ABSTRACT

IBRAHIM, MOHANNAD MAHJOUB ALI. Architecture-Centric Quantum Computing Algorithms
and Software/Hardware Co-Designs. (Under the direction of Dr. Gregory Byrd).

So far, the quantum computing ecosystem, defined by the quantum computing stack,
remains very similar to classical computing. However, it is not always beneficial to adopt
this modularity, as researchers break this abstraction on a daily basis to optimize their
designs. This study aims at identifying opportunities to integrate hardware in quantum
applications optimization. We traverse the quantum computing stack from two directions
to develop architecture-centric optimizations. We utilize our knowledge of a major class of
quantum computing algorithms, the Variational Quantum Algorithms (VQA), and a major
class of quantum hardware, superconducting machines, to achieve our goal.

Variational Quantum Algorithms (VQAs) have emerged as a powerful class of algorithms
that is highly suitable for noisy quantum devices. Therefore, investigating their design has
become key in quantum computing research. Previous works have shown that choosing
an effective parameterized quantum circuit (PQC) or ansatz for a VQA is crucial to its
overall performance, especially on near-term devices. In this part, we utilize pulse-level
access to quantum machines, our understanding of their two-qubit interactions, and more
importantly, our knowledge of VQAs, to optimize the design of two-qubit entanglers. Our
analysis shows that pulse-optimized ansatze reduce state preparation times by more than
half, maintain expressibility relative to standard PQCs, and are more trainable through
local cost function analysis. Our algorithm performance results show that in three cases,
our PQC configuration outperforms the base implementation. Experiments using IBM
Quantum hardware, demonstrate that our pulse-optimized PQC configurations are more
capable of solving MaxCut and Chemistry problems compared to a standard configuration.

Next, we take a different architecture-centric optimization approach by following an
upward direction on the quantum computing stack. We propose an ansatz approximation
approach that uses one of the hardware’s main attributes, its crosstalk behavior, as its main
approximation driver. By utilizing crosstalk-adaptive scheduling, we are able to apply a
circuit-level approximation/optimization to our ansatz. Our design procedure involves
first characterizing the hardware’s crosstalk and then approximating a circuit by the desired
level of crosstalk mitigation, all while effectively reducing its duration and gate counts.

We tested our approach on real quantum hardware against a base configuration, and our



results showed superior performance for the circuit-level optimized ansatz over the base
for two quantum chemistry benchmarks. We take into consideration that applications vary
in their response to crosstalk, and we believe that our approximation strategy can be used
to create ansatze that are expressive, trainable, and with crosstalk mitigation levels tailored
for specific workloads.

As quantum error mitigation is paving the way for current noisy devices to expand their
capabilities and ultimately reach fault tolerance, our goal is to integrate and test some of
our design principles with error mitigation techniques. We utilize our crosstalk control
capabilities, through crosstalk scheduling and circuit approximation, to design a digital Zero
Noise Extrapolation technique based on crosstalk noise scaling. Our preliminary results
show that noise scaling was achieved through our proposed circuit folding technique and
that different noise scales correspond to different levels of crosstalk mitigation applied to

the circuit.
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CHAPTER

1

INTRODUCTION AND BACKGROUND

1.1 Introduction

Quantum Computing (QC) is a fundamentally different model of computation compared to
modern classical computing. A concept rstrealized by Richard Feynman in 1982 (Feynman
1982), QC exploits unique properties of quantum mechanics to perform computation. To-
day, QC research and development is in the midst of the  Noisy Intermediate-Scale Quantum
(NISQ) era (Preskill 2018), in which QC systems are large enough to experiment with and
perform practical tasks on. The physical realization of quantum computers has gathered
much attention over the last decade, with several companies and organizations deploying
small and intermediate scale “prototype” quantum computers. Some of the existing leading
technologies include superconducting (Rigetti et al. 2012), ion-trapped (Debnath et al.
2016), quantum dots (Banin et al. 1999), and photonic quantum circuits (Takeda and Furu-
sawa 2019). Current state-of-the-art NISQ devices are equipped with  50-130 qubits with
single- and two-qubit quantum gate error rates around 10 ®and 10 ? respectively (Ding
and Chong 2020).



However, similar to classical computing, realizing the full potential of quantum comput-
ers requires development across different layers through different hardware and software
abstractions. Fig. 1.1(a) shows the different layers of the Quantum Computing Stack . At its
highest level are quantum algorithms, which can be described using high-level languages
designed to represent the algorithms' quantum and classical components. Similar to classi-
cal computing, compilers are then used to translate a quantum program to an assembly
representation, widely known as Quantum Assembly (QASM) (Nielsen and Chuang 2010). As
we are on our way to building fault-tolerant quantum computers, quantum error correction
is an essential component that is necessary for preserving quantum information from de-
coherence and other sources of noise in NISQ devices. Lastly, a quantum-classical interface
handles the translation of the nal version of the quantum program to micro-instructions
and sends it to the underlying qubit technology (Khammassi et al. 2017).

As shown in Fig. 1.1(b), the architectural design of NISQ-era devices suffers from a
high level of constraints that makes it impossible to isolate the layers and requires infor-
mation sharing between them. In fact, the core progress in NISQ research stems directly
from breaking abstractions and cross-layer optimizations. As we reach the goal of fault-
tolerant quantum computing, a more modular stack like the one shown in Fig. 1.1(a) can
be adopted (Ding and Chong 2020).

Figure 1.1: Standard vs. NISQ Quantum Computing Stacks. The arrow next to the stack in
(b) the two optimization directions we follow in each chapter of this dissertation.



