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ABSTRACT

The design of high-fidelity quantum gates is difficult because it requires the op-
timization of two competing effects, namely maximizing gate speed and minimizing
leakage out of the qubit subspace. We propose a deep reinforcement learning algo-
rithm that uses two agents to address the speed and leakage challenges simultaneously
on superconducting transmon qubits. The first agent constructs the qubit in-phase
control pulse using a policy learned from rewards that compensate short gate times.
The rewards are obtained at intermediate time steps throughout the construction of
a full-length pulse, allowing the agent to explore the landscape of shorter pulses. The
second agent determines an out-of-phase pulse to target leakage. Both agents are
trained on real-time data from noisy hardware, thus providing model-free gate design
that adapts to unpredictable hardware noise. To reduce the effect of measurement
classification errors, the agents are trained directly on the readout signal from probing
the qubit. We present proof-of-concept experiments by designing X and square root
of X gates of various durations on IBM hardware. After just 200 training iterations,
our algorithm is able to construct novel control pulses up to two times faster than the
default IBM gates, while matching their performance in terms of state fidelity and
leakage rate. As the length of our custom control pulses increases, they begin to out-
perform the default gates. Improvements to the speed and fidelity of gate operations
open the way for higher circuit depth in quantum simulation, quantum chemistry and
other algorithms on near-term and future quantum devices.
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Chapter 1

Introduction

1.1 Motivation

Quantum computers promise to spur advancements in industries ranging from medicine

to finance through simulation of chemical reactions, new cryptographic protocols and

many other novel algorithms. Performing reliable quantum computations at a large-

scale requires controlling quantum systems subject to hardware noise and fabrication

variability [1]. Error-correcting protocols [2] can protect quantum information against

some errors but their implementation relies on high-quality quantum gate operations.

The fidelity of gates suffers due to long control pulse times leading to decoherence.

Decoherence can be reduced by creating faster gates but these cause excitations out

of the computational subspace. Leakage out of the computational subspace is of

particular concern as it requires substantial additional resources to correct and can

significantly impact the threshold of certain error correction protocols [3–6]. Thus,

engineering faster and higher-fidelity gates is of timely importance.

Optimal and robust control strategies for gate design have been shown to increase

the fidelity of quantum operations [7, 8]. However, these techniques are mostly ana-

lytic [8–12] or based on numerically simulated environments [7, 13–18] thus they re-
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quire precise physical and noise models of the hardware. Even model-free approaches

such as gradient-based optimizations [7, 17, 18] and genetic algorithms [19] require

complex calculations that make them better suited to training on simulations rather

than real quantum hardware. Simple parameter optimizations like Optimized Ran-

domized Benchmarking for Immediate Tune-up (ORBIT) [20] may also be used, but

do not lead to novel control pulse shapes. The quality of all these control pulses

also suffers due to time-dependent changes in the processor parameters. Frequent

calibration to combat these fluctuations is costly and even when properly calibrated,

the control pulse shapes are sub-optimal and allow for errors. In large-scale quantum

processors, the difficulty of completely characterizing the system along with other

engineering constraints inhibit the use of model-based control techniques.

Reinforcement learning [21–23] is an alternative approach for gate design which

operates without prior knowledge of the hardware model. Reinforcement learning

and its variants have been applied to myriad quantum control problems using nu-

merical simulated environments [24–41]. Such set-ups demonstrate the potential of

reinforcement learning, but suffer from the same modelling constraints as other meth-

ods. Recently, a few experiments have been carried out using reinforcement learning

directly on noisy hardware [42,43]. As well, advancements in control hardware using

custom built field-programmable gate arrays (FPGAs) have opened the possibility

for real-time feedback control to speed up the learning process [42].

This thesis is motivated by the short-comings of existing gates on quantum com-

puters, the demonstrated success of reinforcement learning to solve quantum control

problems, and the new opportunities for real-time feedback on noisy quantum hard-

ware.
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1.2 Overview

In this thesis, we present a deep reinforcement learning algorithm to design fast

quantum gates with built in error-mitigation specifically targeting leakage errors in

superconducting transmon qubits. We use two agents to address the competing effects

of maximizing gate speed and minimizing leakage out of the qubit subspace. The first

agent constructs the qubit in-phase control pulse using a policy learned from rewards

that compensate short gate times. The second agent determines an out-of-phase pulse

to target leakage. Our algorithm has several advantages over existing proposals for

gate design including:

1. enabling design of faster gates by rewarding intermediate steps in the pulse,

2. reducing the impact of measurement errors by training directly on the readout

signal rather than classifying the state,

3. mitigating leakage and creating fast gates simultaneously with a dual agent

architecture,

4. speeding up training using low measurement overhead and real-time feedback,

and

5. accounting for realistic noise in the quantum processor by training directly on

hardware.

We also pre-train our agents with the default gates calibrated on the quantum hard-

ware so our initial control policy captures information about the system.

We conducted proof-of-concept experiments by running our algorithm on an IBM

superconducting quantum computer. We optimized X and
√
X gates of various
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durations for state preparation from the ground state. After just 200 training iter-

ations, our agent created gates up to two times faster than the IBM default gates

while matching its performance in other metrics. Our results show that our algo-

rithm can be used to design fast quantum gates on superconducting hardware. The

proof-of-concept demonstrated single-qubit operations, but our algorithm can easily

be extended to two-qubit gates by modifying the reward function and state space to

complete a universal gateset. Our algorithm can also be applied to other quantum

computing hardware such as trapped ions, quantum dots, or neutral atoms with ob-

vious modifications (e.g. photon counts and laser pulses for trapped ion quantum

computing [44]).

This thesis is organized as follows:

Chapter 1 motivates the problem of fast quantum gate design and gives an overview

of the thesis.

Chapter 2 provides an introduction to quantum information processing and super-

conducting quantum computers.

Chapter 3 gives an overview of analytic and numerical methods for quantum gate

design, introduces the reinforcement learning algorithm, and provides a review of

related works.

Chapter 4 describes our deep reinforcement learning algorithm for fast quantum

gate design in detail.

Chapter 5 describes our results from proof-of-concept experiments with X and
√
X

gates.

Chapter 6 explains how our algorithm can be extended to two-qubit gates and other

hardware platforms.

Chapter 7 gives conclusions and provides avenues for future work.
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Chapter 2

Background

We begin this chapter by introducing the concept of quantum information processing.

We then describe the implementation of quantum information processing operations

on superconducting quantum hardware. In the final section of this chapter, we provide

a short introduction to the Qiskit Pulse library for programming quantum control

hardware.

2.1 Quantum information processing

Quantum information processing refers to the manipulation, transmission, and stor-

age of data contained in quantum systems. The fundamental unit of quantum in-

formation processing is a two-level quantum system called a qubit. A qubit can be

represented as a unit vector |ψ⟩ in a Hilbert space H ≃ C2 = span{|0⟩ , |1⟩}. A register

of n qubits lies in the tensor product Hilbert space H⊗n. Information stored in qubits

can be manipulated to perform computations inaccessible to classical computers [1].

The general steps of gate-model quantum computation are:

1. initialization, usually into the ground state |0⟩,

2. computation represented by unitary operations, and
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3. readout via projective measurement in the computational basis.

In the language of quantum computing, the unitary operations are called gates. In

this thesis, we focus on engineering gate operations to perform high-quality quantum

computations. The Pauli operators

X = σx =

0 1

1 0

 , Y = σy =

0 −i

i 0

 , Z = σz =

1 0

0 −1

 (2.1)

form a basis for single-qubit operations. An arbitrary single-qubit state (ignoring

global phase) can be generated from the ground state using the identity gate I and

the Pauli rotation gates

RX(α) = exp
(

−iα2 σ
x
)
, RY (β) = exp

(
−iβ2σ

y

)
, RZ(ϕ) = exp

(
−iϕ2σ

z

)
. (2.2)

We also consider an entangling operation

CX =



1 0 0 0

0 1 0 0

0 0 0 1

0 0 1 0


(2.3)

called a controlled-NOT or CX gate. The action of the CX gate on a two qubit

system is

CX |0⟩ ⊗ |0⟩ = |0⟩ ⊗ |0⟩ , CX |0⟩ ⊗ |1⟩ = |0⟩ ⊗ |1⟩ , (2.4)

CX |1⟩ ⊗ |0⟩ = |1⟩ ⊗ |1⟩ , CX |1⟩ ⊗ |1⟩ = |1⟩ ⊗ |0⟩ .

The set {RX(α), RY (β)} for all angles α, β can be used to construct all possible
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one-qubit unitary operators (apart from a global phase). Together with CX gates

connecting all nearest-neighbour qubits, this set is said to be universal in that it

allows the construction of all possible n-qubit unitaries (For a proof see Section 4.5

of [45]).

