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Quantum computers promise tremendous impact across applications—and have shown great strides
in hardware engineering—but remain notoriously error prone. Careful design of low-level controls has
been shown to compensate for the processes that induce hardware errors, leveraging techniques from
optimal and robust control. However, these techniques rely heavily on the availability of highly accurate
and detailed physical models, which generally achieve only sufficient representative fidelity for the most
simple operations and generic noise modes. In this work, we use deep reinforcement learning to design
a universal set of error-robust quantum logic gates in runtime on a superconducting quantum computer,
without requiring knowledge of a specific Hamiltonian model of the system, its controls, or its underly-
ing error processes. We experimentally demonstrate that a fully autonomous deep-reinforcement-learning
agent can design single qubit gates up to 3× faster than default DRAG operations without additional leak-
age error, and exhibiting robustness against calibration drifts over weeks. We then show that ZX (−π/2)

operations implemented using the cross-resonance interaction can outperform hardware default gates by
over 2× and equivalently exhibit superior calibration-free performance up to 25 days post optimization.
We benchmark the performance of deep-reinforcement-learning-derived gates against other black-box
optimization techniques, showing that deep reinforcement learning can achieve comparable or marginally
superior performance, even with limited hardware access.
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I. INTRODUCTION

Large-scale fault-tolerant quantum computers are likely
to enable new solutions for problems known to be hard for
classical computers. A significant step towards quantum
advantage, when a quantum computer can solve a practi-
cally relevant problem “faster” than a classical computer,
was recently demonstrated by Google [1] and the Chi-
nese Academy of Sciences [2]. However, demonstrating a
computational advantage on a problem of practical impor-
tance remains an outstanding challenge for the sector. The
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extreme sensitivity of today’s hardware to noise, fabrica-
tion variability, and imperfect quantum logic gates remains
the key factor limiting the community’s ability to reliably
perform quantum computations at scale [3].

Fortunately, it has been repeatedly demonstrated that the
use of robust and optimal control techniques for gateset
design may lead to dramatic improvements in hardware
performance, as a complement to future application of
quantum error correction [4–27]. The design process is
straightforward in cases where Hamiltonian representa-
tions of both the physical and the noise models in the
underlying hardware are precisely known, but has proven
considerably more difficult in state-of-the-art large-scale
experimental systems due to an intersection of engineer-
ing constraints and the difficulty of comprehensive system
characterization.

In this paper, we overcome this fundamental challenge
by demonstrating the experimental use of deep reinforce-
ment learning (DRL) for the efficient and autonomous
design of error-robust quantum logic on a superconducting
quantum computer without any a priori hardware model.
We design an agent that iteratively and autonomously
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constructs a model of the relevant effects of a set of avail-
able controls on quantum computer hardware, incorporat-
ing both targeted responses and undesired effects such as
cross-couplings, nonlinearities, and signal distortions. We
task the agent with learning how to execute high-fidelity
constituent operations, which can be used to construct a
universal gateset—an RX (π/2) single-qubit driven rota-
tion and a ZX (−π/2) multiqubit entangling operation—by
allowing it to explore a space of piecewise constant (PWC)
operations executed on a superconducting quantum com-
puter programmed using Qiskit Pulse [28], and with highly
constrained access to measurement data. The agent designs
new nontrivial single-qubit gates, which outperform the
default derivative removal by adiabatic gate (DRAG) gates
in randomized benchmarking with up to a 3× reduction in
gate duration, down to approximately 12.4 ns, and with-
out evident increases in leakage error. These gates are
shown to exhibit robustness against common system drifts
(characterized in Ref. [9]), providing up to 2 weeks of out-
performance with no need for intermediate recalibration of
the gate parameters. The agent also creates novel imple-
mentations of the cross-resonance interaction, which show
up to approximately 2.4× lower infidelity than calibrated
hardware defaults. We characterize gate performance using
both interleaved randomized benchmarking and gate rep-
etition to better reveal coherent errors, achieving FZX >

99.5% across multiple hardware systems, and maintain-
ing FZX > 99.3% over a period of up to 25 days with no
additional recalibration. Finally, we demonstrate the use of
these DRL-defined entangling gates within quantum cir-
cuits for the SWAP operation and show 1.45× lower error
than calibrated hardware defaults. Across these demon-
strations we benchmark the DRL-designed two-qubit gates
against gates created using a black-box automated opti-
mization routine and identify incoherent processes as the
current bottleneck.