1.2 Motivation and Related Work

There still exists a wide gap between the NISQ systems we expect to have in the near future
and ground-breaking algorithms such as Shor (1994) and Grover (1996), which require sys-
tems many orders of magnitude larger than what is currently practical. This gap emphasizes
the importance of optimizing our current quantum stack for general classes of applications
suitable for near-term machines. Such applications include quantum simulation, quan-
tum chemistry, and variational quantum algorithms (VQAs). Thus, developing a deeper
understanding of the structure and subtleties of such applications, along with underlying
hardware architectures, is crucial to the co-design of both quantum hardware and software.
It is also key to solving the core challenge of identifying and selectively sharing information
across different layers of the stack.

Below are a few examples from recent studies that show the promise of co-designing
guantum applications and hardware:

« Intheir recent paper, Stilck Franca and Garcia-Patron (2021) discussed the limitations
of optimization algorithms on NISQ devices and developed a technique to accurately
compare their classical and noisy quantum solutions. Their work suggested that
the problems where near-term machines have a speedup potential are when the
architecture's topology is tailored to match the problem Hamiltonian.

* In a similar sense, Pichler et al. (2018) utilized the connection betweenthe Maximum
Independent Set (MIS) problem and their architecture based on neutral, trapped
atoms, interacting via Rydberg states to ef ciently encode the problem with reduced
overhead.

» The work by (Li et al. 2021) presented a co-optimization of the application, hardware,
and compiler layers of the stack targeting a family of quantum chemistry problems.
Their results showed signi cant optimizations to the overall execution time and other
circuit parameters.

Our main goal from this research is to bridge the gap between the two furthest stack
layers through software / hardware co-design and architecture-centric quantum algorithm
optimizations. We present two approaches /directions to achieve this goal. In the rst
approach (Chapter 2), we utilize our knowledge of the algorithm to change how some of
its operations are executed on quantum hardware. Next, in Chapters 3 and 4, we utilize



our knowledge of the machine (its noise) to develop different optimization strategies. In

summary, our goals and questions from each chapter can be described as follows. Chapter
2:

» We utilize both the nature of VQAs and pulse-level access to alter the standard design
of two-qubit gates in a matter suitable and bene cial to the algorithm.

» We identify a suitable combination of hardware and algorithmic analysis parameters
from the literature that can ef ciently guide the design process of VQA ansatz.

» Our pulse-optimized implementations speed up the executionby 2.5 over abase
con guration and match or outperform the base for all benchmarks. Our pulse im-
plementations also prove to have better trainability for local cost functions. Thus,
this work aims to justify to algorithm developers operating at pulse-level to achieve
better performance.

In Chapters 3, and 4, we utilize our knowledge of architecture's noise, particularly
crosstalk, to devise an ansatz approximation and Zero Noise Extrapolation (ZNE) tech-
niques. Our main contributions from this work include

» We develop an ansatz approximation mechanism that is capable of creating different
versions of a base con guration with different levels of crosstalk mitigation.

» Similar to the pulse-level approach, our crosstalk-based ansatze outperform the base
con guration for two quantum chemistry benchmarks, speeding up execution by up
t02.9 and1.83 onaverage.

* We introduce a ZNE method that attempts to scale the circuit noise through crosstalk.
Our preliminary results show that different levels of crosstalk generate different noise
scales with different zero-limit extrapolated values.

1.3 Background

1.3.1 Quantum Computing Basics

A qubit is the fundamental unit of information in quantum computing which is analogous
to a bitin classical computing. While a classical bit can be in one of two states 0, 1g, a qubit



can be inalinear superposition of those two, i.e., j i= jOi+ jliwherej j>+j j?>=1and
, 2 C.The statesjOi and jli are the computational basis states.

One of the essential differences between classical and quantum computing algorithms is
that the latter are intrinsically probabilistic models. The quantum measurement operation
collapses the state of a qubit from a superposition to one of the two computational basis
states. By measuring a qubit on the computational basis, we can either get jOi with a
probability of j j2or jli with a probability of j j2. This “de nite” state can be described in a
two-dimensional Hilbert space. Representing n qubits as superpositions results in 2" states
that can store information simultaneously. Thus, superposition is one of the key features
that bring power to quantum computing.

Quantum operations or gatesare used to manipulate / modify information stored in
gubits. A gate is de ned by a unitary operation that can be considered as a rotation over
the Bloch Sphere(Nielsen and Chuang 2010) and can either act on single or multiple qubits.
The physical implementation of gates depends largely on the type of quantum hardware.
For example, in IBM superconducting quantum computers, microwave voltage pulses are
applied to qubits (Murali et al. 2020; McKay et al. 2017) to implement the gates. The same
principle is used to implement entanglement between qubits, which results in non-classical
correlated effects (Murali et al. 2020).

Aquantum circuit consists of gate operations applied to qubits at different time intervals
to evolve them towards desired states. A measurement is then performed on the qubits to
obtain a classical output. Today's implementations of quantum workloads are constrained
by limitations in current noisy quantum hardware. In the past decade, tremendous efforts
have been made to improve the delity of quantum hardware, along with algorithms
speci cally targeting current and near-term machines. A major class of such algorithms is
the variational quantum algorithm (VQA).

1.3.2 Variational Quantum Algorithms

A Variational Quantum Algorithm (VQA) is a hybrid scheme of computation that allocates
tasks to both quantum and classical computing resources and coordinates the execution
between the two through a tight feedback loop to achieve a larger computational goal. The
guantum computer's task is to prepare and measure relevant quantum states generated by
the so-called Parameterized Quantum Circuit (PQC). Once enough measurement data is
obtained, this data and the parameter settings of the quantum circuit are fed into an opti-



Figure 1.2: Block Diagram of the VQE Algorithm.

mizer running on a classical computer. The classical computer's task is to update /optimize
the circuit parameters, which are then fed back into the quantum computer to create a
new quantum state. This cycle is repeated until some convergence criteria are satis ed (i.e.
ground state energy in the case of VQE)).