Because it is challenging to implement arbitrary qubit operations on quantum

hardware, a fixed set of gates is used. Current IBM hardware uses the following

gateset {RZ(ϕ), X,
√
X,CX}. To see that this gateset is universal, consider the

relations

RX(α) = RZ

(
π

2

)√
XRZ(α + π)

√
XRZ

(
π

2

)
(2.5)

and

RY (β) = RZ

(
π

2

)
RX(β)RZ

(
−π

2

)
. (2.6)

Thus, we have arbitrary single-qubit rotations and can generate entanglement with

CX gates. In this thesis, we aim to improve the implementation of the gates in this

universal gateset on superconducting quantum computers.

2.2 Superconducting quantum computers

Superconducting quantum computers are one realization of a quantum information

processing unit. They are built with transmon qubits, formed of the lowest two energy

levels in the quantized spectrum of a superconducting circuit [46]. In the following

section, we describe the physics of transmon qubits and we explain their control and

measurement.
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2.2.1 The transmon qubit

To understand the physics of the transmon qubit, it is useful to first understand the

dynamics of an LC circuit. An LC circuit (Figure 2.1a) is composed of an inductor L

in parallel with a capacitor C. The energy in the circuit oscillates between magnetic

energy in the inductor and electric energy in the capacitor. The instantaneous, time-

dependent energy in each element is

E(t) =
∫ t

−∞
dτ V (τ)I(τ) (2.7)

where V and I denote the voltage and current of the capacitor or inductor. The flux

Φ(t) =
∫ t

−∞
dτ V (τ) (2.8)

is a generalized coordinate of the circuit and can be associated with the canonical

position to derive the system Hamiltonian. Using the circuit relations

V = L
dI

dt
I = C

dV

dt
(2.9)

we obtain the energy in the capacitor and inductor

TC = CΦ̇2

2 UL = Φ2

2L (2.10)

in terms of flux. The Lagrangian for the system is thus

L = TC − UL = CΦ̇2

2 − Φ2

2L . (2.11)
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As well, the momentum conjugate to flux is the charge on the capacitor

Q = dL
dΦ̇

= CΦ̇. (2.12)

We can now find the system Hamiltonian via a Legendre transformation to give

H = QΦ̇ − L = Q2

2C + Φ2

2L . (2.13)

The Hamiltonian in eq. (2.13) is analogous to a mechanical harmonic oscillator with

mass m = C and frequency ω = 1/
√
LC. We promote the flux and charge to quantum

operators (indicated by a hat) which satisfy the commutation relation

[
Φ̂, Q̂

]
= ih̄ . (2.14)

Re-scaling to reduced flux ϕ = Φ̂/Φ0 using the magnetic flux quantum Φ0 = h/(2e)

and reduced charge n = Q̂/(2e) (and removing hats for ease of notation) gives the

harmonic oscillator Hamiltonian

H = 4Ecn
2 + 1

2ELϕ
2 (2.15)

where Ec = e2/2C and EL = (Φ0/2π)2/L. The eigenstates of the Hamiltonian labelled

|k⟩ for k = 0, 1, 2 . . . have equally spaced energies with gap Ek − Ek−1 = h̄ωr for the

resonant frequency ωr = 1/
√
LC as plotted in Figure 2.1c.

The equally-spaced energy spectrum poses a challenge for quantum information

processing because driving a transition at the |0⟩ ↔ |1⟩ resonant frequency also

induces transitions outside the computational subspace (i.e., to higher eigenstates

|2⟩ , |3⟩ , . . .). Replacing the inductor with a nonlinear superconducting circuit element

called a Josephson junction introduces the desired isolation of the qubit resonance
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frequency ωq = (E1 −E0)/h̄. A Josephson junction is formed of two superconducting

metals separated by a thin insulating barrier [47, 48]. Cooper-pairs (paired electrons

that form the superconducting state) can tunnel through this barrier in a quantum-

coherent way. This gives rise to the Josephson relations describing current and voltage

across the barrier:

I = Ic sin(ϕ) V = h̄

2eϕ̇ , (2.16)

Here Ic is the junction critical current, the maximum current that can flow without

resistance across the barrier. These lead to the modified Hamiltonian

H = 4Ecn
2 − EJ cosϕ (2.17)

where EC = e2/(2C) (C = Cs + CJ is the sum of the shunt capacitance and the

self-capacitance of the junction) and EJ = IcΦ0/(2π). The circuit and its quantized

energy spectrum are depicted in Figures 2.1b and 2.1d. The dynamics of the qubit

are governed by the ratio EJ/EC . Transmon qubits are engineered to have EJ ≫ EC

by using a large shunt capacitance Cs ≫ CJ [46]. For small fluctuations in phase,

we expand the potential energy term in a power series to achieve an anharmonic

oscillator with quartic perturbation (Duffing oscillator)

H = 4Ecn
2 − 1

2EJϕ
2 + 1

24EJϕ
4 + O(ϕ6) . (2.18)

Using creation and destruction operators n = −inzpf (a− a†) and ϕ = ϕzpf (a+ a†) we

can re-write the Hamiltonian in a simpler form

H = ωqa
†a+ α

2 a
†a†aa , (2.19)

by approximating to the fourth order with [a, a†] = 1 and dropping terms due to
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the rotating wave approximation (RWA) (for details, see Section 2.2.2). The qubit

frequency is

ωq =
√

8EJEC − EC

h̄
(2.20)

and the anharmonicity is α = −EC , with EC ≪ EJ and |α| ≪ ωq. The quantities

nzpf =
(
EJ

32EC

)1/4
ϕzpf =

(2EC

EJ

)1/4
(2.21)

refer to the zero-point fluctuations of the charge and phase variables. Although the

Hamiltonian in eq. (2.19) contains higher energy terms, the ideal transmon qubit is

operated entirely in the ground state |0⟩ and first excited state |1⟩. Leakage refers

to undesirable transitions out of the {|0⟩ , |1⟩} computational subspace into higher

energy states such as |2⟩ , |3⟩, etc during computations. Even if the qubit returns to

the computational subspace, the temporary |2⟩ population during the gate operation

leads to an undesirable phase rotation [49]. It is hard to detect and correct leakage

errors [3–6]. In this thesis, we aim to control transmon qubits with minimal leakage.

2.2.2 Control of transmon qubits

In this section, we describe the control of transmon qubits. To carry out computa-

tions, transmon qubits are manipulated by applied AC voltages. A voltage drive line

is coupled to the qubit via a capacitor Cd as shown in Figure 2.2. Similar circuit

analysis to the previous section yields a drive Hamiltonian [46]

Hd = −i2eCd

C
nzpfVd(t)(a− a†) (2.22)



12

L

ϕ

C

(a) LC circuit.

CJ LJ

ϕ

Cs

(b) Transmon qubit circuit.

(c) Quantum harmonic oscillator spectrum. (d) Transmon qubit spectrum.

Figure 2.1: Circuit diagrams and plots of the quantized energy spectrum for an LC
circuit and a transmon qubit. The superconducting phase is denoted ϕ. Fig. (a) is a
circuit diagram for an inductor L in parallel with a capacitor C. Fig. (b) is a circuit
diagram for a transmon qubit formed of a Josephson junction (with inductance LJ

and capacitance CJ) and a shunt capacitor CS. Fig. (c) shows the quantized energy
spectrum of a quantum harmonic oscillator where the energy levels are spaced h̄ωr

apart. Fig. (d) shows the quantized energy spectrum of a transmon where the
Josephson junction introduces non-linearity in the energy levels. The ground state
and first excited state are separated by a distance h̄ωq. The orange underlay shows
the quadratic shape of the LC circuit spectrum before adding the Josephson junction.
Modified from Krantz et al. [46].
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where Vd(t) is an arbitrary voltage envelope. We define a control envelope

c(t) := 2eCd

C
nzpfVd(t) (2.23)

which absorbs the pre-factor. A useful form for c(t) is

c(t) =


cx(t) cos(ωdt) + cy(t) sin(ωdt) 0 < t < tg

0 otherwise
, (2.24)

composed of two independent quadratures cx(t) and cy(t) on a single drive frequency

ωd for the duration of the gate operation tg. Transforming to the frame of reference

that rotates with frequency ωd via the operator

R = exp
(
−iωdta

†a
)

(2.25)

yields

HR
d = R†HdR − ih̄R†Ṙ (2.26)

= c(t)
(
exp (−iωdt) a+ exp (iωdt) a†

)
. (2.27)

Finally, making the RWA by ignoring terms at high frequency (2ωd) gives

HRWA
d = cx(t)

2 (a+ a†) − i
cy(t)

2 (a− a†) . (2.28)

To clarify the role of the voltage drive, let us briefly consider the ideal two-level

regime. The creation and annihilation operators correspond to Pauli operators in the
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following manner:

σx = a+ a†, σy = −i(a− a†), σz = 1 − 2a†a . (2.29)

Adding in the free Hamiltonian from eq. (2.19) and dropping constants, we can write

the controlled transmon Hamiltonian as

HRWA = ωd − ωq

2 σz + cx(t)
2 σx + cy(t)

2 σy . (2.30)

Matching the drive frequency to the qubit frequency allows for arbitrary x- and y-

rotations. For example, by choosing ωd = ωq and c(t) such that

∫ tg

0
dt cx(t) = π (2.31)

and cy(t) = 0, we can create an X gate apart from a global phase

exp
(

−iπ2σ
x
)

= −iX. (2.32)

Similarly, by integrating the cx(t) control to π/2 we implement a
√
X gate. For fixed-

frequency transmon qubits (i.e., ωq is an intrinsic property set during fabrication),

arbitrary z-rotations are performed in software rather than hardware [50].

