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Recent work suggests that relational database management systems (RDBMSs) can execute quantum circuit

simulation by compiling the simulation into SQL workloads (primarily join-and-aggregate tensor contractions).

While early results are promising, they largely focus on a narrow set of highly structured circuits and offer

limited support for systematic database research, such as query optimization, physical design, and engine-level

evaluation across a broad range of circuits. We present InferQ, a database-oriented benchmark for quantum

circuit simulation. InferQ generates general, compositional circuits by assembling subcircuits from a set of

circuit templates, emits each simulation task as an RDBMS-ready SQL workload, and extracts circuit and query

features (static, graph, SQL, and dynamic) for workload characterization. InferQ also releases a large dataset

of 202,975 circuits online, with a web-based viewer to support searching, filtering, and downloading circuits

and feature records. In experiments across RDBMS engines (PostgreSQL, SQLite, DuckDB, and Umbra) and

the widely used Qiskit Aer simulator, we find that RDBMSs achieve better peak memory usage than Qiskit Aer

on more than 50% of the circuits generated by InferQ. Moreover, using InferQ features, lightweight machine

learning models (linear and tree-based models) can accurately predict when SQL execution is preferable

(with accuracy up to 95.6% for runtime and 97.4% for memory), enabling data-centric simulator selection and

opening the door to principled optimization of SQL-based quantum circuit simulation.

CCS Concepts: • Information systems → Data management systems; • Applied computing → Physics.

Additional Key Words and Phrases: Quantum circuit simulation, benchmarking, relational database manage-

ment systems, SQL workload generation, learned simulator selection

ACM Reference Format:
Andrei Ilinescu, Aadi Patwardhan, and Rihan Hai. 2026. InferQ: A Database-Oriented Benchmark for Quantum

Circuits Simulation. Proc. ACM Manag. Data 4, 4 (SIGMOD), Article 278 (September 2026), 26 pages. https:

//doi.org/10.1145/3837116

1 Introduction
In the current noisy intermediate-scale quantum (NISQ) era, most quantum applications are de-

veloped and validated through classical simulation. Quantum programs are typically expressed

in the circuit model as a sequence of gates, and the common practice is to execute the circuit on

a simulator before running it on quantum hardware. Simulators produce the circuit’s (predicted)

output, e.g., measurement outcomes or their probabilities. Efficient circuit simulation, therefore,

remains a cornerstone for near-term quantum algorithm development. For database researchers,

this raises a data management question: can circuit simulation be expressed as a relational workload
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whose execution can benefit from database management systems (DBMS) memory management,

query optimization, and out-of-core processing?

Data management challenge. Recent work [5, 11] argues that relational databases can serve

as a competitive simulation engine by compiling circuit simulation into relational workloads. A

particularly promising result is that DuckDB can scale to millions of qubits for sparse circuits.

Concretely, under a 2GB memory limit, DuckDB simulates up to 4,000,862 qubits for GHZ-state

preparation and up to 53,017 qubits for W-state preparation [12], which are two standard state-

preparation routines that initialize many qubits into widely used multi-qubit entangled states.

These results raise an obvious question for the database community: when does “an RDBMS as a
simulator” actually work?
The same study makes clear this scalability is highly workload-dependent: for a dense circuit

such as Quantum Fourier Transform (QFT), the maximum supported qubit count is only 14 under

the same setting [12]. Moreover, the largest improvements in those experiments arise from circuits

with a specific structure. For instance, GHZ is a stabilizer circuit, which uses only Clifford gates

(Hadamard, CNOT, Phase), and is known to be simulated efficiently on classical computers via

the Gottesman–Knill theorem [1]. Moreover, a key systems gap is revealed in [5, 11]: existing

approaches have not fully exploited RDBMS capabilities to handle simulation workloads through

mechanisms such as query optimization, indexing, and materialization, emphasizing that closing

this gap is important for an end-to-end database-driven simulation pipeline. Altogether, these results

motivate a database-centric benchmark: to move beyond isolated case studies, the community needs

a systematic way to generate diverse simulation workloads and study how SQL representations

behave under query optimization and execution. Such a benchmark enables database researchers

to study query planning, materialization, indexing, spill behavior, and backend engine selection for

quantum circuit simulation. That is, these results point to a benchmark gap.

Why this differs from existing tensor workloads in RDBMSs. When a quantum circuit is

compiled into SQL, the underlying computation can be expressed as tensor algebra: applying

gates corresponds to multiplying and contracting tensors (e.g., updating a state vector by small

operators). At a computational level, circuit simulation in RDBMS is a tensor workload: vector-

matrix multiplication, matrix-matrix multiplication, and tensor contractions. One of the most

frequent operations is matrix multiplication. Using SQL, matrix multiplication can be implemented

as a join-and-aggregate operation: represent the matrices in long form as𝐴(𝑖, 𝑘, 𝑎𝑖𝑘 ) and 𝐵(𝑘, 𝑗, 𝑏𝑘 𝑗 ),
compute𝑊 = 𝐴𝐵 by joining rows of 𝐴 and 𝐵 on the shared inner index 𝑘 , multiplying matching

values, and summing over 𝑘 :

𝑤𝑖 𝑗 =
∑︁
𝑘

𝑎𝑖𝑘𝑏𝑘 𝑗 ,

which corresponds to:

SELECT A.i, B.j, SUM(A.val * B.val) AS w_ij
FROM A JOIN B ON A.k = B.k
GROUP BY A.i, B.j;

This style of expressing tensor computation in SQL has been studied in the database community

[6, 17, 22, 26, 34], including recent work on efficient Einstein summation in SQL [5] and relational

abstractions for tensor and linear-algebra workloads in ML [8, 21, 28, 31, 33].

However, the simulation workload induced by quantum circuits differs from mainstream ML

workloads in several fundamental ways. In transformer models, the core computation is dominated

by dense linear algebra over matrices with dimensions in the thousands (e.g., attention uses dense

𝑄𝐾⊤
and 𝑄𝑉 products) [30]. In contrast, a quantum circuit acts on a state vector of dimension 2

𝑁
:

for qubit count 𝑁 = 50, the state has 2
50 ≈ 1.13 × 10

15
amplitudes, which already requires about
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Fig. 1. Across 7,705 circuits, share of cases where RDBMSs (executing the emitted SQL workload) or Qiskit
Aer achieves the lowest runtime and the lowest peak memory. Detailed experimental settings are in Section 6.

16 PB just to store a dense complex state vector. At the same time, each instruction applies only a

tiny operator (typically 2 × 2 or 4 × 4 matrices), but it must be applied across this exponentially

large index space. The structure of a quantum circuit determines a sequence of tensor contractions

whose intermediate sparsity and entanglement can change abruptly across the gate sequence.

