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Abstract—Noise in current quantum hardware (NISQ devices)
poses a major obstacle by degrading gate operations and overall
circuit fidelity toward FTQC. Traditional quantum error correc-
tion (QEC) is effective but resource-intensive, requiring several
extra qubits and operations beyond the reach of near-term de-
vices. Quantum error mitigation (QEM) offers a complementary
path by reducing the impact of error prior to full correction. We
present an adaptive pulse-level QEM using genetic algorithms
to dynamically adjust control pulses in real-time, improving
algorithm fidelity without modifying the logic structure of a
quantum circuit. By targeting pulse parameters directly, this
method reduces the impact of various noise sources, improving
algorithm resilience in quantum circuits. To demonstrate the
effectiveness of our methodology, we apply our protocol to five
key quantum algorithms, including Bernstein-Vazirani, Deutsch-
Jozsa, Grover’s search, Quantum Fourier Transform (QFT), and
its inverse (IQFT). Experimental results show that our pulse-level
optimization strategy provides a flexible and efficient solution for
increasing fidelity during the noisy execution of quantum circuits.
Our work contributes to advance error mitigation techniques,
essential for robust quantum computing, which will increasingly
require HPC infrastructure as quantum systems scale.

Index Terms—adaptive algorithm, NISQ, FTQC, HPC-QPU in-
tegration, noise resilience, pulse-level optimization, qubit fidelity,
quantum computing, quantum error correction, quantum error
mitigation

I. INTRODUCTION

Quantum computers promise to solve classically intractable
problems, from factoring large numbers to simulating complex
quantum systems [1]. However, today’s devices operate in
the Noisy Intermediate-Scale Quantum (NISQ) regime [2],
where computation is constrained by short coherence times
and gate errors. Quantum noise arises from various sources:
e.g. bit-flip and phase-flip errors randomly flip qubit states or
phases [3]. Decoherence processes, characterized by amplitude
relaxation (T1) and phase decoherence (T2), degrade quantum
information over time [4]. Multi-qubit systems encounter
crosstalk, where unintended interactions between qubits cause
extra errors during the execution of two- and multi-qubit
gates [5]. These error mechanisms underscore the urgent
need for scalable and robust strategies to mitigate noise in
quantum systems. Since physical mechanisms responsible for
the susceptibility of a quantum system to intrinsic and external
noise sources tend to be harder to address, software-based
strategies constitute the center of attention in this article. [6]

Conventional Quantum Error Correction (QEC) methods
meet these challenges by encoding logical qubits into entan-
gled states distributed across multiple physical qubits [7]. For
instance, a single logical qubit state |ψ⟩ = α|0⟩+β|1⟩ can be
transformed into an encoded state:

|ψ⟩ → |ψL⟩ = α|0L⟩+ β|1L⟩,

where |0L⟩ and |1L⟩ represent logical states encoded across
multiple physical qubits. Syndrome measurements identify
errors and enable corrective operations to restore |ψL⟩ to its
intended state [7]. While effective, QEC demands substantial
qubit overhead and extremely low physical error rates that are
not yet available in NISQ devices. Consequently, near-term
quantum computing must rely on methods that mitigate errors
without full error correction.

Quantum error mitigation (QEM) techniques seek to reduce
the impact of errors, trading increased sampling or compu-
tation for improved fidelity [6, 8]. Unlike QEC, QEM does
not produce fully error-corrected logical qubits, but instead
uses methods such as error extrapolation [9] or probabilistic
error cancellation [10] to approximate error-free results. For
instance, zero-noise extrapolation involves running circuits at
inflated noise levels and extrapolating to zero noise. QEM can
significantly improve algorithm outputs on NISQ hardware,
but fundamental analyses have shown it cannot indefinitely
suppress errors without incurring exponential overhead in
sampling as circuits scale [8].

In this work, we build upon QEM by targeting the quantum
control pulses that implement gate operations. Pulse-level con-
trol allows adjusting the continuous control waveforms driving
the qubits’ evolution [11]. By fine-tuning pulse amplitudes and
durations, one can directly influence the Hamiltonian of the
system and counteract noise at its source [6]. Prior quantum
control methods like GRAPE and CRAB have optimized pulse
shapes offline to achieve high-fidelity gates [12, 13, 14].
However, such methods typically assume a fixed noise model
and do not adapt to run-time fluctuations. We propose an
Adaptive Genetic Algorithm (AGA) that dynamically opti-
mizes pulses during circuit execution [6], guided by live feed-
back on performance [15]. Evolutionary algorithms are well-
suited to navigate complex, noisy optimization landscapes;



here we use a genetic algorithm to evolve a population of
pulse configurations, selecting those that maximize the output
state fidelity. Furthermore, employing AGAs for quantum error
mitigation illustrates how the structured use of automated
learning techniques enhances the separation of concerns across
different abstraction layers in the quantum stack [16]. Specifi-
cally, improving fidelity is a distinct challenge from executing
a quantum algorithm and, ideally, should remain transparent
to quantum programmers.

