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Abstract—Wearable devices and Internet of Things (IoT) sen-
sors require on-sensor processing of biosignals and environmental
data, including computationally demanding operations such as
nonlinear activation functions for neural network inference,
sensor calibration curves to map raw readings to physical units,
and signal preprocessing functions like logarithmic compression
and power operations for feature extraction. These functions
exhibit significant complexity, often involving transcendental
operations and multivariate dependencies that are costly to imple-
ment digitally. Analog function approximation provides a power-
efficient alternative by performing these computations in the
analog domain, thereby reducing the energy overhead associated
with analog-to-digital conversion and subsequent digital process-
ing. Flexible Electronics (FE) present a particularly attractive
platform for wearable applications due to mechanical flexibility
and low-cost fabrication, but impose strict constraints on circuit
density and power consumption, making efficient analog imple-
mentations critical but challenging. This work introduces Analog
Kolmogorov-Arnold Networks (AKANs), developed via hard-
ware—software co-optimization, to approximate these complex
multivariate functions accurately under hardware imperfections.
Our method incorporates circuit-level error modeling during
training and applies pruning at both software and hardware
levels to reduce area and power. Validation across multiple bench-
marks demonstrates that our proposed pruning methodology not
only reduces hardware cost but can also improve approximation
accuracy by regularizing spline parameters. Results show up to
55% area and 50% power savings, with average reductions of
nearly 30% across datasets, highlighting AKANs as a robust
and generalizable framework for low-power analog function
approximation in FE.

Index Terms—Function Approximation, Analog Building
Blocks, Kolmogorov-Arnold Networks, Hardware-Software co-
design, Flexible Electronics

I. INTRODUCTION

Emerging applications such as wearable devices [1], health-
care monitoring [2], and compact Internet of Things (IoT)
sensors [3] require on-sensor processing to address the strin-
gent constraints on data transmission, power efficiency, and
real-time responsiveness [4]. These applications often operate
in resource-constrained environments, where transmitting raw
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sensor data to digital processing units is too power-hungry
and inefficient. Analog pre-processing of sensor data offers a
promising alternative by performing the first layer of compu-
tation before digitization, thus reducing power consumption,
latency, and area requirements [5], [6], [7].

Flexible Electronics (FE) provide a promising platform
for achieving power-efficient sensor processing, offering ad-
vantages such as mechanical flexibility, lightweight design,
and cost-effective fabrication [8], [9]. However, implement-
ing high-performance computational models in FE presents
significant challenges due to limitations in circuit density and
power consumption [10], [11].

Analog function approximation plays a crucial role in
addressing these challenges, enabling efficient computation on
resource-constrained hardware. In wearable and IoT systems,
function approximation is routinely required for tasks such
as nonlinear activation functions in neural networks, sensor
calibration, and analog signal conditioning. Typical operations
include sigmoids, tanh, and other smooth activations [12],
polynomial mappings for sensor linearization in flexible ana-
log front ends [13], [14], and compression or power-law trans-
formations for feature extraction [15], [16]. These functions
are increasingly implemented directly in analog hardware to
reduce digital workload in near-sensor or in-sensor comput-
ing architectures [17], [18]. Analog implementations remain
vulnerable to noise, process variation, and device mismatch,
which can significantly degrade approximation accuracy if
hardware effects are not explicitly considered during model
design [19]. These constraints motivate the need for co-design
methodologies that jointly optimize algorithmic accuracy and
hardware efficiency while maintaining robustness to analog
non-idealities within the limitations of FE technologies.

Several state-of-the-art approaches have been proposed
to address these trade-offs in conventional and emerging
technologies: RRAM-based computing-in-memory has shown
promise for enabling efficient matrix operations, but device
variability and endurance remain significant limitations [12],
[17], [18], [20]. Polynomial-based techniques, particularly
Chebyshev approximations, provide predictable accuracy with
low hardware cost, though their energy demand increases with
function complexity [21], [22], [23]. Meanwhile, analog neural
networks with linear kernels offer energy-efficient mappings
of nonlinear functions [24], [16].

Kolmogorov-Arnold Networks (KANs) provide a structured
and automated approach to function approximation, eliminat-
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ing the need for manually designed architectures and enabling
efficient representation of complex functions [25], [26]. By
leveraging a decomposition of multivariate functions into a
sum of univariate functions, KANs reduce the complexity of
function approximation, making them a compelling alternative
to traditional polynomial or piecewise-linear methods. How-
ever, direct hardware implementations of KANs often incur
significant area and power overhead, limiting their applicabil-
ity in FE platforms [27], [28].

To address these limitations, this work proposes an Analog
Kolmogorov-Arnold Network (AKAN) designed through a
hardware—software co-optimization methodology that explic-
itly accounts for circuit-level constraints during model training
and pruning. The proposed framework integrates circuit sim-
ulation, error modeling, and parameter pruning into a unified
design loop, enabling systematic exploration of accuracy—cost
trade-offs in FE implementations. The central novelty of this
work rests on three key contributions:

1) Technology-aware analog error modeling for FE.
We derive continuous, input-dependent error functions
directly from transient SPICE simulations of unipolar
IGZO TFT circuits, capturing systematic hardware non-
idealities in a commercially relevant FE process.

2) Circuit-block-level coefficient pruning co-designed
with KAN training. Our pruning operates at the level
of individual polynomial coefficients (kg, ki, ko) of
each quadratic spline, where each removed coefficient
corresponds to the physical removal of a circuit block
(multiplier, squarer, or adder) in the IGZO implementa-
tion.

3) Application-driven validation on representative sen-
sor datasets. The complete co-design methodology is
evaluated across four datasets—PPG-DaLiA, ECG5000,
Individual Household Electric Power Consumption, and
Iris—covering biomedical monitoring and sensing sce-
narios relevant to FE deployment.

The proposed methodology differs fundamentally from prior
digital and software-based KAN implementations. Existing
approaches typically assume discrete digital hardware models
or apply statistical error distributions independent of circuit
behavior. In contrast, our framework derives a continuous error
function €nyraware () directly from transient circuit simulations
and updates this model for each pruning configuration. This
closed-loop interaction between circuit topology and training
objective ensures that pruning decisions are validated through
measurable hardware metrics, including area and power con-
sumption, rather than purely algorithmic criteria.

This manuscript represents a substantial extension of our
preliminary conference paper [29]. The prior work introduced
the basic analog building blocks and a fixed-offset error model
for a single spline configuration. The present work expands
that foundation through:

e a systematic hardware characterization covering 1,000
SPICE simulation runs across the full coefficient space
(ko, k1, k2),

 a continuous, input-dependent error model €pyraware ()
derived from simulation data and embedded into the KAN

training process,

o a coefficient-level pruning methodology evaluating all
20 distinct spline configurations with direct mapping to
circuit-block removal, and

« validation across multiple sensor datasets demonstrating
substantial reductions in hardware cost while maintaining
approximation accuracy.

