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Abstract—Quantum computers are evolving at a rapid pace
and are considered next-generation computers with high compu-
tational capabilities. However, due to the unique characteristics
of qubits, state-of-the-art quantum computers are vulnerable
to noise caused by qubit instability. To overcome this, high-
performance computing (HPC) systems are utilized for quantum
circuit simulations to evaluate complex quantum algorithms
with great accuracy. However, quantum circuit simulations have
high computational demands, and the data volume increases
exponentially as the number of qubits increases.

In this paper, we propose SWIFTN, a quantum circuit simu-
lation optimization framework for HPC systems with scalability.
To achieve this, it enhances parallelism by dividing the tensor
networks and distributing them across multiple GPUs and nodes.
Additionally, it reduces computational costs by bypassing tasks
through intermittent tensor contraction. Finally, to mitigate the
degradation in accuracy due to intermittent tensor contraction,
SWIFTN performs amplitude adjustments. We implement and
evaluate SWIFTN using a Perlmutter supercomputer. Our evalu-
ation results using popular quantum algorithm benchmark (i.e.,
QAOA) shows that SWIFTN can improve the performance by
7.85× with 99.997% accuracy.

Index Terms—Quantum Circuit Simulation, High-performance
Computing, Tensor Network, Performance Modeling

I. INTRODUCTION

Quantum computers [1], [2] have rapidly advanced, with
many studies claiming to achieve quantum supremacy by
outperforming classical computers. Unlike classical computers
that use bits defined as either 0 or 1, quantum computers rely
on qubits. Qubits leverage the principles of superposition [3],
where a qubit can exist in a probabilistic combination of
both 0 and 1 states simultaneously, and entanglement [4],
[5], where different qubits can influence each other. These
properties enable quantum computers to perform parallel pro-
cessing of large amounts of information through a single
qubit operation, offering significant advantages over traditional
computers in fields such as cryptography [6]–[10], scientific
simulations [11]–[16], and machine learning [17]–[20].

Despite their computational advantages, quantum computers
have limitations. They require qubits to operate in highly
controlled environments, isolated from external noise, and at
extremely low temperatures, close to absolute zero [21]. Con-
sequently, managing current-generation quantum computers,
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Fig. 1: Runtime of Quantum Computer, Original Quantum
Circuit Simulation, and SWIFTN Running QAOA Benchmark

known as Noisy-Intermediate-Scale Quantum (NISQ) comput-
ers, is costly [22], making them difficult to access. In addition,
their vulnerability to noise makes them challenging to apply
practical applications in everyday scenarios [23]–[25].

To address this, high-performance computing (HPC) sys-
tems are utilized to perform quantum circuit simulations [35].
Quantum circuit simulation enables the prediction of quantum
computation outcomes in noise-free environments and the
direct application of quantum gates and qubits to various
scenarios (e.g., quantum machine learning and scientific sim-
ulations). To do this, quantum circuit simulation frameworks
like cuQuantum [36] and Qiskit [37] represent quantum cir-
cuits as the tensor networks, which are commonly used in
machine learning. These frameworks utilize GPUs to simulate
qubit states after specific operations on qubits. In addition,
quantum computing frameworks (i.e., Qiskit, Cirq, and Pen-
nyLane [37]–[39]) provide accessible tools for quantum sim-
ulation and computing on classical HPC systems. However,
as qubits can represent far more information than bits, both
computation and memory requirements increase exponentially
as the number of simulated qubits grows [40].

Figure 1 shows the runtime of quantum computer (i.e., IBM
Quantum), original quantum simulation, and the proposing
SWIFTN as the number of qubits increases using standard
quantum algorithm benchmark (i.e., QAOA). In quantum com-
puters, the runtime maintains nearly constant as qubits increase
due to the rapid compuation using qubits. However, they may
experience noise due to qubit instability. In contrast, when
performing identical benchmark with original quantum circuit



TABLE I
CATEGORIES AND COMPARISON WITH PREVIOUS STUDIES

Study Simulation Type Circuit Partitioning Data Compression Multi-Node

Mingkuan Xu et al. [26] Schrödinger ✓ ✓
Burgholzer et al. [27] Schrödinger+Feynman ✓
Wu et al. [28] Schrödinger ✓ ✓
Lykov et al. [29] Tensor Network ✓ ✓
Park et al. [30] Schrödinger ✓
Zhang et al. [31] Schrödinger+Feynman ✓ ✓
Fu et al. [32] Tensor Network ✓ ✓
Zhao et al. [33] Schrödinger ✓
Westrick et al. [34] Schrödinger+Feynman ✓

SWIFTN Tensor Network ✓ ✓ ✓

simulation in HPC system, the runtime increases significantly
as the number of qubits increases. This is due to the expo-
nential increase in computation requirements in the original
quantum circuit simulation. This is further supported by our
time analysis (presented later in Figure 12), where computation
time accounts for 99.67% of the total runtime, highlighting the
significant computational overhead in quantum circuit simula-
tion. Positioned between these two approaches, SWIFTN aims
to improve the runtime of quantum circuit simulations while
providing more accurate qubit measurements than current
quantum computers.

