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Abstract—Approximate Computing (AxC) is systematically
applied across various abstraction levels to reduce overheads
and enhance the performance of applications such as image
processing and machine learning. However, AxC does not typi-
cally consider the specific workload (i.e., data input) of a given
application. For instance, in signal processing applications like
filters, some inputs are constants (filter coefficients), which allows
for an additional level of approximation by considering the spe-
cific input distribution. This method is known as “Input-Aware
Approximation” (IAA) and has shown potential advantages
in previous studies. Unfortunately, existing input-aware design
methodologies lack scalability as they mostly depend on ad-hoc,
non-automatic design approaches, limiting their applicability.
In this paper, we investigate how the input-aware approximate
design approach can be integrated into a systematic, generic, and
automatic design flow. We employ state-of-the-art approximation
and multi-objective optimization techniques to achieve input-
awareness. Our experimental results, focusing on classical signal
processing applications like FIR filters, demonstrate that the
input-aware approach can provide significant savings in both
area and power consumption.

Index Terms—Approximate Computing, Multi-objective Op-
timization, Approximate Arithmetic Circuits, Input-Aware Ap-
proximation, Energy Efficiency.

I. INTRODUCTION

A promising strategy for boosting computing efficiency is
Approximate Computing (AxC). This concept encompasses a
broad range of techniques that exploit the inherent resilience of
applications, leading to enhanced efficiency across all layers of
the computing stack. These layers range from basic transistor-
level design to software implementations. These techniques
can have diverse impacts on both hardware performance and
output quality.

The efficiency and performance of numerous time-
consuming and resource-intensive applications can be signif-
icantly enhanced by exploiting the AxC design paradigm, as
demonstrated in scientific literature [1]. AxC leverages various
sources of error resiliency in applications by systematically

trading off output quality for performance gains or resource
savings [2]. It has been successfully adopted in several fields,
including signal and image processing, big data analytics, and
machine learning, for both software and hardware applications.

Unlocking the full potential of AxC requires addressing
several challenges, all stemming from the necessity to consider
the target application. These challenges include: (I) identi-
fying portions of the application suitable for approximation,
(II) determining appropriate approximation techniques, (III)
choosing a relevant error metric for error assessment, and (IV)
selecting the approximate configurations that provide optimal
trade-offs between the introduced error and the resulting
benefits.

Regarding the design of arithmetic operators, a wide range
of scientific works employ either manual or automatic method-
ologies to create approximate components, primarily aiming
at hardware resource savings. Although these operators have
been successfully utilized in numerous applications, including
image processing [3], [4], machine learning, and artificial
intelligence [5], [6], customizing components to their specific
applications can unlock further approximation opportunities,
as recent studies have shown.

In fact, additional savings may be hindered when approxi-
mation flows prioritize generalization and multi-use. On the
other hand, exploiting the typical workload of a specific
application can lead to better results in terms of both error
and performance, through a finer-grained approximation of its
components.

Unfortunately, most of the input- and application-aware
design methodologies proposed in the literature lack scal-
ability, as they primarily rely on manual techniques. This
limitation restricts their applicability to small-to-medium-sized
applications and results may heavily depend on the designer’s
expertise. Furthermore, these methodologies often do not
incorporate error assessment at the component level, relying
instead on manual speculations about the probability of single
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input bits being either logic-1 or logic-0. Consequently, they
may lead to sub-optimal outcomes or, worse, components
that cause unacceptable quality degradation at the application
level [7].

In this paper, we introduce an input-aware design strategy
within a systematic, generic, and automatic approximate de-
sign flow. Instead of focusing on individual input bits, we
consider workloads at the component level as a set of n-bit
long input assignments, where n represents the number of
Primary Inputs (PIs) of the component in question. We define
component-level workloads by considering the frequency of
occurrence for component-level input values, allowing for
precise error assessment at the component level.

We utilize state-of-the-art approximation techniques and
Multi-objective Optimization Problem (MOP) with input and
application awareness. To evaluate our method, we target a
common application in signal processing: a Finite-Impulse
Response (FIR) filter. We compare our approach against
both manual input-aware and automatic non-input-aware ap-
proaches. The results empirically demonstrate that the input-
aware approach significantly outperforms the non-input-aware
approach, offering up to 20% additional savings in both area
and power consumption. Furthermore, the findings highlight
that manual methodologies may not achieve adequate results.