II. OPTIMIZED QUANTUM LOGIC DESIGN
WITH DEEP REINFORCEMENT LEARNING

A typical quantum logic gate optimization problem
begins by defining system and environment Hamiltonian
terms, and using analytic techniques or numeric optimiza-
tion [9,29–31] to find the optimal set of control wave-
forms, such that the resultant unitary evolution matches
a desired target. Performing useful gate optimization in
this way—especially when trying to exceed state-of-the-
art experimental fidelities in realistic systems—requires a
comprehensive understanding of the relevant terms in the
system Hamiltonian.

In practice, the real Hamiltonian of the system may
include unknown and transient Hamiltonian terms [32],
nonlinear distortions [33] of the control fields, nonlinear
coupling of distorted control fields into new Hamiltonian

terms [34], and additional hidden terms in the Hamiltonian
that may change with application of the control fields. It
is not generally tractable to identify this diverse range of
Hamiltonian terms in large interacting systems [35], and
even small simplifying approximations will typically lead
to catastrophic failure of numerically optimized controls
due to the sensitive manner in which the system is steered
through its Hilbert space.

An alternative approach to quantum-logic design based
on iterative interactive learning obviates the need of hav-
ing an accurate representative model of the physical sys-
tem. Deep-reinforcement-learning techniques stand out in
their ability to deal with high-dimensional optimization
problems in the absence of labeled data or an under-
lying noise model [36,37]. The essence of DRL is the
ability to estimate and maximize the long-term cumula-
tive reward learned when a deep neural-network-based
agent interacts with an environment through many trials.
Through this process the agent learns a target behav-
ior—here how to perform high-fidelity quantum logic. In
addition, unlike in other closed-loop optimization meth-
ods, intermediate information is extracted as well as the
final measure of reward in order to construct and refine
an internal model of the system’s most relevant dynam-
ics (this model need not be interpretable under human
examination).

The basic ingredients of DRL are states, actions, and
rewards [Fig. 1(a)]. The state is snapshot of the environ-
ment at a given time, and in the context of gate optimiza-
tion, can be any suitable representation of the quantum
state of the quantum device. The action is the means by
which we affect or stir the state of the environment by
application of a low-level electromagnetic control pulse.
Finally, the reward encapsulates the feedback from the
environment in order to quantify the quality of the last
action.

DRL has recently been deployed for a variety of quan-
tum control problems using numerical simulation [39–50].
In these studies it was possible to make at least one of
the following strong assumptions: the system suffers zero
noise or has a deterministic error model; controls are per-
fect and instantaneous; and quantum states are completely
observable across time. Moving beyond these studies to
efficient experimental implementations on real quantum
computers, we focus on designing DRL algorithms com-
patible with realistic execution and measurement con-
straints.

Our approach involves overcoming three main chal-
lenges that we discuss below: (i) creating an efficient
representation of the effective Hamiltonian in a manner
compatible with experimental implementation, (ii) creat-
ing a suitable measurement routine compatible with the
limited observability of the system state and its unitary
evolution in a quantum computer, (iii) designing appro-
priate agents, which can efficiently learn system dynamics
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FIG. 1. DRL optimization on quantum hardware. (a) In the
DRL cycle, an intermediate information is collected in order
to optimize a long-term reward function. The left side of the
loop indicates actions taken by the agent and the right captures
measurements returned. (b) At each DRL step the action, e.g.,
amplitude and phase of the next segment(s) is chosen from a
set of allowed actions while the previous segments actions are
held fixed. (c) A set of actions that form a full control pulse
is an episode. (d) After every step, an estimation of the quan-
tum state is performed using simplified tomography, and at the
conclusion of each episode an estimate of fidelity is made. Each
constituent measurement contributing to this process is repeated
1024 (256) times for final (intermediate) states. In order to reduce
the effect of the readout errors, we employ a standard measure-
ment error-mitigation scheme [38]. (e) In order to estimate the
gate quality, a reward is constructed by performing a weighted
average of measured fidelities for sequences employing differ-
ent numbers of control pulse repetitions. (f) Example of DRL
optimization convergence for a control pulse implementing a
single-qubit gate.

based on these constrained controls and limited access to
measurements. An overview of the complete DRL pro-
cess we employ to perform experimental gateset design is
featured in Fig. 1 (for a complementary pseudocode, see
Appendix B).

First, we seek an effective Nseg-segment piecewise-
constant control Hamiltonian, which physically corre-
sponds to control pulses with a PWC envelope, to be
found through the iterative reinforcement-learning process
shown schematically in Figs. 1(b) and 1(c). This choice is
convenient due to limitations in programming and manip-
ulating real hardware. Moreover, any deviations from the
idealized PWC waveform applied to the device, due to,
e.g., signal distortions, are directly captured in the mea-
surements performed by the agent and the effective model
it constructs.