Many previous studies, as shown in Table I, have focused
on optimizing quantum circuit simulation using classical com-
puters. For example, prior studies optimize quantum circuit
simulation using the Schrödinger method, which fully sim-
ulates the quantum state [26], [28], [30], [33]. In contrast,
the hybrid method combines complete Schrödinger simulation
with partial Feynman path simulation, enhancing efficiency
[27], [31], [34]. In contrast, tensor networks, which focus only
on a subset of quantum circuits [29], [32], can reduce memory
and computation requirements during simulation. SWIFTN
distinguishes itself from previous work by focusing on a
tensor network-based approach, which enhances scalability
by allowing the sub-tensor networks representing sub-circuits
to execute in parallel on distributed resources. Additionally,
SWIFTN focuses on improving performance through the tensor
approximation of large tensor networks derived from quantum
circuits.

In this paper, we propose SWIFTN, a quantum circuit
simulation framework that optimizes the simulations on large-
scale classical computers through the tensor distribution and
approximation. SWIFTN expedites (SWIFT) tensor network
(TN) contraction for quantum circuit simulation on HPC sys-
tems. SWIFTN aims to leverage the trade-off between reducing
computational overhead from the tensor contraction bypass
and the accuracy drop due to approximation. This trade-off
allows SWIFTN to be applicable to many quantum algorithms,
such as QAOA [41], that do not require perfect accuracy. To
this end, 1) SWIFTN slice the tensor network, which represents
quantum circuits, into the sub-tensor networks and distribute
them across multiple GPUs and nodes within the cluster to
improve scalability. 2) SWIFTN performs intermittent tensor
contraction to compress the tensor network and ultimately
reduce computations. 3) the final state of the qubits, rep-
resented by their amplitudes, is adjusted to account for the

effects of intermittent tensor contraction. We evaluate SWIFTN
on a Perlmutter supercomputer at NERSC [42] using the
QAOA quantum algorithm, the most widely applied quantum
algorithm. The evaluation demonstrates that SWIFTN can
improve runtime by up to 7.85× compared to the original
tensor network-based simulation with 99.997% accuracy.

Our key contributions are as follows:
• We design SWIFTN, which optimizes the tensor network

contraction for quantum circuit simulation through slicing
and intermittent tensor contraction.

• We observe patterns in the results of the intermittent ten-
sor contraction and adjust the amplitude through trained
linear regression models.

• We evaluate SWIFTN using standard quantum algorithm
benchmarks such as QAOA using a Perlmutter supercom-
puter.

To the best knowledge of our knowledge, SWIFTN is
the first study to optimize the tensor network contraction
for quantum circuit simulation considering trade-off between
computation and accuracy through tensor distribution and
approximation.

II. BACKGROUND

A. Quantum Computing and Quantum Algorithms
Principles of quantum computing: In classical computers,

a bit is in one of the two deterministic states: ”0” (i.e., low
voltage level) or ”1” (i.e., high voltage level). In contrast, a
qubit in a quantum computer can exist a probabilistic state of
0 and 1 which called superposition. This can be represented
by two complex numbers, each with real and imaginary
components, reflecting the probabilities of states 0 and 1 [43].
These two complex numbers, α0 and α1, define the qubit’s
state ψ, which can be expressed as:

ψ = α0|0⟩+ α1|1⟩. (1)
where α0 and α1 represent the amplitudes for each state. The
probabilities of being in the 0-state and 1-state are |α0|2 and
|α1|2, respectively, and they always satisfy |α0|2 + |α1|2 = 1
which denotes that total probability of being in either the 0-
state or 1-state sums to 100 percent.
Quantum gates and algorithms: With this unique property,
multiple qubits can become entangled, meaning the state of
one qubit directly influences the state of another, regardless
of distance. In an entangled state, measuring one qubit im-
mediately provides information about the other, creating an
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(b) Quantum Circuit Represented in Tensor Network

Fig. 2: Example of quantum Circuit and its Representation in
Tensor Network

interdependent connection that classical bits cannot achieve.
Through superposition within a single qubit and entanglement
among multiple qubits, quantum algorithms manipulate qubit
states using single-qubit gates (e.g., Pauli-X, Y, Z, Hadamard)
or multi-qubit gates (e.g., CNOT, CZ) to compute multiple
qubit states simultaneously [43], [44]. Quantum algorithms
such as the Quantum Approximate Optimization Algorithm
(QAOA) [41], Grover’s Search Algorithm [45], and Shor’s
Algorithm [46] utilize these properties to arrange qubits and
gates in specific sequences called quantum circuits, enabling
them to solve complex problems by manipulating entangled
states. These algorithms demonstrate the potential of quantum
computing to solve problems that are intractable for classical
computers.