The combination of pruning and hardware-aware opti-
mization ensures that AKAN implementations remain feasi-
ble for resource-constrained environments while maintaining
accuracy comparable to digital counterparts. The proposed
coefficient-level pruning reduces the area and power consump-
tion of the splines by up to 55% and 50%, respectively, relative
to the unpruned baseline. These figures represent block-level
improvements; the system-level impact depends on the fraction
of the complete sensing pipeline occupied by this analog
building block, see Section IV.

The rest of the paper is structured as follows: Section II
provides the necessary background about FE, analog function
approximation, and KAN-based implementations. Section III
details the proposed AKAN design methodology, including
hardware characterization, error modeling, pruning strategies,
and training procedures. Section IV presents the experimental
evaluation of pruning configurations and their impact on
accuracy, area, and power consumption. Finally, Section V
concludes the paper.

II. BACKGROUND
A. Flexible Electronics

FE are systems designed to bend and conform to non-rigid
surfaces while retaining functionality. Fabricated on substrates
like polyimide, plastic, or metal foil, they support applications
in wearable health monitors, adaptive sensors, and flexible
displays [31], [32]. Their adaptability makes FE ideal for next-
generation lightweight and versatile electronic systems.

Indium Gallium Zinc Oxide (IGZO) is central to FE,
enabling thin-film transistors (TFTs) with high mobility and
low leakage. IGZO outperforms amorphous silicon but lacks
P-type transistors, leading to unipolar circuit designs and
requiring techniques like dynamic logic and pseudo-CMOS
to achieve full functionality [33], [34], see Fig. la.

Adaptations of semiconductor processes to flexible sub-
strates reduce costs and complexity. PragmatIC Semicon-
ductor’s FlexIC platform avoids ion implantation and high-
temperature steps, enabling cost-effective mass production
with critical dimensions around 600 nm [35]. FlexICs can
integrate MCUs [36], sensors [37], communication proto-
cols (NFC, SPI, 12C, UART), and analog circuits (ADCs,
DACs) [19], [38], signal conditioning circuits [39], [40], en-
abling tailored solutions for application-specific requirements,
see Fig. lc. These blocks support ultra-low-power signal
processing for real-time feature extraction in wearables and
IoT sensors [41], [8].

While not a replacement for silicon, FE complements it
in domains demanding stretchable, disposable, or low-cost
solutions like smart packaging, wearables, and interactive
surfaces [42], [43]. This expands electronic applications into
areas inaccessible to rigid ICs.
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Fig. 1. a) Cross-section of a unipolar IGZO TFT showing key layers. b) Process schematic illustrating photolithographic patterning on flexible substrates,
typically involving deposition of IGZO semiconductors and metallic interconnects c¢) PragmatIC’s FlexIC design capabilities, integrating power management,
analog/sensor interfaces, processors, and communication modules into flexible ICs [30].

B. Analog Function Approximation

Analog function approximation is a fundamental aspect
of analog computing, enabling the representation and pro-
cessing of mathematical functions using continuous electrical
signals [44]. Historically, analog function approximation has
been pivotal in applications requiring real-time processing and
low-power consumption, such as signal processing and control
systems [5], [7].

Recent advancements have revitalized interest in analog
computing for function approximation. One of these is the
development is the integration of nonlinear activation functions
within analog resistive crossbar arrays [12]. This innovation
facilitates efficient implementation of complex mathematical
operations directly in hardware, enhancing the performance
of analog neural networks. By embedding nonlinear functions
into the hardware architecture, these systems can achieve
faster computation speeds and reduced energy consumption
compared to their digital counterparts.

Complementary studies have shown that resistive memory
devices (RRAM) can be exploited not only for storage but
also for analog approximate computing, reducing hardware
overhead while supporting neural inference tasks [17], [18],
[20]. Such RRAM-based implementations highlight the dual
role of memory and computation in enabling compact, energy-
efficient analog architectures.

Another significant contribution is the use of analog in-
memory computing (AIMC) for kernel approximation in ma-
chine learning algorithms [45]. This approach leverages the
inherent parallelism and low latency of AIMC architectures
to perform complex computations more efficiently. By in-
tegrating computation and memory storage, AIMC reduces
data movement and accelerates processing times, offering a
promising solution for energy-efficient machine learning appli-
cations. In parallel, polynomial-based analog approximations,
such as Chebyshev expansions, have been investigated as
an alternative to memory-centric approaches. These methods
provide predictable error bounds and can be implemented in
hardware-friendly architectures, although energy cost scales
with polynomial degree [21], [22], [23], [46].

Additionally, the development of compact analog computing
systems, such as those utilizing ultrasonic wave interactions,
has expanded the capabilities of analog function approxi-
mation [47]. These systems can solve a variety of linear
and nonlinear integro-differential equations, demonstrating the
versatility of analog approaches in modeling complex physical
phenomena. Analog neural network architectures have also

been investigated in the form of Kirchhoff-based networks
and in-sensor computing schemes, enabling energy-efficient
mappings of nonlinear functions [24], [16].

C. Kolmogorov-Arnold Networks: Theory and Architecture

KANSs are a class of artificial neural networks that leverage
the principles of Kolmogorov’s superposition theorem [48].
This theorem states that any continuous function of several
variables can be represented as a finite superposition of
continuous functions of a single variable. Unlike conventional
neural networks that rely on layered compositions of activation
functions, KANs exploit this theorem to decompose complex
functions into structured, hierarchical representations, enabling
them to model nonlinear relationships effectively. In Fig. 2, we
show the architecture of Multi-Layer Perceptrons and KANs,
contrasting their respective layer structures and activation
function implementations.

The architecture of KANs typically consists of multiple
layers, where each layer performs a specific transformation
of the input data. The first layer applies basis functions to the
inputs, generating a set of intermediate values. These inter-
mediate values are then processed through subsequent layers
to refine the approximation. By optimizing the parameters of
the network, KANs can learn to approximate a wide range
of functions, making them suitable for applications in fields
such as signal processing and control systems [25], [26]. The
hierarchical nature of these networks allows them to efficiently
capture fine-grained variations in the data while maintaining
computational efficiency.

A key advantage of KANs is their ability to achieve
high approximation accuracy with relatively few parameters,
reducing memory and computational overhead compared to
traditional deep neural networks. Furthermore, their inherent
structure enhances robustness to noise and uncertainties in
the input data, making them suitable for low-power, real-time
applications where computational efficiency is crucial [26],
[29]. As illustrated in Fig. 2, the architecture of a generic KAN
consists of multiple spline-based approximators interconnected
through Multiply-Accumulate (MAC) operations.

