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ABSTRACT The optimization of analog integrated circuit synthesis is inherently a multi-objective problem,
requiring the global optimum to satisfy all critical performance constraints. Classical genetic algorithms,
although widely applied in analog design, often suffer from slow convergence and premature stagnation in
high-dimensional design spaces. To overcome these limitations, this study proposes an Enhanced Adaptive
Quantum Genetic Algorithm (EA-QGA), which integrates quantum computation principles with classical
evolutionary strategies. Implemented using true quantum gate operations on IBM Qiskit simulators, the
EA-QGA leverages a compact population, rapid convergence behavior, and global search efficiency inherent
to quantum computing. The framework is evaluated on three benchmark analog circuits using 45 nm CMOS
technology: a differential amplifier, a two-stage OTA, and a folded cascode OTA, and its performance,
measured in terms of figure-of-merit (FoM), is compared against the Quantum-Inspired Genetic Algorithm
(QIGA), which simulates quantum behavior through mathematical modeling. Experimental results show
that, relative to QIGA, the proposed EA-QGA achieves FoM improvements of 0.62%, 3.33%, and 14.10%
across the three evaluated circuits, while converging 4.6×, 5.8×, and 5.6× faster in generations and
reducing runtime by 2.8×, 2.8×, and 2.4×, respectively. These results demonstrate that the proposed EA
QGA consistently achieves globally optimal solutions with substantially improved computational efficiency,
making it a promising candidate for high-performance analog IC design.

INDEX TERMS Analog circuit optimization, circuit sizing, evolutionary algorithm, quantum computing,
quantum genetic algorithm.

I. INTRODUCTION
Designing analog integrated circuits (ICs) remains a complex
challenge in modern electronics. Unlike digital circuit design,
which has benefited from extensive automation, analog
IC development continues to rely on the expertise of
skilled engineers. This manual approach creates a growing
bottleneck as circuit complexity increases, driven by demands
for higher performance and miniaturization. The intricate
behaviour of analog components, coupled with the vast
and high-dimensional design space, makes circuit optimiza-
tion both computationally intensive and time-consuming.
Additionally, as analog and digital functionalities become
more integrated within mixed signal System-on-Chip (SoC)
architectures, efficient co-design strategies are crucial–yet
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analog circuit development often remains the most labour-
intensive stage [1].

A key challenge within this process is circuit sizing:
determining optimal component dimensions to meet per-
formance targets. This is particularly demanding because
of the complex, multi-dimensional relationship between
component sizes and performance metrics, which necessi-
tates balancing multiple performance trade-offs [2]. Circuit
sizing aims to meet design requirements while optimizing
application-specific metrics such as area, DC gain, slew
rate, and power efficiency. Because no clear structural
relationships connect these metrics to component dimen-
sions, manually identifying optimal solutions is challenging.
Conventional design methods begin with initial estimations
based on simplified models or empirical formulas, followed
by iterative refinement. This protracted process requires
substantial designer expertise, underscoring the need for
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FIGURE 1. Overview of optimization categories.

automated sizing tools to enhance design efficiency, reduce
effort, and accelerate analog IC innovation.

Manual analog circuit sizing’s inherent complexities
have spurred the development of automated methodologies,
broadly categorized as knowledge-driven or optimization-
driven, as illustrated in Fig. (1). Knowledge-driven meth-
ods, early automation attempts, capture expert insights
via algorithms, rules, or mathematical formulations [3].
While valuable for initial exploration, they struggle with
precisely encoding complex design knowledge, especially
with advancing technologies. Simplified models and prede-
fined equations can cause inaccuracies, requiring refinement.
Furthermore, these methods are often circuit-specific and
lack scalability. A newer look-up table approach [4] improves
efficacy and precision but introduces speed-accuracy trade-
offs, and the finite accuracy of look-up tables themselves can
pose challenges for high-precision designs.

Building on these advancements, optimization-driven
methods fall into two main categories: equation-based
(model-driven) and simulation-based (black-box) optimiza-
tion. These approaches iteratively refine design parameters,
replacing fixed circuit plans. Their effectiveness depends
on the optimization and evaluation mechanisms used to
guide the process. Equation-based optimization expresses
circuit performance and constraints as mathematical func-
tions of design parameters, typically employing analytical
expressions or symbolic models [5], [6]. While techniques
such as geometric programming [7], [8] and gm/ID-based
methodologies [9], [10] enhance model accuracy, capturing
highly nonlinear effects and higher-order interactions in
complex circuits remains a challenge. Simplifications in
mathematical modeling, often required for tractability, can
introduce inaccuracies, making these methods less reliable
for circuits with intricate dependencies.

Consequently, simulation-based optimization offers an
alternative, treating the circuit as a ‘‘black box’’ and using
circuit simulators (e.g., SPICE) to evaluate performance

for given design parameters. An optimization algorithm
iteratively proposes parameter combinations, simulates the
circuit for each, and refines its search based on the
simulation results [11]. This approach is more versatile
and accurate, relying on detailed simulations rather than
simplified equations. Numerous techniques are employed,
including evolutionary algorithms [11], [12], [13] such as
Genetic Algorithm [14], [15], [16], [17], [18], [19], [20],
[21], [22], [23], [24], [25], Differential Evolution [26],
Particle Swarm Optimization [27], [28], [29], [30], [31], and
Firefly Algorithm [32], as well as Simulated Annealing [33],
Seeker Optimization [34] and Bayesian Optimization [35].
Simulation-based methods are generally easier to implement
than model-based approaches, requiring less complex math-
ematical derivations, and less specialized circuit expertise
compared to knowledge-based approaches. Crucially, their
use of detailed simulations provides greater accuracy and
enables them to handle the complexities of modern analog
circuits. A key strength lies in their ability to address com-
plex circuit behavior without the simplifying assumptions
inherent in model-based methods, allowing exploration of a
wider design space and potentially more optimal solutions.
However, their primary limitation is computational cost,
as each circuit evaluation requires a simulation, which can
be time-consuming, especially for large circuits or complex
simulations.

A prominent evolutionary algorithm employed in analog
circuit sizing is the Genetic Algorithm (GA) [11], [12],
[13], [14], [15], [16], [17], [18], [19], [20], [21], [22], [23],
[24], [25]. GA leverages evolutionary principles to efficiently
explore the design space, making it well-suited for this task.
However, GA can be computationally demanding due to
large population sizes and the numerous simulations that are
often necessary. Furthermore, it can be prone to becoming
trapped in local optima, converging to a satisfactory solution
but not necessarily the globally optimal one. To mitigate
these challenges, a new class of evolutionary algorithms
has emerged: the Quantum Genetic Algorithm (QGA) [36],
[37], blending quantum computing principles [38], [39] with
the Genetic Algorithm (GA) framework. QGA represents
a probabilistic approach to optimization, utilizing qubits to
represent design parameters and enabling a more efficient
exploration of the design space [40], [41], [42], [43], [44],
[45], [46], [47], [48], [49]. By leveraging the concurrent
multiple states of qubits, QGA can explore a wider range
of possibilities simultaneously, significantly improving upon
classical GA. This enhanced exploration leads to faster
convergence, a reduced risk of local optima, and ultimately,
the discovery of superior circuit designs.