Our proposal introduces no additional gates or qubits –
it works within the original circuit by tweaking how each
gate is physically realized. We validate our proposed method
on multiple algorithms, showing that it substantially boosts
final-state fidelity without altering the algorithm’s logic (thus
preserving the algorithm’s design and intent)

A. Contributions

This paper introduces a novel adaptive pulse-level quantum
error mitigation algorithm comprising three main advances:

1) Adaptive Pulse Parameter Optimization: A new algo-
rithm dynamically adjusts pulse parameters in response
to real-time noise measurements, thereby enhancing its
responsiveness to fluctuating noise conditions within
quantum systems.

2) Enhanced Fidelity Without Circuit Alteration: The
algorithm achieves substantial fidelity improvements in
quantum algorithms without requiring modifications to
the original circuits, thereby preserving their design and
intent.

3) Empirical Validation on Benchmark Algorithms: The
efficacy of the proposed method is empirically demon-
strated through enhanced performance metrics in five
benchmark quantum algorithms, specifically Bernstein-
Vazirani, Deutsch-Jozsa, Grover’s search, Quantum
Fourier Transform (QFT), and its inverse (IQFT)

Collectively, our contributions underscore the potential of
evolutionary strategies to refine pulse-level control and achieve
error mitigation. These also suggest an effective methodology
to enhance the reliability of quantum computations on Noisy
Intermediate-Scale Quantum (NISQ) devices. By leveraging
adaptive optimization techniques, our methodology effectively
navigates the noise of current quantum systems, thereby en-
abling more robust and accurate computational results.

B. Organization of the Paper

The remainder of this paper is organized as follows: Sec-
tion II provides the theoretical and technical background
essential to our study, including noise modeling in quantum
computing, the distinction between error mitigation and error
correction, and an overview of the QuTiP framework used
for our simulations. In Section III, we describe the design
and implementation of our adaptive genetic algorithm for
pulse-level error mitigation. This section covers the pulse
representation, the genetic algorithm structure and its key
features (such as adaptive feedback, diversity control, and
parallelization), as well as details on how the algorithm

is integrated with quantum circuit simulations. Section IV
outlines the experimental setup and simulation parameters, and
introduces the five benchmark quantum algorithms used in this
study: Grover’s Search, Deutsch–Jozsa, Bernstein–Vazirani,
Quantum Fourier Transform (QFT), and Inverse QFT (IQFT).
Section V presents the experimental results, including fidelity
evolution and comparative analyses between optimized and
baseline pulses across the different algorithms and noise
regimes. Section VI discusses the implications of our findings,
assessing the strengths and limitations of our technique while
proposing directions for future research. Finally, Section VII
concludes the paper by summarizing our key contributions and
highlighting the potential impact of our work on advancing
quantum error mitigation strategies.

II. BACKGROUND AND PRELIMINARIES

We model quantum errors using a combination of contin-
uous and discrete noise processes typical in superconducting
qubit systems [17]. We provide the necessary theoretical and
technical background behind our method. We begin with an
overview of noise modeling in quantum computing, highlight-
ing various types of errors and their mathematical represen-
tations. Finally, we introduce QuTiP (Quantum Toolbox in
Python), the open-source framework employed for simulating
open quantum systems and implementing pulse-level strate-
gies.

A. Noise in NISQ Systems

Noisy Intermediate-Scale Quantum (NISQ) devices are in-
herently susceptible to decoherence and operational errors that
degrade qubit fidelity and gate performance [1, 2]. Such errors
arise from unavoidable system-environment interactions and
hardware imperfections.

1) Lindblad and Kraus Representations: A standard frame-
work for modeling open-system dynamics is the Lindblad
master equation:

dρ

dt
= − i

ℏ
[H, ρ] +

∑
k

(
Lk ρL

†
k − 1

2
{L†

kLk, ρ}
)
, (1)

where H is the system Hamiltonian and Lk are the collapse
operators. Equivalently, one may use the Kraus representation:

E(ρ) =
∑
ℓ

EℓρE
†
ℓ ,

∑
ℓ

E†
ℓEℓ = I.

2) Standard Noise Channels: Key noise models include:

• Amplitude Damping: Models energy relaxation (charac-
terized by T1).

• Dephasing: Affects relative phase coherence (character-
ized by T2).

• Pauli Errors: Bit-flip, phase-flip, and bit-phase-flip er-
rors occurring with probability p.

