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Abstract—Compute intensive kernels make up the ma-  We focus on three extensively studied kernels — MM,
jority of execution time in HPC applications. Therefore, stencil computation and LU factorization. Over the years,
many of the power draw and energy consumption traits yarious optimization strategies that target specific re-
of HPC applications can be chara<_:ter|zed in terms qf the source(s) in computing platforms have been developed to
power draw and energy consumption of these constituent .o,y ,-o ayecution time of these kernels. Some examples

kernels. Given that power and energy-related constraints f h strategies include | til d ling t
have emerged as major design impediments for exascale?! SUCH strategies inciude loop tling and unrofling to

systems, it is crucial to develop a greater understanding [@9€t reuses in caches and registers respectively. Most
of how kernels behave in terms of power/energy when Of these tuning strategies gparametrizedThat is, they
subjected to different compiler-based optimizations and €xpose a set of optimization-related parameters that can
different hardware settings. In this work, we develop CPU be selected to change the ways optimizations are applied
and DIMM power and energy models for three extensively to a piece of code. An exhaustive approach to evaluating
utilized HPC kernels by training artificial neural networks . g possible optimizations in this parameter space is often
These networks are trained using empirical data gathered ;o ctical because these spaces are multi-dimensional
on the target architecture. The models utilize kernel- i.e., a given piece of code can benefit from the simul-

specific compiler-based optimization parameters and hard- t licati f trateqi hich It
ware tunables as inputs and make predictions for the aneous application of many strategies which can resu

power draw rate and energy consumption of system IN billions (or more!) possible optimization parameter
components. The resulting power draw and energy usage COmbinations.
predictions have an absolute error rate that averages less Recently, various empirical auto-tuners [24] [22] have
than 5.5% for three important kernels — matrix multipli-  successfully used search or heuristics based approaches
cation (MM), stencil computation and LU factorization. to generate and evaluate only a manageable subset of the
optimization parameter space for computational kernels
and select the code variant that obtains the best perfor-
|. INTRODUCTION mance in terms of execution time. The work presented
Compute intensive kernels make up the majority @f this paper draws inspiration from the success of
execution time in large scale HPC applications [8these empirical approaches to optimization. However,
These kernels are often executed a large number rather than using a search-based approach to navigate the
times during a single execution of an application. Aarameter space, we develop kernel-specific power draw
lot of recent research efforts have therefore been d@ind energy usage models for certain system components
rected towards automatically identifying these kernelssing artificial neural networks (ANNS).
based on attributes such as computational demand and@he models utilize kernel-specific compiler-based op-
memory access patterns [17], and towards developitigization parameters and hardware tunables as inputs
compiler-based optimization strategies to help improad can make predictions for power draw and energy
their performance. Gaining a better understanding of theage of the CPUs and DIMMs for all code variants
power and energy usage behavior of these kernels wherthe parameter space. The ANNs that form the basis
subjected to various compiler-based optimizations aoél the models are trained using empirical power and
different hardware-related tunables is also very impartgoerformance data gathered for the kernel on the tar-
given that thepower wall has emerged as the keyget architecture. These training data points are drawn
bottleneck in the design of exascale systems [11]. Modetdomly from the parameter combination space and
can be used to aid in developing this understanding. constitute a very small portion (less th&fo) of the
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Fig. 1. Distributions of execution time (seconds), CPU arlt¥id Power Draw (Watts) and CPU+DIMM Energy usage (Joules) ()
MM and (b) stencil code variants along with tlﬁ(—?ﬁ) ratio for the respective entities shown in the histogrant®e §ode variants utilize
different tiling factors, unrolling factors and were runing 7 available CPU clock frequencies on a Xeon. Input data & kept constant.

