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Abstract. Quantum computers do not run in isolation; rather, they are
embedded in quantum-classical hybrid architectures. In these setups, a
quantum processing unit communicates with a classical device in near-
real time. To enable efficient hybrid computations, it is mandatory to
optimize quantum-classical hybrid code. To the best of our knowledge,
no previous work on the optimization of hybrid code nor on metrics for
which to optimize such code exists.

In this work, we take a step towards optimization of hybrid programs by
introducing seven optimization routines and three metrics to evaluate the
effectiveness of the optimization. We implement these routines for the
hybrid quantum language Quil and show that our optimizations improve
programs according to our metrics. This lays the foundation for new
kinds of hybrid optimizers that enable real-time collaboration between
quantum and classical devices.
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1 Introduction

In recent years, quantum computing has advanced from a theoretical possibil-
ity researched in foundational physics to the development of working quantum
computers on which quantum algorithms can be executed. Mainly, quantum
computers serve as stand-alone executors of pure (quantum) programs. For this,
one first encodes the program as a quantum circuit [2-4]. A CPU then sends this
circuit to a quantum processing unit (QPU), which executes it and sends the re-
sults of the execution back to the CPU [5]. This mode of execution only requires
non-real-time communication capabilities between the CPU and the QPU.
Some algorithms, in contrast, require real-time communication [6-12] be-
tween the CPU and the QPU, i.e. communication within the coherence time of
the qubits. In this execution model, the circuit to be executed is not fixed in
advance. Instead, the CPU obtains intermediate computation results during the
execution of the circuit and may influence subsequent execution steps. This al-
lows to, e.g., reduce the quantum resources required by an algorithm [10-13] or
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to check whether a desired quantum state has been created [7-9,14-16]. We call
quantum programs that require real-time communication between the CPU and
the QPU real-time hybrid (quantum) programs.

Modern quantum computers are significantly resource-constrained and only
offer limited and costly access for researchers. Hence, it is worthwhile to optimize
programs prior to execution. The optimization of pure quantum programs is an
active field of research [17-20]. In contrast, to the best of our knowledge, no
work exists on the optimization of hybrid quantum programs.

In this work, we take a first step towards optimization of hybrid programs
by investigating the following research questions:

RQ 1 Which optimizations are applicable to hybrid quantum programs?
RQ 2 How can the effectiveness of the optimization routines be measured?

To answer these questions, we introduce seven optimization routines and
three metrics to evaluate the effectiveness of the optimization. We implement
these routines for the hybrid quantum language Quil [21] and show that our op-
timizations improve programs according to our metrics. This lays the foundation
for new kinds of hybrid optimizers that enable real-time collaboration between
quantum and classical devices.

This work is structured as follows: We will first give an overview of related
work about quantum optimization (cf. Section 2). Then we will give background
information about compiler construction, real-time quantum architecture and
the programming language Quil (cf. Section 3). We will explain how we analysed
Quil programs in Section 4. We will present metrics to evaluate quantum-classical
algorithms (cf. Section 5) and propose optimization strategies (cf. Section 6). In
the end, we will evaluate our optimization strategies in Section 7 before we
discuss future work (cf. Section 8).

2 Related Work

Optimizing quantum circuits is an active field of research [17-20]. The opti-
mization of quantum circuits involves NP-hard problems, like T-count optimiza-
tion [22], a fault-tolerant implementation of topological error-correction [23], or
parameter optimization with specific requirements on the circuit [24]. Research
about quantum circuit optimizations usually does not consider the interaction
between classical and quantum components of a larger computing system [17-20].
This also holds for Quilc [25], the compiler provided for Quil code. This compiler
offers optimization routines for quantum circuits only. To the best of our knowl-
edge, no work exists on the optimization of hybrid quantum programs, and no
hardware manufacturer implements any such optimizations.

There are different metrics that quantum circuits have been optimized against.
One of these metrics is the number of gates in a circuit. An automated optimiza-
tion has been proposed by Nam et al. [26] that reduced the gate count. Likewise,
Bae et al. [27] reduced the gate count by creating a quantum mechanical ver-
sion of Karnaugh maps [28]. Puram, Karuppasamy and Thomas [29] lowered



the number of gates and the circuit depth by exploiting algebraic expressions
representing the quantum circuit.

Some works focus on reducing one type of gate. For example, Gheorghiu et
al. [30] proposed a method to reduce the CNOT gate count. This helps to simplify
the mapping of logical to physical qubits in QPUs with limited connectivity.

Other research uses reinforcement learning in order to optimize quantum cir-
cuits. Fosel et al. [18] presented a reinforcement learning approach which showed
to be able to reduce the depth and gate count on random 12-qubit circuits.
Négele and Marquardt [31] applied reinforcement learning on ZX-diagrams [32]
that represent quantum circuits. Quietschlich, Burgholzer and Wille [33] used
methods from classical compiler optimization to create a reinforcement learning
approach. Ruiz, Laakkonen and Bausch [19] introduced AlphaTensor-Quantum,
a method to optimize the T-count of a circuit. AlphaTensor-Quantum uses deep
reinforcement learning. Li et al. [20] developed Quarl, a quantum circuit opti-
mizer working with reinforcement learning. It decomposes the action space into
two parts.