Several recent works have explored hardware implemen-
tations of KANs beyond the digital CMOS domain. Wen et
al. [49] propose a computing-in-memory (CIM) architecture
based on tunable Gaussian-like memory cells composed of
anti-ambipolar transistors and memristors, enabling analog
in-memory evaluation of KAN activations with significant
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Fig. 2. Comparison of the MLP and KAN architectures, highlighting the differences in their layer structures and activation function implementations.

energy efficiency gains over GPU implementations. Sudarshan
et al. [50] introduce KA-CIM, a CIM accelerator that computes
arbitrary nonlinear functions using a piecewise-linear approx-
imation scheme, demonstrating that KAN inference can be
efficiently mapped onto memory-centric architectures. Taglietti
et al. [51] further demonstrate physical KAN implementations
in silicon-on-insulator devices, showing that learning nonlinear
device dynamics, rather than linear weights, can improve task
performance per physical resource. Collectively, these works
establish analog and physical KAN implementations as an
active research direction. However, none of them target FE or
IGZO-based wearable platforms, leaving a gap in ultra-low-
power, mechanically constrained implementations.

In parallel, prior work on KAN compression and acceler-
ation has primarily focused on digital and algorithmic ap-
proaches. Huang et al. [28] investigate sparsity-aware map-
ping and quantization-aware training for efficient KAN in-
ference on resource-constrained CMOS hardware, targeting
lightweight edge deployment. ShapKAN [52] proposes a
software-only pruning framework for KANs based on shift-
invariant Shapley-value attribution. In this approach, the im-
portance of each KAN node is estimated using a game-
theoretic contribution score that is designed to be invariant
to permutation and scaling effects in KAN representations.
Nodes with low attributed importance are removed to achieve
model compression. While both ShapKAN and the present
work aim at reducing KAN complexity, they differ fundamen-
tally across multiple dimensions. First, the pruning criterion
in ShapKAN is based on global attribution scores derived
from Shapley values, whereas the present work uses SPICE-
validated numerical error metrics (NMPE) tied to circuit-
level behavior. Second, ShapKAN operates at the node level,
removing entire functional units, while the present work
performs coefficient-level pruning within spline functions,
enabling finer-grained control aligned with physical circuit
decomposition. Third, ShapKAN is purely algorithmic and
hardware-agnostic, whereas the present approach is explicitly
hardware-aware, incorporating closed-loop circuit simulation
into the pruning process. Finally, ShapKAN is evaluated on
digital inference accuracy metrics, while the present work
targets FE wearable sensing applications where performance is
jointly constrained by accuracy, power, and area in an IGZO-
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Fig. 3. Schematic representation of the Analog Building Blocks: a) Inversion,
b) Subtraction, ¢) Multiplication, d) Addition, and e) Squaring. Architectural
overview of f) an AKAN utilizing ¢ splines. The KAN is constructed using
MAC s, where resistors connected in series with each spline enable weighted
accumulation. The resistor values determine the contribution of each spline,
allowing flexibility in weight assignment. g) an Analog Spline.

based analog implementation.

D. Analog Implementation of KANs in FE

The motivation for implementing KANs in the analog
domain when using FE, as opposed to digital methods, is
primarily driven by the constraints and demands of FE. Dig-
ital implementations of function approximations can become
cumbersome and costly, particularly in applications such as
wearable devices and [oT sensors that require real-time pro-
cessing with minimal energy expenditure.
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Analog Building Blocks (ABBs) are specifically designed to
perform fundamental functions such as inversion, subtraction,
addition, multiplication, and squaring. Each operation is op-
timized to enhance functionality while addressing constraints
inherent in FE, establishing a solid foundation for the KAN
implementation [29].

The ABBs, illustrated in Fig. 3 a) to e), provide the basic
arithmetic operations necessary for constructing the function
approximators. By combining these blocks efficiently, more
complex functions such as quadratic splines can be realized.

The hardware implementation realizes the following
quadratic polynomial representation:

B(z) = Py + (P, — Py)2x + (Py — 2P, + Py)2* (1)

which enables the construction of splines with fewer blocks
compared to alternative approaches, such as the Bezier second-
order representation [25]. Specifically, the implementation
requires five blocks: two multiplications, one squaring, and
two additions. Each sub-block of the spline is designed to
ensure that input ranges are compatible with overall system
requirements, maintaining functionality within specified limits.
The complete analog spline implementation is shown in Fig. 3
f).
Additionally, the KAN is constructed by applying MAC
operations, facilitated by strategically connecting resistors to
the splines. This design allows for the adjustment of resistor
values to achieve desired weights for each spline, ensuring
flexibility in the KAN’s architecture. This modular approach
not only simplifies the retraining process—allowing updates to
input values without a complete redesign—but also lays the
groundwork for future optimizations. The architecture of the
analog KAN is depicted in Fig. 3 g).

To further enhance performance and minimize error, var-
ious training and optimization techniques can be applied
to AKANSs, including hardware-aware pruning strategies and
adaptive resistor tuning. These techniques enable a balance be-
tween accuracy and efficiency, making them particularly well-
suited for energy-constrained environments such as flexible
and wearable electronics.

Nevertheless, this design can be enhanced through hardware
and software co-optimization. Our work aims to further reduce
area and power by conducting a comprehensive exploration of
pruning methods for the splines and their impact on the overall
accuracy of the approximation.

III. PROPOSED HARDWARE-SOFTWARE CO-DESIGN OF
THE AKAN

This section presents the hardware-software co-design
methodology for pruning-aware AKAN implementations. The
approach consists of four main stages: (i) hardware architec-
ture design, (ii) circuit-level error characterization and cost
analysis, (iii) pruning-aware training strategy, and (iv) vali-
dation across application-relevant benchmarks. The proposed
approach builds upon existing architectures that use ABBs
for efficient spline approximation. Our key contribution is a
systematic pruning methodology that operates at the spline
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Fig. 4. Layered workflow of the proposed hardware-aware function ap-
proximation framework using Kolmogorov—Arnold Networks (KANs). The
methodology separates technology-specific hardware characterization, KAN-
specific pruning, and a generic hardware-aware training loop. SPICE simu-
lations generate hardware spline models, error modeling captures deviations
from ideal behavior, and training evaluates performance in terms of accuracy,
area, and power.

parameter level, enabling joint optimization of hardware cost
(area and power) and approximation accuracy. Unlike conven-
tional pruning strategies that remove entire splines or neurons,
we selectively set individual polynomial coefficients (kg, k1,
or k3) to zero based on their contribution to the approximation
accuracy.