• Depolarizing Noise: Replaces the state with the maxi-
mally mixed state with probability p.



B. Error Mitigation vs. Error Correction

Quantum Error Correction (QEC) encodes logical qubits
into multiple physical qubits and uses syndrome measurements
to detect and correct errors [7]. However, QEC’s overhead
makes it impractical for NISQ devices. Instead, Quantum Error
Mitigation (QEM) reduces noise effects via techniques such
as zero-noise extrapolation and probabilistic error cancella-
tion [18, 8]. Our method complements these strategies by
optimizing the pulse-level control fields without altering the
circuit structure.

C. Pulse-Level Modeling and Simulation Tools

Incorporating noise directly into the pulse evolution of gates
provides a realistic representation of device behavior [19]. The
control Hamiltonian is given by:

H(t) = H0 +
∑
i

ui(t)Hi,

where H0 is the drift Hamiltonian and ui(t) are the control
amplitudes.

1) QuTiP and QuTiP-QIP: We use the Quantum Toolbox
in Python (QuTiP) [20] for simulating open quantum systems.
QuTiP offers a unified Qobj class for representing states
and operators, and solvers such as mesolve for integrating
Eq. (1). The qutip-qip module extends these capabilities to
pulse-level simulations, mapping quantum circuits to pulse se-
quences with parameters such as evolution time (evo_time)
and number of time slices (num_tslots). This framework
forms the basis for our adaptive pulse-level error mitigation
strategy.

III. METHODOLOGY

Building on our previous work [6], we propose an adaptive
pulse-level error mitigation algorithm that optimizes control
pulses in real time without modifying the circuit logic. Below
we describe the key components of our research.

A. Pulse Representation and Control

A pulse is represented as a time series of complex-valued
amplitudes, [d0, . . . , dn−1], where each sample dj is applied
during a cycle time dt (defined by the waveform generator’s
sampling rate). The ideal output at time fjdt is given by:

Dj = Re
[
ei(2πfjdt+ϕj)

]
, (2)

at time fjdt, where fj is a modulation frequency and ϕj is a
phase. Pulse samples describe only the envelope of the signal
produced, which is then mixed in hardware with a carrier
signal defined by its frequency and phase [21]

B. Adaptive Genetic Algorithm for Pulse Optimization

Our method employs an adaptive Genetic Algorithm (GA)
([6]), to fine-tune pulse parameters and mitigate noise-induced
errors. In this framework, a population of candidate pulse
configurations is evolved over successive generations, with
each candidate evaluated based on its ability to steer the system
toward the ideal target state.

A key metric for benchmarking quantum operations is
fidelity ([1]), which quantifies the closeness between two
quantum states. Given two density matrices ρ and σ, the
fidelity F (ρ, σ) is defined as

F (ρ, σ) ≡
(
Tr

√
ρ1/2σρ1/2

)2

.

In our method, the fitness of each candidate is determined
by the fidelity between the simulated final state and the desired
target state:

F (ρfinal, ρtarget) =
(
Tr

√√
ρfinal ρtarget

√
ρfinal

)2

. (3)

This fidelity measure provides a quantitative assessment of
how effectively the optimized pulses improve circuit perfor-
mance under noisy conditions.

Key features include:
• Adaptive Feedback: Mutation and crossover probabili-

ties (pmut and pcross) are dynamically adjusted based on
the change in average fitness (∆F ) over a fixed interval:

p
(g+1)
mut =

{
p
(g)
mut +∆p, if ∆F < δ,

p
(g)
mut −∆p, otherwise,

and similarly for pcross [15, 6].
• Diversity Control: Genetic diversity is monitored using

the average Mahalanobis distance between individuals. If
diversity D falls below a threshold θ, additional mutations
or individual replacements are applied [22, 6].

• Elitism and Early Stopping: The best-performing indi-
viduals are preserved in each generation, and the opti-
mization process stops when no significant improvement
is observed over R consecutive generations [6].

• Parallelization: Fitness evaluations (simulations of noisy
quantum circuits) are parallelized using the SCOOP
framework [23].

Algorithm 1 summarizes the overall GA workflow.

Algorithm 1: Adaptive Pulse-Level Error Mitigation
Algorithm (Overview)

Input : Population size N , number of generations G,
initial mutation probability pmut,
initial crossover probability pcross, feedback

threshold δ, feedback interval I ,
early stopping rounds R, diversity threshold θ,

diversity action (e.g., ‘mutate’ or ‘replace’)
Output: Optimized pulse parameters maximizing fidelity
Initialize population P0;
for g ← 1 to G do

Select parents (Tournament Selection);
Apply Crossover and Mutation;
Evaluate Fitness (using Eq. (3));
Replace Population and apply Elitism;
Enforce Diversity Control and adjust probabilities;
Check Early Stopping Criteria;

end
return Best individual (i.e., highest fidelity);



C. Workflow and Integration with Quantum Circuits

The optimized pulse parameters are applied to pulse-level
representations of quantum circuits using the qutip-qip
framework [18]. Specifically, parameters such as evolu-
tion time (evo_time) and the number of time slices
(num_tslots) are refined to maximize fidelity under realis-
tic noise conditions. Figure 1 illustrates the overall workflow,
which begins with a quantum circuit that is compiled into
pulse sequences, followed by noise integration, GA-based
pulse optimization, and final simulation with the optimized
pulses.

