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Abstract
Frequent recalibration of multi-qubit systems is essential to main-
tain hardware fidelity, but calibration itself is costly and subject to
rapid parameter drift. This work presents a novel framework for
time-aware active calibration that combines Bayesian Optimization
(BO) and Reinforcement Learning (RL) to adaptively schedule and
prioritize calibration experiments under uncertainty. We model
the calibration landscape as a directed acyclic graph (DAG), where
nodes represent hardware parameters (e.g., frequency, amplitude
ratio, DRAG, or phase) and edges capture inter-parameter depen-
dencies extracted automatically from Qiskit Experiments meta-
data. Each parameter’s temporal drift is modeled as an Ornstein-
Uhlenbeck (OU) or exponential decay process with uncertainty
bounds. The BO agent prioritizes the next calibration target using a
time-aware acquisition score that balances expected improvement,
predictive uncertainty, and experiment duration under system-level
constraints. A parallel RL scheduler coordinates cross-qubit cali-
bration and readout tasks to minimize idle time and avoid conflicts.
Our system further incorporates self-triggered recalibration based
on online RB/XEB health metrics, enabling autonomous recovery
from drift without human intervention. Experimental evaluation on
multi-qubit testbeds demonstrates improved calibration efficiency,
longer mean time between recalibrations (MTBC), and reduced
overall calibration overhead compared to fixed or purely heuristic
scheduling baselines.
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1 Introduction
The performance of superconducting and trapped-ion quantum pro-
cessors critically depends on frequent calibration of device parame-
ters such as qubit frequencies, pulse amplitudes, derivative removal
by adiabatic gate (DRAG) coefficients, and readout phases [1–3].
These calibration parameters exhibit temporal drift due to hardware
aging, environmental fluctuations, and crosstalk between control
channels [3, 4]. As the scale of quantum hardware continues to
grow, the cost of maintaining calibration fidelity becomes a sig-
nificant bottleneck in both experimental throughput and system
availability [5, 6]. Traditional calibration strategies rely on static or
heuristic scheduling, where each qubit or parameter is recalibrated
periodically or upon detection of degraded gate fidelity [4, 7]. Such
methods neglect the temporal and structural correlations among
calibration parameters, resulting in redundant experiments and
inefficient use of calibration time [3, 8]. Moreover, parameter drift
often follows non-stationary stochastic processes, making it diffi-
cult to predict the optimal recalibration interval or prioritize among
competing tasks [4].

Recent progress in automated calibration frameworks (e.g.,Qiskit
Experiments, Boulder Opal, or QCal) has enabled data-driven ex-
periment orchestration and metadata logging [2, 9, 10], but these
systems lack adaptive decision-making and temporal awareness.
Specifically, they cannot dynamically select which calibration to
perform next, nor can they quantify uncertainty or balance the
trade-off between information gain and experimental cost.
Contributions. To address these, we propose Time-Aware Active
Calibration (TAAC), a unified framework that integrates Bayesian
Optimization (BO) and Reinforcement Learning (RL) for adaptive
calibration scheduling in N-qubit systems. As shown in Figure 1,
our approach models the calibration landscape as a Directed Acyclic
Graph (DAG), where nodes represent tunable parameters and edges
encode cross-dependencies inferred from experimental metadata.
The framework maintains an uncertainty model of temporal drift
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Figure 1: TAAC framework architecture.

using Ornstein-Uhlenbeck (OU) or exponential decay processes,
enabling prediction of confidence intervals over time. At each cal-
ibration step, the BO agent prioritizes the next calibration target
using a time-aware acquisition score that favors high expected
benefit, high predictive uncertainty, and low execution cost. Con-
currently, an RL-based scheduler coordinates parallel calibration
tasks across qubits, ensuring conflict-free resource allocation and
minimizing total downtime. The system further incorporates online
health monitoring (e.g., RB/XEB metrics) to autonomously trigger
recalibration events, allowing self-healing operation without hu-
man supervision. Through extensive experiments on multi-qubit
testbeds, TAAC demonstrates nearly 2× throughput improvement,
40% reduction in total calibration time, and extended mean time
between calibrations (MTBC) compared with existing fixed or rule-
based schemes. This work represents a step toward closed-loop,
intelligent calibration orchestration for scalable quantum hardware
management, paving the way for autonomous operation of future
quantum computing systems.

