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Abstract—Many large-scale clusters now have hundreds
of thousands of processors, and processor counts will
be over one million within a few years. Computational
scientists must scale their applications to exploit these new
clusters.Time-constrained scaling, which is often used, tries
to hold total execution time constant while increasing the
problem size along with the processor count. However,
complex interactions between parameters, the processor
count, and execution time complicate determining the
input parameters that achieve this goal.

In this paper we develop a novel gray-box, focused
regression-based approach that assists the computational
scientist with maintaining constant run time on increasing
processor counts. Combining application-level information
from a small set of training runs, our approach allows
prediction of the input parameters that result in similar
per-processor execution time at larger scales. Our exper-
imental validation across seven applications showed that
median prediction errors are less than 13%.

I. INTRODUCTION

solve a problem faster, larger problems are solved and
overall execution time is kept constant. Unfortunately,
understanding how programs scale is difficult. While
time-constrained scaling for simple applications seems
simple (just increase the total problem size by the same
factor as the number of processors), several factors com-
plicate it in the general case. These include nonlinear
effects in computation and communication, along with
complex relationships between input parameters and
execution time.

In this paper we develop a regression-based tech-
nique that allows accurate time-constrained scaling of
applications. We use a gray-box technique that uses a
small amount of application-level information as input.
We choose a small series of training runs, varied over
different, smaller processor counts and thenfosesed
regressionto predict the input parameters that need to
be used in order to achieve time-constrained scaling.
The training runs always use a processor count no more

Nearly all applied sciences today make use of parthan half of the target number; to reduce training time,

allel computation. Applications from a wide variety of iterative applications can be executed for just a few
domains run on large systems with tens or hundredsimesteps. The scientist (or compiler/run-time system)
of thousands of processors, such as ORNL's Jaguar [1jnust indicate the number of input parameters, whether
ANL's Intrepid [2], LANL's Roadrunner [3] and LLNL's  they represent the dimensions of the main data structure
BGI/L [4]. However, these systems are a scarce resourcer are unrelated, and whether the processor grid is
in high demand. For example, we experimented orpart of the parameterization. Our focused regression
LLNLs Thunder cluster and found that the worst-casetechnique allows a small number of training runs and
node acquisition time increased roughly exponentiallyalso improves prediction accuracy.

with the number of nodes, with the acquisition of 256 This paper makes two primary contributions. First,
nodes (roughly one-quarter of the total) taking up to awe provide a technique that the computational scientist
month. We anticipate that on larger clusters, acquiringcan use to guide time-constrained scaling accurately. It
a similar fraction of the system will take a similar time, builds on our prior work [6], which useson-focused

so the user may not easily get a “second chance” teegression to predict execution time using strong scaling
determine the correct input parameters (for this paper({rather than time-constrained scaling). Second, we show
input parameters refer to those values input by the usethat our focused regression techniqgue makes accurate

that contribute significantly to execution time).
This paper focuses otime-constrained scalingp].

time-constrained scaling predictions with little (and
often no) program-level information—predictions that

Instead of using a larger number of processors taare better in some cases by a wide margin compared to



naive ones. Specifically, over all applications, median
prediction error is within 13%. This includes appli- CG Runs With Fixed Work Per Processor
cations for which there exists a complex interaction
between multiple input parameters and execution time.

The rest of this paper is organized as follows. Sec-
tion 1l provides motivation for this work. Section IlI
describes our statistical techniques, in particular fedus
regressions. Next, Section IV describes our experi-
mental methodology and results on seven applications.
Finally, Section V places our approach in the context of
prior work, while Section VI summarizes our findings
and future directions.
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[I. MOTIVATION

The computational scientist (“scientist” for the re- T T T T T
mainder of this paper) has several options when more 3 4 5 6 7
processors become available. The first option is to use
strong scaling[7], where one runs theameprogram
mstgnce_, i.e., uses identical Input parameters.. Strongigure 1. Computation and communication times for CG as the
scaling is the most frequent type that appears in comaumber of processors increases. The ratiSEE/Pis fixed; SIZE
puter science literature. Howevéme-constrained scal- ranges from 46,094 to 2,950,000, aRd-anges from 16 to 1024. The
. . . . . value of NONZERIs held constant.
ing [5], in which the scientist attempts to keep total
run time constant, is becoming more commonplace.

