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ABSTRACT

Quantum hardware control -- the precise calibration of microwave pulses, flux biases, and laser parameters that drive
qubit operations -- is a critical bottleneck in scaling superconducting and trapped-ion quantum processors. Manual
calibration is time-consuming, requires expert domain knowledge, and fails to adapt to rapid parameter drift between
calibration cycles. Al-assisted control systems offer automated, adaptive alternatives using reinforcement learning (RL),
Bayesian optimisation (BO), and neural network surrogate models to continuously optimise hardware control parameters.
This paper proposes the Al Quantum Control Framework (AQCF), evaluating six Al control strategies across five
hardware optimisation tasks: single-qubit gate calibration, two-qubit gate optimisation, crosstalk suppression, readout
fidelity maximisation, and real-time drift compensation. AQCF is evaluated on IBM Quantum Eagle and lonQ Aria
hardware over 60-day continuous operation. Key results: RL-based pulse optimisation improves two-qubit gate fidelity by
18.4% over manual calibration; Bayesian optimisation reduces calibration time by 84% (from 4.2 hours to 40 minutes);
neural surrogate models enable real-time drift compensation with 12.8-minute response latency. The framework
introduces the Al Control Efficiency Score (ACES) and a deployment roadmap for autonomous quantum hardware

management.
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1. Introduction

1.1 The Quantum Hardware Control

Challenge

Operating a superconducting quantum processor

requires precise control over hundreds of

interdependent parameters: qubit drive
frequencies (GHz precision), pulse amplitudes and
shapes (ns-resolution), flux bias voltages (pVv
precision for frequency tuning), and
cross-resonance amplitudes for two-qubit gates.
IBM Eagle's 127-qubit processor has over 4,000
individually calibrated control parameters; a
complete manual recalibration cycle takes 4-6
hours and must be repeated every 2-4 hours as
parameters drift. The calibration burden scales
super-linearly with qubit count, making manual
approaches fundamentally unscalable to the
1,000-10,000 qubit systems targeted for
fault-tolerant quantum computing. AI methods --
particularly reinforcement learning (RL) for
sequential control optimisation, Bayesian
optimisation (BO) for sample-efficient parameter
search, and neural network surrogate models for
fast landscape approximation -- have demonstrated
promising results in laboratory settings (Baum et
al., 2021; Fosel et al., 2021; Flurin et al., 2020).
AQCF provides the first systematic cross-strategy
evaluation of AI quantum control methods on
production quantum hardware over a 60-day
continuous operation period, establishing realistic
autonomous

performance  benchmarks for

quantum hardware management.

1.2 Contributions and Paper Structure

AQCF contributes: (1) systematic evaluation of 6

Al control strategies across 5 hardware
optimisation tasks on real quantum hardware; (2)
the ACES composite metric; (3) a 60-day
continuous operation performance record; (4) an
autonomous control deployment roadmap. Section
2 reviews Al control methods. Section 3 presents
AQCF. Section 4 reports results. Section 5

discusses. Section 6 concludes.

2. Background: AI Methods for Quantum

Hardware Control

2.1 Reinforcement Learning and Bayesian

Optimisation for Pulse Control

Reinforcement learning for quantum control: the
RL agent interacts with the quantum processor
(environment) by selecting pulse parameters
(action space), observing gate fidelity or process
tomography results (reward), and updating its
policy to maximise cumulative fidelity. Model-free
RL (Proximal Policy Optimisation -- PPO, Soft
Actor-Critic -- SAC) operates directly on hardware
without a simulator model; model-based RL uses a
neural network surrogate of the quantum
landscape to plan actions before hardware
execution -- reducing physical experiment count by
10-50x. GRAPE (Gradient Ascent Pulse
Engineering, Khaneja et al., 2005) provides
gradient-based pulse optimisation wusing the
analytical gradient of gate fidelity with respect to
pulse amplitudes; computationally fast but
requires accurate system Hamiltonian knowledge.
Bayesian models the

optimisation: fidelity

landscape as a Gaussian process (GP) and selects

20



Quantum Frontiers Journal
ISSN: e-ISSN: 3117-6089 / p-ISSN: 3117-6070 Vol: 2025, Issues: 4, 2025

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

next parameter evaluations using an acquisition

function (Expected Improvement, Upper

Confidence Bound); highly sample-efficient
(achieves optimal fidelity in 20-80 evaluations vs.
grid search's thousands) -- ideal for slow quantum

hardware experiments.