Despite these advantages, conventional QGA encounter
significant challenges in analog circuit optimization. The
design space is vast and consists of diverse parameter
constraints, including transistor gate width, channel length,
bias currents, voltages, and compensation components, all
of which vary widely in range, making optimization more
complex. Encoding such a large and heterogeneous solution
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space into quantum populations is constrained by the limited
number of qubits available in quantum simulators. While
increasing qubit resources can alleviate this limitation,
it incurs substantial computational costs, restricting practical
scalability. As a result, quantum-inspired genetic algorithms
(QIGAs) and quantum-based genetic algorithms (QBGAs)
[50], [51], [52], which simulate quantum principles using
classical computations, have gained prominence. Neverthe-
less, these algorithms fail to exploit true quantum advantages
such as superposition and entanglement, limiting their effec-
tiveness in solving high-dimensional optimization problems.

A further challenge in conventional QGAs is their reliance
on lookup tables for determining rotation angles in genetic
operations [41], [42], [43], [44], [45]. These fixed rotation
angles result in inefficient searches and slower convergence,
often leading to premature stagnation. While prior work has
explored self-adaptive strategies, such as linearly decreasing
rotation angles over generations [46] or sigmoid-based
dynamic adjustments [51], these static schedules struggle
to adapt to real-time changes in the fitness landscape,
hindering search performance. Moreover, the fixed mutation
probability used in conventional QGAs [47] across all
generations increases the risk of premature convergence and
limits exploration of the search space. In addition, existing
quantum mutation strategies suffer from limited diversity
due to their reliance on deterministic NOT gate swaps [46],
[48], [49], as these operations merely exchange qubit states
with certainty, failing to generate the stochastic fluctuations
crucial for diverse exploration. Furthermore, the complexity
and conditional, potentially erratic, fitness-dependent ran-
domness inherent in discrete fitness-basedmutation strategies
lead to sensitivity to parameter tuning [51], and the instability
of standard deviation-driven adaptive mutation rates can
mislead convergence, particularly in small populations [52].
To overcome these challenges, obtaining the best optimal

solution alone is not sufficient; instead, a more robust and
adaptive methodology is required to achieve the true global
optimum. A robust dimensionality reduction technique is
essential to efficiently map large design spaces onto the
available qubits. Additionally, a feedback-driven rotation
angle adaptation mechanism is necessary to dynamically
adjust gate operations based on the evolving optimization
progress. Furthermore, an adaptive mutation strategy is
crucial for maintaining population diversity and enhancing
global search capabilities.

Therefore, this paper proposes a novel Enhanced Adaptive
Quantum Genetic Algorithm (EA-QGA) that integrates the
benefits of true quantum computing, genetic algorithms,
and circuit simulation tools (SPICE) to optimize analog
integrated circuit sizing and synthesis. The key contributions
and distinguishing features of this work are outlined as
follows:

• To address the challenge of mapping a large optimiza-
tion space onto a limited number of qubits in quantum
simulators, we propose a Principal Component Analysis
(PCA)-based dimensionality reduction technique. This

approach preserves the most meaningful optimization
variables while enhancing the flexibility to explore the
entire solution space more effectively. By reducing the
dimensional complexity, the proposed method improves
the accuracy of finding globally optimal solutions,
mitigating constraints imposed by qubit limitations.

• Integrating QGA with SPICE allows for fitness evalua-
tion of each quantum population based on multiple per-
formance metrics, thus preserving the multi-objective
nature of the solutions.

• We propose a novel Gradient-Based Quantum Gate
Rotation (GBR) strategy that dynamically adjusts rota-
tion angles using gradient-like feedback from fitness
values, enabling adaptive search based on performance
trends across generations.

• To enhance search space exploration and mitigate pre-
mature convergence, this approach employs an adaptive
mutation strategy that dynamically adjusts mutation
probability and strength based on population fitness
diversity, specifically computed using the Coefficient of
Variation (CV).

The structure of this paper unfolds as follows: Section II
lays the theoretical groundwork, covering key aspects
of analog circuit parameter optimization and quantum
computing fundamentals. Section III details the proposed
Enhanced Adaptive Quantum Genetic Algorithm, detailing
its framework, population generation using PCA, fitness eval-
uation, and adaptive genetic operations, including quantum
operations such as gradient-based gate rotation, crossover,
and mutation. Section IV evaluates the performance of the
proposed method on benchmark circuits, including a CMOS
differential amplifier, a two-stage operational amplifier and
a folded cascode amplifier. Finally, Section V concludes
the paper with a summary of findings and future research
directions.

II. THEORETICAL FRAMEWORK
A. ANALOG CIRCUIT PARAMETER OPTIMIZATION
The optimization of analog circuit parameters is a con-
strained optimization problem aimed at determining the
optimal design variables to maximize a Figure of Merit
(FoM) while adhering to performance constraints. The
FoM (MHz*pF/mW), which quantifies power-bandwidth
efficiency and is expressed as (1) according to [11], [20],
and [21].

FoM =
GBW ∗ CL
Power

(1)

where GBW is the gain bandwidth product (MHz), CL is
the load capacitance (pF), and Power is the total power
dissipation (mW).

The design variables, represented as X , are constrained
within upper bound (UBi) and lower bound (LBi) limits, form-
ing a multi-dimensional search space S. The optimization
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problem is mathematically formulated as (2)

max
X∈S

FoM(X )

subject to gi(X ) ≥ 0

hj(X ) = 0

LBi ≤ Xi ≤ UBi, ∀i ∈ {1, 2, . . . ,D} (2)

where gi(X ) represents inequality constraints ensuring
required performance metrics, hi(X ) denotes equality con-
straints, D is the total number of design parameters.
These constraints ensure that the optimized circuit

meets specifications for gain, unity gain bandwidth, and
slew rate while minimizing power consumption and area.
To consistently enforce these constraints during optimization,
a feasibility-based objective function is adopted, as defined
in (3). This formulation assigns a valid FoM value only to
candidates satisfying all constraints in (2), while infeasible
solutions receive a penalized value, thereby guiding the
search toward valid and high-performance analog circuit
designs:

F(X ) =

 FoM(X ), if gi(X ) ≥ 0 ∀i and hj(X ) = 0 ∀j,

0, otherwise.

(3)

B. QUANTUM COMPUTING PRINCIPLES
Quantum computing is a transformative field that utilizes
the principles of quantum mechanics to process information
differently from classical computing.

1) QUANTUM STATE
In quantum mechanics, the state of a quantum system
can be represented using vector notation or Dirac’s bra-
ket formalism. A ket (e.g., |x⟩) denotes a column vector,
while a bra (e.g., ⟨x|) represents its conjugate transpose. The
fundamental states of a quantum system are denoted as |0⟩

and |1⟩, corresponding to the standard basis vectors
[
1
0

]
and[

0
1

]
, respectively. Any general quantum state exists as a linear

combination (superposition) of these basis states and can be
mathematically expressed as (4)

|ψ⟩ = α|0⟩ + β|1⟩ (4)

where α and β are complex numbers known as probability
amplitudes, satisfying the normalization constraint (5). This
normalization ensures that the probabilities of all possible
measurement outcomes sum to one.

|α|
2
+ |β|

2
= 1 (5)

2) QUBIT
A qubit (quantum bit) serves as the basic unit of quantum
information. Unlike a classical bit, which can only assume
discrete values (0 or 1), a qubit can exist in a superposition of

FIGURE 2. Visualization of qubit superposition and phase using the Bloch
Sphere framework.

both states. When multiple qubits are combined, the overall
quantum state is described by the tensor product of individual
qubits, forming an exponentially larger state space. For an
N-qubit system, the quantum state is represented as (6)

|ψ⟩ =

2N−1∑
i=0

ci|i⟩ (6)

where ci are complex probability amplitudes, and the
summation spans all possible 2N basis states.

Another key concept is entanglement, where multiple
qubits become interdependent, allowing for correlated states
that enhance computational capabilities. Quantum operations
are performed using quantum gates, which manipulate qubits
through unitary transformations, enabling the creation of
superpositions and entangled states.