total points in the space. A. Problem Formulation

The optimization strategies that we apply to each of For each model, as shown in Equation 1, we develop
the computational kernels have been shown to improyefunction f, whose inputs are a set of optimization
those kernels’ performance in various research artiCl?}%rametersm ... x, and whose output is some
The focus here is not to establish or verify the applicabiineasure of the efficacy of the optimization (in terms

|ty of these Strategies. Rather the focus is on whether Wﬁpower, time or energy) on the Computation_
can use the optimization parameters to accurately predict

the power draw rate of individual system components. y=f(z1 - x,) 1)

The power draw and energy usage landscape cang,ation 2 shows a specific formulation of Equation 1

quite large and varied. Figure 1 shows histograms 9f .« model of DIMM power drawr;) for kernel MM
CPU power draw, DIMM power draw and CPU+DIMM;, arms of the compiler-level optimization parameters

energy consumption collected for a small, random SUbs{%’t, tj, tk, i andu;j — loop tiling and unrolling factors),

of the possible code variants for MM and stencil_kernel@PU clock frequency fireq) and matrix size fsize).
The best and the worst performing code variants for

MM on a Xeon system (described in Section IlI-A), Py = f(ti, tj,tk,ui,uj, msize, freq) (2)
for example, are over an order of magnitude different in , _ i
terms of CPU+DIMM energy usage. Therefore charaE0" €very such modelf is determined by exposing the

terizing these differences will help understand the impa%'fOblem to an artificial neural network.

of compiler optimizations on energy usage. B. Artificial Neural Networks
An artificial neural network (ANN) is a comput-
I[I. METHODOLOGY ing system that consists of densely interconnected and

adaptive processing elements that are highly capable
We model power and energy for a parameter combinai- knowledge discovery in the input dataset [2] [5].
tion space of a particular kernel by measuring executiédNNs, which have been used successfully in the area
time and power (and therefore energy) for a small subsgtHPC in the past to derive performance models for
of the points in that kernel's optimization parametescientific applications [9] [15], have several desirable
space. These measured points are then used as traipiraperties that make them attractive as the approach for
input for a set of ANNs whose outputs are models gferformance, power and energy prediction problems.
power draw, execution time, and energy usage of thatl. ANNs can capture complex linear and non-linear
kernel for all optimization parameter combinations. interactions between the input parameters and between
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Fig. 2. (a) Network diagram for ANN. (b) lllustration of thedrning process within a single network unit (adapted fr@jrapd [10])

the input and output parameters. Often these typesmfmber of nodes in the input layer is equal to the number
interactions are difficult to discover and even wheof predictors. In fully-connected networks, all nodes in
they are available, it is challenging to completely anal given layer are connected to all the nodes immediately
accurately describe them. following that layer. Each edge that connects two nodes

2. Generally ANNs work well even in the presencéas an associated weight. Feed-forward networks have
of some noise in the training data [10], [2]. Noise in ouno cycles in their connection topography.

empirically collected data can be caused by (0K jitter, Deve|oping a model requires two phases — training
other processes running on the system, or limitations &d validation. During the training phase, a set of em-
the hardware measurement infrastructure [3]. pirically gathered data points are presented to the input
3. Most classical optimization algorithms require th%\yer sequentially. The input layer simply passes the
definition of the objective function. However, for perf0r1ncoming values to the hidden units. The hidden units
mance and energy modeling problems we may not kn@4ke a weighted sum of the incoming valuessim
these functions a priori. ANNs do not need a formulatioj, Figure 2(b)) and pass the weighted sum through an
of the objective function and are therefore a good matgltivation function. The activation function that we use is
for performance, power and energy modeling. The fagie sigmoid function (see Figure 2(b)). Sigmoid, which
that no ObjeCtive function definition is reqUired to traiﬁg a Stricﬂy increasing function, is the most Comm0n|y
ANN's offers another benefit — the models are generatgged activation function in ANNs because it exhibits
using no domain-specific knowledge, meaning that thenoothness and has desirable asymptotic properties [10].
modeling techniques are more likely to be useful in other a; he output layer, the contributions from each of the

application/kernel domains. hidden units are summed to derive a predicted value.
C. Theory The calculated error in prediction is back-propagated