B. Tensor-Based Quantum Circuit Simulator

While quantum computers offer high performance, the
inherent instability of qubits makes current quantum com-
puters prone to noise [23]. Despite efforts to control qubits
at extremely low temperatures, noise still occurs during the
execution of quantum circuits. This makes it challenging to
analyze and optimize quantum algorithms, as the resulting
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Fig. 3: Tensor Network Contraction (Only the shared indices
between nodes are depicted in the figure)

qubit states can be inconsistent across multiple executions
of identical quantum circuits, leading to variability in the
outcomes.

To address this challenge, tensor network-based quantum
circuit simulation is gaining popularity [29], [32], [47]. Tensor
networks, widely used in machine learning to tackle complex
problems with existing computational hardware such as GPUs,
are adept at handling high-dimensional data. In quantum
circuit simulations, tensor networks effectively structure circuit
architectures, represent qubit states, and model their interac-
tions with gate operations, enabling efficient simulations of
large quantum systems using classical computing resources

Figure 2 shows an example of a 4-qubit quantum circuit and
its corresponding the tensor network representation. The input
and output qubits (qubits 0, 1, 2, and 3) and the quantum gates
in the quantum circuit, as shown in figure 2a, are represented
in the tensor network as input tensors (index 0, 1, 2, and 3),
output tensors (index 32, 33, 34, and 35), and gate tensors
(index 4 through 31), as illustrated in figure 2b. A tensor
network representing a quantum circuit generally consists of
numerous vertices connected by complex edges, encoding
high-dimensional data. As the number of qubits grows, the
complexity of the quantum circuit increases exponentially,
resulting in larger tensor networks that demand extensive com-
putational resources, causing overhead and potential out-of-
memory errors that can terminate the process. Thus, efficient
processing of these tensors is crucial to ensure scalability and
performance in quantum circuit simulations.

C. Tensor Network Contraction

When processing a tensor network derived from a quantum
circuit, multiple tensors are contracted into a single tensor
(i.e., a one-dimensional state vector). A pathfinder algorithm
optimizes this by identifying an efficient sequence for con-
tractions using techniques like diagonal-reduction, column-
reduction, rank simplification, and split-simplification. This
approach minimizes computational resources while maintain-
ing accuracy. Following the optimized path, the contraction is
performed to reduce the high-dimensional tensor network into
a single, simplified representation.
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Fig. 4: Overall Procedure of SWIFTN

Figure 3 illustrates an example of tensor network contrac-
tion. As shown in the figure, four tensor nodes (A, B, C, and
D) exist in the network which are connected by edges (i, j,
k, l, and m). Thus, the contraction can be written as follows:

ABCDijklm =
∑

indexshared

AijBjkmCklDilm (2)

To perform the contraction, first, node A and B are con-
tracted. As they share the index j, they are contracted into a
single node AB over index j. Similarly, nodes C and D are
contracted over the shared index l. Finally, the representation
of the four nodes expressed in Eq. 2 has been reduced to
a single tensor through a single computation involving the
shared indices i, k, m of the two nodes AB and CD, that is,

ABCDijklm =
∑
ikm

ABijkmCDiklm (3)

During the contraction process, contraction of node AB
and node BC does not affect each other and the execution
order between the two does not affect the final result. Thus,
the contraction can be executed independently and in parallel
for different computations. By leveraging this characteristic
of tensor network contraction, it is possible to efficiently
distribute the indices of the tensor network across multiple
computation nodes for parallel execution, thereby improving
the performance of computation.

III. DESIGN

In this section, we propose SWIFTN, a quantum circuit
simulation optimization framework that focuses on tensor
network contraction optimization through tensor distribution
and tensor approximation.

SWIFTN aims to achieve the following research goals:
• SWIFTN improves parallelism by slicing the tensor

network and executing the slices concurrently. (Sec-
tion III-B)

• SWIFTN improves scalability through inter-node (Nodes)
and intra-node (GPUs) tensor distribution.(Section III-B)

• SWIFTN reduces computation through tensor approxima-
tion using intermittent tensor contraction.(Section III-C)

• SWIFTN adjusts the amplitude values of the resulting
qubits from intermittent tensor contraction to ensure the
consistency of the simulation output.(Section III-D)

A. Overall Architecture

Figure 4 illustrates the overall procedure of quantum circuit
simulation through tensor network contraction in SWIFTN.
Identical to the original quantum circuit simulation, first, a
quantum circuit is constructed from the selected quantum al-
gorithm. This circuit is then transformed into a tensor network
representation(as described in Section II-B). Subsequently,
pathfinder identifies an optimized path for the contraction
process.

In SWIFTN, after receiving the tensor and the contraction
path, SWIFTN needs to contract the tensor network into a
one-dimensional single tensor that contains the amplitude in-
formation of each target qubit. To do this, SWIFTN optimizes
this tensor network contraction using four major components:
Slicing the paths of the tensor network (❶), Multi-node distri-
bution (❷), Intermittent tensor contraction (❸), and Amplitude
adjustment (❹).