This mismatch creates database-specific difficulties: (i) intermediate results may be enormous
unless the representation stays sparse or factored; (ii) whether sparsity survives depends on the

gate sequence, and entangling operations can rapidly densify the state and cause abrupt blow-ups;

and (iii) the computation is a long, dependency-constrained sequence of small updates rather

than a few large tensor computations, so “optimize one big join” is not the right mental model.

Consequently, optimizing SQL for quantum circuit simulation is not a direct reuse of existing

in-database tensor/ML techniques: the bottlenecks, cardinality growth, and the importance of

circuit structure (sparsity patterns, interaction graphs, composition rules) are qualitatively different.

A benchmark that systematically varies these properties is therefore essential for a principled

optimizer and execution-engine research in this space.

Gaps of existing benchmarks. Existing quantum benchmarks such as SupermarQ [29], MQT

Bench [27], and QASM Bench [19] provide valuable circuit suites for the quantum community, but

they do not directly target database execution. In particular, they generate circuits as quantum-

circuit descriptions (e.g., QASM/Qiskit circuits) meant to be run by quantum toolchains, not as

relational workloads. As a result, they are not designed to evaluate how an RDBMS behaves as a

simulation engine, e.g., the impact of query optimization, physical design (indexes/partitioning),

and execution strategies on circuit-simulation workloads.

Our approach.We present InferQ, a database-oriented benchmark for quantum circuit simulation.

Given a small user configuration (Table 2), InferQ generates compositional circuits by assembling

subcircuits from a set of quantum templates. Each circuit is accompanied by an RDBMS-ready SQL
workload that expresses the simulation task as relational operators. This makes simulation directly

accessible to database research: each circuit becomes both a quantum artifact and a relational

workload whose query shape, intermediate behavior, and backend performance can be analyzed.

Moreover, to support data-centric analysis, InferQ also extracts four groups of features: static
and graph features from the circuit structure, SQL features from the emitted query workload, and

dynamic features from the simulation. Our experimental results further clarify why exposing simu-

lation as database workloads is useful. Running the generated SQL inside DBMSs makes simulation

subject to database execution and optimization choices, enabling better memory management,

runtime improvements for certain circuits, and out-of-core execution for large circuits under mem-

ory limits. Thus, RDBMS-based simulation enables systematic optimization of quantum circuit

simulation through DBMS memory management, spill-aware execution, and backend selection.
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Circuit Construction

|q1⟩

|q2⟩

|q3⟩

S

H

T

1-qubit Gate 2-qubit Gate

Equivalent Matrices

S
Phase Gate

1 0

0 i

H
Hadamard Gate

1 1

1 -1

T
T (π/8) Gate

1 0

0 e(iπ/4)

CNOT
CNOT Gate 

1 0 0 0

0 1 0 0

0 0 0 1

0 0 1 0

1

√2

Example Gate Legend

Single-qubit (2×2)
Unitary Matrix:

Gate

S — Phase

H — Hadamard

T — π/8 gate

Two-qubit (4×4) 
Unitary Matrix :  

— CNOT
Input : C4    →  Output : C4

Input : C2  → Output : C2

Fig. 2. Quantum gates represented as matrices.

Contributions.We make the following contributions:

• We propose InferQ, a benchmark that produces quantum circuit simulation workloads in rela-
tional form (SQL), enabling direct evaluation inside RDBMS engines.

• We design a template-based generator that scales circuit size while preserving realistic structure

via compositional circuit generation (Section 3).

• From the generated circuits, we extract static, graph, SQL, and dynamic features per circuit,
enabling systematic workload characterization and correlation with DB performance (Section 4).

• Using InferQworkloads, we quantify when SQL-driven simulation is competitive with Qiskit Aer,

including memory-efficient and out-of-core cases. InferQ features enable accurate, lightweight

machine learning based selectors for deciding when to use an RDBMS engine (Section 6).

2 Background
2.1 Quantum Bits, Gates, and Circuits
A classical bit stores either 0 or 1. In contrast, a quantum bit (qubit) can be represented as a unit

vector in a two-dimensional complex vector space, typically described using the computational

basis of |0⟩ and |1⟩:

|0⟩ =
[
1

0

]
, |1⟩ =

[
0

1

]
.

An arbitrary single-qubit state can be written as a superposition of these basis states:

|𝜓 ⟩ = 𝛼 |0⟩ + 𝛽 |1⟩ , |𝛼 |2 + |𝛽 |2 = 1,

where 𝛼 and 𝛽 are complex amplitudes. If we perform a measurement on the quantum state |𝜓 ⟩, it
collapses to a classical bit of 0 or 1. That is, a measurement of |𝜓 ⟩ against the computational basis

yields outcome 0 with probability |𝛼 |2 and outcome 1 with probability |𝛽 |2. An 𝑁 -qubit state can

be expressed as a superposition over computational basis states indexed by bitstrings:

|Ψ⟩ =
∑︁

𝑥∈{0,1}𝑁
𝑐𝑥 |𝑥⟩ ,

∑︁
𝑥∈{0,1}𝑁

|𝑐𝑥 |2 = 1.
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|0⟩ 𝐻

|0⟩

|0⟩

Fig. 3. GHZ state preparation circuit: it takes the all-zero state |000⟩ as input and prepares a maximally
entangled state.

Fix an ordering of the computational basis states (e.g., lexicographic order). The state vector repre-

sentation of |Ψ⟩ is the column vector of its amplitudes in that order:


𝑐0· · ·0
𝑐0· · ·1
...

𝑐1· · ·1

 . For example, when

𝑁 = 2, any two-qubit state |Ψ⟩ can be represented as a linear combination of |00⟩, |01⟩, |10⟩, and

|11⟩, and |𝑐00 |2 + |𝑐01 |2 + |𝑐10 |2 + |𝑐11 |2 = 1. The state vector representation of |Ψ⟩ is
[
𝑐00

𝑐01

𝑐10

𝑐11

]
.

Quantum computation follows the circuit model, which is analogous to classical logic circuits.

Computation is performed by applying quantum gates (unitary operators) acting on one or more

qubits to transform the quantum state. A matrix 𝑈 is unitary if 𝑈 †𝑈 = 𝑈𝑈 † = 𝐼 . As shown in

Figure 2, a quantum gate acting on 𝑁 qubits is represented by a 2
𝑁 × 2

𝑁
unitary matrix𝑈 . It maps

an input state |𝜓 ⟩ ∈ (C2)⊗𝑁 to an output state 𝑈 |𝜓 ⟩ ∈ (C2)⊗𝑁 , where C denotes the complex

numbers, e.g., one qubit corresponds to C2
and two qubits to C4

. A gate set is called universal if

it can approximate any unitary operator to arbitrary precision [25]. A widely used universal set

is the Clifford gates (including the Pauli gates (𝑋,𝑌, 𝑍 ), the Hadamard gate 𝐻 , the phase gate 𝑆 ,

the controlled-NOT (CNOT) gate), and the 𝑇 gate. Figure 2 illustrates several of these gates and

their matrix representations. A quantum circuit is a sequence of quantum gates, and the overall

computation corresponds to the composition of their unitary matrices.