3) QUANTUM MEASUREMENT AND STATE COLLAPSE
Measurement in quantum mechanics extracts classical infor-
mation from a qubit, causing its state to collapse to one of the
measured basis states. With |ψ⟩ as defined in equation (4),
measuring this qubit in the computational basis yields
the state |0⟩ with probability |α|

2 and the state |1⟩ with
probability |β|

2. Once measured, the superposition is lost,
and the qubit collapses irreversibly into the observed state.

4) BLOCH SPHERE
A single qubit state can also be visualized on the Bloch sphere
as shown in Fig. 2, where any quantum state is expressed in
spherical coordinates (r, θ, φ) as (7)

|ψ⟩ = cos
(
θ

2

)
|0⟩ + eiφ sin

(
θ

2

)
|1⟩ (7)

where θ ∈ [0, π] represents the latitude, φ ∈ [0, 2π ]
represents the longitude.
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This representation highlights the geometric nature of
quantum states and how rotations on the sphere correspond
to quantum operations.

5) QUANTUM GATES
Quantum gates are the operational core of quantum com-
puting, facilitating transformations on qubits through unitary
operations that inherently preserve quantum state proba-
bilities. Unlike their classical counterparts, these gates are
reversible, ensuring no computational information is lost.
Fundamentally, they are represented by unitary matrices,
satisfying the condition UU†

= I , where U† is the conjugate
transpose of U , and I is the identity matrix. These gates can
be broadly classified into single-qubit and multi-qubit gates,
each playing a distinct role in quantum computation.
Single − QubitGates : These gates act on individual qubits,
modifying their states by flipping, introducing superposition,
or applying phase shifts.

Pauli Gates (X ,Y ,Z ): These matrices represent fundamen-
tal quantum transformations along the Bloch sphere’s three
axes. The Pauli-X gate, (X ), acts as the quantum analogue
of the classical NOT operation, swapping the basis states |0⟩
and |1⟩. The Pauli-Y gate, (Y ), combines a bit-flip with a
phase shift, effectively rotating the qubit around the Y-axis.
The Pauli-Z gate, (Z ), leaves |0⟩ unchanged but applies a
π phase shift to |1⟩, impacting quantum interference. The
matrix representations of the Pauli gates are:

X =

[
0 1
1 0

]
, Y =

[
0 −i
i 0

]
, Z =

[
1 0
0 −1

]
(8)

Hadamard Gate (H ): A fundamental operation in quantum
computing, the Hadamard gate enables the creation of
superposition. When applied to |0⟩, it produces an equal
superposition of |0⟩ and |1⟩:

H =
1

√
2

[
1 1
1 −1

]
(9)

This transformation ensures that measurement outcomes
are probabilistically distributed, a crucial property for quan-
tum parallelism.

Rotation Gates (Rx ,Ry,Rz): These gates allow controlled
rotations of a qubit around the Bloch sphere’s principal axes,
facilitating precise control of probability amplitudes. The
mathematical representations of these rotation gates are as
follows:

Rx(θ ) =

[
cos

(
θ
2

)
−i sin

(
θ
2

)
−i sin

(
θ
2

)
cos

(
θ
2

) ]
Ry(θ ) =

[
cos

(
θ
2

)
− sin

(
θ
2

)
sin

(
θ
2

)
cos

(
θ
2

) ]
Rz(θ ) =

[
e−i

θ
2 0

0 ei
θ
2

]
(10)

These rotational gates enable precise state control, which
is crucial for quantum algorithms requiring variable phase
adjustments

FIGURE 3. Quantum Circuit: This diagram represents a quantum circuit
with qubits (horizontal lines) and circuit depth (horizontal progression).
It includes a single-qubit Hadamard gate (H), a two-qubit CNOT gate, and
measurement operations (double lines) that produce classical bit
outputs–key components of quantum computation.

Multi−QubitGates :Entanglement, a cornerstone of quantum
computation that extends beyond single-qubit manipulations,
is achieved through multi-qubit gates. These gates act on
two or more qubits, giving rise to interconnected quantum
phenomena.

Controlled-NOT (CNOT) Gate: This gate is a two-qubit
operation when the state of a target qubit is flipped if and
only if the control qubit is in the |1⟩ state. This entangling
gate is essential in quantum circuits, enabling quantum
error correction and multi-qubit logic operations. Its matrix
representation is:

CNOT =


1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0

 (11)

6) QUANTUM CIRCUITS
A quantum circuit is a structured arrangement of quantum
gates and measurements applied to a set of qubits to execute
quantum algorithms. The circuit begins with qubits initialized
in a known state (commonly |0⟩), followed by a sequence
of quantum gates that manipulate their quantum states
through unitary transformations. Formally, a quantum circuit
is defined as:

C = (Q,G,M ) (12)

where Q represents the qubit register, G denotes the
sequence of quantum gates acting on the qubits, and
M signifies measurement operations, which extract classical
outcomes.

A typical quantum circuit can be visually represented using
circuit diagrams, as shown in Fig. 3, where horizontal lines
denote qubits M and quantum gates appear as operations
along these lines. The number of sequential operations
defines the circuit depth N , which is a crucial factor in
computational complexity. By structuring these operations
efficiently, quantum circuits enable the execution of complex
quantum algorithms.
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FIGURE 4. The complete systematic procedure of the EA-QGA framework.

III. ENHANCED ADAPTIVE QUANTUM GENETIC
ALGORITHM
A. PROPOSED FRAMEWORK
The core concept of our Enhanced Adaptive Quantum
Genetic Algorithm (EA-QGA) is to integrate quantum
computing principles into the evolutionary optimization
process. The proposed algorithm consists of several key
stages: population generation using PCA, measurement and
fitness evaluation, and enhanced quantum genetic operations.
These operations include adaptive quantum gate rotation
via GBR, adaptive crossover, and adaptive mutation using
CV. During each generation, the best-performing circuit is
continuously updated based on the evaluated fitness values.
Once the termination condition–defined by the maximum
number of generations–is met, the final stored best circuit
represents the optimized analog circuit design parameter
values. The complete operational framework of the algorithm
is depicted in Fig. 4.

For implementation, we utilized Python 3.13, employ-
ing Qiskit 1.0.2 and Qiskit Aer 0.16.1, provided by
IBM Quantum Platform quantum simulator. To ensure

our simulations could accommodate at least 29 qubits,
we focused on selecting simulators with sufficient capacity.
Among the available Qiskit Aer simulators, we selected
statevector (SV) and matrix_product_state (MPS) due to
their specific capabilities. The SV simulator, supporting
up to 29 qubits, was chosen for its comprehensive gate
compatibility (Hadamard,Rx ,Ry,Rz,CNOT ) and its effi-
ciency in debugging and analyzing intermediate quantum
states. It deterministically calculates and returns the full
quantum state vector, offering complete information about
the quantum state at any point in the circuit. To further
support the optimization process, this deterministic evolution
also ensures numerically precise state information without
sampling variability, which is particularly beneficial when
evaluating fitness functions that depend on subtle parameter
variations. This contrasts with the qasm_simulator , which,
while also handling up to 29 qubits and mimicking real
quantum hardware with measurement sampling, does not
provide access to the full quantum state, offering only
measurement results. For computations requiring more
than 29 qubits, we transitioned to the MPS simulator.
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Algorithm 1 Quantum Population Initialization With PCA
Optimization
Require: B: Variable bounds, N : Population size
Ensure: C: Quantum circuits, Qt : Total qubits, Bs: Selected
backend
Compute required qubits Qr for each parameter in B
Compute total qubits: Qt =

∑
Qr

if Qt > 63 then
Apply PCA to reduce qubits

end if
Select backend Bs based on Qt
for i = 1 to N do

Create quantum circuit Ci with Qt qubits
Apply Hadamard gates to all qubits
Append Ci to C

end for

Despite potential performance degradation with excessive
entanglement and limitations due to MPS approximations,
it efficiently manages larger circuits with higher qubit
counts, offering superior memory usage compared to other
simulators handling the same qubit volume. In addition, the
MPS method supports scalable simulations by adaptively
maintaining tensor representations, thus allowing larger qubit
systems to be evaluated while retaining high numerical
stability under typical entanglement conditions encountered
in our optimization circuits. Simulators like stabilizer and
extended_stabilizer , while offering higher qubit capacities
(10,000 and 63 respectively), were deemed unsuitable due to
the stabilizer simulator’s restriction to Clifford circuits and
the extended_stabilizer simulator’s inefficiency with deeply
entangled and rotated circuits.

