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Summary

Approximate Computing (AxC) has emerged as a powerful paradigm for im-
proving computational efficiency by strategically introducing acceptable levels of
inaccuracy in computations, thereby reducing power consumption, execution time,
and hardware complexity. However, identifying optimal approximation configura-
tions requires navigating a high-dimensional design space, posing many method-
ological challenges. This thesis addresses these challenges through Design Space
Exploration (DSE) approaches aimed at enabling systematic application of AxC
techniques to computational systems.

Firstly, we introduce an Interval Arithmetic (IA)-based methodology tailored to
evaluate the impact of precision reduction in Spiking Neural Networks (SNNs). The
[A-based model provides an analytical estimate of how bit-width truncation errors
propagate through neuron computations, enabling the identification of acceptable
approximation levels with limited degradation in accuracy under the evaluated set-
tings. This approach enables faster exploration of precision-reduction strategies,
striving to reduce exploration time relative to exhaustive search methods in terms
of computational efficiency and speed. This method is further enhanced by inte-
grating "watchers," mechanisms that facilitate fine-grained, neuron-specific preci-
sion adjustments, aiming to limit memory usage and computational overhead while
maintaining the desired classification accuracy.

Secondly, we propose a Reinforcement Learning (RL)-based approach for ex-
ploring approximation opportunities in conventional CPU-based applications. Our
method automates the selective replacement of arithmetic operations with approx-
imate alternatives from a predefined operator library. The RL agent is utilized
to perform a DSE with the aim of finding a trade-off among multiple objectives,
including accuracy, power consumption, and execution time. This DSE goal is re-
alized by the RL agent, iteratively evaluating design choices and adapting based
on performance feedback. Experimental evaluations on representative benchmarks,
such as matrix multiplication and FIR filters, suggest that the RL methodology
can identify configurations that reduce power and computation time subject to the
imposed accuracy constraints.
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Collectively, these methodologies were proposed with the aim of providing prac-
tical solutions for systematically exploring approximation strategies across the stud-
ied computational domains. The contributions of this thesis can support the de-
ployment of AxC techniques and motivate future investigations in the design of
resource-efficient computing systems.
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Chapter 1

Introduction

1.1 Motivation and Context

The escalating volume of data managed by modern computing systems has
placed extreme demands on performance and energy resources. This trend ampli-
fies long-standing challenges such as the memory wall and dark-silicon constraints,
where data movement and thermal limits increasingly dominate system-level design
choices. Projections estimate that, within the next decade, data centers worldwide
will handle approximately fifty times more data, whereas the number of processors
will only increase by a factor of ten [8]. Consequently, simply scaling out compute
nodes or over-provisioning hardware becomes economically and energetically unsus-
tainable, motivating techniques that co-optimize accuracy with performance and
power. This clear mismatch between data growth and processor scaling highlights
the limitations of relying on over-provisioned infrastructures alone. In parallel, the
energy cost of moving bits across the memory hierarchy often exceeds the cost of
computation, so reducing precision and computation can yield outsized system-level
savings when aligned with application error tolerance. Alongside these concerns,
the energy consumption of Information and Communication Technology (ICT) de-
vices is on a path to nearly 21% of global electricity usage by 2030 [9]. These
projections necessitate architectural and algorithmic responses that treat energy as
a first-class constraint without compromising the essential quality of service (QoS).
Constraints on power and thermal management aggravated by the diminishing re-
turns of technology scaling underscore the urgency of alternative design paradigms
aimed at improving energy efficiency.

CMOS technology scaling has historically driven gains in performance by allow-
ing more transistors per chip and higher clock frequencies. However, post-Dennard
designs have decoupled frequency from voltage scaling, limiting further energy ef-
ficiency improvements through traditional scaling alone. Dennard (constant-field)
scaling holds that proportionally reducing MOSFET linear dimensions (1/k) to-
gether with supply and threshold voltages (1/k) preserves electric fields, reduces
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capacitance and delay (roughly 1/k), and keeps power density approximately con-
stant, enabling decades of frequency gains at similar chip power [10]. Although
such downscaling initially offered substantial benefits for computational speed and
energy efficiency, by the mid-2000s, continued reductions in transistor size encoun-
tered fundamental limitations, including leakage currents, restricted supply-voltage
and threshold scaling, device variability and reliability concerns, and increased
thermal dissipation. The immediate consequence was a post-Dennard era in which
further increases in frequency violate power/thermal envelopes and large fractions
of a chip must remain dark [11, 12]. At the same time, variability and reliabil-
ity concerns at advanced nodes complicate worst-case design, further incentivizing
application-aware relaxation of exactness. These practical limitations intensify in-
terest in innovative solutions that can deliver high computational throughput while
respecting stringent power budgets. Approximate Computing (AxC) has emerged
as a compelling response to these challenges, leveraging application-specific toler-
ance for small inaccuracies to reduce energy consumption and enhance performance.
Crucially, AxC shifts the optimization objective from exact bit-level accuracy to
meeting application-level accuracy constraints under given power, performance, and
area budgets. As diverse application domains, from mobile devices to large-scale
data centers, increasingly exhibit resilience to imprecise calculations, AxC meth-
ods are poised to fill the gap left by the stagnation of conventional scaling trends.
This motivates systematic methodologies to decide where approximation is permis-
sible, how much to approximate, and how to verify compliance with domain-specific
accuracy requirements.

In the present era, or more precisely the “Post-Moore” era, the historical ex-
ponential growth in transistor density (Moore’s law) and its effect on power and
performance have markedly slowed down; per-node frequency and energy gains
no longer arrive “for free.” Together with the breakdown of Dennard scaling, this
implies that continued performance or efficiency improvements cannot rely solely
on CMOS scaling any longer, motivating domain-specific accelerators and “More-
than-Moore” integration [13]. Beyond the economic and technological limitations
mentioned earlier, workload characteristics in contemporary systems have shifted
decisively toward sensing, perception, and learning pipelines (e.g., vision, audio,
sensor fusion, and data-driven inference). Inputs are intrinsically noisy (sensor
noise, compression artifacts, stochastic training), objectives are statistical (loss
minimization, confidence thresholds, top-k accuracy), and multiple outputs can
be equally acceptable from a user-experience or task-level standpoint. In such con-
texts, exactness at every bit is not always necessary at the application level, which
motivates treating accuracy as a first-class design parameter. In a post-Moore
setting, this view complements traditional levers such as voltage-frequency scaling
and parallelism: relaxing exactness within bounded, application-aware limits can
deliver disproportionately large energy/performance gains before accuracy begins
to drop sharply (a qualitative Pareto shape that many workloads exhibit). This

2



1.2 — Approximate Computing and its Foundations

motivation is reinforced by two facts: (i) the energy/time cost of moving and op-
erating on wide, precise data grows quickly with bit-width and memory distance
(register — cache — DRAM), and (ii) many task metrics and human perceptual
judgments tolerate bounded perturbations, especially when summarized at frame,
clip, or decision level. Viewed across the stack, this makes accuracy a tunable
“design knob” at multiple layers, number representation and operators at the cir-
cuit/architecture level, scheduling and skipping at the compiler /runtime level, and
precision /algorithm choices at the application level, as long as application-level ac-
curacy constraints are enforced. These observations naturally raise three questions:
(1) Where and when should approzimation be introduced? (2) Which mechanism
should realize it at a given layer (reduced precision, inexact operators, computa-
tion/memory skipping)? (3) How do we quantify and control end-to-end accuracy
while optimizing energy/performance? [14]

1.2 Approximate Computing and its Foundations

AxC embodies a strategy that selectively relaxes exact numerical correctness
in portions of hardware or software, so long as the overall user experience or
application-level outcome remains acceptable. This relaxation is governed by ex-
plicit accuracy budgets or constraints that bound the permissible deviation of out-
puts from a precise reference. Many of the workloads dominating current com-
putational activity, such as image filtering, video streaming, Machine Learning
(ML), and data analytics, are inherently error-resilient because small deviations
in intermediate computations often do not compromise usability [15, 16, 17]. Er-
ror resilience typically arises from redundancy, noise tolerance, and perceptual or
statistical objectives that aggregate local inaccuracies into globally acceptable out-
comes. For instance, slight inaccuracies in pixel intensities can pass unnoticed in
image processing applications, and rounding errors in iterative data-mining tasks
may not significantly affect final cluster structures. In safety- or mission-critical
settings, by contrast, the admissible error bounds must be substantially tighter
and accompanied by conservative validation. Similar resilience applies in certain
numerical solvers, recommendation systems, and Neural Networks (NNs), where
inputs are often already noisy and multiple “close enough” outputs can still be
valid [18, 19].

Studies on AxC have categorized approximate techniques at three primary ab-
straction levels: software-level, architecture-level, and hardware-level [20, 17]. This
taxonomy clarifies the levers available to designers and highlights opportunities for
cross-layer co-design. At the software level, approximations may be introduced by
skipping loop iterations or function calls [21, 22|, by reducing data precision [23, 24],
or by caching computations using memoization [25]. Compiler support and pro-
filing can further localize approximation to hot spots that have a limited impact

3
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on output quality. At the architecture level, dynamic strategies such as memory-
access skipping [26] or entire approximate Neural Processing Units (NPUs) can
be deployed [27], while specialized hardware-level approaches feature approximate
arithmetic units, Voltage Over Scaling (VOS) [28], or approximate memory. Hard-
ware techniques often deliver the most significant energy gains per operation, while
software and architectural approaches provide flexibility and portability across plat-
forms. These methods enable substantial gains in energy and performance by
exploiting the fact that many applications and end users do not require perfect
bit-level accuracy. The central challenge is to align the chosen technique with the
application error sensitivity and to provide guarantees that the system-level accu-
racy constraints remain satisfied.

In practice, introducing approximation requires a disciplined workflow for ac-
curacy assessment. This workflow can be organized into three stages that connect
device-level behavior to application-level accuracy:

1. component or operation error characterization, where computation units and
kernels are profiled using error metrics (e.g., Mean Error Distance (MED),
Mean Squared Error (MSE)) and error distributions (e.g., Probability Density
Functions (PDFs) for continuous errors, Probability Mass Functions (PMFs)
for discrete errors) to capture both magnitude and likelihood of error [29, 30].

2. error propagation, where local error is transferred through the computa-
tion using analytical models, interval and affine arithmetic for conservative

bounds, and accelerated emulation or simulation to keep evaluation time
tractable [30].

3. application-level evaluation, where the propagated error is checked against
task metrics (e.g., Peak Signal-to-Noise Ratio (PSNR), Structural Similar-
ity Index Measure (SSIM) for vision codecs, accuracy/precision/recall [1]
for classifiers, Mean Absolute Error (MAE), MSE, Root Mean Squared Er-
ror (RMSE) for numerical kernels) and against user-specified accuracy con-
straints [31, 30].

The key design challenge is that the prediction of the accuracy degradation must be
sufficiently conservative to be acceptable while still fast enough to enable large-scale
design space exploration. These metrics mentioned here are explained in detail
in Table 2.1 in Chapter 2, and their definition and usage are further explained
in [29, 31, 30].

Deep learning applications have become a major driver of AxC. Approximation
spans reduced-precision number formats, quantization-aware and mixed-precision
inference or training, structural pruning at weight, kernel, or tensor granularity,
and weight sharing or compression, which trade precision for gains in throughput,
memory footprint, and energy while preserving target accuracy and motivating
approximate accelerators and mixed-precision execution paths [17].

4
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Nevertheless, introducing deliberate imprecision entails critical design choices.
Designers must set acceptable error ranges, define validation procedures that re-
flect end-user utility, and localize approximation to computations where applying
approximation may yield the best energy/performance trade-offs possible, while
keeping accuracy degradation and eventually the output accuracy within accept-
able bounds. These decisions benefit from domain knowledge (e.g., perceptual
thresholds in vision) and tooling that accelerates evaluation without sacrificing
rigor. As objectives extend beyond a single target (e.g., accuracy versus energy/-
time), the resulting degrees of freedom make exploration in pursuit of suitable AxC
techniques nontrivial and directly motivate principled Design Space Exploration
(DSE). The next section details why designing approximate systems is complex
and which factors drive that complexity.

1.3 Complexity of Designing Approximate Sys-
tems

The pursuit of approximate solutions raises several challenges. First, approx-
imation effects are often non-linear and input-dependent, complicating efforts to
predict end-to-end behavior from local changes. One involves determining where
approximation yields the best energy or speed improvements without sacrificing
essential correctness. This typically requires sensitivity analysis to identify compu-
tations with low impact on task-level metrics. This determination often demands
insight into application semantics, an understanding of which code blocks are less
critical to output accuracy, or knowledge of data distributions that allow certain
arithmetic operations to be relaxed. Granularity also matters: coarse-grained ap-
proximation may leave savings on the table, while overly fine-grained decisions can
inflate exploration cost. Another challenge concerns the selection among a wide va-
riety of AxC techniques, each of which makes different trade-offs and alters specific
performance or power parameters. Technique interactions (e.g., reduced precision
with approximate multipliers) can produce emergent effects that are difficult to
estimate compositionally. Methods such as loop perforation, approximate memory
read /write, approximate functional units, or partial product perforation in multi-
pliers each carry different implications for final output accuracy [32, 33]. Hence,
designers need robust constraints and bounds that ensure accuracy constraints are
respected under representative workloads. Moreover, the effectiveness of an approx-
imation strategy is application-dependent, necessitating verification or modeling at
multiple abstraction levels. Validation should combine analytical bounds for con-
servatism with sampling-based or emulation-based checks for representativeness.

Evaluation itself poses a serious bottleneck because enumerating all possible
approximate versions of a design can be prohibitively expensive. The number of
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approximate configurations grows combinatorially with the number of sites, avail-
able operators, and precision choices [34, 35]. Exhaustive simulation can be done
for small circuit blocks like adders or multipliers [36], yet it becomes infeasible
for entire NNs or real-time systems. Scalable strategies must therefore prune the
space early and prioritize promising regions. Researchers have proposed a variety
of solutions: from domain-specific heuristics and Bayesian or ML-based error esti-
mators [37, 38], to partial verification that prunes low-value approximation paths
early on. Surrogate models and transfer learning can further reduce evaluation
cost by reusing knowledge across inputs or design variants. These sophisticated
strategies converge on the same goal of identifying a set of approximate configu-
rations that optimize power or performance while respecting user-defined accuracy
constraints. Ultimately, success hinges on combining fast accuracy prediction with
adaptive search to navigate the vast design space effectively.

Cross-layer interactions multiply the complexity of evaluating the effect of ap-
plying approximation. For example, approximation choices at the number repre-
sentation level can influence the design of computation units and the feasibility of
inexact operators; both, in turn, affect memory access and scheduling. When the
design space grows combinatorially, the DSE time and complexity increase, since
exploring all the possible choices for approximation becomes computationally in-
feasible within a reasonable time. Two considerations are therefore pivotal: (a)
fast, conservative accuracy models to prune the search space, and (b) adaptive
search that focuses effort on promising regions of the design space and localizes
approximation decisions.

1.4 Importance of Design Space Exploration

DSE has emerged as an essential approach for systematically analyzing and
comparing potential approximate configurations. Formulating the problem explic-
itly (e.g., as constrained or multi-objective optimization) enables methodical ex-
ploration with clear stopping criteria and guarantees. Traditional embedded and
high-level system design methodologies already rely on DSE to balance objectives
such as performance, power, and area [39, 40], and AxC extends these objectives
to include accuracy. Incorporating accuracy as a constraint or optimization objec-
tive yields richer Pareto surfaces that capture trade-offs unattainable with exact
designs alone. Omnce accuracy is introduced into the optimization problem, the
trade-off surfaces can become multi-dimensional: a single best solution rarely ex-
ists, and designers often seek a Pareto front of non-dominated configurations [41].
Decision-makers can then choose operating points that meet system-level budgets
or application-specific QoS targets. Each point along this frontier represents a
unique balance among energy consumption, performance metrics, area overhead,
and permitted error margins for accuracy. Thus, DSE provides both exploration
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efficiency and actionable design insights for approximate systems.

While applying AxC techniques to the design, the exploration problem magni-
fies further because each level of approximation can be applied independently or in
combination. This combinatorial growth necessitates search strategies that are both
sample-efficient and accuracy-aware. Software transformations such as loop perfo-
ration might be integrated with approximate multipliers or approximate memory
read /write operations, creating a combinatorial explosion of possibilities [42, 43].
In general, applying multiple approximations in different levels of abstraction can
increase the design space size [17]. Consequently, scalable DSE must integrate
surrogate accuracy models, early infeasibility detection, and adaptive sampling.

High-level modeling or partial evaluation can guide which approximations are
feasible. Such models act as filters to reject designs that are unlikely to satisfy
accuracy constraints, thereby saving evaluation time. Multi-objective optimiza-
tion algorithms, such as Genetic Algorithms (GAs), Non-dominated Sorted Ge-
netic Algorithm-II (NSGA-II), Reinforcement Learning (RL), or custom heuristics,
have been explored to navigate this vast space efficiently, as surveyed extensively
in [2]. Algorithm selection should reflect the structure of the design space (e.g.,
discreteness, non-convexity) and the availability of gradient information or surro-
gates. Several main classes of DSE strategies have been introduced in the literature,
each with distinct benefits. Evolutionary Algorithms (EAs), for example, work well
for hardware-level approximation when searching for Pareto-optimal circuit designs
under area, power, and accuracy constraints [44, 36]. They excel when objective
functions are black-box and highly non-linear. RL can systematically explore ap-
proximate software or hardware parameters, adjusting the level or placement of
the approximation in real time, as shown for Iris scanning [45] or Deep Neural
Network (DNN) quantization [46]. Policy-based exploration is particularly attrac-
tive when approximation decisions are sequential, local, and context-dependent.
Custom heuristic algorithms remain common in application-specific contexts, es-
pecially when domain knowledge can effectively prune large parts of the design
space [43, 33]. Hybrid approaches that combine domain heuristics with learning-
based search often achieve strong efficiency-accuracy trade-offs.

1.5 A Brief Look at State-of-the-Art Design Space
Exploration Approaches for Approximate Sys-

tems
While an in-depth discussion of existing DSE methods for AxC is reserved for

the background chapter (cf. Chapter 2), it is worth outlining several key themes
that emerge from a high-level look at current literature [2]. A recurring theme is
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the need for fast accuracy prediction to keep exploration tractable without sacri-
ficing conservatism. Many studies adopt custom exploration algorithms combining
domain-specific heuristics with partial evaluations, especially when the applica-
tion domains include image or signal processing. Such tailoring leverages applica-
tion structure (e.g., spatial locality in images) to accelerate screening of candidate
designs. A comparable fraction of works leverages EAs (such as GA or NSGA-
IT), particularly in the context of Field-Programmable Gate Arrays (FPGAs) or
Application-Specific Integrated Circuits (ASICs). Evolutionary methods are well-
suited to discrete operator choices and architectural variants. Additionally, RL
strategies are increasingly popular, albeit typically aligned with specific application
classes like NNs or dynamically reconfigurable systems. Here, the environment’s
reward function encodes accuracy and resource objectives, guiding policies toward
feasible approximations.

Another recurring pattern in approximate designs involves employing multiple
approximation strategies. Cross-layer co-optimization can unlock additive or even
synergistic savings, but complicates correctness reasoning. For instance, hardware-
level optimizations such as partial product perforation in multipliers may be com-
bined with software-level loop perforation, thereby expanding the DSE problem into
multiple dimensions. Therefore, mechanisms for constraint enforcement and run-
time monitoring become increasingly important. Meanwhile, the prevalent bench-
marks vary in their tolerance for approximation errors. Image-focused tasks usually
rely on metrics like PSNR, SSIM, or Mean Pixel Difference (MPD) [1, 6], whereas
scientific or ML applications impose tighter bounds on accuracy, frequently mea-
sured via MSE, MAE, or classification accuracy. Metric choice directly shapes
the Pareto frontier and must reflect end-user utility and domain semantics. These
examples underscore how the pursuit of optimal approximate designs can differ
dramatically based on the metric used to quantify acceptable error and use case
domain [2]. Collectively, these observations motivate the two complementary lines
of inquiry pursued in this thesis.