Circuit depth is the number of sequential layers of quantum gates in a circuit, representing how

many time steps are required to execute it when gates that act on different qubits can be applied

in parallel. For example, in Figure 3, the circuit depth is 3. We can consider quantum circuits as

higher-level operators composed of subcircuits. By abstracting away from hardware and physical

implementation details, we can treat such structures modularly. Take the GHZ state preparation

circuit in Figure 3 for instance. It can serve as a state preparation subcircuit for larger algorithms,

i.e., it prepares an input state for other algorithms.

2.2 Limitations of Existing Benchmarks
Several quantum circuit benchmarks are widely used in the quantum computing community,

including, for example, SupermarQ [29], MQT Bench [27], and QASM Bench [19]. While these

suites are valuable for evaluating quantum circuits, they expose limited support for database-driven

and data-centric studies of circuit simulation.

Gap 1: No broad DBMS-executable benchmark workloads. Existing benchmarks primarily dis-

tribute circuits as OpenQASM
1
and Qiskit QPY

2
files. These formats are well-suited for quantum

toolchains, but they do not expose the induced simulation computation as optimizer-visible rela-

tional workloads that can be directly executed, inspected, or optimized by an RDBMS. As a result,

studying circuit simulation inside an RDBMS typically requires substantial manual translation

1
https://openqasm.com/

2
https://quantum.cloud.ibm.com/docs/en/api/qiskit/qpy
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and non-trivial quantum expertise. The two recent DB-oriented simulation works discussed above

[5, 11] are important first steps within this gap: they show that SQL/RDBMS execution can support

quantum circuit simulation. However, their workload coverage is limited. [5] targets general Ein-

stein summation and evaluates SQL simulation on Google’s Sycamore quantum-supremacy circuit,

while [11] studies W and GHZ state preparation and QFT circuits. Thus, these works motivate

DBMS-backed simulation, but do not provide a benchmark-scale collection of diverse circuits with

reusable SQL workloads and workload features.

We address this gap by having InferQ generate general, diverse circuits, each coming with an

RDBMS-ready SQL workload (Section 3). This effort is important because it makes the simulation

workload visible to database systems: tensor contractions become join-and-aggregate queries

whose plans, indexes, materialization choices, and spill behavior can be studied and optimized.

Consequently, InferQ enables evaluating whether DBMS execution can improve memory usage,

runtime, and scalability under memory limits, rather than merely translating circuits into another

format.

Gap 2: Lack of structured compositional circuits. Real quantum programs are typically assembled

as pipelines of subroutines such as state preparation, algorithmic cores, estimation procedures, and

measurement. However, existing benchmarks largely treat circuits as independent, fixed templates

for standalone algorithms. They do not systematically compose building blocks into larger circuits,

nor do they model dependencies between subcircuits. In practice, the choice of one subroutine

often constrains what can follow (e.g., Hamiltonian simulation followed by phase estimation). We

address this gap in Section 3.2 by modeling conditional, history-dependent template composition

as a Markov transition process.

Gap 3: Limited scalability for data-centric analysis. Because many existing benchmarks focus on

fixed algorithm templates, their scalability is inherently limited: the number of instances grows

slowly, and structural diversity is constrained. This limits their usefulness for data-centric workflows

that require large corpora, such as applying machine learning models, cost modeling, and feature-

driven analysis. We address this gap with scalable compositional generation in Section 3, and

release a large dataset of 202,975 circuits to support large-scale quantum circuit simulation studies.

We also validate scalability experimentally in Appendix M of our online technical report [16].

Gap 4: Limited circuit-as-graph and SQL-level characterization. Quantum circuits are inher-

ently graph-structured: qubits correspond to vertices and multi-qubit gates induce interactions

as edges [23]. This structure is central to simulation cost and to the shape of the induced SQL

workload. Nevertheless, existing benchmarks expose few graph-derived properties and provide

limited support for analyzing structural diversity across circuits. We address this gap by explicitly

extracting graph features (Section 4.2) and SQL features for the query representation (Section 4.3).

Summary. Overall, existing benchmarks fall short of supporting database-driven and data-centric

research on quantum circuit simulation. Addressing these gaps requires a benchmark that produces

SQL workloads, supports conditional composition of subcircuits, scales to large and diverse circuits,

and exposes graph- and query-level structure for systematic analysis.

3 InferQ Benchmark
InferQ has two components. First, it generates quantum circuits via templates. Second, it extracts

a structured set of circuit features. This section presents the InferQ benchmark pipeline (Figure 4).

We describe the features in Section 4.

Design goal. Quantum algorithms are typically built by composing reusable algorithmic blocks, of-

ten called primitives. Examples include state preparation, Hamiltonian simulation, quantum Fourier

transform (QFT), quantum phase estimation (QPE), amplitude amplification and estimation, and
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variational layers [2, 7, 9, 10, 24]. For example, the Harrow–Hassidim–Lloyd (HHL) algorithm [13]

can be viewed, at a high level, as a composition of Hamiltonian simulation, QPE, and amplitude

amplification. More broadly, many modern quantum algorithms are developed by composing prim-

itive transformations in structured ways [10, 24]. Thus, a simulation benchmark should not be

limited to a fixed set of textbook circuits, but should support diverse and extensible workloads that

can cover recent and future quantum algorithms.

Database benchmarks such as TPC-H
3
, TPC-DS

4
, and the Join Order Benchmark (JOB) [18] use

parameterized templates to obtain controlled scale, coverage, and reproducibility. Inspired by this

design, InferQ generates circuits from a library of templates representing quantum primitives

(Table 1) and composes them using feasibility constraints and history-dependent transition rules. In

InferQ, randomness is used to vary parameters, scale, and primitive combinations, while preserving

meaningful composition patterns. Compared with existing quantum benchmarks centered on a

fixed set of textbook circuits [19, 27, 29], InferQ is more general and extensible: new primitives

and transition rules can be added as quantum algorithms and simulation workloads evolve. This

gives InferQ broad benchmark coverage while preserving the structure needed to study realistic

quantum circuit simulation workloads.

3.1 Overview
InferQ targets the compositional structure found in existing quantum circuits, where a single circuit

is assembled from multiple building blocks (Table 1).
5
This differs from template-only benchmarks

that generate isolated, standalone circuits. InferQ selects an ordered sequence of circuit templates
and instantiates each template into a subcircuit. The resulting subcircuits are then composed into

one benchmark circuit.

Concretely, InferQ generates one circuit instance as follows:

(1) Select templates. InferQ sequentially samples a template sequence using the history-

dependent distribution.

(2) Sample parameters. InferQ samples user-configured local parameters (e.g., qubit count

and depth).

(3) Generate subcircuits. For each selected template, InferQ samples template parameters and

generates the corresponding subcircuit.

