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Abstract—Quantum circuit serves as a popular programming
model that describes the computation using a set of quantum
gates, which requires generating a sequence of pulses that
collect the operation of each gate for superconducting quantum
devices. However, existing quantum synthesis frameworks, like
IBM OpenPulse [1], involve massive redundant computation
during pulse generation, suffering from a high computational
cost when handling large-scale circuits. In this paper, we propose
QPulseLib, a novel library with reusable pulses that can directly
provide the pulse of a circuit block. To establish this library, we
transform the circuit and apply convolutional operators to extract
reusable patterns and pre-calculate their resultant pulses. Then,
we develop a matching algorithm to identify such patterns shared
by the target circuit. Experiments show that QPulseLib achieves
158.46 x and 16.03x speedup for pulse generation, compared to
OpenPulse and AccQOC [2].

Index Terms—quantum computing; pulse generation; pre-
synthesis;

I. INTRODUCTION

Quantum computing has been demonstrated with the ability
to offer polynomial or even exponential speedup in certain
areas, such as chemistry simulation [3], database search [4],
and combinatorial optimization [5]. Quantum circuit is a
widely-used programming model that describes the computa-
tion by quantum gates [6]. When deploying these applications
to superconducting quantum hardware, there require specific
pulses to implement the operation of quantum gates and
control the evolution of qubits. Specifically, the transformation
from quantum circuits to pulses refers to the synthesis process
that generates a discrete pulse for each gate, with specific
shapes and timing dependency.

However, the synthesis process suffers from a high time
cost, especially for large-scale quantum circuits, due to the
overwhelming computational complexity for calculating the
parameters of pulses. For example, it takes 2,190.67 seconds to
generate the pulse sequence for a 300-qubit quantum multiplier
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Fig. 1. Time breakdown of circuit synthesis for (a) Hamiltonian simulation [7]
and (b) QKNN [8] at 300 qubits with OpenPulse [1], indicating pulse
calculation accounts for 84.9% and 87.1% synthesis time, respectively. Among
them, 74.1% and 80.4% of the time is redundant.

circuit using OpenPulse [1], which involves 191,903 single-
qubit gates and 121,095 two-qubit gates. Figure 1 provides the
breakdown of the synthesis time on the circuits of Hamiltonian
Simulation [7] and QKNN [8], suggesting that the most time
is spent on the computation of pulses for quantum gates. Such
time-consuming synthesis fundamentally results from gate-
by-gate pulse generation, which exhibits massive redundant
computation that repeatedly calculates the pulse for the same
circuit pattern. Taking the 300-qubit quantum multiplier circuit
as an example, we observe that 65% computation of Open-
Pulse is used for the same circuit pattern.

In this paper, we propose QPulseLib, a pulse library that
consists of reusable patterns to reduce the overall synthesis
time for pulse generation. To establish this library, we first pa-
rameterize the circuit into a matrix representation that records
the gate position and the gate type in each element. Then, a
convolutional operator is applied to this matrix, which extracts
the features of a sub-circuit block into a single value. By
setting an elaborate convolutional kernel, the blocks that share
the same value indicate the same circuit feature, identified as
the reusable pattern. The library is built upon the pulses that
are pre-calculated from the reusable patterns of various circuit
benchmarks. For a target circuit, we develop a greedy-based
algorithm to match the patterns in the pulse library. In other
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words, we can directly obtain the pulse of the matched pattern
from QPulseLib without calculating the pulse gate by gate. The
contributions of this paper are summarized as follows:

o We propose QPulseLib to accelerate the pulse generation
of quantum circuits, which provides significant acceler-
ation in the pulse generation, compared to the current
state-of-the-art method [2]. Moreover, our approach ex-
hibits high scalability that can support the synthesis with
hundreds of qubits.

o We propose a novel pulse library that covers the reusable
patterns derived from various circuit benchmarks, which
leverages a convolution-based method to identify the sub-
circuit that is reused by multiple circuit benchmarks.

o« We propose a greedy-based matching algorithm to al-
locate the block that shares the same sub-circuit in the
library, to enable the end-to-end acceleration.