Another way to do quantum circuit optimization is pattern matching. This
technique is about finding all matches of a small circuit (pattern) in a large
circuit, while considering the commutation relations of quantum gates. A frame-
work that exploits pattern matching is QCIR, developed by Chen et al. [34].
QCIR internally uses a pattern description format, introduced in the same work.
Iten et al. [35] presented a classical algorithm which provably finds all maximal
matches for a pattern matching algorithm on a quantum circuit.

Another approach is to use genetic programming to enforce quantum circuit
optimization. Gemeinhardt et al. [36] proposed QeQuPl, a framework that au-
tomatically debugs and improves quantum circuits using genetic programming.
Similarly, Wei et al. [37] developed an automatic circuit optimization method
that is based on genetic programming.

Multiple optimizers have been developed in other research. Pointing et al. [38]
created Quanto, a quantum circuit optimizer that considers circuit identities
and automatically generates new ones. Similarly, the quantum circuit optimizer
Quartz by Xu et al. [39] automatically generates and verifies circuit transforma-
tions for arbitrary gate sets. Paykin et al. [40] presented PCOAST, which does
optimizations by exploiting commutation relations of Pauli strings. POCAST
considers during its optimization procedures whether the quantum state of the
qubits needs to be preserved at the end of the calculation, or if we are only inter-
ested in measurement outcomes. Hietala et al. [41] developed VOQC, a verfied
optimizer for quantum circuits. It uses the Coq proof assistant [42] for verifica-
tion. Coq functions are applied to transform the quantum circuit and are proofed
to be correct.

There does exist research that considers the inclusion of quantum computers
in classical computing systems [43-46]. These works, however, only consider pure
quantum programs or the construction of a complete software stack for the use of
quantum computers. Our work, in contrast, considers one particular level of such
a software stack as will be required for future hybrid computing applications.



3 Background

In this section, we provide an overview about classical compiler construction
in Section 3.1, describe the architecture for real-time quantum computation in
Section 3.2 and introduce the Quil language in Section 3.3.

3.1 Compiler Construction

Modern compilers typically go far beyond simply translating a program from
a source language into a target language. Instead, they optimize for the target
language as well as the target environment. Typically, they perform multiple
machine-independent as well as machine-dependent passes. Designing novel op-
timization passes and choosing the optimal order of passes for a given program
remains an active field of research [47-51].

Each compiler pass either gathers information about the program, or it
changes its structure without changing its semantics. We call the former and
latter passes analyses and transformations, respectively. Typically, transforma-
tions use the information extracted by analyses.

Table 1: Typical analyses and transformations [52].

Analyses Transformations

Available expressions Constant folding
Constant propagation Copy propagation
Live-variable analysis Dead code elimination
Reaching definitions

There exist a plethora of complex analyses and transformations. In this work,
we adapt a number of classical optimization passes to the setting of hybrid
programs. We present these operations in Table 1 and provide a brief overview
below. For a more detailed discussion, we refer the reader to the work of Aho,
Lam, Sethi, and Ullman [52].

Available expressions is about checking whether the result of evaluating
an expression is available at a program point p. An expression is available if
it is evaluated on every possible path between the start of the program and
p. Additionally, there must not be new assignments to a or b between the last
evaluation and p.

Constant-propagation means to check whether a variable holds a unique
constant value at a program point p.

Live-variable analysis is used to determine which variables are still “in
use” (alive) at a point p of the program. If there is any usage of a variable’s
value between p and the program halt, it is alive. Otherwise, it is dead. Values
of dead variables have no influence on the remaining program, and they do not
need to be considered any further.
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Fig. 1: The refined HQCC model (from [11, Fig. 2]). Dotted lines indicate slow
communication (longer than the coherence time of the qubits), the continuous
line indicates fast communication (shorter than qubit coherence time).

Reaching definitions is used to determine which definitions of a variable
can reach a program point p.

Constant folding is evaluating constant expressions and replacing the ex-
pressions by their values.

Copy propagation checks when a copy statement (e.g. a = b) is given,
whether a can be removed and b be used instead of a.

Dead code elimination removes “dead” (or useless) code from the pro-
gram. This affects unreachable code as well as code that computes values which
are never used.

3.2 Real-Time Quantum Architecture

Real-time communication refers to the exchange of information between the CPU
and the QPU during the qubit coherence time. This communication is crucial for
tasks such as applying gates to qubits based on prior measurements or adjusting
parameters of quantum gates in response to previous measurement outcomes.
It is mandatory for some algorithms and can be used to reduce quantum re-
sources of a calculation or to check whether a desired quantum state has been
created. Examples for real-time algorithms are quantum teleportation [6], ac-
tive reset [7], magic state distillation [14-16], repeat-until-success [8,9], iterative
phase estimation [10,11], and Shor’s algorithm for 2n + 1 qubits [12,13].

To execute real-time quantum computation, a refined heterogeneous quantum-
classical computation (HQCC) architecture is needed [11] (see Figure 1). We will
assume this architecture in this work. A co-CPU and the QPU form a quantum
component, which gets a quantum program from the main CPU and returns
the results to said main CPU. This component can apply real-time feedback on
qubits and execute classical instructions. The classical calculations are limited
by the coherence time of the qubits, but not by the abilities of the co-CPU.