This approach solves problems that were previously \yorse the dimensions might not be correlated. In
unexplored and is generally more intuitive from the 1o apove example, we knew thaf, x N, should

scientist's perspective. o be doubled when the processor count doubles. Some
Strong scaling is preferred when a scientist mustyppjications do not have such an obvious relation-

solve a specific problem as quickly as possible. HOW'ship between the parameters (e.g., CG from the NAS
ever, the available parallelism is immutable and, thereyite [8]).

fore, strong scaling beyond a sufficiently large processor Finally, overall execution time may not remain con-

count will fail to reduce runtime. Time-constrained stant even when we know how to increase the prob-
scaling, on the other hand, avoids limits imposed bYjen, size proportionally based on the input parameters.
Amdahl_s I.aw and z_illows scientists Fo to solve pmblemSComputation time or communication time (or both) can
at the limit of their system capacity. For example, @i, rease at a greater than linear rate (which may not
scientist often tries to run a problem twice as large wheryo 10,5 to even the experienced scientist). Figure 1
given twice as much computing power. .. shows the complexities of time-constrained scaling for
However, time-constrained scaling poses many dn°f|-CG from the NAS suite. Herehoth computation and

cgltles. First, most scientists assume that da¢a set communication times increase when holdiS&ZE/P
size per processoshould be fixed as the processor here p is the number of processors, constant for a
count increases, which is usually referred tovesak given value ofNONZER

scaling [7] and tries to keep computation time per
processor constant. Due to communication time, thoughrh
weak scaling alone will not keep total execution time
constant.

Second, even if communication is insignificant for a
given application, proportionally increasing the problem
is often not well defined. For example, consider an This section discusses our focused regression tech-
application that has a two dimensional data structurenique. First, we describe the general idea. Then, we
defined by (global) dimensiong’; and N,, that is  discuss our basic model, which does not require any
partitioned among the processors at a given process@rogram-level information. Finally, we discuss exten-
count. Given twice as many processors, it is not cleasions that provide greater accuracy for more compli-
how N; and N, should change. cated applications.

Log(Number of Processors)

In general, scientists would benefit from tools
at help navigate through the complexities of time-
constrained scaling.

Ill. FOCUSEDREGRESSION



A. Overall Technique Program| Parameter | Processor
o ) o Relatedness Grid Used

The scientist must provide appropriate inputs for our 5T Yos NG

technique. Our current prototype requires the scientist

to present the application and input parameters used LU Yes No

on the largest processor count that is smaller than the SP Yes No

target number of processors (denotf@g. For example, _CG No No

in this paperP, is always 1024, so the scientist must Miranda Yes No

present the input parameters used on the 512 processor SMG No Yes

version. In addition, the scientist must provide certain Sweep3d Yes Yes

application-level information, which Table | shows and Table |

we describe further below. The output is the set of ~ APPLICATION-LEVEL INFORMATION NEEDED FROM THE
. . . SCIENTIST FOR OUR SEVEN PROGRAMS
input parameters—or sets, when there are multiple input
parameters—that will result in application run time that
is equal to that of the program executing £y/2 pro-
cessors. To find these parameters, we must in part run
experiments on smaller numbers of processors. Whilés approximately proportional t&// P. More generally,
we expect that some of these experiments will alreadywe have
be run (e.g., the scientist has run the program with the
desired(in%ut parameters on 512 progesgors, and now '092(T) = Bo + Bilog2(W) + Baloga(Fi) + e (1)
wants to scale to 1024), a few others usually mustwhere3,, 1, and 3, are coefficients that we estimate
be executed. To control training time, these executionpased on a set of observed (T,W,Q) triplefs,is the
cover only a limited number of timesteps. Therefore,number of processors used in a training rgh< P,),
we assume the timestep loop is known. ande is the error. Generally, we estimate thevalues
With the value of P, and the input by the scientist, so as to minimize the error between the predicted values
our technique proceeds as follows. For simplicity, weand the observed values.
first present the case with only one input parameter. Specifically, to collect the (T,W,Q) triplets, we ex-
We assume that the scientist provides us with data fromgcute the program orp processors, wherg) <
points with time~ 7', atbothP = P;/2andP = P, /4. {2 ... P,/2}. We vary the values of¢ andQ on the
Then, we sample points (assuming that this data is no§ample runs and then use regression to generate Equa-
made available by the scientist) where the times arejon 1. Because it is easier to acquipeprocessors than
~ 1.1xT and~ 0.9xT. We determine the appropriate p,, it is reasonable to perform multiple instrumented
value of the input parameter to achieve this throughruns for different configurations of the input variables.
inspection of the data that the scientist provides. From ye predict run time using a log-scale because the
this point, we use the techniques described in the nexﬂ)rediction errors are well known to be proportional
two subsections (basic and general regression models) tg the expected time—we are concerned with relative
predict the value of the input parameter Bnprocessors  grrors. Working in log-scale implicitly handles this. The
that will result in an execution time o& T'. To extend pase of the log makes no fundamental difference; we
this technique to multiple input parameters, please segge logs in this paper for mathematical convenience.
the procedure described in Section IlI-C. The coefficients3; and 3» in Equation 1 measure the
] relative increase in time due to changes in computation.
B. Basic Model Finally, working in log-scale implicitly handles interac-
In order to determine the proper input parameters fotions between the different terms in Equation 1 (e.g.,
constant run time aP;, we need a model that predicts time is proportional to the quotient & and F;).
total run timeT of a given application. This model While the model in Equation 1 is relatively simple,
expressed” as a function of the values of its input pa- it works well for computation-dominated, simple-array
rameters and’;. Aside from P;, the computation time, based applications. The applications upon which we
denotedWV is the other key characteristic for determin- evaluate our focused regression technique in this paper
ing run time in programs with little communication. We (see Section V) are listed in Table I. The first three are
can often easily determini&” for simple programs from well predicted with Equation 1: BT, LU, and SP (from
the input parameters (i.e., we can just use the product ahe NAS suite [8]). All three have a high computation-
the parameters:(’s), or W = f(z1x29%...2,)),andl’  to-communication ratio and a single input parameter.