2.2 Neural Surrogate Models and Drift

Compensation

Neural network surrogate models: train a
feedforward or convolutional neural network on
historical (parameter, fidelity) pairs to predict gate
fidelity from control parameters in microseconds
(vs. milliseconds for hardware measurement); used
to guide RL exploration and BO acquisition
planning without consuming hardware time. Drift
compensation: quantum hardware parameters
drift continuously (T1: +-15%/day, gate error:
+-0.3%/day for IBM

Eagle per QPDT

measurements); real-time drift compensation
applies small corrective parameter updates based
on continuous lightweight fidelity monitoring
(randomised benchmarking on 10-circuit subsets
running continuously alongside user circuits).
Cross-talk suppression: optimises simultaneous
gate pulses to minimise ZZ-coupling interference
between adjacent qubits during parallel gate
execution -- critical for circuit throughput on

multi-qubit processors. Table 1 summarises all six

AQCEF control strategies.

Table 1: AQCF Control Strategy Suite -- Six AI
Methods Evaluated

Strate Algori Sampl Hardw Prima Updat
gy thm e Effic are Re ry e Freq
iency quired Task @ uency
Model- | PPO/ Low Real ha | Pulse Daily
free RL  SAC (100s rdware | shape
expts) opt.
Model- MB-SA | High Real + | Gate ca 4-hourl
based C + sur (10-20 | simulat libratio y
RL rogate | expts) or n

Bayesi | GP + Very Real ha  Multi-p Per
EI/UCB high rdware aram recalib.
(20-80) calib. cycle

an Opt.

GRAPE Gradie @ High (a Simula @ Pulse e  Weekly

nt nalytic) tor + h | nginee
ascent ardwar | ring
e

Neural CNN/M | -- Real (tr Fast Real-ti
Surrog LPregr aining | fidelity me
ate ession data) pred.
Drift C RBmo | Contin Real ha Real-ti  Contin
ompen | nitorin | uous rdware me uous
sation g+ drift

PID

3. The AQCF Framework

3.1 Hardware Platforms and Optimisation
Tasks

Two hardware platforms evaluated over 60
continuous days. IBM Quantum Eagle (127-qubit
superconducting): transmon qubits,
cross-resonance two-qubit gates (CX/ECR), 5 GHz
drive frequencies, 50 ns single-qubit gates, 300 ns
CX gates; baseline gate fidelities F 1Q = 99.6%,
F 2Q = 98.8% (day 0 manual calibration). IonQ
Aria  (25-qubit  trapped ion): Yb+ ions,
Molmer-Sorensen two-qubit gates, 355 nm UV
laser control; baseline F 1Q = 99.9%, F 2Q =
99.4%. Five optimisation tasks per platform: (T1)
Single-qubit gate calibration -- optimise Ry/Rz

pulse amplitude and frequency for each qubit; (T2)
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Two-qubit gate optimisation -- optimise CR/MS

gate amplitude, duration, and phase; (T3)
Crosstalk suppression -- optimise simultaneous
gate pulses to minimise ZZ spectator errors; (T4)
Readout fidelity -- optimise readout pulse
frequency and integration window; (T5) Real-time
corrective

drift compensation -- continuous

updates between recalibration cycles.

3.2 ACES Metric and Evaluation Protocol

ACES = 040 x FidelityGain + 0.30 x
CalibrationEfficiency + 0.20 x DriftResilience +
0.10 x ComputationalCost_inv. FidelityGain: (F_AI
- F baseline) / (1 - F baseline), normalised
improvement over manual calibration baseline; 1.0
= perfect gates achieved. CalibrationEfficiency: 1 -
(AI calibration time / manual calibration time);
target > 0.80 (80% time reduction).
DriftResilience: fraction of 60-day operation
achieving F 2Q > 99.0% (IBM Eagle) or > 99.2%
(IonQ Aria). ComputationalCost inv: 1 - (AI
compute time / hardware measurement time);
penalises methods requiring more compute than
measurement. Evaluation protocol: each Al
strategy runs continuously on the assigned
hardware for 60 days; gate fidelity measured by
randomised benchmarking (RB) every 30 minutes;

process tomography weekly. Table 2 presents

AQCF framework specifications.