Three features distinguish this framework from generic
hardware-in-the-loop training and from the CIM-oriented
KAN work of [28]. First, the error function énaraware () is de-
rived from transient SPICE simulations of unipolar IGZO TFT
circuits, whose operating regime (subthreshold leakage, low
Vru uniformity, absence of P-type devices) produces input-
dependent error profiles qualitatively different from SRAM-
or RRAM-based CIM arrays. Second, pruning operates at the
coefficient level within each spline rather than at the node
level, and each pruned coefficient corresponds to the physical
removal of a discrete circuit block—creating transistor-level
area and power savings. Third, unlike [28] where the error
model is applied after architecture design is fixed, our error
model is updated per pruning configuration, creating a closed
loop between circuit topology and training objective.

An additional distinguishing feature of our approach is
the incorporation of a simulation-based error model, which
captures the error variations across different input signals. The
error function derived from these simulations is integrated into
the KAN training process to account for systematic errors
introduced by pruning. A layered overview of the proposed
hardware-aware training and pruning workflow for AKAN-
based function approximation is shown in Fig. 4. Finally, we
validate the framework on different sensor datasets, demon-
strating its robustness for FE-based preprocessing applications.

A. AKAN hardware architecture

For the hardware design of our AKAN, we use as a baseline
an existing architecture that utilizes ABBs for function ap-
proximation [29]. While the baseline circuit topology remains
unchanged, our contribution lies in: (1) systematic characteri-
zation of the parameter space through a large number of circuit
simulation runs to establish coefficient-to-error mappings; (2)
development of a pruning methodology that selectively re-
moves polynomial terms rather than entire splines; and (3)
integration of circuit-level error models into KAN training
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Fig. 5. Architecture of the spline: a) Original, and after pruning: b) kg, c)
k1, and d) ko.
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for hardware-aware optimization. After replicating the base-
line design, we perform parametric sweeps across all spline
coefficients to characterize circuit behavior. Using Equation 1
as the foundation for each spline, we redefine the constant
terms to simplify the equation. This approach allows us to
express the spline as a second-degree polynomial:

ko + kyx + koa?, (2
where
ko = Py, 3
kl = (P1 — P()) X 2 (4)
ko =Py — 2P, + Ps. (5)

These transformations map the piecewise control points
Py, Py, P, to polynomial coefficients that directly correspond
to circuit bias currents and transistor sizing ratios in the ABB
implementation.

The central design objective of this work is to identify prun-
ing configurations that reduce hardware cost while preserving
approximation fidelity within predefined accuracy bounds. To
this end, we employ a hardware-software co-design approach,
with pruning serving as one of the key parameters for optimiz-
ing the hardware. Pruning is evaluated at two complementary
levels:

o Spline level: individual coefficients (kq, k1, or k) are
removed, and the resulting circuit simplification is eval-
uated in terms of area and power.

o KAN level: the impact of these local coefficient removals
on overall approximation accuracy is assessed across the
complete input space.

By evaluating both hardware implications and system-
level performance for each configuration, this hardware-aware
methodology identifies pruning strategies that reduce circuit
complexity while maintaining acceptable approximation qual-
ity.

Each parameter (ko, k1, k2) has a different impact on the
hardware design. Removing one parameter may lead to a
reduction in hardware area and power, but it also introduces
a trade-off in the approximation accuracy of the spline. The
structural modifications in the spline design, depending on

the parameter removed, are illustrated in Fig. 5, showing the
varying degrees of complexity for each configuration. The
impact on area, power, and approximation error is quantified
through circuit-level simulations to establish Pareto-optimal
pruning configurations.

Since the input range for kg, k1, ko2, and V;,, is constrained
between -0.5V and 0.5V (equivalent to Vy4/2), all simulations
adhere to this limitation.

B. Error Modeling and Hardware Cost Evaluation

In this phase, we aim to quantify the error and hardware cost
of the realization of various splines. The parameters kg, k1, and
ko are systematically swept across 10 discrete values within
the range of -0.5V to 0.5V. For each set of parameters, sim-
ulations are conducted using the Cadence Spectre simulator,
which evaluates the hardware cost in terms of area and power
consumption. This characterization establishes the relationship
between coefficient values and both approximation fidelity and
hardware efficiency.

The simulations involve 1,000 different runs, each with
a ramp input signal (V;,) spanning -0.5V to 0.5V, sampled
at 0.02V intervals over a 10ms sweep duration, resulting
in 500 distinct values per run. Transient simulations use a
maximum timestep of 1us to ensure accurate capture of circuit
dynamics. The circuit settles within 100us for each input step,
and measurements are taken after this settling time to avoid
transient effects. For each combination of kg, k1, and ko, we
compute the NMPE between the hardware-implemented spline
and the ideal mathematical spline.

The simulation data are transferred from Cadence to Python
as follows. For each of the 1,000 runs, the output voltage
waveform Vyy(z) is exported as a CSV file containing the
swept input Vi, and the simulated Vo, at 500 uniformly spaced
values in [—0.5V, +0.5 V]. The per-sample error is defined as
€raw(Zi) = Vourspice(2i) — Bideal(€:), Where Bigea(z) is the
ideal spline polynomial. From the 1,000 runs, the 30 configura-
tions with NMPE closest to zero are retained. Their error pro-
files are aggregated into a single representative curve, which is
then fitted in Python using scipy.optimize.curve_fit
over a candidate set of polynomial, exponential, logarithmic,
and rational models. The single fitted function énardware (Z)—
not the raw tabular data—is subsequently embedded into the
KAN training loop as an additive offset on the target signal.
The same pre-characterized simulation dataset is reused across
all 20 pruning configurations, allowing rapid evaluation of
alternative hardware topologies without repeating circuit-level
simulations.

The resulting data identifies parameter ranges where hard-
ware realizations achieve acceptable approximation quality
(NMPE near zero) at minimal area and power cost. These
findings directly inform the pruning thresholds applied in
subsequent stages.

The best-fit error model is selected based on the coefficient
of determination (R?), with a minimum requirement of R? >
0.95 to ensure accurate representation of hardware behavior. In
cases where multiple models satisfy this criterion, the model
with the lowest complexity (fewest parameters) is selected to
reduce the risk of overfitting.
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These characterized error profiles form the quantitative basis
for pruning decisions and directly parameterize the hardware-
aware training stage described in the next subsection.

C. Pruning and Training Strategy for KAN Optimization

The pruning process begins by selecting optimal values
for kg, k1, and ko based on the error and hardware cost
analysis. At the KAN level, we systematically evaluate all
possible pruning combinations: no pruning (baseline), pruning
ko only, pruning k; only, pruning ko only, and all pairwise
and triple combinations. For each pruning configuration, the
corresponding hardware error function is recomputed using the
stored circuit characterization data.

For each pruning configuration, we adjust the spline by
removing one parameter (either kg, ki, or ko) and then
re-compute the error function. The error is then modeled
using the same set of functions (polynomial, exponential,
logarithmic, rational), and the best-fit model is selected based
on the R? value. This ensures that each pruning scenario has
an accurate error model for subsequent training.