Next, in order to effectively learn the hardware model,
we observe and store the state of the quantum computer
after intermediate step k, and allow the agent to choose
the action for the next step. Due to quantum-state col-
lapse on projective measurement, at the beginning of a
new step our protocol must first reinitialize the qubits and
repeat the exact sequence of actions through step k, before
applying the new action at step k + 1. Thus we are able
to sequentially build up to a complete execution of a can-
didate quantum logic gate at the conclusion of an episode
over Nseg state-observation cycles (giving a total of NsegNep
state observations over Nep episodes). The measurement
protocols we employ for state estimation are based on the
concepts of quantum-state tomography, Fig. 1(d); several
different initial states are chosen in order to specify the
gate uniquely. In addition to state observation we must
explicitly calculate the reward at the end of an episode.
Fidelity estimation employs a weighted sum of different
repetitions to amplify the gate error and overcome the so-
called state preparation and measurement error endemic to
real hardware, estimated at approximately 4% in the hard-
ware we employ. For more details about the single- and
two-qubit measurement protocols and the choice of reward
see Appendices A1 and A2. Finally, we design a DRL
algorithm, which maximizes the long-term reward using
an agent compatible with the above constraints, based on
a policy gradient optimization algorithm. A policy π(a|s)
is a function that receives as an input the state of the sys-
tem and returns a probability distribution over actions. This
distribution is then used to decide the next action such that
over many steps and episodes the reward is maximized.
The policy function π(a|s) is represented by a deep neu-
ral network whose trainable parameters are updated during
the learning process in order to efficiently approximate
the optimal policy over this space. A rigorous comparison
between the performance of different DRL algorithms for
this problem in a simulated environment—which led to our
selection of a Monte Carlo policy gradient method—was
investigated in Ref. [51].
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III. EXPERIMENTAL DRL ON
SUPERCONDUCTING QUANTUM COMPUTERS

The DRL algorithm is executed in runtime on exper-
imental hardware via cloud access to a superconducting
quantum computer operated by IBM. Hardware commands
are coded using Qiskit Pulse to program various accessi-
ble analog control channels relevant to implementation of
single and multiqubit gates. The DRL agent is separately
hosted on a cloud server in order to allow an efficient learn-
ing procedure, and is the provided command of the quan-
tum computer for fixed blocks of time. In order to reduce
the effect of overhead due to cloud access to hardware,
we generally batch several episodes in the learning pro-
cedure, meaning we execute them sequentially prior to the
resulting measurement data being provided to the agent.
We are limited primarily by hardware access and focus
on ensuring rapid convergence in the learning process. An
example runtime optimization convergence over episodes
for a single-qubit gate (see details below) is shown in
Fig. 1(f), and notably requires an order of magnitude less
episodes than previous numerical studies [40] to achieve
a high-fidelity gate. In practice, the hyperparameters of
the optimizations, e.g., learning rate, can be optimized fur-
ther and reach convergence in no more than 500 episodes.
While this increases the probability for an unsuccessful
run, in practice, we find this probability remains low. With
our selected DRL agent implementation, convergence typ-
ically occurs over as little as 10–20 experimental batches
(batch sizes for single- and two-qubit gates are 25 and
16, respectively), which corresponds to 0.5–1 wall clock
hours. This time is dominated by hardware-application
programming interface (API) and access-queue times, with
typical total experimental execution of less than a minute,
and agent calculations consuming negligible time on a
cloud server. Once the learning process converges, the
resultant gates are consistently nontrivial, showing struc-
ture in the relevant control parameters but exploiting
physics, which is not obvious upon examination.

We now describe the specific optimizations we have per-
formed and benchmark the performance of the resulting
gates. Beginning with the single-qubit gate we target opti-
mization of Rx(π/2), a π/2 radian rotation around the x
axis. This gate is implemented as a driven, microwave-
mediated operation and serves as a fundamental building
block for arbitrary single-qubit rotations in a U3 decom-
position when combined with virtual Z rotations. We
select a gate duration and task the DRL agent with dis-
covering high-fidelity PWC waveforms with eight time
segments, constituting a total 16-dimensional optimization
when accounting for freedom in both the I and Q channels
defining the microwave pulses. Our target is to achieve
gates with reduced duration and enhanced error robust-
ness relative to a default 36-ns analytic DRAG [20] pulse
calibrated through a daily routine that is inaccessible to us.

We select two target gate durations informed by
hardware constraints to serve as illustrative examples.
First, we choose a PWC pulse with a total duration 28.4
ns, 20% shorter than the default, because the default
gate performance is near the T1 limit and leaves only
approximately 20%–30% maximum achievable perfor-
mance enhancement in base gate fidelity. Next, we select
a gate, which is 12.4 ns, or approximately 3× shorter
than the default in order to probe the ability of the DRL
agent to suppress leakage arising from fast pulses with
spectral weight overlapping higher-order transitions. See
Appendix A for further details on the reward and cost
function in use.