2 Background and Related Work
2.1 Quantum Calibration and Parameter Drift
In a quantum processor, the accuracy of logic operations depends
on a large number of continuously tuned control parameters [2, 11].
Each qubit requires frequent recalibration of its operating frequency,
pulse amplitude, and DRAG coefficient, while two-qubit gates de-
pend on relative phase alignment and coupling strength [12, 13].
Calibration involves running characterization experiments such as
Rabi oscillations, Ramsey fringes, or cross-entropy benchmarking
(XEB), followed by parameter fitting and update [4, 6]. However,
these parameters drift over time due to both environmental and
device-specific factors, including temperature fluctuations, mag-
netic field instability, and material-induced charge noise [4, 14, 15].
This drift can often be modeled as a stochastic process with tem-
poral correlation, such as an Ornstein-Uhlenbeck (OU) process or
exponential decay [16]. Without timely recalibration, these drifts
cause degradation in gate fidelity, ultimately shortening the mean
time between calibrations (MTBC) and reducing computational reli-
ability [4, 6, 17]. As illustrated in Figure 2, the temporal evolution of
calibration parameters such as frequency and DRAG coefficient can
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Figure 2: Temporal drift and uncertainty modeling.

be well captured by an Ornstein-Uhlenbeck process [16]. The OU
model not only tracks the nonlinear drift trend over time but also
provides confidence intervals that quantify prediction uncertainty,
which are used later for time-aware scheduling and recalibration.

2.2 Automated Calibration Frameworks
Tomanage the increasing complexity of large-scale systems, several
calibration orchestration frameworks have been proposed [6, 11–
13, 18]. Some examples include Qiskit Experiments, QCal, and Boul-
der Opal and so on [2, 9, 10, 19]. These platforms provide structured
experiment execution, metadata storage, and dependency track-
ing [2, 11]. However, they typically follow a static or rule-based
schedule, where calibrations are triggered either periodically or
in response to a threshold violation in performance metrics such
as RB or XEB [4, 12, 18]. While effective for small- to medium-
scale systems, such reactive approaches fail to exploit statistical
correlations between parameters or predict impending degradation.
Moreover, as the number of qubits grows, sequential calibration
becomes increasingly infeasible due to the combinatorial explosion
of dependent parameters and limited system uptime [6, 17, 19].

2.3 ML for Calibration Scheduling
Machine learning (ML) methods have recently been explored to im-
prove the efficiency of experimental calibration [20–22]. Bayesian
Optimization (BO) has been applied to tune individual parameters,
leveraging probabilistic surrogate models to reduce the number
of required experiments [20, 23]. However, most existing BO ap-
proaches assume independent parameter spaces and ignore time-
dependent uncertainty, limiting their scalability and robustness
in dynamic environments. Reinforcement Learning (RL) has also
been introduced in experiment design and control optimization,
enabling data-driven decision policies that adapt to real-time feed-
back [21, 22, 24]. Yet, prior RL-based calibration methods often lack
interpretability and are difficult to integrate with existing experi-
ment orchestration systems. In addition, neither BO nor RL alone
can effectively handle cross-qubit dependencies or time-sensitive
scheduling constraints [6, 18].

2.4 Motivation
The growing scale of quantum processors demands an integrated
calibration framework that is both time-aware and structure-aware [4,
6, 17, 18]. Existing solutions either focus on optimizing single-
parameter tuning (BO) or on reactive decision-making (RL), without
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modeling the underlying dependency graph or the temporal degra-
dation process [4, 18, 20–22]. Furthermore, calibration scheduling
under limited experimental resources, such as cooldown duration,
readout conflicts, and equipment contention, remains largely unex-
plored [6, 17]. This work addresses these gaps by introducing a unified
framework that combines Bayesian Optimization and Reinforcement
Learning atop a Directed Acyclic Graph (DAG) of calibration depen-
dencies. The proposed system not only models parameter uncer-
tainty and temporal drift but also jointly optimizes calibration order,
frequency, and concurrency under hardware constraints [25–28].
Our work formulates quantum calibration as a time-aware active
learning and scheduling problem, bridging quantum control and
design automation perspectives.