The HQCC architecture provides an interesting hardware case, as we work
with two calculation components: The co-CPU and the QPU. Both devices work
in parallel, and only influence each other on defined points (e.g. measurements).

In the following, we will refer to the co-CPU as CPU, unless stated otherwise.



3.3 The Quil Programming Language

Quil [21] is an assembly-style low-level language developed by Rigetti to specify
quantum-classical computations on an abstract machine architecture. In this
subsection, we give an overview of the instructions that Quil provides, to the
extent that it is relevant in this work. For a more extensive overview, we refer
the reader to the paper introducing Quil [21].

The Quil ecosystem consists of the language specification as well as some
additional tools: PyQuil [53], a Python library to generate and execute Quil code.
Quilc [25], a compiler that compiles Quil circuits to circuits a defined hardware
can execute. And the Quil-Lang quantum virtual machine (QVM) [54], that can
simulate the execution of Quil code.

In Quil, integer indices are used to refer to qubits. Quil supports four classical
variable types: BIT, OCTET, INTEGER, and REAL. Classical variables need to be
declared before usage, e.g. DECLARE a BIT. Qubits do not need to be declared
upfront.

Quil offers different categories of instructions, namely

— quantum gates: Instructions that name a gate and at least one qubit that
is applied to the gate, e.g.H 0, or CNOT 0 1.

— parameterized quantum gates: Quantum gate instructions with gates
that receive a classical parameter, e.g.RZ(angle) 0, with the classical pa-
rameter angle. Quantum gates that receive a fixed value (e.g.RZ(1.57)) do
not count as parameterized in the context of this work.

— classical instructions: Calculations applied on classical variables. The clas-
sical instruction set is turing-complete. It is comparable to the instruction
set of the Assembly language [55]: For example, MOVE writes the value of the
second variable into the first, ADD adds the value of the second variable onto
the value of the first, and NEG negates the given variable [56, 6.5].

— measurements: Instructions that measure the value of a qubit. The value
can, but does not have to be, saved in a classical parameter. E.g.: MEASURE 0 ro
or MEASURE 1.

— control structures: One can define labels (LABEL @label_name) and jumps.
Jumps can be conditional (e.g. JUMP-WHEN @label name cond) or uncondi-
tional (e.g. JUMP @label_name).

Quantum gates that are not parameterized can be exclusively executed by
a QPU and are therefore quantum instructions. Classical instructions can be
exclusively executed by a CPU and are therefore classical instructions. All other
instructions, including control structures, need to be executed by the QPU and
the CPU at the same time, and are therefore hybrid instructions.

We explore the optimization Quil code with respect to heterogeneous archi-
tecture.

4 Analysis of Quil Programs

In order to optimize Quil programs, we first have to analyze their structure. We
will optimizie the analyzed Quil programs in Section 7.
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Fig. 2: Creating basic blocks in the CFG from alternating quantum and classical
instructions.

To the best of our knowledge, no benchmark database for the real-time
quantum-classical use case exists. As most works focus on quantum circuits,
there are relatively few algorithms with real-time feedback properties. We chose
to work with four algorithms that are mentioned frequently in literature. Creat-
ing an extended benchmark database is out of scope for our work and is a topic
for future work.

The four real-time quantum classical algorithms used in this paper are:

— Quantum teleportation [6]

Magic state distillation [14-16]
Repeat-until-success [8,9]

— Iterative phase estimation (IPE) [10,11]

The code for the algorithms is given in [57], alongside the results of the
analysations described in this section.

In this section, we will describe how to do control flow analysis and data-
dependence analysis on Quil.

4.1 Control Flow Analysis

A way of analysing a program for different compilation steps is to do a con-
trol flow analysis [58]. This can be done using a control flow graph (CFG). A
CFG represents all possible execution paths of a program. The directed edges
of the graphs represent jumps. The nodes describe a basic block, which are
“sequences of statements that are always executed one-after-the-other, with no
branching” [52, chapter 2.8.1]. This means that a jump on the current instruction
as well as a label (jump target) at the next instruction end a basis block [52, chap-
ter 8.4.1].

We created a CFG [58] for all programs we evaluate. To show which device
executes which instructions, we divide the instructions depending on their type.



Each node/basic block of the CFG consists of either only quantum instructions,
only classical instructions, or only hybrid/control structures. Quantum and clas-
sical instructions that are executed without a hybrid/control instruction in be-
tween are written into two parallel basic blocks. An example of this is shown
in Figure 2. By creating a CFG in this way, one can easily see which parts of
the code are executed by which device(s).

4.2 Data-Dependence Analysis

Most optimization techniques depend on data-flow analysis [52, chapter 9.2]. One
way to do data-flow analysis is to create a data-dependence graph (DDG)! [59,
chapter 5.3.2] of the program. A DDG is a directed graph. Nodes represent basic
blocks (or, in our case, single instructions) of a program. An instruction A is
a successor of instruction B in the graph, if A has to be executed after B in
order for the program to be correct, e.g. if A and B access the same variable.
Edges only appear between instructions/nodes if no other instruction C' has to
be executed between A and B.

