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The calibration bottleneck: fixed controllers become stale

Qubit parameters vary across the chip and drift over time, so a controllel  ned to yesterday’s or the average device is quickly off-target.
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Device-wide heterogeneity + drift across a

quantum processor Mean calibration misses many qubits

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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Existing Al approaches to quantum control — and why meta-Learning is different
Online Deep RL
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Yang et al., Nat. Electron. 2, 151-158 (2019)
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Adaptation is inevitable but its cost is not. This work asks: how much is enough?_
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Simulate once, deploy everywhere: the digital twin for quantum control

(a) Task ensemble (b) Simulate — meta-train on simulator (c) Deploy — per-device adaptation
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From optimization geometry to adaptation gap scaling
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1 Geometry checks

(a) PL Condition (b) Lipschitz Continuity (¢) Control Separation
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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.
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2 Scaling-law consequence

Gr=E¢p[Le(bp) — Le(0k(E))]

local PL geometry gives finite-step improvement

PL geometry = Gy~ Ay (1 —e 7K)

ceiling and rate are interpretable

72-7 ﬁ = THmin

Taskvariance sets payoff; curvature sets
speed.

3 Adaptation gap intuition
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Robust control: average-optimal, not device-optimal.

Adaptation: rapid early gains; K* marks diminishing
returns.
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Validation: the scaling law generalizes across quantum gate primitives

Single-qubit X gate: exponential saturation and
variance scaling holds.
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(a) Exponential Saturation

(b) Linear Scaling
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Two-qubit CZ gate:

same scaling law, larger payoff.
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(a) Adaptation Gap

(b) Adapted ZZ Coupling Pulses
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Simulate, then deploy in practice with meta-learning

Real Quantum
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From scaling laws to calibration budgets
Few-shot decision rule Accurate from few probes

(a) Few-Shot Prediction (OOD, 3x) (b) Prediction Accuracy vs Probe Budge

+

Algorithm 1 Few-Shot Pre-Adaptation Decision Protocol

Require: 6y, probe count N € {3,4, 5}, target gain fraction «
(e.g., 0.95), benefit threshold ¢, representative task &

p G

Adaptation G

1: Initialize 6*) « 6o o

2: fork=1,...,Ndo /:/

3: %) 9= _ UL (0FY) (inner-loop step) . I —

4: Gk < Le(00) — Le(0™) (adaptation gap)

5: end for . Regime Kypos N=3 N=4 N=5

6: Fit Gx ~ Aoo(1 — e %) to {(k, Gk)}i_,, record R?

7: PL diagnostic: if R* < 0.9, flag departure from local PL 00D (2x) 433 36.7% 21.8%  2.9%

8: Compute budget Ko = + log —— (Corollary 4.9) 00D (@3x) 454 394% 22.7%  7.1%

+ OMPHIE DGRt B = 5 08 1-a ary & 00D (4x) 484 432% 27.5% 12.8%

9: return don’t adapt if A, < ¢; else adapt with budget K, 00D (5x) 524 475% 351% 19.2%
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Outlook: non-stationary control and many-qubit scaling

Non-stationary control

Many-qubit scaling
Device parameters &(t) ‘ . & Many-qubit processor
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Online adaptation (receding horizon)

Larger processors require more adaptation
steps but the per-qubit payoff shrinks. The

under drift

scaling law predicts the calibration budget
before running a single experiment.
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When Does Adaptation Win?

Scaling Laws for Meta-Learning in Quantum Control

& 10 Aw_z, ______ Core idea
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o Afew probe steps estimate the useful calibration budget.
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