The pruning strategy balances two competing objectives:
minimizing hardware cost (area and power) while keeping
approximation error within acceptable bounds. By comparing
pruned configurations to the baseline, we identify which
coefficients can be safely removed with minimal accuracy
degradation.

A defining aspect of the training methodology is the integra-
tion of hardware-aware error models into the optimization ob-
jective. Instead of assuming ideal circuit behavior, the training
process explicitly accounts for measured hardware deviations,
enabling the network to learn parameter configurations that
remain robust under realistic operating conditions.

The training process is conducted in Python, where the error
models are integrated into the KAN training framework. The
training workflow consists of three main stages:

Stage 1: Error Model Assignment. For each pruning
configuration (baseline, single-parameter pruned, or multi-
parameter pruned), we assign the corresponding error model
obtained from circuit simulations. This creates a library of
error functions indexed by pruning state.

Stage 2: Noisy Target Generation. During training, we
inject hardware errors into the target function by adding the
error model as additive noise. For noiseless (ideal) training,
this step is skipped. For noisy training (baseline or pruned),
the target becomes fiarget(2) = fideal () + €nardware (), Where
€hardware () 18 the fitted error function from the corresponding
pruning configuration.

Stage 3: KAN Training and Evaluation. The KAN is
trained using standard backpropagation to minimize mean
squared error between predicted and noisy target values. For
a KAN with 3 splines, we evaluate 20 unique pruning combi-
nations across all target functions (accounting for symmetry,
where the order of pruned splines does not affect the result).
Each combination corresponds to a distinct spline configu-
ration (baseline, single-parameter pruned, or multi-parameter
pruned), allowing us to map the full design space of hardware
cost versus approximation accuracy. Performance is quantified
using NMPE on the validation set.

Algorithm 1 Hardware-Aware Pruning and Training of AKAN

Require: Target function  figea(x), parameter  grid
{ko,k1,ke} € [-0.5,0.5]> (10 levels each), pruning
configurations P, threshold R, = 0.95

Ensure: Trained KAN weights ©*, best pruning config p*

1: // Phase 1: SPICE Characterization (run once)

2: for each (ko, k1, k2) combination (1,000 total) do

3 Run Cadence Spectre transient simulation

4 Record Vyy(z;) for z; € [-0.5,0.5] V

5: Compute NMPE, area, power

6

7

8

9

: end for
. Select top-30 simulations (NMPE closest to zero)
: // Phase 2: Coefficient-Level Pruning Enumeration

P {baseline, prune /{07 kl, kg, ]{30]{11, /{ng, k1k27 ko/{il kQ}X

3 splines — 20 unique configs

10: for each pruning config p € P do

11: // Phase 3: Error Modeling per Configuration

12: Compute €,y (x;) from stored SPICE data with pruned
coefficients set to zero

13: Fit é,(x) using polynomial/exp/log/rational candidates
14: Select model with R? > R2, and fewest parameters

15: Record hardware cost: area(p), power(p)

16: // Phase 4: KAN Training with Error Injection
17: Set noisy target: fiareei(2) = fidgeal () + € ()

18: Train KAN via backpropagation on {(z;, furget(z:))}
19: Evaluate NMPE(p) on validation set

20: end for

21: p* < argmin, NMPE(p) subject to hardware budget
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Fig. 6. Computational cost of the exhaustive pruning search for different
AKAN configurations. The execution time remains under Is for networks
with up to 7 splines, confirming the efficiency of the analytical error model
evaluation.

This approach forces the KAN to implicitly compensate
for hardware imperfections during training through adaptive
weight adjustment, rather than post-hoc error correction. By
comparing noiseless, baseline noisy, and pruned noisy scenar-
ios, we isolate the accuracy impact of pruning from inherent
circuit limitations. The goal is to determine whether the
KAN can correct for pruning-induced errors and under what
conditions this compensation remains effective.

Algorithm 1 summarizes the complete hardware-aware
pruning and training procedure. The four phases—SPICE
characterization, coefficient-level pruning enumeration, per-
configuration error modeling, and KAN training with error
injection—are described in detail in the following subsections.
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The exhaustive search is computationally feasible because:
(1) error model evaluation in Python is fast (milliseconds per
configuration) compared to the initial SPICE characterization;
(2) the 1,000 circuit simulations are performed once and
reused across all KAN training experiments, amortizing the
computational cost. Fig. 6 shows the training-time scalability
of the exhaustive pruning search for AKAN configurations
with 3, 5, and 7 splines. Total wall-clock time remains
under one second even for the 7-spline case, confirming the
practical feasibility of the exhaustive search. For significantly
larger networks, the framework can transition to a greedy or
sensitivity-guided pruning strategy.

D. Validation and Performance Evaluation

Validation is carried out by training AKAN models with
both noiseless (ideal) and noisy (applying the error model-
ing) splines across all possible pruning configurations. In all
experiments, the AKAN consists of a single hidden layer
with 3 splines, giving a [I — 3 — 1] topology for single-
input single-output approximation. This choice is motivated by
the hardware constraints of FE: each additional spline incurs
a significant area and power penalty in IGZO technology,
making deeper or wider configurations infeasible within the
target power budget. Performance is quantified using the
Normalized Mean Percentage Error (NMPE), enabling direct
comparison of pruning strategies.

The six mathematical functions used for validation—z~, e”*,
sin(x), In(x), tanh(z), and \/z—are the rarget approximation
functions for each dataset, not an architectural constraint of the
AKAN. The hardware architecture is a general-purpose analog
function approximator capable of representing any sufficiently
smooth function over [—0.5V,+40.5V]; the KAN is trained
separately for each target function.

Beyond synthetic benchmarks, we validate the framework
on four sensor datasets representative of FE deployment sce-
narios. This evaluation demonstrates not only the feasibility
of hardware implementation but also the practical viability of
pruned AKANSs as low-power, compact accelerators for analog
preprocessing in wearable and IoT applications.

2

IV. RESULTS AND ANALYSIS
A. Simulation Setup

Table I summarizes the key parameters and tools used in
the simulation and pruning process for the AKAN hardware
architecture. It presents the simulation environment, parameter
ranges, and evaluation conditions used to ensure consistent
and reproducible hardware characterization across all pruning
experiments. All simulations reported in this work are per-
formed at SPICE level using the Cadence Spectre simulator,
as detailed above. Importantly, after training, the learned spline
coefficients are re-inserted into the circuit netlist, and the final
NMPE values reported in this section are computed from
independent post-training SPICE simulations. All area and
power figures reported in this section are scoped to the AKAN
analog preprocessing block. The system-level significance of
these improvements depends on the fraction of the complete
sensing pipeline occupied by this block.
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Fig. 7. System-level robustness analysis across 27 PVT corners (Vpp €
{0.9,1.0,1.1} V, Temp. € {0,27,40}°C, and FF/TT/SS process corners).
The top row illustrates NMPE stability, demonstrating hardware-aware com-
pensation, while the bottom row shows the total power consumption on a log
scale.

