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ABSTRACT

Digital twin technology -- the creation of a continuously updated virtual replica of a physical system synchronised with
real-time sensor data -- has transformed performance analysis in aerospace, manufacturing, and energy sectors.
Applying digital twin principles to quantum hardware offers a compelling paradigm: a quantum processor digital twin
(QPDT) continuously ingests calibration data (T1/T2 times, gate error rates, crosstalk coefficients) and maintains an
up-to-date computational noise model that accurately predicts circuit-level performance without running circuits on
physical hardware. This paper proposes the Quantum Processor Digital Twin (QPDT) framework, a systematic
methodology for constructing, calibrating, and validating digital twins for superconducting and trapped-ion quantum
processors. QPDT is evaluated on 18 real quantum processors across IBM Quantum, Google Sycamore, and lonQ Aria
platforms over a 90-day continuous operation period. Key results: QPDT achieves circuit fidelity prediction accuracy of
96.2% (mean absolute error 0.038 across 2,400 test circuits); twin synchronisation latency of 4.2 minutes from calibration
update to model refresh; and a Quantum Twin Fidelity Score (QTFS) of 0.912. QPDT reduces hardware access

requirements for algorithm benchmarking by 68% while maintaining prediction accuracy within 4% of physical execution.
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1. Introduction

1.1 Digital Twins for Quantum Hardware

A digital twin is a virtual model of a physical
system that is continuously synchronised with the
physical system's state via sensor data streams
(Grieves, 2014; Tao et al., 2018). In classical
enable predictive

engineering, digital twins

maintenance, performance optimisation, and
scenario testing without physical system access --
Boeing's aircraft digital twins save an estimated
25% in maintenance costs (Grieves and Vickers,
2017). Quantum hardware presents a uniquely
compelling digital twin application: quantum
processors decohere, drift, and change calibration
parameters on timescales of hours to days;
physical quantum hardware access is expensive
and queue-limited (IBM Quantum public queues
average 4-48 hours wait time); and circuit
benchmarking requires thousands of executions
that can be partially replaced by digital twin
simulation once the twin is sufficiently accurate.
Prior quantum emulation work (Qiskit Aer noise
models, Cirg noise model integration, QuTiP
Lindblad simulation) uses static noise parameters
calibrated at a single point in time -- not
continuously synchronised digital twins. QPDT
introduces continuous calibration ingestion,
temporal drift modelling, and cross-platform twin
architecture as the defining features

distinguishing it from prior noise simulation

approaches.

1.2 Contributions and Paper Structure

QPDT contributes: (1) a digital twin architecture

for quantum processors with continuous
calibration synchronisation; (2) temporal drift
modelling for T1/T2 and gate fidelity; (3) the QTFS
composite accuracy metric; (4) 90-day evaluation
across 18 processors. Section 2 reviews digital
hardware

twin  concepts and  quantum

characterisation. Section 3 presents QPDT.
Section 4 reports results. Section 5 discusses.

Section 6 concludes.

2. Background

2.1 Digital Twin Architecture Principles

A digital twin system comprises three components
(Grieves, 2014): (1) the physical entity -- the real
system being twinned; (2) the virtual entity -- the
computational model; and (3) the connection -- the
data pipeline synchronising physical
measurements to the virtual model. In industrial
digital twins, the connection consists of IoT
sensors  streaming temperature, vibration,
pressure data at Hz-to-kHz rates. For quantum
processors, the physical entity is the quantum
chip; the virtual entity is a parameterised noise
model (Lindblad ME or Pauli channel); and the
connection is the calibration API pipeline ingesting
daily T1/T2, gate error, and crosstalk
measurements. Twin fidelity -- the accuracy of the
virtual entity in predicting physical behaviour -- is

the primary quality metric, analogous to sensor

accuracy in classical twins.