Experiments show that, compared to OpenPulse [1] and Ac-
cQOC [2], QPulseLib achieves 158.46x and 16.03x speedup
for pulse generation time, 10.91x and 1.21 X speedup for end-
to-end synthesis time, respectively. Our pulse library exhibits
up to 82.3% reuse rate on 15 circuit benchmarks.

II. BACKGROUND

A. Circuit Synthesis

A quantum program is commonly represented as a quantum
circuit and then synthesized into pulse sequences for hardware
control. For superconducting quantum devices, the pulse se-
quences are sent via digital-to-analog converters (DACs) to
manipulate the quantum processor. There are mainly two steps
in circuit synthesis: circuit transpilation and pulse generation.

Quantum circuit. The quantum circuit is regarded as
the representation of high-level quantum programs for the
implementation on real-world quantum devices. The primary
components of a quantum circuit are qubits and sequential
quantum gates [9], [10]. Qubits store information about the
circuit, while the quantum gates indicate the evolution of this
information. We define layer as the fundamental unit of the
qubit timeline. Within each layer, gates for each operated qubit
are executed in parallel.

Circuit transpilation. The process of transpilation [11]
involves converting the original quantum circuit into an ex-
ecutable form while incorporating various optimizations, such
as circuit mapping optimization [12] and noise optimiza-
tion [13], [14]. Advanced quantum programs may consist of
diverse gate operations. However, not all these gates can be
implemented on quantum hardware [15], [16]. To address this
challenge, these gates must be decomposed into basis gates
that can be executed locally. Through mapping processes and
gate transformation, the optimized circuit becomes executable
on specific quantum devices.

Pulse generation. Generally, control pulses for supercon-
ducting quantum devices are basically generated and scheduled
following the timeline of the circuit. For each gate, the related
functions are called to obtain its pulses, which are then

QPulseLib

(a) Pulse generated with time schedule
RX—RY
N i X

(b) Pulse generated with pattern pulse library

time

(¢) QPulseLib

Fig. 2. (a) Pulse generated by time schedule. Pulses are calculated following
time schedule. (b) Pulse generated by QPulseLib. Pulse sequence is generated
using pre-generated pulses after circuit matching. (c) QPulseLib.

concatenated in chronological order. Finally, many individ-
ual pulse segments are scheduled in time and concatenated
together to form the final sequence.

B. Specific Pulse Generation Process

Superconducting quantum qubits undergo state evolution
by applying control pulses [17], [18]. Changes of states and
phases for qubits in Hilbert space are made through accurate
control of continuous pulses, labeled as gates in the quantum
circuit. A pulse sequence is defined as the collection of pulses
for the circuit. Pulse sequence consists of a time series with
amplitudes based on a fixed sampling time step [1]. A cycle-
time, referred to as d¢, serves as a fundamental time unit
for superconducting devices. It is typically determined by
the sample rate of the coprocessor’s pulse generators, such
as the field programmable gate array (FPGA). For example,
the control pulse data for a 7 pulse [19] is calculated and
discretized as [sq, $1,- -, S, for each time unit dt on n
sampling points. The amplitude A,, of pulse data in each time
unit is defined as follows:

An _ Re[ei%mdtsn]

where Re refers to the real part of a complex value. During
the pulse generation process, various calculation functions
are called, including Gaussian, rectangular, and sinusoidal
pulses [1]. Discrete pulse signals are then converted by DAC
and sent to the quantum processor for effective hardware
control [20].

The pulses are calculated and concatenated sequentially in
OpenPulse [1], as shown in Figure 2 (a). However, with the
help of QPulseLib illustrated in Figure 2 (c), pulse can be
retrieved and concatenated with the pre-generated pulses from
the pulse library after circuit matching, as illustrated in Figure
2 (b).
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Fig. 3. Overview of QPulseLib, containing (a) construction of QPulseLib,
and (b) pattern matching and pulse generation.

III. QPULSELIB OVERVIEW

The insight of designing QPulseLib lies in the fact that
although pulse generation for executing quantum programs
on hardware is inevitable, pulses can be reused through the
pulse library. The workflow of QPulseLib is shown in Figure
3. Figure 3 (a) illustrates the initial step of constructing
the QPulseLib with a set of small-scale quantum circuits,
such as the ISING model [21], QKNN model [8], and VQC
model [22]. For instance, the ISING-3¢q indicates a quantum
circuit of ISING model with 3 qubits. The construction of
the QPulseLib will be presented in Section V-A. After circuit
transformation, the quantum circuit is represented as circuit
matrix for circuit matching, which will be described in Section
IV-A. The library consists of frequent reusable sub-circuits
extracted from these circuits and their corresponding pulses.