B. POPULATION GENERATION
Prior to initializing the quantum population, the optimiza-
tion process begins by defining the analog circuit design
parameters targeted for optimization. Each parameter is
characterized by its operational range, specified by minimum
and maximum values, and its resolution, defined by the step
size. During the pre-processing phase, the number of discrete
values for each parameter is calculated based on its range and
resolution.

The population consists of quantum circuits, where each
circuit encodes a possible analog circuit design configuration.
Each chromosome represents a set of design parameters,
encoded as qubits that map to discrete values within
predefined bounds. In the initial stage of quantum population
initialization, the EA-QGA utilizes qubit-based encoding to
represent each design variable within its defined bounds.
The number of qubits required for each variable is computed
using logarithmic encoding, ensuring efficient representation
of the discrete values within the search space. Subsequently,
an appropriate quantum simulator backend Bs is selected
based on the total number of qubits required. If the total

number of qubits is less than or equal to 29, the SV
simulator is chosen. If the total number of qubits is greater
than 29 but does not exceed 63, the MPS simulator is
selected. This backend selection strategy not only aligns with
qubit-count feasibility but also ensures balanced accuracy and
scalability, as SV provides full-state precision for smaller
configurations while MPS enables larger populations to be
handled efficiently with controlled resource usage.

However, when the total qubit count exceeds 63, PCA
is applied to compress correlated design variables into a
lower-dimensional latent space. Prior to PCA training, a syn-
thetic dataset is generated by uniformly sampling from the
discretized grids of all design variables within their respective
bounds, followed by Min–Max normalization to the [0, 1]
range to ensure consistent numerical scaling. PCA is then
performed on this normalized dataset to identify orthogonal
latent directions that capture the dominant variance of the
original parameter space. The number of retained principal
components (k) is determined by a twofold criterion: first,
the smallest (k) is chosen such that the cumulative explained
variance exceeds a predefined threshold (typically ≥ 95 %),
ensuring representational fidelity; second, the discretized
encoding of these (k) components is verified to remain within
the available qubit budget. If the variance-based selection
exceeds the hardware limit, (k) is adaptively reduced until
the total qubit count fits within the simulator constraint. Each
principal component is discretized with a step resolution that
ensures that, after inverse transformation, the reconstructed
variable values align with their original bounds and step sizes.

This PCA integration effectively removes redundant corre-
lations among design variables while preserving the essential
variance of the analog design space, ensuring that solution
diversity and search-space exploration are maintained despite
the dimensionality reduction. Consequently, the transformed
representation enables efficient utilization of limited qubit
resources without compromising the fidelity of search-
space exploration. Once the qubit allocation is finalized, the
EA-QGA dynamically assigns qubits to each design param-
eter. The subsequent stage initializes all allocated qubits
into a superposition state using Hadamard gates, enabling
exploration of the entire solution space simultaneously. This
superposition enhances the search efficiency by leveraging
quantum parallelism. The stepwise procedure for quantum
population initialization with PCA optimization is presented
in Algorithm 1.

C. FITNESS EVALUATION
Our algorithm utilizes a Figure of Merit (FoM), defined
by Equation (1), as the fitness function. This FoM serves
as the evaluation metric for candidate solutions, ensuring
a consistent selection process across both quantum and
classical evolutionary techniques. Following the evolutionary
process in each generation, the newly populated quantum
circuits are duplicated before measurement. During mea-
surement, the duplicated circuits undergo state collapse,
yielding classical data. The original circuits remain in their
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quantum states, preserving quantum behavior for subsequent
evolution. Decoding then translates the measured binary
values into discrete circuit design parameter values within
their respective bounds. To obtain reliable results, each circuit
is measured over multiple shots, generating a probability
distribution of outcomes. Subsequently, the extracted circuit
design parameters are used to update their corresponding
SPICE netlist files. These files are then executed in parallel
using the LTspice circuit simulator to determine the output
performance metrics for each circuit design. For each feasible
candidate solution, the FoM is computed from the obtained
performance metrics, and the circuit with the highest FoM is
identified and stored as the elitist. This elitist is carried over to
the next generation and updated whenever a new best circuit
design is discovered during the evolutionary loop.

D. GRADIENT BASED ADAPTIVE GATE ROTATION
Our EA-QGA incorporates an adaptive GBR strategy that
leverages fitness gradients to dynamically adjust quan-
tum gate rotation angles (Rx ,Ry,Rz), ensuring a balanced
exploration and exploitation of the solution space. Fitness
gradients are estimated via finite differences of successive
population fitness averages, capturing the temporal evolution
of performance metrics across generations. A steep positive
gradient indicates regions in the design space where circuit
performance improves rapidly due to favorable combinations
of device dimensions and biasing conditions, whereas small
or negative gradients indicates near-convergence or dimin-
ishing performance improvements. This gradient information
provides directional guidance for updating qubit rotations,
steering the quantum population toward superior solutions.
The GBR mechanism modulates the quantum rotation angles
using an adaptive scaling factor S, obtained via a sigmoid
transformation of the fitness difference1F . This scaling fac-
tor serves as a smooth and bounded measure of performance
improvement. When1F is large, S approaches 1, driving the
base rotation angle θbase toward θmax and promoting stronger
exploratory behavior in high-potential design regions. Con-
versely, when 1F is small or negative, S approaches 0,
pulling θbase toward θmin and favoring more conservative,
exploitation-oriented updates. The bounds θmin and θmax are
empirically set to [0.03π, 0.08π]. This controlledmodulation
ensures that changes in circuit performance translate into
gradual and stable adjustments in the rotation dynamics. For
implementation, the adaptation steepness parameter was set
to k = 10 to maintain a smooth but sufficiently responsive
sigmoid scaling, while the gradient amplification factor was
fixed to λ = 0.5 to ensure stable yet effective modulation of
the rotation updates. These values were selected empirically
to provide consistent convergence behaviour across the
evaluated analog circuit benchmarks.