To take full advantage of quantum resources, some qubits are capacitively cou-

pled to generate entanglement. Transmon qubits are operated in the weak coupling

regime where the capacitance Cg is much less than the qubit capacitances C1 and C2.

Figure 2.3 depicts the circuit for a pair of coupled qubits. Circuit analysis leads to a
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CJ LJ Cs

Cd

− +

Vd(t)

Figure 2.2: A circuit diagram for transmon qubit capacitively coupled to a microwave
drive line characterized by a time-dependent voltage Vd(t).

CJ1 LJ1 Cs1

Cg

CJ2 LJ2 Cs2

Figure 2.3: A circuit diagram for two capacitively coupled transmon qubits
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Hamiltonian [46]

H =
∑

j=1,2

[
ωqj

a†
jaj + αj

2 a
†
ja

†
jajaj

]
− g(a1 − a†

1)(a2 − a†
2) (2.33)

for two interacting qubits, where the expression in brackets represents the Hamilto-

nian from eq. (2.19) for each qubit and g is the coupling strength. In the two level

simplification, this amounts to

H =
∑

j=1,2
−1

2ωqj
σz

j + gσy
1σ

y
2 . (2.34)

Driving the first qubit at the resonant frequency of the second qubit induces a rotation

on the second qubit conditional on the state of the first qubit. To see this, we

diagonalize the Hamiltonian using a Schrieffer-Wolff transformation. Let ∆12 = ωq1 −

ωq2 be the frequency difference between the qubits with g ≪ ∆12. The Schrieffer-Wolff

transformation applied to the external drives gives [51]

Hd,1 = c1(t) (σx
1 − ν1σ

x
2 − µ1σ

z
1σ

x
2 ) (2.35)

Hd,2 = c2(t) (σx
2 − ν2σ

x
1 − µ2σ

z
1σ

x
2 ) (2.36)

where

µ1 = g

∆12

α1

α1 + ∆12
(2.37)

µ2 = g

∆12

α2

α2 − ∆12
(2.38)

ν1 = g

α1 + ∆12
(2.39)

ν2 = −g
α2 − ∆12

(2.40)

and cj(t) is the control envelope for qubit j and αj is the anharmonicity of qubit j.
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A drive c1(t) at frequency ωd,1 = ωq2 on the first qubit induces a conditional

rotation σz
1σ

x
2 as well as an unconditional rotation σx

2 and a phase rotation σz
1 from

driving off-resonance. This type of drive is called a cross-resonance (CR(θ)) pulse

and was first developed in [52]. The angle of rotation

θ = −µ1

∫ tg

0
dt c1(t) (2.41)

depends on the voltage envelope. The unconditional single-qubit rotations can be

eliminated by an “echo” scheme consisting of four pulses – CR(θ/2) gate, X gate

on q1, CR(−θ/2) gate, X gate on the q1 – as proposed in [53]. The unitary matrix

realized by a CR(θ) pulse is

UCR(θ) = e−iθσz
1σx

2



cos θ
2 −i sin θ

2 0 0

−i sin θ
2 cos θ

2 0 0

0 0 cos θ
2 i sin θ

2

0 0 i sin θ
2 cos θ

2


(2.42)

By combining the CR(θ) pulse with appropriate single-qubit gates, we can create a

controlled X gate

CX = CR(−π/2)I
√
XRZ(π/2)I (2.43)

which is ubiquitous in quantum algorithms.

These simple models for qubit control and coupling provide a framework to discuss

the control of transmon qubits; however, they are insufficient to capture the stochastic

dynamics in an experimental setting. In particular, we cannot ignore higher energy

levels and we cannot assume the qubits are isolated from their environment. Over

time qubits return to the ground state and lose superposition due to interactions

with their environment in a process called decoherence. Longer gates suffer from
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decoherence, but imperfect operations lead to leakage errors, especially in shorter

pulses which excite the qubit abruptly. These competing effects are difficult to model

even without additional considerations such as errors in classical drive lines. In this

thesis, we propose to overcome these challenges with reinforcement learning which

does not require a model.

2.2.3 Measurement of transmon qubits

We now explain how to read out the state of transmon qubits after performing quan-

tum computations. The transmon qubit is coupled to a resonator for measurement

in the computational basis {|0⟩ , |1⟩}. Each transmon qubit circuit is coupled to a

superconducting coplanar waveguide resonator. The resonator can be modelled as a

harmonic oscillator which is capacitively coupled to the qubit (just as the two trans-

mon qubits were coupled to each other). The qubit-resonator Hamiltonian is given

by [54]

H = ωr

(
b†b+ 1

2

)
+ ωq

2 σ
z + g

(
(σx + iσy)b+ (σx − iσy)b†

)
(2.44)

where ωr is the resonator frequency, g defines the coupling strength, b†, b are the cre-

ation and annihilation operators for the resonator, and the Pauli operators σx, σy, σz

act on the qubit in the two-level approximation. In the dispersive regime ∆qr =

|ωq − ωr| ≫ g, the qubit frequency is far detuned from the resonator frequency com-

pared to the coupling strength. The interaction can be simplified with a change

of basis which eliminates the interaction to first order in g/∆qr. Using again the

Schrieffer-Wolff transformation, we diagonalize the Hamiltonian to get [51]

H = ωr

(
b†b+ 1

2

)
+ ωq

2 σ
z + g2

∆qr

σzb†b (2.45)

=
(
ωr + g2

∆qr

σz

)(
b†b+ 1

2

)
+
(
ωq

2 − g2

2∆qr

)
σz . (2.46)
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The first term encapsulates a qubit-state dependent shift in the resonator frequency.

The second term shows that the vacuum fluctuations in the resonator produce a shift

in the qubit resonance frequency (the analog of the atomic “Lamb” shift in quantum

electrodynamics).

The state of the transmon qubit is measured by driving the resonator frequency

with a microwave, and measuring the reflected or transmitted wave. It is convenient

to think of the driving microwave as a time-dependent force applied to a classical

harmonic oscillator (the resonator). Driving the resonator produces a response that

can be measured as a reflected (or transmitted) microwave signal given by

v(t) = A cos(ωmt+ γ) = Re
[
Aeiγe−iωmt

]
(2.47)

where ωm is the frequency of the microwave signal and γ is a phase shift. When

ωm = ωr, the driving microwave will be below resonance if the qubit state is in state

|0⟩, and above resonance if the qubit is in state |1⟩. Following the analogy with the

classical harmonic oscillator, we get γ ≈ 0 in the former case and γ ≈ π in the

latter. The signal is measured by means of homodyne detection [46] leading to an

observation vector that is comprised of time traces of the in-phase I and quadrature

Q components of the digitized signal

Aeiγ = A cos γ + iA sin γ = I + iQ . (2.48)

The state of the qubit can be inferred from the location of the signal in the (I,Q)-

plane. The separation between states is maximized when the resonator is probed

midway between the qubit-state dependent resonator frequencies [46]. However, on

noisy hardware, the locations often overlap in the (I,Q)-plane and a decision maker

such as a linear discriminant analyzer [55] is necessary to predict the state. The
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Figure 2.4: A plot of the (I,Q) readout signal for different qubit states (10000 shots
each) taken on IBM Lima April 12, 2023. Black circles indicate the mean and stan-
dard deviation of each cluster. The overlap between clusters shows the difficulty of
distinguishing between states.

outcomes of experimental quantum measurements generally have a Gaussian distri-

bution. The spread is due in part to quantum noise associated with the microwave

signal used to probe the resonator and classical noise in digital amplifiers as well as

intrinsic uncertainty required by the Heisenberg principle. For example, Figure 2.4

shows measurement data taken on the IBM Lima superconducting quantum com-

puter. In this thesis, we use the (I,Q)-signal directly as an input to our algorithm

rather than classifying the state to reduce the impact of measurement errors.
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2.3 Qiskit pulse

Quantum control hardware must be programmed to implement the voltage pulses and

measurements described in the previous sections. Qiskit is an open source framework

for programming quantum computers [56]. The Qiskit Pulse library allows pulse-level

control of quantum devices [57]. Users can specify the continuous time-dynamics

of operations and measurements. A pulse is a time-series of complex amplitudes

{am}Nsamp−1
m=0 called samples. Each sample in a pulse is mixed with a local oscillator

to give

Re
[
e−iωddtam

]
(2.49)

where the length dt of the time step is device dependent. For instance, the IBM Lima

superconducting quantum computer has dt = 0.22222 nanoseconds. The total gate

time is tg = Nsampdt (about 35.6 nanoseconds on IBM Lima for single-qubit gates).