QPulseLib leverages a pulse library to reuse pulses and
minimize synthesis time for large-scale circuits, even those
comprising over a hundred qubits sharing patterns with the
library. Specifically, the process involves initiating an empty
pulse sequence, and subsequently collecting the pulses with
matched patterns into the sequence, as detailed in Section V-B.
Figure 3 (b) illustrates the initial step of transforming the target
circuit into a circuit matrix (Section IV-A), where each sub-
matrix captures the information about adjacent gates in the
circuit, as explained in Section IV-B. QPulseLib then applies
convolutional operators to the circuit matrix and compares
the results to the pattern in the pulse library, introduced in
Section V-A. For the matched pattern, the resultant pulse is
concatenated to the pulse sequence. Through the complete

matching of the circuit matrix, QPulseLib finally generates
a pulse sequence for the entire circuit.

IV. EXTRACTING CIRCUIT FEATURES

The overview in Section III suggests that the speedup of
QPulseLib mainly results from identifying reusable pulses. To
this end, we should extract the frequently-used patterns that
occur in various quantum circuits and find out the same sub-
circuit shared among them. In this section, we propose an
efficient pattern extraction method to capture such patterns,
which consists of matrix-based circuit transformation and
convolution-based quantification.

A. Transforming Circuit to Matrix

Each element of the circuit matrix represents one gate,
which stores the information about its operation and its pa-
rameters of a gate. For a circuit with N qubits and M layers,
the matrix size is N x M. For example, each element e,, ,
in the n'" row and m!"* column of the matrix corresponds to
a gate that operates on qubit timeline ¢, in the m!* layer.
Note that we only consider three basis gates after circuit
transpilation: single-qubit gate RX, single-qubit gate RY, and
two-qubit gate CZ. Specifically, there are three cases for the
matrix assignment:

o If there is a single-qubit gate (RX, RY), its value is
expressed as a complex indicating the gate types and the
rotation of the gate. As current superconducting quantum
hardware does not implement z-axis rotation [23], we adopt
a complex value to record the gate rotations in the x-axis
(RX gate) or y-axis (RY gate), using the real value or
imaginary value. For example, the value of an RY gate,
with a rotation angle of 7, is gi.

o As there is only one type of two-qubit gate (CZ), its value
records the position of the operated qubits. For example, for
a two-qubit gate (CZ) in layer k, with the operated qubits
on the n** and n/** timeline, its value is expressed as 3 x
(n—n') and B8 x (n—n')i. B x (n—n') is the value of the
control qubit, while 3 X (n —n')i is the value of the target
qubit. S is a constant determined by the voltage bias of CZ
gates.

o For the element with no gate operation or just an identity
gate (a wait cycle for a single-qubit gate), its value is set to
0.

In a word, the position of gates is encoded as the index
of elements in the matrix. And the parameter of gates is
encoded as the value. That is to say, a block from the circuit
corresponds to a sub-matrix, as shown in Figure 4. This
encoding scheme ensures to thoroughly transform the entire
circuit into a quantitative manner.

B. Extraction using Convolutional Operator

To accelerate the generation of pulses, our goal is to identify
the reusable blocks in the matrix representation. Therefore,
we propose to utilize a convolution kernel, which acts like
a sliding window in the circuits and performs dot-product in
the window. For a kernel K, ; with size r X s, the sliding
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Fig. 4. Two-step process to conduct circuit matching with QPulseLib through convolution. In this example, we set 3 to 10.

window includes r qubits in s layers. The convolution result
is denoted as conwv_rst. The kernel is designed to ensure that
the sub-matrix containing the same elements always produces
the same convolution output. The same conv_rst indicates
the same sub-matrix occurs in the circuit. If we observe a
conv_rst that matches an entry in the library, we then conduct
a comparison between the matched pattern in the library and
the block in the target circuit. Once the comparison results are
also consistent, we can leverage the pre-calculated pulse in the
library. For example, the sub-matrix in the red box in Step I
of Fig 4, is firstly applied with a kernel of 2 x 4, obtaining the
conv_rst of 7+ mi. Next, we find the same conv_rst with
matched pattern in the library. Last, we fetch the pulse under
this pattern. Similarly, in step 2 of Figure 4, the sub-matrix at
the top-right of the input circuit, highlighted in the blue box,
leads to the result of 10 4 77, matching a pattern in the pulse
library. After conducting the convolution operation for the rest
parts in the matrix, we can generate the final pulse sequence
for the entire circuit.