3 Time-Aware Active Calibration Framework
This section presents the proposed Time-Aware Active Calibra-
tion (TAAC) framework, which integrates Bayesian Optimization
(BO) [29] and Reinforcement Learning (RL) [30] to enable adap-
tive and uncertainty-aware calibration scheduling for multi-qubit
systems. The overall architecture is illustrated in Figure 1, com-
prising five key components, including (i) DAG construction and
dependency extraction, (ii) temporal uncertainty modeling, (iii) ex-
periment selection via BO, (iv) cross-qubit scheduling via RL, and
(v) self-triggered recalibration.

3.1 DAG-Based Calibration Graph Construction
As shown in Figure 3, each calibration parameter 𝜃𝑖 (e.g., qubit
frequency, pulse amplitude, DRAG coefficient, two-qubit phase off-
set) is represented as a node in a directed acyclic graph (DAG) [18].
Edges encode dependency relationships such that (𝜃𝑖 → 𝜃 𝑗 ) implies
that parameter 𝜃 𝑗 depends on the calibration outcome of 𝜃𝑖 . These
dependencies are automatically extracted from Qiskit Experiments
metadata, which includes calibration lineage and experiment con-
figuration. The DAG serves as both a structural prior and a sched-
uling constraint. For example, tuning a two-qubit gate parameter
requires the underlying single-qubit parameters to be up-to-date.
This hierarchical structure allows efficient propagation of calibra-
tion updates and facilitates topological ordering for concurrent
experiment execution.

3.2 Temporal Uncertainty Modeling
Calibration parameters drift over time due to environmental noise
and device aging. We model the temporal evolution of each param-
eter as a stochastic process with mean-reverting dynamics:

𝑑𝜃𝑡 = −𝜅 (𝜃𝑡 − 𝜇) 𝑑𝑡 + 𝜎 𝑑𝑊𝑡 , (1)

where 𝜅 is the reversion rate, 𝜇 is the equilibrium value, 𝜎 controls
drift volatility, and𝑊𝑡 denotes Wiener noise. This formulation cor-
responds to an Ornstein-Uhlenbeck (OU) process, which captures
both short-term fluctuations and long-term stability.

For parameters that exhibit monotonic decay (e.g., amplitude
gain), we alternatively employ an exponential decay model

𝜃𝑡 = 𝜃0 𝑒
−𝜆𝑡 + 𝜖𝑡 , (2)

where 𝜆 denotes the decay constant and 𝜖𝑡 represents residual un-
certainty. Each parameter maintains a posterior confidence interval
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(𝜃𝑡 , Σ𝑡 ) that quantifies the predicted deviation from its last cali-
brated state. These uncertainty bounds are later used by the BO
and RL modules to determine recalibration priority.

3.3 Experiment Selection via BO
In Figure 4(a), the BO agent prioritizes the next calibration target us-
ing a time-aware acquisition score that balances expected improve-
ment, predictive uncertainty, and experiment duration. Let L(𝜃 )
represent the calibration loss function (e.g., gate infidelity [31]),
where 𝜃 denotes a candidate target considered by the BO module.
The BO objective aims to minimize L while penalizing experimen-
tal cost

𝜃 ∗ = argmin
𝜃 ∈Θ

E[L(𝜃 )] + 𝛽 𝐶 (𝜃 ), (3)

where 𝐶 (𝜃 ) is the estimated time cost and 𝛽 balances fidelity im-
provement against runtime. A Gaussian Process (GP) surrogate
model is used to approximate L, with posterior mean 𝜇 (𝜃 ) and
variance 𝜎2 (𝜃 ). The next experiment is chosen using a modified
acquisition function that incorporates time-awareness

𝑎𝑡 (𝜃 ) =
𝜇𝑏𝑒𝑠𝑡 − 𝜇 (𝜃 )
𝑇𝑒𝑥𝑝 (𝜃 )

+ 𝛼
𝜎 (𝜃 )

𝑇𝑒𝑥𝑝 (𝜃 )
, (4)

where 𝑇𝑒𝑥𝑝 (𝜃 ) denotes expected experiment duration. This expres-
sion serves as a practical time-normalized acquisition proxy that
favors targets with high expected benefit, high uncertainty, and
low execution cost.