(4) Output circuit. The circuit generation process stops when a stopping rule triggers, after

which InferQ composes all subcircuits into a single circuit.

This design produces circuits that satisfy user constraints while supporting diverse compositions

and realistic template transitions.

3.2 Select Templates
InferQ builds a circuit incrementally: at each step, it chooses one circuit template and later instanti-

ates it as a subcircuit. The purpose of template selection is to keep this sequence valid while still

producing diverse, realistic benchmark workloads. In InferQ, we maintain a set of circuit templates

𝐹 . Table 1 lists representative templates, such as StatePrep ; the full template set is documented

online.
6
Given a selected template 𝑓 ∈ 𝐹 , InferQ instantiates a subcircuit by sampling concrete,

3
https://www.tpc.org/tpch/

4
https://www.tpc.org/tpcds/

5
Templates are compositional rather than disjoint: high-level primitives may include lower-level steps, but exposing common

operations as reusable blocks supports flexible benchmarking. We use Start/End and keep Measure explicit, so every

generated sequence has the uniform form Start→actual circuit templates→Measure→End.

6
https://github.com/InfiniData-Lab/InferQ/blob/main/README.md
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Table 1. Representative circuit templates and example compositions.

Current
template

Full circuit template
name

Next possible
templates

Description Example compositions

START (start symbol) StatePrep ,

Oracle/A , QFT ,

Variational

Common entry points (prepare in-

put/eigenstate/ansatz), enabling real-

istic multi-block pipelines.

START → StatePrep
START → Oracle/A
START → QFT

StatePrep State Preparation HamSim ,

ModularExp ,

GroverIter ,

Variational

Prepares |𝜓 ⟩/ |𝑏 ⟩ or initial superposi-
tions before an algorithmic primitive.

StatePrep → HamSim
StatePrep → Variational

HamSim Hamiltonian Simulation QPE , Variational ,
Random

Controlled time-evolution unitaries

are typically read out via QPE

(incl. IQFT decoding) in eigen-

value/spectral workflows.

HamSim → QPE

QFT Quantum Fourier

Transform

QPE , Measure ,

Random
Fourier-basis transform and dense

benchmark block.

QFT → QPE
QFT → Measure

Oracle/A Oracle/Algorithm-𝐴

Wrapper

GroverIter ,

Variational ,
Measure

Encodes a problem-dependent

subroutine 𝐴 (e.g., oracle/feature

map/encoding) that is naturally fol-

lowed by Grover-style amplification.

𝐴 → GroverIter → AmpEst

ModularExp Modular

Exponentiation

QPE Order-finding and Shor-style struc-

ture: modular arithmetic unitaries

followed by phase estimation (incl.

IQFT) to extract phases/periods.

ModularExp → QPE

GroverIter Grover Iteration GroverIter (repeat),

AmpEst ,
Measure

Amplification layers typically repeat

and then transition to an estimation

wrapper or terminate with measure-

ment.

GroverIter → GroverIter
GroverIter → AmpEst
GroverIter → Measure

AmpAmpl Amplitude

Amplification

Measure Boosts the probability of a desired or

postselected outcome.

AmpAmpl → Measure

QPE Quantum Phase

Estimation

AmpAmpl ,
Measure ,

Variational ,
Random

Phase readout/decoding stage (typ-

ically includes an IQFT); often fol-

lowed by measurement or optional

continuations.

QPE → AmpAmpl
QPE → Measure
QPE → Variational
QPE → Random

Variational Variational Circuit

Layer/ Ansatz

Variational
(repeat), Measure ,

Random

Layered ansatz patterns; measure-

ment used for objective estimation;

can be interleaved for hybrid work-

loads.

Variational → Variational
Variational → Measure
Variational → Random

Random Random Circuit Block Random ,

Measure
Diversity/stress-test tail; may extend

circuit length or terminate by mea-

surement.

Random → Random
Random → Measure

AmpEst Amplitude Estimation Measure Estimates a success amplitude or

probability. It normally terminates

the quantum subroutine by measure-

ment and classical post-processing.

AmpEst → Measure

Measure Measurement END Final step that yields classical out-

comes and ends the whole circuit gen-

eration process.

Measure → END

END (end symbol) — It marks the end of the template se-

quence.

END

circuit-specific parameter values. For example, from the StatePrep template we can generate a GHZ

state preparation subcircuit with 10 qubits.

Addressing Gap 2. Database benchmarks typically instantiate each query template independently,

yielding a workload that is a set (or multiset) of queries without sequential dependencies among

template choices. In contrast, as discussed in Gap 2, the circuits targeted by InferQ are ordered

Proc. ACM Manag. Data, Vol. 4, No. 4 (SIGMOD), Article 278. Publication date: September 2026.
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compositions of subcircuits, and the choice of the next subcircuit is often constrained by (and

semantically coupled to) the current one. InferQ therefore samples templates sequentially: the

already-chosen template affects which templates are allowed next and how probabilities over

possible choices are updated.

Design element 1: Explicit synergy rules. InferQ provides a set of user-configurable syn-
ergy rules that encode statistical dependencies between templates and bias generation toward

semantically coherent pipelines. For example, StatePrep→HamSim→QPE, ModularExp→QPE, and
A→GroverIter→AmpEst (Table 1). Intuitively, these rules specify how earlier template choices

should increase or decrease the probability of selecting specific templates later, making the sampling

distribution explicitly history-dependent.

Definitions. Let S denote the space of subcircuits, and let 𝑇 be the number of templates (equiva-

lently, subcircuits) generated for one circuit instance. Let 𝐵 denote the context space, i.e., the current
circuit generation status (e.g., remaining allowed templates, and synergy rules in Table 1). A circuit
template 𝑓 ∈ 𝐹 is a parameterized generator

𝑓 : Θ𝑓 × 𝐵 → S. (1)

Let feas(𝑏, 𝑓 ) ∈ {0, 1} be a hard feasibility predicate for choosing template 𝑓 ∈ 𝐹 under context

𝑏 ∈ 𝐵.
InferQ generates an ordered template sequence 𝑓1, 𝑓2, . . . , 𝑓𝑇 . At step 𝑡 , after selecting 𝑓𝑡 and

sampling parameters 𝜃𝑡 ∈ Θ𝑓𝑡 , InferQ instantiates the corresponding subcircuit as

𝑠𝑡 = 𝑓𝑡 (𝜃𝑡 , 𝑏𝑡−1), (2)

where 𝑏𝑡−1 ∈ 𝐵 is the current context given historical 𝑡 − 1 steps.

At each step 𝑡 ∈ {1, . . . ,𝑇 }, InferQ maintains a categorical distribution 𝑝𝑡 over the template set

𝐹 . We write 𝑝𝑡 (𝑓 ) for the probability assigned to template 𝑓 ∈ 𝐹 , so∑︁
𝑓 ∈𝐹

𝑝𝑡 (𝑓 ) = 1. (3)

A larger value of 𝑝𝑡 (𝑓 ) means that template 𝑓 is more likely to be selected at step 𝑡 .