2.2 Quantum Hardware Calibration Drift
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Quantum processor parameters drift continuously
due to environmental perturbations (magnetic
field fluctuations, temperature variations in

dilution refrigerators, charge noise in
superconducting qubits). IBM Quantum Eagle
processors exhibit T1 drift of +-15% over 24 hours
and +-40% over 7 days; two-qubit gate error drift
of +-0.3% per day; periodic recalibration pulses
every 2-4 hours partially compensate drift. IonQ
Aria trapped-ion processors show slower drift (T2
drift < 5% per day) but exhibit session-to-session
variability due to ion loading and laser
realignment. A static noise model calibrated at
time t accumulates prediction error as the
processor drifts -- motivating continuous twin
synchronisation. Table 1 summarises quantum
drift characteristics

hardware from 90-day

measurements.

Table 1: Quantum Hardware Calibration Drift
-- 90-Day Measurements

Platfor Qubit T1 T1 Gate Recali

m Type Drift Drift Error b. Fre
(24h) (7d) Drift quenc
(24h) y

IBM Transm +-15% | +-40% | +-0.28 @ Every

Eagle on % 2-4h

(SC)

IBM Transm +-12% @ +-34% | +-0.22 | Every

Heron | on % 2-4h

(SC)

Google Transm +-18% | +-48% | +-0.32 Every 6

Willow  on % h

(SC)

IonQ Trappe  +-4% +-12% | +-0.08 Per

Aria d ion % session

(T1)

3. The QPDT Framework

3.1 Digital Twin Architecture for Qquantum

Processors

QPDT implements a three-layer digital twin
architecture. Layer 1 -- Calibration Ingestion: a
Python microservice polls the quantum platform
calibration APIs (IBM Quantum REST API, Google
Quantum AI calibration endpoint, IonQ Cloud API)
on a configurable schedule (default: 15-minute
polling for IBM/Google, per-session for IonQ);
extracts per-qubit T1, T2, readout error; per-gate
pair CNOT/CZ error rate; ZZ crosstalk coupling
strengths from IBM spectroscopy data; stores to a
time-series database (InfluxDB 2.7) with
nanosecond timestamps. Layer 2 -- Noise Model
Engine: upon new calibration data ingestion,
constructs an updated parameterised noise model
(Lindblad ME with coherent ZZ terms for
superconducting; Lindblad ME without ZZ for
trapped-ion) using the QNCM framework noise
model specification (Popescu et al., 2025); model
refresh completes in 4.2 minutes mean (including
Kraus operator calibration for <= 16 qubits, Pauli
noise for larger subsystems). Layer 3 -- Twin
Inference Engine: accepts OpenQASM 3.0 circuits,
compiles to hardware-native gates, runs noisy
simulation using current noise model, returns
predicted output distribution and estimated

fidelity; mean inference latency 2.8 seconds per

20-qubit circuit.

3.2 Temporal Drift Model and QTFS Metric

QPDT incorporates a temporal drift model to

maintain prediction accuracy between calibration
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updates. For each parameter 6 (T1, T2, gate error
rate), a Gaussian process regression model (GPR,
RBF kernel, length scale [] = 4 hours, noise
variance 02 = 0.01) is fitted to the last 72 hours of
calibration history and used to predict 6(t) at any
time t within the next calibration window. The GPR
drift model reduces prediction error by 28%
compared to static "last calibration" models during
the 2-4 hour inter-calibration window for
superconducting processors. QTFS = 045 x
F circuit + 0.25 x F_gate + 0.20 x (1 - t_sync/30) +
0.10 x F drift, where F circuit = 1 -
MAE circuit/0.10; F gate = 1 - MAE gate/0.05;
t sync is synchronisation latency in minutes;
F drift = accuracy of drift model prediction at

calibration window midpoint. Table 2 presents

QPDT framework specifications.

Table 2: QPDT Framework -- Three Layers,

Components, and Performance Targets

Layer Compon Technol Update Latency
ent ogy Frequen Target
cy
L1 Calibr | API Python + 15 min <30s

ation polling + | InfluxDB
Ingestion | InfluxDB | 2.7

(SC), per @ ingestion
session
(TT)

L2 Noise | Lindblad | QuTiP On new ¢ < 5 min

Model + 5.0 + alibratio | refresh
Engine Coherent QNCM n data

errors
L3 Twin I | Noisy Qiskit On < 5 s per

nference | circuitsi | Aer + cu demand @ 20Q

mulation = Quantum circuit

Drift Gaussian A GPR Continuo @ Real-tim
Model processr (RBF us e predict
egressio | kernel) (between ion
n calib.)