The remainder of this paper is structured as follows: Sec-
tion II discusses related works and relevant contributions from
the scientific literature, Section III discusses our automatic
input-aware methodology while Section IV presents the exper-
imental setup for the evaluation and comparison purposes, and
also discusses results. Finally, Section V draws conclusions.

II. RELATED WORKS

Contributions from the scientific literature on designing
approximate arithmetic circuits can be divided into two main
categories. A significant number of papers focus on manual
approaches and methodologies that explore the RTL scheme
of circuits or their architecture to introduce approximation [8]–
[12]. At the same time, considerable effort has been invested
in developing systematic and generic methodologies [13]–[15].
The most recent contributions within this latter category aim
to optimize both the error introduced by approximation and
the hardware resource requirements simultaneously [3], [16],
[17], yielding impressive results across various application
fields, including image processing and artificial intelligence
applications [4], [18], [19].

Nevertheless, although the aforementioned methodologies
have proven to be quite effective, they have been developed
without fully considering the final application. Specifically,
they do not take advantage of the potential for further approx-
imation that could be possible by relaxing error constraints,
which might only need to be met for a subset of the entire
input set.

In fact, the authors of [7] demonstrated that the workload
of a given application can be leveraged to achieve finer
granularity of approximation, resulting in better outcomes in
terms of silicon area requirements and energy efficiency, with
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Fig. 1: Overview of the automatic workflow.

minimal impact on application accuracy. However, approaches
like the one in [7] face scalability issues because they rely on
largely manual characterization techniques for workloads and
manual manipulations of circuits based on the probability of
individual input bits being either logic-1 or logic-0 to introduce
approximation.

From this perspective, we believe our proposal takes a
significant step forward. We demonstrate how the application-
aware design philosophy can be integrated with a generic
and automatic approximate design methodology, combining
state-of-the-art approximation and multi-objective optimiza-
tion techniques with input-awareness.

III. AUTOMATIC INPUT-AWARE APPROXIMATION

In this section, we discuss how state-of-the-art automatic
approximate design methodologies can be leveraged to de-
sign approximate arithmetic components tailored to their final
applications. Although we reference the approach from [3],
the method we discuss is not limited to a specific approxi-
mation technique. In our honest opinion, the effort required
to integrate application-awareness with other techniques is
negligible.

In Figure 1, we outline the overall process. Starting with
HDL source code describing the design under study, we initiate
with a phase of catalog-based AIG rewriting to generate a k-
LUT operator catalog. Next, to manage the exponential growth
of potential approximate configurations while maintaining
acceptable quality of results and reducing hardware require-
ments, we use the generated catalog in conjunction with input
characterization and the target application to conduct a multi-
objective optimization (MOP) based design space exploration
(DSE). This process yields non-dominated configurations (i.e.,
HDL source code of the approximate solutions), which can
then be synthesized.

Since the methodology is based on non-trivial local rewrit-
ing of And-Inverter Graphs (AIGs) and MOP, in the following
we provide the reader with essentials concerning these building
blocks. Then we discuss how workload-awareness can improve
the approximation flow.

A. Catalog-based AIG-Rewriting

An AIG serves as a structural representation for Boolean
networks, based on directed acyclic graphs. In an AIG, nodes
fall into two categories: PI nodes, lacking incoming edges and
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hence no driving node, and logic-AND nodes, possessing ex-
actly two incoming edges. Additionally, nodes lacking outgo-
ing edges, meaning they don’t drive any other node, are termed
Primary Outputs (POs). Edges in an AIG denote physical
connections between nodes and can be either complemented
or not. Conventionally, the polarity of complemented edges
is represented by ”0”. The AIG is considered non-canonical,
implying that multiple different AIGs can represent the same
Boolean function.

The method described in [3] utilizes the AIG representation
of digital circuits to introduce approximation, specifically
leveraging k-feasible cuts, or k-cuts.

A k-cut of a node n, referred to as the ”root,” is a set of at
most K nodes within the AIG such that every path from a PI
to n traverses at least one node from the set.