Nevertheless, two challenges persist in efforts to propose a suitable DSE ap-
proach for approximate systems: One challenging decision is about the cost of
evaluation, as accuracy assessment may increase the application execution time,
especially when simulation is preferred to analysis. On the other hand, automat-
ing locality becomes a challenge when the DSE is performed to pinpoint where
the approximation should be applied at fine granularity [17]. The two methods
advanced in this thesis directly target these axes: Interval Arithmetic (IA)-based
modeling to obtain fast, conservative bounds in Spiking Neural Networks (SNNs),
and RIL-based exploration to automate per-operator/per-variable approximation
under explicit accuracy constraints.
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1.6 Objectives and Contributions

The work in this thesis builds on the broad context established by prior DSE
research for AxC, aiming to simplify the identification and adoption of approxi-
mation strategies under multi-objective constraints (e.g., performance, area, and
accuracy). The unifying goal is to reduce evaluation cost while preserving conser-
vative guarantees on application-level correctness. The primary objectives include
improving the modeling of approximation-induced errors in complex workloads and
automating the selection of approximate operators or parameter settings across the
software-hardware boundary. Accordingly, the thesis develops methods that are
both analysis-driven (for bounds under the considered model) and learning-driven
(for scalable search in the studied spaces). The research follows two main thrusts:
the first explores the use of IA to predict how precision scaling affects application-
level outputs in SNNs, while the second employs ML in particular, RL for a multi-
objective DSE that adaptively balances accuracy and resource usage. These thrusts
are complementary: interval-based prediction prunes infeasible designs early, while
reinforcement learning automates localized choices among many approximation op-
tions. Through these contributions, the thesis aligns with the broader vision of
creating more energy-efficient, high-performance architectures suited to modern
data-driven workloads. The resulting frameworks are designed to be modular, fa-
cilitating adaptation to application domains with explicit accuracy constraints.

Research Questions

Guided by the gaps and tool requirements discussed in the literature, this thesis
addresses the following questions.

1. Is it possible to design a fast, conservative error estimation method that
enables exploration of precision reduction in complex designs such as SNNs
without exhaustive simulation?

2. Is it possible to automate localized approximation decisions to simultaneously
improve power and execution time while keeping the accuracy degradation
within application-level accuracy constraints?

These questions target the dual bottlenecks of accuracy evaluation cost and
fine-grained decision automation in large design spaces.

Thesis Contributions

To answer these questions, the research contributions are:

o An TA based approach to estimate the effect of applying precision scaling on
the output accuracy of an SNN, while further improving the approach to use
a mechanism to fine-tune the precision of all network weights.

9
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o« An RL based DSE approach that aims to find which arithmetic operators
can be approximated by selecting from a range of possible approximate op-
erators with the goal of optimizing power and ezxecution time under accuracy
constraints.

Together, these contributions show that, in the studied settings, conservative,
analysis-guided pruning and adaptive, policy-driven exploration can be integrated
to support the identification of non-dominated (Pareto) trade-offs under explicit
accuracy budgets.

1.7 Structure of the Thesis

This introduction has situated AxC within the wider landscape of performance
and power challenges in contemporary systems, discussing how the diminishing
returns of CMOS scaling, coupled with growing data demands, have prompted
considerable interest in approximation-based methods. It has also articulated why
accuracy should be treated as a tunable design parameter that is constrained but
not fixed by application semantics. Chapter 2 provides a deeper examination of
AxC classifications and reviews different AxC strategies and error metrics, drawing
on the extensive body of literature and the survey of DSE methodologies. This
chapter consolidates terminology, metrics, and problem formulations used through-
out the thesis to ensure consistency. Chapter 3 then focuses on IA approaches for
predicting approximation effects, particularly within SNNs, where local truncation
or bit-width scaling can yield substantial power savings without catastrophic ac-
curacy loss. The chapter emphasizes bounds tightness, scalability, and integration
with exploration workflows. Chapter 4 presents a RL-based DSE framework that
provides the means for multi-objective exploration of a design space comprised of
approximate designs, automating the selection of approximate arithmetic operators
under user-defined accuracy constraints. It details state representations, reward
shaping, constraint handling, and convergence considerations relevant to practical
deployment. Finally, Chapter 5 summarizes the main outcomes, highlights the
trade-offs uncovered, and suggests opportunities for future work, including broader
cross-level approximations, integration with emerging hardware paradigms, and re-
finements to DSE search strategies for large-scale approximate designs. The thesis
concludes with a discussion of generalization, limitations, and potential extensions
toward runtime-adaptive approximation and cross-layer co-optimization.

10



Chapter 2
Background and Related Work

2.1 Setting the Scene

AxC represents an emerging paradigm enabling the development of signifi-
cantly energy-efficient computing systems, including diverse hardware accelerators
designed for tasks like image filtering, video processing, and data mining. This
approach leverages the inherent error resilience of many applications, allowing for a
trade-off between accuracy and energy efficiency [42]. This trade-off can be accom-
plished through various means, spanning from transistor-level design to software
implementations, each with distinct effects on hardware integrity and output qual-
ity.

The following subsections provide an overview of how different AxC techniques
can be classified, followed by a description of the DSE paradigm.

2.1.1 Classification of approximate Computing Techniques

AxC techniques can be classified into three groups based on their implementa-
tion level: software, architecture, and hardware, with specific techniques applicable
at multiple levels, as shown in Figure 2.1. For instance, memory read approxima-
tion can be achieved through pure software approaches or within memory control
units. While Figure 2.1 highlights some commonly utilized approximation methods
from the existing literature, it is essential to note that there exist numerous ways
to approximate an application, and the precise definition of what constitutes an
approximation is a subject of debate [20, 17].

11
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Figure 2.1: A classification of the AxC techniques [2].

Software-Level AxC Techniques

The loop-perforation technique serves as a notable example of software approx-
imation, enabling the generation of valuable outcomes without executing every
iteration of an iterative code [21]. Similarly, function-skipping involves bypassing
specific code blocks during runtime based on predefined conditions [47, 22, 48].

Memoization is a technique that optimizes performance and conserves energy
by storing previously computed values for specific inputs. When the same input
is re-encountered later, the stored value is reused, eliminating the need for redun-
dant computation. This trade-off between computation and memory use enhances
efficiency and reduces resource consumption [25].

Read/write memory approximation targets data loaded from or written to mem-
ory, as well as the memory access operations themselves. This method, commonly
applied in video and image processing applications, relaxes accuracy requirements
to minimize memory operations [49, 50, 51].

Functional approximation focuses on identifying components within algorithms
that have a minimal impact on final accuracy. Energy consumption can be reduced
by approximating these less critical components, leading to improved execution
time performance [52, 15].

Another software approximation method involves reducing the bit width used for
data representation, primarily impacting the memory footprint of the application.
While reducing data precision can also affect the execution time and performance
of the software, its impact relies on the hardware implementation of operations uti-
lized by the application [23, 24]. Here, one commonly used form of precision scaling
is often referred to as bit truncation (or fixed-point quantization). In this approach,
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a floating-point (or higher-precision) value is converted into a more compact fixed-
point format, and several of the least significant bits are deliberately truncated.
Truncating k fractional bits effectively limits the numeric resolution, yielding an
approximate value v — ¢, where € is bounded by the magnitude of those trun-
cated bits. This can substantially reduce energy consumption and execution time,
especially on resource-constrained devices, as long as the resulting error remains
tolerable for the application at hand. Chapter 3 demonstrates how bit truncation
can be used in a SNN framework, using IA to provide a fast prediction and manage
the errors introduced by precision reduction. In this work, the applied precision re-
duction is fixed-point truncation of fractional bits. Truncation while dropping the k
least-significant fractional bits, yields a one-sided, bounded error that is convenient
for conservative analysis. In comparison, round-to-nearest quantization produces
symmetric errors with different bounds. Truncation is adopted in this work specif-
ically because its bounds integrate cleanly with the IA error-propagation model
used to predict SNN accuracy under reduced precision (see Chapter 3).

Architectural-Level AxC Techniques

Architectural-level AxC techniques introduce bounded inaccuracy by reconfig-
uring how computations and data are scheduled and managed at the microarchi-
tecture/system level (e.g., memory hierarchies, on-chip interconnects, execution
scheduling, and accelerator interfaces) while typically preserving the Instruction
Set Architecture (ISA) and without necessarily redesigning primitive computation
circuits. Instead of altering computation units at the circuit level or modifying
algorithms at the code source level, these methods redirect tasks onto approximate
execution paths, bypass or coalesce memory accesses, modulate precision in accel-
erator kernels, or relax cache management policies (e.g., replacement or prefetch
aggressiveness), all under compile-time/runtime control that maintains target ac-
curacy constraints.

For instance, NNs can learn the behavior of a standard function implementation
by analyzing how it responds to various inputs. Through software-hardware co-
design, traditional code can be transformed into NNs with lower output accuracy
but enhanced execution time and performance [53].

Memory access skipping combines memoization and function-skipping tech-
niques to omit uncritical memory accesses without significant accuracy loss. Ap-
proximate NNs leverage this approach to skip reading entire weight matrix rows

for non-critical neurons, reducing energy consumption and improving performance
[26].
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Circuit and Hardware-Level AxC Techniques

Voltage-scaling techniques reduce energy consumption in digital circuits by ad-
justing the supply voltage at the circuit level. This adjustment directly impacts
computation timing and power efficiency, exploiting the inherent error resilience of
applications to achieve significant energy savings while maintaining acceptable per-
formance levels [28]. Dynamic Voltage Scaling (DVS) adjusts the supply voltage to
decrease power dissipation while maintaining computational accuracy within safe
operational limits, balancing power savings against performance degradation [54].
Dynamic Voltage and Frequency Scaling (DVFES) extends this concept by simul-
taneously adjusting both the voltage and the operating frequency, providing finer
control over power and performance trade-offs [28]. In contrast, VOS aggressively
reduces the supply voltage beyond nominal levels, intentionally allowing timing vi-
olations that can introduce errors in computations [55, 56]. While DVS and DVFS
ensure accurate results within controlled performance constraints, VOS prioritizes
further energy savings by permitting computational inaccuracies, making it suitable
for scenarios where approximate results are acceptable.

Hardware-based approximation techniques often employ alternative implemen-
tations of arithmetic operators. For instance, variable approximation modes on
operators represent one such approach. Hardware approximation also finds appli-
cation in the image processing domain through approximate compressors [20, 17].

Inexact hardware can provide approximation at the hardware level, with numer-
ous examples from the literature of AxC circuits designed to balance performance
and accuracy. Adders, multipliers, and dividers significantly influence performance
and energy efficiency across various computing tasks since they are the most fre-
quent and vital computational components within a processor. Pursuing enhanced
speed, power efficiency, and error resilience in numerous applications such as mul-
timedia processing, recognition systems, and data analytics has propelled the ad-
vancement of AxC design [11].

While AxC units can be custom-designed, there also exist curated operator li-
braries that provide ready-to-use implementations of inexact adders, multipliers,
and other circuits. These libraries, such as EvoApproxLib [4, 5], catalog multi-
ple variants of approximate operators that differ in terms of latency, power con-
sumption, and accuracy levels (often measured by Mean Relative Error Distance
(MRED), MED, or MSE). The ability to choose from a range of approximate op-
erators allows designers to explore the trade-off between performance, power, and
output error in various application domains, including ASICs, FPGAs, or even
software emulation on Central Processing Units (CPUs). As shown in Chapter 4,
leveraging such libraries within a DSE process (e.g., guided by RL) enables auto-
mated selection of the suitable approximate adders and multipliers under specific
accuracy constraints. In practice, operator substitution in this thesis is realized at
the software level by instrumenting CPU code so that additions and multiplications
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on selected variables call approximate kernels from a characterized library (EvoAp-
proxLib) instead of precise operators. Each library variant is identified by its bit
width and exhibits a measured accuracy profile, along with implementation proxies
for power and delay; these figures guide the DSE. Beyond choosing the adder /multi-
plier variant, we also employ per-variable approzimation masks (i.e., only variables
flagged by the exploration are computed via approximate operators), which enables
heterogeneous, fine-grained application of hardware-level approximation within a
single program (see Chapter 4).

The aforementioned AxC techniques are a few examples of the many approxima-
tion techniques implemented at various abstraction levels. Due to this complexity,
the challenges mentioned earlier need to be addressed, and DSE is a widely adopted
strategy for addressing such challenges.

2.1.2 Precision Metrics

Various precision metrics have been proposed to describe and evaluate the ef-
fectiveness of AxC techniques and methodologies, as detailed in Table 2.1.

Error Distance (ED) and Error Probability (EP) are basic error metrics used
for measuring accuracy degradation while applying AxC techniques. ED is the
distance between the correct output and the approximate output of a circuit for
each " scenario, and EP is the probability of having a wrong answer, which is
calculated by the number of wrong answers over the number of all input scenarios.
These metrics are formulated in Equations (2.1) and (2.2), respectively [2].

ED =04 — 0% (2.1)

1 & (i) (i)
EP = N ; 1{ OA.Z‘C # OAcc } . (22)

where N is the number of possible scenarios, ijic and O,(qi;)vc are the accurate
and approximate outputs of the i scenario, respectively.

MED is the average of all the error distances, which is calculated as shown in
Equation (2.3).

1 N 7 7
MED = 3" 0fc — O%| (2:3)

i=1

MRED is the average of error distances relative to the correct answers, formu-
lated in Equation (2.4).
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Table 2.1: Precision metrics in AxC [1, 2].

Metric Description Application Domain
ER Error Rate—FErroneous
results per total results
EP Error Probability—
Probability — of  error
occurrence
MED/MRED Mean (Relative) Error
Distance General Computing
NMED/NMRED Normalized Mean (Rela-
tive) Error Distance
Maz ED/RED Maximum (Relative) Er-
ror Distance
PED/PRED Probability of (Relative)
Error Distance > X
MSE Mean Squared Error
RMSE Root Mean Squared Er-
ror
HD Hamming Distance
BER Bit Error Ratio—DBit er-
rors per total received Digital S}{stems,
bits rl.‘elecommumca—
PER Packet Error Ratio— toDS
Incorrect packets per
total received packets
PSNR Peak Signal-to-Noise )
Ratio—Quality measure- Irpage ProceSS}ng,
. Video Processing,
ment between images o
SSIM Structural  Similarity— Computer Vision
Quality measurement
between images
MPD Mean Pixel Difference

Classif. Accuracy
Precision

Recall

Correct classifications
per total classifications
Relevant instances per
total retrieved instances
Relevant instances per
total relevant instances

Pattern
tion,
Information Re-
trieval,

Machine Learning

Recogni-
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Note. For samples with OXZC = 0, the output is excluded from the average, or a
small € in the denominator can be used; alternatively, NM RE D avoids this issue
by normalizing with respect to full-scale.

N O(i) . O(i) N O(i) . O(i)
NMED = jifz ‘ AzxC Acc NMRED — i Z ’ AxC Acc)
, €

i=1 R ’ NS max(‘OX()ZC
where R is the full-scale value (e.g., 255 for 8-bit), and ¢ is a small constant.
Absolute Worst-Case Error (AWCE) is the largest error distance that can occur,
as shown in Equation (2.6).

(2.5)

AWCE = max [0, = O%L (2.6)

MSE is the average of the squares of the errors between the approximate values

and the accurate values, formulated in Equation (2.7).
R PN ENCRY:
MSE = N Zl (OACEC OACC) (27)

Hamming Distance (HD) measures the difference between two strings of equal
length. It is defined as the number of positions at which the corresponding sym-
bols differ. For instance, the binary strings "1011101" and "1001001" differ in two
positions [2].

Error Rate (ER) quantifies the number of erroneous results over the total num-
ber of results, as in Equation (2.8), where N, is the number of erroneous results
and N, is the total number of results.

Nerr
Ntot
Bit Error Ratio (BER) is calculated by dividing the number of bit errors by the

total number of bits transferred during a given time interval, as in Equation (2.9).
BER is crucial for evaluating data transmission accuracy in communication systems.

ER =

(2.8)

(2.9)

PSNR evaluates the quality of reconstructed images or videos, measuring the
ratio between the maximum possible signal power and the power of corrupting noise
in decibels (dB). Higher PSNR values correspond to better quality. Equation (2.10)
formulates PSNR, where R is the maximum possible pixel value (e.g., 255 for 8-
bit images), and MSE corresponds to the MSE between the original and distorted
images.
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2

Vi)

SSIM measures perceptual similarity by comparing structural information, lu-
minance, and contrast between an image and a reference image. Unlike PSNR, it
focuses on how humans perceive image quality. SSIM ranges from —1 to 1, with
1 indicating perfect similarity, and is defined in Equation (2.11), where z and y
represent the two images being compared, p, and p, are their mean pixel values,
ag and 05 their variances, and o, is their covariance. In addition, C and C, are
two small constants introduced to stabilize the division in case the denominators
are close to zero. They are typically defined as C; = (K - R)? and Cy = (K5 - R)?,
where R is the dynamic range of the pixel values (e.g., 255 for 8-bit grayscale im-
ages), and K, and K, are small positive scalar values (commonly set to K7 = 0.01
and Ky = 0.03).

(2patty + C1) (204, + Co)

SSIM(z, y) =
(z,9) G2+ 12+ C) (02 + 02 + Cy)

(2.11)

MPD is a simpler measure of how similar two images are, defined by the average
absolute difference in their pixel values, as shown in Equation (2.12).
1 N
MPD = —
N2

=1

P —Qi

(2.12)

Here, N denotes the number of pixels (or samples) in the images.

In binary classification tasks, a confusion matrix composed of True Positives
(TPs), True Negatives (TNs), False Positives (FPs), and False Negatives (FNs) cap-
tures model performance [57]. From this, classification accuracy (Equation (2.13)),
recall (Equation (2.14)), false positive rate (Equation (2.15)), and precision (Equa-
tion (2.16)) are commonly derived [2].

Classification Accuracy = TP + $§ —:_ ?I:’I TEN (2.13)
Recall = TPT—fFN (2.14)
FP
FPR = P L TN (2.15)
Precision = TPT+PFP (2.16)
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2.1.3 Design Space Exploration

DSE is a systematic process of analyzing and evaluating various design alter-
natives to find optimal solutions that meet specific requirements and constraints.
In the context of embedded system design and AxC, DSE can be defined as sys-
tematically evaluating and analyzing multiple design alternatives to balance per-
formance, power consumption, and accuracy trade-offs. The goal is to identify the
best approximate versions of an application or circuit that offer significant gains
in efficiency (power, performance, area) while preserving acceptable output quality
for the target application [58, 6.

Designing modern embedded computer systems presents numerous challenges,
as these systems typically must meet strict and often conflicting design criteria.
Devices intended for mass production and battery-powered or passive-cooling en-
vironments demand cost-effectiveness and energy efficiency, while safety-critical
applications in avionics or space technology require high dependability. Addition-
ally, many systems must support multiple applications and standards, operate in
real-time, and accommodate future updates and extensions, all within tight power
and performance constraints [59].

Consequently, heterogeneous Multi-Processor System-on-Chips (MPSoCs) have
become increasingly common, comprising programmable cores and dedicated hard-
ware blocks. System-level design methodologies have emerged to tackle the com-
plexity of such designs by elevating the level of abstraction and relying on high-level
system modeling and simulation [40, 60, 61].

Early DSE can help developers explore decisions such as the number and types
of processors, the interconnection network, and the mapping of application tasks to
processor cores [62, 39]. Yet, the size of the design space increases with the number
of tasks and processing elements, often rendering the problem NP-hard [63]. This
challenge intensifies when AxC is introduced, since multiple AxC techniques can
be applied simultaneously, necessitating an evaluation of each combination’s effect
on accuracy, performance, and power consumption.

DSE approaches can be broadly categorized as single-objective or multi-objective,
where multi-objective DSE attempts to optimize multiple, potentially conflicting
goals (e.g., performance, power, area, reliability) simultaneously, typically resulting
in a Pareto-optimal set of trade-offs [39, 41]. Practical DSE processes often com-
bine heuristic or modeling-based methods to prune vast design spaces. Exhaustive
evaluation of all approximate configurations [64, 65| can be infeasible, leading some
researchers to develop faster approximation models [37, 66] to assess error impacts.
Despite the inherent complexity, DSE remains a pivotal strategy for systematically
harnessing the benefits of AxC.
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2.2 Related Works

This section provides an overview and comparison of the proposed DSE ap-
proaches in the literature for applying AxC techniques to programs or hardware
designs. Though many different search algorithms have been proposed to explore
the vast design space of approximate programs or hardware designs, two categories
of algorithms are commonly leveraged: ML algorithms and EAs. ML approaches
often rely on data-driven methods to predict and explore optimal design configu-
rations, while EAs use bio-inspired strategies such as GAs to navigate the design
space [2].