We create a DDG using information from the Quil program and the CFG.
Every node of the DDG holds a single Quil instruction. The edges indicate the
order in which the instructions have to be executed. This is done by checking
variable dependency. Unconditional jumps are resolved before creating the DDG
and not listed as nodes.

Conditional jumps in the program pose a problem to the DDG. If a condi-
tional jump targets an already executed line, it introduces circular dependencies.
This could only be resolved exactly if we knew the number of iterations, which
would be analogous to solving the Halting problem, and therefore not generally
possible.

We resolve this issue by creating a DDG only up to the next conditional jump.
By that, we can receive multiple DDGs for a single program, all depicting a part
of the program. One of the DDGs is the start DDG, which is the DDG describing
the entry of the program. Additionally, we have one or multiple halt DDGs, which
include the program instructions last executed before the program terminates.
All DDGs beside the start DDG start at the jump target of a conditional jump.
If an instruction is the target of multiple conditional jumps, we create multiple
DDGs. An example for a program that results in multiple DDGs is given in
Listing 1, and the corresponding DDGs in Figure 3.

For the IPE, we resolved conditional jumps before DDG creation. In the
executable IPE, we use the code given in Listing 2 to add 1 to param no_pi [0]
if lastMeasurement [0] is 1.

Conditional jumps have to be used, as Quil’s semantic does not allow adding
a bit-value to a real value. In the IPE that is used for the DDG and during the
optimization, the above code is changed to the one in Listing 3: The bit value is
directly added to the real value.

! Also called program-dependence graph [52, chapter 11.8.2].



1 DECLARE m BIT

2 HO

3 MEASURE O m

4 JUMP-WHEN @label m

5 YO
6 LABEL @label
7 Z 0

& MEASURE O m

Listing 1: An example for Quil code that results into multiple DDGs. The cor-
responding DDGs can be found in Figure 3.

Start DDG Halt DDG 1 Halt DDG 2

onciars morr] [0 |

MEASURE m 0 ’ Z0 ‘ ’MEASURE 0 m‘

’ JUMP-WHEN Q@Qlabel m‘ ’MEASURE 0 m‘

Fig. 3: An example for multiple DDGs originating from one Quil code. The code
can be found in Listing 1.

1 DECLARE param_no_pi REAL[1]
2 DECLARE lastMeasurement BIT[1]

4 JUMP-UNLESS @noaddl lastMeasurement [0]
5 ADD param_no_pi[0] 1
6 LABEL @noaddil

Listing 2: Executable version of adding 1 to parammno_pil[0] if
lastMeasurement [0] is true. Quil’s semantic does not allow to add a
BIT variable to a REAL variable. Therefore, we need conditional jumps.



1 DECLARE param_no_pi REAL[1]
2 DECLARE lastMeasurement BIT[1]

4+ ADD param_no_pi[0] lastMeasurement [0]

Listing 3: Version we use for analysation of adding 1 to param no_pi[0] if
lastMeasurement [0] is true. The BIT value is directly added to param_no_pi [0]
to avoid conditional jumps.

While Quil’s semantic forbids this construction, it has the same logical effect:
Adding 1 to param no_pi[0] if lastMeasurement [0] is 1. This is done to prevent
conditional jumps in the IPE algorithm, which makes the optimization and its
evaluation simpler. This has only been done for IPE, not for the other algorithms.
The CFGs and DDGs for all algorithms can be found in our GitHub repository
alongside our code [57].

5 Metrics for Quil Programs

How to best evaluate quantum-classical algorithms is an open question. While
there are some metrics for the evaluation of quantum circuits available (cf. Sec-
tion 2), extending them to the quantum-classical case is not straightforward.
Two widely used metrics, the numbers of gates and the circuit depth, do not take
into account classical calculation nor interaction between classical and quantum
calculations.

In this work, we assume a relatively simple execution model, which has an
execution time of 1 per instruction and no communication latencies. This model
does not accurately depict real-world quantum computers, but suffices for our
proof of concept. A more accurate description is dependent on the hardware and
out of scope for this work. We plan to access this question in future work.

We propose three metrics to statically evaluate quantum-classical Quil pro-
grams: Wall time, quantum instruction number (QIN), and quantum calculation
time (QCT). The metrics can be used to optimize Quil programs against or
to evaluate how well optimization methods worked. Our GitHub repository [57]
provides the functionality to evaluate Quil programs with respect to our metrics.
We evaluate our optimization methods against our metrics. The results are given
in Section 6.

5.1 Wall Time

The wall time of a program is the total time from the start to the end of a
program. To calculate the wall time of a hybrid quantum-classical algorithm, we
need to consider that the CPU and the QPU work in parallel.



DECLARE theta BIT[1] CPU QPU
DECLARE m BIT[1] DECLARE theta BIT[1] | H0
HO DECLARE m BIT[1] H1
Hi _— CNOT 0 1
CNOT 0 1 RZ(1.57) 1
RZ(1.57) 1 CNOT0 1
CNOT 0 1
MEASURE 0 m[0] CPU and QPU
MOVE theta 0.7 MEASURE 0 i)
CPU
MOVE theta 0.7

Fig.4: An example of a Quil execution that has a wall time of 7.