The results of DRL gate optimization executed on a
superconducting quantum computer called ibmq_rome are
shown in Fig. 2. We evaluate the performance of the gate
implementation by utilizing Clifford randomized bench-
marking (RB) [52], which provides an estimate of average
error per gate (EPG). The 24 Clifford gates used in RB
are generated using the Rx(π/2) gate together with vir-
tual Z rotations in a U3 decomposition, and sequences
are constructed using a custom compiler allowing incor-
poration of arbitrary gate definitions into RB sequences.
See Appendices A3 and A4 for additional details regard-
ing the single- and two-qubit randomized benchmarking
protocols.

In Fig. 2 we see that the 28.4-ns optimized pulse
achieves an EPG 3.7 × 10−4, approximately 1.25x lower
than the default and consistent with expectations based on
T1 limits. Further, we observe reduced variance of individ-
ual sequence performance about the mean (indicated by
colored shading), consistent with additional suppression of
coherent errors [9,53,54]. The performance of the 12.4-ns
optimized pulse is comparable to the default, despite being
3× faster, indicating that leakage errors can be suppressed
via appropriate definition of the DRL reward function.
Naively, one may expect that with unlimited controllabil-
ity the effect of coherent leakage may be eliminated and
T1-limited performance achieved by optimal shaping of the
pulse envelope. In reality, effective-bandwidth limitations
reduce the efficacy of pulse shaping in suppressing leakage
errors for the shortest waveforms.

We have also observed approximately 2.13× lower
errors in RB using 28.4-ns gates defined via a black-box
closed-loop optimization. At this stage we are not able to
distinguish whether this difference is due to the underly-
ing method of gate optimization or the fact that a different
machine was employed for these tests.

We examine the robustness of both DRL-defined gates
by comparing the achieved EPG from RB for the same
gates applied on different days. The default gates are
recalibrated daily and can show amplitude variations on
the order of several percent. Such recalibrations include
waveform scaling of the form Sa[I(t) + SpiQ(t)], where
Sa, Sp are the amplitude and phase scaling factors and
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FIG. 2. Rx(π/2) DRL optimization on the IBM device Rome. (a) The pulse waveform for the IBM default 36-ns pulse, and (b)
associated gate error estimation via randomized benchmarking. Here, shading indicates the spread of individual sequence survival
probabilities and an exponential fit is produced to the mean of the distribution for each sequence length, from which the EPG is
extracted. (c),(d) Results of DRL optimization for a 28.4-ns pulse, and (e),(f) an ultrashort 12.4-ns pulse; colors indicate the two
quadrature microwave channels. Both report minor improvements in estimated gate fidelity; see text for discussion. In (d),(f) only
the best fit decay curve and shading over individual sequences is shown for clarity. (g),(h) RB-based demonstration of robustness for
DRL optimized pulses versus the daily calibrated IBM pulses. Black markers show the RB performance of the daily calibrated default
and colored markers indicate (g) the 28.4-ns optimized pulse and (h) the 12.4-ns optimized pulse. Both DRL optimized pulses are
defined on day zero and repeated without additional calibration on subsequent days while the IBM default pulses presented are the
daily calibrated pulses. For each day an estimation of the T1 contribution to the error is plotted using red bars, based on the tabulated T1
provided by IBM. On a daily basis, the DRL pulses have up to 1.25x lower error than the daily calibrated IBM pulses and performance
fluctuations closely track the daily performance of the IBM pulses and T1 limits. DRL pulses remain within a band of natural hardware
fluctuations near the T1 limit up to 2 weeks past gate definition.

frequency tuneup; fixed waveforms are used in each
experiment involving DRL-defined gates without wave-
form recalibration.

Both gates achieve consistent performance relative to
the default gates over a period up to 2 weeks, with mea-
sured EPG closely tracking fluctuations in the measured
hardware T1; see Figs. 2(g) and 2(h). By contrast, in previ-
ous experiments we observe that default gates on compara-
ble hardware could vary substantially after approximately
12 h elapsed since last calibration [9]. These findings
suggest that while temporal robustness was not explic-
itly included in the reward function, the agent may have
discovered robustness as the underlying hardware varied
during the training process.