Evaluator

Precompilation to Final Pulses

Optimized pulse sequence

SelectionUpdate

CrossoverMutation

Fitness

Function
Control of

Diversity
Population Elitism

Quantum Markovian

Noise Model

Bit-Flip and 

Phase-Flip Noise

DepolarizingDephasing

Amplitude Damping 

Noise
Processor compiles

circuit into pulses

Result

Density Matrix

Evolution Trajectory

Quantum Computer

Quantum Noisy Model

Simulator

Fig. 1: Workflow of the Adaptive Pulse-Level Error Mitigation
Algorithm.

D. Implementation Details

Our implementation is developed in Python, using the
DEAP library for the GA [24] and QuTiP for quantum sim-
ulation [20]. The SCOOP framework manages parallelization
of fitness evaluations. For further technical details and the full
pseudocode, please refer to the Appendix of our full paper [6].

IV. EXPERIMENTAL SETUP

All experiments were conducted on a MacBook Pro with
Apple’s M3 chip, which features an 8-core CPU (4 perfor-
mance + 4 efficiency), a 10-core GPU, a 16-core Neural
Engine, 100 GB/s memory bandwidth, and 24 GB of RAM.
Table I summarizes the hardware specifications, demonstrating
that our system can handle pulse-level quantum simulations
and parallelized fitness evaluations using our GA framework.

TABLE I: MacBook Pro M3 Hardware Specifications

Component Specification
System on Chip (SoC) Apple M3
CPU Cores 8 (4 performance + 4 efficiency)
GPU Cores 10-core GPU
Neural Engine 16-core
Memory Bandwidth 100 GB/s
RAM 24 GB

A. Benchmark Quantum Algorithms

To assess the effectiveness of our strategy, we evaluated
performance on several well-established quantum algorithms.
These benchmarks were chosen due to diversity in circuit
structure, the frequency of appearance in literature and ap-
plications, and sensitivity to noise, making them suitable for
testing improvements in fidelity.

1) Bernstein-Vazirani: The Bernstein-Vazirani algorithm
efficiently determines a hidden bit-string [25]. Its shallow
circuit and deterministic output make it an ideal benchmark
for examining the impact of pulse-level optimization on error
suppression.

2) Deutsch-Jozsa: The Deutsch-Jozsa algorithm distin-
guishes between constant and balanced Boolean functions in
a single evaluation [26]. We implement this algorithm on a
4-qubit circuit (three input qubits and one ancilla), where an
ideal measurement outcome is deterministic. This algorithm
is particularly sensitive to interference effects, providing a
rigorous test for noise mitigation.

3) Grover’s Search: Grover’s algorithm offers a quadratic
speedup for searching unstructured databases [27]. In our 4-
qubit implementation, the algorithm amplifies the probability
of a marked state. Due to its iterative structure, it is especially
prone to error accumulation, making it a robust benchmark for
our GA.

4) Quantum Fourier Transform (QFT) and Inverse QFT
(IQFT): The QFT and its inverse are central to phase estima-
tion and other transform operations [1, 28]. Their sensitivity
to phase errors makes them effective in assessing the benefits
of pulse-level error mitigation.
For all algorithms, performance is quantified using the fidelity
F (ρ, σ) between the noisy output state and the ideal target
state:

F (ρ, σ) ≡
(
Tr

√
ρ1/2σρ1/2

)2

,

with higher values indicating that the output state more closely
approximates the desired state [1].

B. Simulation Parameters and Configurations

Our simulations employ a combined noise regime –
including amplitude damping, dephasing, and independent
Pauli errors- with parameters chosen to emulate typical NISQ
conditions [29, 30, 31, 32]. For all experiments, the genetic
algorithm (GA) is configured with a population size of 100
individuals and is run for 200 generations. Table II summarizes
the specific parameters for each experimental scenario, which
include variations in relaxation (T1) and dephasing (T2) times,
as well as bit-flip and phase-flip error probabilities. The bench-
marks span several quantum circuits implemented on 4-qubit
systems, namely Grover’s Search, Deutsch-Jozsa, Bernstein-
Vazirani, Quantum Fourier Transform (QFT), and its inverse
(IQFT).

