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Abstract. Quantum processors are limited by coherent errors that de-
pend on the circuit context in which each gate operates, a dependence
that conventional calibration protocols do not capture because they char-
acterize gates in isolation. We present CARTES (Context-Aware Real-
Time Error Suppression), a framework that applies model-free multi-
agent reinforcement learning (MARL) to adapt pulse-level gate parame-
ters to the surrounding circuit context during execution.
Our work features two main contributions:
1. In simulations of a six-qubit superconducting chain that is subject

to microwave crosstalk and static ZZ coupling, three RL agents cali-
brate three parallel two-qubit gates. The agents raise the local aver-
age gate fidelity of every gate above 0.9979 and recover 87% to 95%
of the gap between the context-agnostic baseline and the numerical
contextual optimum.

2. Experimentally, we integrate the MARL workflow directly into the
Quantum Orchestration Platform, which reduces communication and
compilation latency while it preserves a flexible parametrization of
custom calibrations. This integration enables contextual calibration
within minutes of wall-clock time, versus the many hours typical of
traditional closed-loop methods.

The method requires no extra controller memory and no extra latency,
since a compact classical neural network infers the corrections in real
time during circuit execution. Because the framework embeds learning
into the control stack, it provides context-dependent error suppression
at the cost of standard circuit execution, with direct applications in drift
compensation and quantum error correction.

Keywords: Error Suppression · Reinforcement Learning · Quantum
Control.

Extended Abstract

1 Introduction

As quantum processors approach the error rates required for fault-tolerant com-
puting, further gains depend on the suppression of coherent, circuit-dependent
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noise such as classical crosstalk and gate bleedthrough [10]. Conventional cali-
bration relies on context-agnostic characterization, including randomized bench-
marking [12, 6, 1], which averages gate performance over randomized circuits
and therefore misses errors that arise from the structure of the target computa-
tion. Context-aware characterization methods [3, 9] estimate gate fidelity within
its circuit environment, yet they diagnose contextual errors rather than correct
them. Existing context-dependent calibration approaches, in turn, address static
hardware properties such as coupling strengths or frequency collisions [22, 15,
20, 17, 11], leaving circuit-dependent calibration itself largely unexplored.

In this work, we introduce CARTES, Context-Aware Real-Time Error Sup-
pression, a framework that calibrates quantum gates directly against their sur-
rounding circuit context. CARTES combines model-free reinforcement learn-
ing [18, 19], direct fidelity estimation (DFE) [7], and real-time parameter infer-
ence [14, 13] to learn pulse-level corrections without an explicit device model. The
corrections are computed during circuit execution on the Quantum Orchestra-
tion Platform (QOP) [5] and its core technology known as the Pulse Processing
Unit (PPU), so that neither waveform memory nor compilation overhead grows
with the number of contexts. We validate CARTES in simulation, where multiple
agents calibrate parallel entangling gates on a six-qubit chain under microwave
crosstalk, and in experiment, where the workflow runs on hardware at the Israeli
Quantum Computing Center (IQCC) with the learning agent embedded in the
control stack.

2 Methods and preliminary results

2.1 AI embedded in the quantum control stack

CARTES reformulates gate calibration as an online learning problem. Conven-
tional software stacks associate every native gate with a single pulse implementa-
tion, which offline calibration determines in advance; this abstraction simplifies
compilation, but it forces coherent circuit-dependent errors to be treated at the
circuit level, where dynamical decoupling, randomized compiling, Pauli twirling,
or gate insertion trade error suppression against circuit depth, compiled circuit
instances, or repeated waveform uploads.