First, to handle the large data size of the tensor network and
the computationally intensive contraction process, SWIFTN
slices the tensor network into multiple slice groups (❶). Then,
the sliced tensor network is distributed across multiple GPUs
and nodes (❷). SWIFTN employs two distribution strategies:
inter-node and intra-node. In the inter-node approach, the
sliced sub-tensor networks are distributed across multiple
nodes via MPI (Message Passing Interface). In the intra-
node approach, sub-tensor networks are further sliced and
distributed across GPUs within a single node using CUDA
P2P (Point-to-Point) communication, enabling independent
contractions within each slice group between adjacent nodes.
This parallelism across GPUs and nodes enhances scalability
for large-scale systems.

After distributing the tensor network and performing con-
tractions on each GPU and node, SWIFTN applies an intermit-
tent tensor contraction, consistently skipping certain tensors
during contraction (❸). While this approach reduces simu-
lation accuracy, it significantly accelerates computation and
optimizes memory efficiency, which grows exponentially as
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qubits increase, enabling large-scale qubit simulations. Finally,
to mitigate the effects of the intermittent tensor contraction,
SWIFTN performs amplitude adjustments using linear regres-
sion (❹). Thus, by adjusting the resulting amplitudes, SWIFTN
reduces computational overhead while maintaining similar
accuracy.

B. Slicing and Distributing the Tensor Network

Slicing the tensor network: To improve the parallelism of
tensor contraction of quantum circuits, SWIFTN leverages
the inherent characteristics of the tensor network contraction,
where subsets of tensors can be contracted independently and
simultaneously. By explicitly slicing the tensor network based
on the contraction path determined by the pathfinder, SWIFTN
optimizes computational resources through parallelization.

Figure 5 illustrates an example of tensor network slicing
in SWIFTN. The original tensor network is divided into four
slice groups (Slice group 0–3) to balance the computational
load, ensuring each group contains an equal number of ten-
sors. After slicing, each group is independently contracted,
producing a single tensor network per group. As each slice
group can be contracted concurrently, SWIFTN distributes the
contraction of independent slices across multiple GPUs and
nodes. For example, as shown in the figure, slice group 0
and 1 is contracted into a single tensor network of S0 and
S1, respectively. Further contraction then combines adjacent
groups (e.g., S0 and S1, sharing indices i and j), forming S01.
This process iterates until a final single tensor is produced,
which updates the output state vector node, completing the
slicing procedure. Therefore, by slicing the tensor network
and concurrently executing independent slice groups, SWIFTN
enhances the parallelism of quantum circuit simulations.
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After dividing the tensor network into multiple slice groups,
SWIFTN distributes these groups across multiple nodes and
GPUs in the HPC system to improve scalability. As depicted
on figure 6, SWIFTN introduces a two-phase distribution, con-
sisting of inter-node (Node) and intra-node (GPU) distribution.
Inter-node distribution: Sliced sub-tensor networks are dis-
tributed across nodes with balanced load allocation. To do this,
as shown in the figure, SWIFTN creates slice groups so that the
number of slice groups matches the available number of nodes.
When the tensor network is sliced, all sub-tensor networks are
initially stored in the memory of the first node (node 0). To
distribute them, node 0 performs MPI communications to send
sub-tensor networks to other nodes. For example, as shown
in the figure, four nodes (nodes 0–3) exist in the system.
Thus, SWIFTN creates four slice groups (i.e., slice group 0-3)
Then, node 0 distributes sub-tensors by sending slice group
1 to node 1, slice group 2 to node 2 and slice group 3 to
node 3. After the sub-tensor networks are distributed across
nodes, there is no further communication between the nodes
and additional slicing is performed within each node.

Intra-node distribution: The sub-tensor network in main
memory of each node is further divided according to the num-
ber of available GPUs within the node, and then distributed
to each GPU. For example, as shown in the figure, each
slice group within the node is divided into slices (i.e., s0-
3). To distribute the slices, each node performs CUDA P2P
communication to the GPU, allowing for efficient parallel
execution of independent contraction tasks. Once the tasks of
the inter-node distribution are completed, the output tensor
networks from each GPU are contracted to generate a single
tensor network per node. Finally, the intra-node tasks are
completed and the single tensor network from each node are
contracted to produce a final tensor network with amplitude
information. While cuQuantum SDK provides features for
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tensor network slicing, and distribution, these are closed-
source and dose not allow fine-grained control and modifi-
cation of the logic. Therefore, SWIFTN implemented explicit
methods for distributing slices using CUDA P2P for intra-
node communication and MPI for inter-node communication,
refining these processes to enhance scalability and optimize
resource utilization in large-scale HPC system.

Even with slicing and distributing the tensor network, the
divided tensor segments must still be executed on each GPU
and node. While parallel execution can reduce total runtime,
it cannot counteract the absolute increase in computation
required, as qubits inherently possess complex states, and
quantum circuits with numerous gates add further complexity
by significantly altering the qubits. To overcome this, SWIFTN
employs tensor approximation [48], [49] which is widely used
in machine learning which also utilizes the tensor network
contraction. To do this, SWIFTN bypasses certain number of
tensor contraction steps which eliminates the computational
and memory overhead for the tensor.