Design element 2: Conditional composition as a Markov transition model. At step 𝑡 , InferQ
samples the next template from a categorical distribution over 𝐹 . Given the current context 𝑏𝑡−1, it

proceeds in two steps:

(1) Sample a template. First apply feasibility masking and renormalize:

𝑝𝑡 (𝑓 ) =
𝑝𝑡 (𝑓 ) feas(𝑏𝑡−1, 𝑓 )∑
𝑔∈𝐹 𝑝𝑡 (𝑔) feas(𝑏𝑡−1, 𝑔)

, 𝑓 ∈ 𝐹, (4)

then sample 𝑓𝑡 ∼ 𝑝𝑡 . Next, InferQ samples local parameters for 𝑓𝑡 , instantiates the corresponding

subcircuit, appends it to the current circuit prefix, and updates the generation context.

(2) Reweight to obtain the next distribution. Let R be the set of synergy rules, where each rule

is a triple (𝑇,𝑈 , 𝛽) with 𝑇 ⊆ 𝐹 (trigger), 𝑈 ⊆ 𝐹 (target), and 𝛽 > 0. After selecting 𝑓𝑡 , define the

reweighted (unnormalized) probabilities

𝑝𝑡+1(𝑓 ) = 𝑝𝑡 (𝑓 ) ·
∏

(𝑇,𝑈 ,𝛽 ) ∈R: 𝑓𝑡 ∈𝑇, 𝑓 ∈𝑈
𝛽, 𝑓 ∈ 𝐹, (5)

and then apply feasibility under the updated context 𝑏𝑡 and renormalize:

𝑝𝑡+1(𝑓 ) =
𝑝𝑡+1(𝑓 ) feas(𝑏𝑡 , 𝑓 )∑
𝑔∈𝐹 𝑝𝑡+1(𝑔) feas(𝑏𝑡 , 𝑔)

, 𝑓 ∈ 𝐹 . (6)
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1) Select templates
history-dependent draw

START → QFT

(synergy boosts QPE)

QFT → QPE

2) Sample parameters
given seed = 0,

𝑛𝑞 = 7, depth = 80

eval 𝑘 = 4, reps 𝑟 = 1

3) Generate subcircuit
bind local params

QFT: swaps=off

QPE: 𝑚 = 4, swaps=off

sample 𝜙 = 1.998

4) Output circuit
merge subcircuits

𝐶 = 𝑆1 ◦ 𝑆2

store provenance:

(templates, params)

Fig. 4. InferQ benchmark’s quantum circuit generation pipeline, and running example in Section 3.6.

Equations 4–6 keep the generation process simple: feasibility masking removes disallowed templates

that do not fit the current circuit, while synergy rules encourage quantum subcircuits (primitives)

that commonly appear together. This lets InferQ generate circuits that follow quantum algorithm

design principles without enumerating every full circuit by hand. Allowed and disallowed compo-

sitions are captured by feasibility masking: a disallowed successor template receives probability

zero in the current generation context and therefore cannot be sampled. The synergy rules are soft

preferences over feasible successor circuit templates, guiding the generator toward meaningful

algorithmic patterns, such as HamSim→QPE, without hard-coding a fixed enumeration of com-

plete circuits. This separation is important because quantum algorithms, quantum hardware, and

their simulation needs are evolving rapidly. The current design keeps InferQ configurable as new

quantum primitives and workloads emerge.

Example 3.1 (Single-step reweighting under a synergy rule). Assume the previously selected template

is StatePrep. By Table 1, the feasible successors are {HamSim, ModularExp, GroverIter, Variational}, with
a uniform distribution 𝑝𝑡 (·) = 1

4
. Let R include (𝑇,𝑈 , 𝛽) = ({StatePrep},

{HamSim}, 2). Then
𝑝𝑡+1 (HamSim) = 1

2
, 𝑝𝑡+1 (ModularExp) = 1

4
,

𝑝𝑡+1 (GroverIter) = 1

4
, 𝑝𝑡+1 (Variational) = 1

4
,

and after normalization,

𝑝𝑡+1 (HamSim) = 2

5
, 𝑝𝑡+1 (ModularExp) = 1

5
,

𝑝𝑡+1 (GroverIter) = 1

5
, 𝑝𝑡+1 (Variational) = 1

5
,

3.3 Sample Parameters
Circuit generation is constrained by the global parameters in Table 2, which are configured by users.

InferQ requires users to provide ranges for key parameters, such as qubit count, depth, repetitions

count for repeatable subroutines, and number of qubits used during evaluation. A concrete value

is drawn uniformly at random from each range. If a user prefers a fixed value, they set the range

endpoints equal (e.g., min_qubits=max_qubits=10). This range-based interface provides more

flexibility for users to construct workloads. For database evaluation over the generated simulation

workload, these ranges play the role of scale factors: they control the size and shape of the generated

SQL workloads.

3.4 Generate Subcircuits
Each selected circuit template 𝑓 is instantiated by sampling parameters from its parameter domain

Θ𝑓 . In InferQ, we write one sampled parameter tuple as

𝜃 = (𝑛𝑞, 𝑑, 𝑘, 𝑟, 𝜉) ∈ Θ𝑓 , (7)

where 𝑛𝑞 is the qubit count, 𝑑 is the depth allocated to this subcircuit, 𝑘 is the evaluation-qubit

count, 𝑟 is the repetition count for repeatable template sections, and 𝜉 is a tuple of template-

specific configuration variables. Moreover, 𝑛𝑞 and 𝑑 control the circuit size, while 𝑘 and 𝑟 control

the evaluation and repetition settings. That is, these parameters determine the generated circuit
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Table 2. Parameters.

Parameter Type Description

min_qubits int Minimum number of qubits per generated circuit

max_qubits int Maximum number of qubits per generated circuit

min_depth int Minimum target depth of a generated quantum circuit

max_depth int Maximum target depth of a generated quantum circuit

min_reps int Minimum number of repetitions for repeatable subroutines (e.g., Grover

iterations or variational layers)

max_reps int Maximum number of repetitions for repeatable subroutines

min_eval_qubits int Minimum number of qubits used during evaluation

max_eval_qubits int Maximum number of qubits used during evaluation

measure bool Whether measurements are appended to the circuit

seed int Global random seed to ensure full reproducibility of circuit generation

structure and, therefore, the number and shape of relational operators in the generated SQL

workload.

The domainΘ𝑓 is derived from the parameters in Table 2. For example, the per-subcircuit depth 𝑑

is sampled uniformly from the defined range between min_depth and max_depth. Quantum-specific

choices about 𝜉 can be found in Appendix K of our technical report [16].