In contrast to quantum algorithms developed for the fault-tolerant era, VQASs are highly
suitable to current noisy quantum hardware. This suitability stems from utilizing classical
optimizers for parameter tuning, which helps keep the quantum circuit depth shallow,
hence mitigating noise. The algorithm's modular structure and suitability to current and
near-term systems have led to its widespread use. In fact, exploring various aspects of VQAs
is a key part of the research on quantum systems, and identifying the conditions under
which this class of algorithms will succeed is still an open question (Preskill 2018).

VQAs have been applied to a wide variety of applications (Cerezo et al. 2021a) such as
guantum chemistry (Kandala et al. 2017; McClean et al. 2017; Nakanishi et al. 2019; Parrish
et al. 2019), combinatorial optimization (Mohammadbagherpoor et al. 2021; Lin and Zhu
2016; Wang et al. 2018), and machine learning (Schuld et al. 2021; Havli cek et al. 2019;
Romero et al. 2017; Turtletaub et al. 2020; Abbas et al. 2021). A prime example of VQAs
is the Variational Quantum Eigensolver (VQE) (Peruzzo et al. 2014). VQE tries to nd the



lowest eigenvalue of a matrix. When used in quantum simulation, the matrix is typically the
Hamiltonian of a system. However, the algorithm is not just limited to nding low energy
eigenstates, but it can be extended to minimize any objective function that is expressible
as a quantum observable (Cerezo et al. 2021b; Ollitrault et al. 2020).

Fig. 1.2 shows the schematic diagram of VQE. The trial wave function is generated by
applying the PQC (U (7)), which is expected to explore the Hilbert space ef ciently. Once the
trial state is prepared, the expectation value of the problem Hamiltonian H is determined.
The Hamiltonian rst needs to be decomposed or “mapped” from its original form (e.g.
fermionic modes) to spin (Pauli) operators in a way that preserves the commu}Dation rela-
tions (Somma et al. 2002). Once decomposed, H can be representedasH = a;P,, where
Pauli string P, is the tensor product of Pauli operators. VQE utilizes classical optimization
to nd suitable parameters for the PQC, with the goal of minimizing the expectation value
of H. The variational principle guarantees that H's expectation value is always greater
than the minimum eigenvalue of the system (the ground state energy  E;), as shown by the
equation

minh jHj i E, 1.1)

where (7) = U (7)j0i is the state vector prepared by the PQC U (7), and E; is the exact
ground state energy of H . As previously mentioned, the choice of the PQC plays an essen-
tial role in the algorithm's and optimizer's performance. The classical optimizer is applied
iteratively to update the PQC parameter set (), and a quantum computer is used to com-
pute information about the Hamiltonian's expectation value for the calculated based on
the measurements. The algorithm is repeated until convergence or an optimizer limit is
reached. Various types of optimization procedures such as gradient descent algorithms or
direct search methods can be used to update the circuit parameters (Cerezo et al. 2021a).

1.3.3 Parameterized Quantum Circuits

A Parameterized Quantum Circuit (PQC) or ansatz is de ned as a tunable unitary operation
U (") that is applied to a quantum state | i, often initializedto jOi " (Simetal. 2019) or a
problem-in uenced initial state. This results in the quantum state

o i=U()] o (1.2)



where ~is avector of a polynomial number of circuit parameters. These parameters can
represent any tunable feature of a quantum operation, but they usually correspond to
angles of rotation gates. A PQC can be further decomposed to a product of L sequentially
applied sub-unitaries (Cerezo et al. 2021a), usually referred to as layers

U (D) =UL(7)-Ua(2Ue() (1.3)

This modular nature of PQCs has been recently compared to classical computing, in which
the parameters of the PQC are analogous to the weights and biases of a classical neural
network (Sim et al. 2019). Similar to the broad spectrum of neural network architectures,
PQC designs can vary widely in their design goals and performance. Nonetheless, they can
be classi ed into two main types: a problem-speci ¢ approach that utilizes knowledge of the
problem to tailor the PQC architecture (Saib et al. 2021; McArdle et al. 2020; Moll et al. 2018),
and a problem-agnostic or hardware-ef cient design (Kandala et al. 2017) that focuses more
on the suitability of the design to hardware (Cerezo et al. 2021a). This dissertation focuses
on the latter type, hardware-ef cient PQCs, and expands on various aspects of their design.

Hardware-ef cient PQCs generally aim at reducing both gate count and circuit depth.
A single layer in this approach is usually composed of single-qubit operations followed
by entangling two-qubit operations based on the physical connections of the hardware.
A multi-layer PQC with this approach has been shown to be more suitable to current
noisy machines compared to unitary coupled-cluster ansatze (Kandala et al. 2017). Fig. 1.3
shows examples of layer designs following this strategy. Additionally, other device-speci c
information such as gate decomposition, physical connections between qubits, crosstalk,
and other noise characteristics can also in uence the design choices for hardware-ef cient
PQCs.

Besides their structure, classifying and understanding the usefulness of different PQC
designs is necessary for better VQA design. The next section (1.3.4) expands further on the
topic.

1.3.4 Expressibility, Trainability, and Entanglement

With the wide range of PQC architectures, a fundamental question is whether a circuit can
adequately prepare the target quantum state. In this regard, researchers have proposed
different metrics to estimate the quality of an ansatz (Sim et al. 2019; Weinstein et al. 2008;



Figure 1.3: Schematic diagram of a Hardware-Ef cient PQC with example layer designs.

