute intensive applications. EXD is
formulated by modifying the traditional experimental design steps to eliminate
time taking modeling and optimization steps that make it inefficient and appli-
cation specific. We also introduce inter- and intra-platform performance sharing
and translation mechanisms to later support EXD. Through EXD, we are able to
reduce the polynomial complexity of training phase to a linear complexity, and
to show up to a 99% reduction in total number experiments for three scientific
applications, while maintaining an accuracy of more than 90%. We have imple-
mented a prototype of the system based on the proposed approach in ASKALON
project [12], as a set of Grid services using Globus Toolkit 4.

The rest of the paper is organized as follows: Section [2 describes an intro-
duction to Automatic Training Phase and System Architecture of automatic
training phase is presented in Section Bl Section @ describes the performance
sharing and translation mechanisms, which support our design of experiments.
Section Bl narrates design and composition of EXD. Section [l explains the Auto-
matic Training phase based on EXD. Application performance prediction based
on the training set is described in Section [l and experimental results with anal-
ysis are summarized in Section 8l Finally we describe related work in Section [l

2 Training Phase on the Grid

The training phase for an application consists of the application executions for
different setups of problem-size and machine-size on different Grid-sites, to ob-
tain execution times (training set or historical data) for those setups. Automatic
performance prediction based on historical data needs enough amounts of data
present in database. The historical data needs to be generated for every new ap-
plication ported to a Grid environment, and/or for every new machine (different
from existing machines) added to the Grid. To support the automatic applica-
tion execution time prediction process experiments should be made against some
experimental design and the generated training data be archived automatically.
However, to automatize this whole process is a complex problem and we address
it in Section 21} Here, we describe some of the terms that we use in this paper.

- Machine-size: The total number of processors on a Grid site.
- Grid-size: The total number of Grid-sites in the Grid.
- Problem-size: Set of input parameter(s) effecting performance of application.

2.1 Problem Description

Conducting an automatic training for application execution time predictions on
the Grid is a complex problem due to complexity of the factors involved in it.



Optimizing Performance of Automatic Training Phase 311

Generally speaking, automatic training phase is the execution of F experiments,
for a set of applications «, on a selected set of Grid sites 3 each with a scarce
capacity (e.g. number of processors p;), for a set of problem-sizes A. Execution of
each experimental e € F for a Grid application a € «; , for a problem-size r € A,
on a Grid site g € 3, at a certain site capacity p € v yields the execution time
interval (duration) T'(e) = endt(e) — startt(e). More formally, the automatic
training phase comprises of:

— A set of Grid applications: a = {a, ..., }|n € N.
— A set of selected non-identical Grid sites:

B=U19:| BCGr,|8l=m

where G represents set of all the Grid sites. Thus the total Grid capacity
in terms of processors is v = Y _." | p;, where p; is number of processor on
the Grid-site 1.

— A set of different machine-sizes w, encompassing different machine sizes for
z different (heterogeneous) types of CPUs on each of the Grid-sites g;, where
wi = Uz {1, ..., Sx}. Here Sy represents maximum number of CPUs of type
k. We categorize CPUs to be different if their architecture and/or speed
is/are different.

— A set of problem-sizes A = {r1,79, ..., 7} | ri = Uj_param;, |\ = x, here
param; represents value of an input parameter j of the Grid application «
having y parameters in total, which depends upon the Grid application.

In this way, for n applications, m Grid-sites, z; different types of CPUs
on a Grid-site ¢ where maximum number of CPUs of category k is Sk, the
total number of experiments IV is given by:

Where p};)s denotes s processors of type k on Grid-site ¢, and x; denotes the
number of different problem sizes of application h.

The size of each of a, 3,7, A and w has a significant effect on the overall
complexity of the automatic training phase.The goal is to come up with a
set of execution times from E experiments ¢ : ¢ = {t1,...,tg}||¢)| < N, such
that utility U of execution times Zle U(t;) is maximized, N is minimized,
and the accuracy ¢ is maximized.