C. Intermittent Tensor Contraction

Figure 7 illustrates the overall procedure of tensor ap-
proximation through intermittent path operations in SWIFTN.
As shown in the figure, SWIFTN slices the entire tensor
network into sub-networks (i.e., Slice group 0-4) that are
contracted into tensors (i.e., S0-3). This contraction is per-
formed independently and in parallel across each GPU. During
tensor contraction, certain contractions are skipped based on
a configurable step size. For example, if the step size is set
to 2, as shown in the figure, contraction occurs in the first
and third tensors, while the contraction of the second tensor is
skipped, representing intermittent tensor contraction. Although
this process results in approximate tensors, depicted by half-
colored circles in the contracted tensors (i.e., S0-3), SWIFTN
adjusts the final contraction result once all tensor contractions
are complete. As subsequent tensor contractions are performed
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(e.g., S01, S23, and S1234), similar intermittent tensor con-
tractions are applied to reduce computational overhead.

Given the trade-off between increased computational effi-
ciency and decreased accuracy, SWIFTN can apply intermit-
tent tensor contraction to certain quantum algorithms where
exact precision is not essential. For example, optimization
algorithms such as the Quantum Approximate Optimization
Algorithm (QAOA) are often designed to find near-optimal
solutions rather than exact ones. Moreover, real quantum
computer hardware supports only a limited set of quantum
gates, simplifying their overall implementation. For example,
Finnish quantum computer (i.e., Helmi) uses only two types
of quantum gates, with the Phased-RX gate as a single-qubit
gate and the Controlled-Z gate as a two-qubit gate [50].
This simplicity in the circuit gate structure and the resulting
qubits makes approximation methods more practical, enabling
SWIFTN to effectively identify patterns in the discrepancies
between inaccurate and accurate results, thereby facilitating
efficient quantum circuit simulation.

Intermittent tensor contraction can significantly accelerate
computation by bypassing tensor contracts. Additionally, in
quantum machine learning applications, such as quantum-
enhanced classifiers and quantum neural networks, approx-
imate results from SWIFTN are often sufficient for model
training. Thus, SWIFTN is adaptable to a variety of practical
scenarios in quantum computing, enabling larger and more
complex simulations that would otherwise be computationally
infeasible.

D. Amplitude Adjustment

While intermittent tensor contraction reduces computational
overhead and the runtime, it can result in lower accuracy
of the tensor contraction outcomes which is the amplitude
of qubit in quantum circuit simulation. To mitigate the drop
in accuracy, SWIFTN performs a machine learning-based
adjustment that identifies recurring patterns in the reduced



accuracy of intermittent tensor contraction and adjusts the
amplitude accordingly.

Figure 8 shows the overall procedure of amplitute adjust-
ment in SWIFTN. As shown in the figure, after the execution
of quantum algorithms, an entry is created in the feature set
table. In the table, features describing the quantum algorithm
(e.g., the specific algorithm and number of qubits), SWIFTN
parameters (e.g., number of slice groups and steps), and
input/output data (e.g., input and output amplitudes) are col-
lected. We collect these features because changes in them can
uniquely affect the output qubit amplitude, helping SWIFTN
identify and understand patterns in the impact on accuracy.
Using the feature set, we train a regression model with linear
regression. The model can be built per quantum algorithm,
increasing the number of training data (i.e., executions) but
adding pattern complexity. In contrast, the model can also be
built for each combination of algorithm, qubit count, and steps
which reduces training data but simplifies pattern complexity.
For the evaluation, we create the model for each combination
of algorithm, qubit count, and steps.

Utilizing the trained model, SWIFTN calculates the ampli-
fication factor. Since the resulting amplitudes of a qubit are
combinations of real and imaginary numbers, the regression
is performed by plotting each execution history with output
amplitudes in a two-dimensional vector space, where the x-
axis represents real values and the y-axis represents imaginary
values. The model then trains to produce two amplification
adjustment factors—one for the real and one for the imaginary
part—that adjust the degraded accuracy of the approximated
qubit state from intermittent tensor operations to match the
original state achieved with full tensor contraction. While this
requires multiple executions of quantum circuit simulations
using both the original and SWIFTN with intermittent tensor
contraction, our heuristic evaluation shows that the pattern
is simple enough for linear regression to quickly learn with
only a few repeated executions. Additionally, this pattern-
oriented adjustment allows SWIFTN to recognize patterns in
both scenarios: where the slope of the degraded amplitude
aligns with the original (as shown in the left graph of Figure 8)
and where it is not aligned but still exhibits a similar pattern (as
shown in the right graph). Finally, the amplitude is adjusted by
multiplying the adjustment factors for the real and imaginary
components. Thus, while SWIFTN offers a trade-off between
computational efficiency and simulated amplitude accuracy, it
aims to mitigate reduced accuracy by identifying patterns in
the degradation and adjusting accordingly.