4. Results

4.1 Circuit Fidelity Prediction and

Synchronisation Latency

Circuit fidelity prediction accuracy (2,400 test
circuits over 90 days, 18 processors): QPDT
achieves MAE = 0.038 (3.8% mean absolute error
in fidelity prediction), corresponding to 96.2%
prediction accuracy. Stratified by platform: IBM
Quantum Eagle/Heron MAE = 0.041 (ZZ crosstalk
modelling adds value for deep circuits); Google
Willow MAE = 0.044 (higher gate error drift
reduces accuracy); IonQ Aria MAE = 0.024
(slowest drift, most accurate twin). Temporal
analysis: QPDT prediction accuracy within 1 hour
of calibration update: MAE = 0.028 (best);
accuracy at calibration window midpoint (~2
hours for IBM): MAE = 0.038 (GPR drift model);
accuracy without drift model at midpoint: MAE =
0.053 -- confirming 28% drift model improvement.
Twin  synchronisation latency (time from
calibration API data availability to QPDT model
refresh complete): mean 4.2 minutes (SD = 0.8
min); 95th percentile 6.1 minutes. Latency
breakdown: API polling + data ingestion 0.4 min;
Lindblad parameter update 0.8 min; Kraus
operator recalibration (<=16 qubits subsystem)
2.6 min; model validation check 0.4 min. The
4.2-minute enables

synchronisation latency

near-real-time twin fidelity for IBM/Google

processors that recalibrate every 2-4 hours.

4.2 Hardware Access Reduction and QTFS

Scores
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Hardware access reduction: QPDT enables 68% Platf MAE MAE MAE MAE Mean Accu

orm Dept Dept Dept Dept MAE racy
h10 h20 h30 h40 (%)

reduction in physical quantum hardware circuit
executions for algorithm benchmarking workflows.

IBM | 0.016 0.032 0.048 0.066 0.038 96.2%
In a standard VQE benchmarking protocol (500 Heron

(SC)
circuits, 1,000 shots each = 500,000 shots total),

Googl 0.020 0.040 | 0.058 0.080 0.044 95.6%

QPDT can replace 340 of 500 circuits with twin e Will

simulation (circuits where predicted fidelity > 0.85 &y
(SC)
and twin prediction confidence interval < 0.04) --
IonQ | 0.010 0.020 0.030 0.040 0.024 97.6%

saving 340,000 shots at typical IBM Quantum cost Aria

of $0.02/shot = $6,800 per benchmarking run. (TD

Overa 0.016 0.032 |0.047 0.065 0.038 96.2%
1l
uncertainty) require physical hardware validation. Mean

Remaining 160 circuits (low fidelity, high

QPDT-simulated results agree with physical
Table 4: QTFS Component Breakdown by

execution within 4.0% mean absolute difference Platform (90-Day Mean)
across all 18 processors. QTFS composite scores: Platfor F circ F gate Sync F drift QTFS
m uit Score

IonQ Aria QTFS = 0.948 (highest -- slowest drift,
. IBM 0.959 0.916 0.860 0.908 0.904
most accurate twin); IBM Eagle QTFS = 0.904; Eadl
agle

IBM Heron QTFS = 0.912; Google Willow QTFS = IBM 0.962 0.924 0.860 0.920 0.912

0.884; overall mean QTFS = 0.912. QTFS Heron

= 0.962: Google 0.956 0.908 0.860 0.892 0.884
Willow

component breakdown (mean): F_circuit

F gate = 0.924; synchronisation score = 0.860
IonQ 0.976 1 0.948 0.860 0.944 | 0.948

(4.2 min vs. 30 min target); F drift = 0.916. Aria

Figures 1-4 present key results. Table 3 presents Overall 0.962 0924 0.860 |0.916  0.912
Mean

90-day prediction accuracy. Table 4 presents

©11  mm QPDT (continuous twin)

QTFS breakdown by platform. = Static model (day 1

0.10 mmm Static model (day 30)

Table 3: QPDT 90-Day Prediction Accuracy --
Circuit Fidelity MAE by Platform and Depth

Fidelity MAE

Platf MAE MAE MAE MAE Mean Accu
orm Dept Dept Dept Dept MAE racy

o
o
f

h10 h20 h30 h40 (%) 002
IBM 0.018 0.036 ' 0.052 0.072 0.041 95.9% 000
Eagle
(SC)
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N QPDT + GPR drift
m= QPDT static calib.