CARTES explores a complementary paradigm. It exploits pulse-level degrees
of freedom that modern control systems already expose and adapts the physi-
cal implementation of native gates during execution, while the intended logical
operation is preserved. For every gate occurrence, pulse parameters must be
inferred from the surrounding circuit context such that the resulting gate fi-
delity is maximal; the objective is therefore a context-conditioned calibration
policy that generalizes across a family of circuit configurations, not a single op-
timal pulse. This execution model relies on three ingredients: (i) runtime pulse
parametrization, in which pulse templates keep amplitudes, phases, and dura-
tions adjustable after compilation; (ii) embedded real-time execution, in which
pulse updates and parameter streaming run directly on the PPU; and (iii) online
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data-driven learning, in which pulse parameters are optimized from experimental
observations alone.

Model-free reinforcement learning (RL) matches this setting, because it ac-
commodates unknown, nonlinear, and time-varying error processes and relies
solely on experimental feedback [18, 2, 8, 14]. In CARTES, RL does not opti-
mize a single pulse calibration offline, but it learns a runtime calibration policy
that continuously adapts pulse implementations to the executed circuit. To scale
to many gates, CARTES adopts a distributed multi-agent (MARL) formulation:
each native two-qubit gate is assigned an independent agent, which observes
the local circuit context c and samples pulse-level corrections a from its policy
πθ(a|c). Each agent is optimized with proximal policy optimization (PPO) [16]
from a local reward that subsystem-level fidelity estimation provides, so the cost
of reward extraction depends on the subsystem of the target gate rather than
on the processor size. Figure 2 summarizes the optimization loop.

In practice, the bottleneck of closed-loop calibration is often not quantum ex-
ecution but the repeated compilation and upload of new circuit implementations:
superconducting circuits execute within microseconds, whereas compilation and
waveform transfer require seconds [19, 4]. CARTES eliminates this overhead,
because optimization is restricted to pulse parameters that remain adjustable at
runtime; both policy sampling and dynamic pulse synthesis are embedded within
the PPU, and only lightweight parameters or observations cross a low-latency
interface to the host. Figure 1 summarizes the resulting paradigm, in which real-
time pulse synthesis, embedded machine learning, and distributed reinforcement
learning combine into compilation-free context-aware error suppression.

2.2 Compilation-free contextual calibration

To validate the proposed framework, we calibrate three native CNOT gates that
execute in parallel on a six-qubit chain, as depicted in Figure 3. Each entangling
gate is assigned an independent PPO agent, which generates 13 pulse-level cor-
rections conditioned on its local circuit context. The context is the preceding
layer of continuously parametrized single-qubit rotations RX(ϕi), whose mi-
crowave drives leak onto neighboring qubits with amplitudes of up to 9% of the
drive angle; in addition, a static ZZ coupling of 2π × 3.5 kHz acts on the two
spectator pairs between the gates. Each agent receives a DFE reward on its own
gate subsystem, which the environment amplifies through repeated application
of the noisy gate layer (randomized depth n ∈ {1, . . . , 17} per policy update) so
that small coherent errors remain resolvable at a fixed measurement budget.

The top panel of Figure 4 shows the learning dynamics. Although the agents
train over a continuous family of circuit contexts, the collective reward exceeds
0.9 after 3.2 × 107 measurement shots. Training uses a resolution curriculum,
which raises the number of sampled Pauli fiducials required for channel DFE
[7] from 400 to 3000 as the policies converge and thereby lowers the total mea-
surement cost by 18% at equal final fidelity. The policies are converged after
approximately 3.4×108 shots, which corresponds to below one hour of quantum
execution time at a repetition period of 10 µs per shot (assuming active reset).
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Because recompilation and waveform uploads are eliminated, this training over
varying circuit configurations costs the same runtime as repeated shots of one
fixed circuit.