C. General Model the z; are important in predictin@’, as well as to model
For more complex applications, simply applying the functional form of these variables (similar to what

Equation 1 is insufficient for three reasons. First, weWas done by If_ee etal. o). "
cannot easily determine computation timié&’Y in ad- Case 2:If communication is significant, we use

vance in some applications. Rather, we can specify théeparate regressions for computatior) and communica—
values of some input parameters in advance, and the $on. Bqth follow the same form of either Eguat|on 1
parameters determine computation in an unknown opf the mput parameters are related) or 2 (if they are
complex way. In such cases, one may need to exanflot: as in case 1 above). Our current prototype splits

ine several potential predictor parameters to determinéhe regressions on_ly if the percentage of time spent
which ones are significant predictors of time and to'N communication Is greater than 50% at the largest

model the relationship betweeh and these variables, NUMPer of processors used for training (512); we found

For example, CG has this characteristic, as indicated phat regressing only on total time gufﬂces with smal!er
Table 1. ercentages. We collect computation and communica-

Second, modeling only total execution time producest'on t(l_“,rggeu;qaethne]ops'tv:Egegégizungcfgsrc.)z:)::ul\:lsp\l/\./hen the
inaccurate predictions for applications with a significanta lication l.,|ses 2 Drocessor ri?j We considered simol
amount of time spent in communication. Computa- pplica ap grid. SImply
. N . extending Equation 2 by replacing th& term with
tion and communication can scale at different rates :

terms for the processor grid terms (e.g;, and P).

which the training runs capture only if we model them However, while intuitive, experiments showed that this
separately. As mentioned earlier, Figure 1 shows thi Co Ve, exp L
%echnlque is ineffective because the data distribution,

situation. Currently, we do not subdivide either compu- s specified by the processor arid. sianificantly affects
tation or communication further into phases because th&S SPec y he pro or gnd, sig y
application execution time in a nonlinear manner, as

prediction quality we achieve for our applications is usu- . . : . :

; . : .. we show in Section IV. Thus, using a single regression
ally accurate without it. We are currently investigating results in sianificant errors
breaking computation and communication into smaller Instead gve restrict thé samole runs used in the
phases. For example, we could break communication ' P

) o . : regression to a narrow range foical regionaround the
calls into groups that have similar scaling behavior (e.g. !

o . . X . processor grid at the target number of processBrsin
logarithmic-scaling collectives versus linear-scalindr ¢

. general, the focal region is trivial when the number of
lectives). ; . T .
Third, for applications in which the program specifies input parameters is small (e.g., 1); in this case, using a
’ fixed execution time to determine the focal region suf-
Zices. However, for nontrivial applications with several
input parameters, such as SMG and Sweep3d, we must