3.4 Cross-Qubit Scheduling via RL
The RL agent coordinates multiple calibration tasks in parallel
under resource constraints. The environment state 𝑠𝑡 encodes (i)
current parameter uncertainties Σ𝑡 , (ii) DAG dependency satisfac-
tion, (iii) hardware resource availability (cooldown status, readout
conflicts [32]), (iv) recent calibration outcomes. The agent selects
an action 𝑎𝑡 corresponding to a batch of calibration tasks. In Fig-
ure 4(b), the reward function balances accuracy improvement and
temporal efficiency

𝑟𝑡 = Δ𝐹𝑎𝑣𝑔 − 𝜆1𝑇𝑏𝑢𝑠𝑦 − 𝜆2𝑅𝑐𝑜𝑛𝑓 𝑙𝑖𝑐𝑡 , (5)

where Δ𝐹𝑎𝑣𝑔 is the fidelity improvement,𝑇𝑏𝑢𝑠𝑦 denotes total calibra-
tion time, and 𝑅𝑐𝑜𝑛𝑓 𝑙𝑖𝑐𝑡 penalizes concurrent resource contention.
We initialize the scheduler using historical experiment traces, fol-
lowed by fine-tuning with Proximal Policy Optimization (PPO) [33].
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Figure 5: Event-triggered recalibration with safety filtering.

3.5 Self-Triggered Recalibration Mechanism
To maintain long-term stability, the system continuously monitors
online health metrics such as randomized benchmarking (RB) [34]
and cross-entropy benchmarking (XEB) [35]. When a fidelity degra-
dation signal exceeding the confidence threshold is detected, the re-
calibration sequence is automatically re-triggered along the affected
subgraph of the DAG, as illustrated in Figure 5. This event-driven
mechanism enables self-healing behavior, ensuring consistent sys-
tem performance without manual intervention. As shown in Fig-
ure 5, the recalibration workflow further includes a lightweight
online safety filter before hardware dispatch. Given a candidate cal-
ibration action proposed by the BO/RL controller, the filter checks
whether the predicted post-update state violates predefined safety
conditions, such as severe fidelity degradation, abnormal param-
eter deviation, or repeated recent failures. If the action is flagged
as unsafe, the system issues a warning and requests conservative
re-planning; otherwise, the action is executed normally. This de-
sign serves as a practical safeguard during online recovery, rather
than as an independent optimization module. We develop the Cal
Orchestrator framework and implement the prototype system
of TAAC, integrating DAG extraction, BO experiment selection,
and RL scheduling. The orchestration logic interacts with exist-
ing experiment APIs to dispatch calibration jobs asynchronously.
The system records calibration intervals, confidence bounds, and
metadata to continuously refine its uncertainty model over time.

4 Experimental Evaluation
We evaluate the proposed Time-Aware Active Calibration (TAAC)
framework using both quantum hardware simulators and real multi-
qubit devices. The experiments aim to quantify calibration effi-
ciency, stability, and system availability compared with representa-
tive baseline methods. All results are averaged over five indepen-
dent runs with different random seeds, and standard deviations
were below 3% for all metrics, confirming statistical robustness.

4.1 Experimental Setup
Experiments are conducted on the superconducting quantum pro-
cessor using the Qiskit Experiments framework [2]. Each qubit
was characterized by four primary calibration parameters: operat-
ing frequency, amplitude scaling, DRAG coefficient, and readout

Table 1: Overall performance comparison on 20-Qubit device.

Method TCT (min) MTBC (h) CSR (%) RU (%) FRR (%)

Fixed Interval 310 7.5 85.3 68.4 2.9
Pure BO 245 9.1 89.7 71.5 3.5
Pure RL 228 10.2 91.0 74.8 3.6
TAAC (Ours) 182 14.5 95.8 81.2 4.1

phase [11, 13]. Two-qubit gates were additionally calibrated for
coupling strength and relative phase alignment.
Baselines. We compare TAAC against three baseline methods.

