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ABSTRACT
When a single objective, such as execution time, is available,
the autotuning search problem can be posed as a numerical
optimization problem. Increasingly, multiple metrics are of
interest simultaneously, such as execution time, energy con-
sumption, resilience to errors, power demands, and memory
footprint. When the relative weights or constraints on these
objectives are not known at search time, autotuning becomes
a multi-objective optimization problem. In this poster, we
provide formalism for multi-objective optimization studies of
broad applicability in autotuning, architecture design, and
other areas of HPC. We discuss some of the potential trade-
offs among multiple objectives, and provide empirical evi-
dence that such tradeoffs do exist in practice.

1. MULTI-OBJECTIVE OPTIMIZATION
Traditionally, the autotuning problem has been expressed
as a single-objective (execution time) minimization prob-
lem. Given current and projected changes in architecture
designs, however, this formulation of the problem is insuf-
ficient for a wide variety of emerging autotuning problems.
Execution time will be one among several, possibly compet-
ing, system-related metrics such as system resiliency and en-
ergy consumption that must be optimized. Ramping up the
speed of the processor to complete the application execution,
for example, can jeopardize system resiliency because the in-
crease in chip temperature can make it more vulnerable to
failures. Similarly, launching an application to utilize more
cores than its computational phases need, or can exploit,
wastes energy. Therefore, a multi-objective formulation of
the autotuning problem is needed.

We consider the multi-objective mathematical optimization
problem

min
x∈X

F (x) = [F1(x), . . . , Fp(x)], (1)

where p > 1 objectives are simultaneously minimized. We
assume that the n-dimensional decision space X ⊂ Rn is a fi-
nite collection of discrete points of size |X |, but this assump-

tion of a discrete and finite decision space can be relaxed.
We assume that each of the p objectives is bounded from
below but can take on the extended value “+∞” (e.g., corre-
sponding to an infeasible code transformation configuration
within the space X or a—ideally, reproducible—runtime fail-
ure) and that there is at least one point in the decision space
X at which all p objectives are finite.

2. PARETO OPTIMALITY

Figure 1: Illustration of Pareto fronts when mini-
mizing two objectives (fdtd kernel, input size 512,
Intel Xeon E5530). The points A, B, C, and D are non
dominated and hence belong to the Pareto front.

Figure 1 illustrates the case when the p = 2 objectives of
time, F1, and total power, F2, are simultaneously minimized.
The shaded area represents the region in F1×F2 space that
is dominated by the point C; all points in this region are
inferior to C in both objectives. The set of non dominated
points form the Pareto front F∗. If the objective F1 (F2)
is minimized in isolation, then we obtain the point A (B),
which necessarily belongs on the Pareto front. However,
not all points on the Pareto front necessarily correspond to
minimizers of a linear combination of the objectives (see,
e.g., D). Hence, the Pareto front contains significantly richer
information than one obtains from simple single-objective
formulations. For example, if one were to minimize time
subject to a constraint on power, F2(x) ≤ P , the Pareto
front provides the solution for all possible values of the cap
P .



Figure 2: Power, energy, and time for miniFE on BG/Q.

Because of the relationship between power and energy, we
have a simple relationship between the two objective spaces.
Mathematically, we prove that all points on the energy-time
Pareto front have a corresponding point on the power-time
Pareto front. Consequently, the number of non-dominated
points for energy-time is bounded by the number of non
dominated points for power-time. Furthermore, we establish
a necessary condition to observe such tradeoffs: the power
savings of a slower code variant must outpace the product
of idle power and the relative slow-down between the slower
and faster code variants.

3. TRADEOFF STUDIES
We performed empirical studies on three markedly different
platforms: Intel Xeon Phi’s Many Integrated Core (MIC) ar-
chitecture, the Intel Xeon E5530 architecture with clock fre-
quency scaling, and IBM’s BG/Q to demonstrate our frame-
work’s applicability to explore the tradeoffs on a large, multi
nodal scale.

In Figure 2, we show the tradeoffs in time, power, and en-
ergy obtained while running miniFE, a finite-element mini-
application on the BG/Q system. The results show that
there are tradeoffs between time to completion and both
power and energy. As expected, increasing the node count
decreases the time to completion but increases the power
draw. In addition to the workload power, the significant
increase in the power draw can be attributed to the fact
that each node board consumes an idle power of roughly
1500 W. The node count of 1024 uses 32 node boards, but
128 uses only 4 node boards. Concerning energy, the best
parameter configuration within each node count provides a
tradeoff between time to completion and energy consump-
tion. Within a given node count, however, the fastest code
variant consumes the least energy.

Figure 3 shows the Pareto fronts for each clock frequency
for component-level power draws of the fdtd4096 kernel on
the Intel Xeon E5530 system. When we analyze each of the
fronts for different clock frequencies in isolation, we see a
clear tradeoff between DIMM and CPU power draws for dif-
ferent code variants. We attribute this behavior intuitively
to the optimizations that impact data motion. Code vari-
ants that better utilize the caches can reduce the stress on
DIMMs by lowering the number of data transfers from the
main memory, thereby lowering the DIMM power. At the
same time, better cache utilization leads to less stalls and
more compute work for the CPU, thereby raising its power
demand. Such tradeoffs are of interest in studies for fu-

Figure 3: Pareto fronts (for each clock frequency) on
Intel Xeon E5530 for component-level power draws.

ture architectures where one may consider constraining CPU
draw (e.g., for thermal/fault considerations) and/or DIMM
draw (e.g., as a proxy for the effective memory footprint or
as a simulator of memory-starved systems).

4. CONCLUSIONS AND OUTLOOK
With a focus on time, power, and energy, we illustrate that
a multi-objective analysis provides richer insight than do
constrained and single-objective formulations. We also pro-
vide a significant empirical study, spanning a diverse set
of platforms, power measurement technologies, kernels, and
decision spaces. Our findings show that in some settings
objectives are strictly correlated and there is a single, ideal
decision point; in others, significant tradeoffs exist. We refer
the reader to [1] for a detailed exposition of this work. The
existence of these tradeoffs can motivate hardware designers
to expose a richer set of “knobs” (or configuration options)
to future administrators and software designers. This frame-
work and our analysis are sufficiently general and can be
easily extended to incorporate new hardware- and software-
based power and energy knobs as they become available.
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