Once convolution is applied to each sub-matrix in the
circuit, we can reformulate the input circuit as a collection of
multiple convolutional results. The size of the convolution ker-
nel determines the size of each sub-matrix. Aiming to precisely
extract more underlying patterns, we try various kernels with
different sizes. Considering that a larger kernel size potentially
brings higher speedup but requires more computation time,
we empirically choose the kernel with sizes of 3 x 3, 4 x 2,
2x4,3x2,2x3,2x2,1x 2 To be specificc when
performing convolution, we employ kernels in the order of
their kernel size, where a small kernel allows a more fine-
grained matching. As shown in Figure 4, we first use the
kernel of 2 x 4 in Step 1, then we apply kernel of 2 x 2
in Step 2, avoiding repeat calculation on the left part of the
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TABLE 1
QUANTUM BENCHMARKS APPLIED IN OUR EXPERIMENTS

Algorithm | Description Qubits | #1q | #2q
QFT Quantum Fourier Transformation [24] 15 499 231
GHZ Preparing Greenberger—Horne—Zeilinger State [25] | 15 29 |14
QFT_IN Inverse Quantum Fourier Transformation [26] 15 509 | 246
BV Bernstein-Varzirani Algorithm [27] 15 11 |4
DJ Deutsche-Jozsa Algorithm [28] 15 23 |14
HS Hamiltonian Simulation [7] 15 42 |28
ISING Linear Ising Model [21] 15 46 |28
QKNN Quantum K -nearest Neighbors Algorithm [8] 15 85 |56
QSVM Quantum Support Vector Machine [29] 15 63 |56

QAOA Quantum Approximate Optimization Algorithm [5]| 15 144 | 66

vQC Variational Quantum Classifier [22] 15 184|448
QEC Quantum Error Correction Code [30] 15 33 |18
MUL Quantum Multiplier [31] 15 3721242
W-STATE | Preparing Quantum W_State [32] 15 51 |28
SIMON Quantum Simon Algorithm [33] 20 48 |17

circuit matrix. We do not apply any larger kernels due to the
low matching rate, which will reduce the efficiency of pulse
generation.

Kernel values are assigned with the purpose of distinguish-
ing different patterns that feature different convolution results.
This ensures that the same pattern consistently shares the
same value, while different patterns produce distinct results.
To enable this, kernels are initially assigned random values
ranging from 1 to 10. Then, their values are optimized using



genetic algorithm (GA) [34] with a dataset of 15 benchmarks
ranging from 6 to 10 qubits, as listed in Table I. In this table,
#1q refers to the number of single-qubit gates, and #2q is
for two-qubit gates. We first generate a set of random values
for each kernel as candidates. GA algorithm is then applied to
conduct a stochastic search, which iteratively adjusts the value
and evaluates the candidate kernel. In each iteration, we update
the kernel values through a combination of random selection
and modifications, using the crossover and mutation steps in
the GA algorithm. Once it exceeds the maximum number of
iterations or there are no further updates within 3 iterations,
the search stops. According to our test, such a constraint is
enough to distinguish the patterns in the dataset circuit.

Different from the prior approach AccQOC [2] that relies
on frequent sub-graph extraction, we employ convolutional
operators to find reusable sub-matrices with pattern matching,
which is a widely-used technique for identifying identical
adjacent sub-matrices within a matrix [35]. Both methods
exhibit a time complexity of O(n?) determined by the number
of circuit gates. While, the matrix multiplication involved
in convolution can be accelerated using graphics processing
units (GPUs) [36], thereby enhancing the efficiency of pulse
generation.