Py, P, ..., P,, wheren is the number of processor . . .
o . . determine a focal region based on the input parameter
grid dimensions and’; is the product of theP; values. . . o . o
space since that space is large, and it is quite difficult

Both SMG and Miranda fall into this category. Param- ST
_ . . to cluster sample runs around execution time.
eterizing this aspect to some extent requires knowledge We then use Equation 1 or Equation 2 in the focal

gf ttthe fptrogrr?m struﬁture.tk\]/.Ve_ cfan ot;_tainbsignificar::]lyregion, depending on whether or not the input parame-
vzlueers '0? :r\:ee;r(\)l\éissi\?e dirrllser:rs]igansqaral\?r?erxt/hl;irgst Cters are rela_ted, as desc_:ribed above. The typical strategy
when creating regression models uses more data to
Achieve a better result. However, in our particular case,
more data is worse, if it is not nearby in the processor
dimension space o) < P, processors. Also, while
the focal region idea is quite useful and necessary when
handling an application that uses a processor grid, it also
improves regression quality for all applications. There-
fore, we use the focal region idea in general—restrict
tests to those around the values of the input parameters
logs(T) = Bo + 121 + Boza + ... + (adjustedI for prot;:essofr couTt)b||oredsent?d by tr(;e scientist.
Using only a subset of available data for prediction via
Bnzn + Buialoga(Fy) + € @ regression is not new; for example, Lee and Brooks use
Here, z; is thei'" input parameter describing the data. this technique for predicting performance and power
We use additional training runs to determine which of[10]. We apply this technique to scalability analysis.

distribution,T" is not only a function ofP;, but also of

the processor configurations, for a fixdd and P;, that
run fastest, in addition to providing time estimates for
various input combinations.
Our prototype handles each of these possibilities.
Case 1:We use a more general equation for exe-
cution time with complex input parameter relationships:
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Target: (32,32) Target: (128,8)

(16,32) (32,16) (64,8) (128,4)

(16,16) (64.,4)

(8,16) (16,8) (32,4) (64,2)

(8,8) (32,2)

Figure 2. Processor grids (only shown down to 64 processms)l in SMG to predic?, = 1, Py = 32, and P, = 32, and P, = 1,
P, =128, and P, = 8, respectively. For all vertices in the graph, = 1.

Consider an example, with one of our applications, IV. RESULTS
SMG, which has six input parameters—three processor Thjs section discusses results of our focused re-
dimensions,p,, py, and p., along with three grid gression prototype in making time-constrained scaling
dimensions,n,, ny, andn.. We next illustrate what nregictions. For our evaluation we used two different
predictions our prototype makes, along with what focalc|ysters at Lawrence Livermore National Laboratory:
region it selects to make each prediction. SuppoSgne Atlas cluster and theHera cluster. The former has
the scientist has run SMG on 512 processors using 8152 four-socket, dual-core AMD Opteron nodes with
processor grid wherg, = 1, p, = 16, andp. = 32,  16GB RAM, while the latter has 864 four-socket, quad-
denoted for convenience s, 16,32). We assume that -ore AMD Opteron nodes with 32 GB RAM. We used
if the scientist wants to use time-constrained scaling ofyerg (which is similar to Atlas) to execute Miranda
SMG to 1024 processors, then it is necessary to doublgecause of time constraints on Atlas. Each Opteron node
one of the three processor dimensions. is a NUMA architecture; each socket has local memory,
and all others are accessed through longer-access remote
memory controllers. Our experiments use four cores on
each node (one per socket on Atlas and Hera) to avoid
For each prediction, we use different regression  notential variance if all cores are in use [11]. Note that
based on experiments in the focal region. Figure Zp the rest of this section, we use the term processor to
shows two different focal regions, one of which, efer to a core.
(1,32, 32), we would use in the preceding example. The Tg eliminate potential NUMA effects, we used
figure shows that our prototype uses those processqfpy i nd to ensure that Linux allocates memory for
grids (shown in black) at lower (total) numbers of each core out of the socket's local memory. Without
processors that are most proportionally similar to thepinding, Linux may allocate remote memory (arbitrar-

grid at the target number of processors. As the results ifyy) which introduces significant variance across runs.
the next section show, the results degrade if we include

data from grids that are not proportionally similar. Our A- Methodology

figure setsp, = 1, because if we also vary,, the Our prototype collects results for each instrumented
picture becomes quite complex. However, our prototyperaining run; these runs occur on a variety of processor
handles the general three-dimensional case. counts, but never on the target processor coufj.(



