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Abstract
Much recent research is devoted to exploring tradeoffs be-
tween computational accuracy and energy efficiency at dif-
ferent levels of system stack. Approximation at the floating
point unit (FPU) allows saving energy by simply reducing
the number of computed floating point bits in return for
accuracy loss. Although, finding the most efficient floating
point implementation for various applications with minimal
effort is the main challenge.
To address this issue, we propose NEAT: a pin tool that

helps users automatically explore the accuracy-energy trade-
off space induced by various floating point implementations.
NEAT helps programmers explore the effects of approxima-
tions induced by using multiple floating point implemen-
tations to achieve the lowest energy consumption for an
accuracy constraint or vice versa. NEAT accepts one or more
user-defined floating point implementations and rules for
when to apply them. NEAT then replaces floating point opera-
tions with different implementations based on user-specified
rules during the runtime.

We evaluate NEAT by enforcing 24 different floating point
implementations with two sets of rules on two benchmarks.
We find that assigning different floating point implemen-
tations per function provides more efficiency than using a
single implementation for the whole application.

1 Introduction
Early work in approximate computing demonstrates the
tremendous energy and execution time reductions by mak-
ing a variety of functional units available [3, 4, 7, 8]. The
proliferation of different approximate functional units on a
single core creates tremendous opportunity, but it also cre-
ates a new problem. Specifically, how do programmers decide
which level of approximation to use at different points in
their application and navigate through this immense tradeoff
space enacted by allowing multiple approximations within a
single program? Just considering moderate-sized programs
with 10 functions and 20 different levels of approximation
(aka floating point implementation), we already have an in-
tractably large design space with 2010 points to explore.
This motivates us to propose NEAT—Navigating Energy

Approximation Tradeoffs—a tool that helps users explore
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different levels of approximation within a program. NEAT
accepts a user program, a set of approximate floating point
implementations, and a set of programmable rules for when
to use a specific implementation. NEAT then runs the pro-
gram and dynamically replaces floating point operations
(FLOPs) with the approximate version as specified by the
rules. NEAT outputs the program’s output and the number
of bits used. Thus, NEAT can be used as a tool to explore
the tradeoff space of FPU design without requiring deep
numerical expertise.

We implement NEAT for x86 using the Pin binary instru-
mentation system [13]. We demonstrate NEAT’s value by
comparing the approximations produced by two different
rule sets. In the first, we simply pick one FP implementation
for the entire program; i.e. the rule is a simple one-to-one
replacement (whole-Program rule). In the second, we allow
the top 10 executed functions with the most FLOPs to each
use a different FP implementation (per-Function rule). Next,
we employ a genetic algorithm to guide NEAT’s exploration
of the enormous resulting search space.Our results show that
the per-Function configurations uses less energy at the same
error rate than the whole-Program configurations.

In summary, this paper proposes:

• The NEAT framework that helps users explore the
design space of FPU combinations.
• A case study that compares whole-Program vs. per-
Function FPU configurations for two benchmarks.

2 Background & Motivation
While there has been a substantial amount of effort are aimed
towards finding new forms of approximation [1, 5, 9, 12, 14,
16], there is a lack of solutions that helps the user to specify
their own approximations for a single application. Approxi-
mation Knobs provide a way to lend performance and energy
gains to existing power knobs[11] . Quora is a quality pro-
grammable processor where the notion of quality is codified
in the instruction set of the processor [15]. Another example
of user-defined approximation is Green, which is a system
that allows programmers to supply approximate versions of
loops and while-blocks that terminate early [2].
While these techniques provide energy and runtime sav-

ings, but they do not help users make more informed deci-
sions about how to approximate and they are not flexible
about how much to approximate.
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Figure 1. NEAT Design

Recent proposals advocate putting many different approx-
imate FPUs on a single core [10] and have shown using a
different FPU for each function provides more energy effi-
ciency [7] but this requires tedious hand-tuning. Therefore
the challenge is how to figure out which FPU to use in each
part of the program.

An FPU approximation can be done by masking the man-
tissa bits in the IEEE floating point representation. Since
there are 23 mantissa bits in a single precision floating point
number, we can have 24 possible FPUs for this type. Even
if we consider a single FPU per function, for a moderate-
sized application with 10 functions, the FPU design space
becomes untractable. NEAT provides such a solution to find
the most efficient FP implementation for the whole program
or per-function.

3 System Design
The main purpose of NEAT is to allow users to replace FLOPs
with approximate implementation in the applications. Users
can specify multiple floating point implementations (by mod-
ifying operands or individual arithmetic operations) to as-
sign a single FP implementation to the whole program or an
individual function. NEAT then calculates each FLOP in a
program using the FP implementation dictated by the rules.
Figure 1 illustrates the NEAT structure. User inputs of

NEAT include: a user application to instrument, the desired
FP arithmetic implementations, and a set of FP rules to
choose which FP implementation to use for each operation.
Sets of rules are specified as C++ functions that accept the
program state as input and return a single FP implemen-
tation as output. Whenever a FLOP should be computed,
NEAT captures information about the current state of the
application and uses the rules to calculate the result of that
operation.
NEAT comes packaged with two predefined sets of FP

rules. The first set of rules uses the same FP implementation
for every FLOP in a program. The second set of FP rules
allows the user to specify a map of function names to FP
implementations and uses each of them for the FLOPs in the
corresponding function.
There are four outputs from NEAT: the output from the

user application, a trace of the operands and result of every
FLOP executed by the program, the total number of bits used
in FLOPs in the execution of the program, and the number
of FLOPs executed per function in the program.

(a) blackscholes (b) ferret
Figure 2.Whole-program vs. per-Function FP rules

NEAT calculates the number of bits used in the binary
representation of the floating point number, starting with the
least significant bit. This metric can be used as a platform-
independent way to evaluate the approximate amount of
power used by FLOPs when instrumenting a program.

4 Experimental Evaluation
We evaluate NEAT by exploring the design space of whole-
program and per-function FP rules on blackscholes and
ferret benchmarks. We used 24 different FP implementa-
tions by zeroing out a different number of bits in themantissa.
NEAT considers top 10 functions with the most FLOPs to
enforce the FP rules in the per-Function approach. Since
tradeoff space of per-Function approach is huge (2410 differ-
ent combinations), we use the NSGA-II genetic algorithm to
help us find Pareto-optimal points in this design space[6].

Figure 2 shows the lower convex hulls for each benchmark
and set of FP rules. The horizontal axis shows percent error
caused by approximation while the vertical axis represents
the floating point bits executed in the program normalized
to default FP implementation. We can estimate the energy
consumed by each floating point arithmetic operation as
the total number of bits manipulated by that operation. The
curves that are closer to the origin are considered more effi-
cient. For the same precent error, the per-Function rule uses
less FP bits than whole-Program approach. For example, at
the 5 and 10 % error for ferret, whole-Program rule uses
54.4% and 40.9% of total FP bits respectively while the per-
Function approach executes only 29.4% and 18.3%. These
graphs indicate that specifying the FP rules at a finer granu-
larity results in locating more efficient combinations of FP
implementations. In other words, per-Function FP rules use
less energy with the same error comparing to use a single
FP implementation for the whole application.

5 Conclusion
In this work, we proposed NEAT, a tool for automated explo-
ration of approximate FPU design. NEAT provides help to
programmers trying to explore the design space of combina-
tions of approximate FPU implementations. We performed a
case study with NEAT to collect data from two benchmarks
with whole-program and per-function FPU configurations.
We found that the per-function approach provides more effi-
cient combinations of FPU design comparing to single FPU
for the whole program.
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