This setup, along with our adaptive GA framework and
realistic noise modeling, enables a comprehensive evaluation
of our error mitigation technique across various algorithms and
operating conditions.



Scenario Circuit Num Qubits T1 T2 Bit-Flip Prob Phase-Flip Prob

1 Grover 4 30 15 0.01 0.01
2 Grover 4 50 30 0.02 0.02
3 Grover 4 100 60 0.05 0.05
4 Deutsch-Jozsa 4 30 15 0.01 0.01
5 Deutsch-Jozsa 4 50 30 0.02 0.02
6 Deutsch-Jozsa 4 100 60 0.05 0.05
7 Bernstein-Vazirani 4 30 15 0.01 0.01
8 Bernstein-Vazirani 4 50 30 0.02 0.02
9 Bernstein-Vazirani 4 100 60 0.05 0.05

10 QFT 4 30 15 0.01 0.01
11 QFT 4 50 30 0.02 0.02
12 QFT 4 100 60 0.05 0.05
13 IQFT 4 30 15 0.01 0.01
14 IQFT 4 50 30 0.02 0.02
15 IQFT 4 100 60 0.05 0.05

TABLE II: Sampling of Experimental Scenarios and Simulation Parameters. Each scenario corresponds to a 4-qubit circuit
with specific decoherence times (T1 and T2) and error probabilities for bit-flip and phase-flip channels. All simulations were
performed using a genetic algorithm configured with 200 generations and a population of 100 individuals.

V. RESULTS

We evaluated our adaptive pulse-level error mitigation GA
over 15 experimental scenarios (see Table II) on five bench-
mark quantum algorithms implemented on 4-qubit 1 systems.
The algorithms under study were:

• Grover’s Search (Scenarios 1–3),
• Deutsch–Jozsa (Scenarios 4–6),
• Bernstein–Vazirani (Scenarios 7–9),
• Quantum Fourier Transform (QFT) (Scenarios 10–12),

and
• Inverse QFT (IQFT) (Scenarios 13–15).
For each algorithm, experiments were performed under

three noise regimes (see Table III):
• Low Noise: T1 = 30, T2 = 15, with bit-flip and phase-

flip probabilities of 0.01.
• Medium Noise: T1 = 50, T2 = 30, with bit-flip and

phase-flip probabilities of 0.02.
• High Noise: T1 = 100, T2 = 60, with bit-flip and phase-

flip probabilities of 0.05.
In all scenarios, the genetic algorithm (GA) is configured

with a population size of 100 and is run for 200 generations.
Performance is quantified using the fidelity F (ρ, σ) between
the noisy final state and the ideal target state [1].

We computed the evolution of average fidelity over multiple
generations for all five algorithms under the three noise con-
ditions (Figure 2). Each subplot corresponds to one algorithm,
with curves representing Low, Medium, and High noise levels.
As illustrated, the adaptive GA consistently enhances fidelity
over successive generations. Although the magnitude of im-
provement is generally greater under low noise conditions,
significant gains are observed even in high noise regimes when
compared to the unoptimized baseline.

The final outcomes for each algorithm are summarized in
Tables IV–VIII. For each noise level, the following metrics
are reported:

1Detailed results: IEEE Quantum Week Conference Data for
Review/instructions.md. See Code and Data Availability below for
data access and replication.

• Original Fidelity: The fidelity before any optimization.
• Avg. Optimized Fidelity: The average fidelity achieved

by the population after optimization.
• Max Optimized Fidelity: The highest fidelity achieved

during the run.
• Gen Max Fidelity: The generation at which the maxi-

mum fidelity was reached.
• Total Execution Time: The overall wall-clock time

required for the experiment.
Mean and standard deviation (SD) values across the noise

regimes are provided across the optimization process.

TABLE III: Definition of Noise Regimes

Noise Level T1 T2 Bit-Flip Prob Phase-Flip Prob

Low 30 15 0.01 0.01
Medium 50 30 0.02 0.02
High 100 60 0.05 0.05

The final outcomes for each algorithm are detailed in
Tables IV–VIII. These tables list, for each noise regime, the
original fidelity (obtained without optimization), the average
optimized fidelity, the maximum optimized fidelity achieved,
the generation at which the maximum fidelity was observed,
and the total execution time of the experiment. Mean and
standard deviation (SD) values across the noise levels are
provided where applicable.

Together, Tables IV–VIII provide a comprehensive overview
of our experimental results. For each algorithm, these tables
report the fidelity before optimization, the average fidelity after
running the GA, the best (maximum) fidelity achieved during
the run, the generation at which this maximum was reached,
and the total execution time. The mean and standard deviation
values further quantify the variability of the outcomes across
different noise conditions.