For the two-qubit gate, we implement the ZX (−π/2)

gate using an entangling cross-resonance pulse [32,55–61]
on the control qubit. The default gate implementation
applies a “square-Gaussian” cross-resonance pulse in an
echolike sequence [35,62,63], and a simultaneous cancel-
lation tone applied to the resonant drive of the target qubit

in order to compensate for direct classical cross-talk, see
Fig. 3(b). We employ the same base structure and ask
the DRL agent to find ten-segment PWC waveforms (20
dimensions over I and Q) for the cross-resonance interac-
tion without application of an additional cross-talk cancel-
lation tone. Here we directly compare the DRL procedure,
which builds a gate from scratch, to a black-box gate opti-
mization using an autonomous simulated annealing (SA)
algorithm, and seeded with the initial calibrated default
gate. While DRL can be considered as a black-box opti-
mizer, in this paper we differentiate between algorithms
that use only the value of the cost function and DRL, which
collect intermediate information that is not directly related
to the target operation.

We first compare gate performance using a repetition
scheme in which the same gate is applied multiple times
and fidelity estimated; see Appendix A5 for more details
regarding the gate-repetition protocol. Results in Fig. 3
show that with both methods, the optimized pulses out-
perform the default pulses with up to 2.38× reductions in
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FIG. 3. Optimization of multiqubit ZX (−π/2) entangling gates on IBM device Casablanca, benchmarked against a black-box
closed-loop optimization routine. (a) Infidelity measurement for circuits consisting of different numbers of gate repetition for the
IBM default and DRL optimized gate. For each number of repetitions we perform five experiments on each of two different initial
states |00〉 and |10〉. Approximate gate error is extracted from the slope of infidelity with gate repetition. (Upper inset) Schematic of
the optimization cycle. (b),(c) The programmed control waveforms for the (b) IBM default and (c) DRL optimized ZX (−π/2) gates.
Note that channel d1, used as a cancellation tone in the IBM default is not used in the optimized gate. (d)–(f) Similar plots to (a)–(c) as
achieved via simulated annealing on the same IBM hardware. The derived benefit using simulated annealing is similar to DRL, show-
ing 200% improvement over the IBM default gate. These initial performance calibration measurements are performed approximately
48 h after initial gate design due to hardware-access constraints and comparison is made to the most recently updated default gate.

error per gate, achieving a gate fidelity > 99.5%. These
results show that both agents are able to identify superior
ZX (−π/2) gates without the need for use of a cancellation
tone on channel d1, shown in Figs. 3(c) and 3(f), and that
we are able to avoid the potential pitfalls of the learning
procedure using DRL relative to a direct fidelity optimiza-
tion. Optimizations and comparisons to the default were
performed on different days (due to access limits), result-
ing in variation between calibrated default gate definition
and absolute performance.

In a manner similar to the single-qubit robustness stud-
ies, we have also seen that DRL optimized ZX (−π/2)

gates outperform the default even up to 25 days since
optimization with � 2× lower error, again with no recal-
ibration or tuning; see Fig. 4(a). As another measure,
we construct a CNOT gate from the optimized ZX (−π/2)

gate and compare it to the default CNOT using interleaved
randomized benchmarking (IRB) [64]. The absolute IRB
gate infidelities achieved and the relative improvements of

approximately 1.25 − 1.7x vary with machine in use and
time (as T1 can fluctuate substantially), but optimized gates
consistently outperform the default across multiple metrics
and over long delays since calibration. For the example of
testing 25+ days post calibration shown in Fig. 4(b), we
achieve a DRL optimized CNOT gate fidelity > 99%.

Finally, we demonstrate that DRL can be used to directly
optimize the SWAP gate in situ. The SWAP gate involves
sequential application of three CNOT gates, built in turn
from ZX (−π/2) entangling operations and single-qubit
unitaries. We maintain this overall decomposition but cre-
ate a new reward function for the DRL algorithm as
follows. We apply the full SWAP schedule with varying
repetition values ri on initial states | + 0〉 and | + 1〉,
and average the different state fidelities which we extract
from a full state tomography. Again we are able to see
improvements in the SWAP gate fidelity through both
direct repetition and interleaved randomized benchmark-
ing. Using DRL optimization on ibmq_bogota, we achieve
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FIG. 4. Robustness and circuit-level implementations of DRL-optimized two-qubit gates. (a) Repetition measurements taken
immediately after optimization (dotted lines) and 25 days following optimization. The default gate has been recalibrated but the
DRL-optimized gate remains unchanged over 25 days. (b) Interleaved randomized benchmarking comparisons at 25 days post-DRL
optimization. Here, circles represent standard RB sequences and triangle sequences interleaved with CNOT. The shading represents the
gap between the overall sequence and the CNOT constructed from the default or optimized ZX (−π/2). The reduced purple shaded area
indicates improved performance relative to the default. (c) Repetition and (d) IRB for a DRL optimized SWAP gate constructed from
three CNOTs [inset, (c)].

up to 1.45× improvement in the achieved interleaved
randomized benchmarking error per gate.