While ANNs have been used in tackling variou! Update the edge weights using the gradient descent
complex real-world problems — pattern classificatiofneéthod [2]. Edges are iteratively updated until the
clustering, optimization, etc. [2], this work uses ANNgnodel's predicted value is within some small error range
to approximate the functiorf in Equation 1. In the When compared to the observed value.
context of function approximation, ANNs take a series of We now discuss specific issues that affect the predic-
predictors (input parameters, --- z, in Equation 1) tive accuracy of ANNs and schemes to address them.
and produce a map of those input parameters to onel. Over-fitting the training data (describing noise in
or more outcomesy( in Equation 1). The network the data rather than the underlying relationships) is a
consists of a set of layers — an input layer, one or modanger when using machine learning techniques such as
hidden layers and an output layer. Figure 2(a) providd&N because it results in degraded prediction accuracy
a schematic diagram for the network that is utilized ion non-training inputs. To avoid this we use tlhke
this work. The network is &ully-connected single hiddenfold cross validation method during the validation phase,
layer feed-forward networkvith one output unit. The which has been shown to help mitigate the problem of



over-fitting [20]. In k-fold cross validation, the training C. Code Variants Generation

dataset is randomly partitioned info equal-sized sub-  cqde variants representing different loop optimization
sets.k different models are then constructed, each USi@Qrategies are generated using CHILL [7], which is
k — 1 of the k partitions as training input so thatof 5 polyhedral loop transformation and code generation
the & sets can be set aside for model validation. Each @hmework. CHiLL provides a high-level script interface
the k models are then validated against the validation sgt we leverage to describe a set of loop transformation
and the model that yields the minimum error is selectegyategies and instantiate their associated parameteas fo
2. Data scaling and centering is needed to make s\gen piece of code. In CHiLL nomenclature, the scripts

that large values of some input and output parametersifigt describe loop transformations are called “recipes”.
not unduly affect the learning process. Several techniques

have been proposed to achieve this [2]. In this work, IV. EXPERIMENTAL RESULTS
taking the logarithm of the predictors and the outcomesThese experiments are designed to study the effect of
was enough to construct networks with stable accura@aining dataset size of the artificial neural networks on
3. The number of hidden units also play an importanhe overall predictive accuracy of the trained networks.
role. While there are many techniques that can be usRdcall that the training data for the models are gathered
to determine the “right” number of hidden units, ouempirically — i.e. for each of the points in the training
experience showed that setting the number of hidddataset, a corresponding code variant is generated using
units equal to twice the number of predictor variableSHILL; the generated variant is compiled and executed

works well for our purposes. on the target architecture to measure execution time and
component-level power draws. Therefore, the time cost
Ill. EXPERIMENTAL SETUP of the modeling step is directly related to the size of

This section describes our experimental setup, whilff training set. For each of the three kernels studied
consists of an Intel Xeon workstation equipped with § this paper, we use a four-step process to construct
DC power measurement harness. We utilize a source-&d validate models. First, from the entire parameter

source code transformer to generate code variants. SPace, we randomly sample a set of point) (and
generate, compile and evaluate the corresponding code

A. Experimental Platform variants. Second, we select a set of random samples,

V, from N and use that subset for model validation.

The experlm(_ents were conducted on an Intel XeoI'rhird, we construct training datasets frddv \ V') with
E5530 workstation. The E5530 has 2 quad-core proces;

Each has it 32KB L1 h 4 256 rying numbers of points and train separate neural
SOrs. =ach core has Its own cache an l$1%t%/orks. We repeat steps two and three for each of the