• Fixed Interval (FI) [12]: periodic calibration with static sched-
uling;

• Pure BO [20]: Bayesian Optimization without temporal or
structural modeling;

• Pure RL [21]: reinforcement-based scheduling without un-
certainty quantification.

Each experiment ran continuously, covering five full calibration
cycles, and results were averaged across all qubits.
Metrics. The followingmetrics were used to assess performance [4–
6]. (i) Total Calibration Time (TCT): the elapsed wall-clock time of
a calibration episode, measured from the first dispatched calibra-
tion task to the completion of the last task; (ii) Mean Time Between
Calibrations (MTBC): average duration before degradation triggers
recalibration; (iii) Calibration Success Rate (CSR): fraction of calibra-
tions that achieved target fidelity; (iv) Resource Utilization (RU): the
average fraction of available calibration resources that are actively
occupied during the calibration episode; (v) Fidelity Recovery Rate
(FRR): average post-calibration improvement in gate fidelity.

4.2 Overall Performance Comparison
Table 1 summarizes the end-to-end performance across all meth-
ods. TAAC achieves the shortest calibration time and the highest
long-term stability. Specifically, TAAC reduces total calibration
time by 41% compared to fixed scheduling and extends MTBC by
nearly 2×, demonstrating a favorable efficiency-stability trade-off.
The improved CSR and RU indicate better utilization of experimen-
tal bandwidth and reduced idle time, translating to proportional
reductions in cryostat active duration and operational cost.

Table 2: Temporal drift prediction accuracy.

Parameter Linear Fit Exp. Decay OU Process (ours)

Frequency (MHz) 0.74 0.52 0.31
Amplitude (arb.) 0.082 0.061 0.038
DRAG Coefficient 0.019 0.017 0.011
Phase Offset (deg) 2.46 1.91 1.12

4.3 Temporal Drift Modeling Accuracy
We next evaluate the effectiveness of the temporal uncertainty
model. Table 2 reports the mean absolute prediction error under dif-
ferent drift assumptions. The OU process achieves the lowest error
across all calibration parameters. The OU-based temporal model
captures both mean reversion and stochastic volatility dynamics,



Time-Aware Active Calibration and Scheduling for N-Qubit Systems via Bayesian Optimization and Reinforcement Learning DAC ’26, July 26–29, 2026, Long Beach, CA, USA

Fixed Interval (FI) Pure BO Pure RL TAAC (Ours)
0

10

20

30

40

50

60

70

80

Va
lu

e

11.2
7.6 4.3 1.8

67.5

52.1

39.7

22.4

8.3 10.4 12.8 16.2

Conflicts/Cycle
Idle Time (min)
Throughput (exp/hr)

Figure 6: Scheduling efficiency and resource conflicts.

Full TAAC w/o Uncertainty w/o BO w/o RL
0

50

100

150

200

250

M
et

ric
 V

al
ue

182

205
224

237

14.5 11.8 10.4 9.6

95.8 91.3 89.7 88.5

TCT (min)
MTBC (h)
CSR (%)
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yielding tighter uncertainty bounds that guide the BO and RL agents
toward more informed scheduling decisions. These results confirm
that modeling temporal correlation is crucial for anticipating cal-
ibration degradation and for proactively allocating experimental
resources in TAAC.

4.4 Scheduling and Conflict Avoidance
Cross-qubit scheduling efficiency was quantified by the number of
calibration conflicts (overlapping resource usage) and mean idle
time per qubit. Results in Figure 6 show that TAAC minimizes both
metrics through RL-based coordination. Qualitative inspection of
the RL scheduling traces shows that the policy learns to batch cali-
brations of weakly coupled qubits while deferring high-dependency
nodes to later rounds. This behavior minimizes readout contention
and cooldown conflicts under DAG constraints, confirming that
the learned policy generalizes beyond purely heuristic scheduling.
In addition, TAAC improves overall experiment throughput by
nearly 2× compared to static scheduling, highlighting the benefit
of combining uncertainty-aware modeling with adaptive RL-driven
orchestration.