Nakaji and Yamamoto 2021; Abbas et al. 2021; Schuld et al. 2021; Holmes et al. 2022). In this
section, we describe the three qualitative metrics we use in this dissertation to estimate a
PQCsexpressibility, trainability , and entanglement.

Expressibility

Proposed by Sim et al. (2019), expressibility (Expr) is de ned as a PQC's ability to produce
guantum states that well represent the Hilbert space. The general idea is to compare the
distribution of states obtained from a PQC's U (™) to the maximally expressive uniform
(Haar) random states. Accordingly, the method can be summarized into four main steps

(Saib et al. 2021):

Step 1: APQC is selected and with a parameter set ~.

Step 2: Pairs of parameter values and their associated quantum states are then sampled
to compute the distribution of quantum delities of the PQC. The delity F is



computed by the squared overlap of two quantum states F
F=jh (i (i 1.4)

where (7)) is the state obtained from initializing the PQC with parameter set 7.
This step is repeated M times to create a probability distribution of delities for
the circuit Peoc(F; 7).

Step 3: For the Haar random states, the probability distribution of delities, Paar (F), can
be computed as follows

Phaar(F)=(d 1)@ F)* 2 (1.5)

where d is the system size or dimension of the Hilbert space.

Step 4: Finally, the expressibility is estimated using the Kullback-Leibler (KL) divergence
(Kullback and Leibler 1951). The two probability distributions are rst discretized
with a histogram and their KL divergence is calculated by nding the difference
between the two delity distributions

Expr= DKL(F’sPQC(F ; iiPraar (F)) (1.6)

In short, a smaller Expr value for a PQC indicates a closer approximation to random states
and, hence, a more expressible circuit.

Trainability

A more expressive ansatz does not necessarily lead to better VQA performance. Itis also
essential to characterize the properties of the VQAS optimization landscape and employ
ef cient training routines to guarantee performance. Perfectly expressive ansatze are actu-
ally proven to have atter optimization landscapes and thus are less trainable (Holmes et al.
2022). The rst work to investigate the trainability of PQCs was by McClean et al. (2018).
Their work proved that a wide variety of PQCs, particularly hardware-ef cient ones, suffer
from vanishing gradients exponentially in the number of qubits - a phenomenon known
asbarren plateaus . This observation has been further expanded by Cerezo et al. (2021b)
to indicate that the occurrence of barren plateaus is cost-function-dependent for shallow
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ansatze. In recent years, more works have shown that other factors can also impact barren
plateaus, such as noise (Wang et al. 2021) and entanglement (Ortiz Marrero et al. 2021; Patti
etal. 2021).

A general de nition of a cost function can be

C=h ju'M™MO( WU (D) i (1.7)

where U (7)is the ansatz unitary actingonstate j i,and O(! )= i L O is an observable or
Hamiltonian that acts nontrivially on a subset of the circuit qubits ( local) or the total circuit
qubits ( global). The classical learning algorithm minimizes C by updating a parameter ;
through the use of the partial derivatives (i.e., é@i) which represents the contribution to the
gradient @C from the change in parameter @ ;. In Section 2.4, we utilize cost-function-
dependent barren plateau analysis (Cerezo et al. 2021b) to evaluate our PQC's trainability.
We use Var[@C], which represents the variance of the partial derivative of the cost function

C with respectto ; for n sampled circuits. The magnitude of the variance quanti es the
partial derivative's concentration around zero (Cerezo et al. 2021b). Thus, smaller values
indicate less trainability.

Entanglement

Entanglement measurement quanti es the amount of entanglement contained in a quan-
tum state. Itis rst essential to realize the advantages of generating highly-entangled states
for VQASs. Prior works have shown that highly-entangled PQCs are potentially more capable
of capturing non-trivial correlations in the quantum data and ef ciently represent the
solution space for tasks like the ground state preparation or data classi cation (Sim et al.
2019; Hubregtsen et al. 2021; Kandala et al. 2017; Schuld et al. 2020; Havlicek et al. 2019).
On the other hand, excessive entanglement can possibly lead to concentration of measure,
making a PQC too random and less trainable (Ortiz Marrero et al. 2021). In recent works,
entanglement has been investigated as a primary source of barren plateaus (Ortiz Marrero
et al. 2021; Patti et al. 2021). With such tradeoffs between entanglement and trainability,
optimization problems vary in their utilization of entanglement for performance (Chen et al.
2022; Woitzik et al. 2020; Wiersema et al. 2020; Diez-Valle et al. 2021). This ultimately leads to
the importance of developing a comprehensive understanding of the role of entanglement

in VQAs.
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There exist several methods for quantifying entanglement (Sim et al. 2019; Bennett
et al. 1996; Koashi 2007; Vidal et al. 2002). In this work, we use the bipartite entanglement
entropy, which is the Von Neumann entropy of the reduced density matrix of any of the
subsystems, to estimate the spread S of circuit entanglement

S=Tr[ log, ] (1.8)

where isthereduceddensity matrixof (n 1)=2connected qubits containing as many cost
function qubits as possible (Patti et al. 2021). In Section 2.4, we analyze the entanglement
of our PQCs by observing both S and Hamiltonian Tomography (HT) (Sheldon et al. 2016)
results and tie this to their trainability with respect to cost function size and the number of
layers.
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CHAPTER

2

PULSE-LEVEL OPTIMIZATION OF
VARIATIONAL QUANTUM ALGORITHMS

2.1 Introduction

Looking at various limitations in current noisy quantum hardware, one might rstthink that

the development of such systems at this stage relies heavily on guantum hardware engineers
and experimental physicists. However, algorithm designers have successfully contributed
to pushing limitations such as limited numbers of qubits, limited qubit connectivity, and
coherence times by designing algorithms tailored for such systems. For example, the Varia-
tional Quantum Algorithm (VQA) employs a quantum-classical approach to counter current
device limitations.