Table 2: AQCF Framework -- Five Tasks, Two
Platforms, ACES Metric Weights

Task Contro Measu Frequ ACES Target

1 Para remen ency Comp

meter t onent

S

T1 Sin | Drive RB 1Q Daily Fidelity F 1Q >
gle-qub | freq., a Gain 99.8%
it calib. mplitu

de 2 p

arams/

qubit)
T2 Two CRam RB2Q | 4-hourl Fidelity F 2Q >
-qubit | plitude, y Gain 99.2%
opt. duratio

n,

phase

(3 para

ms)
T3 Cro Paralle Simult | Daily Fidelity ZZ < 2
sstalk s 1 pulse | aneous Gain kHz
uppres phases RB
S. (N par

ams)

T4 Rea Readou SPAM Daily  Fidelity F RO

dout t freq., cal. Gain >
fidelity @ integra 99.5%
tion wi
ndow
TS5 All Mini-R | Contin | DriftRe F 2Q
Drift co | params B uous silience | drift <
mpens  (contin 0.2%/d
ation uous ay
PID cor
rection
)
4. Results

4.1 Gate Fidelity Improvement and

Calibration Efficiency

Two-qubit gate fidelity improvement (T2, IBM

Eagle): RL model-based (MB-SAC + neural
surrogate) achieves the highest F 2Q = 99.42% --
a 18.4% improvement over manual calibration
baseline (F 2Q = 98.8%) measured as relative

error reduction from (100% - 98.8%) to (100% -
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99.42%). Bayesian optimisation achieves F 2Q =

99.28% (+13.6% error reduction). GRAPE
achieves F 2Q = 99.36% (+12.4% error reduction)
with the fastest convergence (8 iterations).
Model-free RL (PPO): F 2Q = 99.12% (+6.7%
error reduction) -- limited by sample efficiency
(requires 400+ hardware measurements per
calibration cycle). IonQ Aria two-qubit results:
MB-SAC achieves F 2Q = 99.72% (+53% MS gate
error reduction from 99.4% baseline); trapped-ion
control landscape is smoother (fewer local optima)
making RL more effective. Calibration efficiency
(TT + T2 combined, IBM Eagle): Bayesian
optimisation reduces full recalibration time from
4.2 hours (manual) to 40 minutes - 84.1%
reduction (CalibrationEfficiency = 0.841, highest).
MB-SAC: 68 minutes (73.0% reduction). GRAPE:
52 minutes (79.4% reduction) -- fastest per-cycle
but requires accurate Hamiltonian model
(recalibrated weekly). Model-free RL: 2.8 hours

(33.3% reduction) -- slowest due to hardware

sample requirements.

4.2 Drift Compensation, Crosstalk, and ACES

Scores

Drift compensation (T5, 60-day IBM Eagle): neural
surrogate + PID drift compensation maintains
F 2Q > 99.0% for 94.2% of the 60-day operation
period (DriftResilience = 0.942) -- versus manual
recalibration maintaining F 2Q > 99.0% for only
61.8% of the period (gate fidelity degrades
between manual recalibration cycles). Mean

response latency to drift event (> 0.2% F 2Q

drop): 12.8 minutes (surrogate model detects drift

from mini-RB, computes correction, applies
parameter update). Crosstalk suppression (T3):
BO-optimised simultaneous gate pulses reduce
mean ZZ spectator coupling from 18.4 kHz
(unoptimised) to 3.8 kHz -- 79.3% reduction;
circuit throughput improvement of 28.4% for
parallel gate circuits. ACES composite scores:
MB-SAC ACES = 0.924 (highest -- best fidelity +
strong efficiency + highest drift resilience); BO
ACES = 0.904; GRAPE ACES = 0.888; Neural
Surrogate + PID ACES = 0.876; Model-free RL
ACES = 0.812; manual baseline ACES = 0.624.
Table 3 presents 60-day fidelity results. Table 4
presents full ACES breakdown. Figures 1-4

visualise key findings.

Table 3: AQCF 60-Day Gate Fidelity Results --
IBM Eagle and IonQ Aria

AT Str IBM IBM IonQ IonQ Calib.
ategy 1Q Fid 2Q Fid 1Q Fid 2Q Fid Time
elity elity elity elity (IBM)

Manual  99.62% 98.80%  99.91% 99.40% 4.2 h
baselin
e

Model-
free RL
(PPO)

99.74% | 99.12% 99.94% 99.58% 2.8h

GRAPE | 99.80% 99.36% 99.94% 99.64% 0.87h

Bayesi | 99.82%  99.28% | 99.95% 99.68% 0.67 h
an Opt.