The overall control signal

c(t) =


Re[am] cos(ωdt) + Im[am] sin(ωdt) if mdt ≤ t ≤ (m+ 1)dt

for m = 0, . . . , Nsamp − 1

0 otherwise

(2.50)

is sent along the drive line (called a channel in Qiskit Pulse) of the specified qubit. In

this thesis, we use Qiskit Pulse to define custom pulses for gate design experiments

on IBM quantum devices.
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Chapter 3

Optimal control for quantum gate

design

Quantum optimal control encompasses a set of analytic, numerical, and machine

learning strategies for achieving the goal of steering a quantum system from an ini-

tial state to a target state. In this chapter, we give an overview of existing analytic

and numerical quantum optimal control methods for gate design and argue that rein-

forcement learning is a better approach. We proceed by describing the reinforcement

learning algorithm. In the last section, we review other proposed reinforcement learn-

ing algorithms for quantum gate design.

3.1 Analytic solutions and numerical optimization

Existing strategies for quantum gate design can be divided into two categories: ana-

lytic solutions and numerical methods.

Analytic solutions for quantum control are generally difficult to find; however

some do exist [8–12]. These solutions may be found by analyzing simple models or

through more intensive procedures such as Lie group decomposition [58] which yields

exact results but involves decomposing the desired operation into a product of basic
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unitary operators and is often unfeasible for practical systems. For single-qubit gates

on superconducting devices, an analytic solution based on the Derivative Removal by

Adiabatic Gate (DRAG) formula [8] is the industry standard. Recall the form of the

control envelope in (2.24). A first-order DRAG gate starts with a Gaussian pulse

cx(t) = A exp


(
t− tg

2

)2

2σ2

−B (3.1)

on the first control quadrature where σ is the standard deviation, A is chosen such

that the correct rotation (e.g. π for an X gate) is implemented, and B enforces the

pulse to start and end at zero. To cancel out leakage, an additional derivative term

cy(t) = γċx(t) is employed on the second quadrature. Analytic solutions like DRAG

are easy to implement but are based on simplified models. Their effectiveness can

be improved by experimentally calibrating parameters such as the amplitude and

γ factor. In this thesis, we compare our experimental results to calibrated DRAG

gates [49]. For the remainder of the thesis, we refer to the calibrated first-order DRAG

gates in [49] as the “default gates” since they are used on IBM quantum devices.

Many attempts have also been made to develop improved control schemes using

numerical methods. Tools from classical optimal control theory including variational

methods (i.e., the Krotov approach [13]), the Pontryagin maximum principle [14],

and convergent iterative algorithms [15] have been extended to the quantum case [16].

Such gradient-free methods are useful for calibration or optimization when the control

pulses are defined by a limited number of free parameters but converge too slowly

for more complex problems. Gradient-based numerical methods such as Gradient

Ascent Pulse Engineering (GRAPE) [7], Gradient Optimization of Analytic conTrols

(GOAT) [17] and Chopped RAndom Basis (CRAB) [18] have also been proposed for

quantum gate design. The gradient is difficult to calculate in experiments because
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the cost function is noisy and may be discontinuous. As a result, control parameters

are determined in simulations requiring complete system modelling. The high com-

putational costs and the sub-optimality of controls designed using simplified models

contribute to the limited adoption of these numerical methods for engineering quan-

tum gates in realistic settings. For this reason, we do not compare our experimental

results to numerical optimization methods.

3.2 The reinforcement learning algorithm

Reinforcement learning is an alternative approach for optimal control that requires no

prior information about the system (i.e., it is model free). Reinforcement learning is a

machine learning algorithm wherein an agent interacts with a system and iteratively

updates a control policy based on its observations. The entire process is modelled as

a controlled Markov Decision Process (MDP). Let S ⊂ Rn be the space of states for

the system and U the set of possible actions. At each step, the system is in some

state sj ∈ S and the agent decides on an action uj ∈ U according to a policy. The

policy π(·|sj) is a conditional probability distribution over the possible actions in U

given the current state. The system moves into the next state sj+1 via a stochastic

transition kernel T (·|sj, uj). After observing the next state, the agent receives a

corresponding reward rj(sj, uj, sj+1). The objective of the controller is to maximize

the infinite-horizon discounted expected reward

Jβ(s0, π) = ET ,π
s0

 ∞∑
j=0

βjrj(sj, uj, sj+1)
 (3.2)

over the set of admissible policies π, where 0 < β < 1 is a discount factor, and ET ,π
s0

denotes the expectation for initial state s0 and transition kernel T under policy π.

The standard reinforcement learning algorithm is Q-learning [22]. Q-learning
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involves tracking the “value” of taking an action uj given the current state sj. The

Q-value is stored in a table indexed by states and actions. Given an initial table Q0,

the value of each state-action pair is updated according to the Bellman equation

Qj+1(sj, uj) = Qj(sj, uj) + αj(sj, uj)
[
r(sj, uj, sj+1) (3.3)

+ βmax
v∈U

Qj(sj+1, v) −Qj(sj, uj)
]

as the agent explores the environment [22]. The coefficient αj is a hyperparameter

called the learning rate and determines how quickly the agent adapts to changes in

the environment. Under mild conditions on the learning rate, the algorithm converges

to a fixed point denoted Q∗, which satisfies

Q∗(s, u) = E
[
r(s, u, s′) + βmax

v∈U
Q∗(s′, v)

∣∣∣∣s, u] . (3.4)

A policy π which satisfies

max
u∈U

Q∗(s, u) = Q∗(s, π(s)) (3.5)

is an optimal policy (see Theorem 4 in [21] and the main Theorem in [22]).

The general Q-learning algorithm was conceived for finite action and state spaces.

For large and/or continuous state spaces, storing the Q-value in a table is not an

option. To overcome this challenge, one might quantize the state space [59] or use

function approximation [60]. In this work, we approximate the Q-table using a neural

network, in a strategy that has been termed “deep reinforcement learning” [61,62]. A

neural network [63] is composed of nodes which take an input x and pass it through

a linear function y = wjx + bj. The result y is subsequently passed to an activation

function f : R → R to add non-linearity. The nodes are arranged in layers: an input
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input
layer

hidden layers

output
layer

Figure 3.1: A neural network diagram

layer, one or more hidden layers, and an output layer. The nodes in one layer feed

their outputs as inputs to the next layer as shown in Figure 3.1. In deep reinforcement

learning, the state sj is the input to the neural network and the output is a probability

distribution π(·|sj) over the action space U. The network is represented by a set of

parameters θ = {(wj, bj)} which are updated in a manner that approximates the

Bellman equation.

Additionally, the Q-learning algorithm is “off-policy”, meaning the agent learns

the value of a different policy (the greedy policy) than the one it is following. Given

the complex environment of the quantum computer, we choose instead to use an “on-

policy” algorithm in which the agent learns the value of the policy as it is following

it. Off-policy learning requires less resources to train and prioritizes learning a gen-

eral policy quickly. In contrast, on-policy learning allows the agent to explore the

environment more and leads to a policy that is more adapted to specific conditions.

In this thesis, we modify the deep REINFORCE algorithm [64] for our purposes.
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Given a trajectory

τθ = (s0, u0, s1, u1, . . . , sNep) (3.6)

of states and actions resulting from Nep episodes where the agent has interacted with

the environment and followed the policy πθ parameterized by θ, we can write the

expected reward as a function of θ. That is

R(θ) = Jβ(s0, πθ) (3.7)

= ET ,πθ
s0

Nep−1∑
j=0

βjrj(sj, uj, sj+1)
 (3.8)

=
Nep−1∑

j=0
P (sj, uj|τθ)βjrj (3.9)

where

P (sj, uj|τθ) = P (s0, u0, s1, u1, . . . , uj, sj|πθ) (3.10)

is the probability of (sj, uj) occurring given the trajectory τθ. Taking the gradient

yields

∇θR(θ) =
Nep−1∑

j=0
P (sj, uj|τθ)∇θ logP (sj, uj|τθ)

(
βjrj

)
(3.11)

= ET ,πθ
s0

[
∇θ logP (sj, uj|τθ)

(
βjrj

)]
. (3.12)

In an experiment, we approximate the expectation value by sampling thus

∇θR(θ) ≈
Nep−1∑

j=0
∇θ logP (sj, uj|τθ)

(
βjrj

)
. (3.13)

Examining the conditional probability further, we have

∇θ logP (sj, uj|τθ) =
j∑

k=0
∇θ log πθ(uk|sk) (3.14)
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so altogether

∇θR(θ) ≈
Nep−1∑

j=0
βjrj

 j∑
k=0

∇θ log πθ(uk|sk)
 . (3.15)

Using a standard gradient descent

θi+1 = θi + α∇θR(θ) (3.16)

we can update the network parameters

θi+1 = θi + α
Nep−1∑

j=0
∇θ log πθ(uj|sj)

 Nep∑
k=j+1

βkrk

 (3.17)

where we have exchanged the order of summation for clarity. Recall that πθ(uk|sk) is

the value of one node in the output layer of a neural network parameterized by θ given

the input sk. Calculating ∇θ log πθ(uk|sk) is achieved via a well-studied process called

back-propagation [65] based on the Liebniz chain rule. While deep reinforcement

learning is not guaranteed to converge to an optimal solution, we will present ample

empirical evidence in the next section that it can be used to solve quantum control

problems [24–26,28,30,31,33–37,39–43,66–70].