L2 cache. Each of the quad-core processors has a sh ed o rties we are attempting to model — CPU power
8MB L3 cache (for a total of 16MB of L3 for the 8?j)rraw, DIMM power drawpan% execution time. Finpally,
cores). The processors can be clocked at 1.60, 1.73, ltﬁ%’ trained models are used to predict the outcomes for
_2.00, 2.13, 2.2_6, or 2.39 GHz. Prpcessor clock frequengw points in V. The CPU power draw, DIMM power
IS Chahged using thepuf r eq- ut ! 's pqck_age_ [1] that draw and execution time models are then used to predict
is available with many popular Linux distributions. CPU+DIMM energy usage.
We use R, an open-source statistical computing envi-
ronment, to automate the process of model training and
To derive system component-level power measurgslidation. R packagesar et [12] andnnet [23] are
ments, we utilize a PowerMon2 apparatus [3]. Poweeveraged to generate the ANN models.
Mon2 is a hardware and software framework designed to _ o
obtain fine-grained current and voltage measurements for Matrix Multiplication (MM)
different components of a target system such as CPUsWe provide a simple to understand MM implementa-
memory subsystem, disks, GPUs, etc. The device ditsn in Table I. We refer the readers to Tiwari et. al. [22]
between an ATX power supply and the power inputs &r details on the optimization strategy for MM. The
various system components and reports measurementstategy that we use for MM exploits the reuse of array
up to eight channels via a PC's USB port. We identify in registers, and the reuse of arrayandb in caches.
the DC-rails that supply power to the CPUs and DIMMBata copying is applied to avoid conflict misses. The
and collect the measurements for those rails for each tesstt of seven free parameters ¢j, tk (tiling factors for

B. Power Measurement



TABLE |
KERNELS USED FOR EXPERIMENTS

Kernel Naive Code Parameters Parameter Domains
Ti, tj, tk € [2,4,8,...,1024]
doi =1, n ti, tj, tk (i, j, k tiles) ut € [factors(ti)], ui< 8
MM [22]¢ do k =1, n ug, uj (i, 7 unrolls) uj € [factors(tj)], uj< 8
doj =1, n CPU fregs freq) ui # ti, uj#£ tj
c(i,j) =c(i,j)+a(i,k)*b(k,j) matrix sizes fnsize) msize € [1300, 1400, - - -, 2000]

Total points: 647360
ti, tj, tk € [2,4,8,---,512]

do k=Z, n-1
do j=2, n-1

. do i=2 n-1 ti, tj, tk (i, 7, k tiles) ui € [factors(ti)], ui< 8
Stencil [22] a(i. ] ' k) =c (b(i-1,] . k) +b(i+1,] . k) wi, uj (¢, 7 unrolls) uj € [factors(tj)], uj< 8
R A A CPU fregs freq) ui # ti, uj# tj
*b(i,j-1, k) +b(i, j+1, k) Total points: 56700
+b(i.j, k-1)+b(i, |, k+1)) points.
do k=1, n-1 t7 (loop 7 tile) tix, tj«, th« € [2,4,8---1024]
doi = k+1, n ti1, tj1, tky (trsm tiles) uix €[ factors(tix)], uix< 8
LU [7]} a(i, k)=a(i, k)/a(k, k) wi1, uji (trsm unrolls) uj«€[factors(tj.)], uj< 8
do i = k+1, n tiz, tj2, thke (MM tiles) Uis 7 tis, UJF~ L
do j = k+1, n uiz, ujz (MM unrolls) msize € [1500, 1600, - - -, 2200]
a(i,j)=a(i,j)-a(i,k)*a(k,j) matrix size {nsize), freq Total points: 8.34e+10

T Due to space limitations, we are not able to provide full $farmation recipes. Please refer to the cited articles dhrécipes.

loopsi, j and k), ui, uj (unrolling factors for loops Effect of varying training set size for Exec. Time (MM)
andjy), msize and freq constlftute the set of predictors. 18 P ST ———,
Table | provides further details on the parameter space 16| | std dev of abs mean error % - 1
and the constraints on the predictor variables. The total 14
number of points in the parameter spacé.is x 10°. 5 12} &

