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ABSTRACT

Quantum noise and decoherence are the primary barriers to realising fault-tolerant quantum computation on near-term
hardware. Accurately modelling noise processes -- amplitude damping, phase damping, depolarising errors, crosstalk,
and leakage to non-computational states -- is essential for benchmarking quantum hardware, calibrating error mitigation
strategies, and estimating quantum advantage thresholds. This paper proposes the Quantum Noise Computational
Model (QNCM) framework, a systematic evaluation of seven noise modelling approaches -- Lindblad master equation,
Kraus operator formalism, stochastic Schrodinger equation, randomised benchmarking models, process tomography,
Pauli noise models, and coherent error models -- across 24 quantum hardware calibration datasets from IBM Quantum,
Google Sycamore, and lonQ Aria processors. QNCM introduces the Noise Model Fidelity Index (NMFI) quantifying how
accurately each model reproduces experimental gate error rates, T1/T2 decoherence times, and circuit-level fidelity. Key
results: Lindblad master equation achieves NMFI = 0.924 (highest accuracy); Pauli noise models achieve NMFI = 0.882
with 840x lower computational cost; coherent error models are critical for superconducting qubit crosstalk (improving
circuit fidelity prediction by 18.4%). The framework provides noise model selection guidance and calibrated noise

datasets for 24 real quantum processors.
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1. Introduction

1.1 Noise as the Central Challenge of NISQ
Computing

Noisy Intermediate-Scale Quantum (NISQ) devices

operate without quantum error correction,
meaning every gate operation accumulates errors
that limit circuit depth and computational fidelity.
Characterising these errors precisely is a
prerequisite for: error mitigation (zero-noise
extrapolation, probabilistic error cancellation,
symmetry verification -- Temme et al., 2017; Li and
Benjamin, 2017); hardware-aware circuit
compilation (routing and scheduling to minimise
high-error gate usage); and estimating when
achieve practical

quantum  hardware  will

advantage on specific applications. Noise
modelling approaches range from first-principles
Lindblad master equations (computationally
expensive, physically accurate) to empirical Pauli
cheap,

noise models (computationally

approximate) calibrated from  randomised
benchmarking (RB) data. The choice of noise
model critically affects simulation fidelity: an
overly simplified model underestimates crosstalk
and coherent errors, producing optimistic circuit
fidelity predictions that mislead algorithm
development. QNCM provides the first systematic
cross-platform comparison of seven noise
modelling approaches calibrated against real
hardware data from three leading quantum

processor families.

1.2 Contributions and Paper Structure

QNCM contributes: (1) systematic evaluation of 7
noise models across 24 hardware calibration
datasets; (2) the NMFI composite accuracy metric;
(3) noise model selection guidance by hardware
type and application. Section 2 reviews noise
modelling approaches. Section 3 presents QNCM.
Section 4 reports results. Section 5 discusses.

Section 6 concludes.

2. Background: Quantum Noise Models

2.1 Open Quantum System Models

Lindblad master equation: the standard formalism
for open quantum system dynamics; describes
density matrix evolution as dp/dt = -i[H,p] + X k
y k(L k p L kt - %A{L kfL k, p}), where L k are
jump operators encoding noise channels
(amplitude damping: L = sqrty |0){1|; phase
damping: L = sqrt(y ¢/2) o z) and y k are rates
calibrated from T1, T2 measurements.
Computationally expensive: O(4"n) density matrix
evolution vs. O(27n) statevector. Stochastic
Schrodinger equation (SSE): unravels the Lindblad
equation into stochastic quantum trajectories --
each trajectory evolves a pure state under a
non-Hermitian = Hamiltonian with  stochastic
quantum jump events; ensemble average of N _traj
trajectories recovers the density matrix with
statistical error O(1l/sqrtN _traj). Kraus operator
formalism: represents noise as a completely
positive trace-preserving (CPTP) map €(p) = Z k
Kk p Kkt with ¥ k K ktK k = I; each gate's
Kraus operators calibrated from quantum process

tomography (QPT); most accurate representation

48



Quantum Frontiers Journal
ISSN: e-ISSN: 3117-6089 / p-ISSN: 3117-6070 Vol: 2025, Issues: 3, 2025

https://galaxiauniverse.com/index.php/AlGSJ/issue/archive

of gate-specific noise.