We asses how long the program would take to execute while considering that
all instructions have an execution time of 1. Whenever possible, the CPU and the
QPU execute instructions in parallel. Two parallel executed instructions receive
an execution time of 1 together. At a hybrid or control instruction, one device
waits for the other. For example, the program in Figure 4 has a wall time of 7.

The wall time is calculated for all DDGs of a program and summed up for
comparison of syntactically different representations of the same program. This
means that if two identical DDGs exist due to instructions being targets of
multiple jumps (cf. Section 2), that DDG is counted twice.

5.2 Quantum Instruction Number

Quantum instructions can introduce error into a calculation, as quantum gates
of noisy intermediate-scale quantum (NISQ) devices do not have perfect fidelity.
Therefore, minimizing the QIN is sensible.

The number of quantum instructions per DDG are counted and summed up
for comparison to other codes. Hybrid instructions are included in the counting,
as the QPU and the quantum state are considered during hybrid calculations.

5.3 Quantum Calculation Time

As quantum states in a QPU have a limited coherence time, it is sensible to
minimize the time the QPU has to keep the qubits coherent,i.e. the time during
which the QPU calculates. This value is the QCT. As we assume that each
instruction needs a time value of 1, the time is given in units of the instruction
number.

For the calculation of the QCT, we assume the best case: The QPU starts
with the first quantum instruction on the latest possible time such that the
CPU does not have to wait for the QPU at the first hybrid instruction. Further,
the QPU calculates the quantum instructions after the last hybrid instruction
directly after the hybrid instruction. Additionally, the QPU has to keep the



quantum state stable during the wall time between the first and last hybrid
instruction.

It should be noted that a reasonable program has no quantum instructions
after the last hybrid instruction. This would only create quantum information
which is destroyed again, as it would have to be measured for further usage.
Measurement, again, would be a hybrid instruction.

This results in a QCT 7¢g of

TQ = 6tbetween + Nq_before + Nq_after (1)

with the wall time between first and last hybrid instruction (including these
hybrid instructions) §tpetween, the number of quantum instructions before the
first hybrid instruction nq pefore, and the number of hybrid instruction after the
last hybrid instruction nq_after- An example can be seen in Figure 5.

DECLARE r REAL Classical
Ng_before = 2 DECLARE m BIT Classical
HO Quantum
YO Quantum
MEASURE 0 m Hybrid (first)
HO Quantum
Z0 Quantum
Otbetween = 6 MOVE r 2 Classical
RZ(r) 0 Hybrid
HO Classical
MEASURE 0 m Hybrid (last)
Z0 Quantum

Nq_after = 1 {

Fig.5: An example of determining 0tpetweens Mg before and Mg qfrer from Quil
code. The QCT is the sum of these three values.

A difficulty of this metric arises when the program is divided into more than
one DDG. The first hybrid instruction in the start DDG is the globally first
hybrid instruction. The last hybrid instruction in the halt DDG is the globally
last hybrid instruction. If there are multiple possible last DDGs, we take the
one that causes the longest QCT (worst-case). The QCT is calculated by the
number of quantum instructions before the first hybrid instruction and after
the last hybrid instruction. Additionally, the wall time of all other DDGs and
between the first and the last hybrid instruction (included) are added.

If the last DDG has no quantum instruction, it does not add to the QCT.
The wall time of all other DDGs is simply added, as every DDG necessarily ends
at a hybrid conditional jump.

Note that, in an ideally optimized program, a DDG with only classical in-
structions should not exist, as this could be calculated completely by a main
CPU and does not have to be sent to a CPU-QPU complex.



Table 2: Instruction Number (instr. no.), wall time, QIN, and QCT of the original
Quil files of the different algorithms. The instruction number and wall time are
calculated per DDG.

Example program Instr. no. Wall time QIN QCT

Quantum teleportation 8, 2, 2 6,2, 1 9 10
Magic state distillation 67, 63,6 62,62,6 66 130
Repeat-until-success 12, 11, 10,79, 10,9, 6 34 35
IPE 55 45 25 33

Table 2 shows the values of the different metrics for our initial implementa-
tions of the algorithms. We will look at strategies to improve (i.e.,reduce) the
values in the next section.

6 Optimization Strategies

In this section, we aim to create a set of optimization methods for heterogeneous
quantum-classical architectures. The optimizations are done statically by a main
CPU, before the program is send to the CPU-QPU component. Our GitHub
repository [57] provides the functionality to apply these optimization methods
to a Quil code.

In the beginning, we will derive some optimization strategies from already
well established classical (machine-independent) strategies. Afterwards, we will
design strategies specifically targeting the quantum-classical nature of real-time
code.

6.1 Strategies Adapted from the Classical Case

We will examine if and how the classical machine-independent optimizations
mentioned in Section 3.1 can be applied to the quantum-classical heterogeneous
case. Some optimization methods are not sensible for the quantum case, but
could in principle be implemented for the classical part of the algorithms. We
did not implement these optimizations, to keep our focus on quantum-classical
hybrid code.