3 System Architecture

The Architecture of the system is simple and shown in Figure [Il Application
specific information (the different parameters affecting execution time of the
application, their ranges and effective step sizes) is provided to Experiment De-
sign Manager, which plans experiments through Extended Experimental Design
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Fig. 1. System Architecture Fig. 2. Sequence of steps in a typical

experimental design

(EXD) (see Section [H). The Training Manager executes these experiments on
the set of the selected Grid sites. It dynamically decides the detailed execution
of minimum number of experiments on different Grids-sites. The information
Manager orchestrates the experimental information and, according to configura-
tion policy, either archives this information directly in experimental performance
repository or uses the performance sharing and translation mechanisms (see
Section [ to calculate the remaining values (not in the experimental informa-
tion) before archiving the information. The prediction engine of application ex-
ecution time prediction service (G-Prophet) gets the archived information from
performance repository to serve application execution time predictions to differ-
ent Grid middleware services.

4 Performance Sharing and Translation (PST)

We introduce PST to share execution times within one Grid-site (for scalability)
and among different Gridsites. PST mechanism is based on our experimental
observation of inter- and intra-platform performance relativity (rate of change
of performance) of compute intensive applications, across different problem-sizes.
We explain them as under.

4.1 Inter-platform PST

Inter-platform PST specifies that the normalized execution time p of an appli-
cation for the different problem-sizes in «, is preserved on different Grid sites.
More specifically, the normalized execution time p for a problem-size r; relative
to another problem-size r; on a Grid-site g is similar to that on another Grid-site
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h. If py(cr, ;) represents the execution time of application a for problem-size r;
on Grid-site ¢ then:

pglesri) _ prlayr) ., .

~ b 7é J (1)

pgla,ri) — prla,r;)
This phenomenon is based on the fact that rate of change in execution time of an
application across different problem-sizes is preserved on different Gridsites, i.e.
the rate of change in execution time of an application Ap for the problem-size 7;
(the target problem-size) with respect to another problem-size r; (the reference
problem-size) on Grid-site g is equal to the rate of change in execution time for
the problemsize 7; with respect to the problem-size r; on Grid-site h.

Apg(a’Ti) ~ Aph(a’n) 275_]
Npgla,rj)  DApula,rs)’

4.2 Intra-platform PST

Intra-platform PST specifies that the normalized execution time p of an ap-
plication «, on a Grid-site g for a machine-size | € wy (the target machine-
size) relative to another machine-size m € w, (the reference machine-size), for a
problem-size r; is similar that for another problem-size r;. If pg(a, ;1) repre-
sents the execution time of an application for problem-size r; and machine-size
[ then: l l

ol i) Pl l) oy 2)

pgla,rj,m)  pgla,rj,m)
This phenomenon is based on the fact that rate of change in execution time of an
application across different problem-sizes is preserved for different machine-sizes,
i.e. the rate of change in execution time of an application for the problem-size
r; and machinesize [ on Grid-site g with respect to that for machinesize m will
be equal to the rate of change in execution time for the problem-size r; and
machine-size [ with respect to that for a machine-size m on the same Grid-site:

Apg(‘%""iv l) —~ Apg(aa Ti, l)

~ 7Z7é.77l7ém
Dpgla,ri,m)  Apglo,ri,m)

Similarly, rate of change in executions time of the application across different
machine sizes is also preserved for different problem-sizes. i.e.

Apg(a,rj,m) N Npgla, i, l)

~ i %~ 7,1
A)0_11(0477”2'7"7’7/) Apg(aaTial)’Z#j’ #m

We use this phenomenon to share execution times with in one Grid-site for
scalability. The accuracy of inter- and intra-platform similarity of normalized
behaviors, for embarrassingly parallel applications, does not depend upon the
selection of reference point. However, for the parallel applications exploiting
inter-process communications during their executions, this accuracy increases as
the reference point gets closer to the target point the closer the reference point,
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the greater the similarity (of interprocess communication) it encompasses. Thus
in case of inter-platform PST the reference problem-size closer to the target
problem-size, and in case of intra-platform PST, the reference problem-size closer
to the target problem-size as well as the reference machine-size closer to target
machine-size. i.e. For inter-platform PST:

hm[pg(avri) - ph(avri)
r=p pgla, i) prla, ;)

Similarly, for intra-platform PST:

hm[ pg(OZ7’ri,l) _ pg(avrial) } =0

I—-m pg(e,m5,m)  pgla,rj,m)
For normalization from the minimum training set only, we select the maximum
problem size (in normal practice of user of the application) and maximum ma-
chine size (for which application scales good) as reference point, to incorporate
the maximum effects of inter-process communications in the normalization. The
distance between the target point and the reference point for inter- and intra-
platform PST on one Grid site is calculated respectively as:

d— { V(p(ri) = p(r;))? + (ri = 15)?
V() = p(m))? + (1 — m)?