The general framework of VQA begins with identifying a problem-speci ¢ cost function.
Next, a trainable Parameterized Quantum Circuit (PQC) or ansatz is used to evaluate this
cost. This PQC is then trained in a hybrid quantum-classical loop that tries to minimize the
cost. By pushing the parameter optimization load to the classical optimizer, VQAs are able
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to run short-depth circuits and hence are very suitable for current machines (Cerezo et al.
2021a).

Two of the most prominent examples of VQAs are the Variational Quantum Eigensolver
(VQE) (Peruzzo et al. 2014), and the Quantum Approximate Optimization Algorithm (QAOA)
(Farhietal. 2014). With VQAs being one of the most promising candidates for demonstrating
advantage, and with various companies and institutes releasing devices with  10s—100s of
qubits, VQAs have become one of the most investigated topics in quantum computing
research. They are established as major quantum workloads, with researchers proposing
optimizations to their implementation through all layers of the quantum computing stack
(Cerezo et al. 2021a).

In this chapter, we demonstrate how a deeper understanding of quantum device control
can impact VQA. We optimize VQASs by exploring the lowest level of quantum control: pulse-
level access (Alexander et al. 2020; McKay et al. 2018), targeting the most integral part of the
algorithm, its ansatz. There exist several ansatz architectures: ones thatare problem-specic
and others that are problem-agnostic creating Hardware Ef cient Ansatz (HEA) (Kandala
etal. 2017). We focus on HEA in this chapter.

One major problem VQAs encounter is the occurrence of barren plateaus in PQC training.

It has been proven that if an anstaz is suf ciently random, the gradient of the cost function
vanishes exponentially with the number of qubits (McClean et al. 2018). Therefore, the
majority of studies on PQCs (McClean et al. 2018; Cerezo et al. 2021b; Patti et al. 2021;
Ortiz Marrero et al. 2021; Chen et al. 2022; Grant et al. 2019; Cervera-Lierta et al. 2021;
Stokes et al. 2020; Crooks 2019; Garcia-Saez and Latorre 2018; Sim et al. 2021; Watanabe
et al. 2021) focus mainly on trainability and optimization procedures, and less attention

is given to their device-speci ¢ performance and optimization. More recently, hardware-
oriented analysis and optimization of PQCs has been explored in (Saib et al. 2021; Magann
et al. 2021; Choquette et al. 2021; Ravi et al. 2021; Liang et al. 2022; Grimsley et al. 2019;
Meitei et al. 2021; Asthana et al. 2022; Rattew et al. 2020; Wang et al. 2021). A core design
challenge in this direction is realizing the degree to which hardware should in uence the
algorithm implementation without sacri cing performance (McClean et al. 2018). Thus,

our goal in this chapter is to identify a suitable combination of algorithm and hardware
metrics that can guide pulse-level VQA optimization approaches.

From the hardware side, we utilize Hamiltonian Tomography (HT) (Sheldon et al. 2016),
an accurate Hamiltonian calibration technique, to characterize our pulse implementa-
tions. We utilize HT to benchmark and optimize the cross resonance (CR) gate (Sheldon
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et al. 2016; Chow et al. 2011; Stancil and Byrd 2022), the entangling gate used by IBM's
superconducting backends. We utilize the results obtained from HT to analyze our PQCs
for the algorithmic descriptors (discussed in Section 1.3.4): expressibility (Sim et al. 2019),
entanglement entropy, and trainability (McClean et al. 2018; Cerezo et al. 2021b; Patti et al.
2021). Our pulse-optimized PQCs achieve a speedup of up to 2.9x with an average of 2.51x
over a base PQC design. We demonstrate VQE performance for MaxCut and Chemistry
benchmarks on IBM's 27-qubit machine ibmqg_montreal , accessible through the IBM Quan-
tum cloud service. Our algorithm performance results show that in at least three cases, the
pulse-optimized PQC con gurations outperform the base PQC in trainability and solution
quality. A preprint of the work presented in this chapter is available on the arXiv (Ibrahim
etal. 2022).

2.2 Background

2.2.1 Pulse-Level Control of Quantum Systems

The lowest level of control of a quantum computer is through  pulses. Such a level of control
can be realized/ enabled by a classical microprocessor with an embedded pulse digital-to-
analog converter (Alexander et al. 2020). A pulse is de ned as a time-series of complex-
valued analog amplitudes, each called a sample, applied to qubits on any type of input
channels, at each system cycle time dt (Alexander et al. 2020). Typically, the timing of
scheduled operations is inconsequential in the standard quantum circuit model as long
as the order of non-commuting operators is preserved (Metodi et al. 2006; Alexander et al.
2020). However, timing considerations are very critical once we move to the pulse model
on quantum hardware such as transmons (Alexander et al. 2020; McKay et al. 2018).
Quantum computers are routinely calibrated to account for drifts in their state by
updating their experimental parameter settings (Gokhale et al. 2020; Murali et al. 2020;
Tannu and Qureshi 2019). Such calibrations are key to obtaining the translations from gates
to pulses or pulse schedules. For example, current IBM quantum backends implement the
X gate as an almost-Gaussian DRAG pulse (Motzoi et al. 2009) (with a carrier frequency
equal to that of the ground-to-excited state transition), while  Z and R, ( ) gates are purely
implemented in software (Gokhale et al. 2020). Figures 2.1(a) and (b) show a quantum
circuit and its corresponding pulse schedule. We demonstrate pulse control of quantum
systems using IBM's framework for pulse-level access, Qiskit Pulse (Alexander et al. 2020;
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Table 2.1: Qiskit Pulse Channels Summary

Channel Description

DriveChannel d; Main drive channel connected to qubit i, with signals modulated at the resonance frequency of the qubit
MeasureChannel m; | Connected to the readout component of qubit i

ControlChannel u; Transmit channel associated with arbitrary interaction between speci ¢ 2 qubits j and k
AcquireChannel a; Connected to the readout component of qubit i to digitize and acquire measurement data

McKay et al. 2018). Table 2.1 shows a summary of the different pulse channels used in IBM
machines and their descriptions.