3.5 Output Circuit
Generation stops when a maximum number of templates is reached or when a probabilistic stopping

condition triggers. This prevents excessively long circuits while keeping circuit length variable

across instances. After termination, the instantiated subcircuits 𝑆1, . . . , 𝑆𝑇 are composed in order to

produce the final benchmark circuit:

𝐶 = 𝑆1 ◦ 𝑆2 ◦ · · · ◦ 𝑆𝑇 . (8)

Alongside 𝐶 , InferQ outputs a provenance record that stores the template sequence (𝑓1, . . . , 𝑓𝑇 ),
sampled parameters (including repetitions and 𝜉), and global resource statistics (e.g., depth and gate

counts). This record makes our generated circuit instances easy to inspect, query, and reproduce.

This provenance is useful for database benchmarking because the same randomized workload can

be replayed and compared across engines.

SQL query generation. Once a circuit is generated, we construct an equivalent SQL query using

the implementation in [11]. We extended their package by making it a dependency to InferQ. The

package uses the einstein summation (einsum) representation of a quantum circuit with tensor

algebra. It then converts tensor contractions into relational joins as proposed by Blacher et al. [5].

Reproducibility guarantee. To make sure all sampling in InferQ is deterministic, we use seeded

pseudo-random number generators
7
and maintain a global random seed as part of the parameters

in Table 2. Consequently, with the seed and the generated template sequence, both the subcircuit

structure and the numerical gate parameters are reproducible across runs.

3.6 Running Example
Figure 4 illustrates one end-to-end circuit instance generated by InferQ. The workflow is in-

tentionally analogous to a database benchmark that (i) selects a template sequence, (ii) samples

7
See https://docs.python.org/3/library/random#random.seed and https://numpy.org/doc/2.2/reference/random/generated/n

umpy.random.seed.html.
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Circuit Generation

(Section 3)

Feature

Extraction

Simulation

GraphStatic SQL Dynamic

Fig. 5. InferQ feature extraction workflow. Static, graph-based, and SQL-derived features are extracted prior
to simulation, whereas dynamic features can only be obtained after the simulation completes.

a scale/configuration, (iii) instantiates a small sequence of templates with parameters, and (iv)

materializes both an artifact and its metadata.

Step 1 (Template selection). Starting from START, InferQ samples a short template sequence

using the history-dependent distribution. Here the sequence is QFT → QPE.
Step 2–3 (Parameters & subcircuits generation). Given a user seed, InferQ samples an

instance configuration (𝑛𝑞, 𝑑, 𝑘, 𝑟, 𝜉). In this example, 𝑛𝑞=7 qubits, depth 𝑑=80, evaluation 𝑘=4, and

repetition count 𝑟=1. Each template is then instantiated by binding template-local parameters (e.g.,

boolean flags and numeric values such as 𝜙=1.998). All choices are deterministic given the seed.

Step 4 (Merge & provenance). The instantiated subcircuits are composed in order to produce

the final circuit artifact𝐶 = 𝑆1 ◦ 𝑆2. Alongside𝐶 , InferQ stores a provenance record containing the
template sequence and all sampled parameters, enabling exact replay and database-style inspection.

4 Circuit Feature Extraction
When we push quantum circuit simulation into an RDBMS, it induces a sequence of relational

operators (e.g., joins and aggregations implementing tensor contractions) over large intermediate

relations. In this setting, performance depends on cardinality growth, join selectivity, skew, and

the size of intermediate states. However, such properties are not explicit in the quantum circuit

representation. To make systematic progress on query optimization, physical design (e.g., index-

ing/partitioning), and routing (deciding when an RDBMS backend is beneficial), we need a set of

circuit features that indicate what the induced relational query workload looks like. Ideally, a feature

vector that approximates workload characteristics before executing the full simulation. Therefore,

we include a feature extraction component in InferQ and aim to cover different sources of cost,

including problem size (number of qubits, circuit depth), interaction structure, state evolution,

and the generated SQL queries. As shown in Figure 5, InferQ models each circuit with four types

of features: static, graph, dynamic, and SQL features, as listed in Table 4–7, respectively. Such a

separation makes InferQ extensible: new features can be added easily.

Notably, as shown in Figure 5, feature extraction is an optional post-processing step: InferQ can

generate circuits without extracting features, and computes them only when needed for analysis.

4.1 Static Features
Static features describe basic properties of a quantum circuit. These features are crucial for construct-

ing heuristics for efficient classical simulation. For example, dense state-vector representations are

only feasible for circuits with small width and a small number of qubits, as memory requirements

grow exponentially with these parameters. For an RDBMS-backed simulator, gate counts and depth

largely determine the number and types of relational operators generated.

As shown in Table 4, static features can be computed efficiently. We treat a circuit as an ordered

list of instructions, where each instruction applies a gate to one or more qubits. This view allows us
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Table 3. Notation used in circuit feature extraction.

Notation Description

𝐶 Quantum circuit (ordered list of gate instructions).

𝐺 Number of circuit instructions (gate count).

𝑁 Number of qubits in the circuit.

𝑊 Circuit width (maximum simultaneously active qubits).

𝐺𝐼 = (𝑉 , 𝐸) Qubit interaction graph induced by multi-qubit gates.

𝑉 Vertex set of𝐺𝐼 (qubits; |𝑉 | = 𝑁 ).

𝐸 Edge set of𝐺𝐼 (qubit interactions; |𝐸 | is the edge count).
2
𝑁

State-space dimension (length of a full statevector).

p = (𝑝1, . . . , 𝑝2
𝑁 ) Probability vector derived from the saved statevector.

𝐻 (p) Shannon entropy of p (superposition).

𝜌 (p) Sparsity / support density: fraction of entries above threshold (superposition).

𝑆
(𝑘 )
vN

von Neumann entropy across qubit line 𝑘 (entanglement).

𝜏 Threshold for treating near-zero entries as zero in sparsity computation.

I(·) Indicator function (1 if condition holds, else 0).

𝑁AST Total number of nodes in the SQL abstract syntax tree (AST).

𝑆 Number of SELECT statements in the query.

𝑃 Number of predicates appearing in WHERE clauses.

𝐽 Number of distinct relations participating in join conditions.

Table 4. Time and space complexities for static features.