Neural  99.76% 99.18%  99.93% 99.60% | Contin
Surr.+ uous
PID

MB-SA | 99.86% 99.42%  99.96% 99.72% | 1.13 h
C

(best)

Table 4: ACES Component Scores -- Six Al
Control Strategies (IBM Eagle, 60-day)
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Strate Fidelit Calib. Drift R Cost ACES
gy y Gain Efficie esilien Inv.
ncy ce
MB-SA  0.960 0.730 0.942 0.880 0.924
C
Bayesi | 0.880 0.841 0.908 0.920 0.904
an Opt.
GRAPE 0.920 0.794 0.872 0.880 0.888
Neural 0.800 1.000 0.942 0.840 0.876
Surr.+
PID
Model- 0.640 0.333 0.864 0.720 0.812
free RL
Manual 0.000 0.000 0.618 1.000 0.624
baselin
e
100 98.8(99.40 99.1209.58 99.3099.64 99.2899.68 99.1899.60 99.4299.72
g
% 60
’ e e iree ”- GRTE gayes®® oet qure A wershe
10 = calib. Efficiency (time save d) 1
W Drift Resilience (uptime >99%) 0.94 0.94

08

o
@

Score (0-1)

°
=

02
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Bayesian Opt.
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Model-free RL 0.81

Neural Surr.+PID 0.88
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5. Discussion

5.1 MB-SAC as the Highest-Performance Al
Control Strategy

The ACES results establish model-based SAC
(MB-SAC) as the highest-performance Al quantum
control strategy (ACES = 0.924): its neural
surrogate model enables intelligent exploration of
the fidelity landscape without exhausting
hardware measurement time, achieving the best
two-qubit gate fidelity (IBM F 2Q = 99.42%) and
highest drift resilience (94.2% uptime > 99.0%).
The 18.4% two-qubit error reduction (from 1.2% to
0.58% error rate) translates directly to circuit
fidelity improvements: for a 50-gate quantum
circuit, IBM Eagle with MB-SAC calibration
achieves circuit fidelity F = 0.74 versus F = 0.54
with manual calibration -- a 37% improvement that

meaningfully extends the practical circuit depth
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accessible without error correction. Bayesian
optimisation (ACES = 0.904) achieves the best
calibration efficiency (84.1% time reduction, 40
minutes vs. 4.2 hours) -- the most practically
impactful result for quantum hardware operators
where calibration downtime directly reduces
quantum computing availability. For operations
teams prioritising uptime over peak fidelity, BO is

the recommended strategy.

5.2 Autonomous Quantum Hardware

Management Roadmap
AQCF establishes a three-tier autonomous control
roadmap. Tier 1 (immediate deployment, 2025):
Bayesian optimisation for automated recalibration
cycles (40-minute auto-recal replacing 4.2-hour
manual); neural surrogate + PID for real-time drift
compensation (12.8-minute response latency).
Combined, these reduce calibration operator
burden by ~90% on existing IBM Quantum
infrastructure. Tier 2 (2026-2027): MB-SAC for
continuous gate optimisation; cross-platform
transfer learning (surrogate models trained on one
processor fine-tuned for similar processors in the
same dilution refrigerator batch -- reducing new
processor bring-up time from weeks to days). Tier
autonomous

3  (2027-2030): fully quantum

hardware management with zero manual

intervention; multi-processor joint calibration
optimising for system-level circuit throughput
rather than per-qubit fidelity; integration with
real-time

quantum OS scheduling for

calibration-aware circuit routing.

6. Conclusion

6.1 Summary

AQCF evaluated six AI control strategies across
five quantum hardware optimisation tasks on IBM
Eagle and IonQ Aria over 60 continuous days. Key
results: MB-SAC achieves ACES = 0.924, F 2Q =
99.42% (+18.4% error reduction); Bayesian
optimisation reduces calibration time 84.1% (40
min vs. 4.2 h); neural surrogate + PID maintains
F 2Q > 99.0% for 94.2% of 60-day operation;
crosstalk suppression reduces ZZ coupling 79.3%.
Al control is ready for immediate production
existing quantum hardware

deployment on

infrastructure.

6.2 Open Resources

The AQCF control strategy implementations
(MB-SAC, BO, GRAPE, Neural Surrogate + PID,
model-free RL), 60-day calibration datasets (IBM
Eagle and IonQ Aria), ACES calculator, and
hardware interface abstractions (IBM Qiskit
Runtime + IonQ Cloud compatible) are available at

agcf-quantum.org under Apache 2.0 License.
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Appendix A

AQCF Implementation Details and ACES

Calculation

Technical implementation details for all six AQCF

control strategies and ACES metric calculation.

MB-SAC and Bayesian Optimisation

Implementation

ACES Calculation and 60-Day Evaluation

Protocol
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