To ensure that the finite-difference gradient is suitable
for quantum-domain updates, raw gradient values are first
clipped and normalized, preventing abrupt fluctuations and
converting fitness-based temporal variations into a consistent
directional modifier for each qubit’s rotation. Temporal

Algorithm 2 Adaptive Quantum Gradient-Based Rotation
(GBR)
Require: C: Quantum circuits (population), F : Fitness
values,Fb: Best fitness value, t, tmax: Current andmax gen-
erations, θmin, θmax: Rotation angle limits, k, λ: Adaptation
parameters

Ensure: Updated circuits with adaptive quantum rotations
Compute gradient G for F using finite differences
Normalize G to [−1, 1]
for each circuit Ci in C do

Compute fitness difference
1F = (F[i] − F[i− 1])/(|Fb|)

Compute adaptive scaling S = 1/(1 + e−k1F )
Compute base rotation θbase = θmin + (θmax − θmin) ·S
Compute final rotation θ = θbase · (1 + λG[i])
Apply rotations:
Rx(θ ), Ry(θ/2), Rz(θ/3) on Ci

end for

smoothing through momentum is then applied to further
stabilize the update process across generations. Finally, the
gradient is scaled to the range [−1, 1], establishing a uniform
bound that maintains numerical stability of the adaptive
rotation factor while preserving the gradient’s directionality.
This ensures that evolutionary updates remain proportional
and consistent across qubits, independent of population size
or fitness-scale differences. This adaptive GBR approach
effectively maps the physical behavior of circuit performance
evolution into quantum rotational dynamics, enhancing con-
vergence while preserving population diversity. A structured
outline of this process is presented in Algorithm 2.

E. ADAPTIVE CROSSOVER
To effectively balance exploration and exploitation, our
EA-QGA utilizes an adaptive quantum crossover, designed
to amplify solution diversity while safeguarding the integrity
of superior individuals. This crossover mechanism lever-
ages controlled NOT (CNOT) gates to exchange quantum
states between paired circuits, ensuring effective information
transfer across generations. In our implementation, adaptivity
is introduced through a probabilistic selection process,
where the crossover operation is applied with an initial
probability set to 0.5, providing a suitable starting point for
state exchange within the population. As the optimization
progresses, the effect of this probability interacts with
the population’s fitness distribution: high-fitness individuals
are increasingly exempted from crossover through elitism,
while lower-fitness individuals participate in proportionally
more qubit-pair exchanges through CNOT operations. This
fitness-aware modulation enables the crossover operator to
adjust its influence across different optimization phases
without externally imposed schedules. This strategy, which
preserves the elite circuit while diversifying the remaining
population through selective crossover, effectively navi-
gates the exploration–exploitation trade-off, leading to rapid

19212 VOLUME 14, 2026



P. Sridhar, H. M. Kittur: Analog Integrated Circuit Optimization With an EA-QGA

Algorithm 3 Adaptive Mutation for Quantum Circuits
Require: C: Quantum circuits (population), F : Fitness

values, Pf : Base mutation probability, ϵ = small constant
Ensure: Updated circuits with adaptive quantum mutations

Compute mean fitness µ =
1

|F |

∑
Fi + ϵ

Compute standard deviation σ =

√
1

|F |

∑
(Fi − µ)2 + ϵ

Compute diversity factor CV = σ/µ

Compute adaptive mutation rate
Pa = max(0,min(1,Pf (1 + CV )))

Compute maximum fitness Fmax = max(F) + ϵ

for each circuit Ci ∈ C with fitness Fi do
for each qubit qj in Ci do

if random value r ∼ U (0, 1) < Pa then
Apply random gate G ∈ {Rx ,Ry,Rz}
with angle θj = U (0, π(1 −

Fi
Fmax

))
end if

end for
end for

convergence on optimal solutions. The quantum states of the
parent chromosomes are defined by:

|Qi⟩ =

n⊗
k=1

|ψik ⟩, |Qj⟩ =

n⊗
k=1

|ψjk ⟩ (13)

where each feature k is in a superposition state as defined by
equation (4).

For a single feature k , the combined state before applying
the CNOT gate is:

|ψinitial⟩ =


αikαjk
αikβjk
βikαjk
βikβjk

 (14)

Applying the CNOT gate from equation (11) to the
combined state |ψik,jk ⟩, the final state after crossover for
feature k is:

|ψfinal⟩ =


αikαjk
αikβjk
βikβjk
βikαjk

 (15)

The new offspring chromosomes are formed by combining
the final states for each feature:

|QnewiQnewj⟩ =

n⊗
k=1

|ψfinal⟩ (16)

This operation swaps states |10⟩ and |11⟩ within each
feature’s combined state, effectively facilitating genetic infor-
mation exchange while preserving quantum superposition.

F. ADAPTIVE MUTATION
Algorithm 3 defines the adaptive mutation process, which
our EA-QGA employs to maintain population diversity and
escape local optima. This strategy leverages the Coefficient

of Variation (CV), defined as the ratio of the population’s
fitness standard deviation (σ ) to its mean (µ), to dynamically
adjust mutation intensity. Because CV reflects the spread of
fitness values, it provides a direct indicator of the population’s
evolutionary state: a large CV (high diversity) preserves
promising solutions, while a small CV (low diversity) triggers
stronger mutations to explore new areas of the search space.
The base mutation probability Pf is set to 0.1, providing a
consistent initial mutation level aligned with the population
size and problem scale. As the optimization progresses,
the adaptive mutation rate Pa is modulated in response to
real-time population diversity to maintain a proper balance
between exploring new solutions and improving existing
ones. Specifically, rotation-based quantum mutations using
Rx ,Ry, or Rz gates are applied to qubit states with mutation
angles inversely proportional to solution fitness. This ensures
weaker solutions undergo more significant probabilistic
variations while stronger solutions receive only fine-grained
adjustments. This adaptive approach not only introduces
controlled randomness to prevent premature convergence but
also enables the algorithm to escape local minima by provid-
ing larger mutations to low-fitness solutions. By balancing
broad exploration with controlled mutation intensity, our
adaptive mutation strategy enhances the algorithm’s ability to
locate the global optimum while ensuring stable and efficient
convergence.

IV. PERFORMANCE EVALUATION
The effectiveness of the proposed EA-QGA algorithm was
evaluated by applying it to three real-world analog circuit
sizing tasks—namely, a Differential Amplifier, a Two-Stage
Operational Transconductance Amplifier (Miller-OTA), and
a Folded Cascode Operational Transconductance Amplifier,
each systematically selected to represent increasing levels of
design complexity. These circuits introduced progressively
larger sets of design parameters, thereby illustrating the
algorithm’s robustness in exploring large, high-dimensional
search spaces. All evaluations were conducted using a 45 nm
CMOS process technology. For each analog circuit, the
EA-QGA algorithm was executed with a population of
20 quantum individuals, each represented by a quantum cir-
cuit, over a maximum of 50 generations. This configuration
reflects a balance between computational cost and conver-
gence behavior, as real quantum-gate-based individuals and
entanglement introduce significantly higher computational
overhead per iteration compared to classical mimic-based
approaches. Preliminary experiments showed that EA-QGA
typically converges well before reaching the maximum
generation limit, and increasing the population or generation
count did not yield meaningful improvements in the FoM
but only increased execution time. The optimization objective
was guided by a power-bandwidth-oriented figure of merit
(FoM), employed as the fitness function. Furthermore, the
evaluation procedure was constrained by essential analog
performance criteria, with particular emphasis on achieving
a high open-loop DC gain, a high slew rate, a large
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FIGURE 5. Circuit schematic of the single stage differental amplifier.

gain-bandwidth product, and a phase margin sufficient
to ensure stable and reliable circuit operation. To ensure
statistical reliability, 10 independent runs were performed
for each sizing task, each initialized with a different random
seed. Considering that hardware resource utilization directly
affects overall execution time, the number of generations
required to reach the optimal FoM was adopted as a practical
and consistent metric for evaluating computational efficiency
across all benchmark circuits. In addition to fitness-based
convergence tracking, the optimization behavior was further
examined by quantifying the evolution of population diversity
across generations. At each generation, the spread of the
design parameters across all individuals was measured, and
the population diversity measure S was defined as the total
variance of the normalized parameters, computed as the sum
of the variances of each parameter across the population:

S =

∑
i

Var(xi) (17)

where Var(xi) denotes the variance of the i-th normalized
design parameter across the population. This scalar metric
characterizes the global spread of individuals in the design
space and provides insight into whether the algorithm
maintains sufficient exploratory capability throughout the
optimization process. The results presented in the following
subsections correspond to the best-performing run, identified
by the highest FoM achieved with the fewest generations.