¢ 10 |\

We generate a total of 8285 different code variant (
that utilize randomly selected optimization parameters,
CPU clock frequency and input data size. We set aside 4 ‘ ‘ ‘ ‘ \
the majority (65%) of the points in the model validation 0 500 1000 1500 2000 2500 3000
set V. We construct separate ANN models for CPU # of samples in the training data
power draw, DIMM power draw and execution time
using various training dataset sizes — these training
subsets are drawn from roughly 2900 points not set
aside for validation. Each of the models is then used to
predict the CPU and DIMM power draw and executiofOr of 4.9%. The training dataset consisting of 1400
time for the points inV. Figure 3 shows the absolutg®0ints corresponds to a very small portion (0.22%)
mean error percentage and standard deviation of the efbrthe total points in the parameter space. A simple
percentage on the y-axis and the training dataset spdrapolation of the measured execution times suggests
on the x-axis for MM execution time models. As thdhat it would require more than 86 daysf execution
size of the training dataset increases, the error generdifj€ to evaluate the entire parameter space. Evaluating
improves as well; the same holds true for standa 00 points to construct the training set takes roughly
deviation of the error. What is interesting, however, -6 hours. This contrast highlights one of the major
that the improvements flatlines after the training datadegnefits of our modeling technique — we are able to
size is larger than around 1200 elements. This sugge@ée accurate power and energy predictions using hours,
that a fairly small time investment in collecting empiricalot months, of system execution time.
training data can give us a execution time model, which Finally, Figure 4 shows the modeled versus observed
has an average error rate of approximately 5.47%. values for CPU and DIMM energy consumption for MM.

. - . ... .The red line in the graph is the trend line and for a well-

Table Il summarizes the training set size sensmvne{

results for CPU and DIMM power draw and executiopehaveqI quel, this Im_e Sh.OUId be a roughly 45 degree
. . ) . ine, which is the case in Figure 4.

time. Energy predictions made for the pointslinusing

the CPU, DIMM power draw and execution time models

constructed with 1400 points, have an average absolut&Jsing the average of measured times (11.6s) for all 6473600

\ X
\
°l X\\*+\w+y\/\\w+ i

Fig. 3. Training set size sensitivity — MM Execution Time



Energy Consumption: Modeled vs. Observed (Training Size: 1400)
Effect of varying training set size for Exec. Time (stencil)
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Energy Consumption: Modeled vs. Observed (Training Size: 1500)
log(observed)

=
©

Fig. 4. Modeled vs. Obs. CPU+DIMM energy for MM (log scale)

TABLE I 2
TRAINING SET SIZE SENSITIVITY
Outcome Training | abs mean| std dev 25 o |
set size | errot % g "
MM <
CPU power draw 900 1.61 1.58
DIMM power draw 1400 3.34 3.13 P
Execution time 1200 5.47 5.44
Energy prediction 1400 4.89 4.69
Stencil -
CPU power draw 1200 1.08 1.00 S : : :
DIMM power draw 1100 1.84 1.84 6.0 65 7.0 75 80
Execution time 1600 4.64 4.25 log(observed)
Energy prediction 1500 3.95 3.66
LU Fig. 6. Modeled vs. Obs. CPU+DIMM energy for stencil (logls}a
CPU power draw 1400 0.98 0.78
DIMM power draw 1500 2.70 2.45
Execution time 1100 4.50 3.81
Energy prediction | 1600 3.94 334 trained separate networks using varying-sized training