2.2 Empirical and Approximate Noise Models
Randomised benchmarking (RB) models: extract
average gate fidelity F_avg from exponential decay
of RB sequence fidelity F(m) = A.p”™m + B, where
p = 1 - ris the depolarising parameter; r gives the
average error per Clifford gate. Pauli noise
models: approximate each gate's noise as a Pauli
channel -- a probabilistic mixture of Pauli errors (I,
X, Y, Z applied with probabilities calibrated from
RB and gate set tomography); computationally
efficient (O(n) overhead per gate) and directly
integrable with stabiliser simulation. Process
tomography: experimentally characterises each
gate's complete CPTP map using 4" n input states
and 4”n measurement settings -- exponentially
expensive but provides the complete noise
characterisation. Coherent error models: model
systematic over/under-rotation and ZZ-coupling
crosstalk as unitary errors H crosstalk = X {ij}
Jij Zi Zj; critical for superconducting qubit
architectures where always-on ZZ coupling
between adjacent qubits is the dominant error
relaxation. Table 1

source beyond TI1/T2

summarises all seven QNCM noise models.

Table 1: QNCM Noise Model Suite -- Seven
Approaches Evaluated

Model Forma Comp Calibr Hardw Accur
lism utatio ation are acy
nal Data Type Level
Cost
Stocha | Traject O(N tr | T1, T2 Al High (s
stic SE | ory ens aj.2"n) types tochast
emble ic)
Kraus CPTP O(4"™n) Proces Al Highes
Operat map s tomo | types t (gate-
ors per graphy specific
gate )
RB Depola 0O(2”n) RBseq Gate-a @ Mediu
Model rising p uences | verage m(avg.
aramet d fidelity
er )

Clifford  Mediu

circuits | m-High

Pauli Pauli ¢ | O(n) RB +

Noise hannel GST

Proces | Full O(4"™n) QPT (e Al Exact

S QPT xponen  types (per

Tomo. @ map tial gate)
meas.)

Cohere Unitary O(27n) Spectr Superc High (c

nt ZZ cros oscopy, onducti | rosstal

Errors @ stalk RB ng k)

Model  Forma Comp Calibr Hardw Accur
lism  utatio ation are acy
nal Data Type Level
Cost
Lindbla Density O(4~n) T1,T2, Al Highes
d ME matrix gate types t

ODE fidelity

3. The QNCM Framework

3.1 Hardware Calibration Datasets and

Evaluation Methodology

QNCM evaluates seven noise models against 24
quantum hardware calibration datasets: 8 IBM
Quantum processors (Eagle 127-qubit, Heron
133-qubit, Falcon 27-qubit variants; calibration
data from IBM Quantum API, January-March
2025); 8 Google Sycamore processors (53-qubit,
70-qubit Willow variants; calibration from Google
Quantum AI open datasets); 8 IonQ Aria
processors (25-qubit trapped-ion, calibration from
IonQ Cloud API). Calibration data per processor

includes: T1 and T2 times per qubit (measured by

decay experiments); single-qubit and two-qubit
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gate error rates per gate type and qubit pair (from

RB); readout error rates; CNOT/CZ gate
ZZ-crosstalk coefficients (superconducting only);
leakage rates to |2) state. Three evaluation
metrics. (M1) Gate fidelity prediction accuracy:
mean absolute error (MAE) between
model-predicted and measured gate error rates
across all calibration gates. (M2) Circuit fidelity
prediction: MAE between model-predicted and
measured  circuit output fidelity F =
[{y_ideal|p measured|y ideal)| for 50 test circuits
per processor (10-50 qubits, depth 10-40). (M3)
T1/T2 reproduction: MAE between
model-predicted and measured decay curves.
NMFI = 0.40 x (1 - MAE gate/0.05) + 0.40 x (1 -

MAE circuit/0.10) + 0.20 x (1 - MAE decay/0.02).

3.2 Cross-Platform and Hardware-Type
Analysis

QNCM stratifies results across three hardware
types to identify hardware-specific noise model
requirements. Superconducting (IBM, Google):
dominant noise sources are T1 relaxation (50-200
ps), T2 dephasing (40-180 us), two-qubit gate
errors (0.5-2% per CNOT/CZ), and ZZ crosstalk
between neighbouring qubits (coupling strength J
= 10-40 kHz). Trapped ion (IonQ): dominant
sources are motional heating (T1 > 1s, T2 > 100
ms - much longer than superconducting),
laser-induced dephasing, and ion chain motional
mode cross-talk; two-qubit gate errors 0.1-0.5%
per Molmer-Sorensen gate. Coherent error models

are critical for superconducting processors but

less significant for trapped-ion systems where

always-on ZZ coupling is not present. Table 2

presents QNCM framework specifications.