IV. CONCLUSIONS AND OUTLOOK

In this work, we have shown the benefits of using deep
reinforcement learning for the autonomous experimental
design of high-fidelity and error-robust gatesets on super-
conducting quantum computers. We demonstrated that by
manipulating a small set of accessible experimental con-
trol signals, our method was able to provide low-level
implementations of novel quantum gates based only on
measured system responses without requiring any prior
knowledge of the particular device model or its underly-
ing error processes. The entire gateset was validated to
outperform the best alternatives.

We first constructed single-qubit Rx(π/2) gates, which
outperform the IBM default gate in RB with up to a 3×
reduction in gate duration and robustness against common
system drifts. We then constructed novel implementations
of the entangling ZX (−π/2) gate, which show up to
approximately 2.38× lower infidelity, achieving FZX >

99.5%. With these two driven gates, we used randomized
benchmarking techniques to validate a complete univer-
sal gateset with performance superior to hardware defaults
even weeks past last calibration.

We conclude that DRL is an effective tool for achieving
error-robust gatesets, which outperform default, human-
defined operations by capturing unknown Hamiltonian
terms through direct interaction with experimental hard-
ware, and without the need for onerous Hamiltonian
tomography methods. Moreover, we have validated that
even in the face of restricted access to measurement data,
DRL can effectively design useful novel controls. We
expect that in circumstances allowing better access to
measurement data, the richness of DRL may allow the

construction of gate implementations, which are out of
reach for simpler cost-function minimization methods.

Looking forward, we believe these results validate
DRL’s utility for directly improving the performance of
small-to-medium-scale algorithms, beyond individual gate
operations. For instance, it may be beneficial to directly
optimize frequently employed circuit elements outside
of the underlying universal gateset [65,66]. Our early
experimental exploration of the SWAP gate suggests that
additional optimization benefits may be achieved through
autonomous gate optimization in situ, in order to effec-
tively capture additional transients and context-dependent
error sources that arise at the circuit level. We look for-
ward to future work extending the applicability of DRL to
deliver further algorithmic advantages across a variety of
quantum-computing applications.
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APPENDIX A: METHODS

In this section we briefly summarize the parameters and
procedures we used to produce the results in the main text.

1. Single- and two-qubit measurement protocols

The measurement protocols we employ to observe the
system state are based on the concepts of quantum-state
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tomography; see Fig. 1(d) in the main text. For optimiza-
tion of the single-qubit RX (π/2), we prepare and measure
qubits in the three different Pauli bases, and also measure
population leakage beyond the computational subspace of
the transmon qubit. For the two-qubit ZX (−π/2) entan-
gling gate, we perform full tomography of the compu-
tational basis by collecting nine measurements in order
to evaluate the expectation values of all Pauli strings.
The measurement protocol is repeated to build projective-
measurement statistics, and several different initial states
are chosen in order to specify the gate uniquely. For all
gates the state of the system is represented by a real vector
of expectation values. We find that this approach provides a
sufficiently reliable approximation of the state and system
dynamics.

In addition to state observation we must explicitly cal-
culate the reward at the end of an episode. To do this the
fidelity is estimated as an element of the reward at the
end of full episodes, i.e., after the full implementation of
the candidate gate, and thus occurs with the number of
episodes, Nep. We evaluate fidelity relative to the target
operation by acting on each initial quantum state of the
qubits with a variable number of gate repetitions. The final
fidelity of the waveform is then estimated as a weighted
mean of the different repetitions applied to the different ini-
tial states; see Fig. 1(e) in the main text. The set of initial
states and the number of gate repetitions are chosen such
that the gate operation is uniquely tested and the cost or
reward function captures the theoretical error of the uni-
tary operation. This repetition-based measurement scheme
serves to amplify the gate error in order to overcome the
so-called state preparation and measurement (SPAM) error
endemic to real hardware, and estimated at approximately
4% in the hardware we employ. Combining fidelity esti-
mates produced for different numbers of gate repetitions
also averages over pathological contextual errors that arise
in experimental hardware as circuit lengths vary.

2. Reward functions for single-qubit gate

In order to evaluate the complete gate performance we
repeat the candidate implementation of Rx(π/2) a variable
number of times ri. First, we perform a full state tomog-
raphy in the computational space to find the fidelity with
respect to the ideal target state F (qubit)

ri . We then calculate
the population of the second level, � = P(|2〉), and rescale
the fidelity F (qutrit)

ri = F (qubit)
ri

/
(1 + �2). The reward func-

tion is then calculated as a weighed mean of the different
repetitions; see Fig. 1(d) and 1(e) in the main text.