1 obser"uedf'modeled) % 100

error = abs( P e

subsets. The networks constructed using those training
datasets are validated against the point¥in
_ Figure 5 shows the ANN learning curve attributes
B. Stencil (absolute error % and standard deviation) for stencil. The
We provide a naive stencil (in this case a Jacols)ror percentage flatlines after the training dataset size
implementation in Table 1. We refer readers to Tiwari edf 1600 elements. At a training set size of 1600, the
al. [22] for the detailed optimization strategy for stenciverage error rate for execution time prediction is 4.6%.
Since arrayb has reuse on three dimensions, the loopsTable Il summarizes the training set size sensitivity
are tiled on three dimensions for reuse in caches. Loopigsults. Figure 6 shows the modeled vs. observed values
and; are unrolled for register reuse. The free parametdeg CPU+DIMM energy usage for this kernel. At a train-
ti, tj, tk, ui, uj and freq form a five-dimensional ing set size of 1500, the average absolute error rate of
parameter space with67 x 10* total points. energy prediction is 3.9%. The training dataset consisting
For stencil modeling, we randomly sampled the p&f 1500 points corresponds to 2.6% of the total points
rameter space for a total of 4900 points. Of these 4900the parameter space. If one were to evaluate all the
points, we set aside 40% of the pof(2960) for model points in the parameter space, it would require more than
validation (/). From the remaining 2940 points, we3.6 day$ of execution time. Evaluating 1500 points to
construct the training set requires roughly 2.2 hours.

2Based on our experience with MM and LU modeling (see next
section), we collected a smaller set of empirical data fengit. 3Using the average of measured times (5.4s) for all 56700tsoin



Energy Consumption: Modeled vs. Observed (Training Size: 1600)
Effect of varying training set size for Exec. Time (LU)
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C. LU Factorization

. .. . L. Fig. 8. Modeled vs. Obs. CPU+DIMM energy for LU (log scale)
We provide a naive LU implementation in Table I. The

detailed description of how LU kernel is transformed is

provided by Hall et. al. [7]. The idea is to first apply,ajues for CPU+DIMM energy consumption for LU.
tiling to loop 5 and split the iteration space inside tje Energy predictions made for points ¥ using the CPU,

tile control loop into an imperfect loopnest and a perfeg;\imM and execution time networks trained with 1600
loopnest. The perfect loop nestis then split into two Suyints have an average absolute error rate of 3.9%. The
loopnests — one that has non-overlapping array accesg§ging dataset consisting of 1600 points corresponds to
(@ MM kernel) and the other that has overlapping arrayyery small portion (less than0000019%) of the total
accesses (a triangular solve kernel). Each of these SHBl“nts in the parameter space. If one were to evaluate
loopnests are then independently optimized to targgf the points in the parameter space, it would take more

reuses in caches and registers. The recipe shown for {44, 14500 yeafs Evaluating 1600 points to construct
transformation in [7] has a total of 11 free parametegstraining set takes roughly 2.4 hours.

(listed in Table | along with domain definitions and
constraints). Together with the CPU clock frequency and V. DISCUSSION

input matrix size, we have a 13-dimensional parameternn order to further validate the capability of the
space with a total of approximatef/32 x 10'° points. models, we sampled 666312 random points from the
For LU factorization modeling, we randomly samplegdarameter space of LU (henceforth referred toI3s
the parameter space for a total of 9700 points (approjnd used the energy model developed Section IV-C to
imately 1 in every 8.5 million points). Of these 970Qyredict the energy usage for each varianLinThe total
points, we set aside the majority (65%) of the pointgne required to calculate these energy predictions on our
for model validation V). From the remaining 3400 nte| E5530 workstation is roughly 20 seconds, compared
points, we developed models using varying-sized trainiRg an estimated 42 days to run and measure all points
subsets. The models constructed using those trainifdz, For each matrix size i, we then empirically
datasets are validated against the point¥’in gathered energy usage data for the kernel variants whose
Figure 7 shows the absolute mean error percentaggdeled energy consumption fell in either extremity (the
and standard deviation of the error percentage on Hi§ nighest and 10 lowest for each of 8 matrix sizes).
y-axis and the training dataset size on the x-axis fQ{je call this set of 160 point&€. The average absolute
LU execution time models. We see a similar trend thafor percentage in energy prediction for points fin
we saw for MM. The error percentage flatlines after thg 7 gos compared to 3.9% (see Table II): this error
training dataset size of 1100 elements (i.e. adding MQtge s still sufficiently accurate to enable interesting
than 1100 data points in the training set does not add ng¥p|oration of the space. Further analysis of the modeled
information to the model). At 1100 training set size, thgs gpserved energy usage for the pointsfirrevealed

average error rate for execution time prediction is 4.5%gme interesting results. For instance, fogize=2100,
Table Il summarizes the training set size sensitivity

results. Figure 8 shows the modeled versus observetUsing the average of measured times (5.5s) for 8 B2° points.