4.5 Ablation Study
To quantify the contribution of each TAAC component, we per-
formed an ablation study by disabling uncertainty modeling, BO
selection, or RL scheduling. As visualized in Figure 7, removing
either BO or RL modules significantly degrades both efficiency
and stability, confirming their complementary roles in decision-
making and resource allocation. Notably, the absence of uncertainty
modeling leads to faster performance decay and more frequent re-
calibrations, underscoring the importance of temporal awareness

Table 3: Scalability analysis with increasing qubit count.

System Size Normalized TCT (↓) MTBC (h)

8 Qubits 1.00 15.2
20 Qubits 1.42 14.5
50 Qubits 2.01 13.8

Table 4: Generalization and robustness evaluation under
noise and device shift.

Scenario Noise Scale (×) TCT (min) MTBC (h) CSR (%)

Nominal (Baseline) 1.0× 182 14.5 95.8
Injected Drift Noise 1.5× 193 13.9 94.2
Injected Drift Noise 2.0× 208 12.8 91.7
Cross-Device (20Q→20Q) – 189 13.8 94.9
Cross-Device (20Q→50Q) – 197 13.1 93.5

for maintaining long-term system robustness. These observations
highlight that TAAC’s hybrid design, combining predictive un-
certainty, data-efficient exploration, and adaptive scheduling, is
essential for achieving stable, low-overhead operation in dynamic
quantum environments.

4.6 Scalability with Qubit Count
Finally, we analyze scalability by simulating systems with 8, 20,
and 50 qubits. Table 3 reports normalized total calibration time
and MTBC. TAAC scales near-linearly with qubit count, demon-
strating its suitability for medium-scale quantum processors. This
near-linear growth indicates that the hierarchical DAG schedul-
ing and localized recalibration mechanisms effectively mitigate
combinatorial explosion, suggesting promising extensibility toward
future 100+ qubit and multi-cryostat systems. In addition, the stable
MTBC across different scales implies that TAAC maintains consis-
tent calibration quality even as system complexity increases, a key
requirement for practical large-scale quantum deployment.

4.7 Generalization and Robustness Evaluation
To further assess TAAC’s robustness and transferability, we intro-
duced controlled perturbations into the temporal drift model and
evaluated performance across distinct hardware instances. As sum-
marized in Table 4, TAAC maintains over 90% calibration success
rate even under 2× drift volatility, with only a modest 14% increase
in total calibration time compared to nominal conditions. When
transferring the learned policy from a 20-qubit system to unseen de-
vices, TAAC achieves comparable stability with less than 5% degra-
dation in MTBC on 20Q→20Q, demonstrating strong cross-device
generalization. These results confirm that the temporal uncertainty
modeling and RL-driven orchestration jointly enhance adaptability
to dynamic or heterogeneous quantum environments.

4.8 System Profiling and Overhead Analysis
As summarized in Table 5, the controller-side cost remains modest
during 20-qubit operation. The per-component wall-time shares
are measured non-exclusively, since BO inference, RL policy evalu-
ation, DAG checking, and experiment dispatch are executed asyn-
chronously and may overlap in time. We separately report the
end-to-end controller overhead as the net increase in calibration
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Table 5: System profiling and overhead breakdown.

Component Avg. Latency
(s)

CPU Util.
(%)

Memory
(MB)

Time Share
(%)

BO Inference 1.84 21.3 312 2.1
RL Policy 2.12 24.6 405 2.3
DAG & Depend. Check 0.97 14.8 198 1.1
Experiment Dispatch 0.68 12.2 144 0.9

Total Controller
Overhead - - - 4.8

wall time attributable to the controller, which is 4.8%. In addition,
the reported decision latency refers to the end-to-end critical-path
latency per scheduling round, rather than the sum of standalone
module invocation latencies, and remains below 2.5𝑠 on average.

The experimental results collectively demonstrate that TAAC
achieves a favorable trade-off between calibration efficiency and
system stability. By explicitlymodeling temporal drift and structural
dependencies, TAAC effectively eliminates redundant calibrations
while improving utilization of experimental resources. Compared
with BO-only or RL-only baselines, the integrated design yields
faster convergence and smoother recovery after drift events. The
learned RL scheduling policy shows interpretable behavior, sug-
gesting that reinforcement-driven orchestration can complement
analytic optimization methods. The observed near-linear scalabil-
ity further indicates that TAAC can extend to large-scale, multi-
cryostat quantum systems, paving the way for fully autonomous
calibration orchestration.