B. PVT Robustness Analysis

To assess the practical reliability of the AKAN under IGZO-
relevant non-idealities, we conducted a comprehensive PVT
characterization across 27 operating conditions: 3 process cor-
ners (SS, TT, FF) x 3 supply voltages (0.9V, 1.0V, 1.1 V) x
3 temperatures (0°C, 27°C, 40°C), covering the full wearable
healthcare operating range [43], [53], [54].

The PVT characterization presented here covers systematic
process, voltage, and temperature variations through 27 corner
simulations. However, it does not capture the effect of local
device mismatch, which arises from random spatial variation
in Vrg and carrier mobility and can independently perturb
the input—output behavior of individual spline circuits. A full
Monte Carlo mismatch and yield analysis is an important
next step for validating the AKAN in a production-intent
FE context and is a direction for future work. The system-
level robustness of the AKAN spline across 27 distinct PVT
operating conditions is summarized in Fig. 7. As observed in
the top panels, the NMPE remains remarkably stable within
the wearable temperature range (27-40°C), with a maximum
deviation (ANMPE) of only 0.74 pp relative to nominal condi-
tions. Even at the 0°C extreme, the worst-case NMPE is con-
tained at 2.50%, confirming that the KAN training framework
effectively compensates for corner-induced shifts by adapting
the spline weights. These results indicate that the derived error
model captures the dominant systematic hardware behavior
across the evaluated environmental conditions.

Regarding power stability (Fig. 7, bottom), the AKAN ex-
hibits the expected leakage increase at elevated temperatures—
a characteristic of unipolar IGZO TFTs. However, the nominal
power consumption (TT, 1.0V, 27°C) remains highly effi-
cient at 241.8 uW. By leveraging the proposed coefficient-
level pruning, this power footprint can be further reduced by
up to 50% depending on the target function, maintaining a
competitive power-to-performance ratio suitable for long-term
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TABLE I

DETAILED SIMULATION SETUP. THE AKAN TOPOLOGY USED IN ALL EXPERIMENTS IS [1 — 3 — 1] (ONE HIDDEN LAYER WITH 3 SPLINES). THE SIX
MATHEMATICAL FUNCTIONS LISTED ARE THE VALIDATION TARGETS.

Simulation Parameter

Value

Description

Technology

Simulation Tool
Operating Voltage
Operating Temperature
Input Signal

Parameter Sweep
Number of Simulations

Sampling Interval

Software Environment

Libraries Used

Mathematical Functions

Function Fitting

PragmatIC FlexICs PDK (Helvellyn v2.1.0)

Subtractive flexible electronic technology used for circuit simula-
tions.

Cadence Spectre (SPICE simulator)

Used for transistor-level circuit simulations.

1.0V (Vgq), -1.0V (Vss)

Supply and ground voltages.

27°C

Nominal operating temperature used for baseline simulations.

Ramp from -0.5V to 0.5V

The ramp signal used for input (V;y,).

ko, k1, ko each evaluated at 10 discrete values
within [-0.5V, 0.5V]

Systematic parameter exploration for robustness and error charac-
terization.

1,000 Total number of parameter combinations evaluated from the coeffi-
cient sweep.
0.02v Input voltage step size used to sample the transfer characteristic.

Python 3.9, Jupyter Notebook, Anaconda

Environment used for data processing, model training, and visual-
ization.

NumPy, Pandas, SciPy, Matplotlib, Seaborn

Libraries used for numerical analysis, visualization, and curve
fitting.

z2, €%, sin(z), In(z), tanh(zx), v/x

For In(z) and /z, the input domain was shifted by +0.5 to ensure
strictly positive arguments.

SciPy curve fitting

Used to model hardware-induced error functions from simulation

KAN Architecture 3 splines

wearable monitoring.

Regarding mechanical bending variability: the current PDK
does not include explicit compact models for bending stress.
Based on published characterization of this specific pro-
cess [35], bending typically induces shifts in threshold voltage
(Vi) and carrier mobility. Our framework is inherently well-
suited to compensate for such parameter shifts, since the
hardware error model €pyaware(x) treats them as systematic
additive errors identical in form to those captured in the
PVT sweep. Embedding a bending-corner error model into the
training loop using the same pipeline described in Section III is
therefore a straightforward extension of the present framework.

C. Analysis of NMPE and Parameter Distributions for Top
Simulations

To assess the sensitivity of the representative error model
to the selection threshold, representative curves were derived
using Top-10, Top-20, Top-30, Top-50, and Top-100 configu-
rations ranked by NMPE. The resulting curves showed max-
imum deviations below 27mV relative to the Top-30 model
for all subsets up to Top-100, confirming that the proposed
error model is robust to the exact subset size. To further
validate the representativeness of the proposed error model, we
analyze both the full design-space distribution (1,000 SPICE
simulations) and the calibrated operating regime defined by
the top-30 configurations selected according to NMPE. While
the full design space exhibits large structural variability due
to differences in spline coefficient parameterizations, the cal-
ibrated subset shows significantly reduced variability and
concentrates around the proposed representative model. In
particular, the 5th-95th percentile envelope of the calibrated

data.
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NMPE Histogram for the 30 best simulations
33.3%
10.0 30.0%
>
2 75
[
=}
g 50 13.3% 13.3%
2 10.0%
. mm BN
00
Upto-1238 -5.00 to -2.50 -2.50t0 2.50 250 t0 5.00 Upto 12.42
NMPE Range
Distribution of k0 Distribution of k1 Distribution of k2
10.0
8
75
6

I
~

Frequency
Frequency
Frequency
@
o

N

6

: ‘ | hl I||I . ‘ Il

o 1 I 0 00 vl
-05 00 05 -05 00 05

0.00 0.25 0.50

Value of kO Value of k1 Value of k2

Fig. 8. Distributions of NMPE and Parameters ko, k1, and k2 for the Top
30 Simulations

subset yields a maximum spread of 189.82 mV across the
input range, confirming that the proposed model accurately
captures the dominant behavior of hardware instances within
the operational regime. In Fig. 8, the first graph illustrates
the NMPE distribution for the 30 best simulations, where the
most accurate ones are those with an NMPE closest to zero,
either positively or negatively. It is important to note that
a negative NMPE indicates that the approximation tends to
underestimate the function, while a positive value suggests
an overestimation. The results show that all 30 simulations
fall within a range of -13% to 13%, with more than 50%
of them concentrated between -5% and 5%. Previous studies
have shown that an error of -7% has minimal impact when
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integrated into the KAN. For the applications considered in
this work—biosignal preprocessing and classification—both
positive and negative errors within +5% produce negligible
degradation in downstream task performance, as validated
in Section IV. However, the effect of values approaching
+13% remains to be examined and represents the operational
boundary of acceptable accuracy for the proposed architecture.