the model found (and we empirically verified) a codthat maps performance counters and temperature to en-
variant that consumes 7.7% less energy than the lowesigy usage. Lively et. al. [16] also use hardware counters
energy point from the training dataset for thissize. to develop application-centric models for the runtime
Also, for msize=1900, the model found a code varianand power draw of the system. Rahman et. al. [18] use
that consumes 33% more energy than the highest-enemgydels based on hardware counters to estimate power
variant for thismsize in the training set. This shows thatdraw of chip multiprocessors and use that information
even though the models are developed using a smallguide the usage of various compiler optimizations.
number of measured points that have no guaranteeQiir models do not use hardware counters and are solely
encapsulating the range of nominal results that can based on compiler-level optimization parameters.
expected from target kernel, that it is reasonable toSeng et. al. [19] examine the effect of compiler
extend the models over that entire range. Search-basgtimization levels and a few specific compiler optimiza-
auto-tuners, for example, can utilize our models to leation flags on the energy usage of the Intel Pentium 4
the shape of the space and to make better decisiongincessor. Rather than relying on optimization flags, we
terms of where to start the navigation of the search spaoeercise a greater control over how different code trans-
and what regions to avoid. formation strategies are applied. Moreover, our technique
We also see various other use-cases for the modedsn model component-level power and energy usage.
presented in this paper. For example, if power draw is
a primary concern, one can build and query a model
for Component power draw. For examp|e’ for LU, we In this Work, we used artificial neural networks to
were able to find and empirically verify two parametepredict component-level power draw and energy usage
Conﬁgurations that were different in energy usage W certain HPC Computational kernels. For each of the
only 3%, but one configuration drew 20% less CPU arkgrnels, we showed that the number of points in the
DIMM power. training dataset is a very small fraction of the total
The models developed in this work also find appucglumber of points in the parameter space. This means that
bility in research based on exhaustive parameter sweds have to generate and evaluate a fairly small number
in order to learn some feature(s) of a target systeff. code variants to characterize the energy usage be-
Laurenzano et. al. [13] use the results of an exhaustiavior of kernels when subjected to various well-studied
set of benchmark runs to guide dynamic clock frequen@grametrized compiler-optimization strategies and can
selections. Our models could reduce the number of actdgnerate these models using hours of execution time
benchmark runs required to fill their benchmark resultgther than days, months or years (depending on the size
space, greatly reducing the overhead of filling this spa&the optimization parameter space). Once the networks

because most of it could be filled with modeled resultgre trained, they can be used to predict power draw
rate and energy usage of the CPUs and DIMMs for all

VI. RELATED WORK code variants in the parameter space. Using these small
Ipek et. al. [9] and Lee et. al. [15] use ANNSs to predidfaining sets, the maximum absolute error rate of the
execution time of HPC applications. Their models ugBodels averages 5.5% for power draw, execution time,
application-level input parameters (e.g. processor topgnd energy usage over three important HPC kernels.
ogy, input datasize) as predictors. Our work uses kernel-
specific compiler optimization parameters as inputs to

predict energy usage by system components. Our modeld NS Work was supported partly by the DOE Office of
can certainly be used in conjunction with the modeficience through the SciDAC award titled SUPER (Insti-

presented by Ipek et. al. and Lee et. al. to develop tyte for Sustained Performance, Energy and Resilience).
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