Feature Time Space Description
num_qubits 𝑂 (1) 𝑂 (1) Total number of qubits

width 𝑂 (𝐺) 𝑂 (𝑊 ) Maximum simultaneous active qubits

depth 𝑂 (𝐺) 𝑂 (𝑊 ) Longest dependency chain

circuit_size 𝑂 (1) 𝑂 (1) Total gate count

pauli_gate_count 𝑂 (𝐺) 𝑂 (1) Number of Pauli gates (X, Y, Z)

two_qubit_gate_count 𝑂 (𝐺) 𝑂 (1) Number of two-qubit gates

two_qubit_gate_percentage 𝑂 (𝐺) 𝑂 (1) Ratio of two-qubit gates

locality_ratio 𝑂 (𝐺) 𝑂 (1) Local vs. non-local gate ratio

idling_score 𝑂 (𝐺) 𝑂 (𝑊 ) Idle qubit utilization

density_score 𝑂 (𝐺) 𝑂 (𝐺) Gate density feature [4]

gate_counts 𝑂 (𝐺) 𝑂 (𝐺) Per-gate-type histogram

to analyze the complexity of computing static features. Let 𝐺 be the number of gates (instructions),

𝑁 the number of qubits, and𝑊 the circuit width (maximum simultaneously active qubits). We

assume𝑊 ≤ 𝑁 and typically 𝐺 ≫ 𝑁 . We summarize the notation in Table 3. All static features in

Table 4 are computable in at most linear time in 𝐺 with modest memory overhead, making them

inexpensive yet informative metadata for the InferQ benchmark.

4.2 Graph Features
Graph features are computed from the qubit interaction graph, where vertices are qubits and edges

represent interactions induced by multi-qubit gates. This abstraction enables the computation of

classical graph properties, similar to existing works on quantum circuit compilation [3, 4] and

graph-based circuit characterization [15].
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Table 5. Time and space complexities for graph features.

Feature Time Space Description
edge_count 𝑂 (1) 𝑂 (1) Number of interaction edges

max_degree 𝑂 (𝑁 ) 𝑂 (1) Maximum node degree

min_cut 𝑂 (𝑁𝐸) 𝑂 (𝑉 + 𝐸) Minimum cut

diameter 𝑂 (𝑁 3) 𝑂 (𝑁 2) Graph diameter

radius 𝑂 (𝑁 3) 𝑂 (𝑁 2) Minimum eccentricity

average_degree 𝑂 (𝑁 ) 𝑂 (1) Mean node degree

average_clustering_coefficient 𝑂 (𝑁 3) 𝑂 (1) Local clustering tendency

average_shortest_path_length 𝑂 (𝑁 3) 𝑂 (𝑁 2) Mean shortest path length

central_point_of_dominance 𝑂 (𝑁𝐸) 𝑂 (𝑁 ) Graph centralization measure

std_dev_adjacency_matrix 𝑂 (𝑁 2) 𝑂 (1) Adjacency matrix variance

Table 6. Time and space complexities for extracting SQL features (excluding parsing).

Feature Time Space Description
num_and_clauses 𝑂 (𝑁AST) 𝑂 (1) Counts logical AND operators during AST traversal

num_joins 𝑂 (𝑆 · 𝑃 + 𝐽 2) 𝑂 (𝐽 2) Counts explicit and implicit joins and stores join edges

num_select_columns 𝑂 (𝑁AST) 𝑂 (1) Counts column expressions in SELECT clauses

num_agg_funcs 𝑂 (𝑁AST) 𝑂 (1) Counts aggregate functions (e.g., COUNT, SUM, AVG)

num_where_clauses 𝑂 (𝑁AST) 𝑂 (1) Counts WHERE clause nodes in the AST

num_eq_predicates 𝑂 (𝑁AST) 𝑂 (1) Counts equality predicates used in filters and joins

Graph features make circuit structure directly accessible to database analysis: they indicate what

the join structure and intermediate-result growth may look like in relational tensor computation.

Intuitively, circuits whose interaction graphs are highly connected (e.g., with diameter-reducing

shortcuts, high node degree, and strong centralization) tend to induce more global correlations and

fewer separable subproblems, which often translates into harder contractions and less opportunity

for decomposition. As summarized in Table 5, graph features can be computed in polynomial time

and space with respect to qubit count 𝑁 , with worst-case complexity bounded by 𝑂 (𝑁 3). Let 𝐸 be

the number of edges in the interaction graph. Under a gate set dominated by one- and two-qubit

gates, each gate introduces at most one interaction edge; hence 𝐸 =𝑂 (𝐺), with worst-case space

𝑂 (𝑁 2) for a weighted, undirected interaction graph. Building an adjacency-list representation takes

𝑂 (𝑁 + 𝐸) time and space. While some features require 𝑂 (𝑁 3) time in the worst case, they remain

practical for the qubit ranges where graph characterization is useful, and can be computed offline.

4.3 SQL Features
SQL features are extracted from the generated SQL queries, which are relevant to the performance

of RDBMS engines for quantum circuit simulation. Table 6 summarizes the complexities to calculate

these features from the circuit SQL query representation. To calculate the various joins and other

clauses, we view the query tree as an abstract syntax tree (AST) and then do a traversal. Getting to

this SQL representation of a quantum circuit is not expensive. Using existing methods [11, 20], we

can generate these queries by translating the quantum circuit into Einstein summation (einsum)

notation representing the tensor contraction sequence.

4.4 Dynamic Features
As shown in Table 7, dynamic features depend on the circuit’s output state and cannot be derived

from circuit structure alone. They are crucial for database-backed simulation because relational
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Table 7. Time and space complexities for dynamic features.

Feature Time Space Description
Shannon_entropy 𝑂 (2𝑁 ) 𝑂 (2𝑁 ) Shannon Entropy of stored statevector

von_neumann_entropy 𝑂 (𝑁 · 2
𝑁 ) 𝑂 (𝑁 · 2

𝑁 ) Von Neumann Entropy of stored statevector

sparsity 𝑂 (2𝑁 ) 𝑂 (2𝑁 ) Sparsity of stored statevector

approaches typically rely on sparse or factorized state representations: if the state remains sparse,

relational operators can operate over small relations and avoid exponential blow-up; if entanglement

grows quickly, intermediate results densify and the advantage diminishes. We therefore extract

three dynamic features that capture these effects: (i) Shannon entropy, (ii) von Neumann entropy,

and (iii) a sparsity (non-zero support) measure of the saved statevector.

Using the vector representation for the quantum state defined in Section 2, we define sparsity

and entropies as follows:

Let p = (𝑝1, . . . , 𝑝2
𝑁 ) denote the probability distribution obtained from an 𝑁 -qubit statevector in

the computational basis. We compute the Shannon entropy, analogous to its use in classical and

quantum information, as

𝐻 (p) = −
2
𝑁∑︁

𝑖=1

𝑝𝑖 log
2
𝑝𝑖 . (9)

To quantify entanglement, we compute the von Neumann entropy across a partition defined by

a cut along a qubit line 𝑘 ,

𝑆
(𝑘 )
vN

= −Tr

(
𝜌𝐴𝑘

log
2
𝜌𝐴𝑘

)
, 𝜌𝐴𝑘

= Tr𝐵𝑘
(𝜌), (10)

where the bipartition corresponds to separating qubit line 𝑘 from the remaining qubit lines. We

define the sparsity

𝜌 (p) = 1

2
𝑁

2
𝑁∑︁

𝑖=1

I(𝑝𝑖 > 𝜏), (11)

which we use synonymously with the support density, i.e., the fraction of basis states carrying

non-negligible probability mass.