Table A.1 provides information about the research works that took an ML
approach to perform the DSE, while Table A.2 includes information about the
research works that leveraged EAs to perform the DSE. All the remaining research
works that perform DSE using other heuristic algorithms or combining different
optimization algorithms are listed in Table A.3. While Tables A.1-A.4 offer an
overview that allows comparison among different studies based on the employed
search algorithm, target hardware, and use case domain, Tables A.5—A.8 provide
an overview of the same sets of studies, but arranged by the AxC techniques applied
in each study.

2.2.1 Design Space Exploration Using Machine Learning
Algorithms

As reported in Table A.1, the most popular ML algorithm is RL [45, 67, 46, 6],
although authors in [68, 69] use Multi-objective Bayesian Optimization (MBO) and
modified Monte Carlo Tree Search (MCTS), respectively, and authors in [38, 32]
mention general ML-based search algorithms. While target hardware in these stud-
ies varies from FPGAs and ASICs to general-purpose CPUs, the use-case domain
generally involves image and signal processing benchmarks, ranging from traditional
image processing to NNs for image classification. Table A.5 indicates that replacing
exact adders and multipliers with approximate counterparts is the most common
hardware-level approximation investigated [68, 38, 69, 32, 6], although software-
level AxC is also explored. In [45, 68], algorithm parameters are reduced (e.g.,
loop iterations, input sizes) to save computation time or memory at the expense of
accuracy. Similarly, [67] applies loop perforation and changes data structures. In
[46], an ML search refines quantization levels in DNNs to find accuracy/efficiency
trade-offs [2].

Prior solutions such as RL-driven DSE for layer/parameter selection or quantiza-
tion tuning for DNNs [45, 46], data-driven search for approximate operators [38; 32],
and model-based optimization or tree search [68, 69] demonstrate that ML-based
search algorithms can guide DSE for approximation use cases efficiently. However,
most of the proposed DSE methods either (i) optimize a single dominant objective
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(e.g., accuracy or energy) or (ii) restrict the abstraction level (e.g., only quantiza-
tion), making scalability to multi-objective, cross-abstraction exploration difficult.
In this thesis, the goal was to propose a multi-objective, scalable RL-based DSE
that jointly optimizes power and execution time under explicit accuracy constraints
while operating over approximate operator substitutions drawn from characterized
libraries (see Chapter 4).

2.2.2 Design Space Exploration Using Evolutionary Algo-
rithms

Table A.2 lists research efforts employing EAs for DSE. Most studies use GA
or NSGA-II. An Evolutionary Strategy (ES) algorithm appears in [70]. The cho-
sen hardware targets generally include FPGAs, ASICs, or Graphics Processing
Units (GPUs), often for image- or video-processing tasks. Table A.6 shows that
hardware-level approximation (e.g., approximate adders/multipliers) predominates.
Some studies alter software-level instructions, as in [71], where different domains
(scientific computing, 3D rendering, and image processing) are explored by modi-
fying static program instructions. In [72], authors emulate approximate multipliers
in Convolutional Neural Networks (CNNs) layers to achieve quantization-aware
training and dynamic DSE [2].

EA-based approaches [71, 72, 70] effectively handle multi-objective trade-offs
on ASIC/FPGA/GPU targets, but typically incur high evaluation costs and re-
quire extensive parameter tuning, limiting scalability on very large design spaces
and mixed hardware/software settings. While EA-based methods are effective,
their population-pruning approach can make scalability challenging when the de-
sign space explodes: keeping populations tractable typically requires aggressive
(and stochastic) selection and pruning, which can prematurely discard high-quality
regions or introduce high evaluation variance as the space grows. In contrast,
ML-based methods, especially RL-based methods, learn a reusable policy that
amortizes exploration across states and can reduce the instances of repeatedly
evaluating dominated regions, thereby reducing search overhead while preserving
multi-objective trade-offs. Hence, in this thesis, an RL-based search algorithm was
selected instead of an EA-based approach, to reduce search overhead while preserv-
ing multi-objective optimality characteristics and scalability option for large design
spaces.(see Chapter 4).

2.2.3 Design Space Exploration Using Custom Algorithms

Table A.3 includes works that neither rely on ML nor EAs for DSE. For instance,
[73] uses a Tabu Search (TS) algorithm and suggests possible integration of GAs
later. In [74], a Gradient Descent (GD)-based method is employed. All other entries
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reference custom multi-step or heuristic algorithms, sometimes with pruning phases
before or after the main search to handle large design spaces.

Hardware targets often include ASICs or FPGAs, although [75] implies general-
purpose hardware and [76] focuses on GPUs (with a CPU comparison). Many of
these approaches employ approximate adders/multipliers [43, 77, 73, 78, 75]. Others
introduce specialized hardware-level AxC techniques such as logic isolation [79],
clock gating [80, 74], or VOS [78]. Some focus on approximate DNNs at different
abstraction layers, e.g., dynamic quantization [33] or approximate NPUs [27].

Custom heuristics and pruning pipelines [73, 74, 43, 78, 75, 80| are highly ef-
fective in problem-specific contexts, but their portability across abstraction levels
and application classes is limited. In this thesis, the goal was to adopt a general
DSE approach that enables search over different approximation methods, thereby
enabling portability and automated scaling (Chapter 4). Hence, instead of using
a custom algorithm for the DSE and bounding the method to specific hardware/-
software characteristics, an ML-based search algorithm was adopted.

2.2.4 Design Space Exploration of Approximate Functions
Design

Some studies concentrate on approximate logic synthesis rather than entire
systems, focusing on approximate versions of Boolean networks or sub-functions.
These are shown in Table A.4, and their corresponding AxC techniques in Ta-
ble A.8. For example, [81, 82] apply logic falsification to generate approximate
circuits, whereas [83] proposes Boolean network simplifications allowed by External
Don’t-Cares (EXDCs), [84] uses Boolean Matrix Factorization (BMF) for approxi-
mate truth tables, and [85] employs customized Boolean approximations. Typical
benchmarks involve approximate adders and multipliers, though some works also
explore ALUs, decoders, shifters, and other combinational circuits. Interestingly,
[82] targets safety-critical scenarios through Quadruple Approximate Modular Re-
dundancy (QAMR), as opposed to traditional TMR with exact circuits [2].

DSE approaches proposed for approximate logic synthesis and operator de-
sign [83, 81, 82, 84, 85] provide rich libraries but often stop short of a system-level
framework that selects and integrates these components under multi-objective con-
straints. Hence, these proposed DSE approaches are not suitable for system-level
analysis of approximation opportunities.

2.2.5 Evaluated Parameters in Design Space Exploration

While Tables A.1-A.4 compare different DSE studies by search algorithm, hard-
ware target, and application domain, Tables A.9-A.12 compare those same studies
based on the evaluated parameters involved in approximation trade-offs [2].
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Since AxC aims to trade off accuracy for performance and energy efficiency,
accuracy naturally remains the first parameter to evaluate in DSE. Different works
may track power consumption, energy usage, area utilization, or execution time
to represent their main design objectives. Studies targeting FPGAs often focus
on Look-Up Table (LUT) or resource usage; others may concentrate on ASIC gate
count, GPU memory bandwidth, or general-purpose CPU runtime. Large Artificial
Neural Networks (ANNs) introduce particularly long execution times, amplifying
the importance of DSE frameworks that prune huge search spaces efficiently. Some
works also track memory usage as a lesser but still relevant factor, especially when
approximate loop parameters or truncated data structures reduce memory demands
(e.g., [45, 76]).

Besides high-level metrics like speedup or circuit area, most studies employ
specialized error metrics tailored to their domain (e.g., PSNR for image/video ap-
plications, classification accuracy for DNNs). Table 2.1 (in the previous section)
summarized many such metrics. In effect, DSE performed to find the suitable AxC
techniques to be applied to a design, often involves solving a Multi-objective Opti-
mization Problem (MOP), aiming to identify a Pareto front that balances accuracy,
energy /power, area, and execution time [2].

2.3 In Closing

A synthesis of the literature reviewed in Section 2.2 reveals several trends and
remaining gaps. In studies that employ ML-based algorithms for DSE, RL, and
other data-driven approaches such as MCTS or MBO are among the most widely
adopted techniques. These approaches have demonstrated utility for exploring di-
verse design spaces. Yet most of them focus primarily on a single design parameter,
such as accuracy or energy efficiency, rather than performing multi-objective opti-
mization across multiple system metrics. Moreover, these studies generally empha-
size standard NNs or signal-processing benchmarks, leaving many other computing
paradigms, such as SNNs, underexplored.

In contrast, works adopting EAs, notably GAs, NSGA-II, and ESs, have demon-
strated effectiveness in optimizing multi-objective problems for image and signal
processing applications, particularly on hardware targets such as ASICs, FPGAs,
and GPUs. However, these approaches are computationally expensive and often
require significant tuning of population size, crossover, and mutation parameters.
As a result, their scalability to very large design spaces or to problems with tightly
coupled hardware-software co-design constraints remains limited.

Meanwhile, many different custom DSE algorithms and heuristic methods ex-
hibit greater adaptability to specific design contexts, often incorporating problem-
specific pruning, clock-gating, or logic isolation strategies. These techniques are
particularly effective for small to medium-sized design spaces, where domain-specific
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knowledge can be exploited to reduce exploration time. Yet, such methods are diffi-
cult to generalize and lack the flexibility required to scale across multiple abstraction
levels or diverse application domains.

Finally, studies focusing on the approximation of functions or components,
rather than entire systems, concentrate mainly on Boolean network simplification
and AxC component design. These efforts have led to the creation of standardized
libraries such as EvoApproxLib, enabling faster reuse of approximate operators.
However, they often omit higher-level exploration frameworks capable of auto-
matically selecting and integrating these components into broader architectures.
Consequently, there remains a clear gap between component-level approximation
and system-level DSE that accounts for interdependencies among multiple design
parameters and application-specific quality metrics.

Motivated by these insights, the research conducted in this work followed two
complementary trajectories. First, a framework was proposed to provide a quick
yet acceptable estimate of the effect of approximation-induced errors on the output
accuracy of an SNN. For this purpose, not only the accuracy degradation at the
computational output was considered, but also, as many works in the literature sug-
gest, the accuracy metric specific to the target ML application was considered. The
framework was further extended to use a quick estimate of output accuracy degra-
dation to find the most approximated version of the NN that still has acceptable
output accuracy. Second, an RL-based DSE framework was proposed to find the
approximation configuration that targets simultaneous optimization of power and
execution time while keeping the output accuracy degradation within the accept-
able range. As the literature review shows, the algorithms selected for performing
the DSE in the state of the art can be categorized into three large groups: ML, EA,
or custom. Custom algorithms are usually preferred when the size of the design
space is smaller than the size of the problem that can be solved with ML or EA
algorithms, or the needs of the specific hardware or software design make some
algorithms a more preferable choice than the ML or EA options. Since the aim of
the research was primarily to propose a framework to perform DSE in large design
spaces where EA or many other algorithms may incur high evaluation costs for
performing the exploration, the ML category was selected. As many works in the
literature suggest, RL is a common algorithm choice for this purpose, as it has
shown promising results for DSE tasks with large design spaces. Also, as the litera-
ture review suggests, most proposed DSE approaches do not cover the simultaneous
balancing of multiple design parameters against accuracy. Hence, proposing a DSE
framework that can account for all design parameters, such as power and execution
time, while also incorporating other parameters into simultaneous multi-objective
exploration, became one of the research questions.

Through these research paths, this thesis contributes toward addressing some
of the open challenges identified in the literature: the need for fast, yet accept-
able, estimation of approximation-induced error effects and the need for scalable,
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automated exploration frameworks that can perform multi-objective optimization
across vast design spaces. Together, these research efforts aimed at advancing the
state of the art in the DSE approaches for AxC systems and providing a founda-
tion for future extensions toward broader classes of computing architectures and
application domains.
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Chapter 3

Design Space Exploration Using
Interval Arithmetic

3.1 Prediction of the Impact of Approximate Com-
puting on Spiking Neural Networks via Inter-
val Arithmetic

This section describes how SNNs can be modeled when applying AxC techniques
by leveraging IA to estimate the impact of approximation on final network outputs.
This section covers the fundamental SNN structure, the data quantization and
precision reduction steps applied to the trained network, the IA-based model for
propagating approximation errors, and the corresponding experimental findings.

3.1.1 Spike Neuron Model and Network Description

SNNs are a class of biologically inspired neural models that emulate the tem-
poral dynamics of biological neurons by exchanging discrete electrical impulses,
refered to as "spikes', instead of continuous activation values. This event-driven
computation mechanism allows SNNs to process information asynchronously and
efficiently, consuming energy only when spikes occur. Such behavior makes SNNs
particularly suitable for hardware implementations targeting energy-efficient and
low-latency applications, especially when deployed on edge or embedded systems.

The network architecture generally consists of three types of layers: an input
layer that encodes sensory information into spike trains, one or more hidden layers
composed of spiking neurons, and an output layer that decodes spike activity into
interpretable results. In the considered model [86], the hidden layer contains both
excitatory and inhibitory neurons, inspired by cortical structures where excitation
and inhibition coexist to regulate neural activity and prevent uncontrolled firing.
Figure 3.1 illustrates the general organization of an SNN, highlighting the behavior
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of each spiking neuron in the layer: each neuron has two computational steps; an
excitatory step and an inhibitory step. Spikes are generated by an input layer that
transforms data (e.g., image pixels) into a sequence of binary spikes (bits set to 1),
which enter the neuron through the excitatory step (green arrows in Figure 3.1).
The excitatory step accumulates a membrane potential (Vy in Figure 3.2), which
increases by a sum of weights whenever it detects active spikes; when V|, exceeds a
designated threshold, the neuron fires a spike (green arrows exiting the excitatory
block in Figure 3.1). This spike also feeds into the inhibitory step (black arrows in
Figure 3.1), where the membrane potential of the neuron is decreased by the spikes
of other neurons in the layer. Finally, the last layer sends spikes to an output layer
that translates them into application-relevant results.

Neurony
— e Output
EXC|tat Inhlbltoy ';\ A utputy I
N ) A
\ ~ 1"
>< L
S Fa
v+ 1|yl Output
Neuron, \ / n ;f
\( 1 - 1 vy
------ AT TR
/ A A
' Excitato ,  Inhibitol LAY
( Exclatory \ y U
— N Y N
A 1\
1
1 ,\
g “ \
~ 1 Y
Neuronn 1 “n \
> - 1 \\ W
IInputm,l I\ <] " ! S JOutput, 1
\ Excnatory \, Inh|b|tory ! BT
. N .-
R ~ r
Input Layer Layer, Layery Layery—1 Output Layer

Figure 3.1: An excitatory and an inhibitory layer of an SNN [3].

In the excitatory step, neurons integrate the incoming spikes into a membrane
potential variable, V{, which accumulates charge over time. Each input spike,
weighted by its synaptic strength, contributes to an increase in V. When this
potential exceeds a defined threshold, Vij,,.csn, the neuron emits an output spike and
immediately resets its potential to Vies;. This mechanism mimics the integrate-
and-fire process observed in biological neurons, where the firing event represents the
transfer of information to connected neurons. The inhibitory neurons, conversely,
provide balancing feedback by reducing the membrane potential of other neurons
when they fire, ensuring that only relevant neurons remain active in response to
specific input patterns.
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It is important to note that in the reference implementation of the target SNN
[86], lateral inhibition within the hidden layer is realized implicitly through signed
synaptic contributions and the reset/threshold dynamics, rather than via a ded-
icated inhibitory processing block. In practice, spikes from neurons that play an
inhibitory role contribute negative (or subtractive) terms to the postsynaptic mem-
brane update, thereby suppressing over-activation and stabilizing the firing regime
across the layer. This design choice consolidates excitation and inhibition within
the same accumulation datapath and control flow, avoiding additional hardware
stages while preserving the functional effect of inhibition at inference time. Conse-
quently, the present chapter focuses on excitatory accumulation and the threshold-
reset mechanism, while accounting for inhibitory interactions as subtractive con-
tributions to the weighted summation and temporal evolution of the membrane
potential, consistent with the behavior described in the original SNN model.

It is also worth mentioning that, in the adopted SNN implementation [86], the
input layer converts each image into time-discretized binary spike trains such that,
at every time step, each input connection delivers a bit inp, € {0,1}; the details
of the Poisson-based encoding procedure and its parameterization are provided in
subsection 3.1.4.

Figure 3.2 provides more detail for a single layer. The increment of Vj is gov-
erned by each connection’s weight, computed during training (wp; in the example).
When active spikes arrive, Vj increases by summing the corresponding weights.
Formally, each spike-bearing connection ¢ contributes w;; if inp; = 1, as in Equa-
tion 3.1:

n—1
sum; = Y inp; - wj,, (3.1)
i=0

where 7 is the number of input connections, and inp, is 1 for an active spike.

Equation 3.1 describes the weighted summation step that forms the basis of
spike integration. Each active input connection contributes a weight w;; to the
membrane potential, while inactive connections have no effect. Because spikes are
binary, the multiplication simplifies to either adding the weight or skipping it. This
simplification allows efficient hardware implementation and enables the modeling
of spike-induced voltage changes at the neuron level.

Once Vp exceeds Vipresn, the neuron fires a spike and resets Vy to Vieser (the
“yes” branch in Figure 3.2). If no active spike is detected, V; decays at each time
step, approximated by a right shift on hardware [86]. Some SNNs (e.g., [86]) also
maintain a counter of spikes for each neuron, which can aid in classification [3].

The dynamics of the membrane potential include a decay process that contin-
uously reduces Vj in the absence of new input spikes, preventing neurons from
retaining outdated information. Mathematically, this exponential decay is often
represented as Vo(t + 1) = Vy(¢) - e, where \ is a decay constant. However, for
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Figure 3.2: Computation flow of an SNN layer [3].

efficient hardware realization, the exponential term can be approximated as a right-
shift operation, which effectively divides the potential by a power of two [86]. This
hardware-friendly simplification reduces implementation complexity and resource
utilization on FPGA or ASIC platforms while maintaining biologically plausible
behavior.

The spiking and reset mechanisms form a feedback loop that enables tempo-
ral processing. When a neuron fires, it not only communicates with downstream
neurons but also contributes to inhibitory feedback within the same layer, thus
maintaining controlled network activity. In this implementation, a spike counter is
assigned to each neuron to record the total number of emitted spikes. These coun-
ters serve as an indirect representation of neuronal activation and are later used by
the classification layer to determine the final prediction outcome. This approach
aligns with neuromorphic computing paradigms, where spike statistics rather than
instantaneous activations are used for inference.

In summary, the chosen SNN architecture captures both biological fidelity and
computational efficiency. Its modular structure, with well-defined excitatory, in-
hibitory, and decay dynamics, provides a foundation for analyzing how quantization
and precision reduction propagate through the computation flow. Understanding
this baseline behavior is essential before introducing approximation models such
as TA, which will later allow accurate prediction of accuracy degradation without
re-simulating the entire network.
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3.1.2 Data Quantization and Precision Reduction

Deploying an SNN trained in floating-point arithmetic onto edge hardware (e.g.,
FPGA) often motivates fixed-point representations to reduce memory footprint
and computation cost. Floating-point values require large storage and wide com-
putation units that can quickly saturate available resources; in fixed-point, addi-
tions, multiplications, and comparisons map to simpler integer circuits. In [86], the
weights, thresholds, and reset values are obtained using a floating-point training
procedure [87]. Then, for deployment, each floating-point value is converted into a
32-bit fixed-point format with 16 fractional bits, as shown in Equation 3.2:

31 15
v=Y b 2071 4 N "p, 271670 (3.2)
i=16 i=0
where b; are bits in the fixed-point representation.
A precision reduction step removes some of these fractional bits starting at the
least significant bits, introducing an approximation error €. If k& bits are removed,
Equation 3.3 expresses € in terms of the removed bits b;:

k
€=y b-271670, (3.3)
=0

The range of possible errors, shown in Equation 3.4, depends on whether those
k bits are 0 or 1:

: (16—1) 12
0 <e< S 270670 . 3.4
—~ == 20 32768 (3.4)
Vb;=0 -
i=1

Thus, the new approximate value can be written as v — €, lowering storage
demands without excessive accuracy degradation [3].