3.3 Reinforcement learning for quantum gate de-

sign

In this section, we review the uses of reinforcement learning for quantum gate design

to-date. Many reinforcement learning algorithms have been proposed to solve quan-

tum control problems in areas ranging from Hamiltonian engineering [28] to quantum

metrology [25]. Theoretical algorithms make use of simulated environments to pro-

vide full access to the state of the quantum system [24,25,28,31,33–37,41]. Of these
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proposals, several specifically target unitary gate design [33, 38, 71]. In all cases, the

agent has access to the exact unitary operator specifying the Schrödinger evolution

of the system. In [33, 38], a simplified Hamiltonian model is used while Niu et al.

simulate a gmon environment which mimics noisy control actuation and incorporates

leakage errors [71]. The agent receives a reward based on gate infidelity which is

inaccessible in experiments. In simulation, these algorithms are able to achieve im-

provements in gate fidelity [33,38,71] and gate time [33,71] over other gate synthesis

strategies. However, these proposals are not compatible with training on real hard-

ware and thus suffer from model bias. More realistic reinforcement learning set-ups

for quantum control only provide access to fidelities and/or expectation values for

some observables [26, 30, 40, 66–69]. Specifically for gate design, Shindi et al. pro-

posed probing a gate with a series of input states [66]. The reward incorporates the

average fidelity between the output states and the target states. Such algorithms

require prohibitive amounts of averaging in experiments so they are also confined to

numerical simulations.

The next step is to perform reinforcement learning using stochastic measurement

outcomes or low-sample estimators of physical observable [39, 42, 43, 70]. Most re-

cently, some experiments have been carried out using reinforcement learning directly

on noisy quantum hardware [42,43]. Baum et al. trained a deep reinforcement learn-

ing agent on a superconducting computer for error-robust gateset design [43]. The

agent was able to learn novel pulse shapes up to three times faster than the bench-

mark gates with slightly lower error-per-gate and improvements maintained without

re-calibration for up to 25 days. The search space was restricted to 8 and 10 segment

piece-wise constant (PWC) operations for one- and two-qubit gates respectively [43].

Despite the small search space, the optimization algorithm was inefficient. The train-

ing was completed in batches and the reward was a weighted mean over fidelities
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estimated using full state tomography [43]. Subsequently, Reuer et al. developed a

latency-based deep reinforcement learning agent implemented via an FPGA – a cus-

tomizable integrated circuit – capable of using real-time feedback at the microsecond

time scale [42]. They demonstrated its effectiveness with a state preparation exper-

iment on a superconducting qubit. In this thesis, we look ahead to a future where

real-time feedback for quantum control, enabled by hardware such as the FPGA de-

veloped in [42], is common. We improve upon the work in [43] by allowing greater

flexibility in pulse shapes, training directly on the readout signal to reduce the impact

of measurement errors, specifically targeting leakage errors, and relying on real-time

feedback to speed-up the learning process.
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Chapter 4

Our deep reinforcement learning al-

gorithm for fast quantum gate de-

sign

We are now ready to describe our deep reinforcement learning algorithm for fast

quantum gate design. First, we present the steps in our algorithm. The second half

of this chapter deals with design choices and hyperparameters.

4.1 Algorithm description

We seek to design a PWC control pulse with up to Nseg segments of equal length

dτ = tg/Nseg where tg is the maximum duration of the gate. Our reinforcement

learning agent consists of two neural networks to decide sequentially on the x- and

y-quadrature of the control pulse. At each time step, the agents select the amplitudes

of the next segment based on real-time feedback about the state of the system. The

agents receive rewards throughout the construction of the pulse (rather than just at

the end) which opens the possibility to design faster gates.
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The network parameters θx
i , θ

y
i are updated periodically during the training. Each

training iteration for i = 0, . . . , Niter −1 consists of Nep ≤ Nseg episodes counted using

the index j. The ratio Nseg/Nep is an integer that sets how many times the neural

network parameters are updated before a full waveform is constructed. We use a

second index k = k(i, j) to track the pulse segment. The k-th segment of the control

pulse takes the form

ck(t) = cx
k cos(ωdt) + cy

k sin(ωdt) (4.1)

for kdτ ≤ t < (k + 1)dτ and can be represented by the constant amplitudes (cx
k, c

y
k).

Figure 4.1 is a graphic showing how the different indices are related for Nseg = 20

and Nep = 5 (and Nsamp = 160 total samples when converting to Qiskit Pulse) for

the first four training iterations.

Figure 4.1: A graphic illustrating the different index counters used in our reinforce-
ment learning algorithm.

The j-th input to the first neural network is a state sx
j = (⟨Ij⟩, ⟨Qj⟩, k) composed

of the average (I,Q) signal over Nshot measurements and the current segment index k.

The output of the agent is a probability distribution over the action space Ux which

we denote πθx
i
(·|sx

j ) to indicate the dependence on the neural network parameters θx
i .

The agent samples an action ux
j ∈ Ux according to πθx

i
(·|sx

j ). The state for the second

agent sy
j = (ux

j ,Lj) is formed of the amplitude ux
j on the first quadrature and the

leakage population

Lj = |⟨2|Uk+1 |0⟩|2 (4.2)
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estimated from the (I,Q) readout data, where Uk+1 represents the operation of evolv-

ing the qubit by the first k+ 1 segments of the waveform. The agent now samples an

action uy
j ∈ Uy according to the output πθy

i
(·|sy

j ) of the second network. We update

the wave amplitudes cx
k+1 = ux

j and cy
k+1 = uy

j where k = k(i, j) is the segment index

stored in sx
j , the j-th state of the system.

To train the agent, we require a reward function for each network. Let cT =

(⟨IT ⟩, ⟨QT ⟩) ± σT be the expected average measurement result after applying the

target gate to an initial state |ψi⟩ (calibrated experimentally). During training, we

penalize the distance of the observed measurement signal from (⟨IT ⟩, ⟨QT ⟩) which

encapsulates both a failure to steer the qubit into the desired state and leakage into

higher energy levels. We use the reward function

rx
j

(
sx

j+1, cT

)
= min

{
1 − λk,

σT

∥(⟨Ij+1⟩, ⟨Qj+1⟩) − (⟨IT ⟩, ⟨QT ⟩)∥ − λk

}

to train the first network, where the term λk penalizes the length of the control pulse

for some coefficient λ ∈ R. For the second network, we compensate low leakage

populations with the reward

ry
j

(
sy

j+1

)
= max {0,Lmax − Lj+1} (4.3)

where Lmax sets a limit on the allowable leakage. A summary of our deep reinforce-

ment learning algorithm is shown in Algorithm 1.

4.1.1 Initialization

The initial state sx
0 and leakage population L0 are estimated by measuring the qubit

in its initial state |ψ0⟩ before performing any gate operations. The initial policies

πx
θ0 , π

y
θ0 are generated based on the default gate [49] by pre-training the agents. First,
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Algorithm 1 Deep reinforcement learning for fast quantum gate design
Require: initial state sx

0 , leakage L0, and parameters θx
0 , θ

y
0

1: Set k = 0
2: for each iteration i = 0, ..., Niter − 1 do
3: for each episode j = 0, ..., Nep − 1 do
4: if k = Nseg then
5: Re-initialize waveform k = 0
6: Re-initialize state sx

j = sx
0

7: Re-initialize leakage Lj = L0
8: end if
9: Select next action ux

j according to policy πθx
i
(·|sx

j )
10: Set sy

j = (ux
j ,L)

11: Select next action uy
j according to policy πθy

i
(·|sy

j )
12: Evolve qubit by first k + 1 segments of waveform
13: Measure qubit Nshot times to get (⟨Ij+1⟩, ⟨Qj+1⟩)
14: Update k → k + 1
15: Set sx

j+1 = (⟨Ij+1⟩, ⟨Qj+1⟩, k)
16: Calculate reward rx

j

17: Estimate leakage population Lj+1
18: Calculate reward ry

j

19: Reset qubit to |0⟩
20: end for
21: Send trajectory

(
sx

0 , u
x
0 , r

x
0 , s

x
1 , u

x
1 , r

x
1 , . . . , r

x
Nep−1

)
to first network

22: Update neural network parameters θx
i → θx

i+1

23: Send trajectory
(
sy

0, u
y
0, r

y
0 , s

y
1, u

y
1, r

y
1 , . . . , r

y
Nep−1

)
to second network

24: Update neural network parameters θy
i → θy

i+1
25: end for
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we discretize a calibrated DRAG pulse into an Nseg PWC pulse where the amplitudes