IV. EVALUATION

In this section, we evaluate SWIFTN using various quantum
algorithm benchmarks on a Perlmutter supercomputer.
Our evaluation of SWIFTN focuses on answering these ques-
tions:

• Can SWIFTN provide the scalability within the multiple
GPUs in a single node (Section IV-B) and multiple nodes
(Section IV-C)?

• What is the impact of the intermittent tensor contraction
in SWIFTN on performance (Section IV-B and Sec-
tion IV-C)?

• Can amplitutue adjustment in SWIFTN restore the origi-
nal amplitude(Section IV-D)?

• What are the communication overhead of distributing
sub-tensor network to multiple GPUs and Nodes (Sec-
tion IV-E)?

A. Evaluation Setup

We evaluate SWIFTN on a Perlmutter supercomputer at
NERSC. The system consists of 3,072 CPU nodes and 1,792
GPU-accelerated nodes. For this evaluation, only the GPU
nodes are used for the tensor network contraction in quantum
circuit simulations. Each GPU node has 256GB of DDR4
DRAM as main memory and a single AMD EPYC 7764
(Milan) CPU, along with four NVIDIA A100 (Ampere) GPUs
connected via PCIe 4.0. Each GPU features 40GB of HBM2e
memory with 1,552 GB/s bandwidth. The four GPUs are in-
terconnected through third-generation NVLink, each providing
25GB/s per direction.

For quantum algorithm benchmark, we use the Quantum
Approximate Optimization Algorithm (QAOA). QAOA is opti-
mized for the tensor network computations and is widely used
to evaluate quantum circuit simulation performance. We used
Cirq as the quantum computing framework to construct the
quantum circuits and implemented optimizations of SWIFTN
on top of cuTensorNet from the cuQuantum SDK for the tensor
network operations. We denote the original cuTensorNet as the
tensor computation backend as ’Original’ and the SWIFTN-
optimized cuTensorNet as ’SWIFTN’.

B. Single-node Multi-GPU Scalability

We first evaluated the runtime performance of SWIFTN
on a small scale by conducting evaluations on a single node.
This is to assess how SWIFTN scales as the number of GPUs
increases (2 and 4), without introducing inter-node commu-
nication and processing overhead. We use QAOA quantum
algorithm benchmark with different qubit counts. To evaluate
SWIFTN and analyze the impact of its individual components,
we define SWIFTN-S to represent SWIFTN with slicing
operations only, while SWIFTN-SI incorporates both slicing
and intermittent tensor contraction. This approach allows us
to focus not only on overall performance of SWIFTN but also
on how specific subcomponents contribute to its effectiveness.

Figure 9 shows the performance of SWIFTN using two
GPUs in a single node. As shown in the figure, SWIFTN-S
and SWIFTN-SI achieve significantly higher performance
with lower runtime compared to the original scheme. When
performing QAOA with 45, 46, and 47 qubits, SWIFTN-S
achieves runtime improvements of 3.02×, 1.82×, and 2.00×,
respectively, compared to the original. Similarly, SWIFTN-SI
achieves even greater improvements, with runtime gains of
4.86×, 3.65×, and 4.06× over the original. This is because,
in the original scheme, although the contraction of sub-
tensor networks consists of independent tasks, many tasks are
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Fig. 9: Runtime Performance of Slicing and Intermittent
Tensor Contraction on a Single Node Using QAOA (Runtime
is in log-scale)

performed sequentially and require frequent synchronization
of the entire tensor network. For example, original performs
path optimization before and after slicing the tensor network.
In addition, even though path optimizations are performed in
parallel, frequent synchronization is performed between GPUs
to adjust path after the slicing. While this approach aims
to capture computational differences before and after slicing,
the overhead from frequent GPU communication outweighs
the benefits of reduced computation costs achieved through
additional path optimization and synchronization. In contrast,
SWIFTN leverages the independence of the tensor network
contractions by slicing the tensor network to match the number
of GPUs and explicitly allocating each sub-tensor network to a
GPU without additional communication after the initial slicing
and distribution. This approach enables parallel execution
and reduces synchronization overhead, significantly enhancing
runtime performance over the original scheme. Additionally,
SWIFTN-SI outperforms SWIFTN-S by further reducing
computational overhead on each GPU through intermittent
tensor contraction following slicing.

When performing identical evaluation with four GPUs, as
shown in Figure 9b, SWIFTN-S achieves performance im-
provements of 2.03×, 3.22×, and 4.03×. Similar to the eval-
uation results with two GPUs, SWIFTN-SI further reduces
runtime by 4.02×, 6.47×, and 7.85× compared to the original.
Compared to the runtime with two GPUs, when utilizing four
GPUs, both SWIFTN-S and SWIFTN-SI reduce runtime by
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up to 1.98×, 2.01×, and 1.95× respectively. The close to
linear scalability observed with multiple GPUs on a single
node suggests that by explicitly slicing the tensor network
to match the number of GPUs, SWIFTN effectively reduces
concurrency and synchronization overhead during quantum
circuit simulation.