0.06 4
0.05 1
0.04
0.03 4 0.03 0.03
0.02 4
0.01 4
0.00 -

0-30 min 30-60 min 60-120 min 120-180 min 180-240 min

Circuit Fidelity MAE

Google Willow 0.88

e _ .

1BM Heron 0.91

e _ "

0.0 0.2 0.4 06 0.8
QTFS Score (0-1)

—e— IonQ Aria
—e— |BM Heron
—e— Google Willow

Gate Accuracy

Sync Latercy

Drift Accuracy

Cost Efficiency

5. Discussion

5.1 Digital Twins as Quantum Development
Infrastructure

The 68% hardware access reduction demonstrated
by QPDT has significant practical implications for
quantum algorithm development economics. IBM
Quantum cloud access costs approximately $0.02
per shot for premium plan users; a typical VQE
development cycle consuming 10 million shots
costs  $200,000.

QPDT-enabled 68% access

reduction translates to $136,000 savings per

development cycle while maintaining prediction
accuracy within 4%. For research institutions with
limited quantum computing budgets, QPDT
represents a force multiplier enabling larger-scale
algorithm development than hardware access
budgets would otherwise permit. The GPR drift
model improvement (28% MAE reduction at
calibration midpoint) demonstrates that temporal
drift modelling is a practical necessity, not a
theoretical nicety, for superconducting quantum
processor twins. The 4-hour IBM recalibration
cycle means a static noise model accumulates
significant prediction error in the second half of
each cycle -- precisely when algorithms under
development are most likely to be queued for

execution on real hardware.

5.2 Limitations and Future Directions

QPDT has three current limitations. First, Kraus
operator calibration scales exponentially with
qubit count -- QPDT uses subsystem Kraus
operators (<= 16 qubit patches) combined with
tensor product noise approximation for larger
processors, introducing approximation error for
circuits with long-range entanglement. Second,
the GPR drift model accuracy degrades for abrupt
recalibration events (sudden parameter jumps due
to cosmic ray hits or flux-tunable qubit
recalibration) -- an anomaly detection module
(planned for QPDT v2) will flag such events and
trigger immediate API re-polling. Third, QPDT is
evaluated on  three

processor  families;

generalisation to photonic (PsiQuantum) and
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neutral atom (QuEra) platforms requires

hardware-specific noise model extensions not yet

implemented.

6. Conclusion

6.1 Summary
QPDT introduced digital twin technology for

quantum processors, evaluated across 18

processors over 90 days. Key results: circuit

fidelity MAE = 0.038 (96.2% accuracy);

synchronisation latency 4.2 minutes; GPR drift
model reduces inter-calibration MAE by 28%;
hardware access reduced by 68%; overall QTFS =
0.912. IonQ Aria achieves highest QTFS (0.948)
due to slowest parameter drift; superconducting
processors require GPR drift modelling for

sustained accuracy.

6.2 Open Resources

The QPDT framework (calibration ingestion
microservice, noise model engine, twin inference

API, GPR drift model), 90-day calibration

time-series datasets for all 18 processors, and
QTFS calculator are available at gpdt-quantum.org
under Apache 2.0 License. The QPDT inference

API is compatible with Qiskit, Cirq, and

OpenQASM 3.0 circuit formats.
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Appendix A

QPDT Implementation Details and QTFS

Calculation

Full implementation specifications and QTFS metric

calculation for QPDT.

Calibration Ingestion and Noise Model Engine

GPR Drift Model and QTFS Calculation

64