3. Single-qubit RB

For the single-qubit case we use a customized RB mod-
ule, which generates the 24 single-qubit Clifford gates
using only virtual Z rotations together with a given
Rx(π/2) (optimized or default) and construct arbitrary RB

sequences out of these gates. The data in the main text
consist of 18 sequence lengths up to a maximal sequence
length of 2280 Clifford gates. For each sequence length
we generate 20 random sequences and repeated each 1024
times in order to estimate the survival probability. The
mean (over random sequences) of the survival probabil-
ity F is then fitted against the sequence length m to the
following functional form: F = Aαm + B. Since the error
per gate is related to the α parameter and since the A, B
parameters capture device effects such as SPAM, we first
fit all three parameters, both for the default and for the opti-
mized pulse. Then, we refit for α with fixed values of A and
B, which we set to the mean of the unconstrained values.
The error per Clifford is then given by r = (1 − α)/2 and
the error per gate is 6r/7 as the chosen set of the 24 single-
qubit Clifford gates contains 28 appearances of Rx(π/2),
meaning 7/6 Rx(π/2) per Clifford.

4. Two-qubit RB and IRB

For evaluating two-qubit gates we employ the Qiskit
package both for RB and IRB. The IRB procedure involves
comparing two survival-probability decay curves (each
averaged over randomizations) in order to extract an effec-
tive EPG for the target CNOT in isolation [64]. The RB
protocol uses only default gates while IRB interleaves a
target gate under test with default-implemented Clifford
gates. The data in the main text consists of ten sequence
lengths up to a maximal sequence length of 90 Clifford
gates for the CNOT testing and up to 65 Clifford gates for
the SWAP testing. Similar to the single-qubit case, for each
sequence length we generate 20 random sequences and
repeat each 1024 times in order to estimate the survival
probability. The relevant α parameter is estimated from the
IRB data using a fitting technique similar to the one used
for single-qubit RB.

5. Repetition-based gate characterization

In these experiments we fit the mean infidelity versus
the number of gate repetitions N , separate from the rep-
etitions employed in evaluating the reward function. For
each value of N we average over five experiments applying
the gate under test N times on one initial state, and repeat
for a different initial state. For the ZX gate testing the ini-
tial states are |00〉 and |10〉 and for the SWAP gate testing
| + 0〉 and | + 1〉. After each run, a full state tomography
is performed and the infidelity with respect to the ideal tar-
get state is calculated. An effective measure of error per
gate is extracted by applying a linear fit to the average infi-
delity as a function of N , which provides a measure of the
gate error in the low error limit (as cross validated using
IRB).
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APPENDIX B: REINFORCEMENT LEARNING
ALGORITHM

An overview of the DRL process we described in the
main text and employed to perform experimental gateset
design is featured in Algorithm 1.

The DRL algorithm used for the gate optimizations in
this paper is an on-policy algorithm from the policy gradi-
ent family with a stochastic policy and a discrete action
space. It is a variant of the well-known Monte Carlo
policy gradient algorithm, REINFORCE [67]. A param-
eterized policy πθ is iteratively updated to maximize the
discounted episodic return, J (θ) = Eτ∼πθ (τ)[R(τ )]. It does
so by directly estimating the objective’s gradient with
respect to the policy parameters θ , and then performs a
policy update using the Adam [68] optimization algorithm,
which is chosen due to its overall effectiveness in dealing
with nonconvex and slowly changing objective landscapes.

It can be shown that

∇θJ (θ) = Eτ∼πθ (τ)[∇θ log πθ(τ )R(τ )] (B1)

= Eτ∼πθ (τ)

[ Nseg∑

k=1

∇θ log πθ(ak|sk)R(τ )

]
, (B2)

where R(τ ) holds the total discounted return for an episode
under trajectory τ . This expectation can be efficiently esti-
mated by averaging over a batch of concurrent episodes.
This overall learning process has the advantage of being
straightforward, not requiring nor forming a model of the
learning environment, and having sufficient computational
efficiency to be effective for gate optimization.

Require: Initial policy parameters θ
1: for episode = 1, 2, . . . , Nep do
2: for each initial state j = 1, 2, . . . do
3: Choose first action according to πθ(a0|s0) {sk =

state tomography after k steps}
4: for k = 1, 2, . . . , Nseg do
5: Initialize the quantum state of the qubit(s) |ψ0,j〉
6: Evolve the state by the first k segments
7: Measure and estimate the qubit(s) state sk

8: Choose next action according to πθ(ak|sk)
9: Store trajectory (sk−1, ak−1, sk)

10: end for
11: for p in repetitions do
12: Repeat the final pulse p times
13: Measure, compute and store state fidelity
14: end for
15: end for
16: Compute reward based on state fidelities
17: Update the policy’s parameters θ
18: end for

Algorithm 1. DRL training loop.