Note that, in the presented work, py (e, p) = py(c, p,1).

5 Experimental Design

Specifically in our work, the general purpose of the experimental design phase is
to set a strategy for experiments to get the execution time of an application to
support its performance prediction later on, in minimum number of experiments.
A typical experimental design has specific sequence of steps, which is shown in
FigurePl For experimental design, one of our objectives is to eliminate/minimize
the modeling and optimization phases in this model to make the training phase
and performance prediction system robust. Among other key objectives are, to:

a) reduce/minimize training phase time;

b) minimize/eliminate the heavy modeling requirements after the training phase;

) develop and maintain the efficient scalability of ED with respect to Grid-size;

) make it generalizable to a wide range of applications on heterogeneous Grid-
sites.

c
d
To address these objectives, we design our experimental design EXD in the

light of guide lines given by Montgomery et al. in [I]. These are as follows:

a) Recognition of statement of problem: We describe our problem state-
ment as: To obtain maximum execution time information of the application at
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different problem-sizes on all heterogeneous Grid-sites with different possible
machine-sizes in minimum number of the experiments.

b) Selection of response variables: In our work the response variable is the
execution time of the application.

¢) Choice of factors, levels and ranges: The factors affecting the response
variable are the problem-size of the application, the Grid-size and the machine-
size. The range of problem-size incorporates ranges of each of input variables
and the levels consist of their values at effective step sizes specified by the user
of the application. The range of the Grid-size is {1,2,,m}, and the levels include
numeration of non-identical Grid-sites g;. The range of machine-size spans over
all different subsets of number of (heterogeneous) processors on a Grid-site and
its levels include of all these individual subsets. Consider a simple case, for one
Grid application with x different problem sizes and m Grid sites with p; machine
sizes. If we include all the respective levels of the above described factors, then
the total number of possible experiments N is given by:

N=%"@p" xz)

For single processor Grid-sites the above formula reduces to N = z x m. The
objective function f of the experimental design is:

f:RxNT x Nt - NF
f(B,7,A) = Miny : £ > 90%

where £ represents accuracy.

d) Choice/Formulation of Experimental Design: In our Extended Exper-
imental Design (EXD), we minimize the combinations of Grid-size with problem-
size and then, combinations of Gridsize with machine-size. By minimizing the
combinations of Grid-size with problem-size, we actually minimize number of
experiments against different problem-sizes across the heterogeneous Grid-sites.
Similarly, by minimizing the Grid-size combinations with machine-size factor, we
actually minimize number of experiments against different problem-sizes across
different number of processors. To meet these objective, we employ PST [2]
mechanisms (see Section [.2]).

In our design, we choose one Grid-site (the fastest one, based on the ini-
tial runs) as a base Grid-site and make a full factorial of experiments on it.
Later, we use its execution times as reference values to calculate predictions for
other platforms (the target Grid-sites) using inter-platform PST and thus min-
imize problem-size combinations with Grid-size. We also make one experiment
on each of other different Grid-sites to make PST work. Similarly, to minimize
machine-size combinations with Grid-size, we need a full factorial of experiments
with one machine-size, the base machine-size (which we already have while min-
imizing problem-size combinations with Grid-size), and later use these values
as reference values. We make one experiment each for all other machine-sizes,
to translate the reference execution times to that for other machine-sizes using
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intraplatform PST. The approach of making full factorial design of experiments
is also necessary because we neither make any assumptions about the perfor-
mance models of different applications, nor we make their analytical models at
run time, because making analytical performance models for individual appli-
cations is more complex and less efficient than making full factorial design of
experiments for once. In initial phase, we restrict the full factorial design of
experiments to the commonly used range of problem-size.

By means of inter-platform PST, the total number of experiments N reduces
from a polynomial complexity of px zxm to px x4+ (m—1) for parallel machines,
and from a polynomial complexity of z x m to a linear complexity of z — 14+ m
for single processor machines. Introducing intra-platform PST, we are able to
reduce total number of experiments for parallel machines (Grid-sites) further to
a linear complexity of p+ (x — 1)+ (m — 1) or p+m +z — 2.

e) Performing of experiments: We address performing of experiments under
automatic training phase as described in Section [Gl

We design above step d to eliminate the need of next two steps presented
by Montgomery et. al. the statistical analysis € modeling and conclusions, to
minimize the serving costs on the fly.