C. Multi-node Runtime Performance

To evaluate the scalability of SWIFTN beyond a single
node, we perform evaluations using multiple nodes. We use
the same QAOA benchmark with 47 qubits, increasing the
number of nodes to perform strong scaling evaluation with a
fixed problem size. Each node is equipped with four GPUs,
and we utilize all available GPUs per node (e.g., 256 GPUs
for the 64-node evaluation).

Figure 10 presents a comparison between original,
SWIFTN-S, and SWIFTN-SI. As shown in the figure, the
runtime of original and SWIFTN-S implementations is sim-
ilar, with original sometimes performing better in multi-node
configurations. This is because as the number of slices in-
creases with the number of nodes and GPUs, the complexity of
the tensor network slicing also increases. Unlike SWIFTN-S,
which simply creates slices with an equal number of tensors
and distributes them to the GPUs, original continuously recal-
culates the optimal path and performs the tensor contraction.
In this complex scenario, the benefit of SWIFTN-S’s explicit
slicing and distribution is comparable to, or even less than,
the computational advantage of optimal pathfinding through
frequent communication in original. In contrast, SWIFTN-SI
improves performance by 2.01×, 2.00×, and 1.99× for nodes
16, 32 and 64, respectively, while original shows 13.82%
higher performance compared to SWIFTN-SI. This demon-
strates that SWIFTN-SI achieves higher performance as the
intermittent tensor contraction reduces computation overhead,
while proving its effectiveness at large scales as well.

D. Amplitude Adjustment

As shown in Figure 9, SWIFTN-SI, which performs both
slicing and intermittent tensor contraction, achieves substantial
performance improvements compared to SWIFTN-S, which
only performs slicing. However, intermittent tensor contrac-
tion involve a trade-off between computation time and data
consistency, as certain tensors are skipped during the tensor
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Fig. 11: Pattern of Intermittent Tensor Contraction

contraction. In SWIFTN, we aim to adjust the amplitude of
the resulting qubit through adjustments. To evaluate the effect
of amplitude adjustment, we conduct tests using a quan-
tum circuit benchmark provided by the cuQuantum SDK for
amplitude accuracy measurements, represented in the Matrix
Product State (MPS) [51] format, which efficiently models
quantum circuits using tensor networks.

Figure 11a shows the amplitudes and multiplier factors of
output qubit using original and SWIFTN-SI. In the figure, we
present the execution results from five runs for both original
and SWIFTN-SI. As shown in the figure, while there are
some magnitude differences in both the real and imaginary
components, the graph maintains the similar slope. Given
the similar slope, it confirms that while tensor approximation
through intermittent tensor contraction reduces the accuracy,
the drop in accuracy is not significant and can be adjusted.
Additionally, the execution results from five different runs pro-
duce extremely similar vectors, noted by a single overlapping
line. This confirms a recurring accuracy pattern even when
performing tensor approximation, indicating that adjustments
can be made accordingly.

With this accuracy pattern in mind, Figure 11b shows the
adjusted amplitude, using the results from Figure 11a and a
linear regression model based on the five runs. As shown in
the figure, the adjusted amplitude is closely aligned with the
original amplitude. By utilizing cosine similarity, an accuracy
of 99.997% was achieved. This evaluation result show that
SWIFTN can detect patterns within the intermittent tensor
contraction, allowing us to compress data effectively, thereby
achieving significant improvements in runtime performance
while preserving data consistency.

E. Time Analysis
To analyze the time consumption of each subcomponent in

SWIFTN, we present the proportion of each subcomponent
relative to the total runtime for original, SWIFTN on a single
node with four GPUs, and SWIFTN on 32 nodes, as shown in
Figure 12. We use QAOA benchmark with 47 qubits.

In the case of original, we only present the time compo-
nents for contract, contract path, and others, as the original
cuTensorNet implementation is closed-source and does not
allow for independent measurement of communication time.
As shown in the figure, contraction computation accounted for
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99.67% of the total runtime, consuming nearly all processing
time. The next most time-intensive task was the contraction
path computation, which took 31.50 seconds. In comparison,
the contraction itself required 10,205.46 seconds, making path
computation a relatively low-intensity task. These findings in-
dicate that contraction computation is the principal component
of runtime in quantum circuit simulation, highlighting the need
to prioritize contraction time optimization.

In the cases of SWIFTN with single-node and multi-node,
inter-node communication time refers to data transfer between
nodes via MPI communication, while intra-node communica-
tion time denotes data transfer within a node across its GPUs
through CUDA P2P communication. As shown in the figure, in
the single-node, the contract computation time still dominated
the total runtime, similar to original, accounting for 98.74%
of the total runtime at 2,608.43 seconds. Additionally, intra-
node communication time in the single-node is negligible,
indicating that data transfer overhead is not a significant
concern in the single-node. In contrast, while contraction still
accounts for 91.29% of the total runtime in the multi-node
setup, its dominance is reduced. Consequently, the contract
path time occupies a more substantial portion of the total
runtime at 7.41%, in contrast to the original and single-node.
This highlights the need to optimize contract path computation
in multi-node environments, where contraction tasks have been
highly optimized via SWIFTN. Further details on this topic are
discussed in Section VI.