To assess the relative performance of the proposed
EA-QGA approach, a comparative analysis was conducted
against a quantum-inspired genetic algorithm (QIGA),
wherein quantum computational behavior is emulated
through classical mechanisms without the implementation
of quantum gates. The QIGA was configured with a
population of 50 individuals and evolved over a maximum
of 150 generations. These settings were chosen to align

TABLE 1. Bound constraints for differential amplifier design variables.

TABLE 2. Tabulated results of optimized parameters for differential
amplifier.

TABLE 3. Key performance metrics for the optimized differential
amplifier.

with the computational characteristics of QIGA, where the
lower per-iteration cost of classical mimic-based quantum
representations generally necessitates a larger search effort to
reach competitive optima. In contrast, the reduced population
and generation count selected for EA-QGA reflect its ability
to exploit true quantum operations for faster convergence,
as verified by the mean runtime statistics obtained over
10 independent runs. Additional comparisons were made
with several previously reported results utilizing conven-
tional genetic algorithms devoid of quantum computational
enhancement. All experiments were executed on an Intel
i7-1260P CPU operating at 2.10 GHz with 16 GB of RAM.
The EA-QGA algorithm was implemented in Python, and
the optimized design parameters produced were translated
into SPICE netlists for circuit-level simulation. Performance
validation was carried out using the open-source LTspice
circuit simulator. To ensure statistical robustness in quantum
measurement outcomes, each quantum circuit execution was
repeated 1024 times (shots) to estimate the most probable
measurement state.

A. DIFFERENTIAL AMPLIFIER
To initiate the evaluation of the proposed methodology,
a single-stage differential amplifier topology was selected
as a baseline circuit, as illustrated in Fig. 5. This con-
figuration, comprising a minimal set of design variables,
serves as a suitable benchmark for validating the optimization
framework under controlled complexity. The circuit consists
of 6 transistors; however, due to inherent device matching
constraints and structural dependencies, the number of
independent design variables is reduced to 5. These include
the matched gate widths W1 = W2,W3 = W4,W5 = W6,
along with the bias current Ib and the bias voltage Vb applied
to the input transistors. The allowable ranges for these design
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TABLE 4. Statistical Summary of EA-QGA and QIGA Over 10 independent runs for differential amplifier optimization.

variables are presented in Table 1. To reduce the influence of
channel length modulation, all transistors were designed with
a channel length of 0.135 µm, corresponding to three times
the minimum feature size (Lmin = 0.045 µm) defined by the
technology node [20].

Considering the defined bounds and resolution of each
design variable, a total of 34 qubits was required for
complete quantum encoding. Since this number remains well
below the maximum allowable limit of 63 qubits, PCA-
based dimensionality reduction was not employed in this
configuration. Accordingly, the MPS backend was employed
to simulate the quantum evolution. The 5 design variables,
W1,W3,W5, Ib and Vb, were individually mapped to [8, 8, 8,
6, 4] qubits, respectively. The quantum circuit was initialized
by applying Hadamard gates to all qubits, thereby creating
an equal superposition across the design space. The resulting
circuit was subsequently subjected to evolutionary search via
the proposed EA-QGA, The optimization formulation adopts
the following objective expression:

max: FoM

s.t. DC Gain ≥ 35 dB,

SR ≥ 5 V/µs

GBW ≥ 1 MHz

45◦
≤ PM ≤ 100◦ (18)

where, FoM denotes the Figure of Merit, as formulated
in (1), DC Gain represents the DC open-loop gain of the
amplifier, SR denotes the slew rate, GBW refers to the
gain-bandwidth product and PM represents the phase margin.
Constraint handling during the evolutionary process follows
the feasibility-based objective formulation introduced in (3),
ensuring that only candidates satisfying all requirements
in (18) are assigned a valid fitness value.

Table 2 outlines the optimized differential amplifier design
variables derived from the proposed EA-QGA method,
while the corresponding performance metrics are presented
in Table 3. The 1 MHz GBW was set as a reference
specification, while higher UGB values naturally resulted
from the multi-objective optimization process. The results
demonstrate that the optimized design meets all objective
constraints outlined in (18), achieving an optimal trade-off
among performance goals. Notably, the large widths selected
for the input pair (W1 = W2) arise from the need to
satisfy the DC gain, SR, and GBW constraints under the
fixed channel length of (0.135 µm). With the channel
length constrained, increasing device width becomes the
primary means of improving (gm), which is essential for

FIGURE 6. Generation-wise population diversity of EA-QGA and QIGA for
the differential amplifier.

FIGURE 7. Comparison of best fitness values per generation for EA-QGA
and QIGA algorithms in the design of a differential amplifier.

achieving the required SR and GBWwhile maintaining a low
overdrive voltage. As a result, the optimizer selects wider
input devices not to increase DC gain alone, but to fulfill
the coupled requirements imposed by the multi-objective
trade-off surface, explaining their appearance in the final
global optimum. The total MOS area reported in the results
represents a pre-layout estimate obtained directly from the
transistor geometries and is calculated as the sum of W × L
for all MOS transistors in the optimized circuit. The same
calculation approach is applied to the area values presented
in the following subsections.

A statistical summary of the repeated trials is provided in
Table 4 to illustrate the consistency of the proposed EA-QGA
under variations in initialization. Across the 10 independent
runs, the algorithm maintained a tightly grouped set of
outcomes, yielding an average FoM (mean) of 803.8 with
a standard deviation (SD) of 4.66 and a performance range
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FIGURE 8. Optimized simulation outputs of differential amplifier designs using QIGA and EA-QGA methods: (a) frequency-domain response,
(b) transient signal response.

spanning 809 to 796. The average number of generations
required to reach the optimal FoM remained similarly
concentrated around 20.4 with a deviation of 2.22, while
the mean runtime stabilized at 6.79 min. These observations
indicate that the optimizer exhibits reliable behavior across
repeated executions, with limited dispersion in both solution
quality and computational effort. The evolution of population
diversity for both EA-QGA and QIGA, measured using the
diversity metric S defined in (17), is depicted in Fig. 6.
Throughout the generations, EA-QGA maintains a well-
distributed population, enabling it to reach its optimal FoM
in the early stages of evolution. This behavior results
from diversity adjustments informed by previous-generation
FoM statistics, combined with the entanglement-enabled
search mechanism, which prevents premature convergence
and guides the population toward coordinated updates
that help identify high-quality design regions. In contrast,
QIGA exhibits wider fluctuations and a gradually increasing
diversity over time, indicating that it must continue adjusting
its population distribution in later generations to escape less
promising regions. These trends demonstrate that EA-QGA
follows a more coherent and efficient search trajectory,
whereas QIGA requires additional generational effort to
stabilize its exploration.