Generalization is evaluated on 1000 held-out circuit contexts, which are
drawn from the same distribution but never seen in training. The bottom panel
of Figure 4 compares, per gate, the context-agnostic baseline, the learned policy,
and the numerical contextual optimum. The learned policies improve every gate:
the local average gate fidelity rises from 0.99553 to 0.99924 for gate (q0,q1), from
0.97501 to 0.99810 for gate (q2,q3), and from 0.98336 to 0.99796 for gate (q4,q5),
which recovers 87%, 95%, and 90% of the respective gap between baseline and
contextual optimum. On the circuit level, the output-state fidelity of the full
six-qubit layer rises from 0.96053 to 0.99637 and approximately factorizes into
the three local fidelities; the policy outperforms the baseline on 97.1% of the con-
texts after 7.5×107 shots and on 99.7% at convergence. The contextual optimum
itself stays below unity, because the static ZZ coupling is not fully correctable
within the chosen gate parametrization.

As a representative example of the experimental workflow, we demonstrate
in Fig. 5 the calibration of a controlled-Z (CZ) gate implemented on a flux-
tunable superconducting quantum processor. The calibration is performed by
adjusting in real time three control parameters of a flux pulse—its amplitude
and two additional virtual phases. The total wall-clock duration of the procedure
is approximately 10 minutes, which is primarily dictated by current experimental
constraints, including the latency associated with ethernet-based communication
(this particular experiment did not yet employ the dedicated, low-latency link
expected to reduce the communication delay to the microsecond scale) and the
use of a thermalization-based reset protocol, with a characteristic reset time of
approximately 150 µs per shot (where total number of shots for training was
around 350 000).

These results illustrate the central idea behind CARTES: native gate im-
plementations become adaptive runtime objects, which are generated directly
from the circuit context, instead of entries in an exponentially growing library
of static pulse calibrations. The same architecture extends to larger processors,
richer context representations, and cooperative multi-agent strategies in which
neighboring adaptive gates jointly compensate coherent interactions across the
device. Further, the model-free character of the approach qualifies it as a generic
calibration subroutine for circuit contexts that require feedback, such as quan-
tum error correction and fault-tolerant circuits [21].
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Fig. 1. CARTES conceptual paradigm shift: the intended logical gate is disentangled
from its pulse-level implementation. With real-time classical processing and pulse-level
control, the traditional gate model is extended so that a gate definition carries a pulse
set, which is adjusted dynamically to compensate circuit-dependent noise, for example
as a function of gate parameters, layer structure, or wall-clock time of execution.
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Fig. 2. Online context-aware workflow for error suppression. The circuit context, which
corresponds to the observation, is the representation input to the agent; the agent net-
work generates a probability distribution over pulse-level corrections, the policy. The
reward signal R is extracted from the experiment through post-processing of measure-
ment outcomes, which builds a fidelity estimator.
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Fig. 3. Use case: compensation of microwave crosstalk on a six-qubit chain. The CNOT
gates, which a traditional stack would treat as fixed, carry dynamic pulse-level ad-
justments that compensate the noise induced by the rotation angles in the preceding
single-qubit layer.
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agent / gate baseline final numerical optimum
agent 0, gate (q0, q1) 0.99553 0.99924 0.99979
agent 1, gate (q2, q3) 0.97501 0.99810 0.99941
agent 2, gate (q4, q5) 0.98336 0.99796 0.99961

Fig. 4. Simulation results for the joint calibration of three parallel CNOT gates. Top:
training dynamics versus the cumulative number of measurement shots. Solid curves
show the rolling-mean DFE reward of each agent, which is measured at a randomized
amplification depth n ∈ {1, . . . , 17} per policy update; dashed curves show the local
average gate fidelity of the corresponding gate per cycle (n=1), and each dashed se-
ries starts at its context-agnostic baseline. Bottom: validation on 1000 held-out circuit
contexts, which compares the context-agnostic baseline, the learned policy, and the
numerical contextual optimum for each gate; the table lists the corresponding mean
fidelities. The optimum stays below unity, because the simulations include static ZZ
crosstalk that the gate parametrization cannot fully correct; the residual distance be-
tween policy and optimum is a learning gap.
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Fig. 5. Experimental real-time calibration on Israeli Quantum Computing Center for
a CZ gate on flux-tunable transmon qubit. Latency is constrained by thermal reset,
but is much lower than standard closed loop calibrations.
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