2.3 Methodology

2.3.1 Dissecting the Cross Resonance Gate

The Cross Resonance (CRjate is an all-microwave entangling gate, obviating the need for
tunable qubits or couplers (Sheldon et al. 2016; Rigetti and Devoret 2010; Chow et al. 2011;
Stancil and Byrd 2022). This feature makes for better scaling to larger numbers of qubits by
minimizing the overhead of control electronics and control wires (Lanzerotti et al. 2005;
Sundaresan etal. 2020). Thus, the CR gate emerged as a promising two-qubit entangling gate
in quantum architectures based on planar, xed-frequency superconducting transmons
(Sundaresan et al. 2020; Sheldon et al. 2016). Transmon qubits are designed to have reduced
sensitivity to charge noise while maintaining suf cient anharmonicity, allowing the lowest
two levels to be addressed as a qubit (Koch et al. 2007).

For a pair of coupled xed-frequency transmons, a CR interaction is realized by driving
the control transmon at the frequency of the target transmon. This interaction produces an

effective Hamiltonian of the form (Alexander et al. 2020)
. z A+I B

CR™ 2 2

A=l 7T+ X+ 29y Y +1 277 (2.1)

B=! yX+! yY+! ,Z

where each term represents Pauli operators applied to both control and target, with the
control being rst and the target being second in the tensor product reading from left to
right. For example, the term %! 1z 1Z corresponds to Pauli- | and Z operators applied to
the driven control and target qubits, respectively, generating an uncontrolled (because of
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the Pauli- I on the control) Z -rotation on the target transmon of strength ! .

Ifisolated, the Z X conditional rotation term in (2.1), with rotation angle 3, would result
in the unitary Uzx(3) = e '#%X, which is locally-equivalent to the standard CNOT (up to
single-qubit gates). The CNOT gate is suf cient for universal quantum computation when
combined with arbitrary single-qubit operations (Sundaresan et al. 2020; Alexander et al.
2020). However, the other terms in the effective Hamiltonian (2.1) are coherent error terms
and “unwanted” for generating the unitary equivalent to CNOT. Developing strategies to
characterize and control these terms in order to create high- delity entangling gates is still
ongoing research (Sundaresan et al. 2020; Alexander et al. 2020). Fig. 2.1(a) and 2.1(b) show
IBM Quantum's standard echoed technique used to suppress these terms and implement
the CNOT gate. This pulse sequence is comprised of three main components:

» Echoed CR Pulses: two CR pulses with opposite phases on the control channel (u)and
two single-qubit pulses on the drive channel, one before each CR pulse. This sequence
(grouped with the echoed CR pulses) refocuses / echoes away unwanted terms (mainly
I X and Z 1) inthe interaction Hamiltonian (Corcoles et al. 2013; Alexander et al. 2020).

» Compensation Pulses : also known as target rotaries, these are used to address and
reduce errors identi ed in the echoed CR Hamiltonian arising from driven ZZ in-
teractions and classical crosstalk ( 1Y ). Additionally, they suppress unwanted entan-
glements with target nearest-neighbors or spectatorsdue to static coupling, without
increasing the CR pulse length (Sundaresan et al. 2020).

« Single Qubit Pulse : An additional single-qubit pulse on the target X _ used to build a
CNOT from the generated Uy (= 2) unitary. This sequence can be “reversed” in that
the physical CR control qubit may be alogical CNOT target qubit with the appropriate
addition of single-qubit gates.

In the next section (Section 2.3.2), we use our understanding of the CR Hamiltonian and
pulse sequence to implement a pulse-ef cient entanglement gate suitable to VQASs.

2.3.2 Custom Entanglement Gate Implementations

Table 2.2 shows Qiskit's gate decomposition of some of the available two-qubit gates on
IBM Quantum devices. We notice that CNOT is a base of these decompositions since itis
a basis gate for IBM backends. Our main design principle is that PQCs do not necessarily
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Figure 2.1: (a) The gate representation of the CR-based CNOT implementation. (b) The
equivalent pulse sequence on ibmg_montreal . Note that all pulse parameters (durations,
amplitudes, etc) shown are speci c to qubits 23 and 24 from the device calibrations. The
circular arrows represent phase shifts. Note here that pulses are scheduled withan  As-Late-
as-Possible (ALAP)Method, which minimizes the idle time between instructions on the
same channel and maximizes the qubitidle time before the rst pulse (Alexander et al. 2020).
The pulse envelopes are lled with bright and dark colors representing the real (in-phase)
and imaginary (quadrature-phase) components of the waveform, respectively.  (c) The
Custom entanglement gate implementations for the same set of qubits. The parameters for
the upper pulse CR(= 4) (shown on channel U532 are derived from the calibrations returned
by the instruction_schedule_map . The lower pulse CR(150ns) (shown on channel U53
uses a xed duration of 150 ns.
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Table 2.2: Decomposition of Some IBM two-Qubit Gates
using Qiskit's Transpiler

Gate Decomposition

Controlled- Z 2 single-qubit gates, 1 CNOT
Controlled- R, 2 single-qubit gates, 2 CNOTs
Controlled-Phase 3 single-qubit gates, 2 CNOTs
Controlled- H 6 single-qubit gates, 1 CNOTs
Controlled- U ( , , ) | 4single-qubit gates, 2 CNOTs

need such standard two-qubit gates, but the goal is to use two-qubit entangling gates in
general (Kandala et al. 2017). Therefore, we utilize pulse-level access to quantum systems
to design a faster entangling gate.