V. ACCELERATING PULSE GENERATION

A. Pulse Library Construction

The QPulseLib is a static repository that is designed to
store highly-reusable patterns along with their pulses. Besides,
it contains the convolutional results together with patterns
for circuit matching. To construct this library, we select 60
circuits comprising 2-5 qubits for 15 quantum algorithms
listed in Table I. These circuits are first transformed using
Qiskit [37] to comply with hardware constraints such as basis
gates decomposition and quantum processor topology.

The number of patterns labeled in QPulseLib directly affects
the efficiency of circuit matching. In other words, we need to
balance the trade-off between library storage overhead and
the number of extracted patterns. To tackle this, we set a
threshold to decide the number of patterns in the library, which
is formulated as the frequency of patterns occurring in the
benchmarking circuits. Patterns below the threshold are filtered
out, while the patterns with high reuse-frequency are included
to build the QPulseLib.

We observe that both large-scale circuits and small-scale
circuits share a number of same patterns when building
QPulseLib. This is because, currently, quantum circuits are or-
chestrated from highly-specialized quantum algorithms, which
usually feature structural sub-circuits. For example, the circuit
of the QFT algorithm [24] contains iteratively-applied CZ
gates from each qubit to other qubits, leading to repeated
patterns when applying Qiskit to transform them into basic
gates. Our experiments will provide a visualization of these
structural patterns and detailed evaluation results.

Algorithm 1: Algorithm for Matching and Pulse Gen-

eration.
Input: Circuit: C', Convolution kernels: K, QPulseLib: L
Output: Pulse sequence: P

1 Initialize empty pulse sequence P;

2 M = Circuit matrix of C;

3 Sort K by kernel size;

4 foreach kernel k in K do

5 feature map = convolution result of k£ on M;

6 foreach conv_rst in feature map do

7 sub-matrix = matrix in slide window with size of k
in M corresponding to conv_rst;

8 if conv_rst in L and sub-matrix in L{conv_rst]
then

9 pattern = L[conv_rst|[pattern];

10 sub-matrix matched with pattern and locked;

1 Add pulse of L{conv_rst][pulse] to P;

12 end

13 Update M;

14 end

15 end

16 Calculate pulses for gates not synthesized;

B. Matching Algorithm for Pulse Generation

QPulseLib takes the target quantum circuit as input and
initiates the synthesis by transforming it into matrix represen-
tation. As mentioned before, we employ different convolution
kernels to identify the reusable patterns, which may lead to
the case that multiple patterns match the same sub-circuit. To
avoid redundant calculation, we propose a matching algorithm
by prioritizing the reuse opportunity of convolution kernels. As
shown in Algorithm 1, we employ a greedy-based algorithm
that always compares conv_rsts from larger kernels before
proceeding to smaller ones. To be specific, we define P as the
output pulse sequence of the target circuit. Convolution kernels
are sorted depending on their size to ensure that the matching
begins with the largest kernel. For each kernel, we use the
convolutional operator on the circuit to obtain a set of output
feature maps, and then search for the matched conv_rsts
in QPulseLib. After successfully finding the matched sub-
matrix with the current pattern, we collect the sub-matrix and
terminate the search for the involved gates.

An illustrative example of the matching algorithm is pre-
sented in Figure 4. Given an input circuit, we consider two
convolution kernels: 2 x 4 and 2 x 2. In Step I, we apply
the larger kernel of 2 x 4, obtaining a conv_rst of 7 + mi
matched in QPulseLib. After a comparison between the sub-
matrix and the existing pattern, the sub-matrix shown in the
red box is labeled as searched, adding the pulse of this pattern
to the pulse sequence. In Step 2, we continue to apply a
smaller kernel 2 x 2 to perform convolution to the rest part of
circuit matrix. For gates that are not covered by patterns, we
dynamically calculate the pulse via traditional functions, until
the complete pulse sequence for the circuit is generated and
concatenated.
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Fig. 5. Evaluation of pulse generation time in 15 algorithms. The x-axis is the number of qubits.

VI. QPULSELIB EVALUATION

A. Experimental Setup

Implementation. We implement QPulseLib with Python
(3.8.10) and the NumPy package (1.23.1) [38]. We use the
transpiler and pulse APIsin Qiskit package (0.44.0)
[39] to ensure the synthesized circuits match the hardware
constraint. We utilize a hash dictionary to store the extracted
patterns and their corresponding control pulses, referring to
QPulseLib.