Require: Batch of {τb}B
b=1 trajectories from latest episode

Require: Policy network parameters: θ
Require: Discount factor: γ ∈ [0, 1]
Require: Current learning rate, and decay rate: α, δ
1: for k = 1, 2, . . . , N do
2: Discount rewards: Rb[k] =

∑N
i=k rb,iγ

N−i

for each b = 1, 2, . . . , B
3: end for
4: Estimate ∇θJ ≈ 1

B

∑B
b=1 ∇ log(πθ(τb)) · Rb as Eqn. B1

5: Perform an Adam update step on θ using ∇θJ
6: if α > αmin then
7: Perform learning rate decay: α ← δα
8: end if

Algorithm 2. Policy network training step.

The agent’s policy πθ provides actions, which change
the agent’s state within the environment. Each action con-
sists of amplitude and phase values, with a sequence of
Nseg actions constructing a full PWC control pulse. The
policy is represented by a feedforward network with one
tanh activated hidden layer and a softmax output layer. For
the single-qubit case, a hidden layer of size 10 is used,
and for the two-qubit case, the size is 18. The softmax
output layer provides a probability distribution over the
discrete action space, which is then sampled to select the
next concrete action to take in the environment.

The agent’s policy is updated at the end of each episode,
using a batch of trajectories collected throughout the
episode. The training step is summarized in Algorithm 2,
and is considered on policy, since the actions used for
the update are generated by the agent using its current
policy, as opposed to a previous policy or an ε-greedy ver-
sion of πθ . In our use case, a trajectory τ consists of a
sequence of pulse segments applied, the tomographic state
measurements, and the fidelity-based reward received after
completion of the pulse construction at the conclusion of
an episode.

The policy updates work to maximize Eq. (B1). Prac-
tically, these updates are determined by computing the
policy network loss, which is the negative cross entropy
between the predicted probabilities for each possible action
and the chosen actions throughout the episode, weighted
by the episode’s discounted rewards. This is then mini-
mized using the Adam optimizer using default parameters.
By minimizing the loss, or equivalently maximizing the
log likelihood, the network is encouraged to assign higher
probabilities to actions, which previously led to larger
episodic returns.

APPENDIX C: FAST SIMULATED ANNEALING

In the main text we explored the performance of an
automated fast simulated annealing algorithm, Cauchy
machine, in optimizing a two-qubit gate on the IBM
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FIG. 5. Additional data on simulated-annealing closed-
loop optimization. (a)–(c) Optimization of Rx(π/2) gate on
ibmq_rome. The optimized pulse (b) is 20% shorter than the
IBM default (a) and has 2.13× lower gate error as measured
using RB (c). (d),(e) Optimization of ZX (−π/2) and composite
CNOT on ibmq_bogota. Both repetitions (d) and IRB (e) show
approximately 2× improvement in the gate error compared to
the default gate, consistent with previous data sets appearing in
the main text. Absolute error rates for the ibmq_bogota device
appeared consistently higher than other machines tested.

machine. Here we provide details about the SA optimiza-
tion process and present additional results of an Rx(π/2)

gate optimization on ibmq_rome and an optimization of
ZX (−π/2) on ibmq_bogota. The results of the optimiza-
tion processes appear in Fig. 5.

For the SA optimization process, no intermediate infor-
mation is collected and the evaluation of the full gate

Require: Initialize temperatures T cost
0 , T amp

0 , T phase
0

Require: Initialize amplitudes (Ai) and phases (φi) to the
default values

1: for step = 1, 2, . . . do
2: Draw an amplitude scale: δA = Ch(0, T amp) {Ch is a

Cauchy distribution}
3: Draw a phase scale: δφ = Ch(0, T phase)
4: Draw two unit vectors ui, vi

5: Shift the amplitudes Atemp
i = Ai + uiδA

6: Shift the phases φtemp
i = φi + viδφ

7: Calculate candidate cost C = cost(Atemp, φtemp)
8: if C < Cbest then
9: Accept candidate

10: else
11: Accept candidate with probability F Cbest−C

T cost

) {F is
the acceptance distribution}

12: end if
13: Update the three temperatures: T = T0

1+step
14: end for

Algorithm 3. SA training loop.

performance is performed with the same reward function
we used in the RL optimization to estimate the full
gate implementations, i.e., a weighed mean of the state
fidelities. The starting point of the SA algorithm is
the device default for the gate we wish to optimize.
The general SA optimization process is summarized in
Algorithm 3.
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