We use the PMPI layer to collect computation and | Program Focused Proportional
communication times; we count any time in the MPI Regression Errof Scaling Error
library as communication time. While this is not com- BT 1.8% 17%
pletely precise, getting finer-grain results (e.g., omiti LU 5.3% 11%
blocking time and collecting only network and copying SP 5.2% 3.6%

time) requires instrumenting the entire MPI library. We Table II

then use measured execution times to fit a linear model.PERCENTAGE ERROR BETWEEN ACTUAL AND PREDICTED TIMES

We use the statistical package SAS for all regressiond.0R ONEPARAMETER PROGRAMS(BT, SP,AND LU) WHEN USING

We emphasize that we run the program onlv on a small 512PROCESSORS FOR TRAININGFOR REFERENCE THE ERROR
ee p . K p g y WHEN SCALING PROPORTIONALLY IS SHOWN ALL PREDICTIONS

subset of the many possible input parameter/processor aAre FOR PROGRAMS EXECUTING ONLO24PROCESSORS

combinations; this choice conserves machine time as

well as produces better results by using focal regions

(as described in the previous section).
We make the important assumption that we can rurC. Summary of Results

an application with the input parameters set to values Qverall, our prediction quality is quite good: median
of our choosing. Essentially, the parameter space igrediction error ranges from 3% to 12.2%, and predic-
quite large and sparse for applications like SMG (5tions are almost always within 20% and usually much
free parameters). This ability to execute the program irpetter. For the three more complex applications muest

configurations of our choice ensures that we can collecgenerate different regressions for different focal region
the data that we need to make accurate predictiongo achieve accuracy. In particular, we obtain a median

Essentially, we assume that scientists write programerror as high as 75% if we do not use a focal region.
that are flexible and provide meaningful timing results,

if not physical results, for any combination of the input O Single Parameter Programs
parameters. First, we studied three programs that have only

For our evaluation we executed the program at thé’€ important parameter: BT, SP, and LU. These pro-
target processor count (1024 processors), and we find/@ms are computation intensive; they serve as pro-
the input parameters that are predicted to cause th@@ms for WhICh the scientist cou!d perform accurate
program to run in the same time as the for a 512_t|me-co_nstra|ned _scallng_ in a stra|ghtforwa_1rd manner.
processor run (which is the goal). We measure effectiveProportional scaling which we define as increasing
ness by reporting error based on the relative differencd"® Parameter by an identical factor as the number of

between the observed execution times on 1024 and 5180c€ssors increases, will be relatively effective.
processors. Table 1l shows the results of all three programs.

Focused regression produces predictions within 6% of
the actual time, whereas predicting using simple pro-
portional scaling of the single input is over 17% for
BT and 11% for LU. For SP, proportional scaling is
) . ~_ slightly better, 3.6% to 5.2%, but both predictions are
We tested our techniques using seven appllcat|onsquite good.
Four are from the NAS suite [8]. In particular, we use ' These results show focused regression performs well
BT, SP, CG, and LU; our approach does not apply t0anq avoids the larger errors incurred by proportional
other NAS programs (FT, IS, MG) because we havescyjing. More importantly, it shows that performing

insufficient input data due to input restrictions. Further,{ime-constrained scaling even on seemingly simple ap-
EP is trivial because it has only one parameter and zergjications is not necessarily trivial.

communication. CG is a conjugate gradient program, _

and LU, BT and SP solve PDEs using three differentE- Multiple Parameter Programs

techniques: lower-upper symmetric Gauss-Seidel, block Next, we studied four programs that have at least
tridiagonal, and scalar pentadiagonal. We further uséwo important parameters: SMG, Sweep3d, CG, and
SMG and Sweep3d from the ASC suite; the former isMiranda. All of these applications serve as challenges
a three-dimensional multigrid solver, and the latter isfor our focused regression approach; time-constrained
a three-dimensional neutron transport code. The finascaling is difficult either because the parameters have
application is Miranda, which is an industrial-strength nontrivial interactions or the application specifies pro-

hydrodynamics application. cessor grid dimensions. We compare our results to an

B. Applications



approach, denotedon-focusedin which we use all the the same approach for scaling as for SMG and use focal

sample runs below 1024 processors to create a singlegions in exactly the same way.