In summary, given the AIG of a combinational circuit, the
approach outlined in [3] begins by enumerating k-feasible cuts
and then introduces approximation by replacing k-cuts with
approximate ones. These approximate k-cuts are generated by
utilizing Exact Synthesiss (ESs). Given that f represents the
Boolean function implemented by a k-cut, ES seeks those
k-cuts that implement a function f ′ ̸= f requiring fewer
resources compared to f , while still satisfying error constraints
expressed in terms of the Hamming distance between f and
f ′.

The primary challenge lies in finding replacements that
result in Pareto-optimal trade-offs between the quality of
results and hardware requirements. This involves addressing
two major concerns: (I) the exponential growth in the number
of approximate configurations with the size of the involved
Boolean functions, and (II) the conflicting design goals of
preserving result quality while aiming for reduced hardware
requirements.

Addressing these issues typically involves utilizing MOP-
based Design Space Exploration (DSE), as commonly seen
in literature [4], [17]–[19]. Therefore, we approach the afore-
mentioned challenges by optimizing both the error, evaluated
using an appropriate metric, and the hardware requirements of
the resulting circuits, estimated based on the number of AIG
nodes.

B. Bringing input-awareness into the approximation flow

The application and its unique characteristics are crucial
in determining component-level workloads, and this can be
approached in two different ways.

The first method involves thoroughly profiling the target
application, documenting the values of every input at the com-
ponent level. For example, in a FIR filter, comprehensive pro-
filing would consider both operands of each arithmetic opera-
tion, such as the coefficients and signal samples. This approach
would generate a reference workload for error measurement at
the component level, closely tied to the specific application-
level workload used as a reference. However, this method
could result in significant quality degradation if the actual data
slightly deviates from the reference data during runtime. This

issue is particularly pronounced in machine learning appli-
cations. For instance, with a Deep Neural Network (DNN),
using a test dataset, or a portion of it, as a reference workload
during profiling might optimize components like multipliers
for that dataset. However, the deployed approximate DNN
might perform poorly due to reduced generalization.

Instead of fully profiling the target application as described
above, the second approach involves a deeper consideration
of the application’s peculiarities and characteristics during the
component-level workload definition. For example, only a sub-
set of the inputs at the component level may be profiled, while
the remaining inputs are randomly selected to enhance overall
robustness against slight changes in operating conditions. In
the case of a multiplier, we could profile just one of its inputs,
using random values from an appropriate set for the other input
during error assessment. Unfortunately, this simple approach
might lead to sub-optimal results and poor performance, as
it does not account for the probability distribution of input
values, which is unlikely to be uniform [7].

To address this challenge, we consider the occurrence
frequency of values for one of the inputs during profiling and
define the component-level workload based on this frequency,
as described in Equation (1). This workload is formed by the
union of (v, xv) pairs, which are generated as a Cartesian
product between the set {v}—containing a single profiled
input value from V , the set of profiled values for one of the
inputs—and vectors xv from Xv , a set of randomly selected
values that satisfy constraints (2).

W =
⋃
v∈V

{v} ×Xv (1)

x ̸= y ∀x, y ∈ Xv

|Xv| ∝ f(v) ∀v ∈ V

mv ≤ |Xv| ≤ Mv, ∀v ∈ V

(2)

In equation (2) elements from Xv are required to be unique,
therefore that (v, xv) ∈ W are unique. Also |Xv|, i.e., the size
of Xv , is proportional to the occurrence frequency f(v) for
each of the values v ∈ V , and |Xv| is bounded by mv and
Mv .

It is worth also noting that a different Xv set is conveniently
defined for each v ∈ V .

The goal of (1) and (2) is first, to obtain high coverage
for frequent input assignments while simultaneously guar-
anteeing minimum coverage for less-frequent assignments.
second, to restrict the size of the component-level workload
|W | =

∑
v∈V |Xv| ≤

∑
v∈V Mv , and hence to exploit the

potential further degree of approximation resulting from the
reduced number of input assignments on which application-
level error constraints apply.

In addition, we define the coverage for one single value
ρv (3) and the coverage of the dataset ρW (4) as metrics to
help the designer to select values appropriately for |Xv|, mv

and Mv .
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ρv =
|Xv|
|Bn|

=
1

2n
|Xv| (3)

ρw =
|W |
|B2n|

=
1

22n

∑
v∈V

|Xv| (4)

However, exploring the optimal degree of coverage w.r.t. (3)
and (4) is beyond the scope of this paper, since determining
an optimal value for these parameters require minimizing (4)
while maximizing (3), which are conflicting goals.