Overall, the results demonstrate that our adaptive pulse-
level error mitigation methodology consistently improves the
fidelity of quantum circuits across a range of algorithms
and noise regimes. Although the absolute fidelity values and
convergence speeds differ with the noise level, our method
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Fig. 2: Evolution of average fidelity over generations for five benchmark quantum algorithms under three noise regimes (see
Table III for details). Each subplot corresponds to one algorithm, with curves representing the Low, Medium, and High noise
regimes.

TABLE IV: Final Outcomes for Bernstein–Vazirani (4 Qubits)

Noise Level Qubits Original Fidelity Avg. Optimized Fidelity Max Optimized Fidelity Gen Max Fidelity Total Execution Time

Low 4 0.2650 0.6617 0.7229 46 1203.84 s
Medium 4 0.3007 0.5859 0.6326 30 1002.85 s
High 4 0.2491 0.4986 0.5676 31 861.35 s

Mean 0.2716 0.5821 0.6410 – 1022.68 s
SD 0.0264 0.0816 0.0780 – 172.10 s

yields significant enhancements over unoptimized baseline
implementations. These findings underscore the potential of

our technique to extend the practical capabilities of Noisy
Intermediate-Scale Quantum (NISQ) devices.



TABLE V: Final Outcomes for Deutsch–Jozsa (4 Qubits)

Noise Level Qubits Original Fidelity Avg. Optimized Fidelity Max Optimized Fidelity Gen Max Fidelity Total Execution Time

Low 4 0.2425 0.2911 0.4197 15 17994.25 s
Medium 4 0.2549 0.4122 0.5467 63 5646.18 s
High 4 0.2519 0.2626 0.4058 22 8685.75 s

Mean 0.2498 0.3220 0.4574 – 10775.39 s
SD 0.0065 0.0794 0.0776 – 6433.79 s

TABLE VI: Final Outcomes for Grover’s Search (4 Qubits)

Noise Level Qubits Original Fidelity Avg. Optimized Fidelity Max Optimized Fidelity Gen Max Fidelity Total Execution Time

Low 4 0.2423 0.2491 0.2741 22 4554.00 s
Medium 4 0.2381 0.2568 0.3048 18 2219.36 s
High 4 0.2460 0.2491 0.2506 16 4447.70 s

Mean 0.2421 0.2517 0.2765 – 3740.35 s
SD 0.0040 0.0044 0.0272 – 1318.29 s

TABLE VII: Final Outcomes for IQFT (4 Qubits)

Noise Level Qubits Original Fidelity Avg. Optimized Fidelity Max Optimized Fidelity Gen Max Fidelity Total Execution Time

Low 4 0.2543 0.4985 0.5313 49 8012.64 s
Medium 4 0.2500 0.4152 0.4410 37 8661.14 s
High 4 0.2488 0.2522 0.2546 13 3713.86 s

Mean 0.2510 0.3886 0.4090 – 6795.88 s
SD 0.0029 0.1253 0.1411 – 2688.73 s

TABLE VIII: Final Outcomes for QFT (4 Qubits)

Noise Level Qubits Original Fidelity Avg. Optimized Fidelity Max Optimized Fidelity Gen Max Fidelity Total Execution Time

Low 4 0.2562 0.7653 0.7813 71 14234.71 s
Medium 4 0.2544 0.6752 0.7005 60 7460.93 s
High 4 0.2522 0.2667 0.2705 22 2636.15 s

Mean 0.2543 0.5691 0.5841 – 8110.60 s
SD 0.0020 0.2657 0.2746 – 5826.51 s

Fig. 3: Baseline pulse waveforms for the Quantum Fourier Transform (QFT) obtained for a representative individual across all
simulations.



Fig. 4: Optimized pulse waveforms for the QFT obtained for the same representative individual after applying our adaptive
genetic algorithm.

As shown in Figures 3 and 4, there is a clear difference
between the baseline and optimized pulse waveforms for
the QFT algorithm. The optimized pulses exhibit significant
modifications in both amplitude and phase profiles, which
contribute to a marked improvement in fidelity under noisy
conditions. This visual evidence corroborates our quantitative
results and highlights the efficacy of our adaptive pulse-level
error mitigation technique in enhancing the performance of
QFT on NISQ devices.

VI. DISCUSSION

In this section, we contextualize and interpret the results
presented in Tables IV–VIII and Figs. 2–4. By examining
each benchmark algorithm in turn, we highlight key trends
and attempt to explain how (and possibly why) our pulse-level
optimization via an adaptive genetic algorithm (AGA) consis-
tently improves circuit fidelity in the Noisy Intermediate-Scale
Quantum (NISQ) setting.