monolithic regression. We study SMG first and in depth  Figyre 3 and Table 11l summarize the results. The re-

because it presents the most challenges. sults are similar to those of SMG; the median prediction
SMG: SMG has six input parameters: three processogyror js quite low for our focused regression (5.0%) and

dimensions, p.., py, and p., along with three grid o0 for the non-focused regression (36%).
dimensionsn,, n,, andn.. The application specifies . )

grid dimensions in terms of a per-processor local grid; CC: Figure 3 shows the results when applying fo-
one can recover the global grid by taking the productcused regression to CG, and Table llI summarizes this
of each grid dimension with the associated processofi@t@. The figure shows that we produce predictions
dimension. For time-constrained scaling, four of the sixWh0se median error is 12%, and the worst-case error

input parameters are unconstrained, which still leavedS €SS than 23%. For comparison, we also show the

many different ways to scale SMG. Note that SMG is €0r When using a non-focused regression—for CG,

not symmetric in all dimensions [12], so modeling it is We focus the regression on different values of g

not at all straightforward. input parameter, along with splitting computation and
We chose to scale the global grid equally in all threeCOmmunication and regressing on them separately. Pre-

dimensions (e.g., if we double the processor countdiction quality is much better with focused regression.

we increase each global grid dimension by a factorFigure 4 shows the effect of using our prototype to

of ¥/2), which corresponds physically to decreasing thePredict SIZE as opposed to using naive weak scaling.

grid point resolution by a factor of 2. Furthermore, We also further investigated the naive time-
we assume that if the user is scaling a program withconstrained scaling prediction. However, the question is:
processor dimensions;, p,, andp,, that one of these how would the scientist scale CG to keep the execution
dimensions will increase by a factor of 2. Therefore, wetime constant without our approach? As we mentioned
make predictions for all three possibilities. earlier, CG has two parameterSiZE and NONZER

As described in Section Ill, we must create a re-The scientist has three intuitive potential choice to scale
gression for different focal regions with SMG. Specif- CGs: doubleSIZE holding NONZERconstant; double
ically, a different regression predicts each processoNONZER holding SIZE constant; or increase each by
configuration. We used six of the possible processor/2. We ruled out the third case for two reasons. First,
configurations at 1024 processors for these results.  increasing both parameters by2 seems physically

Figure 3 shows the median errors for all programunrealistic since CG is at its core a one-dimensional
execution times that we predicted using each of the thredata structure (sparse matrix). Second, CG requires both
techniques, and Table Ill summarizes the results. parameters be integers, and increasi@NZERby /2

In the particular case of SMG, using focused regreswill lead to experiments that we cannot actually run.
sions allows accurate predictions, while the non-focused Tnerefore, we investigated the first two possibilities.
technique is clearly inferior. Also, the median error is \yhen doublingSIZE and holdingNONZERconstant,
just 5.6% for all the points predicted. The non-focusedipe average error is 53%; When doubliNONZER
technique has median prediction errors that are highegnq holdingSIZE constant, the average error is 13%.
(76%). Furthermore, the worst case has an even larggssth are worse than the average error with focused
disparity—up to 117% with the non-focused approach.regression, and the potential for large error exists.
While the worst case for focused regression is 34%, we

note that 90% of the predictions are within 10%. Miranda: Figure 3 shows the results from Miranda
Finally, we do not give the prediction error when for both focused and non-focused regressions, and Ta-

using proportional scaling for SMG because we lack gble il summarize_s th_is datz_i. In this_case, we vary only
clear definition of proportional scaling with six input W0 processor grid dimensions, which substantially re-

parameters, and some parameters (the processor grqi&lces the number of processor grids at 1024 processors.
dimensions) have strict restrictions on their values. The data shows thatither technique achieves good

Sweep3d:Sweep3d has fewer input parameters (five)prediction quality. The median is slightly better when
than SMG (six) because it has a two dimensionalusing the non-focused approach, while we have fewer
processor grid. Also, the specification of the grid is prediction errors over 10% (17 to 11). Recall, however,
global, not local. Three of the five input parameters arethat for SMG, prediction quality was much better with
unconstrained for time-constrained scaling. Thus we caffiocused regression, and the non-focused regression pro-
scale Sweep3d in many ways, as with SMG. We chooseluced consistently poor results.
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V. RELATED WORK

of approaches. Prior work has frequently focused on
Extensive study into methods to predict the pencor__cross-platform predictions in which the processor count
mance of parallel applications has explored a varietyS held constant but the system under consideration