However, quantization inevitably introduces a bounded numerical error, €, which
propagates through the computations and affects neuron dynamics. In SNNs; this
perturbation can influence the membrane potential evolution, potentially altering
the spike firing behavior. Therefore, quantization cannot be applied arbitrarily:
designers must determine the level of precision reduction that preserves correct
spike generation and overall classification accuracy.

It is important to note that at each time step, input spikes are binary events that
indicate whether a neuron has fired or not, represented by a single bit with a value of
either 0 or 1. Therefore, input signals cannot be approximated or quantized further.
The approximations exclusively affect the network parameters, namely, the synaptic
weights, thresholds, membrane potentials, and reset values, whose precision directly
impacts the evolution of the membrane potential and, consequently, the spiking
behavior.
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By modeling € explicitly, one can later formalize how these small deviations
accumulate during successive weighted summations, threshold comparisons, and
exponential decays. The explicit characterization of € as an interval forms the
foundation of the following section, where IA is used to describe the propagation of
this approximation-induced error throughout the entire computational flow of the
network.

3.1.3 Interval Arithmetic Error Propagation Model

IA provides a mathematical framework for representing numerical values along
with their possible error bounds, enabling one to evaluate how errors propagate
through arithmetic operations. In this work, the target SNN model is modified
so that network parameters, such as weights, thresholds, or membrane potential,
are represented not by a single deterministic value but by a range of possible val-
ues accounting for approximation errors introduced by precision reduction. This
enables estimation of the impact of precision reduction on the spiking behavior,
reducing the need for repeated full-network simulations. Using the error formu-
lations and bounds, an IA-based model tracks how approximation-induced errors
propagate through the SNN computations [88]. The value of each network param-
eter is represented by an interval [vmin, Umax], While the approximation error € also
forms an interval [€myin, €max]- Since precision reduction subtracts bits from v, each
approximate number is expressed as v — [¢]. Crucially,

1. € is strictly monotonic, S0 [€] = [€min, €max] NEVer changes sign.

2. The relationship is subtractive: |ian| ~ [v] — [€].

This approach separates [v] from its error [e], unlike [89], providing flexibility
in exploring approximation [3]. Here, |ian| denotes any parameter represented by
IA, while [v] is the range of possible values for that parameter represented as an
interval, and [€] is the range of possible errors for that parameter represented as an
interval.

Unlike traditional error analysis that models deviations as small additive per-
turbations, IA maintains lower and upper bounds for every variable, ensuring that
all feasible values are included. This makes the approach particularly suitable for
modeling operations that are repetitive and nonlinear, as in SNNs. Furthermore,
by maintaining distinct intervals for the nominal value [v] and for its correspond-
ing error [e], the model can apply interval-based arithmetic directly while clearly
distinguishing between the true value and its associated approximation.

For a given neuron, the membrane potential update rule involves weighted sum-
mations, threshold comparisons, and exponential decays. Within the TA model,
each of these operations is translated into an interval-based formulation, which
keeps the potential value bounded and ensures that error accumulation remains
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controlled. Since the input spikes are binary (0 or 1) and therefore exact, they are
treated as constants in the computation. Only the parameters affected by precision
reduction contribute to the propagated error.

This modeling choice helps identify, at design time, candidate truncation levels
of precision reduction (k-bit truncations) that are likely to preserve the expected
network behavior. It also provides a fast, analytical method to evaluate accuracy
degradation caused by quantization without requiring hardware resynthesis or full
retraining.

The following subsections define how basic arithmetic and comparison oper-
ations are adapted within this interval-based formulation, while maintaining the
separation between nominal values and error terms, thereby enabling the modeling
of neuron dynamics under approximation.

Addition and Subtraction

For two IA numbers |ian;| and |ians|, addition and subtraction (Equations 3.5,
3.6) maintain separate intervals for the values and errors:

liany| + iang| = {[v1,,,, + Vas Vi + Voo

[v]

[Elmin + €2min7 €1maz + €2maz]} (35)
[¢]

|Zan1| - |Zan2| = {[Ul'min - UQmaa:? Ulmaz - U277Li7L]7

[v]

[61min - 62'maz7 6lm,aczv - €2mzn]} (36)

[¢]

Addition and subtraction are the fundamental interval operations used to model
cumulative error propagation across arithmetic steps in an SNN. In both opera-
tions, the separate treatment of [v] and [e] preserves the additive structure of the
computation while keeping the error bounds conservative.

During spike propagation, each neuron performs a weighted sum of inputs
(3=, inp;-w;). Since input spikes are binary and exact, the only error sources are the
quantized parameters such as weights, thresholds, and reset values. The addition
rule ensures that the errors of these parameters accumulate linearly across inputs,
providing a bounded range for the membrane potential at each time step. Similarly,
the subtraction rule models how inhibitory signals or reset mechanisms reduce the
membrane potential, keeping both the potential and error ranges consistent with
physical neuron behavior.
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Maintaining monotonicity ensures numerical stability: even after multiple ad-
ditions or subtractions, the resulting intervals remain bounded and do not diverge.
This property is critical for iterative processes like the membrane potential updates
that occur over successive time steps in an SNN.

Multiplication

Multiplication is a special case in which the standard TA product is not directly
suitable for the adopted representation |ian| ~ [v] — [€]; therefore, the product is
expanded as in Equation 3.7 and then mapped back to separate intervals for the
value [v] and the error [e].

[iana | - lians| = ([vi] = [a]) - ([v2] = [e2]) =
(0] - [va] =([0n] - [€2] + [va] - [e1]) + [ea] - [e2]  (3.7)

As shown in Equation 3.7, the operation expands into four distinct terms: the
nominal product [vq] - [vg], the two cross terms [vq] - [es] and [vg] - [e1], and the
product of the errors [e;] - [es]. These terms collectively capture how approximated
quantities influence one another when multiplied. To recover the interval represen-
tation |ian| = {[v], [¢]}, the bounds are computed from the extremal combinations
of these four terms, as detailed in Equation 3.8 and Equation 3.9.

[iany| - liang| ~ { [min(A), max(A)], [min(D — (B + C)), max(D — (B+C))| ¢,

[v] [e]

(3.8)
A - {/Ulmin U2min ? Ulmin U2max Y Ulmax /U2min Y /Ulmax v2max } Y
B — {vlmin 62min Y vlmax 62min ? Ulmin 62max Y vlmax 62max } Y (3 9)

O — {Uzminelmin’ Uzmaxelmin7 ,Uzminelmmﬂ U2max61max} ’
‘D - {Elmin€2min’ 6lmin€2max7 Elmax€2min7 6lmax€2max} °

This formulation applies to all multiplicative operations appearing in the SNN
computation flow, including the weighted summation of spikes (inp; - w;) and the
exponential decay of the membrane potential. It provides a consistent means to de-
termine upper and lower bounds on the results of such multiplications, maintaining
correctness across both linear and nonlinear neuron operations.

Compared with classical TA, this explicit distinction between the nominal term
and the error term simplifies reconfiguration for different bit truncation levels (k
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values) without redefining the entire model. It also enables fast analytical esti-
mation of how much accuracy degradation is introduced at each precision level,
avoiding the need to test every configuration through full network simulation.

Right Shift and Comparison

An exponential decay approximated by a right shift divides both [v] and [¢] by
2" (Equation 3.10). The right shift operation models the exponential decay of the
membrane potential between consecutive time steps. Implementing the decay as a
right shift rather than a multiplication by an exponential term reduces computa-
tional complexity in hardware implementations. The TA formulation captures this
by dividing both [v] and [¢] by 2", scaling the potential and its associated error
consistently over time. This ensures that both the membrane potential and the
corresponding approximation error decay proportionally, accurately reflecting the
neuron’s behavior as it relaxes toward its resting potential when no input spikes
occur [3].

’ianl, >> n = {[Ulmin >> n’ vlmaz >> n]7 [Elmin >> n’ 6lmaz >> n]} (310)
[v] [¢]

Interval-based comparisons handle potential overlaps by checking whether |ian;|—
liany| remains strictly positive (Equation 3.11) [3]. The comparison operation mod-
els the firing condition of the neuron, which occurs when the membrane potential
Vo exceeds the threshold Vip,..sn. Since both are represented as intervals, the com-
parison |ian;| — |iany| > 0 must account for possible overlaps. The expression in
Equation 3.11 determines whether, after subtracting the maximum possible error
from the potential and adding it to the threshold, the potential still exceeds the
threshold. If so, a spike is guaranteed; otherwise, the result is uncertain and marks
a transition boundary.

lian,| — |iang| > 0 = |ian,| > 0
(/Urmaz - 67’maz> - (Urmzn - 6Tm7ln) > O (311)

This conservative comparison avoids false firing events and ensures that the
modeled neuron behavior always encloses the real one. Although it may slightly
overestimate possible spike occurrences, this guarantees safe and reliable evaluation
of approximation effects across all network operations.

By redefining addition, subtraction, multiplication, shifting, and comparison
within the IA framework, the model offers a consistent and computationally ef-
ficient method for propagating approximation effects through the entire neuron
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computation flow. This capability forms the foundation for the subsequent explo-
ration methodology, enabling fast evaluation of how bit-width reductions impact
classification accuracy without exhaustive simulation.

3.1.4 Experimental Results for the Baseline Interval Arith-
metic Approach

In this work, the SNN model is adopted from [86]. The SNN architecture
comprises a single layer with 400 neurons. The SNN is trained on the MNIST [90]
dataset, which consists of 70,000 grayscale images of handwritten digits (60,000
training images and 10,000 test images), each with a resolution of 28 x 28 pixels.
Each 28 x 28-pixel image is converted into a time-discretized sequence of binary
input spikes using a Poisson process [91], where the spike generation frequency is
proportional to the pixel intensity. In the reference implementation, this Poisson
input encoding is realized over a fixed presentation window of duration At with
time resolution dt, yielding T' = At/d§t sampling steps (e.g., At = 350 ms and §t =
0.1 ms, hence T" = 3500 steps). After normalizing the pixel intensity to a rate, each
pixel is mapped to a per-step spike probability, and at every time step a uniform
random number is drawn so that the corresponding input bit is set to 1 when the
draw falls below that probability and remains 0 otherwise; repeating this Bernoulli
trial for T steps produces a binary spike train whose event statistics approximate a
Poisson process for sufficiently small 6t [86, 91]. This stochastic encoding introduces
temporal variability consistent with probabilistic firing patterns, and it is kept
identical across all evaluated configurations to ensure that performance differences
are attributable to precision reduction rather than input variability.

The evaluations strive to answer the question of how accurately the proposed
[A-based model can predict the approximation effect on the neuron spike counters.
Also, the overall classification performance of the SNN is evaluated, when k bits
of fractional precision are progressively truncated [3]. In other words, the exper-
imental validation aims to verify whether the proposed IA model can reproduce
the behavior of the real approximated network while drastically reducing the time
required for performing a DSE. To ensure a fair comparison, the IA model and the
approximated SNN receive identical sequences of spikes, preserving the stochastic
spike distribution generated by the Poisson process. The [A-based evaluation uses
the same computational flow as the real SNN (as in Figure 3.2) but replaces all
arithmetic operations with their interval-based counterparts, thus estimating the
possible deviations in membrane potential and spike counts introduced by bit-width
reduction.

The entire experimental workflow follows two parallel branches. The first branch
executes the original network after applying a k-bit precision reduction to its param-
eters (weights, thresholds, and reset values) and collects the actual spike counters
produced by inference. The second branch executes the IA-based analytical model,
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which operates on interval representations derived from the same parameters. By
comparing the spike counters from both branches, one can quantitatively evaluate
how closely the IA model approximates the real network’s output and determine
the precision range that preserves classification accuracy.

Single-Bit-Width Reductions

Table 3.1 reports the results for 520 test images across single-bit precision reduc-
tions, from k = 1 to 15. Deviations between the IA model and the corresponding
approximated network remain small, rarely exceeding +3 spikes. The SNN classi-
fication results remain identical up to k = 10, after which the overall accuracy of
the approximated network itself begins to degrade [86].

The error values reported in the table represent the difference between the spike
counts predicted by the IA model and those observed in the real approximated SNN.
Negative errors correspond to slightly lower spike counts predicted by the TA model,
a result of its conservative comparison mechanism that may prevent a neuron from
firing when its potential interval marginally overlaps the threshold range. This
behavior aligns with the intentionally conservative nature of IA, which seeks to
avoid false spike events rather than overestimate them.

Reduction Errors Wrong SNN
(k-bits) | Min | Max | AVG | Counters (%) | Accuracy
1 -1,00 | 1,00 | 0,0009 0,28 Same
2 -1,00 | 1,00 | 0,0011 0,33 Same
3 -2,00 | 1,00 | 0,0003 0,58 Same
4 -2,00 | 1,00 | -0,0010 0,86 Same
5 -3,00 | 2,00 | 0,0000 1,60 Same
6 -3,00 | 1,00 | -0,0010 2,38 Same
7 -2,00 | 2,00 |-0,0030 3,44 Same
8 -2,00 | 2,00 |-0,0031 4,77 Same
9 -2,00 | 2,00 |-0,0070 5,31 Same
10 -2,00 | 2,00 | -0,0074 6,16 Same
11 -2,00 | 2,00 |-0,0107 6,86 Same
12 -2,00 | 2,00 |-0,0299 7,34 Same
13 -3,00 | 3,00 |-0,0415 7,12 Same
14 -4,00 | 2,00 |-0,0431 5,38 Same
15 -3,00 | 2,00 |-0,0256 2,49 Same

Table 3.1: TA model results for single-precision-reduction configurations (520 im-
ages). “Errors” = (IA minus approximated SNN) spike-counter deviations [3].

The table confirms that the ITA model can consistently reproduce the spike
counts of the approximated network with high precision. The average deviation
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(AVG column) remains close to zero, showing that the IA-based analysis introduces
negligible bias. Furthermore, the classification accuracy remains stable across re-
ductions up to k = 10, demonstrating that precision reduction at this level does
not compromise the network’s decision boundaries. Beyond k = 10, both the real
network and the IA model begin to lose classification reliability, highlighting the
natural precision limit of the design.

Range-Based Approximations

Table 3.2 summarizes experiments where the precision reduction is analyzed
over grouped k ranges (e.g., 1-5, 6-10, and 11-15). The TA model computes these
results in a single run per range, providing a more efficient exploration strategy.
The classification accuracy remains identical to that of the original network for all
tested intervals [86].

Grouping multiple £ values allows the IA model to evaluate a broader range
of approximations simultaneously. While the reported average error (around three
spikes) is slightly higher than in single-k experiments, the exploration time is signif-
icantly reduced to approximately one-fifth of the original duration. This confirms
the scalability of the TA approach when used for coarse-grained DSE. Importantly,
even under this accelerated configuration, the predicted classification results remain
fully consistent with the real approximated SNN.

Reduction Errors SNN Accuracy
(Fmin to kmax) | Min | Max | AVG Comparison
1tob 0 10 | 3,1777 Same
6 to 10 0 10 | 3,1950 Same
11 to 15 0 10 3,2776 Same

Table 3.2: TA model exploration of multiple bitwidth reductions in a single run (30
images). Classification remains “Same” [3].

3.1.5 Comparison and Observations

Compared with full brute-force evaluation [64, 65], the IA-based approach [92,
66] helps to rapidly identify feasible truncation levels while maintaining result fi-
delity. By maintaining explicit intervals for both the nominal value and the approx-
imation error, the A model efficiently pinpoints the safe truncation range (around
k = 10) that preserves classification performance. Beyond this limit, the inher-
ent network accuracy of the SNN itself declines [86], rendering small spike-count
mismatches less significant.

Overall, these results demonstrate that the [A-based model provides an ac-
ceptable analytical approximation of the SNN behavior under precision reduction.
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It reproduces both the quantitative (spike counts) and qualitative (classification)
outcomes of the real approximated network while requiring only a fraction of the
computational time. Therefore, the IA model serves as an effective tool for rapid
DSE, identifying acceptable trade-offs between precision, accuracy, and resource
utilization without exhaustive hardware or software simulation.

3.2 Fast Exploration of the Impact of Precision
Reduction on Spiking Neural Networks

In this section, a more fine-grained DSE methodology based on the methodology
introduced in [3] is proposed. This methodology augments the baseline IA model
with watchers, enabling per-neuron or per-weight precision tuning [7].

3.2.1 Design Space Exploration Methodology Modified with
Watchers

The concept of watchers was introduced to overcome one limitation of the base-
line approach: the assumption of uniform precision reduction across all parameters.
While the previous methodology could efficiently determine a global bit-width (k)
that preserved network accuracy, it did not account for the varying sensitivity of
individual neurons or parameters to quantization. In practice, some neurons can
tolerate aggressive bit truncation without affecting classification accuracy, whereas
others require higher precision to maintain stable firing behavior.

To address this, watchers act as observation points distributed throughout
the computation flow of the SNN. Each watcher continuously monitors whether
the approximation-induced error range, computed through the IA model, remains
within an acceptable threshold. When a watcher detects that the propagated error
has exceeded this threshold, it triggers an event that instructs the algorithm to
revert part of the precision reduction. This adaptive process allows fine-grained
control over the number of fractional bits retained for each parameter, producing
a mixed-precision configuration that is both compact and accurate.

Instead of assigning a single uniform k to all parameters, watchers allow deeper
truncation for some and revert to higher precision for others as needed. The active
watchers are placed at neuron outputs and hidden watchers are placed after each
arithmetic step, as in Figure 3.3. If a watcher indicates an unacceptable error range,
the relevant parameters reduce k [7].

Two types of watchers are defined:

« Hidden watchers, placed after internal arithmetic operations (e.g., addi-
tions, multiplications, and decays), monitor intermediate neuron computa-
tions such as membrane potential updates.
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Figure 3.3: Computation flow of an SNN layer with watchers (hidden vs. active) [7].

o Active watchers, positioned at the outputs of neurons, assess whether
the final membrane potential intervals and resulting spike decisions remain
within the acceptable range. They serve as termination points that determine
whether a neuron’s computation satisfies the defined precision and accuracy
criteria.

Each watcher operates on an TA representation of its monitored variable. The
monitored value, represented as |ian| = {[v], [¢]}, is compared with the predefined
acceptable error interval. The acceptable interval is determined from the average
of the minimum and maximum possible errors derived analytically in Equation 3.4.
This ensures that all comparisons remain consistent with the IA error bounds es-
tablished earlier in the methodology.

By leveraging these observation points, the modified exploration algorithm per-
forms a feedback-driven refinement process. Initially, all parameters are assigned
the maximum allowed precision reduction (k = 15). The system then executes
the network computations using the IA framework and evaluates watcher outputs.
Whenever an active watcher is triggered, the algorithm performs a backward check
of hidden watchers to locate the sources of excessive error accumulation. Only the
parameters associated with these specific computation paths are adjusted by de-
creasing their k£ value by one bit. This iterative process continues until no watcher
triggers any violations, ensuring that the final configuration respects all accuracy
constraints.

Figure 3.3 illustrates how watchers are inserted into the neuron computation
flow. The hidden watchers, positioned after each arithmetic operation, track the
evolution of the interval values within the neuron, while the active watchers at the
outputs of neurons determine whether the neuron’s firing state remains within the
permitted error boundaries. This hierarchical structure allows a localized correction
mechanism: rather than reconfiguring the entire network precision, only the affected
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weights or thresholds are modified.

Algorithm 1 formalizes this process. Initially, the algorithm sets kpest[i][7] = 15
for all neuron parameters (lines 5-9). The IA model then simulates the entire
network while watchers observe every computation stage. If no violation is detected,
the process terminates; otherwise, the triggered watchers identify the parameters
responsible for the violation, and the precision reduction for those parameters is
decreased by one bit (lines 16-21). This adaptive loop continues until all watchers
remain inactive, indicating convergence. The stopping criteria ensure that the
exploration terminates either when all parameters have reached the minimum bit-
width (no further reduction possible) or when all active watchers confirm that the
approximation is within acceptable limits.

The proposed watcher-based mechanism transforms the global precision explo-
ration problem into a distributed and self-correcting process. Instead of exhaus-
tively evaluating every possible configuration of bit-truncations across all weights
and thresholds, the system automatically converges towards a mixed-precision con-
figuration. This significantly reduces the computational overhead of per-parameter
exhaustive search while improving model compactness and preserving classifica-
tion accuracy. The framework remains fully compatible with the A representation
introduced earlier, allowing the reuse of the same arithmetic and comparison rules.

algorithm 1 outlines the algorithmic implementation of this exploration pro-
cess [7].