Fig. 2.1(c) shows the pulse schedule of two custom entanglement gates: CR(= 4)and
CR(150ns). CR( = 4)'s implementation is based on the standard CNOT shown in Fig. 2.1(b),
where each pulse's ampand duration are carefully calibrated for each qubit. For example,
the CNOT's CR tone directions intentionally avoid qubit-qubit collisions: accidentally
driving terms with control-spectators (Magesan and Gambetta 2020). Moreover, its pulses
are calibrated to the largest amplitude without noticeable leakage in order to reduce the
duration which the qubit is subject to decoherence (Gokhale et al. 2020; Krantz et al. 2019).
Thus, as its name suggests, CR( = 4) uses the rst CR tone in the CNOT's echoed cross-
resonance sequence to achieve a Z X rotation of = 4. We chose a xed duration of 150ns for
our second entangling gate CR(150ns) (similartothe gates usedin (Kandalaetal. 2017)), with
the goal of minimizing the effect of decoherence without compromising the optimization
accuracy. The xed duration is the average duration for the  CR(= 4) gate for different
backend pairs. For the rest of pulse parameters in both CR gates, we chose to utilize the
daily calibrations performed on IBM quantum devices. In this work, we demonstrate how
straightforward pulse-level optimizations along with PQC analysis parameters such as
trainability can lead to better algorithm performance. In future work, will explore optimizing
the CR pulse parameters with different ansatze and study their correlation with trainability
more closely.

We generally modify the standard CNOT implementation in the following way:

* We removed the echoed CR sequence and replaced it with one, bare CR tone (Shel-
don et al. 2016). As a result, we also remove the X rotations on the control channel
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associated with the sequence. This design choice was made for two reasons: First,
by reducing the duration to less than half that of the basis CNOT, we speed up our
custom gate compared to any standard two-qubit gate. With limited coherence times

in today's noisy quantum systems, even small improvements to single- and two-qubit
gate speeds are essential and can signi cantly enhance performance (Jurcevic et al.
2021). Second, the echoed CR sequence (as mentioned in Section 2.3.1) cancels un-
controlled single-qubit rotation terms suchas | X and Z 1 in the CR Hamiltonian. We
make the case that such terms are unwanted when the target unitary is CNOT, but
not in our case.

« We removed the target rotary pulses (target qubit pulses). As mentioned in Section
2.3.1, these rotary echoes are used to suppress the driven Z Z interaction and entan-
glements with target spectators (Takita et al. 2017). We argue that entanglements with
the target's spectators are not necessarily detrimental to the VQAs and this should be
further explored.

In Section 2.4, we use HT to extract unitary representations of our custom gates, assum-
ing a block-diagonal cross resonance Hamiltonian.

2.3.3 Characterizing CR-based Gates

Characterizing the pulse gates is essential to understanding their components and perfor-
mance. For this purpose, we used Hamiltonian Tomography (HT), an accurate Hamilto-
nian calibration technique developed by Sheldon et al. (2016), to estimate the coef cients
(strengths) ! (s) of the CR Hamiltonian terms in (2.1).

Fig. 2.4(a) and (b) show the gate and pulse sequence for HT. The experiment is performed
by applying a CR tone (or the echoed CR tones for the standard implementation) with
different durations. The target qubit is then measured by projecting to the X,Y,and Z
bases, with the control qubit eitherinthe 0or 1 state. The measurements (from the resulting
six sets of experiments) are of the expectation values of each term in the Hamiltonian. It
is important to note that HT is not sensitive tothe  Z 1 term arising from a Stark shift (an
off-resonant drive that dressed the qubit frequency) because the control qubit is in an
eigenstate of the Z operator. Thus, an additional Ramsey experiment on the control qubit
was performed to estimate the strength of this term.
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Figure 2.2: (a) The mapping of the two PQC con gurations shown in (b) and (c) on ibmq_-
montreal . (b) The basecon guration using CNOT as entangling gates. (c) The PLO_angand
PLO_dur con gurations using CR (3) or CR(150ns) as entangling gates respectively.

Estimating the CR Hamiltonian terms can also be used to extract the unitary represen-
tation of custom gate implementations according to Schrodinger's equation
Uy, = e Her (2.2)

where Hcris our CR Hamiltonian, and t representsthe CRtone's duration . This unitary can
then be used to further analyze the PQCs for algorithmic descriptors such as expressibility,
trainability, and entanglement.
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Figure 2.3: Execution time for different PQC con gurations.

2.4 Results and Evaluation

2.4.1 Experimental Setup

We conducted our experiments on ibmqg_montreal , a 27-qubit backend available through
IBM Quantum Services. The backend has average T, and T, times of 124.11 sand 107.29 s
respectively, and an average CNOT error rate of 1.227e 2. Note that these values uctuate
and are monitored through daily calibrations available through Qiskit.

Fig. 2.2(b) shows one layer of a base n-qubit PQC design. We will refer to PQCs con-
structed using this layer as basePQCs. Fig 2.2(c) shows a single layer design utilizing our
CR-based entanglement gates. We refer to PQCs utilizing these gates as Pulse-Level Op-
timized PQCs orPLO. We refer to PQCs that use the CR( = 4) gate asPLO_ang, and PQCs
utilizing CR(150ns) asPLO_dur. We used a linear entanglement arrangement in both cir-
cuits, which applies two-qubit gates to neighboring qubits only. The mapping of the circuits
on ibmg_montreal 's topology is shown in Fig. 2.2(a).

