POSTER TITLE

Quantum Simulators and Applications on
Quantum Framework

POSTER AUTHORS
Srikar Chundury | schundu3@ncsu.edu
Zhihao Xu | zxu8@nd.edu
Amir Shehata | shehataa@ornl.gov
Seongmin Kim | kims@ornl.gov
Frank Mueller | fmuelle@ncsu.edu
In-Saeng Suh | suhi@ornl.gov

POSTER ABSTRACT

Simulating quantum circuits is essential for validating quan-
tum algorithms. However, no single simulator consistently
performs best — efficiency depends on circuit structure, en-
tanglement, and depth. In this work, we integrate Qiskit-Aer
(state-vector and matrix product state) and QTensor, a tree-
tensor-network based simulator, into the Quantum Framework
(QFw), a modular platform that supports multiple quantum
backends via a unified interface. We also enable distributed
quantum approximate optimization algorithm (DQAOA) appli-
cation compatibility with QFw, allowing sub-problems to be
solved in parallel at scale. We then benchmark DQAOA and
TFIM (transverse field Ising model) circuits across supported
simulators, showing how performance varies significantly with
problem type. All simulations are deployed on the Frontier
supercomputer using QFw’s MPI-based orchestration for dis-
tributed, multi-node execution. These results underscore the
need for simulator-agnostic infrastructure to enable systematic
evaluation and high-performance scaling of quantum work-
loads. QFw provides a practical and extensible path toward
reproducible quantum algorithm development across diverse
application domains.
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Abstract—Simulating quantum circuits is essential for validat-
ing quantum algorithms. However, no single simulator consis-
tently performs best — efficiency depends on circuit structure,
entanglement, and depth. In this work, we integrate Qiskit-Aer
(state-vector and matrix product state) and QTensor, a tree-
tensor-network based simulator, into the Quantum Framework
(QFw), a modular platform that supports multiple quantum
backends via a unified interface. We also enable distributed
quantum approximate optimization algorithm (DQAOA) applica-
tion compatibility with QFw, allowing sub-problems to be solved
in parallel at scale. We then benchmark DQAOA and TFIM
(transverse field Ising model) circuits across supported simula-
tors, showing how performance varies significantly with problem
type. All simulations are deployed on the Frontier supercomputer
using QFw’s MPI-based orchestration for distributed, multi-
node execution. These results underscore the need for simulator-
agnostic infrastructure to enable systematic evaluation and high-
performance scaling of quantum workloads. QFw provides a
practical and extensible path toward reproducible quantum
algorithm development across diverse application domains.

Index Terms—Quantum Computing, Quantum Software Engi-
neering, Tensor Networks, Quantum Circuit Simulation

A. Introduction & Background: Quantum circuit simula-
tion plays a central role in developing and validating quantum
algorithms on HPC systems. While many simulators exist,
their performance varies significantly depending on circuit
structure, entanglement, and depth, making it challenging to
select the optimal backend for a given workload. A unified
benchmarking approach is thus crucial to guide efficient sim-
ulator selection and to advance scalable quantum algorithm
development. The Quantum Framework (QFw) [1], devel-
oped at Oak Ridge National Laboratory, is a modular HPC
quantum framework designed to integrate quantum simulators
and hardware under a unified API. QFw decouples simulator
implementations from application logic, supporting backend-
agnostic quantum application development with seamless
switching between simulators. Built atop the PRTE Distributed
Virtual Machine (PRTE DVM) [1], [2], QFw enables scalable
multi-node deployment with fault tolerance and rapid job
spawning. QFw’s flow involves application frontend invoca-
tion, where users write quantum applications using frontends
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such as Qiskit [3] or Pennylane to construct quantum circuits,
optimization problems, or time evolution workflows for HPC
execution. The QFWBackend [2] is a lightweight Python
interface, translating standard circuit definitions and execution
calls into QFw API requests to the Quantum Platform Manager
(QPM) that then selects the appropriate simulator backend,
allocates computational resources across available nodes, and
manages simulator instantiation, decoupling simulator choice
from application logic for seamless deployment. The Quantum
Resource Controller (QRC) orchestrates task scheduling across
nodes and processes, ensuring efficient use of HPC resources
by coordinating execution order, monitoring job status, and
managing dependencies. The Distributed Execution Frame-
work (DEFw) facilitates Remote Procedure Calls (RPCs)
between QFw services, such as QPM and QRC and the back-
end simulators, abstracting inter-component communication to
enable scalable, low-latency interactions across the distributed
system via PRTE-DVM. Backend simulators then execute
these quantum circuits. Finally, QFw aggregates simulation
results and returns them to the application frontend, allowing
users to retrieve expectation values, measurement samples,
or final state vectors without managing backend-specific data
handling. In this way, QFw enables systematic benchmarking
of quantum applications, aiding efforts in quantum advantage
candidate search.