Configuration. To balance the convolution time and the
speedup, we use convolution kernel with sizes of 3 x 3, 4 x 2,
2x4,3x2,2x%x3,2x2,1x2. The threshold is set to 0.13 for
pulse library construction, which is then evaluated in Section
VI-C.

Simulated hardware. We simulate the pulse synthesis
process on quantum devices with 10, 15, 20, 25, 30, 35, 50,
100, 150, 200, 250, and 300 qubits. The voltage bias /3 is set
to 10 in the simulation. The topology of these processors is
configured to be similar to the 79-qubit Rigetti quantum device
[40]. Besides, the setting of other pulse parameters is also
similar to the Rigetti quantum device, including the single-
qubit gate time (50 ns), and the two-qubit gate time (150 ns)
[41]. We set the sampling rate of the pulses to 2 GHz.

Baselines. We compare QPulseLib with OpenPulse [1] and
AccQOC [2]. OpenPulse is the pulse generation tool of IBMQ.
AccQOC is the recent state-of-the-art pulse optimal control
method. We compare their pulse generation times on 15
algorithm circuits (Table I) with 10, 15, 20, 25, 30, 35, 50, 100,
150, 200, 250, and 300 qubits. These circuits are transpiled
by the Qiskit transpiler [37] to transform the quantum circuit
into basis quantum gates.

B. Speedup for Pulse Generation

Figure 5 presents the pulse generation time of Open-
Pulse [1], AccQOC [2], and QPulseLib on the 15 algorithms.
The x-axis represents the number of qubits, while the y-axis
represents the average pulse generation time, measured in sec-
onds. We repeat the generation process of each circuit 10 times
and calculate the average generation time. Overall, QPulseLib
achieves significant speedup, with a speedup of 158.46x and
16.03x compared to OpenPulse [1] and AccQOC [2] in pulse
generation time, and 10.91x and 1.21x speedup for end-to-
end circuit synthesis time, respectively. This is attributed to
the fact that our pulse library effectively reduces redundant
computation by pulse reuse. In contrast, the pulse generation
of OpenPulse involves massive redundant computation. As
a result, it requires 571.22 seconds when synthesizing the
QAOA algorithm [5] at 300 qubits, while QPulseLib spends
3.48 seconds (164.16x speedup). On the other hand, AccQOC
utilizes a pulse table. However, it lacks an efficient pattern
matching method. For example, for QFT algorithm [24] at
300 qubits, AccQOC requires 114.06 seconds for pattern
matching, while QPulseLib spends only 3.44 seconds based
on its convolution-based pattern extraction method.

As the number of qubits increases, we observe that the
pulse generation time of QPulseLib grows slowly compared to
OpenPulse [1] and AccQOC [2]. This is because QPulseLib
can find more reusable patterns in large-scale quantum circuits.
For example, OpenPulse and AccQOC show O(n?) complex-
ity in VQC [22], QFT [24] and QFT_IN [26] algorithms,
while QPulseLib achieves close to linear time complexity.
For 10-qubit and 20-qubit circuits, the speedups of QPulseLib
are 133.38x, 13.50x compared to OpenPulse and AccQOC,
respectively. For 300-qubit circuits, these speedup increases to
423.91x and 42.90x, respectively.
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TABLE II
MOST FREQUENT REUSABLE PATTERNS IN 15 ALGORITHM CIRCUITS.
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Fig. 6. (a) Evaluation of matching time under different thresholds. (b, ¢, d)
Evaluation of pattern reuse rate and speedup under different numbers of qubits
in ISING, QKNN, and DJ algorithms, respectively.