6 Automatic Training Phase Based on EXD

If we consider the whole training phase as a process then, in executing the de-
signed experiments, the process variables are application problem-size, machine-
size and Grid-size. Our automatic training phase is a three layered approach;
layer 1 for the initial test runs, layer 2 for the execution of experiments designed
in experimental design phase, and layer 3 for the PST mechanism. In the initial
test runs of the training phase, we need to make some characterizing or screening
to establish some conjectures for the next set of experiments. This information is
used to decide the base Grid-site. In layer 2, execution of experiments on differ-
ent Grid-sites is planned according to the experimental design, and the training
manager executes these experiments on the selected Grid-sites. The collected
information is passed through layer 3, the PST mechanism, to store in a per-
formance repository. First, the training manager makes one initial experiment
on all non-identical Grid-sites G from Grid-site sample space G for maximum
values of problem-sizes. Second, it selects the Gridsite with minimum execution
time as base Grid-site and makes a full factorial design of experiments on it.
We categorize two Grid-sites to be identical if they have same number of pro-
cessors, processor architecture, processor speed, and memory. We also exclude
those identical Grid-sites with i processors g; for which ¢g* C ¢/ for i < j, i.e.
if a cluster or a sub-cluster is identical to another cluster or sub-cluster then
only one of them will be included in training phase. Similarly, if a cluster or a
sub-cluster is a subset of another cluster or sub-cluster then only the super set
cluster is included in the training phase

The information from these experiments is archived to serve prediction pro-
cess. For applications having a wide range of problem-size, we have support of
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distributed training phase. In distributed training phase we split the full fac-
torial design of experiments from one machine to different Grid-sites which are
included in the training phase. Distributed training phase exploits opportunistic
load balancing [I5] for executing experiments to harness maximum paralleliza-
tion of training phase.

7 Application Performance Prediction System:
G-Prophet

The ultimate goal of automatic training phase is to support performance predic-
tion service, to serve automatic execution time predictions. To serve application
performance prediction prediction system G-Prophet (Grid- Prophet), imple-
mented under ASKALON, utilizes the inter- and intra-platform PST mecha-
nisms to furnish the predictions using Equation [I] as:

prla; i)
pgle,mi) = X pglo,r;
planr) = M1 o)
and/or Equation [ as: pgla,ri,1)
pg(OZ7Ti,l) = ) X pg(aarivm)
pg(avT]’m)

G-Prophet uses the the nearest possible reference values for serving the predic-
tions, available from the training phase or actual run times. From the minimum
training set, we observe a prediction accuracy of more than 90% and a standard
deviation of 2% in the worst case.

8 Experiments and Analysis

In this section, we describe the experimental platform and real world applica-
tions used for our experiments, the scalability and performance results from our
proposed experimental design against the different changes in the factors in-
volved (as defined in Section 5). For our results presented here, each result is
taken as an average of five repetitions of the experiment to guard against the
anomalous results.

8.1 Experimental Platform

We have conducted all of our experiments on the Austrian Grid environment.
The Austrian Grid consortium combines Austria’s leading researchers in ad-
vanced computing technologies with well-recognized partners in Grid-dependant
application areas. The description of Austrian test bed sites for our experi-
ments is given in Table 2. Our experiments are conducted on three real world
applications Wien2k [3], Invimod [2] and meteoAG [4]. Wien2k application
allows performing electronic structure calculations of solids using density func-
tional theory based on the full-potential augmented planewave ((L)APW) and



318 F. Nadeem, R. Prodan, and T. Fahringer

local orbital (lo) method. Invimod application helps in studying the effects of cli-
matic changes on the water balance through water flow and balance simulations,
in order to obtain improved discharge estimates for extreme floods. MeteoAG
produces meteorological simulations of precipitation fields of heavy precipitation
cases over the western part of Austria with RAMS, at a spatially and temporally
fine granularity, in order to resolve most alpine watersheds and thunderstorms.