As illustrated in Fig. 7, the EA-QGA framework achieved
its optimal FoM of 809 at the 19th generation (out of 50) with
a total execution time of approximately 6.33 min, whereas the
conventional QIGA reached its slightly lower optimal FoM
of 804 only at the 88th generation (out of 150), requiring
a total of 17.60 min. This difference shows that QIGA
needed considerably more generational iterations to approach
its optimum, highlighting its slower convergence dynamics.
These results indicate that EA-QGA not only reaches a
better global optimum but also converges in a substantially
shorter wall-clock duration—approximately 2.8× faster in
elapsed time and 4.6× faster in generational convergence—
demonstrating its enhanced ability to escape local optima
and efficiently approach the global solution. While absolute

runtime is inherently dependent on the underlying hardware
configuration, the measurements included here confirm that
the proposed method maintains a clear advantage in both
algorithmic and practical computational efficiency. It is
important to note that the higher initial FoM observed
in the EA-QGA framework (670) compared to QIGA
(494) in the first generation arises from differences in
the quantum population generation strategies employed by
the two approaches. In EA-QGA, the initial population is
constructed by applying Hadamard gates across qubit groups
corresponding to individual design variables, promoting
a more uniform and well-distributed exploration of the
design space from the outset. In contrast, QIGA relies on a
probabilistic encoding of quantum states based on amplitude
parameters, which, although diverse, may result in initial
populations that are less likely to represent high-performing
regions early in the optimization. This variation in the
sampling behavior of the initial populations can naturally
lead to differences in early FoM values. Hence, the observed
difference in initial FoM values can be attributed to the
inherent differences in the initialization strategies of the two
frameworks.

Furthermore, a comparative assessment of key perfor-
mance metrics, validated through frequency and transient
response simulations, are illustrated in Fig. 8, further
demonstrates the enhanced design efficiency of the EA-QGA
approach over the conventional QIGA. Additionally, Table 5
compares the FoM values of the proposed design with those
from the existing literature, confirming that the EA-QGA
achieves superior performance.

B. TWO STAGE OTA
As a more intricate benchmark, a Miller-compensated two-
stage operational transconductance amplifier (Miller-OTA)
is employed in the second experimental case, as depicted
in Fig. 9. This circuit introduces a greater degree of
design complexity, involving multiple parameters such as
transistor sizing, biasing conditions, and compensation
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TABLE 5. Performance and FoM-based comparative evaluation of optimization methods for differential amplifier design.

FIGURE 9. Circuit schematic of the miller compensated two-stage OTA.

TABLE 6. Bound constraints for two-stage OTA design variables.

elements. Although the schematic comprises 8 transistors,
its symmetric structure and design constraints reduce the
number of effective design variables to 8. These include the
matched gate widths W1 = W2,W3 = W4,W5 = W8, along
with W6,W7, the bias current Ib, the bias voltage Vb applied
to the input stage, and the compensation capacitance Cc.
The respective parameter ranges considered for each of these
design variables are detailed in Table 6. Each transistor was
implemented with a channel length of 0.135µm to effectively
suppress channel length modulation effects.

Considering the defined bounds and resolution of each
design parameter, a total of 57 qubits was required to achieve
full quantum representation. As this qubit requirement

TABLE 7. Tabulated results of optimized parameters for two-stage OTA.

TABLE 8. Key performance metrics for the optimized two-stage OTA.

remains below the maximum threshold of 63 qubits, no PCA
dimensionality reduction technique was necessary for this
configuration. The simulation of quantum evolution was
conducted using the MPS backend, selected for its efficiency
in handling quantum systems. The 8 design variables, specif-
ically W1, W3, W5, W6, W7, Ib, Vb and Cc, were individually
mapped to [8, 8, 8, 8, 8, 6, 4, 7] qubits, respectively, based on
their resolution requirements. To ensure a uniform sampling
of the search space, the quantum circuit was initialized using
Hadamard gates applied across all qubits, thereby generating
an equal superposition of all possible design configurations.
The initialized circuit was then subjected to evolutionary
optimization using the proposed EA-QGA framework. The
optimization process was guided by the following objective
formulation:

max: FoM

s.t. DC Gain ≥ 60 dB,

SR ≥ 5 V/µs

GBW ≥ 10 MHz

60◦
≤ PM ≤ 90◦ (19)

where, FoM denotes the Figure of Merit, as formulated in (1),
DC Gain represents the DC open-loop gain of the amplifier,
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TABLE 9. Statistical Summary of EA-QGA and QIGA over 10 independent runs for two stage OTA optimization.

SR denotes the slew rate, GBW refers to the gain-bandwidth
product and PM represents the phase margin. The feasibility
rule defined in (3) governs constraint satisfaction, ensuring
that only designs meeting the criteria in (19) contribute to
fitness evaluation.

The optimized design variables for the two-stage OTA
circuit, derived using the EA-QGA method, are summarized
in Table 7, while their corresponding performance metrics are
listed in Table 8. All metrics satisfy the design constraints
specified in (19), ensuring functional and performance
compliance. A compact statistical overview for the two-stage
OTA is provided in Table 9. Across repeated executions,
EA-QGAmaintained tightly grouped performance outcomes,
reflected in its average FoM (mean) of 302 with an SD
of 5.81 and a performance range from 310 to 292. The
number of generations required to reach the optimum also
remained concentrated, averaging 18.4 with an SD of 1.89,
while the mean runtime stabilized at 7.66 min. These results
indicate that the optimizer preserves stable behavior under
different initializations, with limited dispersion in both FoM
and convergence effort for this benchmark.

A trend consistent with the differential-amplifier case
is observed in the diversity evolution shown in Fig. 10.
EA-QGA maintains a broad but well-regulated population
spread during the early generations, enabling effective
exploration of the enlarged two-stage OTA design space and
supporting its rapid approach to the optimal FoM. In contrast,
QIGA exhibits wider oscillations and a progressively expand-
ing diversity range as it adapts to the increased search-space
complexity, indicating a need for additional generations to
achieve population regularity. These observations highlight
the intrinsic search dynamics of both algorithms: EA-QGA
organizes its exploration more coherently across generations,
whereas QIGA adjusts more gradually under the larger
design-space demands.

As depicted in Fig. 11, the EA-QGA method achieved a
superior FoM of 310 at the 16th generation (out of 50), with
a total execution time of 6.66 min, whereas QIGA reached
a lower FoM of 300 only at the 93rd generation (out of
150), requiring 18.60 min. These results show that EA-QGA
converged approximately 5.8× faster in generational pro-
gression and 2.8× faster in runtime while also achieving a
better global optimum.While the absolute runtime inherently
depends on the underlying hardware configuration, the
recorded measurements clearly highlight the strengthened
exploration–exploitation balance and enhanced global-search
capability offered by the proposed method. Although QIGA
began with a slightly higher initial FoM (212) than EA-QGA

FIGURE 10. Generation-wise population diversity of EA-QGA and QIGA
for the two-stage OTA.

FIGURE 11. Comparison of best fitness values per generation for EA-QGA
and QIGA algorithms in the design of a two-stage OTA.

(204), reflecting natural variations introduced by stochastic
population sampling and encoding strategies. The adaptive
capabilities of EA-QGA to rapidly surpass this initial gap
and achieve superior convergence performance highlights
its inherent strengths in global exploration and efficient
navigation away from suboptimal regions. Further analysis
of the optimized design’s frequency and transient responses,
illustrated in Fig. 12, confirms the improved performance
achieved through EA-QGA. In addition, Table 10 compares
the obtained FoM with values reported in previous studies,
highlighting that EA-QGA achieves notable performance
gains in two-stage OTA design.

C. FOLDED CASCODE OTA
To further evaluate the scalability and robustness of the
proposed optimization framework, a folded cascode opera-
tional transconductance amplifier is employed as the third
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FIGURE 12. Optimized simulation outputs of two-stage OTA designs using QIGA and EA-QGA methods: (a) frequency-domain response,
(b) transient signal response.