From an implementation perspective, each watcher is realized as a lightweight
computational unit that reuses the interval comparison operator of the IA model.
The comparison logic can be efficiently integrated into software-based simulation
frameworks or synthesized into hardware for on-chip monitoring. Because the
watchers operate in parallel, they can simultaneously evaluate multiple points in
the computation flow, further accelerating the DSE.

In summary, the watcher-augmented DSE methodology extends the baseline
model by incorporating distributed feedback and adaptive precision tuning. This
combination enables fast, fine-grained, and reliable exploration of approximation
configurations, ensuring that each neuron and parameter retains only as much
precision as necessary to maintain functional correctness and classification accuracy.

3.2.2 Experimental Setup and Results

The watchers are applied to the SNN model from [93], again using the MNIST
dataset (see Section 3.1.4 for dataset details) and the same SNN architecture with
one layer of 400 neurons. Each iteration runs on a batch of images; if watchers
never fire, the algorithm is halted. In about eight iterations, most neuron weights
stabilize at k& = 10, matching the best single-value approach [93], but some go to
k = 11. Classification remains unchanged from the baseline. Figure 3.4 shows the
fraction of neurons needing reversion each round [7].
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1 N := Number of Neurons;

2 A := Number of Active Watchers;
3 H := Number of Hidden Watchers;
4 explorationDone < False;

5 fori=0; 1< N; i+ + do

6 for j=0;, j<H; j++ do
7 ‘ kest[i][7] < 15;

8 end

9 end

10 while explorationDone #+ True AND Vkpess > 0 do

11 explorationDone < True;

12 runExploration();

13 for:=0; 1< N; i+ + do

14 if actWatcher[i].watchFired() == True then
15 explorationDone < False;

16 for j=0; j< H; j++ do

17 if hidW atcher[i|[j].watchFired() == True then
18 | Kpest[d][7]— = 1

19 end

20 end

21 end

22 end

23 end

Algorithm 1: DSE algorithm using watchers [7].

42



3.2 — Fast Exploration of the Impact of Precision Reduction on Spiking Neural Networks

The purpose of these experiments is to evaluate whether the proposed watcher-
based exploration can reach an optimized bit-width configuration faster than the
baseline A model while maintaining equivalent classification performance. The
same trained network is used as a reference to ensure a fair comparison, and the
watcher-augmented framework operates on the identical computational flow and
parameters.

For this evaluation, 1000 test images from the MNIST dataset were processed by
both the reference and the watcher-based models. The same Poisson-based input
encoding described in Section 3.1.4 is used throughout the watcher-based explo-
ration to keep the input spike trains identical across iterations and configurations.

At each iteration, the exploration algorithm executes the IA-based model of
the SNN and evaluates the outcome of all hidden and active watchers. If an ac-
tive watcher detects that the output spike count or the final membrane potential
interval has exceeded the acceptable deviation range, the algorithm inspects the
corresponding hidden watchers to identify which arithmetic operations contributed
to the violation. The associated parameters, typically neuron weights or thresh-
olds, then have their precision increased by one bit for the next iteration. This
adaptive refinement continues until all active watchers remain inactive, signifying
convergence.
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Percentage of neurons that require more fractional bits than
assigned per exploration round

Figure 3.4: Percentage of neurons that require more fractional bits than assigned
per exploration iteration [7].
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Figure 3.4 illustrates the proportion of neurons whose associated weights re-
quired precision restoration during each exploration round. The percentage rapidly
decreases after the initial iterations, demonstrating that the algorithm quickly iden-
tifies and isolates neurons that are more sensitive to bit truncation. By the eighth
iteration, all active watchers remain inactive, confirming that the model reached a
stable configuration.
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Figure 3.5: Percentage of neurons that require only the minimum fractional bits
assigned per exploration iterations [7].

Figure 3.5 helps analyze the data from Figure 3.4 from another point of view.
This figure illustrates the percentage of neurons that require only the minimum
fractional bits assigned per exploration iteration. In the first iteration of explo-
ration, in which only one fractional bit is preserved for each weight, none of the
neurons can operate with such aggressive truncation. The same happens at the
second iteration when all weights have one more additional fractional bit compared
to the previous iteration, meaning that all weights have two fractional bits in their
fixed-point representation. The same scenario repeats until the fourth iteration.
Hence, in the plot, the percentage of neurons that could operate with all weights
aggressively truncated into fixed-point values with four fractional bits is still zero.
At the fifth iteration, the minimum fractional bit is set to five, and 8.25% of the
neurons can operate with weights that have undergone bit truncation and are rep-
resented by a fixed point value that contains five fractional bits only. At the sixth
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iteration of the exploration, the results show that 60.5% of the neurons can tolerate
their weights undergoing a bit truncation that results in a fixed point representation
with six bits kept for the fractional part. The column at the sixth iteration in the
figure shows that, at this stage, 68.75% of the weights can be truncated, reducing
their fractional bits to six bits or fewer. Hence, approximately, 70% of the weights
are truncated and only 30% of the weights need more precision than six bits for
the fractional part. Continuing the exploration in the seventh iteration, the results
show that 20.75% of the remaining weights can tolerate a bit truncation that leaves
seven bits for the fractional part and do not require more precision. As indicated
in the plot, the cumulative value in the column showing the results at the seventh
iteration suggests that 89.5% of the network weights are truncated to seven bits
for the fractional part or fewer. At the eighth exploration iteration, the remaining
10.5% of the weights of the network are truncated to eight bits for the fractional
part, and the network can tolerate such truncation. These exploration results were
the most typical scenario among all explorations; hence, this example was chosen
to explain the procedure.

The final configuration achieved a heterogeneous bit-width distribution across
the network: while most weights converged at 10-bit truncation, several less crit-
ical neurons retained 11-bit truncation, allowing additional compression without
classification loss. This outcome highlights one of the main advantages of the
watcher-based strategy: its capacity to autonomously discover mixed-precision con-
figurations rather than enforcing a uniform precision level across all neurons.

The classification accuracy of the final approximated network, as predicted by
the watcher-augmented model, matched the accuracy of the baseline SNN with
a fixed 10-bit truncation. This demonstrates that local precision adaptations did
not degrade the network’s ability to classify MNIST digits correctly. Moreover,
the model preserved the same spike-counter statistics as the reference configuration
within +3 spikes, confirming that the refined mixed-precision network maintained
functional equivalence with the baseline.

To evaluate the computational efficiency of the proposed DSE methodology, the
watcher-based exploration was executed on a workstation equipped with an Intel
Core i7 processor and 16 GB of RAM. For Nj,, = 1000 MNIST test images and
Niter = 8 exploration iterations, the measured end-to-end runtime was:

trotal = 539.842 s (3.12)

Accordingly, the average runtime per exploration iteration was:

t ota.
titer = ]ift L~ 67.480 s (3.13)

iter
Although this runtime is longer than a single forward inference of the original
SNN, it is orders of magnitude faster than an exhaustive exploration of all possible
bit-width assignments.

45



Design Space Exploration Using Interval Arithmetic

The hidden layer comprises Nyeuwr = 400 neurons, each receiving 28 x 28 = 784
input pixels; therefore, the number of synaptic weights is:

Ny = Npeur X 784 = 400 x 784 = 313600 (3.14)

Hence, the network includes 313600 weights, each of which could, in principle,
assume 16 distinct precision states. In other words, the exploration considers L =
16 discrete precision levels, corresponding to retaining 1 to 16 fractional bits.

Two exhaustive-search interpretations are relevant, depending on whether weights
are treated as distinguishable.

Case 1: Distinguishable weights (configuration identity depends on which weight
gets which precision).

Because each of the N,, weights can independently select one of the L = 16
retained-fractional-bit levels, the number of configurations is:

NGt = LN = 1679 ~ 1.06 x 10%7%" (3.15)

Let t;,¢ denote the measured time for a single-image inference of the baseline
model (here, t;,r = 0.159 s). Then, the corresponding upper bound on the runtime
of brute-force exploration becomes:

et = NG - tine = 16%1%97 x 0.159 s &~ 1.69 x 10°7%!! g (3.16)

which is approximately 5.36 x 103779 years (using 1 year = 31536000s). This
bound formalizes the infeasibility of brute-force enumeration when per-weight pre-
cision is treated as a decision variable.

Case 2: Indistinguishable weights (only the counts of weights per precision level
are tracked).

In some contexts, the exhaustive space is approximated by ignoring which
weights take a given precision level and counting only how many weights are as-
signed to each of the L = 16 levels. Under this abstraction, each configuration
corresponds to a nonnegative integer vector (nq,...,nys) such that Z%ﬁl ng = Ny,
where ny is the number of weights using level ¢. The number of such allocations is
given by the stars-and-bars count:

ind __
chg -

Ny +L—1\ (313600 + 15
L—1 B 15
Considering t;,¢ as the measured time for a single-image inference of the baseline

model (¢, = 0.159 8), the corresponding upper bound on the runtime of brute-force
exploration becomes:

) ~ 2.13 x 10™ (3.17)

fd = NIt = (2.13 x 10™) x 0.159 s & 3.39 x 107 5 (3.18)
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which is approximately 1.07 x 10%% years (using 1 year = 31536000s). This
formulation yields a substantially smaller count than Equation 3.15, because it
collapses many distinct per-weight assignments into the same allocation histogram.
However, because different weights have different functional roles and sensitivities,
distinct per-weight assignments that share the same histogram can still lead to
different network behaviors; therefore, Equation 3.17 should be interpreted as a
coarse abstraction rather than the true configuration space for mixed-precision
assignment.

This quantitative gap motivates the watcher-based strategy. In contrast to
brute-force enumeration of the mixed-precision design space under either counting
assumption, the proposed method converges to a mixed-precision solution within a
small number of exploration iterations and yields a practically tractable runtime (as
calculated in Equation 3.12). By accounting for heterogeneity in weight sensitivity,
the watcher mechanism selectively restores precision only where needed, thereby
uncovering local resilience within the network and enabling higher compression of
subsets of weights while preserving the imposed accuracy limitations.

In summary, the watcher-enhanced exploration maintains the predictive ac-
curacy of the baseline IA model while reducing DSE time, relative to exhaustive
search, by an astronomically large margin. The exhaustive bounds in Equation 3.16
and Equation 3.18 formalize that explicit enumeration of mixed-precision assign-
ments is infeasible in practice, whereas the measured runtime in Equation 3.12
demonstrates that the proposed framework achieves a usable end-to-end evaluation
cost. Consequently, the framework provides an effective trade-off among analytical
conservatism, computational overhead, and model compression, making it suitable
for rapid optimization of neuromorphic systems under hardware constraints.

3.2.3 Discussion and Conclusion

Watcher-based DSE reveals that some neurons can tolerate more aggressive bit
removal without harming classification. The final design thus has mixed precision.
Despite a huge combination space, watchers converge in a handful of steps. This
method can be potentially adopted to perform DSE for other networks or approx-
imate operators, balancing resource constraints with the acceptance of minimal
error [7].

The experimental findings confirm that integrating watchers into the DSE frame-
work effectively enhances exploration granularity without compromising accuracy.
By introducing localized observation points, the system can selectively refine preci-
sion where necessary while maintaining lower bit-widths for parameters that exhibit
higher resilience to quantization. This leads to a mixed-precision network configu-
ration that remains functionally equivalent to the original model yet more compact
in size.

Compared to the baseline IA-based approach, the watcher-augmented method
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converges quickly, typically within a few iterations, demonstrating a favorable bal-
ance between exploration depth and computational efficiency. The use of interval-
based monitoring ensures that each adjustment remains analytically traceable, pre-
serving the conservative accuracy guarantees of the underlying IA model.

Overall, this methodology provides a solution for fast precision optimization
in neuromorphic systems. Its adaptive and modular design enables an avenue for
extension to other AxC scenarios, serving as a foundation for the broader discussion
on general applicability and future research directions presented in the next section.

3.3 Overall Conclusions and Future Directions

This chapter presented two complementary methodologies that leverage IA to
accelerate the DSE of AxC techniques applied to SNNs. The first methodology
introduced a baseline IA-based analytical model capable of predicting the effects of
precision reduction without re-simulating the entire network. The second method-
ology enhanced this framework through the introduction of watcher mechanisms,
enabling fine-grained precision tuning at the level of individual neurons and pa-
rameters. Together, these approaches form a coherent exploration strategy that
balances modeling accuracy with computational efficiency.

The baseline TA model demonstrated that the propagation of quantization-
induced errors through neuron computations can be captured using interval-based
formulations. This allowed for precise identification of safe truncation levels (around
k = 10) that preserve the original classification accuracy of the network. By avoid-
ing repeated inference runs for each configuration, the IA-based analysis signifi-
cantly reduced exploration time, offering a practical solution for evaluating large
search spaces in hardware-constrained environments.

The watcher-augmented approach extended the analytical framework by incor-
porating localized monitoring and adaptive feedback. This improvement enabled
the system to automatically refine bit-width assignments per neuron or per connec-
tion, resulting in a mixed-precision configuration that further optimized memory
and computation without sacrificing classification accuracy. The method’s rapid
convergence and scalability confirmed its effectiveness as a fine-grained precision
exploration tool, particularly for architectures with heterogeneous sensitivity to
quantization.

Collectively, the proposed techniques highlight the potential of [A-based ex-
ploration in bridging the gap between approximate algorithm design and practical
hardware implementation. The analytical nature of these models eliminates the
need for costly retraining or exhaustive simulation, providing early insights into the
trade-offs between energy efficiency, resource utilization, and accuracy degradation.
Such capabilities make these approaches suitable for deployment in hardware-aware
design flows targeting neuromorphic and embedded computing platforms.
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Future research can expand upon these contributions in several directions. First,
integrating the watcher-based precision tuning into automated hardware synthesis
tools could further accelerate the exploration-to-implementation pipeline. Second,
extending the approach to larger and deeper neural architectures, including multi-
layer SNNs or hybrid ANNs-SNNs models, would test its scalability and generality.
Third, coupling interval-based analysis with other approximation techniques, such
as approximate operators or voltage overscaling, could enable multi-dimensional
exploration across accuracy, energy, and reliability trade-offs. Finally, embedding
the watcher logic directly in neuromorphic hardware could facilitate real-time self-
calibration, allowing systems to dynamically adjust precision in response to opera-
tional conditions or energy constraints.

In conclusion, the methodologies developed in this chapter suggest potential
broader use for designing frameworks to perform analytical and adaptive DSE while
applying AxC techniques to NNs such as SNNs. They represent an essential step
toward efficient, energy-aware neuromorphic design, combining mathematical rigor
with hardware practicality and paving the way for broader applications of IA-based
exploration in emerging computing paradigms.
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Chapter 4

Design Space Exploration Using
Reinforcement Learning

This chapter presents an RL approach to multi-objective DSE for AxC tech-
niques. The proposed methodology [6] selectively replaces precise arithmetic op-
erations (additions and multiplications) with approximate ones in a CPU-based
scenario. The objective is to balance accuracy, power consumption, and computa-
tion time, as well as to automate the selection of which variables in the code should
be approximated.

4.1 Overview of the Proposed Approach

The idea is to generate an approximate version of a target application by selec-
tively invoking approximate adders and multipliers from a known library whenever
such approximation is expected to provide benefits in optimizing the considered
objectives [6]. This work extends the mechanism proposed in [94] by:

o Identifying operations after which wvariables in the application code can be
approximated without excessive loss in accuracy.

o Deciding which approximate adder and multiplier to use, each with different
impacts on accuracy, power, and execution time trade-offs.

o Ensuring accuracy degradation remains under a certain threshold while max-
imizing power/time improvements.

Even with modest-sized operator libraries, the number of approximate configu-
rations grows combinatorially with the number of decision sites due to independent
choices of approximate adders/multipliers and per-variable approximation masks.
This phenomenon is widely reported for exploring the design space after applying
AxC techniques, across layers and operator libraries [43, 42, 38, 34]. Consequently,
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exhaustive enumeration typically becomes infeasible beyond small instances, moti-
vating a guided search policy that prioritizes promising regions subject to accuracy
constraints.

Figure 4.1 illustrates the RL environment, where the RL agent chooses which
approximate operators to use and which variables to approximate. The environment
measures accuracy, power, and computation time for the resulting design [6].

RL Environment
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Figure 4.1: RL environment: at each step, it selects an approximate version of the
benchmark and returns the measured accuracy, power, and time [6].

4.2 Reinforcement Learning Background and Al-
gorithm Selection

In this section, an overview of the RL concept, definitions, algorithms, and the
overall setup for the proposed approach are explained.

4.2.1 Reinforcement Learning Description

RL is a subfield of ML concerned with how agents ought to take actions in an
environment to maximize cumulative reward. Unlike supervised learning, which
learns from labeled input-output pairs, or unsupervised learning, which finds struc-
ture in unlabeled data, RL focuses on sequential decision-making, where an agent
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learns by interacting with an environment and observing the outcomes of its actions
[95].

At the core of RL lies the Markov Decision Process (MDP), which models the
environment as a tuple (S, 4, P, R,~), where:

o S is the set of all possible states the environment can be in.

o A is the set of all possible actions the agent can take.

P(s'|s,a) is the transition probability of moving to state s after taking action
a in state s.

o R(s,a) is the reward function that maps a state-action pair to a scalar reward.

o v €[0,1] is the discount factor, controlling the importance of future rewards.

The goal of an RL agent is to learn a policy m : S — A that maximizes the
expected cumulative reward, or return, over time. Depending on the application,
policies can be deterministic or stochastic.

The agent typically learns from experience through trial and error, adjusting its
policy based on observed transitions and rewards. This interaction is formalized as
a sequence of steps:

1. The agent observes the current state s, € S.
2. It selects an action a; € A according to its policy 7.
3. The environment responds with a new state s;;; and a scalar reward 7.

4. The agent updates its internal knowledge (e.g., value estimates or policy
parameters).

RL methods are broadly categorized into:

o Value-based methods, which estimate value functions to derive policies
(e.g., Q-Learning).

o Policy-based methods, which directly optimize the policy without estimat-
ing value functions.

e Actor-Critic methods, which combine both approaches to reduce variance
and improve convergence.

In the context of system-level design and AxC, RL is particularly attractive for
its ability to handle:
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o Multi-objective optimization, where the agent balances competing met-
rics such as power, accuracy, and performance.

o Non-differentiable and black-box environments, typical in hardware-
software systems where analytical gradients are unavailable.

« Sparse feedback, as the agent receives performance metrics only after test-
ing a complete design configuration.

Recent studies have successfully applied RL to hardware optimization [96, 97],
Neural Architecture Search (NAS) [98], and compiler optimization [99, 100], moti-
vating its use for DSE in AxC. These properties make RL a suitable candidate for
navigating large, discrete design spaces, potentially with improved sample efficiency
compared to exhaustive search, depending on tuning and the benchmark.

In this work, RL is used to train an agent that selects AxC operators and
identifies which variables in a codebase can be approximated. By observing the
resulting changes in accuracy, power consumption, and execution time, the agent
gradually learns to choose approximation configurations that can potentially deliver
the most favorable trade-offs. The following subsection details the specific learning
algorithms considered for this task.

4.2.2 Reinforcement Learning Algorithms

In RL, the choice of learning algorithm is critical to both the efficiency and
effectiveness of the exploration process. Various RL algorithms have been proposed
to solve MDPs, which can be broadly categorized into three classes: value-based
methods, policy-based methods, and actor-critic methods [101].

Value-Based Methods

Value-based methods, such as Q-Learning and SARSA, estimate the expected
return (value) of taking an action in a given state and then follow the greedy
policy with respect to the learned value function. These methods are well-suited for
problems with discrete and relatively low-dimensional state-action spaces [102, 103].

+ SARSA (State-Action-Reward-State-Action) is an on-policy algorithm
that updates its action-value function based on the action actually taken by
the agent. While it is more conservative than Q-Learning, it often converges
to safer policies in environments with high variability.

e Q-Learning is an off-policy algorithm that learns the optimal action-value
function independent of the agent’s actual actions, enabling more aggressive
exploration and faster convergence in deterministic environments.
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Policy-Based Methods

Policy-based methods directly learn the policy function that maps states to
actions without estimating value functions. These methods are suitable for high-
dimensional or continuous action spaces [104].