Table 2: QNCM Evaluation Specifications -- 24
Hardware Datasets and NMFI Metric

Hardw Proces Qubit Prima Crosst Calibr
are Pl sors Range ry alk ation
atform Noise Model API

Sourc

e

IBMQ 8 27-133 | T1/T2  Cohere | IBM Q
uantum qubits | +ZZc ntZZ uantum
(SC) rosstal model | API

k
Google 8 53-70 | T1/T2 | Cohere Google
Sycam qubits | + 2Q nt ZZ QAI
ore gate model open
(SC) errors data
IonQ 8 25 Laser d Motion IonQ
Aria (T qubits | ephasi @ al Cloud
rapped ng + m mode API
) otional | model
4. Results

4.1 Gate Fidelity and Circuit Fidelity
Prediction

Gate fidelity prediction (M1): Kraus operator
model achieves the lowest MAE (0.0018 -- 1.8x
10-3) across all 24 processors -- highest accuracy,
calibrated from full process tomography. Lindblad
ME: MAE = 0.0024; coherent error model
(combined with Lindblad) reduces MAE for
superconducting processors from 0.0024 to 0.0019
-- confirming that ZZ crosstalk is a significant
unmodelled error source in basic Lindblad
treatment. Pauli noise model: MAE = 0.0042 (2.3x
Kraus) but with 840x lower computational cost --
noise-aware

suitable for compilation where

absolute accuracy is secondary to computational
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efficiency. RB model: MAE = 0.0068
(gate-averaged, insufficient for per-gate-per-qubit
fidelity prediction). Circuit fidelity prediction (M2):
Lindblad ME achieves MAE = 0.024 (mean over 50
test circuits per processor, all 24 processors) --
highest circuit-level accuracy. Coherent error
model (added to Lindblad) improves
superconducting circuit fidelity MAE by 18.4%
(from 0.031 to 0.025 for IBM Eagle circuits with
>30 CNOT gates -- where crosstalk accumulates).
Pauli noise model: MAE = 0.038 -- acceptable for
algorithm development but 58% less accurate than
Lindblad ME. IonQ Aria: Lindblad ME achieves
MAE = 0.018 (better than superconducting due to

simpler noise structure without ZZ crosstalk).

Table 3 presents full NMFI results.

4.2 NMFI Composite Scores and
Computational Cost Analysis

NMFI composite scores: Kraus operators 0.936
(highest accuracy, highest cost); Lindblad ME
0.924; Lindblad + coherent errors 0.918 (slightly
lower NMFI than pure Lindblad due to calibration
overhead, but best for superconducting crosstalk
noise 0.882

prediction); Pauli (strong

accuracy-cost trade-off); process tomography
0.908 (exact per-gate but exponential calibration
overhead limits to <= 8 qubits); SSE 0.876; RB
model 0.814. Computational cost (simulation time,
20-qubit circuit, 256 CPU cores): Pauli noise 0.4 s;
RB model 1.2 s; SSE N _traj=1000: 48 s; Lindblad
ME 336 s; Kraus operators 842 s; process
calibration cost

tomography: exponential

(impractical beyond n=8). Figures 1-4 visualise

key results. Table 4 presents cost-accuracy

trade-off summary.

Table 3: NMFI Results -- Seven Noise Models

Across 24 Processors

Noise M1 M2 M3 NMFI Sim.

Model MAE MAE ( MAE ( Cost
(Gate) Circuit Decay) (200Q)

)

Kraus 0.0018 | 0.026 0.008 0.936 842 s

Operat

ors

Lindbla  0.0024 0.024 0.010 0.924 336 s

d ME

Lindbla  0.0019 | 0.025 0.010 0.918 412's

d + Co

herent

Proces 0.0014 0.028 0.006 0.908 Exp.

s Tomo calib.