TABLE 10. Performance and FoM-based Comparative Evaluation of Optimization Methods for Two-Stage OTA Design.

benchmark topology, as illustrated in Fig. 13. This amplifier
architecture presents a more intricate design landscape,
attributed to its increased number of transistors, biasing
branches, and passive components. The schematic comprises
a total of 15 transistors, yet due to its inherent symmetry
and well-defined design constraints, the number of effective
design variables is reduced to 10. These include the matched
gate widths W1 = W2, W3, W4 = W5 = W14, W6 =

W7 = W13, W8 = W9 = W10 = W11, W12, and W15,
along with the resistor pair R1 = R2, the bias current Ib,
and the bias voltage Vb supplied to the input differential
stage. The specific design parameter ranges for each of
these variables are summarized in Table 11. All transistors
are implemented with a uniform channel length of 0.135
µm to minimize the impact of channel length modula-
tion and ensure consistent performance across the design
space.

For the folded cascode operational transconductance
amplifier, the complete quantum encoding of all 10 design
variables initially required 70 qubits, surpassing the allowable

limit of 63 qubits. To address this constraint, a PCA-
based dimensionality reduction strategy was adopted. Among
the original design variables, comprising transistor widths
[W1,W3,W4,W6,W8,W12,W15], resistor R1, bias current
Ib and bias voltage Vb, the 7 transistor width parameters
with redundant bounds were compressed into four principal
components using PCA. Consequently, the dimensionality of
the design space was reduced to four effective variables: the
PCA-encoded width components, R1, Ib and Vb. These were
subsequently mapped to [44, 4, 6, 4] qubits, respectively. The
total number of qubits required after compressionwas thereby
reduced to 58, which conforms to the quantum simulator
constraints. The MPS backend was employed to simulate the
quantum evolution of this compressed design space. As with
the other test cases, the quantum circuit was initialized by
applying Hadamard gates to all qubits, thereby generating
an equal superposition state. The evolutionary search was
then executed using the proposed EA-QGA approach, which
iteratively evolved quantum states toward optimal design
configurations. The optimization process was governed by
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FIGURE 13. Circuit schematic of the folded cascode OTA.

TABLE 11. Bound constraints for folded cascode OTA design variables.

TABLE 12. Tabulated results of optimized parameters for folded
cascode OTA.

the following objective expression:

max: FoM

s.t. DC Gain ≥ 60 dB,

SR ≥ 10 V/µs

GBW ≥ 10 MHz

60◦
≤ PM ≤ 90◦ (20)

where, FoM denotes the Figure of Merit, as formulated
in (1), DC Gain represents the DC open-loop gain of the
amplifier, SR denotes the slew rate, GBW refers to the
gain-bandwidth product and PM represents the phase margin.
Constraint compliance is maintained using the formulation
in (3), whereby candidates violating any requirement in (20)
are automatically penalized.

Table 12 provides the optimized design parameters
obtained for the folded cascode OTA circuit using the
EA-QGA method, with associated performance metrics
reported in Table 13. All performance outcomes comply
with the constraints specified in (20), indicating a robust
optimization result. The statistical results for the Folded

TABLE 13. Key performance metrics for the optimized folded
cascode OTA.

FIGURE 14. Generation-wise population diversity of EA-QGA and QIGA
for the folded cascode OTA.

FIGURE 15. Comparison of best fitness values per generation for EA-QGA
and QIGA algorithms in the design of a folded cascode OTA.

Cascode OTA, summarized in Table 14, show a similarly
consistent trend. EA-QGA achieved an average FoM (mean)
of 675.6 with an SD of 8.93 and a performance range
spanning 688 to 661 across the 10 runs. The number of
generations required to reach the optimum remained centered
around 26.2 with a deviation of 4.84, while the mean runtime
stabilized at 12.22 min. These observations confirm that the
algorithm maintains steady performance despite variations
in initialization, yielding closely clustered outcomes for this
topology as well.

The population-diversity evolution in Fig. 14 shows
that EA-QGA maintains a compact and relatively stable
diversity range across generations, indicating a consistently
regulated exploration pattern even in this more complex
design scenario. This steady behavior supports its ability
to progress toward high-quality regions without requiring
large redistributions of its population. In contrast, QIGA
exhibits pronounced and irregular shifts in diversity, with
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FIGURE 16. Optimized simulation outputs of folded cascode OTA designs using QIGA and EA-QGA methods: (a) frequency-domain response,
(b) transient signal response.

TABLE 14. Statistical summary of EA-QGA and QIGA Over 10 independent runs for folded cascode OTA optimization.

TABLE 15. Performance and FoM-based comparative evaluation of optimization methods for folded cascode OTA design.

rapid rises and collapses that reflect frequent resets of its
search direction. These fluctuations show that QIGA relies
on broader population adjustments to recover from less
productive regions of the landscape. Overall, the observed
trends confirm that EA-QGA preserves a more dependable
and well-balanced exploration dynamic, while QIGA follows
a noticeably more volatile evolutionary path. According to
the generational FoM trend illustrated in Fig. 15, EA-QGA
reached its optimal FoM of 688 at the 22nd generation (out of
50), with ameasured execution time of 10.26min. In contrast,
QIGA attained a lower FoM of 603 only at the 122nd
generation (out of 150), requiring 24.40 min to converge.
This demonstrates that EA-QGA reached a superior solution

approximately 5.6× faster in generations and 2.4× faster
in runtime. These improvements can be attributed to the
adaptive evolutionary–quantum mechanisms in EA-QGA,
which enhance global exploration and accelerate convergence
across complex search spaces. A comparative evaluation of
the circuit’s key performance metrics, based on frequency
and transient simulations and shown in Fig. 16, further
supports the superior design efficiency achieved through
EA-QGA. Lastly, Table 15 presents a comparative analysis
of the proposed design’s FoM with values reported in
prior literature, clearly establishing the EA-QGA framework
as a high-performing alternative for folded cascode OTA
optimization.
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V. CONCLUSION
This study introduced an adaptive quantum genetic
algorithm-based methodology for optimizing the sizing of
CMOS analog circuits. A novel EA-QGA framework was
proposed to effectively address the challenge of mapping
a large analog design search space onto the limited
qubit resources of quantum simulators. The framework
incorporates PCA-based qubit encoding along with adaptive
strategies such as GBR and CV-guided mutation, which
collectively enhance the exploration capability and improve
the likelihood of reaching true global optima without getting
trapped in a local minima. The effectiveness of the proposed
approach was demonstrated through its application to the
design of a differential amplifier, a two-stage OTA, and
a folded cascode OTA using 45 nm CMOS technology.
Across all case studies, the EA-QGA consistently satisfied
the required performance constraints and surpassed theQIGA
baseline by achieving FoM improvements of 0.62%, 3.33%,
and 14.10%, while also converging 4.6×, 5.8×, and 5.6×
faster in generations and reducing runtime by 2.8×, 2.8×,
and 2.4×, respectively. In addition to these performance
gains, the EA-QGA achieved notable reductions in total
MOS area relative to the QIGA. Across all three benchmark
circuits, the proposed framework achieved area reductions
of 13.5%, 9.4%, and 26.3%, respectively, demonstrating
its effectiveness in producing more compact transistor-
level designs. This performance advantage was achieved
even with a reduced population size and fewer generational
iterations, highlighting the efficiency gained through the use
of real quantum-gate-based operators and their accelerated
convergence behavior. Overall, these results confirm that the
EA-QGA method offers improved computational efficiency,
higher optimization accuracy, and more area-efficient analog
circuit implementations. Furthermore, due to its scalability
and adaptability, the proposed approach holds significant
potential for extension to the synthesis of more complex
analog circuits involving larger and more intricate design
spaces.
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