It is insensible to try to determine available expressions in Quil. Instruc-
tions that calculate an expression a e b and assign the result to another variable
do not exist. Instead, quantum operators act directly on qubits. Additionally,
the results of classical calculations are stored in one of the involved variables.
For example,

ADD a b (2)
is interpreted as

a:=a+b. (3)



1 DECLARE a INTEGER
2 DECLARE b INTEGER

3 MOVE a 3
4 ADD a 10
5 MOVE b 7

¢ MOVE a 10

Listing 4: An example of Quil code with live and dead variables. Assuming a is
a readout variable, it counts as dead in line 4, as the addition result is not read
anywhere before a is written to in line 6. b is dead in line 5, as it is not read
afterward.

We apply constant propagation to the classical and the quantum part of
the code.

For the classical part of the code, the algorithm works as follows: A classical
value is recognized as constant by a MOVE instruction if the instruction moves a
constant value onto it. E.g

MOVE a 10 (4)

results into a having the constant value 10.
A variable remains constant until it is being written to again.

ADD b a (5)

writes and reads b, but only reads a, thus a remains constant. This means if b
was constant before the instruction the algorithms recognizes b to be constant
at the reading part of the instruction, but b looses its constant state afterward.
This would even hold if a was replaced by a constant value. Constant folding
will replace the instruction by a MOVE instruction if a and b were constant at
read-time.

For the quantum part of the code, we restrict ourselves to the Pauli-basis and
single qubit gates. This was done to avoid an exponential scaling of the constant
propagation algorithm while trying to keep track of arbitrary quantum states.

A qubit is constant with the value Pauli X Zero at the start of the program
and after a RESET. The constant propagation checks at which instructions a
constant qubit “arrives” with a specific value, either because it is initially used
or has been reset before, or because constant folding has shown that it remained
in a constant Pauli basis after a gate application.

Live-variable analysis can be used for the classical and quantum parts of
heterogeneous programs.

A classical variable counts as dead if it is not read until the variable’s value
is overwritten or the program terminates. For the application of this algorithm,
we need to know which classical variables hold readout values, i.e. which values



need to be reported back to the main CPU at the end of the quantum-classical
program. These variables are by default alive at the end of the program, which
is handled as if there was an additional read of the variable after the halt of the
program. An example is given in Listing 4.
A qubit counts as dead if its information content does not influence any
classical information from the current instruction until the end of the program.
The qubit can safely be called dead at a program point p if it is

— not used by any multi-qubit gate, and
— not measured with the result saved in a classical variable

until

— the end of the program, or
— the next reset.

The variable may be entangled with other variables. Due to the no-communication
theorem [60], operations on a qubit A cannot influence the measurement result
on other qubits without using a measurement result of A. This even holds if
A and the other qubits are entangled. Therefore, we do not have to check for
entanglement if a qubit will not be used by any multi-qubit gates in succeeding
instructions and if the result of a measurement on it will not be considered in
the program.

We can only apply live-variable analysis at the halt DDG of the program,
as we cannot say whether a variable will be used in future DDGs. This limits
the usage of the live-variable analysis. Live-variable analysis could be applied
to non-halt DDGs in a restricted manner: All values count as alive at the end
of the DDG (handled as if a read-instruction is about to follow). If a variable
is dead because its value is overwritten within one DDG, it can still safely be
called dead. However, our current implementation [57] does not support this.

Reaching definitions can be implemented for the classical Quil variables by
checking DECLARE and MOVE statements. Quil programs do not offer define/de-
clare statements for qubits, neither direct assignment of a value to a qubit.
Therefore, applying reaching definitions to the quantum part of the program is
not sensible. As we focused on quantum-classical routines, we did not implement
reaching definitions for the classical part of the programs either.

Constant folding can be applied on classical and quantum parts of our
hybrid code. In classical instructions, all constant variables that are read are
replaced by their constant values. This means, e.g.,

ADD a b (6)
is replaced by
ADD a 10 (7)

if b has a constant value of 10. The same holds for parameterized quantum gates.
If the classical parameter is constant, it is replaced by the constant value.



If a value that is written to is constant and additionally, all read values in
the instructions are constant, the instruction is replaced by a MOVE instruction.
As an example: If a is 5, b is 7 and the instruction is

ADD a b, (8)
it is replaced by
MOVE a 12 (9)

as a would be 12 after the addition.

For the quantum part of the program, constant folding calculates the result
of the application of a gate on a qubit. This is only calculated if the qubit is
constant beforehand (i.e.in a Pauli basis, as defined by constant propagation)
and a single-qubit Clifford gate acts on it. We calculate the next Pauli state and
still assume the qubit as constant (i.e.in the respective Pauli state).

Constant folding for qubits can be done efficiently for Clifford gates due
to the Gottesman-Knill theorem [61]. To avoid dealing with entangled states
during constant propagation, we generally assume qubits to be non-constant
after a multi-qubit gate.

Due to this, we only trace the constant value of a qubit until the first non
single-qubit or non-Clifford gate acts on it. This means we are tracing the six
Pauli basis states as values of the qubits.

Measurements are in general considered to be random and write non-constant
values in the classical values. The only exception is if we know that a qubit is
either in the |0) or |1) state. In that case, the classical value receives the constant
value 0 or 1.

Copy propagation can be used in the classical part of heterogeneous code.
It is not sensible for quantum code due to the no-cloning theorem [62,63].