(cx
k, c

y
k) of each segment are the nearest action from Ux and Uy for the first and second

quadratures respectively. For k = 0, . . . , Nseg − 1, we measure the average (⟨I⟩, ⟨Q⟩)

signal and leakage L after the first k + 1 segments of the waveform. Let q = x

or y depending to which quadrature we are referring. The agent receives a reward

(denoted p for pre-training) based on the mean squared error

pq
k(sq

k) = 1
|Uq|

∑
u∈Uq

∣∣∣πθq
k
(u|sq

k) − Ncq
k
(u)

∣∣∣2 (4.4)

between the policy πθq
k
(·|sq

k) output by the neural network and a Gaussian distribution

Ncq
k
(u) = 1√

2π
e− 1

2(u−cq
k)

2

(4.5)

over the respective action space Uq centered at the desired amplitude cq
k. The pre-

training is performed for several iterations over the waveform. The pre-training can

be executed efficiently because the reward and action are independent of the state of

the system so the circuits can all be run before updating the neural networks. At the

end of the pre-training, the agents’ policies πx
θ0 and πy

θ0 favour a calibrated DRAG

pulse.

Our initial policy obtained in pre-training captures information about the system

dynamics using the default gate; however, our algorithm should not be considered

an optimization of the DRAG pulse which has been proposed in other works [8, 20,

72]. The pre-training ensures the exploration begins in a near-optimal region of the

solution space and the agents subsequently learn novel pulse shapes.
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4.2 Design choices

Having introduced our algorithm, we now elaborate on our design choices. The great-

est feature of our algorithm is the ability to create gates of any length from 1 to Nseg.

Other reinforcement learning algorithms [33,38,39,43,66,71] calculate a reward at the

end of a full pulse so their gates have a fixed length. Our intermediate reward scheme

lets the agents explore the landscape of shorter pulses. In fact, we explicitly penalize

the pulse length in the reward to encourage discovery of fast gates. Aided by real-

time feedback, the agents quickly traverse the control landscape. The intermediate

rewards have a secondary purpose: they allow the agent to track leakage throughout

the gate operation. Even if the leaked population settles back into the computational

subspace by the end of the gate, transitions through the |2⟩ state can add undesirable

non-Markovian noise [73]. Unlike other reinforcement learning algorithms, our agent

minimizes leakage during the gate.

We also target leakage with our dual agent architecture. Leakage is a competing

effect when attempting to design fast gates with reduced decoherence. Using two

agents allows us to manage these challenges separately unlike Baum et al., who address

leakage in [43] only using one agent which decides on both quadrature amplitudes.

We are also inspired by the DRAG algorithm, where the leakage correction on the

y-quadrature depends on the shape of the x-quadrature control. For this reason, we

use ux
j as an input to the second decision maker. Based on hardware parameters, we

restrict the x-quadrature amplitudes to the set Ux = {0.00, 0.01, . . . , 0.19, 0.20} and

the y-quadrature amplitudes to Uy = {−0.10,−0.09, . . . , 0.09, 0.10}. Our algorithm

converges faster by simultaneously training two agents each endowed with a small

action space (|Ux| = |Uy| = 21) rather than training over a large joint action space

Ux × Uy with size 441.
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Our choice of state for the first network is motivated by measurement errors. We

train directly on the observation signal (I,Q) resulting from probing the qubit as

described in Section 2.2.3. Previous algorithms for gate design [33,38,43,66,71] have

used the |0⟩ and |1⟩ populations imperfectly estimated from the location of the signal

in the (I,Q)-plane (or tracked in simulation). Our algorithm reduces the impact of

measurement errors because we avoid classifying the signal into |0⟩ or |1⟩. We choose

a maximum reward of 1 once the average (I,Q) signal falls within a specified radius of

the desired location. We aim to reward readout terms far from the decision boundary

between states in the (I,Q)-plane but do not require the signal to land precisely on

the target location. Our algorithm also has a low measurement overhead since we do

not perform full state tomography. Recall the model for a controlled transmon qubit

in Section 2.2.2. In particular, from eq. (2.30) we see that X and Y rotations are

brought about by driving on independent quadratures. With a limit

max
uy∈Uy

|uy| = 0.10 (4.6)

on the second quadrature amplitude and a well-calibrated drive frequency ωd, we may

assume that any rotations outside the zy-plane are insignificant thus state tomography

is unnecessary during training for a universal gateset composed of x-rotations.

The overall efficiency of our algorithm (real-time feedback, small action spaces,

and low measurement overhead) makes it is easy to implement experimentally. The

main advantage of reinforcement learning over other optimal control strategies is that

it requires no model of the quantum system. Most reinforcement learning algorithms

proposed to-date rely on numerically simulated environments [33,38,66,71] thus can-

celling out their model-free advantage. Unlike these, our algorithm can account for

realistic noise in the qubits and for other errors such as over-rotation introduced by

the classical drive lines.
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4.3 Hyperparameters

Once the overarching design choices have been made, there are numerous hyperpa-

rameters that need to be specified. In machine learning, hyperparameters refer to

parameters that control the learning process (as opposed to parameters whose value

is learned by the training). Hyperparameters are selected to achieve maximal per-

formance in a reasonable amount of time. For example, increasing the number of

iterations Niter allows the agent to converge further towards an optimal solution but

lengthens the training time. The learning rate α is another important hyperparam-

eter: if it is too small, the agent will not converge, but if it is too large, the agent

may hone in quickly on a sub-optimal solution. Along with Niter and α, the discount

factor β is present in every discounted cost reinforcement learning algorithm. The

discount factor makes the agent prioritize current rewards over future rewards.

The selection of appropriate hyperparameters also depends on the specific situ-

ation in which the algorithm is being employed. Here, we discuss hyperparameters

in the context of experiments on IBM superconducting quantum computers. In our

algorithm, the maximum allowable leakage Lmax is a hyperparameter in the reward

function for the second agent (eq. (4.3)). We adjust the leakage threshold depend-

ing on the quality of the hardware. IBM quantum computers suffer from significant

leakage so we set the threshold at Lmax = 5%. The number of shots Nshot is an-

other hyperparameter that may be limited by hardware. Our access to IBM quantum

devices allows at most 10000 shots per circuit; although, this is enough for good

statistics. As well, we set the maximum gate time tg = 35.6 ns based on the single-

qubit gate time on IBM quantum devices, since we want our gates to be at least as

fast as the default.

In addition, some hyperparameters are constrained by the choices made for other
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hyperparameters. In our algorithm, the number of segments Nseg in the PWC control

pulse cannot exceed the total gate time tg divided by the sample length dt. Further,

the number of episodes Nep should be a factor of Nseg to ensure the policy gets up-

dated periodically throughout the construction of the gate, with one of these updates

occurring at the end of the pulse.

The architecture of each neural network is also defined by hyperparameters: the

number of layers, the number of nodes in each layer, and the activation functions.

The design of neural networks for machine learning is well-studied [74] but there is

no formula for building a good network. For each agent, we use a fully-connected

feed-forward network containing a single hidden layer with just 12 neurons. A sim-

ple network cannot represent a very complex policy, but by limiting the number of

parameters, we allow our agent to converge more quickly. We use the rectified linear

unit (ReLU) activation function

f(y) =


yi if yi ≥ 0

0 otherwise
(4.7)

for the hidden layer. At the output layer, we use the softmax function

g(y1, . . . , yn) =
(

ey1∑n
j=1 e

yj
, . . . ,

eyn∑n
j=1 e

yj

)
=: (π(u1|s), . . . , π(un|s)) (4.8)

to convert the vector of outputs (y1, . . . , yn) into a probability distribution π(·|s)

where s is the state input to the first layer of the network and the action space

U = (u1, . . . , un) is ordered.

The hyperparameters for our deep reinforcement learning algorithm are summa-

rized in Table 4.1. The last column in Table 4.1 contains our hyperparameter choices

for our experiments (i.e., context dependent values). In general, reinforcement learn-
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ing is very sensitive to hyperparameter tuning [74]. We select hyperparameters based

on hardware constraints and our goal to efficiently discover fast quantum gates, but

we leave it to future work to optimize the hyperparameters through methods such as

grid search and Bayesian updates.