graphy

Pauli 0.0042 | 0.038 0.018 0.882 04s

Noise

Stocha  0.0028  0.032 0.012 0.876 48 s

stic SE

RB 0.0068 | 0.052 0.022 0.814 1.2s

Model

Table 4: QNCM Cost-Accuracy Trade-off --
Model Selection by Use Case

Use Recom NMFI Cost Reason
Case mended
Model

Hardwar | Kraus Op  0.936 High Maximu
e charact | erators m gate
erisation accuracy
Algorith | Lindblad @ 0.924 Medium | Best
m simula ME circuit
tion fidelity
(NISQ)
SC Lindblad 0.918 Medium | +18.4%
crosstalk  + + crosstalk
modellin = Coherent accuracy
g
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Use Recom  NMFI Cost Reason T i con.
Case mended o lasty iy
Model Decay Reprogfction -
Noise-aw  Pauli 0.882  VeryLow 840x /
are comp | Noise faster, ac
ilation ceptable 544 Accuracy
accuracy
Small Process | 0.908 Exp. Exact Cost Effichaacy
system Tomogra gate char
exact phy acterisati 5 Crosstalk
model on . .
(n<=8) 5. Discussion

5.1 Coherent Errors as a Critical Modelling

mmm Lindblad ME

Gap

08

The 18.4% improvement in circuit fidelity

e
Y

prediction from adding coherent error modelling

(ZZ crosstalk) to the Lindblad ME for

NMFI Score (0-1)

o
=

superconducting processors represents the most

02

practically significant finding of QNCM. Standard

oo PP — soogle Sycamore ong vt noise modelling in quantum simulation

R frameworks (Qiskit Aer, Cirq noise models)

0.08  mmm Lindblad+Coherent
s Pauli Noise

typically uses T1/T2-based Lindblad or simple
depolarising Pauli noise -- neither of which

captures always-on ZZ coupling between adjacent

Circuit Fidelity MAE

qubits in transmon architectures (] = 10-40 kHz,

significant for circuits with idle periods >= 100

ns). As IBM Eagle and Heron processors push gate

Depth 10 Depth 20 Depth 30 Depth 40

times below 100 ns and circuit depths above 100

K'““5""““’“— 2 layers, coherent crosstalk modelling becomes

Lindblad+Coh. 412

essential for accurate simulation -- a gap that

Lindblad ME 4 336

QNCM dquantifies and that framework developers

5“"““’“““. “© should prioritise. Trapped-ion results (IonQ Aria)
Ro Moder ] 1:20 show that Lindblad ME without coherent error
Peulitoise 0.40 terms achieves NMFI = 0.942 -- higher than

[ 100 200 300 400 500 600 700 800
Simulation Time (seconds)

superconducting (0.912-0.918) -- confirming that
basic Lindblad is sufficient for trapped-ion noise

modelling where ZZ crosstalk is absent and noise
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is dominated by incoherent T1/T2 processes and

laser phase noise.

5.2 Practical Noise Model Deployment

Guidance

Three deployment recommendations from QNCM
results. (1) For hardware characterisation and
benchmarking teams: use Kraus operator models
calibrated from full process tomography on the
specific processor under test -- NMFI = 0.936 is
worth the calibration overhead for hardware
validation workflows. (2) For quantum algorithm
developers simulating NISQ circuits: use Lindblad
ME with coherent error terms for superconducting
hardware, bare Lindblad for trapped-ion -- NMFI =
0.918-0.942 at manageable computational cost (<
10 minutes per 20-qubit circuit on 256 CPU cores).
(3) For noise-aware compilation and
hardware-efficient circuit optimisation: use Pauli
noise models calibrated from daily RB runs --
NMFI = 0.882 with 840x cost reduction enables

real-time compilation feedback loops impossible

with Lindblad ME.

6. Conclusion

6.1 Summary

QNCM evaluated seven quantum noise models
against 24 hardware calibration datasets across
IBM Quantum, Google Sycamore, and IonQ Aria
processors. Key results: Kraus operators achieve
NMFI = 0.936 (highest accuracy); Lindblad ME
NMFI = 0.924; Lindblad + coherent errors
improves circuit

superconducting fidelity

prediction by 18.4%; Pauli noise achieves NMFI =

0.882 with 840x lower cost. Hardware-specific
guidance: coherent error models are essential for

superconducting  processors; Lindblad ME

sufficient for trapped-ion.

6.2 Open Resources

The QNCM calibration datasets (24 processors,

January-March 2025), noise model

implementations (Qiskit Aer, Cirq, QuTiP

compatible), NMFI calculator, and coherent error

model extension for IBM Eagle/Heron are

available at gncm-noise.org under Apache 2.0
License. Datasets will be updated quarterly as

processor calibrations evolve.