Dead code elimination can be applied to classical and quantum instruc-
tions. We use the results of the live-variable analysis about which variables are
dead. Classical code is dead if all variables written to in the instruction are dead.
Quantum code is dead if all qubits an instruction acts on are dead. This also
holds for parametrized quantum gates. All dead instructions are deleted.

These were optimization methods taken from the compilation routine of
purely classical code. We end up with constant propagation, live-variable analy-
sis, constant folding, and dead code elimination for the quantum-classical case.

6.2 Strategies Designed for Quantum-Classical Calculations

Besides the classical methods, we can apply algorithms that are specific for
the heterogeneous quantum-classical architecture. We introduce three algorithms
targeting quantum-classical architecture in this work: An analysis operation that
finds hybrid-dependencies, and the two transformation operations instruction
reordering and latest possible quantum execution.

Finding hybrid-dependencies checks which instructions have to be exe-
cuted before a hybrid node becomes executable. This analysis first finds all hybrid



1 DECLARE m INTEGER[1]

2 HO
3 MEASURE 0 m
4 RZ@m) O

Listing 5: An example of Quil code with hybrid instructions that depend on
previous lines.

instructions, and afterwards determines which instructions have to be executed
before the respective hybrid instruction by using the DDG. A hybrid instruc-
tion can have other hybrid instructions as dependencies. A hybrid instruction
“blocks” the instruction dependencies for all other hybrid instructions.

For example, Listing 5 contains the hybrid instructions MEASURE and RZ (m).
All other lines have to be executed before RZ(m). But the only direct dependency
we save for it is MEASURE, as MEASURE is a hybrid instruction and depends on
H and the DECLARE instruction as well. For MEASURE, the dependencies H and
DECLARE are saved.

Instruction reordering can be done as long as instructions dependent on
each other are still in the same order. The DDG provides information about the
dependent instructions.

The goal of this routine is to reorder the instructions to maximize the number
of parallel executions of the CPU and QPU. In other words, the time in which
only one device is calculating and the other one is idling should be minimized.

The two devices only influence each other through hybrid nodes. To prevent
long waiting times of one device for the other, we use the knowledge we gained
from the DDG and the finding hybrid-dependency analysis.

Listing 6 shows the pseudocode of the instruction reordering algorithm. If the
CPU or the QPU have to wait for the other device before a hybrid instruction, the
algorithm aims to avoid that the waiting device does not execute instructions. It
is checked whether there are instructions for the waiting device that can already
be executed, i.e.for which all dependencies have been executed. If this is the
case, the waiting device can execute the instructions while waiting instead of
idling.

Latest possible quantum execution is one method to keep the total
execution time of the quantum device small.

The goal of this algorithm is to execute as many classical instructions as
possible before the QPU starts to work. For this, the execution of instructions
is reordered in the following way:

— All classical instructions that are not dependent on a quantum instruction
are executed at the start.

— The first quantum instruction is executed such that the QPU and the CPU
reach the first hybrid node simultaneously. This is again done with the as-
sumption that each instruction has an execution time of 1.
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21

Input:
instruction_ddg: The instructions of the programm with the

— dependencies of the instructions.

OQutput:
execution_queue: The (probably new) order in which the instructions
— should be executed. Must keep the topological order of

— instruction_ddg.

execution_queue + empty list
relevant_instructions_list ¢« hybrid instructions and last instruction
— of instruction_ddg
next relevant_instruction to be executed:
dependencies ¢+ instructions that still need to be executed
— before relevant_instruction in instruction_ddg
quantum_number ¢ amount of quantum instructions in
— dependencies
classical_number « amount of classical instructions in
— dependencies
Add dependencies to execution_queue
while new instructions in instruction_ddg are excutable wrt
— current execution queue and quantum_number !=
< classical_number:
if quantum_number > classical_number:
Add executable classical instructions to
— execution queue
else:
Add executable quantum instructions to
— execution queue
Update quantum_number and classical_number according
— to the number of added instructions
add relevant_instruction to execution_queue

repeat

Listing 6: Instruction reordering algorithm.



After setting up this set of optimization operations, we will check in the next
section how these operations could optimize example algorithms.

7 Evaluation

In this section, we will examine how the optimization operations introduced in
Section 6 affect the quantum algorithms mentioned in Section 4. Some of the
algorithms from Section 4 are not sensible for the quantum case, but can in prin-
ciple be applied to the classical part of a quantum-classical algorithm. To keep
our focus on the hybrid code, we only implemented the optimization routines
that can be applied on quantum and classical parts of the code. This results
in the implementation of constant propagation, live-variable analysis, constant
folding, dead code eliminiation, finding hybrid-dependencies, instruction reorder-
ing and latest possible quantum reordering. We implemented these optimization
strategies, the codebase can be accessed at our repository [57].

Determining the best order to apply optimization operations on a given code
(phase-ordering) is an open question in classical compiler architecture [50,51].
Finding a sensible order is out of scope for this work, and we will simply draw
operations to apply to the codes at random. We do this 500 times for each algo-
rithm and apply 50 optimization operations every time. Although the sequence
of operations was random, specific analysis and transformation routines had to
follow one another in a prescribed order, as certain analysis operations provide
the necessary background information for subsequent transformation operations.
The optimization routine consisted of a permutation of the following operations
succeeding each other:

Constant propagation — constant folding.
— Live-variable analysis — dead code elimination.