Hyperparameter Symbol Constraints Choice for PoC

Number of iterations Niter – 200
Learning rate α – 0.002
Discount factor β – 0.98
Maximum allowable leakage ℓmax – 5%
Number of shots Nshot ≤ 10000 2000
Maximum gate time tg – 35.6 ns
Gate length penalty λ – 0
Number of segments Nseg ≤ tg/dt 20
Number of episodes Nep Nep/Nseg ∈ N 5
Number of hidden layers – – 1
Number of neurons in hidden layer – – 12
Activation functions f, g – ReLU, Softmax
Size of first action space ∥Ux∥ – 21
Size of second action space ∥Uy∥ – 21

Table 4.1: A table of algorithm hyperparameters for our deep reinforcement learning
algorithm for fast quantum gate design. Some hyperparameters are limited by hard-
ware or other hyperparameter choices as shown in the Constraints column. The
Choice for PoC column presents the values for hyperparameters used in proof-of-
concept experiments on the IBM Lima quantum computer.
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Chapter 5

Proof-of-concept for the X and
√
X

gates

We conduct a proof-of-concept by designing X and
√
X gates of various durations

on the IBM Lima quantum computer using the Qiskit Pulse library [56, 57]. In our

proof-of-concept experiments, we optimize these gates only for state preparation from

the ground state, but we explain how to take an average over different initial states

to elevate the optimization beyond state transfer. In this chapter, we describe our

experiments and analyze the results.

5.1 Fast quantum gates

Using the hyperparameters specified in Table 4.1, we run our algorithm to create fast

quantum gates on IBM Lima. Once the training is complete, the agents can create

gates of any number of segments from 1 to Nseg with the final network parameters

θx
f = θx

Niter−1, θ
y
f = θy

Niter−1. To create a gate of length Ng segments, the agents

sequentially select the amplitudes just as they did during training. However, there

is no longer a need for training iterations or episodes. The agent records the states
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sx
k, s

y
k after the first k segments of the waveform for k = 0, . . . , Ng −1 and proposes the

next amplitudes cx
k+1 = ux

k and cx
k+1 = uy

k according to the policies πx
θf

(·|sx
k), πy

θf
(·|sy

k).

The process for optimizing a gate is summarized in Algorithm 2.

Algorithm 2 Fast quantum gate design with a trained agent
Require: initial state sx

0 , leakage L0, and trained parameters θx
f , θ

y
f

1: for each segment k = 0, ..., Ng − 1 do
2: Select next action ux

k according to policy πθx
f
(·|sx

k)
3: Set sy

k = (ux
k,Lk)

4: Select next action uy
k according to policy πθy

f
(·|sy

k)
5: Evolve qubit by first k + 1 segments of waveform
6: Measure qubit Nshot times to get (⟨Ik+1⟩, ⟨Qk+1⟩)
7: Set sx

k+1 = (⟨Ik+1⟩, ⟨Qk+1⟩, k + 1)
8: Estimate leakage population Lk+1
9: Reset qubit to |0⟩

10: end for
11: Return final pulse amplitudes

(
(ux

0 , u
y
0), . . . , (ux

Ng−1, u
y
Ng−1)

)

The policy is probabilistic and the state evolution is stochastic, so it is best to

run the optimization several times and take the best result. A similar approach is

used in [43], where the average gate over several optimizations is used. To assess the

success of a gate U , we measure the leakage rate defined in eq. (4.2) and the state

fidelity

F = |⟨ψT |U |0⟩|2 (5.1)

where |ψT ⟩ is the target state. The target state for an X gate is |ψT ⟩ = |1⟩ and for a
√
X is

|ψT ⟩ = |0⟩ − i |1⟩√
2

. (5.2)

The state fidelity in eq. (5.1) is one measure of success; however, to completely design

a gate, our agent should be trained on a diverse set of initial states to maximize the
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gate fidelity. One definition of gate fidelity is

FG = 1
n(n+ 1)

[
Tr(MM †) + |Tr(M)|2

]
. (5.3)

where n is the size of the Hilbert space and M = U †
TU is the product between

the conjugate of the desired gate operation UT and the actual gate operation U .

The squared overlap between the actual outcome U |ψ0⟩ and the desired final state

|ψT ⟩ = UT |ψ0⟩ averages to FG when different initial states |ψ0⟩ are considered [75].

In this proof-of-concept, our experiments are limited to state preparation from the

initial state |0⟩ due to hardware availability, but our algorithm can be used on any

initial state.

We test gates of length 20 segments (tg ≈ 35.6 ns) – the same length as the default

gate –, 15 segments (tg ≈ 26.7 ns), and 10 segments (tg ≈ 17.8 ns). The waveforms for

fast X and
√
X gates are shown in Figures 5.1 and 5.3 respectively. The full-length

optimized X and
√
X gates alongside the default gates are depicted in Figures 5.2 and

5.4. After just 200 training iterations, the faster gates begin to match the performance

of the default gate, with fidelities and leakage rates the same or only slightly worse.

Our full-length optimized gates begin to achieve even slightly higher state fidelities

and lower leakage rates than the calibrated DRAG pulses. The fidelities and leakage

rates are summarized in Table 5.1. The statistics are gathered using 2000 shots and

the margins of error are estimated by taking the standard deviation across five 2000

shot experiments.

Due to limited access to hardware, we do not train our agent beyond 200 iterations

nor do we optimize the learning rate, neural network structure, number of segments,

or other hyperparameters. Our algorithm has not fully converged after the first 200

training iterations. During training, we periodically perform the optimization pro-

cedure and test the performance of the resulting 100 proposed gates. As a measure
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Fidelity [%] Leakage [%]
Gate Duration [ns] (± 0.6) (± 0.3)

Optimized X 2× faster 17.8 90.4 3.8
Optimized X 1.33× faster 26.7 92.2 4.3
Optimized X 35.6 92.3 3.5
Default X 35.6 91.7 4.2
Optimized

√
X 2× faster 17.8 96.5 3.5

Optimized
√
X 1.33× faster 2.67 96.8 2.9

Optimized
√
X 35.6 97.5 2.4

Default
√
X 35.6 96.8 2.5

Table 5.1: A table of the state fidelities (5.1) and leakage rates (4.2) for the optimized
X and

√
X gates of different lengths learned by our deep reinforcement learning

algorithm and for the default gates.

of convergence, we check how many gates out of these 100 have fidelity greater than

90%. Figure 5.5 shows this statistic as the training proceeds. With more training it-

erations, we expect the quality of the optimized gates increase further before levelling

off; although, convergence to an optimal solution is not guaranteed. We anticipate

achieving more significant advantage by tuning the algorithm hyperparameters, in-

cluding the number of training iterations.
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(a) Optimized X gate 2× faster than default time.

(b) Optimized X gate 1.33× faster than default time.

Figure 5.1: Plots showing optimized control pulses for fast single-qubit gates on the
IBM Lima quantum computer. The time unit on the x-axis is in units of dt =
0.222222 ns, a device-dependent parameter specifying the maximum sampling rate of
the waveform generator. Fig. (a) is a pulse for an X gate with duration 17.8 ns (2×
faster than the default gate) learned by our deep reinforcement learning algorithm.
Fig. (b) is a pulse for an X gate with duration 26.7 ns (1.33× faster than the default
gate) learned by our deep reinforcement learning algorithm.
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(a) Full-length optimized X gate.

(b) Default X gate.

Figure 5.2: Plots showing optimized control and default pulses for standard length
single-qubit gates on the IBM Lima quantum computer. The time unit on the x-
axis is in units of dt = 0.222222 ns, a device-dependent parameter specifying the
maximum sampling rate of the waveform generator. Fig. (a) is a pulse for an X gate
with duration 35.6 ns learned by our deep reinforcement learning algorithm. Fig. (b)
is a calibrated DRAG pulse for an X gate with duration 35.6 ns.
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(a) Optimized
√

X gate 2× faster than default time.

(b) Optimized
√

X gate 1.33× faster than default time.

Figure 5.3: Plots showing optimized control pulses for fast single-qubit gates on the
IBM Lima quantum computer. The time unit on the x-axis is in units of dt =
0.222222 ns, a device-dependent parameter specifying the maximum sampling rate of
the waveform generator. Fig. (a) is a pulse for an

√
X gate with duration 17.8 ns (2×

faster than the default gate) learned by our deep reinforcement learning algorithm.
Fig. (b) is a pulse for an

√
X gate with duration 26.7 ns (1.33× faster than the

default gate) learned by our deep reinforcement learning algorithm.
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(a) Full-length optimized
√

X gate.

(b) Default
√

X gate.

Figure 5.4: Plots showing optimized control and default pulses for standard length
single-qubit gates on the IBM Lima quantum computer. The time unit on the x-axis
is in units of dt = 0.222222 ns, a device-dependent parameter specifying the maximum
sampling rate of the waveform generator. Fig. (a) is a pulse for an

√
X gate with

duration 35.6 ns learned by our deep reinforcement learning algorithm. Fig. (b) is a
calibrated DRAG pulse for an X gate with duration 35.6 ns .
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Figure 5.5: A plot of the number of optimized gates out of 100 that have fidelity
greater than 90% as the number of training iterations increases. The gates were
optimized by our deep reinforcement learning agent for fast quantum gate design.

