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The calibration bottleneck: fixed controllers become stale
Qubit parameters vary across the chip and drift over time, so a controller tuned to yesterday’s or the average device is quickly off-target.

Device-wide heterogeneity + drift across a 

quantum processor 

Need: adaptive control, not one-size-fits-all calibration
Use a few calibration measurements to infer the current drift state, then update the controller for that device — avoiding both fixed-controller failure and 
full re-optimization from scratch.

This work asks: when does adaptation beat a robust fixed controller, and how many adaptation steps are worth paying for?
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Mean calibration misses many qubits
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Existing AI approaches to quantum control — and why meta-Learning is different
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Adaptation is inevitable but its cost is not. This work asks: how much is enough?

GRAPE 

Optimal pulses for a fixed 

Hamiltonian. Fast at deployment  

but requires full re-optimization 

when device parameters drift.

Yang et al., Nat. Electron. 2, 151–158 (2019)

Online Deep RL

Adapts in real time, but trains from 

scratch on each device. Sample-

inefficient for hardware with limited 

coherence time.

Niu et al., npj Quantum Inf. 5, 33 (2019)

Meta-Learning 

Learns to learn: meta-trains 

across device environments so the 

agent adapts to new control tasks 

in a few steps without retraining. 

Zhang et al., npj Quantum Inf. 11, 81 (2025)
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Simulate once, deploy everywhere: the digital twin for quantum control
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We meta-train once on a differentiable Lindblad simulator (digital twin), then deploy with K device-specific steps. 

The central question: how many steps K do you need, and when does adaptation justify its cost? 



1  Geometry checks

PL-like progress: gradients improve loss predictably near 

optima.

Smooth task dependence: nearby device parameters 

induce nearby dynamics.

Control separation: different devices require different 

optimal pulses.

3  Adaptation gap intuition

Robust control: average-optimal, not device-optimal.

Adaptation: rapid early gains; K* marks diminishing 
returns.

The scaling law follows from optimization geometry — not quantum-specific physics.

2  Scaling-law consequence

local PL geometry gives finite-step improvement

ceiling and rate are interpretable

Task variance sets payoff; curvature sets 
speed.

From optimization geometry to adaptation gap scaling 
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Validation: the scaling law generalizes across quantum gate primitives
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Single-qubit X gate:  exponential saturation and 

variance scaling holds.  

FOMAML already starts near the task optimum, so 

𝐾 = 10 steps only marginally improve fidelity; 

fixed-average control benefits more when 

initialization is poor.

Two-qubit CZ gate:  same scaling law, larger payoff. 

Under strong OOD noise, adaptation improves fidelity 

from 54.2% to 95.7%, showing that harder entangling 

gates are where adaptive calibration becomes valuable. 
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Simulate, then deploy in practice with meta-learning  
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Hardware validation turns the theory from a simulation result into a calibration policy: 

adapt only when device variance is high enough to justify the cost.
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From scaling laws to calibration budgets
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Few-shot decision rule 

Probe 𝑁 = 3–5 steps, fit the saturation curve, then choose 

the adaptation budget needed to reach the target gain.

Accurate from few probes 

With 𝑁 = 5, the protocol estimates 𝐾0.95 within 
3–19% across 2 × –5 × OOD regimes.

Adapt only when the predicted gain is large; stop once returns saturate.
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Outlook: non-stationary control and many-qubit scaling 
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Non-stationary control Many-qubit scaling 

Larger processors require more adaptation 

steps  but the per-qubit payoff shrinks. The 

scaling law predicts the calibration budget 

before running a single experiment.

As processors scale, per-qubit heterogeneity 

decreases but total adaptation cost grows:



When Does Adaptation Win?
Scaling Laws for Meta-Learning in Quantum Control

Task variance sets the payoff. Curvature sets the speed.

Core idea

• Adaptation gain saturates exponentially with gradient steps.

• Maximum gain scales with task variance across devices.

• A few probe steps estimate the useful calibration budget.

Nima Leclerc, Chris Miller, Nicholas Brawand
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Paper

arxiv.org/abs/
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github.com/nimalec/
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