« REINFORCE is a basic policy gradient algorithm that updates the policy
parameters in the direction that maximizes expected reward [105].

o These methods are particularly useful when the action space is continuous or
when stochasticity in action selection is beneficial.

o However, they tend to suffer from high variance in the gradient estimate
and require large sample sizes, making them less suitable for problems with
constrained exploration budgets like DSE.

Actor-Critic Methods

Actor-critic methods combine value-based and policy-based methods. The actor
updates the policy based on feedback from the critic, which evaluates the current
policy by estimating the value function [106].

« Examples include PPO (Proximal Policy Optimization) and A2C (Advantage
Actor-Critic) [107, 108].

e These methods are powerful and widely used in modern RL applications,
including games and robotic control.

e Their complexity and computational overhead make them less ideal for tab-
ular or small-scale DSE tasks where simplicity and interpretability are pre-
ferred.

Given the nature of the design space, discrete actions, finite state space, limited
computational budget, and the need for explainability, value-based methods offer
the most promising solutions. In particular, Q-Learning is chosen for its simplicity,
proven convergence in tabular domains, and successful application in other AxC
contexts [45, 67, 46|, as detailed in the next subsection.

Q-Learning

The DSE problem considered in this work involves discrete and finite decisions:
selecting AxC operators from a fixed library and choosing which program variables
to approximate. This naturally formulates an MDP with a finite state and action
space. In such scenarios, @-Learning [101] is a well-established model-free RL
algorithm suitable for learning optimal policies through value iteration. It does

99



Design Space Exploration Using Reinforcement Learning

not require an explicit model of the environment, which is advantageous in this
context where the approximation-induced behavioral model is complex and non-
differentiable.

The choice of Q-Learning over other RL algorithms is driven by several factors:

« The action space is discrete, involving the selection of arithmetic operators
and toggling of approximation flags. Q-Learning is highly effective in such
tabular settings without requiring function approximation.

o The state space, though large, is finite and structured, making value-
based learning more interpretable and easier to implement compared to policy-
gradient or deep RL methods.

o Q-Learning offers a sample-efficient and computationally lightweight approach,
suitable for DSE loops with bounded training steps and constrained simula-
tion time.

« Previous studies in resource-constrained DSE tasks, such as [109], have suc-
cessfully employed Q-Learning for related optimization problems with similar
design space characteristics, which supports the choice as reasonable for the
present setting.

Convergence Considerations: In theory, Q-Learning is guaranteed to con-
verge to the optimal policy under the following standard assumptions [110, 111]:

e The MDP has finite states and actions.

e The learning rate «; satisfies the Robbins-Monro conditions: >, a; = oo and
S al < oo.

o All state-action pairs are visited infinitely often.

e The reward function is bounded.

While the environment satisfies several of these conditions, namely, a finite MDP
and bounded rewards, the proposed method does not seek to fulfill the requirement
of infinite exploration due to the practical constraint of a finite exploration budget
(up to 10000 steps). Moreover, learning rates and reward shaping are tailored to
accelerate practical convergence rather than to fulfill theoretical guarantees.

Therefore, in this work, no claims of theoretical convergence to the globally
optimal policy can be made. Instead, this work relies on empirical convergence
assessed by:

« Stabilization of the agent’s cumulative reward,

56



4.2 — Reinforcement Learning Background and Algorithm Selection

» meeting the selected thresholds in observed runs for power and execution time
objectives while maintaining accuracy within user-defined bounds,

o Observed saturation in performance improvement across additional training
steps.

This empirical approach is common in applied RL for system-level design tasks,
where exhaustive state-action visitation is infeasible, but near-optimal trade-offs are
sufficient and desirable. Future work may explore deep RL methods with function
approximation to handle larger design spaces or establish probabilistic guarantees
for convergence under partial exploration.

4.2.3 Reinforcement Learning Instrumentation

In a typical RL framework [112], an agent interacts iteratively with an environ-
ment by performing actions and receiving observations (states) and corresponding
rewards. In this work, the RL framework specifically targets the automated DSE
of AxC techniques, aiming at balancing accuracy degradation with power and ex-
ecution time improvements [6]. The detailed RL setup comprises four essential
components: the environment, the state, the actions, and the reward function.
Each component is precisely defined below.

Environment Definition

The environment encapsulates the entire optimization problem context and re-
sponds dynamically to the agent’s actions. Formally, the environment is defined as
follows:

environment = { adder, multiplier, variables,ppros,
Aace, Apower, Atime} (4.1)

The parameters in Equation 4.1 represent:

o Adder, Multiplier: Integer indices representing selected AxC operators
from a predefined library of adders and multipliers (detailed in Tables 4.1
and 4.2). These are sorted based on their accuracy degradation (MRED).

« Variables to Approximate (variableSappror): A binary vector indicating
whether each variable in the target program is approximated (1) or kept
precise (0). Formally, variablesappror = {vo, v1,...,on-1 | v; € {0,1}}.
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o Accuracy degradation (Aacc): Measured as the MAE between the out-
puts of the precise and approximate versions of the application, computed as
follows:

1 N-1
MAE = N Z |exactOutput, — approzQutput,| (4.2)
i=0

where N is the total number of outputs.

« Power and Time Improvements (Apower, Atime): These quantify the
reduction in power consumption and execution time, respectively, comparing
the approximate execution against the precise baseline:

Apower = power, — POWET o (4.3)

Atime = timeyrecise — tiMEapprox (4.4)

recise

This environment is illustrated in Figure 4.1, showing the interaction cycle
clearly.

State Representation

The state in this RL setup represents the current configuration of the approxi-
mate design, along with the associated evaluation metrics:

state = (adder, multiplier, variables,ppros, Aacc, Apower, Atime) (4.5)

For instance, a typical state can be represented as (4, 5, (1,0, ... ,0), 30,100, 200),
indicating that approximate adder number 4 and multiplier number 5 are used, only
the first variable is approximated, and the observed changes are 30 units of accuracy
degradation, 100 mW power reduction, and 200 ns time improvement.

Action Space

The action defines the decision taken by the RL agent at each iteration, mod-
ifying the design configuration to explore new trade-offs. Specifically, the action
space consists of three types of actions:

1. Selecting a different approximate adder from the library.
2. Selecting a different approximate multiplier from the library.

3. Toggling the approximation status (precise to approximate or vice versa) of
one of the program variables.

The action space is discrete and finite, corresponding directly to the available
operators and variables in the application.
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Reward Function

The reward function guides the agent toward favorable configurations, balancing
power/time improvements and accuracy constraints. Algorithm 2 formally details
the reward assignment logic:

Input: R (Maximum cumulative reward), Rey, (Cumulative reward),
state (adder, multiplier, variables, Aacc, Apower, Atime)
if Aace < acey, then

[uny

2 if (adder=max AND multiplier=maz AND all variables approximated)
then

3 reward = R

4 terminate = True

5 end

6 else

7 if (Apower > py, AND Atime > t;,) then
8 ‘ reward = 1

9 end

10 else

11 ‘ reward = -1

12 end

13 end
14 end
15 else

16 ‘ reward = -R
17 end

18 R, += reward
Algorithm 2: RL reward assignment at step @

This function is constructed to encourage the agent to select configurations with
meaningful power and performance improvements while strictly penalizing designs
exceeding the defined accuracy threshold (accy,). Positive rewards incentivize ben-
eficial changes, while penalties guide the agent away from suboptimal regions of
the design space.

Algorithm 2 analyzes the current state. A further approximation can be in-
troduced if the accuracy loss is below the tolerable accuracy loss threshold for the
benchmark (line 4). This acceptable threshold is an exploration parameter and can
be adapted to the case. If the most-approximated adder and multiplier are in use
and all variables are approximated, the maximum reward possible is given, and the
"terminate" flag is set to true (lines 5 to 8). Otherwise (lines 9 to 16), the gain in
power consumption and computation time must be above a threshold to obtain a
positive reward (+1). Otherwise, the agent gets a negative reward (-1). Line 19
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gives the maximum negative reward when the accuracy loss exceeds its threshold.
Finally, the cumulative reward is updated (line 21).

Learning Algorithm: Q-Learning

In this work, the Q-Learning algorithm is chosen for its simplicity and effective-
ness in discrete, finite action spaces, as detailed in Section 4.2.2. The Q-function
update is defined as follows [101, 113, 114]:

Q(s,a) + Q(s,a) +a |r+ 7 max Q(s',d) —Q(s,a) (4.6)
where:
e ((s,a) is the current estimated value of taking action a in state s.
e « is the learning rate, controlling the impact of new experiences.
e 7 is the discount factor, influencing the importance of future rewards.
o r is the immediate reward received after taking action a.
o s and a are the subsequent state and the best subsequent action, respectively.

Through repeated interactions, the Q-function converges towards the optimal
policy that balances accuracy, power, and execution time effectively.

By combining the comprehensive RL setup described above with systematic
code instrumentation and evaluation of each configuration’s performance metrics,
the proposed methodology automates the exploration of complex approximation
design spaces.

4.3 Approximate Components Database and In-
strumentation

The selection and accurate characterization of AxC operators is fundamen-
tal to the success of the proposed RL-based DSE methodology. To this end, in
this work EvoApproxLib [4, 5] is utilized. EvoApproxLib is an extensively em-
ployed open-source library providing hardware-oriented AxC circuits. Specifically,
EvoApproxLib provides configurable implementations of approximate adders and
multipliers, characterized by accuracy, power consumption, and execution time.

The library contains C models and synthesis data for 8-bit and 16-bit adders and
8-bit and 32-bit multipliers, generated through EAs that aim to optimize specific
objectives, such as energy and area consumption, under error constraints. These
AxC units serve as the building blocks for the approximate version of the targeted
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benchmarks. The selected operators are summarized comprehensively in Tables
4.1 and 4.2, sorted by their MRED, a critical metric that quantifies computation
accuracy loss.

For 32-bit multipliers, due to the absence of explicitly accurate implementations
within EvoApproxLib, the corresponding parameters are derived by extrapolating
the power and execution time reduction factors from the 8-bit multipliers. Specif-
ically, the power and timing data for precise and minimally approximate 32-bit
multipliers are directly computed by applying scaling factors obtained from equiv-
alent operations in the 8-bit domain, ensuring consistency in the characterization
approach and enabling reliable DSE outcomes.

Table 4.1 lists the selected approximate adders along with their key characteris-
tics, namely, the type identifier, computation accuracy expressed as MRED, power
consumption, and computation time. Similarly, Table 4.2 provides detailed char-
acteristics for selected multipliers, facilitating systematic exploration and accurate
trade-off analysis during the RL-guided exploration.

Incorporating these operators into the target application requires systematic
code instrumentation, a crucial process that enables automated exploration by the
RL agent. Instrumentation involves replacing all arithmetic operations (additions
and multiplications) on variables selected for approximation with their correspond-
ing approximate versions from the library. Specifically, the RL agent dynamically
chooses the indices of the AxC operators from the pre-characterized library (Tables
4.1 and 4.2) and identifies the variables in the target codebase to approximate.
This process is achieved through software-level instrumentation using conditional
compilation or runtime selection based on the RL agent’s decisions.

The instrumentation ensures:

» Precise baseline execution for each benchmark, providing a reference for eval-
uating approximation-induced trade-offs.

« Execution of the approximate versions of benchmarks, configured according
to the RL agent’s current policy decisions (selected arithmetic operators and
variables).

o Accurate measurement of the output values for both precise and approximate
executions, enabling rigorous computation of accuracy degradation metrics,
primarily the Mean Absolute Error (MAE) as defined in Equation (4.2).

o Accurate estimation of power consumption and execution time by referencing
the pre-characterized values from the library.

By systematically integrating EvoApproxLib’s characterized AxC components
through instrumentation, the RL agent is enabled to navigate effectively through
a complex and discrete design space, exploring potential trade-offs among compu-
tation accuracy, power efficiency, and computational performance. The rigorous
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definition, instrumentation, and characterization process described herein provides
a structured foundation to support reproducible evaluation of the explored config-
urations.

Table 4.1: Selected adders from EvoApproxLib [4, 5, 6].

Operator | Type | MRED | Power (mW) | Time (ns)
8-bit adder | 1HG 0 0.033 0.63
8-bit adder | 6PT 0.14 0.029 0.55
8-bit adder | G6R6 2.93 0.012 0.27
8-bit adder | 0TP 6.16 0.0095 0.24
8-bit adder | 00M 14.58 0.0046 0.17
8-bit adder | 02Y 24.87 0.0015 0.11
16-bit adder | 1A5 0 0.072 1.28
16-bit adder | OGN 0.005 0.057 1.04
16-bit adder | 0BC 0.018 0.051 0.95
16-bit adder | OHE 0.16 0.036 0.68
16-bit adder | OSL 9.54 0.011 0.27
16-bit adder | 067 22.35 0.0041 0.20

Table 4.2: Selected multipliers from EvoApproxLib [4, 5, 6].

Operator Type | MRED | Power (mW) | Time (ns)
8-bit multiplier | 1JJQ 0 0.391 1.43
8-bit multiplier 4X5 0.033 0.380 1.40
8-bit multiplier GTR 1.23 0.303 1.46
8-bit multiplier L93 4.52 0.178 1.11
8-bit multiplier | 18UH 17.98 0.062 0.90
8-bit multiplier | 17MJ 53.17 0.0041 0.11
32-bit multiplier | precise 0 10.76 4.565
32-bit multiplier 000 0.00 10.46 4.470
32-bit multiplier 018 0.01 4.32 3.220
32-bit multiplier 043 1.45 1.63 2.440
32-bit multiplier | 053 10.59 1.05 2.030
32-bit multiplier 067 41.25 0.51 1.750

4.4 Experimental Setup

The experiments conducted in this study [6] employ a structured setup to eval-
uate the feasibility and applicability of the proposed RL-based DSE approach and
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characterize its behavior on the selected benchmarks. The experimental evaluations
utilize two fundamental computational kernels widely recognized for their signifi-
cance and frequent use in real-world engineering applications, specifically Matrix
Multiplication and the Finite Impulse Response (FIR) filter. The employed tools,
input generation procedure, and benchmark configurations are detailed in this sec-
tion.

4.4.1 Tools for Reinforcement Learning Implementation

To implement the RL environment, the Gymnasium library [115], is utilized,
which is a maintained and enhanced fork of OpenAl Gym [116]. Gymnasium is
an open-source Python toolkit specifically designed to provide a standardized and
reproducible RL environment, with the aim of developing, testing, and comparing
RL algorithms. It provides a standardized API to create and interact with custom
environments, thus enabling systematic experimentation and reproducible results.
The key advantage of employing Gymnasium lies in its modularity and extensive
community support, facilitating integration with various RL algorithms and tools
for debugging and performance analysis.

4.4.2 Benchmarks

Regarding benchmarks, two application kernels were selected: Matrix Multipli-
cation and the FIR filter. Each of these benchmarks is carefully chosen due to its
fundamental role and wide applicability in software and hardware domains, espe-
cially in applications relevant to AxC. For each kernel, two representative problem
sizes are evaluated to support an initial assessment of scalability and robustness of
the proposed exploration strategy under distinct computational characteristics.

Matrix Multiplication is a cornerstone operation extensively utilized in var-
ious computational domains, including scientific computing, graphics processing,
ML, and especially NNs [117, 118]. Its computational intensity, combined with
repetitive, structured arithmetic operations, makes matrix multiplication an ideal
candidate for exploring the application of AxC techniques. Approximation can
substantially reduce computation time and power consumption in matrix-heavy
workloads, a vital consideration in energy-constrained and embedded systems.

To evaluate Matrix Multiplication applications in this work, benchmarks with
two representative sizes are used:

e 10 x 10 matrices: providing insights into small-scale computational kernels
common in embedded and real-time processing applications.

e 50 x 50 matrices: representing moderate complexity workloads found in in-
termediate computational layers of various data-processing and NN inference
tasks.
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These two distinct sizes of the same benchmark are selected to provide a compar-
ative understanding of the scalability of the proposed method.

The FIR filter is widely employed in Digital Signal Processing (DSP) applica-
tions, including audio processing, image processing, and telecommunications. FIR
filters are characterized by their feed-forward structure, inherent numerical sta-
bility, deterministic latency, exact linear-phase response, and robustness to coeffi-
cient quantization, which makes them particularly suitable for real-time signal pro-
cessing and hardware-oriented implementations under finite-precision constraints
[119, 120, 121]. Applying AxC techniques when implementing FIR filters may re-
duce resource utilization without substantially degrading the quality of the filtered
outputs, especially in noise-tolerant applications such as audio and image enhance-
ment.

For FIR filter benchmarks in this work, a 32-tap FIR filter (a filter with the
length of 32) evaluated with two input sizes is used:

o 100-sample filter: representative of moderate complexity filters employed
in real-time audio and small-scale sensor-data processing.

e 200-sample filter: capturing more demanding filtering tasks, typical in ap-
plications requiring higher frequency resolution or improved noise suppression
capabilities.

White noise inputs are employed to thoroughly examine the robustness of the FIR
filter implementations against arbitrary input signals.

The experimental setup adopted in this chapter is designed to evaluate the fea-
sibility and effectiveness of the proposed RL-based DSE methodology rather than
to provide an exhaustive performance comparison across all possible approximation
strategies. Therefore, the experimental evaluation does not include a comparison
against a baseline configuration in which a single approximate adder and multiplier
are uniformly applied throughout the entire benchmark. Such fixed-approximation
scenarios have been extensively analyzed in prior AxC studies and do not involve
any form of DSE. Since the focus of this work is on evaluating the ability of the
proposed RL-based framework to autonomously discover heterogeneous approxima-
tion configurations, comparisons against trivial fixed baselines were not considered
in this study.

Despite selecting widely applicable and representative kernels, it is acknowl-
edged that the benchmark suite currently includes only a limited number of exam-
ples, particularly just one type per use-case category (matrix operation and signal
processing). This limited benchmark set does not allow full generalization to all
application domains; instead, it provides a controlled and well-understood experi-
mental context for validating the proposed methodology and analyzing its behavior
under distinct computational characteristics. Also, it is worth noting that even
in the case that the results demonstrate the feasibility of the proposed RL-based
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DSE approach within these selected cases, generalizing these results to all possi-
ble application domains requires careful consideration and further experimentation.
Extending the benchmark suite to cover a broader range of representative appli-
cations (e.g., larger-scale NNs, multimedia encoding algorithms, or diverse DSP
applications) remains essential future work to comprehensively validate the general
applicability and scalability of the proposed methodology.

Nevertheless, the current choice of benchmarks aims to represent foundational
computational tasks whose performance characteristics, while applying AxC tech-
niques at the hardware or software level, are well-documented and understood.
They serve as an effective baseline for initial evaluation and validation of the pro-
posed RL-based DSE framework, demonstrating potential benefits and facilitating
focused comparisons with existing AxC techniques.

4.4.3 Approximate Operators Library

The AxC operations (additions and multiplications) from the EvoApproxLib
library [4, 5] are selectively integrated into the benchmarks as directed by the RL
agent. The selected AxC operators from EvoApproxLib are detailed in Tables 4.1
and 4.2. All benchmarks underwent systematic instrumentation to facilitate accu-
rate measurement of performance, including power consumption, execution time,
and accuracy degradation. Power and time improvements (Apower and Atime)
are determined relative to precise baseline executions.

4.4.4 Selecting Thresholds and Metrics

The thresholds employed in the reward function were determined based on sys-
tematic considerations and empirical observations derived from preliminary exper-
imental evaluations tailored explicitly for the benchmarks considered in this study.
Specifically, the power (py,) and computation time () thresholds were set at 50%
of their precise baseline values. The appropriateness of these thresholds can vary
significantly across different benchmarks and optimization goals. Consequently,
setting these thresholds should always depend explicitly on the characteristics of
the specific benchmark being analyzed and the optimization goals.

The accuracy degradation threshold (accy,) was set to 0.4 times the average
precise output. This threshold was established through preliminary experiments
and systematic empirical analyses of the results for the chosen benchmarks. Specif-
ically, after conducting extensive preliminary tests involving numerous trials using
available approximations, it was concluded that this threshold maintains accept-
able accuracy levels for the examined benchmarks. However, this threshold value
cannot universally apply to all benchmarks or approximation techniques. In prac-
tice, the acceptable accuracy threshold must be specified by the user based on the
target application tolerance to approximation-induced errors prior to initiating the
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DSE. Consequently, adaptive thresholding schemes or more sophisticated accuracy
metrics, tailored explicitly for particular application domains, should be considered
in future studies.