5.2 Robustness over time

We also test the robustness of our agent and pulse over time. We perform the same

optimization procedure described in the previous section using the trained agents a

total of 30 days after finding the network parameters θx
f and θy

f . Figure 5.6 shows the

new optimized X gate. The X gate calibrated by our agent has approximately the

same fidelity F = 89.2±0.6% but lower leakage L = 4.3±0.3% than the default gate,

whose statistics are F = 88.9 ± 0.6% and L = 5.3 ± 0.3%. After an initial training

period, our algorithm can be used to efficiently calibrate gates on superconducting

qubits.

Although the agent is robust over time, the original optimized waveform is not.

The previously optimized X gate is no longer effective, with a fidelity of just 74.2 ±

0.6% and leakage rate 6.4 ± 0.3%. Therefore, our agent proposes a waveform that
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Figure 5.6: A plot showing an optimized control pulse for an X gate on the IBM
Lima quantum computer. The pulse was learned by our deep reinforcement learning
agent with no additional training 30 days after initially running the algorithm. The
time unit on the x-axis is in units of dt = 0.222222 ns, a device-dependent parameter
specifying the maximum sampling rate of the waveform generator.

adapts to current hardware conditions. It is known that qubit parameters such as

resonance frequencies and decoherence rates change slowly on time scales of hours [76].

The fact that our agent can adapt to these changes without retraining is one of the

strengths of our method. This should be contrasted to the reinforcement learning

algorithm proposed in [43], that led to waveforms that are more robust over time.



51

Chapter 6

Generalization to two-qubit gates and

other hardware platforms

The proof-of-concept in the previous chapter is for single-qubit gates on transmon

qubits. To complete a universal gate set for quantum computing, we also require an

entangling gate. In this chapter, we describe the extension of our deep reinforcement

learning algorithm to two-qubit gates. As well, we provide some insights into how our

algorithm could be used on other hardware platforms such as trapped-ion quantum

computers.

6.1 Two-qubit gates

A small modification to the state space and reward function generalizes our algorithm

to the design of two-qubit gates. On supercondutcing transmon qubits, two-qubit

interactions are generated via the cross-resonance gate which we described in Section

2.2.2. The industry standard CR pulse is a rounded square pulse with Gaussian rise

and a derivative-pulse correction on the second quadrature [53]. To avoid spurious

cross-talk, a simultaneous cancellation tone is applied to the target qubit. Baum et al.

used RL to design an improved CR gate which did not require this extra pulse [43].
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We take the same strategy as Baum et al., so our agent can learn an improved CR

pulse shape using separate action spaces Ux and Uy as in the single-qubit case. The

state s̃x
j = (⟨I1

j ⟩, ⟨Q1
j⟩, ⟨I2

j ⟩, ⟨Q2
j⟩, k) contains the average readout signal from each

qubit. We use the reward

r̃x
j (s̃x

j+1, c
1
T , c

2
T ) = 1

2
(
rx

j (⟨I1
j+1⟩, ⟨Q1

j+1⟩, k, c1
T ) + rx

j (⟨I2
j+1⟩, ⟨Q2

j+1⟩, k, c2
T )
)

(6.1)

where rx
j is defined in (4.3) and c1

T , c2
T are the expected measurement locations for the

first and second qubit respectively. For the second control quadrature, the leakage

population is summed over both qubits to give the same state and reward as the

single-qubit case. The CR gate completes a universal gateset
{
CR,RZ(θ), X,

√
X
}

when combined with arbitrary virtual Z rotations [50] and the single-qubit gates

shown in our proof-of-concept.

6.2 Other quantum hardware platforms

Our proof-of-concept was carried out on superconducting qubits; however, the pro-

posed reinforcement learning algorithm is general and can be used on other quantum

hardware with some adjustments. Besides superconducting qubits, leading candidates

for quantum information processing technologies include: ion traps [44], quantum

dots [77], and neutral atoms [78]. Just like superconducting circuits, gate operations

on these proposed quantum systems are subject to errors including decoherence and

leakage out of the qubit subspace. To take advantage of the features of our algo-

rithm to combat these competing effects, any adaptation should have the following

properties:

1. a control architecture that permits PWC pulses on independent quadratures,

and
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2. training directly on the readout signal rather than classifying the qubit state.

Other aspects of the algorithm such as the action space, state space, and hyperpa-

rameters are flexible.

Let us study ion traps as an example. In trapped ion quantum computing, ions

are confined using electromagnetic fields. In this paradigm, a qubit is represented by

the stable electronic states of an ion and gate operations are implemented via laser

pulses. The laser pulse can be represented by a PWC pulse with two independent

quadratures at a specific drive frequency, as desired. The amplitudes that make up

the action spaces Ux,Uy could be different than the superconducting case depending

on the laser generator settings. The qubit is measured by detecting photons emitted

when the ion decays into its ground state (a phenomena called fluorescence). The

state of the qubit is inferred from the photon counts, similar to how the transmon

qubit state is estimated from the (I,Q) signal, but with higher accuracy. Let ⟨nj⟩ be

the average photon count over Nshot measurements in the j-th time step. The first

agent could use the state sx
j = (⟨nj⟩, k) as an input to the neural network. Two-

qubit gates are engineered by coupling the state of individual qubits to the collective

vibrational mode of a linear array of qubits [79,80]. The adaptation of our algorithm

to two-qubit gates on ion traps would involve expanding the state space to include

both qubits (same as the superconducting case) and possibly the joint state of the

array as well. The typical entangling gate is the Cirac-Zoller CX gate [79]. This is a

sequence of laser Ramsey pulses [81] rather than a square cross-resonance pulse, but

still involves applying a pulse that is resonant on only one qubit at a time.

By changing the state and action spaces and hyperparameters to fit the hardware

specifications, our deep reinforcement learning algorithm can be used to design fast

quantum gates while minimizing leakage on other types of quantum computers.
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Chapter 7

Conclusions and future work

7.1 Conclusion

We have created a deep reinforcement learning algorithm for fast quantum gate de-

sign using real-time feedback based on the readout signal from noisy hardware. Rein-

forcement learning is model free, as opposed to other gate synthesis strategies which

require precise models that cannot capture the stochastic dynamics of the qubit. Our

dual-agent architecture allows us to target competing goals of decreasing leakage and

creating faster gates to reduce decoherence. Our proposed algorithm reduces the

impact of measurement errors by training directly on the readout signal from the su-

perconducting resonator coupled to the qubit. The low measurement overhead means

that our algorithm can be trained on hardware, rather than a numerical simulation.

We carried out a proof-of-concept with X and
√
X gates of different durations

on IBM superconducting quantum computers. Our agent proposed novel control

pulses which are two times faster than default gates and match their performance in

terms of state fidelity and leakage after just 200 training iterations. Our agent also

created gates of the same duration as the default which offer slight improvements in

state fidelity and leakage. The proof-of-concept focuses on state preparation from
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the ground state but we explain how our agent can take an average over different

initial states to improve overall gate fidelity. Our agent has not converged after

200 training iterations, but we still obtain useful results. We also showed that our

trained agent is robust over time. So far, we had limited access to hardware and

only ran the algorithm with one specific set of hyperparameters. As is well known,

the performance of reinforcement learning is greatly improved with fine tuning of

hyperparameters [74]. We expect optimization of the algorithm hyperparameters to

lead to much more significant advantage.

The improved gate operations created by our deep reinforcement algorithm for

fast quantum gate design open the way for more extensive applications on near term

and future quantum devices with reduced decoherence and leakage which cannot be

fixed by most error correction algorithms.

7.2 Future work

There is a need for more evaluation and experimentation to reveal the full capabilities

of our deep reinforcement learning algorithm for fast quantum gate design. A first

step for future research will be conducting a proof-of-concept experiment to optimize

two-qubit gates. More testing will be required for all gates (single- and two-qubit) that

make up a universal gateset. This will include gathering other performance metrics

such as the error-per-gate estimated with interleaved randomized benchmarking [82]

as done in [43]. As well, the robustness of both the optimized gates and the trained

agent can be tested at different time scales (not just 30 days) and across other qubits

and quantum computers.

These experiments will be enabled by increased access to hardware, in terms

of both more time on quantum processors and the ability to use custom control
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hardware. Our algorithm can be implemented on an FPGA such as the one used for

state preparation experiments in [42]. This implementation can be used to improve

the convergence time of our algorithm. Our proof-of-concept experiments involved

wait times in a queue to access IBM Lima and other delays from communicating data,

so we could not reliably measure convergence time.

With these metrics (fidelity, leakage rate, error-per-gate, robustness over time, ro-

bustness across qubits and quantum computers, and convergence time) in mind, the

algorithm hyperparamters can be optimized. We emphasize again that hyperparam-

eter tuning is vital to improving the performance of reinforcement learning [74]. This

involves running the algorithm repeatedly while making minor adjustments to the

hyperparameters. The FPGA implementation will ensure that each iteration takes

less than 10 minutes wall-clock time, as was seen in [42], so it will be possible to test

many hyperparameter configurations.

We leave these considerations and experiments to future work.
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