IV. EXPERIMENTAL RESULTS

In our experiments, we leverage on the FIR filter as case
study. The filter is defined in Equation (5) where xj is the jth

sample of the input signal, bi is the ith coefficient of the signal
and yn is the nth sample of the output signal. FIR filters are
one of the most common signal processing applications, and
furthermore, this case-study allows us to compare easily our
automatic input-aware method against that discussed in [20].

yn =

N∑
i=0

bi · xn−i (5)

The aim of this case-study is the design of a multiplier to
perform the bi · xn−i part of Equation (5), simultaneously
minimizing both the error due to approximation and hardware
requirements. The FIR filter we considered here have 500 Hz
cut-off frequency, 60 dB attenuation in the stop band, and use
fixed-point arithmetic. It is a low-pass filter that adopts the
Q1.7 fixed-point arithmetic.

1) Designing multipliers using the automatic input-aware
approach: According to the proposed automatic input-aware
approximation flow, suitable Q1.7 multipliers are designed by
locally assessing the error due to approximation. In this case,
for each of the mentioned multipliers, we applied the method-
ology discussed in Section III on Q1.7 multipliers, while
resorting to the Mean relative Error Distance (MRED) [21]
as error metric. Hardware requirements are always estimated
based on the number of AIG nodes, as in [3].

The reference dataset for both the filters have been gener-
ated according to (1) and (2). In particular, we profiled the
occurrence frequency of filter coefficients, randomly picking
the remaining input in the [-0.5, 0.5] range, according to (2).

2) Evaluation and comparison: After the DSE, To evaluate
the generated input-aware multipliers, we compared them to
those from [20]. To demonstrate the practicality of input
awareness, we conducted simulations once using all possible
inputs for an 8-bit signed multiplier and once with the coeffi-
cients of the FIR filter as described previously.

The error metrics considered were Error Probability,
MRED, and Absolute Worst-Case Error (AWCE) defined
in [21]. As can be seen in Figure 2, the general-purpose
approximate multipliers from [20] exhibit similar behavior
across both workloads (i.e., all possible inputs and the filter
coefficients), with differences arising mainly due to the lower
number of inputs. However, the input-aware multipliers, being
specifically generated for this application, may perform worse

with inputs other than those they are designed for. Nonetheless,
with the given coefficients, the average error probability of
the generated input-aware multipliers is 21%, the average
MRED is 0.027, and the average AWCE is 0.001, which are
significantly lower than those of the other multipliers. It is
also worth mentioning that multipliers 9 and 13 are completely
accurate with the given workload.

in order to evaluate our approach in terms of circuit charac-
teristics and application level accuracy, we assess the impact
of approximation by measuring the Peak Signal-to-Noise Ratio
(PSNR) between the output signals produced by the FIRs filter
with multipliers from [20] and our input-aware approximate
multipliers. Furthermore, we have simulated the multipliers
targeting the 45 nm standard cell library [22] to calculate delay,
area, and power consumption.

Figure 3 report results for the 8-bit FIR Filters where
red triangles denote results from our automatic input-aware
approach while the blue stars denotes the multipliers from
[20]

Among the multipliers from EvoApprox, such as the ac-
curate mul8s 1KV6, and our input-aware multipliers, which
operate accurately for specific inputs (multiplier numbers 9
and 13), the input-aware multipliers demonstrate advantages
in terms of reduced area, lower power consumption, and
increased speed. Even when comparing approximate multipli-
ers with the same PSNR in the FIR filter, the input-aware
multipliers exhibit greater efficiency in power consumption
and delay.

V. CONCLUSION

In this paper, we explored the integration of the input-
aware design philosophy into a systematic, generic, and au-
tomated approximate design flow. Specifically, we demon-
strated how component-level workloads can be automatically
derived from application-level workloads, enabling the design
of input-aware approximate components that minimize both
application-level error and hardware resource usage. This
process leverages state-of-the-art approximation techniques
and multi-objective optimization (MOP) while performing
component-level error assessments. To evaluate our method
and benchmark it against current methodologies, we focused
on a common signal processing application: FIR filters. Our
empirical results show that, given the specific workload the
circuit will handle, input-aware circuits generated by our
automatic method outperform those created by non-input-
aware approaches.
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