Selecting the Maximum Number of Reinforcement Learning Steps

The maximum number of exploration steps for the Q-learning algorithm was
empirically set to 10000 based on systematic trial-and-error evaluations. While an
exhaustive search theoretically provides an absolute upper bound on complexity, it
rapidly becomes infeasible due to the complexity growth associated with the combi-
natorial exploration of all AxC operators and variable approximation choices. For
instance, an exhaustive search, even for modest problem sizes, would require mil-
lions of evaluations, which may exceed computational feasibility. Thus, the selected
10000-step limit offers a pragmatic compromise between the comprehensiveness of
exploration and practical computational constraints.

Selecting the Error Metrics

The primary accuracy metric employed in this study is the Mean Absolute
Error (MAE), as defined in Equation (4.2). MAE was chosen for its simplicity,
computational efficiency, and widespread use as an initial evaluation metric in AxC
literature [68, 77, 122, 84]. However, it is essential to acknowledge that MAE might
not comprehensively represent the quality implications for all real-world end appli-
cations, particularly where subjective or perceptual qualities significantly influence
user experience (e.g., multimedia applications). Therefore, while MAE provides an
efficient and standardized metric for preliminary evaluations, future studies should
incorporate additional, domain-specific accuracy measures to enrich the assessment
of approximation impacts.

Overall, this experimental setup is meticulously structured, offering a founda-
tion for systematically assessing and validating the performance and effectiveness
of the proposed RL-based methodology in the domain of AxC.

4.5 Experimental Results and Analysis

The experiments were conducted using the proposed RL-based DSE framework,
targeting the selected benchmarks: Matrix Multiplication (sizes 10x 10 and 50 x 50)
and the FIR filter (with 100 and 200 samples). The exploration process required
2000 and 4000 steps to achieve stable solutions for Matrix Multiplications of sizes
10 x 10 and 50 x 50, respectively. In addition, the exploration process required 500
and 1240 steps for the FIR filters with 100 and 200 samples, respectively. These
results reflect varied complexities across benchmarks [6].
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4.5.1 Exploration Outcomes

The complete exploration outcomes for each benchmark, including power con-
sumption, computation time, accuracy degradation (quantified by Mean Absolute
Error (MAE)), and selected approximate operators, are detailed in Table 4.3. The
reported numerical values represent the difference (A) between the parameter ob-
tained from the precise baseline and the one obtained after approximation at the
final exploration step. Specifically:

e Min: The minimum observed A value during exploration.

o Solution: The final configuration selected by the RL agent as the optimal
trade-off.

o« Max: The maximum observed A value during exploration, indicating the
extreme approximation scenario explored.

The accuracy degradation values indicate the extent to which computational
accuracy is compromised using MAE (see Equation (4.2)). It is crucial to note that
while the MAE provides a standardized accuracy measure, its implications for real-
world applications must be carefully evaluated based on the specific application
domain and error-tolerance criteria.

4.5.2 Evolution of Performance Metrics

Figure 4.2 and Figure 4.3 illustrate the evolution of performance metrics (power,
computation time, and accuracy) over the exploration steps for Matrix Multipli-
cation (10x10) and FIR filter (100 samples), respectively. Each data point corre-
sponds to a particular configuration tested by the agent. An apparent convergence
trend towards solutions that effectively balance accuracy against performance gains
can be observed in Matrix Multiplication. Conversely, FIR exploration exhibits
more fluctuation, indicating challenges related to reward shaping or hyperparam-
eter tuning, which highlights the need for further method refinements in complex
scenarios.

4.5.3 Reward Evolution Analysis

The evolution of the reward throughout the exploration provides insights into
the learning efficiency of the agent. As depicted in Figure 4.4, the reward evolution
for the Matrix Multiplication benchmark demonstrates consistent reward improve-
ments, indicating successful learning behavior. Conversely, the reward evolution for
the FIR filter reveals irregularities in the reward progression, indicating sensitivity
to the agent’s hyperparameters and reward shaping strategies, and thus warrants
further optimization efforts.
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Table 4.3: Exploration results for power, time, and accuracy across benchmarks

[6].
Bench K Matrix Mult. FIR
CHERMALKS 7% 10| 50x50 |100-sample| 200-sample
A Power (mW)
min 15 0.55 529.515 1059.345
solution 415.3 | 753.72 | 10850.855 | 1237.247
max 418.4 |1552.017| 17344.390 | 34699.1
A Time (ns)
min 50 -90 563.135 1126.605
solution 1780 | 1460.8 | 2664.385 | 3951.525
max 1840 | 5707.6 | 6547.495 | 13098.89
Accuracy (MAE)
min 0.02 0 1096.03 395.74
solution 19.95 | 0.736 1096.03 | 27580.345
max 204.71 | 26.7964 | 31671.43 | 27580.35
Configuration
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Multiplier 17™MJ | L93 043 018
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Figure 4.2: Exploration outcomes over time for Matrix Multiplication (10x10) [6].

68



4.5 — Experimental Results and Analysis

20000 35000
18000 | || | I\ | 1 w‘||\ || Nt |h‘ Wi | || ql Il Al Ul 30000
e g e
14000 L "‘\‘ ALY (im0 i ; R 1‘ “““ i f T M”‘ j“ li 25000
| 4 i L1l | Il I
= 12000 \u w0 TR | ‘ f ‘H i ‘ T ] i 1; I“ 20000 §
8 10000 “ ‘ ‘ ‘ 1 L | “‘ ‘ “‘ | I ‘ ,\ ‘ ( “ i L 15000 g
8000 g dir T URE { A 0 R <
6000 ok A1l Lk i 10000
4000 5500
2000 \ ! i | il
0 — — ‘ — 0
AT NOMUOUAONLWL O ATNOMWOWON N W O <
NSSROOHEMWOUOOOMILNONST OO MO ®
™ - A A NN NN NN NN <t st st
steps
Power Comp. Time Accuracy

Trend (Accuracy)

Trend (Power) Trend (Comp. Time)

Figure 4.3: Exploration outcomes over time for FIR (100 samples) [6].

0.8
0.7 E— s
0.6
0.5
0.4
0.3
0.2
0.1
0

100 200 300 400 500 600 700 800 900 1000
steps

Rewards averaged every 100 steps

= Avverage Reward for Matrix Multiplication - 10 x 10
= Average Reward for FIR - 100 samples

Figure 4.4: Average reward evolution for Matrix Multiplication (10x10) and FIR
(100 samples) [6].

4.5.4 Design Space Size and Complexity Considerations

Regarding the comparison of the complexity of exhaustive search against the
proposed method, it should be noted that despite selecting a limited number of
adders and multipliers per exploration step (five approximate operators for each in
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this case), the total size of the design space becomes considerably large when con-
sidering combinatorial interactions among arithmetic operators, variable approxi-
mations, and multiple precision levels. An exhaustive approach quickly becomes
computationally prohibitive, typically exceeding millions of evaluations even for
moderate problem sizes. The selected RL-based DSE attempts to reduce com-
plexity and efficiently navigate the design space, and struggles to achieve practi-
cal convergence towards near-optimal configurations within feasible computational
budgets.

Exhaustive per-site design space (independent of the RL policy).

Let A and M denote the numbers of additions and multiplications exercised
by the benchmark, respectively, and let S,qq and S, be the numbers of available
implementations per operator type (precise plus approximate variants in Tables 4.1
and 4.2). The total number of distinct configurations an exhaustive search must
enumerate is:

|Dexhaustive| - (Sadd)A X (Smul)M (47)

In this work, the setup is Saqqa = Smu = 6, hence |Degnaustive] = 64T, For
the naive n x n matrix multiplication kernel one has M = n® multiplications and
A = n?(n — 1) additions; e.g., at n = 50 this yields |Dexhaustive| = 6127000112250 —
62475 For an L-tap FIR filter applied to N input samples, where L is the filter
length (number of taps) and N is the number of input samples, M = L x N
and A = L x N, leading t0 |Dexhaustive] = 62N, For example, for L = 32 and
N = 100, | Dexhaustive| = 64109 = 6%409. These counts capture only per-site operator
choices; incorporating additional dimensions (e.g., variable-level masks or precision
schemes) would further enlarge the search space.

In conclusion, the presented results suggest the effectiveness of the proposed
RL-based DSE framework in navigating trade-offs among accuracy, power consump-
tion, and computation time, specifically for the Matrix Multiplication benchmarks.
Considering the FIR benchmarks highlights areas that require further method re-
finement and exploration for enhanced generalization and robustness.

4.5.5 Comparisons with Existing Methods

Several approaches exist for performing DSE on approximate designs, ranging
from heuristic and EAs to modern ML-based solutions. Traditional heuristics, such
as GAs or simulated annealing [44, 123, 70, 36, 71, 72|, systematically evaluate sets
of approximate operators while often requiring extensive computation time and
parameter tuning. Recently, ML-based DSE approaches, including RL, have shown
promising efficiency for performing DSE with the aim of resource allocation [96]
and speeding up High-Level Synthesis (HLS) exploration [97].
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Among ML-based DSE methods, RL is prominently featured in several notable
studies [45, 67, 46], although alternative learning strategies such as MBO [68],
modified MCTS [69], and general heuristic-based ML frameworks [38, 32] have also
been explored. The effectiveness of these methods depends strongly on their tar-
get hardware platforms, optimization objectives, and the complexity of the design
space.

Compared to the method proposed by Hashemi et al. [45], which applies
RL to optimize parameters for iris scanning on FPGAs, the proposed approach
targets general-purpose CPU scenarios, employing operator-level approximation.
While their framework focuses on parameter-level tuning, this study systematically
explores heterogeneous arithmetic configurations, enabling broader applicability
across various computational kernels.

The approach by Hoffmann et al. [67] employs RL to dynamically adjust
software-level parameters, such as loop perforation and data structure approxima-
tions, for heterogeneous platforms. In contrast, the proposed framework operates
directly on hardware-level arithmetic operators, providing finer control for approx-
imation and directly influencing power and timing characteristics of the executed
kernels.

Similarly, Elthakeb et al. [46] proposed an RL-based quantization framework
for DNN inference. Their solution is domain-specific, focusing on DNN operations,
and primarily targets quantization levels affecting accuracy-energy trade-offs. By
contrast, the proposed methodology supports a different category of computation-
intensive workloads, including signal processing and matrix operations, through
general-purpose arithmetic operation approximation.

Recent heuristic-based approaches, such as AutoAx [38], LDAX [32], and mod-
ified MCTS techniques [69], mainly target accelerator design and emphasize area
or energy efficiency. These studies, explore approximation techniques using ap-
proximate addition and multiplication operations similar to this study. However,
these studies often neglect explicit timing constraints or multi-objective trade-offs
for more than two objectives. The proposed RL-based exploration methodology in
this study explicitly integrates accuracy, power, and execution time objectives into
a single reward loop, allowing the agent to discover configurations that best satisfy
multi-objective requirements.

The complexity of the design space is another distinguishing factor. Heuristic or
EAs typically require a large number of evaluations to cover all of the combinations
of operator, variable, and precision-level choices. The proposed method leverages
the inherent learning capability of RL to reduce the number of evaluations needed
while maintaining near-optimal trade-offs. Nevertheless, as observed in the FIR
filter benchmark results, the reward fluctuations suggest that further refinement of
the reward-shaping strategy and hyperparameter tuning would enhance robustness
for more complex exploration scenarios.

The selection of RL as the primary search strategy, rather than EAs such as
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GAs, is motivated by the cost structure and scalability limits of search-based DSE
in combinatorial, black-box approximation spaces. As discussed in Chapter 2, Sec-
tion 2.2.2, EA-driven exploration typically requires a large number of full design
evaluations and careful hyperparameter tuning to achieve competitive solutions,
which becomes prohibitive as the number of approximation decision sites and op-
erator choices increases. In contrast, RL explicitly learns a policy that guides
subsequent sampling toward promising regions of the design space, thereby reduc-
ing repeated evaluations while maintaining the ability to operate under discrete
actions, non-differentiable objectives, and strict accuracy constraints.

In summary, the proposed RL-driven DSE methodology is consistent with recent
learning-based exploration solutions while enabling the exploration of approximated
designs and multi-objective optimization. Future research should focus on refining
the reward formulation, expanding benchmark diversity, and improving parameter
adaptation to increase the likelihood of generalizing the method across different
computational domains and to improve convergence stability in larger, more het-
erogeneous design spaces.

4.6 Discussion and Implications

The results presented in this chapter highlight the strengths and limitations of
employing a RL-based methodology for multi-objective DSE in AxC contexts. The
exploration outcomes across different benchmarks demonstrate that the proposed
framework can identify configurations that effectively reduce power consumption
and computation time, while controlling accuracy degradation within predefined
thresholds. Specifically, for matrix multiplication benchmarks, the agent exhib-
ited a consistent learning behavior and was able to converge towards high-quality
solutions. However, in more complex or less predictable benchmarks such as the
FIR filter, the exploration process revealed irregular reward patterns, suggesting
that further refinements in reward shaping or agent configuration are necessary to
improve convergence and robustness.

A critical factor influencing the success of the exploration is the setting of design
constraints, especially the thresholds accy, pin, and t;, that are encoded into the
reward function. These thresholds are not universal; they were empirically deter-
mined based on preliminary evaluations of the studied benchmarks and tailored to
the expected trade-offs between accuracy and performance. For instance, the se-
lected accuracy threshold (accy,), although fixed for experimental consistency, was
established through iterative trials to ensure that the final output remained within
an acceptable error range for the chosen benchmarks. As discussed in Section
4.4.4, this threshold may not be appropriate for other applications, and thus, the
framework is designed to allow user-specified constraints for each exploration run.
This flexibility ensures that the DSE process is adaptable to application-specific
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requirements and error tolerances.

The heterogeneous behavior observed across benchmarks also emphasizes the
significance of benchmark characteristics in shaping the agent’s learning trajectory.
Benchmarks with structured data and predictable error propagation, such as matrix
multiplication, provide a more favorable environment for the RL agent to exploit
the reward signals effectively. In contrast, benchmarks with more complex or noisy
behavior may require refined agent architectures, advanced reward normalization
strategies, or integration of prior domain knowledge to ensure stable exploration.

The complexity of the design space also plays a central role in determining the
practical utility of the proposed approach. As discussed in Section 4.5, even with
a constrained selection of arithmetic operators, the number of possible configura-
tions grows rapidly due to combinatorial interactions among operator choices, input
precisions, and error tolerances. Performing an exhaustive search in such spaces
becomes computationally infeasible, particularly for real-world applications. The
RL approach, despite its sensitivity to hyperparameter settings, offers a viable al-
ternative by guiding the exploration towards promising regions of the design space
without evaluating every possible configuration.

Looking forward, several avenues exist for enhancing the proposed framework.
Future work may focus on extending the reward function to incorporate more
diverse accuracy metrics or domain-specific quality indicators, enabling broader
applicability to domains such as image processing, signal analysis, or ML infer-
ence. Additionally, incorporating domain-specific insights, such as error resilience
patterns or sensitivity analysis of variables, could reduce search overhead and im-
prove convergence behavior. Another promising direction is to scale the framework
to support larger programs and a broader range of approximation opportunities,
including approximate memory accesses, control flow simplifications, or dynamic
bitwidth tuning. In general, future work will expand the evaluation to a broader
set of applications to further confirm the scalability and general applicability of the
proposed RL-based exploration framework.

In summary, the findings presented in this chapter indicate that RL consti-
tutes a promising tool for navigating the multi-objective trade-offs inherent in AxC
applications. While the framework demonstrates encouraging results for selected
benchmarks, further research is necessary to generalize its applicability, improve
its scalability, and increase its robustness to variations in application behavior and
design constraints.
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Chapter 5

Conclusion and Future Work

This thesis presented methodologies for performing DSE to apply AxC tech-
niques in computationally intensive designs, with a focus on accuracy, power con-
sumption, and computational time trade-offs. Two distinct approaches were ex-
plored: an [A-based DSE approach for exploring the effect of approximation on an
SNN and a RIL-based DSE approach for exploring approximation opportunities in
general computation benchmarks such as Matrix multiplication and FIR filters.

The TA-based methodology introduced in Chapter 3 provides a framework for
analysis and exploration, at least faster than brute-force evaluation in the evaluated
setups, to estimate the impact of precision reduction on an SNN accuracy. A base-
line IA model identified optimal truncation thresholds for the network parameters
while maintaining user-defined accuracy degradation limits, striving to reduce the
complexity of brute-force approaches. Further improvements introduced watchers,
enabling fine-grained, neuron-level precision tuning. This enhanced IA-based model
revealed opportunities to further reduce precision in select neurons without com-
promising network classification accuracy. Experimental evaluations showed con-
sistent exploration behavior in the studied cases, suggesting that selective precision
adjustments could achieve considerable memory compression and computational
efficiency.

Chapter 4 described an RL-based exploration framework designed to automate
the multi-objective selection of approximate arithmetic operations in software ap-
plications. Using an RL agent, the approach traded off the computation accuracy
with power consumption and execution time. Benchmarks such as matrix mul-
tiplication and FIR filter provided an initial validation of the feasibility of using
the proposed DSE methodology to find acceptable improvements in computational
efficiency and energy consumption within acceptable accuracy constraints. This
RL-based DSE approach provides a framework for systematically exploring large
design spaces, reducing manual tuning efforts in the evaluated cases.

Both methodologies share a common goal: efficiently navigating the design
spaces comprised of approximated designs to identify the most suitable designs that
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may maximize the benefits over optimization goals, for example, reducing power
consumption and the execution time simultaneously while maintaining accuracy
degradation within predefined acceptable thresholds. The two methodologies may
be complementary, and future work could investigate integration of such methods,
combining TA capability in local error estimation with RL global decision-making
capabilities. Such integrated approaches could further refine accuracy-aware DSE,
opening new avenues for optimizing complex AxC applications.

Future work should explore the scalability of the proposed methodologies to
larger and more diverse application domains. For the IA-based approach, extending
the error-propagation model to deeper or other types of NN architectures may yield
practical benefits. For the RL-based methodology, enhancing reward functions,
integrating more sophisticated learning algorithms, or combining RL with domain-
specific heuristics could lead to more efficient exploration in larger software systems.

Overall, the contributions presented in this thesis strive to advance the state-of-
the-art in DSE methodologies for AxC applications, providing foundations for fur-
ther research and practical applications in energy-efficient and performance-critical
computing systems.
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Appendix A

Comprehensive tables for Related

Work

This appendix consolidates all detailed comparative tables presented to catego-
rize the related work as referenced in Chapter 2. The tables retain their original
numbering and content for completeness.

Table A.1: Research works using ML-based search algorithms to perform the
DSE [2].
Year Ref. Target Hard- Use Case Do- Benchmarks Search Algo-
ware mains rithm
2018 [45] FPGA Image processing  Iris scanning RL
2021 [68] FPGA Image processing  Kernel-based MBO
Gaussian blur
filter
2019 [38] Accelerator Image processing  Sobel and Gaus- ML-based
(ASIC) sian blur filters heuristic
(one with fixed
coefficients, and
one with a 3 x 3
kernel)
2023 [69] Accelerator Signal and im- Adder Tree, Artificial  In-
(ASIC) age  processing RGB2gray, FIR, telligence
and general and Gaussian  (AI)-based
arithmetic blur filters heuristic: mod-
ified MCTS
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Table A.1 (Continued)

Year Ref. Target Hard- Use Case Do- Benchmarks Search Algo-
ware mains rithm
2021 [32] FPGA, ASIC, Image processing RGB2GRAY, ML
general- Ternary sum,
purpose FIR, image
computing sharpening, and
system Gaussian blur
filters
2015 [67] General- Video  encoder, x264, Swap- RL
purpose financial analysis, tions, Bodytrack,
hardware image processing, Swish++, Radar,
(heterogeneous  search engine, Canneal, Ferret,
mobile, tablet, digital signal pro- and Streamclus-
and server cessing,  netlist ter
processors) place-and-route,
image similarity
search, and clus-
tering algorithm
2020 [46] General- DNNs for Image AlexNet,  Sim- RL
purpose CPU and Digit Classifi- pleNet,  LeNet,
and DNN cation MobileNet,
accelerator ResNet-20, 10-
Layers, and
VGG-11/16
2023 [6] General- ML, digital signal Matrix multipli- RL

purpose CPU

processing, and
image processing

cation and FIR
filter

Table A.2: Research works using EAs as a search algorithm to perform the DSE [2].