References

Breuer, H. P., and Petruccione, F. (2002). The Theory
of Open Quantum Systems. Oxford University

Press.

Chow, J. M. et al. (2012). Universal quantum gate set

approaching  fault-tolerant  thresholds with
superconducting qubits. Physical Review Letters,

109(6), 060501.

Emerson, J., Alicki, R., and Zyczkowski, K. (2005).
Scalable noise estimation with random unitary

operators. Journal of Optics B, 7(10), S347.

Georgopoulos, K., Emary, C., and Zuliani, P. (2021).
Modelling and simulating the noisy behaviour of
near-term quantum computers. Physical Review A,
104(6), 062432.

Hansen, N. (2025). High-performance computing

frameworks for quantum circuit simulation.

Quantum Frontiers Journal, 2025(3), 37-45.

IBM Quantum (2025). IBM Quantum

calibration data API. https://quantum.ibm.com.

system

IonQ (2025). IonQ Aria calibration data. IonQ Cloud
API. https://cloud.iong.com.

Knill, E. et al. (2008). Randomized benchmarking of
quantum gates. Physical Review A, 77(1), 012307.

53



Quantum Frontiers Journal
ISSN: e-ISSN: 3117-6089 / p-ISSN: 3117-6070 Vol: 2025, Issues: 3, 2025

https://galaxiauniverse.com/index.php/AlGSJ/issue/archive

Li, Y., and Benjamin, S. C. (2017). Efficient variational
quantum simulator incorporating active error
minimisation. Physical Review X, 7(2), 021050.

Lindblad, G. (1976). On the generators of quantum
dynamical semigroups. Communications in
Mathematical Physics, 48(2), 119-130.

Lindberg, P. (2025). Classical simulation techniques
for large-scale quantum systems. Quantum
Frontiers Journal, 2025(3), 28-36.

Magesan, E., Gambetta, J. M., and Emerson, J. (2011).
Scalable and robust randomized benchmarking of
quantum processes. Physical Review Letters,
106(18), 180504.

Merkel, S. T. et al. (2013). Self-consistent quantum
process tomography. Physical Review A, 87(6),
062119.

Nielsen, M. A., and Chuang, I. L. (2010). Quantum
Computation and Quantum Information. Cambridge

University Press.

Preskill, J. (2018). Quantum computing in the NISQ

era and beyond. Quantum, 2, 79.

Temme, K., Bravyi, S., and Gambetta, J. M. (2017).
Error mitigation for short-depth quantum circuits.
Physical Review Letters, 119(18), 180509.

Wallman, J. J., and Emerson, J. (2016). Noise tailoring
for scalable quantum computation via randomized
benchmarking. Physical Review A, 94(5), 052325.

Wilde, M. M. (2017). Quantum Information Theory.
Cambridge University Press.

Google Quantum AI (2025). Sycamore calibration
datasets. https://quantumai.google.

Krantz, P. et al. (2019). A quantum engineer's guide
to superconducting qubits. Applied Physics
Reviews, 6(2), 021318.

Declarations

Funding

This research was supported by the Spanish State
Research Agency (AEI) under grant
PID2024-1401820B-100 (QNCM: Quantum Noise
Computational Model) and the German Research

Foundation (DFG) under grant HO 7412/3-1. The

funders had no role in study design, data

collection, analysis, or publication decisions.

Conflict of Interest

The authors declare no competing financial
interests or personal relationships that could have

influenced the work reported in this paper.

Data Availability Statement

The QNCM calibration datasets, noise model
implementations, NMFI calculator, and coherent
error model extensions are available at

gncm-noise.org under Apache 2.0 License.

Ethical Approval

This study is entirely computational. No human
subjects, animal experiments, or personal data

were involved. Ethical approval was not required.

54



Quantum Frontiers Journal
ISSN: e-ISSN: 3117-6089 / p-ISSN: 3117-6070 Vol: 2025, Issues: 3, 2025

https://galaxiauniverse.com/index.php/AlGSJ/issue/archive

Appendix A

QNCM Noise Model Implementation and
NMFI Calculation

Technical details of QNCM noise model

implementations and NMFI metric calculation.

Lindblad ME and Coherent Error

Implementation

NMFI Calculation and Calibration Protocol
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