The remaining graphs present the distribution of ko, k1, and
ko for these top-performing simulations. Several observations
can be drawn: First, it is reasonable that k; tends to be
positive and relatively large, as it is the only term independent
of the input V;, and acts solely as an additive factor. The
design appears more robust at higher positive voltages, an
intuitive result confirmed by the simulations. Regarding k;
and ko, values close to zero do not fall among the most
optimal values for getting a good NMPE, as both terms are
multiplied by the input signal. From a hardware perspective,
near-zero coefficients represent circuit configurations where
transistors operate near threshold or in weak inversion regions
characterized by high sensitivity to process variations and
temperature drift. Pruning these parameters reduces circuit
complexity while removing operating points that are more
sensitive to mismatch and noise, explaining the simultaneous
improvement in accuracy and power efficiency. This distribu-
tion analysis directly informs the pruning thresholds applied in
the following section, establishing bounds based on empirical
parameter importance rather than arbitrary cutoffs.

D. Evaluation Scenarios

We define three evaluation scenarios to isolate different
sources of error:

« Ideal (noiseless): Training assumes perfect mathematical
spline behavior with no hardware imperfections. This
represents an upper bound on achievable accuracy and
serves as a reference for ideal performance.

« Baseline (noisy, unpruned): Training incorporates the
measured hardware error from the unpruned circuit. This
isolates the inherent circuit limitations (mismatch, nonlin-
earity, noise) from pruning effects, establishing a realistic
baseline for hardware-implemented AKANSs.

e Pruned (noisy): Training incorporates hardware error
from pruned configurations. Performance relative to the
baseline scenario reveals the isolated impact of parameter
removal, allowing us to quantify the accuracy-cost trade-
off of pruning.

This decomposition allows us to separately quantify: (1)
how much error is due to analog circuit imperfections in the
best-case (unpruned) scenario, and (2) how much additional
error is introduced specifically by removing polynomial coef-
ficients through pruning.

E. Impact of Pruning on KAN Model Accuracy and Efficiency

By analyzing the distribution of parameters kg, ki, and
ko, we can determine the optimal values for pruning. In this
work, we selected a pruning range of [—0.06, 0.06] for kg and
[-0.17,0.17] for k; and ko. These thresholds were selected

TABLE II
HARDWARE COST OF AN ANALOG PRUNED SPLINE ACROSS ALL THE
ARCHITECTURES PRESENTED IN FIG. 3

Area(um?) | Power(uWW) | AR! PR?
Original 45570 241.8 - -
Pruning ko 43613 220.2 4.3% 8.9%
Pruning k; 25035 121.9 45.1% 49.6%
Pruning ko 20536 120 55% 50.4%

L Area Reduction. 2 Power Reduction

based on the parameter distribution analysis shown in Fig. 8:
coefficients within these ranges correspond to the tails of the
distribution where individual parameters contribute minimally
to overall approximation accuracy. These thresholds prioritize
the removal of parameters with minimal contribution to the
function approximation while preserving dominant functional
components. In our SPICE simulations, when a parameter falls
within these thresholds, we manually set its contribution to
zero and remeasure the error, modeling its effect accordingly.
The hardware cost associated with each pruning strategy is
presented in Table II, where it can be observed that an optimal
pruning of k; or ko can lead to area reductions between 45%
and 55%, along with a 50% decrease in power consumption.
These reductions correspond to smaller circuit footprint and
lower energy budgets, which are critical design constraints for
FE implementations.

F. Validation on Representative Datasets

Our proposed AKAN framework is validated with four
representative datasets, each evaluated using an AKAN of
topology [I — 3 — 1]. These datasets were selected to
represent diverse sensing modalities commonly encountered
in flexible and wearable electronic systems.

o PPG-DaLiA [55]: Photoplethysmogram (PPG) signals,
suitable for wearable health monitoring and stress detec-
tion applications.

« ECG5000 [56]: Electrocardiogram (ECG) time series,
relevant for cardiac anomaly detection and biomedical
signal processing.

o Household Electric Power Consumption [57]: Do-
mestic energy usage data, useful for temporal function
approximation in energy analytics.

o Iris dataset [58]: A classical benchmark for multi-
class classification, demonstrating the ability of AKAN
to approximate decision functions.

Preprocessing ensures compatibility with hardware constraints:
inputs are normalized and mapped to the voltage range
[—0.5,0.5] V, while target values are paired with corre-
sponding mathematical functions or decision boundaries. The
choice of mathematical functions—tanh(z), exp(x), In(x),
sin(x), /7, and z?—is motivated by their prevalence in
analog signal conditioning pipelines [13] and their repre-
sentation of fundamental nonlinear operations in sensor in-
terfaces [12]. Specifically: (1) Hyperbolic tangent tanh(z)
models saturation characteristics in bioamplifiers [59]; (2) Ex-
ponential exp(x) appears in temperature compensation circuits
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TABLE III
SUMMARY OF PRUNING IMPACT ON AVERAGE AND BEST NMPE ACROSS DATASETS, TOGETHER WITH AVERAGE AREA AND POWER REDUCTION.

Dataset Avg. NMPE (Base)! Best NMPE (AP)2 Avg. NMPE (AP)3 ANMPE* Avg. AR(%)5  Avg. PR(%)°
PPG-DaLiA
PPG Chest 0.26 0.01 022 0.04
PPG Wrist 0.19 -0.01 -0.24 -0.05

29.8 30.5
Acc X -0.91 -0.05 -1.35 0.4
Acc Y 1.64 0.04 1.20 0.44
Iris
Sepal L. 3.08 -0.08 246 0.62
Sepal W. 4.90 -0.05 -1.36 3.24

29.8 30.5
Petal L. 3.77 -0.07 -1.89 1.88
Petal W. 477 -0.06 -1.59 3.18
ECG5000 1.73 0.04 1.24 0.49 29.8 30.5
THEPC” 237 -0.16 -4.70 -1.97 29.8 30.5
Average 1.7 -0.04 -1.09 0.75 29.8 30.5

L NMPE of the baseline configuration (non-pruned). 2 Best NMPE obtained among all pruning configurations (AP = After Pruning). 3 Average NMPE
across all pruning configurations. 4 Signed change in NMPE, where a positive value indicates that pruning moves the NMPE closer to zero, and a
negative value indicates degradation. ® Average Area Reduction (%). % Average Power Reduction (%). 7 THEPC = Individual Household Electric Power

Consumption dataset.
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Fig. 9. Pareto distribution of NMPE versus Area X Power for the Iris
Petal Length dataset approximating sin(z). The plot shows the baseline (3
non-pruned splines, star marker) and all possible pruning scenarios across
the three splines in the network. Pruning configurations are labeled according
to which coefficient (ko, k1, or k2) is removed from each spline. Multiple
configurations achieve lower NMPE and reduced Area x Power compared
to the baseline, demonstrating favorable Pareto improvement through strategic
parameter removal.