Finding hybrid-dependencies — instruction reordering.

Finding hybrid-dependencies — latest possible quantum reordering.

Which means we did 25 random draws per optimization routine.

Table 3: Best (i.e. minimal) wall time, instruction number, and QCT that could
be reached by random application of 50 optimizations. No given number indicates
that no improvement could be done compared to the original program. The QIN
has never been improved. The original values can be found in Table 2.

Example program  Wall time Instr. no. QCT

Quantum teleportation - - -
Magic state distillation 53, 53, 6 - 112
Repeat-until-success - - -

IPE 35 51 30




After all optimization operations had been applied, the metrics of Section 5
were calculated for the optimized Quil program. The best resulting values for
the metrics to evaluate Quil programs against can be seen in Table 3.

No improvements were observed in comparison to the original programs for
quantum teleportation and repeat-until-success protocols. The IPE’s wall time,
instruction number, and QCT could be reduced by 22% (wall time), 7.3% (in-
struction number), and 9.1% (QCT).

The magic state distillation’s wall time (summed over all DDGs) could be
reduced by 14%, its QCT dropped by 14% as well. It yields the same values for
all metrics in every optimization iteration.

Table 4: The results of optimizing the iterative phase estimation with respect
to the metrics we evaluate the code against. 500 runs have been done. The
frequencies of the different combinations of wall time, instruction number, QIN
and QCT are given. The bold results are the best ones for this metric (only given
if the metric does not have the same result for all sets).

Wall time Instr. no. QIN QCT Result frequency

35 51 25 30 49.2%
36 51 25 30 43.0%
36 51 25 31 6.6%
37 52 25 30 0.6%
37 53 25 31 0.2%
39 51 25 33 0.2%
39 55 25 32 0.2%

We received varying results for the application of optimization routines on
the IPE algorithm, as outlined in Table 4. The most frequent results are a wall
time of 35, an instruction number of 51, and a QCT of 30. This is not only the
most frequent result set, but also the result set with most optimal values for all
metrics. The second most frequent result has a value of 36 for the wall time.

8 Discussion and Future Work

In this work, we demonstrated that it is possible to optimize quantum-classical
code based on the metrics we introduced. While the programs we applied this
approach to showed modest improvements, the results highlight the potential for
further enhancement in future applications. As our results indicate, no improve-
ments were observed for quantum teleportation or repeat-until-success. This is
likely due to the relatively low number of instructions within these applications,
which may limit the potential for optimization.

Nevertheless, we expect the optimization of heterogeneous quantum-classical
programs to become more relevant in the future. The development of more ab-



stract quantum programming languages will lead to more compilation steps be-
tween the written program and the hardware, which will also lead to a bigger
need of optimization routines. Therefore, we emphasize that the optimization of
quantum-classical code is something that should be investigated in more detail.

For evaluation purposes, we had to generate multiple DDGs of a Quil pro-
gram, eliminating circular dependencies and loops to apply our optimization
metrics (cf. Section 7). In contrast, loops are a significant portion of classical
programs, making loop optimization a key factor in improving overall program
performance [52].

It would be valuable to explore how loop optimizations and branch prediction
techniques can be applied to quantum-classical programs. One straightforward
approach could be to eliminate a conditional jump if static analysis confirms
that the result is certain.

For our evaluations we assumed a rather simple model of a quantum com-
puter. Every instruction had an execution time of 1 and communication latencies
between QPU and CPU were omitted. In reality, CPUs execute an instruction
much faster than QPUs, and the execution time for one instruction in a QPU
varies greatly with the qubit technology used. Additionally, the execution time
of one-qubit and multiple-qubit gates often differs [64-67]. An additional con-
sideration is the fact that quantum gates can be executed in parallel if they
operate on distinct qubits. Succeeding work could examine in more detail how
this affects quantum-classical optimization.

In Section 2 we mentioned that there is research on circuit optimization fo-
cused solemnly on the quantum circuit. Combining these quantum circuit opti-
mizations with the optimizations we derived from classical procedures is another
non-trivial problem we strive to investigate in the future.

9 Conclusion

The aim of this work was to explore optimization strategies for heterogeneous
calculations, where a quantum processing unit interacts with a classical device in
near-real time. While much research has focused on optimizing quantum circuits,
little attention has been given to the classical component in real-time quantum-
classical calculations. Additionally, there has been a lack of established metrics
for evaluating the performance of quantum-classical hybrid programs.

In this context, our work makes a significant contribution by introducing
three performance metrics—wall time, quantum instruction number, and quan-
tum calculation time—to assess the efficiency of hybrid programs. Furthermore,
we proposed seven optimization operations for heterogeneous Quil programs, in-
cluding constant propagation, live-variable analysis, constant folding, dead code
elimination, finding hybrid dependencies, instruction reordering, and latest pos-
sible quantum execution.

Through practical evaluation, we demonstrated that these operations can
indeed optimize programs based on our proposed metrics. This work paves the
way for the development of new hybrid optimization techniques, enhancing the



potential for real-time collaboration between quantum and classical devices. By
providing both the foundational metrics and optimization operations, we be-
lieve this research opens up exciting avenues for future advancements in hybrid
quantum computing.
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