This work extends QFw by integrating it with Qiskit-
Aer [3] and QTensor [4], and by demonstrating its capabilities
for benchmarking quantum workloads such as TFIM and
DQAOA [5] [6] at scale on HPC systems.

[ Group 0 i } [
bAoA : o o

(Qiskit Application)
o
TN-QUM QPM
Qiskit-Aer QPM

QTensor QPM

(D SLURM Allocation

Group 1 (QFw) —

Node-0 | Node-1 [&F4

QFwBackend

QPM APIs

. SubSol-0 .
. subSol-1 .
subSol-2

> connect()
SubQUBO-1 1 solvel)

un
> re ad
SubQUBO-2 x solve() AU

[ @ SLURM De-allocation ]

Fig. 1: DQAOA + QFw + SLURM Workflow.

B. Approach: After integrating Qiskit-Aer [3] and QTen-
sor [4] into QFw, it can now support a variety of simulations
such as state-vector, matrix product state (MPS) and tree
tensor-network (TTN) methods. Integration involved imple-
menting their respective QPM API interfaces (step-3, step-



4), leveraging QFw’s extensible design to manage backend-
specific configuration, execution, and result retrieval while
remaining transparent to frontend application code. To sup-
port scalable quantum optimization, we enabled DQAOA
application compatibility with QFw. Our workflow (Fig. 1)
begins with a dual-group heterogeneous SLURM allocation
(step-1), one group for DQAOA and another for QFw. In
hetgroup-1, QFw creates a unique PRTE-DVM URI and starts
QPM services (step-2). In hetgroup-0, the Qiskit-Python-based
DQAOA application starts, taking the quadratic unconstrained
binary optimization (QUBO) matrix as input (step-5). While
this happens, the QFwBackend establishes secure connections
to the QPM services (step-4). The large QUBO is then decom-
posed into multiple subQUBOs using random or impact factor
directed (IFD) decomposition methods (step-6), and Python’s
threading package issues concurrent subQUBO solve calls.
We opted for threading because our workload is I/O bound,
as each call makes an asynchronous RPC to QFw (step-7)
to trigger circuit execution. These RPC calls involve network
communication to QPM services, which submit jobs to PRTE
(step-8) and launch MPI-based circuit executions (step-9)
across allocated HPC cores and nodes. Sub-solution results are
collected and aggregated (step-10) before the optimization cy-
cle repeats. After the application converges, the QPM services
are shut down, the DVM URI is deleted and SLURM resources
are deallocated (step-13). This design enables asynchronous
backend invocation using HPC parallelism, solving DQAOA
efficiently at scale.

C. Tests and Results: We benchmarked multiple simulators
(Qiskit-Aer, NWQ-Sim [7], TN-QVM [8], and QTensor) for
TFIM, QAOA, and DQAOA circuits. Figure 2a shows TFIM
scaling simulation performance, where Qiskit-Aer’s matrix
product state (MPS) method efficiently solves up to 33-qubit
TFIM circuits, while other simulators do not scale to such
problem sizes. We observe that NWQ-Sim also solves TFIM-
32, although with higher runtime compared to Qiskit-Aer’s
MPS. For QAOA benchmarks, Figure 2b presents scaled
optimization runs. Some data is missing because simulators
took longer than two hours to solve larger QUBO problems,
when execution was cut off.
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—— QTensor (NumPy)
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Fig. 2: Simulation performance results: (a) TFIM, and (b)
QAOA. Above, #N is number of nodes, and #P is number
of processes per node.

As seen in Figures 3a and 3b, DQAOA can benefit from
scaling each circuit execution within subQAOAs using QFw.
This provides developers with more detail about the behavior
of such an algorithm at scale. We also noted that with smaller
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Fig. 3: DQAOA timing analysis with NWQ-Sim backend: (a)
full timing results for various subQUBO configurations, and
(b) zoomed view showing concurrent subQAOAs.

subQUBOs, each subQAOA took more iterations for comple-
tion compared to larger subQUBOs. These results demonstrate
that simulator performance varies significantly based on cir-
cuit type, entanglement, and problem size, underscoring the
importance of simulator-agnostic frameworks such as QFw for
scalable and reproducible quantum algorithm development on
HPC systems.

E. Future Work: QFw could benefit from automatic QPM
selection based on circuit metadata to select optimal simula-
tors and execute them at scale. Also, we intend to explore
hybrid HPC/QC execution of DQAOA, where subQUBOs are
dynamically mapped across simulators and actual hardware (as
shown via dotted lines in Figure 1) for performance portable
quantum workflows.
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