TABLE IV
DOWNSTREAM APPLICATION METRICS: CLASSIFICATION ACCURACY AND
F1-SCORE. “IDEAL AKAN” INCLUDES THE ANALOG HARDWARE BUT
ASSUMES PERFECT (NOISELESS) CIRCUIT BEHAVIOR. “HW BASELINE” IS
THE UNPRUNED ANALOG AKAN WITH MEASURED HARDWARE ERRORS.

Config ECG5000 Iris
Acc (%) F1 (%) Acc (%) Fl1 (%)
Ideal AKAN (noiseless) 58.5 73.8 95.3 95.3
HW Baseline (unpruned) 58.4 73.7 953 95.4
Best Pruned AKAN 58.4 73.7 95.3 95.3
TABLE V

DOWNSTREAM SIGNAL INTEGRITY: NRMSE FOR REGRESSION TASKS.
“HW BASELINE” IS THE UNPRUNED ANALOG AKAN WITH MEASURED
HARDWARE ERRORS.

Dataset Baseline NRMSE (%)  Best Pruned
NRMSE (%)
IHEPC (IoT Energy) 7.77 5.23
PPG-DaLiA (Acc-X) 31.59 24.03
PPG-DaLiA (Acc-Y) 35.65 26.17

and logarithmic ADCs [43]; (3) Logarithmic In(x) enables
dynamic range compression for photodetectors and acous-
tic sensors [60]; (4) Trigonometric sin(x) captures periodic
physiological rhythms [12]; (5) Square root /z implements
RMS computation for power monitoring [61]; (6) Quadratic
22 enables polynomial calibration in resistive sensors [13].
For each dataset, the pruning strategy was applied across
three spline types and 20 unique pruning combinations, with
averages reported in Table III.

Downstream application-level evaluation: To move beyond
NMPE as a proxy metric, we evaluated the AKAN across
three downstream scenarios. For classification (ECGS5000,
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Iris), we report accuracy and Fl-score; for signal reconstruc-
tion (IHEPC, PPG-DaLiA), we report NRMSE. Results are
summarized in Tables IV and V.

The pruned AKAN matches the software-only KAN on
both classification tasks (58.4% accuracy / 73.7% F1 on
ECG5000; 95.3% on Iris), confirming that analog hardware
non-idealities and pruning do not degrade downstream task
performance. For ECG5000, the Fl-score is the more infor-
mative metric given the inherent 5-class imbalance of this
dataset. For signal reconstruction, the Best Pruned AKAN
outperforms the unpruned hardware baseline on all datasets,
with NRMSE reductions of up to 33%. Near-zero coefficients
map to transistors biased near threshold, where sensitivity to
process variation is highest. Removing these terms reduces
the dominant source of systematic output error, improving
reconstruction accuracy while simultaneously reducing area
and power.

For hardware context, the closest complete FE inference
system [62]—a flexible RISC-V with bespoke MAC co-
processor for MLP inference—achieves 92.84% ECG5000
accuracy at 2.42mm? and 1.519mW. The pruned AKAN,
as a programmable analog preprocessing block, operates at
0.096 mm2 and 0.504 mW on average, offering a 25x area
and 3x power reduction relative to that complete system.
These two works target different stages of the sensing pipeline
and are complementary. This regularization effect can be
understood through the lens of model complexity: unpruned
splines with three independent coefficients possess sufficient
degrees of freedom to overfit the training voltage range. By
constraining the parameter space through systematic removal
of near-zero coefficients, the pruned model is forced to rep-
resent only the dominant functional characteristics, inherently
improving generalization.

The effectiveness of pruning is dataset-dependent. While
most cases show clear gains (e.g., ECG5000 and Iris datasets),
some configurations degrade slightly, as seen in certain House-
hold Power scenarios. Analysis reveals that degradation
occurs primarily when: (1) the target function exhibits high
curvature requiring all three polynomial terms for accurate
representation (e.g., exp(x) near saturation), or (2) the input
data distribution is highly non-uniform, concentrating samples
in regions where pruned terms would otherwise contribute
significantly. For the Household Power dataset approximat-
ing In(z), 73% of input samples fall below -0.3V where
the ko term dominates; pruning this coefficient therefore
has a disproportionate impact on approximation accuracy.
Conversely, ECG5000 signals are more uniformly distributed
across [—0.5,0.5] V, allowing aggressive pruning without per-
formance loss.

From a hardware perspective, the gains are substantial:
pruning reduces area by 29.8% on average (up to 55%) and
power by 30.5% (up to 50.3%). Fig. 9 illustrates this trade-off
for the Iris Petal Length dataset, where the target function is
sin(z). Multiple pruning scenarios achieve lower NMPE than
the baseline while simultaneously reducing Area x Power,
confirming that the Pareto frontier shifts favorably with prun-
ing.

The consistent improvements across physiological, energy,

and classification tasks demonstrate that pruned AKANs re-
main robust under these conditions, supporting their viability
for practical FE-based sensor preprocessing in wearable and
IoT applications.

V. CONCLUSION

This work explores the impact of pruning strategies on the
efficiency of Analog Kolmogorov-Arnold Networks (AKANs)
for function approximation in Flexible Electronics (FE). By
systematically pruning the circuit design, we demonstrate
that substantial reductions in hardware cost can be achieved
while simultaneously improving approximation accuracy. The
results show that pruning reduces average hardware cost by
approximately 30% in both area and power, with best-case
reductions reaching 55% in area and 50% in power. At
the same time, NMPE consistently improves compared to
the unpruned baseline, indicating that sparsification of spline
coefficients acts as an implicit regularizer for the analog
function representation. The reported area and power gains
are evaluated at the AKAN preprocessing block level for a
[1—3— 1] network, with full PPA characterization across all
pruning configurations. At the system level, pruned AKANs
maintain classification performance (accuracy and Fl1-score)
comparable to the unpruned baseline, while improving signal
reconstruction quality. Robustness analysis across 27 PVT
operating corners further shows stable NMPE behavior within
a 0.74 pp variation in the wearable temperature range, confirm-
ing reliable operation under realistic IGZO process and envi-
ronmental conditions. These findings underscore the potential
of pruned AKANS for function approximation in FE, demon-
strating that strategic parameter reduction can simultaneously
enhance both power and area efficiency while maintaining or
improving accuracy. This strategy is particularly advantageous
for resource-constrained applications, where minimizing hard-
ware overhead is paramount while preserving computational
performance.
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