A. Bernstein–Vazirani

For Bernstein–Vazirani (Table IV), the baseline fidelities
range from roughly 0.25 to 0.30 across the three noise
scenarios. Upon optimization, the average fidelity climbs into
the 0.50–0.66 range, reaching a maximum of 0.72 under low
noise. In Fig. 2 (top-left), both the low- and medium-noise
curves ascend steadily for the first 40–50 generations, eventu-
ally plateauing near 0.60–0.70. Because Bernstein–Vazirani is
relatively shallow, the AGA can effectively counteract deco-
herence and bit/phase-flip errors by re-tuning pulse amplitudes
and phases. However, when noise is high, the circuit still

benefits from a notable jump in fidelity (up to about 0.57),
albeit at a slower and more constrained pace.

B. Deutsch–Jozsa

The Deutsch–Jozsa algorithm (Table V) starts with baseline
fidelities close to 0.25, where it is challenging to distinguish
balanced from constant functions under strong noise. As
the genetic algorithm optimizes pulses, medium noise (red
curve in Fig. 2 top-right) exhibits the most significant gains,
briefly exceeding 0.40–0.45. Interestingly, this surpasses the
fidelity achieved under low noise in some runs. One likely
explanation is that the initial, unoptimized pulse schedule
for medium noise left more “room” for improvement than
its low-noise counterpart. By generation 50–60, the average
fidelity in medium noise conditions its maximum of around
0.54–0.55, underscoring that pulse-level adjustments can be
especially effective if the underlying gate implementations
are initially suboptimal. Under high noise, average fidelity
remains comparatively low (about 0.26), underscoring the
limited power of local pulse corrections when decoherence
is dominant.

C. Grover’s Search

Grover’s Search (Table VI and Fig. 2 middle-left) displays
more modest overall improvements. While there is a small
but discernible fidelity boost –rising from about 0.24–0.25 to
0.27–0.30 in the best cases- this is less pronounced than in
Bernstein–Vazirani or QFT. Grover’s iterative nature amplifies
small phase or amplitude errors over multiple rounds of
oracle and diffusion operations, making them harder to correct



entirely at the pulse level. The results suggest that algorithms
with repeated gate layers may require additional error mitiga-
tion beyond local pulse parameter refinements. Nevertheless,
the fact that fidelity increases in each noise scenario confirms
that AGA-driven pulse adaptation still confers a measurable
advantage over unoptimized schedules.

D. Quantum Fourier Transform (QFT)
In contrast, QFT (Table VIII) achieves some of the largest

fidelity gains of all benchmarks. Under low noise, fidelity
escalates from around 0.25 to 0.78 at its peak –more than
tripling the baseline. As seen in Fig. 2 (middle-right), the
average fidelity rises steeply within the first 40 generations.
Medium noise also performs well, achieving maximum fi-
delities of about 0.70. This strongly indicates that phase-
sensitive algorithms, which rely on controlled-phase gates,
reap substantial rewards from pulse-level refinement. Even
minor corrections to pulse phases and amplitudes appear to
mitigate errors that would otherwise compromise the final
interference pattern. However, under high noise, the maximum
fidelity hovers around 0.27, reflecting the saturating impact of
amplitude damping and random phase flips that cannot be fully
compensated by local pulse adjustments.

E. Inverse QFT (IQFT)
IQFT shares several features with its forward counterpart

but tops out at moderately lower fidelities (Table VII and
Fig. 2 bottom). In the low-noise regime, AGA increases fidelity
from around 0.25 to about 0.53, with a similar pattern in
medium noise. Relative to QFT, this difference may stem from
measurement basis interactions or subtle differences in how the
circuit’s controlled gates arrange phase relationships during the
final uncomputation. Under high noise, fidelity remains close
to baseline, again suggesting that once noise dominates, the
marginal gains from pulse-level optimization diminish.

F. Cross-Cutting Observations
Saturation Effects.: In all algorithms, high noise limits

final fidelity: once T1/T2 effects and Pauli errors dominate,
pulse-level control alone cannot eliminate decoherence. This
plateauing behavior is evident in the green curves of Fig. 2,
which rarely exceed the baseline by more than a few percent-
age points.

Circuit Depth and Gate Composition.: Algorithms with
fewer layers (e.g., Bernstein–Vazirani) and those centered on
phase gates (QFT, IQFT) generally obtain greater fidelity
gains. In iterative algorithms such as Grover’s, even small
residual errors multiply, limiting overall improvements. This
observation is consistent with fundamental limits on error-
mitigation performance reported by Takagi et al. [8].

Sensitivity to Pulse Initial Conditions.: For Deutsch–
Jozsa in medium noise, the larger gap between baseline and
optimized fidelity suggests that an initially less-refined pulse
schedule can yield high relative gains once the AGA explores
phase/amplitude corrections. Conversely, a near-optimal base-
line in low noise can reduce the total improvement, despite
being closer to the hardware’s fundamental limits.