8.2 Performance and Scalability Analysis

The EXD scales efficiently against the changes in different factors involved in
ED. During our experiments we obtain quite promising results. The scalabil-
ity analysis is shown in Figure Bl We analyzed the scalability of EXD w.r.t.
problem-size, by varying the problem-size factor for fixed remaining factors; 10
parallel Grid-sites with machine-size 20 and 50 single processor machines. The
problem-size was varied from 10 to 200 and the reduction in the total number
of experiments was observed from 96% to 99%. In another setup for analyzing
scalability w.r.t machine-size, a reduction of 77% to 97% in the total number of
experiments was observed when machine-size was varied from 1 to 80, for fixed
factors of 10 parallel machines, 50 single processor Grid-sites and problem-size
of 5. From another perspective, we observed that total number of experiments
increased from 7% to 9% when Grid-size was increased from 15 to 155, for the
fixed factors of 5 parallel machines with machine-size of 10 and problem-size 10.
We observed an overall reduction of 78% to 99% when all the factors we varied
simultaneously: 5 parallel machines with machine-size from 1 to 80, single pro-
cessor Grid-sites from 10 to 95, and problem-size from 10 to 95. Performance and
normalization results for interplatform PST are shown for Wien2k and Invmod
in Figured Bl and [ [[ respectively. Figure E]shows the measured performance
of Wien2k on 5 different Grid-sites, and Figure Bl shows the normalized per-
formance on these Grid-sites. For Wien2k the normalization is made with the
execution time against the problem-size of 9.0. Figure [0l shows the measured
execution time of Invimod on 5 different Grid-sites, and Figure [1] shows the nor-
malized performance on these Grid-sites. The normalization for Invmod is made
with execution time against the problem-size of 20.0. Automatic training phase
made only 49 experiments out of total 492 for Wien2k (approx. 10%), and for
Invimod conducted only 24 experiments out of total 192 (approx. 14%) on the
test bed described above. Identical curves of normalized execution times exhibit
the realization of inter-platform PST for these applications. Performance nor-
malization results for interaplatform PST are shown in Figure 8 @ and [0, [Tl
Figure[§ and [0 show the measured performance of MeteoAG for different values
of problem-sizes and machine-sizes on two different Grid-sites hema and zid-cc.
Figures[@ and [ show normalized performance of MeteoAG on these Grid-sites.
The normalization is performed with the execution time against machine-size
of 1. The training phase conducted only 162 out of total 6669 experiments (ap-
prox. 2.2%). The identical normalized performance curves show the realization
of intera-platform PST.
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9 Related Work

There have been some attempts to get reactive training set for performance
prediction of Grid application through Analytical benchmarking and templates
[BU6], but to our knowledge we are the first to attempt to make a proactive train-
ing phase with proper experiment management and control through a step by
step experimental design. Many multi-platform performance studies like [I1]
evaluated their approaches with data collected at multiple Grid-sites. However,
data from each Grid-site are processed individually. Our approach, instead, uti-
lizes benchmark performance results from one platform (base Grid-site) to share
this information for other platforms (target Grid-sites). Iverson et al. [5] and
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Marin et al. [I3] use parameterized models to translate execution times across
the heterogeneous platforms but their models need human interaction to param-
eterize all machines performance attributes. In contrast, we make our models on
the basis of normalized/relative performance, which does not need any source
code and manual intervention. Moreover it is difficult to use their approach for
different languages. Leo et al. [7] use partial executions for cross platform per-
formance translation. Their models need source code instrumentation and thus
require human intervention. To contrast, our approach does not require source
code and code instrumentation. Systems like Prophesy [9], PMaC [§], and
convolution methods to map hand-coded kernels to Grid-site profiles [I0] base
on modeling computational kernels instead of complex applications with diverse
tasks. In contrast, we develop observation-based performance translation, which
does not require in-depth knowledge of parallel systems or codes. This makes
our approach application- , language- and platform-independent. Reducing the
number of experiments in adaptive environments dedicated to applications, by
tuning parameters at run time have been applied by couple of works like AT-
LAS [15] (tuning performance of libraries by tuning parameters at run time).
Though this technique improves the performance, yet is very specific to the ap-
plications. Unlike this work, we do not do run time modeling/tuning at run
time, as modeling individual applications is more complex and less efficient than
making the proposed experiments.
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