Year Ref. Target Hard- Use Case Do- Benchmarks Search Algo-
ware mains rithm
2021 [44, 123] FPGA Image Processing  Pixel-streaming GA

pipeline
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Table A.2 (Continued)

Year Ref. Target Hard- Use Case Do- Benchmarks Search Algo-
ware mains rithm
2023 [70] FPGA-based High-Efficiency Multiplierless ES algorithm
approximate Video Coding Multiple Con- and NSGA-II
accelerator (HEVCQ) stant Multiplier
(MCM)
2022 [36] Accelerator Image processing Discrete Cosine NSGA-II
(FPGA  and (JPEG compres- Transform (DCT)
ASIC) sion)
2014 [71] General- Scientific ~ com- Fast Fourier GA
purpose CPU puting, 3D Transform
(implied) gaming, 3D im- (FFT), SOR,
age rendering, MC, SMM, LU,
signal, and image Zxing, JMEint,
processing Imagefill, and
raytracer
2023 [72] GPU Image classifica- MobileNetV2 and NAS al-
tion using CNNs  ResNet50V2 gorithms:
EvoApprox-
NAS (based on
NSGA-II)

Table A.3: Research works using custom search algorithms to perform the DSE [2].

Year Ref. Target Hard- Use Case Do- Benchmarks Search Algo-
ware mains rithm
2016 [43] ASIC, and HEVC Sum of Abso- Custom
FPGA lute  Differences
(SAD)
2020 [33] ASIC, and Image classifica- ResNet- Custom
FPGA tion using DNNs  18/34/38/74,
MobileNetV2,
and Transformer-
base/WikiText-
103
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Table A.3 (Continued)

Year Ref. Target Hard- Use Case Do- Benchmarks Search Algo-
ware mains rithm
2016 [79] ASIC (implied) Handwriting Array Multiplier, Heuristic.
recognition, gen- Carry Lookahead
eral arithmetic, Adder, Kogge
multimedia, sig- Stone Adder,
nal, and image Multiple and
processing Accumulate,
SAD, Euclidean
distance, DCT,
FFT, and FIR.
All used in a
DNN vector
accelerator
2019 [77] ASIC (implied) HEVC SAD Custom
2021 [80] ASIC (implied) Image processing Sobel, FIR, Custom
and Gaussian
blur filters, a
ReLu Neuron,
and Euclidean
distance
2017 [122] VLSI systems Image processing Average number Custom
and HLS, align- calculator, in-
ing with ASIC verse DCT calcu-
design lator, Sobel, FIR,
interpolation,
and  decimation
filters
2020 [73] HLS tools for Image processing Sobel and TS with poten-
accelerator de- Sharpen filters tial integration
sign of GAs
2018 [78] Hardware ML, digital signal Matrix multipli- Custom
accelerator processing, and cation, Sobel fil-

(ASIC implied)

image processing

ter, and DCT
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Table A.3 (Continued)

Year Ref. Target Hard- Use Case Do- Benchmarks Search Algo-
ware mains rithm
2016 [74] ML accelerator Image processing Eye and face GD
(ASIC) and Natural Lan- detection, optical
guage Processing digit, digit, web-
(NLP)/text clas- page, and text
sification classification
2021 [124, 125] ASIC (Al Ac- Image processing, VGGI16, Custom
celerator) NLP, and speech ResNet50, In-
recognition ceptionV3,
InceptionV4,
MobileNet V1,
SSD300, YoloV3,
YoloV3-Tiny,
BERT, a two-
layer LSTM,
and a four-layer
bidirectional
LSTM
2016 [27] NPU (ASIC) Financial analy- Blackscholes, Custom
sis, robotics, 3D FFT, Inversek2j,
gaming, image Jmeint, JPEG,
compression, Sobel filter
signal, and image
processing
2019 [75] Not spec- Image processing Matrix multipli- Custom
ified (im- cation and FIR
plied general- filter
purpose)
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Table A.3 (Continued)

Year Ref. Target Hard- Use Case Do- Benchmarks Search Algo-
ware mains rithm
2016 [76] GPU ML, signal pro- Backprop, Fast- Custom
cessing (pattern walsh, Gaussian,
recognition), Heartwall, Ma-
image processing, trixmul, Particle
medical imaging, filter, Simi-
scientific com- larity score,
puting, and web S.reduce, S.srad2,
mining and String
match  (GPU).
Bwaves, Cactu-
sADM, FMA3D,
GemsFDTD,

Soplex, and Swim

(CPU)

Table A.4: Research works that perform DSE for approximate functions design
space instead of a complete system [2].

Year Ref. Target Hard- Use Case Do- Benchmarks Search Algo-
ware mains rithm
2021 [81] FPGA (also NA apex2, bl2, clip, NSGA-II
ASIC implied) duke2, and vg2
benchmarks from
IWLS’93 Bench-
mark Set
2014 [83] FPGA and NA Ripple Carry, Custom
ASIC (implied) Carry Looka-
head, and Kogge
Stone Adders.
Wallace, and
Dadda Multipli-
ers
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Table A.4 (Continued)

Year Ref. Target Hard- Use Case Do- Benchmarks Search Algo-
ware mains rithm
2021 [82] FPGA and Safety-critical Generic combina- NSGA-II
ASIC (de- applications: tional circuits
signing fault- Quadruple Ap-
tolerant archi- proximate Mod-
tectures) ular Redundancy
(QAMR)
2021 [84] FPGA and NA Approximate Heuristic
ASIC (implied) adders, multi-
pliers, divisor,
barrel shifter,
Sine, and Square
2022 [85] FPGA NA Approximate NSGA-II
adders, multipli-

ers, decoders, and

ALUs

Table A.5: AxC techniques in research works using ML-based search algorithms to
perform the DSE [2].

Year Ref. le?;‘fgf Benchmarks Softhare Archit.ectural Hard\fvare
Techniques Techniques Techniques
ware
Reducing
search
window size
and the
region of Reducing the
2018  [45] FPGA Iris scanning  interest in NA filter kernel

iris images,
reducing the
parameters

of iris

segmentation

size
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Table A.5 (Continued)

Year Reof TI;J:rggf Benchmarks Software  Architectural Hardware
) ware Techniques Techniques Techniques
Approximation
of the
Kernel-based Wrii(iioew ;rlid& Approximate
2021 [68] FPGA Gaussian stride l,en th NA multipliers
blur filter o and adders
convolution
kernels
Sobel, and
Gaussian
blur filters
(one with Approximate
2019  [3§] A(E(:lselrg;or fixed NA NA adders and
coefficients, multipliers
and one with
a3dx3
kernel)
Adder Tree,
RGB2gray, Approximate
2023 [69) Ac(fls‘}rgor FIR, and NA NA adders and
Gaussian multipliers
blur filters
FPGA, RGB2GRAY,
ASIC Ternary sum.
enerai— FIR, image Approximate
2021  [32] & sharpening, NA NA adders and
purpose o
. and multipliers
computing Gaussian
system

blur filters

Continued on next page
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Table A.5 (Continued)

Target .
Year Ref. Hard- Benchmarks Softhare Archlt.ectural Hard\.vare
Techniques Techniques Techniques
ware
General- x264,
purpose Swaptions, PowerDial
hardware Bodytrack, (changes
(heteroge- Swish++, program
2015 [67] neous Radar, inputs data NA NA
mobile, Canneal, structure)
tablet, and  Ferret, and and Loop
server Streamclus- Perforation
Processors) ter
AlexNet,
SimpleNet,
o
2020 [46] CPUand  “iobileNet, — DNN layer NA NA
ResNet-20,  Quantization
DNN
10-Layers,
accelerator
and
VGG-11/16
General- hf?tﬁ?; trir(1)1r111— Approximate
2023 [6]  purpose P NA NA adders and
and FIR .
CPU flter multipliers
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Table A.6: AxC techniques in research works using EAs as a search algorithm to
perform the DSE [2].

Target .
Year Ref. Hard- Benchmarks SoftV\.fare Archlt.ectural Hard\jvare
Techniques Techniques Techniques
ware
Sparse
[44 Pixel- rLegiZisén
2021 X FPGA streaming NA NA prech
123] o scaling,
pipeline .
approximate
adders
FPGA-
based - Approximate
2023 [70]  approxi- Multiplierless NA NA adders and
MCM o
mate multipliers
accelerator
Accelerator Approximate
2022 [36] (FPGA DCT NA NA PP o
and ASIC) acaers
FFT, SOR,
MC, SMM,
General- .
. LU, Zxing, Program
2014 [71] plég%se JMEint, static NA NA
(implicd) Imagefill, instructions
P and
raytracer
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Table A.6 (Continued)

Target
Hard-
ware

Year Ref.

Architectural Hardware
Techniques Techniques

Software

Benchmarks Techniques

2023 [72]  GPU

Approximate
8xN bit
multipliers
emulated
using LUTs,
approximate
depthwise
convolution,
and
quantization-
aware
training

MobileNetV2,
and

ResNet50V2

NA NA

Table A.7: AxC techniques in research works using custom search algorithms to

perform the DSE [2].

Target .
Year Ref. Hard- Benchmarks Softhare Archlt'ectural Hard\jvare
Techniques Techniques Techniques
ware
Approximate
2016 [43) OIC and SAD NA NA adders and
FPGA .
logic blocks
ResNet- Progressive
18/34/38/74,  Fractional
Mo- Quantization
ASIC and  bileNetV2, (PFQ),
2020 [33] FPGA and Dynamic NA NA
Transformer- Fractional
base/WikiText-Quantization
103 (DFQ)

Continued on next page
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Table A.7 (Continued)

Target .
Year Ref. Hard- Benchmarks Softhare Archlt.ectural Hard\jvare
Techniques Techniques Techniques
ware
Array
Multiplier,
Carry
Lookahead Logic
Adder, o8
Kogge Stone isolation
Add using latches
b or AND/OR
ASIC Multiple and ates at the
2016 [79] .0 Accumulate, NA NA &%
(implied) inputs,
SAD,
. MUXes at
Euclidean
. the output,
distance, 4 power
DCT, FFT, an f.
and FIR. All MG
used in a
DNN vector
accelerator
ASIC Approximate
2019 [77] (implied) SAD NA NA adders
Sobel, FIR,
and Clock gating
Gaussian and precision
ASIC blur filters, a reduction of
2021 [80) (implied) ReLu NA NA primary
Neuron, inputs at the
Euclidean RTL level
distance
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Table A.7 (Continued)

Target .
Year Ref. Hard- Benchmarks Softhare Archlt.ectural Hard\jvare
Techniques Techniques Techniques
ware
Average
number Functional Internal
VLSI calculator, Unit signal
systems inverse DCT  Source-Code  Substitution  substitution
2017 [122] and HLS, calculator, Pruning (additions and
aligning Sobel, FIR, Based on and multipli- Bit-Level
with ASIC interpolation Profiling cations) at  Optimization
design and the HLS at the RTL
decimation level level
filters
HLSfOtrOOIS Sobel and Approximate
2020 [73] Sharpen NA NA adders and
accelerator .
) filters multipliers
design
Partial
producjt Inexact
perforation
. compressor
Hardware  Matrix mul- . in
accelerator  tiplication apprqxupate approximate
2018 [78] (ASIC Sobel filter, multipliers, NA multipliers,
. . and :
implied) and DCT . approximate
truncation in
approximate full adder,
adders/sub- and VOS
tractors
Eye and face
detection,
ML optical digit,
2016 [74] accelerator digit, NA NA ngnloactlin
(ASIC) webpage, gatiig
and text
classification

Continued on next page
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Table A.7 (Continued)

Target .
Year Ref. Hard- Benchmarks Softhare Archlt.ectural Hard\jvare
ware Techniques Techniques Techniques
VGG16,
ResNet50,
InceptionV3,
InceptionV4,
Mo- Approximated
bileNetV1, activation
124 ASIC (AI SSD300, Procision functions,
2021 1 25]’ Accelera- YoloV3, NA ‘o (iii;;n pooling, nor-
tor) YoloV3-Tiny, malization,
BERT, a and data
two-layer shuffling
LSTM, and
a four-layer
bidirectional
LSTM
Blackscholes,
NPU Invzg@j Use of NNs
2016  [27] (ASIC) Jmeint, NA (NPU NA
JPEC. Sobel accelerator)
filter
N(.)t Matrix mul- .
specified tivlication Approximate
2019 [75]  (implied P NA NA adders and
neral and FIR multiplier
et
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Table A.7 (Continued)

Target .
Yoar Ref. Hard. Benchmarks Softhare Archlt.ectural Hard\jvare
ware Techniques Techniques Techniques

For GPU:
Backprop,
Fastwalsh,
Gaussian,
Heartwall,
Matrixmul,
Particle
filter,
Similarity Rollback.
score,
2016 [76]  GPU S.reduce, NA NA Free Value
S.srad2, and Prediction
String (REVP)
match. For
CPU:
Bwaves,
CactusADM,
FMA3D,
GemsFDTD,
Soplex, and
Swim.
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Table A.8: AxC techniques in research works that perform the DSE for approximate
functions design space instead of a complete system [2].

Target

Year Ref. Hard- Benchmarks SoftV\.fare Archit.ectural Hard\jvare
Techniques Techniques Techniques
ware
apex2, b12,
clip, duke2,
FPGA be?iirﬁifks Logic
2021 [81] (also ASIC NA NA JOBLE
implicd) from falsification
IWLS’93
Benchmark
Set
Ripple
Carry, Carry
Lookahead, Boolean
FPGA and  and Kogge network sim-
2014 [83] ASIC Stone NA NA plifications
(implied) Adders, allowed by
Wallace, and EXDCs
Dadda
multipliers
FPGA and
ASIC
(designing  Generic com- Loi
2021 [82]  fault- binational NA NA SOBLE
. falsification
tolerant circuits
architec-
tures)
Approximate
adders, A nati
FPGA and  multipliers, [];pm}({ilma on
2021 [84]  ASIC divisor, NA NA B?\TF fon
. or
(implied) barrel truth tables
shifter, Sine,
and Square
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Table A.8 (Continued)

Target .
Yoar Ref. Hard. Benchmarks Softhare Archlt.ectural Hard\.vare
Techniques Techniques Techniques
ware

Approximate Customized
adders, approxima-

2022 [85] FPGA multipliers, NA NA tion of

decoders, Boolean

and ALUs networks

Table A.9: Evaluated metrics in research works using ML-based search algorithms
to perform the DSE [2].

Power Perfor
Accu Error or . Mem Pareto
Year Ref. . Time - Area
-racy Metric(s) En- -ory Front
mance
ergy
Industry-
level Mem. Logic Speedup
2018  [45] thresh-— HD 0 f any Energy E.Xec NA L.ltl_ Fltl_ vs. Avg.
old for  two images time liza- liza-
.. . . Error
iris en- tion tion
coding
Application- LUT LUT
2021 [68]  level MAE NA NA NA NA count count
error VS. error
Quality SSIM
2019 38 CLRe SSIM  Energy NA  NA NA  Area MR
sultss or
(QORs) energy
Output Area
2023 [69] accu- hgfsiﬁg’ NA NA NA NA Area  savings
racy VS. error
Output
2021 [32] accu- hgggg’ Power NA NA NA Area NA
racy
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Table A.9 (Continued)

Power

Accu Error or . Perfor Mem Pareto
Year Ref. . Time - Area
-racy Metric(s) En- -ory Front
mance
ergy
Precision/Recall,
PSNR,
Swaption
Application I;;;ii’ Energy Energy
2015 [67] accu- quality efi-  NA  Speedup NA NA VS.
racy wire ciency accuracy
length,
clustering
quality
Relative
RBI;%VEE DNN accusracy
2020  [46] quantiza- Energy NA  Speedup NA NA Ve
accu- . quanti-
tion error 3
racy zation
level
Output Comprtati
2023 [6] accu- MAE  Power tiomep“ PR NA  NA NA
racy

Table A.10: Evaluated metrics in research works using EAs as a search algorithm
to perform the DSE [2].

Power Perfor
Accu Error or . Mem Pareto
Year Ref. ) Time - Area
-racy Metric(s) En- -ory Front
mance
ergy
Output AF in
2021 M image  CIELAB  Power NA  NA NA  NA Powe
123] vs. AE

quality  color space

Continued on next page
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Table A.10 (Continued)

Power Perfor
Accu Error or . Mem Pareto
Year Ref. . Time - Area
-racy Metric(s) En- -ory Front
mance
ergy
Power
VS.
2023 [70] OE;E;“ PSNR  Power NA  NA  NA LUTt PSNR,
ALY O LUT s,
PSNR
Area vs.
DSSIM
(for
Mean ASIC).
Structural LUT
SIMilarity count
Output  (MSSIM) VS.
2022 [36] image and Power NA NA NA Area  DSSIM
quality — Structural (for
DISSIMi- FPGA).
larity Power
(DSSIM) VS.
DSSIM
(for
both).
ER,
average
2014 [71] QORs enﬁ%gﬁ’ Fnersy NA  NA  NA  NA NA
normalized
difference
Energy
”lgolf)lj (Classification mojl- Szf_ Energy
2023 [72] A accuracy 1 . NA NA NA  vs. CNN
ccu- tipli-  ing
(%) . accuracy
racy ca- time
tions
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Table A.11: Evaluated metrics in research works using custom search algorithms
to perform the DSE [2].

Power Perfor
Accu Error or . Mem Pareto
Year Ref. . Time - Area
-racy Metric(s) En- -ory Front
mance
ergy
2016 [43] OWPU BER (%) Power NA D' NA  Area  NA
quality Rate
DN ClassiﬁcationT—lirzm T?iln
2020 [33] accu- & & NA NA  NA NA
accuracy en- la-
racy
ergy tency
DNN . . _Energy
2016 [79] classific Ceoification o TNAT NA NA NA NA
. accuracy .
cation ngs
MAE vs.
power
Output and
accura- Power Circuit
cy/cod- MAE, dissi- Circuit  Area.
2019 [77] ing BD-PSNR  pa- NA NA NA Area Power
effi- tion and
ciency Area vs.
BD-
PSNR.
Output E;leeirgy Perfor Area Pi);;ver
2021 [80] accu- MRED NA NA over- '
duc- -mance output
racy . head
tion accuracy
Comput
2017 [122] MM MAE  Power NA LT NA L A ATORYVS
accu- -mance MAE
racy
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Table A.11 (Continued)

Power Perfor
Accu Error or . Mem Pareto
Year Ref . Time - Area
-racy Metric(s) En- -ory Front
mance
ergy
Power- Area
Output
MED, Delay- and
2020 {73 o PSNR Product NA- O NA Avea s ppp
Y (PDP) MED.
Output Power
2018 [78] accu- MRED  Power NA NA NA NA
VS. error
racy
Output Classific
2016  [74] b “ation  Energy NA  NA  NA  NA NA
quality
accuracy
124 DNN Cljtsiilic Inferenc€ompute
2021 " accu- - NA la- effi- NA NA NA
125] accuracy .
racy tency  clency
(%)
MRED,  Energy
2016 [p7] OWPUE missrate, re g gy NA L NA NA
quality image duc-
difference  tion
Output Normalized
2019 [75] accu- weighted  NA  NA NA NA NA NA
racy error
Product
of
MRED, energy,
Euclidean execu-
Output  distance Exec Men, tion
2016  [76] : ) " Energy . Speedup band-  NA :
quality ~ mismatch time . time,
width
rate, and
RMSE error vs.
predic-
tor size
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Table A.12: Evaluated metrics in research works that perform the DSE for approx-

imate functions design space instead of a complete system [2]

Power Perfor
Accu Error or . Mem Pareto
Year Ref. . Time - Area
-racy Metric(s) En- -ory Front
mance
ergy
Clireuit Resources
output (Cubes
2021 [81] P BER NA NA  NA NA  NA and
accu- :
Literals)
racy vs. BER
Normalized
Circuit Gate
output Error mag- count
2014 [83] nitude/fre- NA  NA NA NA NA
accu- onc VS. error
racy q Y fre-
quency
Critical ];ilays
2021 [82] NA NA NA path  NA NA  Area gare;'
delay .
gain
Power
CH;CHIE Normalized :fd
2021 [84] °"P" HDand Power NA  NA  NA  Area o
accu- utiliza-
MAE .
racy tion vs.
MAE
Aicuf? " pup PRV
2022 [85] 0PI ER NA NA NA NA LUT
mary count
count
outputs
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