Prediction SMG Sweep3d CG Miranda

Error (%) | Max | Avg | Median || Max | Avg | Median || Max | Avg | Median || Max | Avg | Median
Focused | 34 7.1 5.6 12 4.9 5.0 22 12 12 20 3.7 2.2
Non-
focused | 117 | 75 76 53 33 36 53 27 27 21 3.7 3.2
Table 111

MAXIMUM , AVERAGE, AND MEDIAN PREDICTION ERROR INSMG, SVEEP3D, CG,AND MIRANDA FOR FOCUSED AND NONFOCUSED
REGRESSIONS

§ “|~e— our Prototype .
-+- (Naive) Weak Scaling
[ P [ WK Scaling [ Time (s) [ Prototype[ Time (s) ] o
16 46,094 29.3 46,094 29.3 8
32 92,188 335 78,682 27.9 é
64 184,375 4372 124,979 27.4 g 8- .
128 368,750 52.8 237,656 314 o .
256 737,000 81.3 299,536 28.7 s .
512 | 1,475,000 101 458,171 29.2 D e
1024 | 2,950,000 189 558,273 29.7 #——0——0o—— 9 7—0—0—"20
o T T T T T
3 4 5 6 7

Log(Number of Processors)

Figure 4. Time-constrained scaling with our prototype forti®ugh 1024 processors (WidMONZERfixed at 20). Our prototype predicts the
value of SIZE at 1024 (given a set of experiments using 16 through 512 psocglsthat will match the time at 16 processors, which is 29.3
seconds. For completeness, we also show the predicted Vfalud2 through 512 processors. Clearly, our prototype léadime-constrained
scaling, while naive weak scaling does not. The right-hadd displays the results graphically.

is changed. Other research has used extensive manuat best limited abilities to extrapolate to larger processo
analysis to derive analytic models. We extend a signif-counts. Yang et al. predict performance across platforms
icant body of prior work that has developed statisticalthrough partial execution of iterative programs but only
methodologies to predict performance. for system sizes used for the partial executions [16].
First, this work extends our previous work on pre- Lyon et al. use the theoretical approach of Taylor expan-
dicting strong scaling using black-box predictions andsions to understand execution behavior, including scal-
regression [6]. Our work here is different in multi- ability properties [17]. Combining static and dynamic
ple ways: it uses focused regressions; it targets timeanalysis to predict performance on different architec-
constrained scaling, which is more difficult than strongtures for different inputs offers greater possibilities fo
scaling in many ways; and it uses gray-box techniquesextrapolating across process counts than these other
Another approach uses machine learning to make prestatistical methods [18]. Later work showed that the
dictions on multicore machines [13]. Also in a similar technique could locate performance bottlenecks [19]).
vein, Curtis-Maury et al. predict the power-performanceln contrast, our framework only requires relinking the
tradeoff on multicore machines [14]. While similar to application with the PMPI library to gather data during
our approach, these approaches are limited to singl&aining runs.
multicore processors and do not address cluster systems. There are a variety of simulation- or trace-based
The other, most closely related work uses regressio@pproaches to performance modeling [20], [21], [22].
to predict application performance across a range ofAlthough techniques could extrapolate those traces to
input parameter values. Prior work here includes neuralarger numbers of processors, we provide a more direct
networks [15] and piecewise regression [9]. Neitherapproach to scaling predictions.
performs extrapolation, which is our focus. White-box approaches typically require detailed anal-
Similarly, other black-box modeling approaches offerysis of data structures and program constructs, such as



loop nests [23]. Several other researchers have explorettiat we combine phases when their execution time is

white-box scalability analysis approaches that providesufficiently small, to protect against variance that is

algorithmic or architectural perspectives [24], [25],]26 more striking in small phases. Second, we are looking

[27], [5], [28]. In general, they derive application or at more applications that have many input parameters

architecture specific models through detailed analysiswith complex relationships. While our approach is ef-

which requires significant effort that is not readily auto- fective for all applications in our set, we may find

mated. In a strongly related white-box approach, Brehnthat other applications require different techniques to

et al. use regression and explore separating computachieve accurate time-constrained scaling predictions.

tion and communication [29]. However, their approachFinally, we are investigating how to reduce the number

requires detailed analysis to create the computation andf experiments needed at smaller scales further through

communication models. Other white-box approachesexperimental design.

that predict workload and memory requirements, such

asmodeling assertionf30], require code modifications. ACKNOWLEDGEMENTS
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