V. RELATED WORKS

A. Optimizing Quantum Circuit Simulation

There have been many studies that optimize the quantum
circuit simulation to enhance performance. Previous stud-
ies [26], [30], [32], [33] focused on partitioning quantum
circuits into sub-circuits to manage Schrödinger style full-state
simulations enabling the execution of larger quantum circuits
through memory offloading, while distributing computation
across multiple GPUs. Additionally, other studies [27], [31],
[34] targeted quantum circuit simulation by dividing it into
sub-circuits, performing parallel processing using independent
Feynman-style computations, and synchronizing the results
between sub-circuits using the Schrödinger style. The ap-
proach of dividing the entire quantum circuit into multiple



sub-circuits is aligned with SWIFTN. However, SWIFTN not
only optimizes the slicing of sub-circuits through a two-
phase distribution to better utilize computational units, but
also approximates the result of the tensor through intermittent
tensor contraction. Our approach eliminates the need for addi-
tional overhead associated with dynamically tracking large-
scale circuits and partitioning sub-circuits, as well as the
data movement overhead from continuously modifying and
relocating sub-circuits.

B. Utilizing Tensor Network Contraction for Quantum Circuit
Simulation

Several studies have conducted to optimize quantum circuit
simulation through the tensor network contraction. Previous
studies [52]–[57] focused on finding the optimal contraction
paths using machine learning(i.e., reinforcement learning) or
leveraging various algorithms (e.g., greedy algorithms, poly-
nomial algorithms). In addition, other studies [29], [47], [58]
focused on enhancing the parallelization of the tensor network
contraction by slicing the tensor network based on indices
and partitioning it into sub-tasks. SWIFTN is consistent with
these studies in terms of dividing the tensor network into sub-
tensor networks through slicing. However, SWIFTN focuses
on employing a two-phase distribution to optimize for multi-
node GPU clusters in HPC systems through two rounds of
the tensor network slicing, while also focusing on amplitude
adjustment by correcting the trend identified in intermittent
tensor contraction.

VI. FUTURE WORKS

SWIFTN optimizes large-scale tensor network contraction
computation by slicing, two-phase distribution, and tensor
approximation, thereby maximizing the runtime performance
of quantum circuit simulations. However, SWIFTN poses two
primary limitations: contract path computation time and data
consistency.
Contract path computation time: While SWIFTN signif-
icantly reduces contract computation time compared to the
original scheme, as shown in Figure 12, this reduction causes
contract path computation time to occupy a larger proportion
of the total runtime. Our plan for future work is to reduce con-
tract path runtime by using CPU multi-nodes as contract path
computations are more complex and performed on the CPU.
To achieve this, we will identify independent computational
sections within the contract path process, optimizing paths to
improve runtime performance. Additionally, as contract path
computations are memory-intensive, we plan to distribute them
across the main memory of multiple nodes, enabling scalability
for quantum algorithm benchmarks with larger qubit counts
efficiently.
Data consistency: SWIFTN-SI achieves improved runtime
performance over SWIFTN-S by approximating the tensor
needed for contraction through intermittent tensor contraction.
Although intervals are set to adjust amplitude patterns, some
discrepancies inevitably occur when compared to the original
results. Our plan for future work is to improve adjustment

accuracy by training an RNN-based machine learning model
on these patterns to enable more precise adjustments. A
trained RNN model will allow us to predict patterns even
when running quantum algorithm benchmarks with a greater
number of qubits in the future. By incorporating an RNN
model, we aim to enhance runtime performance through data
approximation while achieving results closely aligned with the
original output.

VII. CONCLUSION

In this paper, we proposed SWIFTN, a quantum circuit
simulation framework for large-scale HPC system, focusing
of tensor network distribution and contraction. To this end,
we proposed following schemes in SWIFTN: (1) Slicing and
distributing the tensor network: The tensor network is
divided into multiple groups along the contraction path. Also,
when deploying SWIFTN on a HPC system, sliced groups
are efficiently distributed and processed in parallel through a
two-phase distribution method involving both inter-node and
intra-node distribution. (2) Intermittent tensor contraction:
Through tensor approximation, certain tensors are bypassed
during contraction to reduce the computation overhead. (3)
Amplitude adjustment: While intermittent tensor contraction
degrades the accuracy of the resulting qubit’s amplitude, the
absolute values are heuristically adjusted to maintain consis-
tency with the original amplitude. Our evaluation using a real
large-scale HPC system shows that SWIFTN improves runtime
performance by up to 7.85× compared to the original tensor
network contraction result with 99.997% accuracy. We believe
that SWIFTN optimizes quantum circuit simulation, enhancing
computational performance and expanding scalability.
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