5 Discussion
5.1 Design Insights
The results presented in § 4 demonstrate that the proposed Time-
Aware Active Calibration (TAAC) framework significantly improves
both calibration efficiency and system availability for multi-qubit
quantum processors. The integration of Bayesian Optimization (BO)
and Reinforcement Learning (RL) provides a principled mechanism
to handle the trade-off between fidelity improvement and calibra-
tion overhead [6, 20–22]. From a design automation perspective,
TAAC highlights the importance of combining uncertainty quan-
tification, temporal modeling, and graph-based dependency manage-
ment [5, 11]. The directed acyclic graph (DAG) abstraction not only
captures parameter interdependence but also serves as a scheduling
constraint that can be exploited by learning-based agents [18]. This
design pattern may generalize beyond quantum calibration to other
scientific automation tasks, such as optical alignment or analog
circuit retuning [36, 37]. Furthermore, the time-aware acquisition
function introduced in our BO formulation improves calibration
efficiency by favoring high-value and high-uncertainty targets un-
der limited execution time [20]. The reinforcement-based scheduler
demonstrates that real-time decision policies can effectively mini-
mize idle time and resource conflicts, which are common issues in
shared experimental infrastructures [38, 39].

5.2 Cross-Domain Applicability
Beyond quantum calibration, the design principles of TAAC com-
bine DAG-structured dependencymodelingwith uncertainty-aware
learning. These technologies could generalize to other domains
such as analog circuit retuning, robotic experimental planning,

or hardware-software co-design workflows [40–42]. This cross-
domain applicability underscores the broader relevance of inte-
grating reinforcement learning and Bayesian optimization within
design automation frameworks.

5.3 Limitations
While TAAC achieves considerable improvements, several limita-
tions remain. First, the accuracy of the temporal drift model depends
on the choice of process prior (e.g.,OU vs. exponential decay), which
may vary across devices and environmental conditions [4, 8]. In
highly non-stationary systems, model mis-specification could re-
duce prediction fidelity. Second, the RL scheduler requires an initial
warm-up phase to explore valid calibration sequences; during this
phase, performance may be suboptimal [21, 43, 44]. Third, the cur-
rent implementation assumes relatively stable device topology and
fixed calibration dependencies; extending the framework to dynam-
ically evolving system architectures remains a challenge [5, 6]. In
addition, while the present study focuses on superconducting qubits,
the approach could be adapted to other platforms such as trapped
ions or photonic systems, though additional domain adaptationmay
be required to capture distinct noise and drift characteristics [4].

5.4 Future Work
Future directions include hierarchical reinforcement learning for
large-scale calibration across multiple cryostats [38, 39], and meta-
learning techniques that enable policy transfer across different
hardware generations [43, 44]. Integrating model-based RL with
probabilistic drift prediction may further reduce data requirements
during policy adaptation. Another promising avenue is the incorpo-
ration of hardware-in-the-loop optimization, where TAAC directly
interfaces with control electronics to perform closed-loop parame-
ter updates [22, 37]. This could enable real-time calibration orches-
tration, moving toward the vision of fully autonomous quantum
system management.

6 Conclusion
This work presents TAAC, a unified framework that leverages
Bayesian Optimization and Reinforcement Learning for time-aware,
structure-guided calibration of N-qubit systems. By modeling tem-
poral drift, parameter uncertainty, and inter-parameter dependen-
cies, TAAC achieves substantial gains in calibration efficiency, sta-
bility, and system throughput. Experimental results demonstrate
over 40% reduction in calibration time and nearly twofold increase
in mean time between calibrations compared to baseline meth-
ods. Beyond the quantum domain, TAAC exemplifies how design
automation and machine learning can jointly address complex, tem-
porally coupled optimization problems. We believe this approach
lays the groundwork for the next generation of intelligent calibra-
tion systems that autonomously maintain and optimize quantum
hardware performance at scale.
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