G. Implications for NISQ Computing

These findings affirm that refined pulse-level control offers
a practical means to curb errors in near-term quantum devices
without altering circuit or adding qubits. Our methodology is
particularly well-suited to moderately noisy conditions, where
adaptive adjustments can substantially restore phase coher-
ence. While not a panacea –especially at extreme noise levels-
this strategy can be combined with other techniques (e.g.,
dynamical decoupling, zero-noise extrapolation) [33, 9] to
further extend algorithmic performance. Moreover, as Figs. 3
and 4 illustrate, the optimized pulses often deviate substan-
tially from baseline waveforms, underscoring the flexibility
and need for data-driven, dynamic tuning in quantum hardware
implementations.

Evidence provided here suggests that employing an adaptive
genetic algorithm to shape control pulses on the fly is a pow-
erful tool for quantum error mitigation in NISQ-era machines.
By addressing errors at their physical origin, this method en-
ables significant fidelity gains, thereby broadening the practical
scope of existing quantum algorithms before large-scale error-
corrected quantum hardware becomes available.

VII. CONCLUSION

We benchmarked an adaptive genetic algorithm specif-
ically designed for pulse-level quantum error mitigation.
Our methodology underwent evaluation on a suite of stan-
dard quantum algorithms –Bernstein–Vazirani, Deutsch–Jozsa,
Grover’s Search, Quantum Fourier Transform (QFT), and its
inverse (IQFT)- demonstrating its potential to significantly en-
hance the resilience and fidelity of quantum circuits operating
in noisy environments.

Our findings underscore the significance of assisted pulse
engineering in bridging the performance and fidelity gaps
between theoretical circuit abstractions and practical hardware
implementations. By optimizing control pulses in real time,
our method effectively compensates for various noise sources
without altering the logical structure of the original circuit.
This not only simplifies the error mitigation process but
also preserves the integrity of quantum algorithms, making
them more robust against the inherent imperfections of Noisy
Intermediate-Scale Quantum (NISQ) devices while preventing
an increase in circuit complexity for human interpretation pur-
poses. Moreover, due to compute intensity, this optimization
technique requires HPC infrastructure at scale.

The improvements in fidelity we observed across diverse
algorithms highlight the versatility of our genetic algorithm
framework, even under varying noise conditions. Although
these were more pronounced in some circuits than in others,
our results demonstrate that tailored pulse-level adjustments
can substantially mitigate errors, especially for phase-sensitive
operations such as those in the QFT and IQFT.

Limitations. Although our results demonstrate substantial
improvements in circuit fidelity through adaptive pulse-level
error mitigation, several limitations remain. First, our experi-
ments were limited to 4-qubit circuits; the scalability of this
method to larger, more complex setups remains to be validated.



Second, the noise models used in our simulations capture key
error sources but may not fully represent the complex error
dynamics encountered in real quantum hardware, especially
under severe decoherence. Finally, the performance of real-
time pulse optimization is influenced by the starting pulse
settings, and it might need additional fine-tuning to adapt
to different hardware architectures or to cope with rapidly
changing noise environments. Future studies should explore
these aspects to improve the adaptability and overall reliability
of pulse-level error mitigation methods in practical quantum
computing applications.

Future Work. We identify three primary avenues of interest:
1) Method refinement and integration. As computational

power increases, our algorithm can be executed with
larger populations and over more generations, enabling a
more thorough evaluation across diverse noise regimes.
We also anticipate that improvements to the GA engine
–such as incorporating adaptive mutation schedules-
will accelerate convergence. Moreover, integrating this
method into established libraries like QuTiP would
streamline the development of pulse-level optimization
workflows, encouraging wider adoption in the quantum
computing community.

2) QPU and algorithms testing. Our next step involves
testing the pulse-level optimization strategy on actual
quantum hardware to assess its ability to perform adap-
tive error mitigation under real-world noise conditions.
This will require pulse-level access to quantum pro-
cessing units, fostering potential collaborations with
hardware testbeds and quantum technology providers.
Additionally, expanding our evaluation to include a
broader array of quantum algorithms –particularly those
that challenge the performance of NISQ devices- will
help further validate the robustness and practical impact
of our methods.

3) Oracle-based heuristics discovery. It seems reasonable
to hypothesize that the structure of an oracle will impact
its pulse-level optimization potential. Their rigorous ex-
ploration would help classify specific cases into circuits
whose optimization requires more compute power and
those where approximation still renders good results. We
anticipate pulse-level compilation heuristics analogous
to those in quantum circuit compilation [34].
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