In this section, we analyze the three PQC designs' circuit duration, expressibility, train-
ability, and entanglement. Then, we evaluate their performance for a set of chemistry and
MaxCut problems.
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2.4.2 Circuit Duration

We analyzed the three PQC con gurations for total gate count, circuit depth, and duration.
Since the three con gurations share the same structure, they have identical gate counts
and circuit depth (not shown). This was expected as our optimization is pulse-level and
does not change the circuits' structure.

To measure the duration of base we compiled the circuit with the three levels of op-
timization available in Qiskit and picked the lowest duration. We left the measurement
operation out of our speed calculations. As we mentioned in Section 2.3.2, optimizations
leading to faster quantum circuits are crucial as we are still competing with limited qubit
coherence times.

Fig. 2.3 shows the execution time for different con gurations. We observe a speedup of
up to 2.28 inthe execution time of PLO_ang compared base with an average speedup
of (2.2 ). PLO_dur on the other hand observes a maximum speedup of (2.9 over base
with an average of (2.8 ). This is a direct result of using faster two-qubit entangling gates.
As shown in Fig. 2.1(c), the custom gates are at least (2 ) faster than the standard CNOT.
This reduction in duration is essentially equivalent to reducing the number of layers by
half, as the echo pulse and subsequent CR( = 4) are removed. As the CR(150ns) use a xed
duration comparedto CR( = 4)'s calibrated duration, PLO_dur observes an average speedup
of (1.28 ) over PLO_ang.

2.4.3 CR Gates Characterization

Table 2.3 shows the characterization of the CR tones using HT. As expected, the CR tones
have a higher strength of the Z X entangling term compared to other Hamiltonian terms
(exceptfor Z1). As our CR implementations do not use an echoed pulse implementation,
we see a high frequency for the Z1 term. However, this doesnt affect affect the algorithm
performance as VQAs are unaffected by coherent terms which can be dealt with by the
optimizer. Notably, the CR tones also experience a high frequency of the | X term as a result
of not using the echoed CR sequence.

As mentioned in Section 2.3.3, this characterization was used to obtain the unitary
representation of our pulse gates according to (2.2) by substituting t with the appropriate
pulse duration (i.e. 150ns for CR(150ns) and the calibrated duration for CR(= 4)). The
unitaries were then used to analyze the PQCs in the following sections for expressibility,
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Figure 2.4: (a) The circuit diagram for the CR Hamiltonian Tomography experiment. The  p
gate is used to drive the control qubit to the O or 1 states. The target qubit is then measured

by projecting it to the X (green dotted square), Y (red dotted square), and Z bases.(b)
Shows the pulse sequence for the experiment shown in (a) measuring the target qubit in
the X basis. The gure also shows the different pulse parameters that are changeable as

part of the experiment.
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Table 2.3: Average strength of CR Hamiltonian terms across all backend pairs

Term | Avg Frequency (MHz)
Iy 0.69645487
5y -0.0112463
I, -0.04056

. -0.1102794

l iy 0.03167672
s 0.03557382
Ly 14.5783

entanglement, and trainability.

2.4.4 Expressibility

We used state-vector simulation to perform the necessary sampling for expressibility calcu-
lation, as detailed in Section 1.3.4. As we mentioned in Section 2.4.3, the unitary represen-
tations of the CR-based gates were used in the sampling of the PLO PQCs.

Fig. 2.5 shows the expressibility of the three PQC con gurations with varying numbers of
gubits and layers. As mentioned in the background, a lower value means better expressibility
for the circuit using the KL divergence measure. For PQCs with a number of layer (L > 1), we
see that the basecon guration is more expressive than PLO. The inset of Fig. 2.5 shows the
average increase in expressibility of baseover PLO as a function of L. For base we observe a
higher average increase in expressibility with shallow numbers of layers, with a maximum
of 24% over PLO PQCS atL = 3. The difference in expressibility gradually decreases as we
add more layers and expressibility values saturate.

This reduction in the PLO PQCs' expressibility is not necessarily harmful to the per-
formance. As we mentioned in Section 1.3.4, ndings by Holmes et al. (2022) indicated
that more expressive PQCs do not directly produce more trainable ones, and PQCs that
are “too expressive” may actually produce smaller variance in cost gradients and hence,
be harder to train. Their results also suggest that ansatze need not be highly expressive;
instead, it is more important that they are trainable and contain a solution to the problem.
With that, the PLO con guration proves to be more trainable (Section 2.4.6). Our algorithm
performance results (Section 2.4.7) further con rm that this reduction in expressibility
does not harm the algorithm performance and can, in fact, optimize it.

25



Figure 2.5: Expressibility of different PQC con gurations (number of qubits & layers).
(Inset) Shows the average increase in expressibility for baseover PLO PQCs as a function of
the number of layers.

2.4.5 Entanglement

Fig. 2.6 shows the trend of entanglement entropy for the three PQC con gurations with
increasing circuit depth. The results are obtained for  9-qubit PQCs with a 4-5 partition, as
showninthe gure. We see fromthe trend linesthat basealways creates more entanglement
compared to PLO PQCs. Thebasecon guration has an entropy that is, on average, 2.58
higher than PLO's across all circuit depths. Such reduction in entanglement is expected
due to the short durations of the CR tones used in PLO compared to CNOT. We also see
that the entropy difference drops as we increase the circuit depth before the values reach
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