C. Evaluation of Threshold

Note that as the size of the pulse library grows, QPulseLib
involves more matching between the library and extracted pat-
terns from the target circuit. However, a large library increases
the opportunities to eliminate redundant computation. As the
threshold in Section V-A determines the size of the library,
we evaluate the matching time per circuit under different
thresholds in Figure 6 (a), which consist of the time for
convolution and matrix comparison. The x-axis represents the
threshold, while the y-axis indicates the matching time. As
the threshold increases, fewer patterns are preserved in the
library. The matching time converges to around 1 second after
0.13. Such libraries involve the minimum hash collisions, and
their matching time is mainly spent on convolution, which
is constant for different thresholds. We observe that the best
threshold for efficient matching is 0.13, as it achieves a high
reuse rate while requiring the minimum matching time. With

[21], QKNN [8] and DJ [28] algorithms. The x-axis represents
the number of qubits used for synthesis, while the left y-axis
and right y-axis denote the pattern reuse rate and speedup of
QPulseLib over OpenPulse, respectively.

As the number of qubits grows, the reuse rate of each
algorithm increases and then converges to a specific value.
For example, the reuse rate of ISING algorithm [21] increases
from 49.2% to 68.6%. This is because such algorithms involve
many repeated circuit blocks. A higher reuse rate suggests
a higher speedup as more redundant computation can be
eliminated. For example, when the reuse rate of DJ algorithm
increases from 57.1% to 66.2%, the speedup increases from
36.41x to 97.91x. A larger-scale quantum circuit contains
more gates and requires longer matching time, leading to
large time growth in OpenPulse [1] and QPulseLib. However,
as QPulseLib employ a greedy-based matching algorithm to
maximize the reuse rate, It achieves an even higher speedup
as the number of qubit increases.

E. Visualization of Reusable Patterns

Table II presents the patterns that are frequently reused
in the evaluate 15 algorithms. We observe that al-
gorithm circuits with different numbers of qubits still
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share the same patterns. For instance, oz I and
cz CZ

cz I 1 I

cz U2(_%’0) cz Ug(%,O) patterns  frequently

occur in VQC [22] and multiplier [31] algorithms. Addi-
. CZ U2 (77:0)
tionally, smaller patterns such as oz I and

[ CZ U(0,%) ] are more frequently observed in many
algorithms such as VQC, MUL, and QSVM, providing high
speedup in the pulse generation.

Most frequently-occurred patterns suggest opportuni-
ties for pulse reuse across algorithms, while some pat-
terns mainly occur in certain algorithms. For instance,

CZ Uy(w,0) CZ

CZ Uy(—%,0) CZ
It suggests that as the scale of the quantum circuit increases,
MUL contains more reusable patterns mentioned above to
implement entanglement between qubits.

mainly occurs in MUL algorithm.

VII. RELATED WORK

There are two methods available for pulse generation in a
quantum system. One method involves calculating the overall
unitary of the quantum circuit and generating the pulse for
the whole circuit based on it. However, this approach im-
poses a significantly high computational cost, which grows
exponentially with the number of qubits [20]. Another method
involves generating individual pulses for each quantum gate
operation in the quantum circuit and combining them into a
pulse sequence. Previous studies show the correlation between
quantum gates and control pulses [43], generate pulses us-
ing different quantum gate parameters, and accomplish pulse
generation through modeling and transmission to quantum
hardware [1]. AccQOC [2] introduces a modified approach
to accelerate pulse generation. This approach utilizes the
minimum spanning tree algorithm for group matching and
dynamic updating. However, this approach results in a lower
reuse rate, as dynamic circuit matching updating requires a
significant amount of synthesis time.

Quantum optimal control is a methodology that aims to op-
timize pulse generation and calibration. The optimization can
be conducted by guiding the system’s state evolution along the
optimal path [44]. The control objectives include improving
the fidelity of quantum gates [45], preparing entangled qubit
states [46], and determining optimal pulse sequences [47].
For example, determining the optimal pulse sequence in-
volves studying the sequence under the maximum amplitude
constraint [48], generating pulse sequences that consider the
finite time resolution of arbitrary pulse generators [49], and
determining the minimum time required to generate a pulse
sequence [50] that evolves the quantum system to the desired
state, while taking into account the coherence of the quantum
system.

VIII. CONCLUSION

In this study, we present QPulseLib, a pulse generation
design that reuses frequent pulses. Firstly, we extract reusable
sub-circuit as patterns from small-scale quantum algorithm
circuits and pre-generate pulses for each pattern. We then use
convolution operators for pattern matching and conduct pulse
generation and concatenation to obtain the pulse sequence
for the circuit. The method has good scalability, making
QPulseLib useful for large-scale circuit synthesis.
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