Here, the Shannon entropy 𝐻 (p) and sparsity 𝜌 (p) characterize the degree of superposition in

the computational basis, with higher values indicating broader support over basis states, while the

von Neumann entropy 𝑆
(𝑘 )
vN

measures quantum entanglement across each qubit line. We store the

von Neumann entropy per qubit line to capture individual entanglement, rather than treating the

full state as a combined vector, which being a pure state, has total entanglement entropy as zero.

Characterizing both superposition and entanglement is essential for understanding the mechanisms

underlying quantum advantage.

All dynamic features are expensive to compute and require exponential time and memory in

𝑁 for exact computation due to the full pass over the length-2
𝑁
vector. In particular, computing

the von Neumann entropy across each of the 𝑁 qubit lines incurs an additional factor of 𝑁 on

top of the full vector pass against the rest of the system, resulting in 𝑂 (𝑁 · 2
𝑁 ) time and memory.

This motivates an additional use case for InferQ in Section 6.4: enabling accurate dynamic-feature

estimators without requiring full simulation of the circuit.

In addition, we highlight InferQ’s extensibility in supporting the addition of new features, which

facilitates a wide range of use cases and experimental analyses.
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Fig. 6. InferQ’s web-based UI for exploring dataset and circuit features.

5 Implementation and Artifacts
InferQ ships as (i) a Python framework that turns a user configuration (Table 2) into circuits,
features, and an RDBMS-ready SQL workload for simulation, and (ii) a web-based UI for interactive

dataset exploration (Fig. 6). Concretely, a database researcher can provide a small configuration

file (e.g., qubit count) and run the toolkit to obtain SQL queries (plus circuit artifacts in JSON and

QPY formats) that are ready to execute in an RDBMS engine. Detailed descriptions of all circuit

templates and the corresponding SQL code are provided in the online documentation.
8
In addition

to on-demand generation, InferQ releases a large dataset of 202,975 circuits online.
9
Both database

researchers and quantum scientists can search, filter, and download circuits and feature records

through the web UI.

The framework implements the pipeline described in Section 3 and Section 4. Each circuit is

assigned a content-based hash computed from its structure and sampled parameters. This hash

serves as the primary key and links the circuit artifact, the SQL workload, and all extracted feature

records. For each circuit instance, InferQ stores: (i) the generated SQL queries (as .sql scripts)

that represent the simulation workload, (ii) the circuit in a portable Qiskit serialization format (e.g.,

.qpy), and (iii) a JSON record containing the template provenance and extracted features. InferQ

includes a metadata analysis function that aggregates circuit statistics from JSON files, such as gate

mix, depth, width, and interaction-graph properties. Details are provided in Appendix J of [16] and

in the online repository.
10

Reproducibility. The code of our benchmark can be found online.
11 InferQ is designed to be

reproducible. Given the same code revision, dependency lockfile, and global seed (Table 2), the

framework deterministically reproduces the same template sequence, sampled parameters, circuit

artifact, emitted SQL, and extracted features. The content-based hash and provenance record make

each benchmark instance easy to reference, regenerate, and audit. We include more implementation

and reproducibility details in our technical report [16].

8
https://github.com/InfiniData-Lab/InferQ/blob/main/generators/sql-templates.md

9
https://github.com/InfiniData-Lab/InferQ/blob/main/analysis/training_data/estimator_training_data.parquet

10
https://github.com/InfiniData-Lab/InferQ/blob/main/analysis/distributions/distributions.py

11
https://github.com/InfiniData-Lab/InferQ/blob/main/README.md
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Fig. 7. Execution time and memory usage comparison between RDBMSs (SQLite, DuckDB, PostgreSQL,
and Umbra) and Qiskit Aer (state vector, stabilizer, matrix product state, density matrix) over 162 circuits
generated by InferQ.

Table 8. Routing performance on the 20% held-out test set. Models are evaluated using accuracy and
normalized confusion-matrix entries. The columns represent true label→ prediction label.

(a) Time-optimal routing

Model Accuracy rdbms→rdbms qiskit→qiskit rdbms→qiskit qiskit→rdbms

Logistic Regression 0.887 0.94 0.88 0.06 0.12

Linear SVM 0.908 0.93 0.90 0.07 0.10

Decision Tree 0.940 0.78 0.97 0.22 0.03

Random Forest 0.956 0.81 0.98 0.19 0.02

XGBoost 0.953 0.88 0.96 0.12 0.04

(b) Memory-optimal routing

Model Accuracy rdbms→rdbms qiskit→qiskit rdbms→qiskit qiskit→rdbms

Logistic Regression 0.935 0.93 0.94 0.07 0.06

Linear SVM 0.940 0.93 0.95 0.07 0.05

Decision Tree 0.962 0.94 0.98 0.06 0.02

Random Forest 0.973 0.95 0.99 0.05 0.01

XGBoost 0.974 0.95 0.99 0.05 0.01

6 Evaluation
In this section, we use InferQ to quantify and explain when an RDBMS engine is a competitive

simulation engine for general, compositional quantum circuits. First, in Section 6.2 we compare the

InferQ-emitted SQL workloads on four RDBMS engines (PostgreSQL, SQLite, DuckDB, and Umbra)

against Qiskit Aer for wall-clock runtime and peak memory. We have also trained lightweight

selectors (linear and tree models) that predict when RDBMS should be chosen over Qiskit Aer.

We validate the feature design via feature-importance analysis in Section 6.3 and demonstrate

additional data-centric tasks enabled by InferQ in Section 6.4.

6.1 Experimental Settings
All experiments were run on a workstation equipped with an Intel Core i9–12900KF (24 threads),

64 GB RAM, and an NVIDIA RTX 3090 GPU, running Ubuntu 20.04.6 LTS with Linux kernel 5.15.0.

To ensure a fair comparison between different RDBMS engines and other quantum circuit simulators,

we disabled GPU and other hardware acceleration; all simulations were executed on CPU.

We implemented our prototype in Python 3.12, with all dependencies pinned in pyproject.toml.
Core numerical routines use NumPy 2.2.5, SciPy 1.15.3, and scikit–learn (≥1.8). For in-memory

quantum-state simulation, we use Qiskit 2.0.1 together with Qiskit Aer 0.17.0. For database-backed

simulation, we generate SQL using the sql-einsum code generator
12
and build on the RDBMS

simulator introduced by [11]. PostgreSQL is version 12.22 accessed via psycopg2-binary 2.9.10.
SQLite is version 3.50.4, and DuckDB is version 1.1.3. Umbra (v0.2-1665-gfeeb4bb5d) is accessed
through its PostgreSQL-compatible (18.1) server interface using psycopg2-binary 2.9.10. For

the out-of-core experiments, memory limits are enforced with Docker Engine (≥24.0) using per-
container cgroups. Unless otherwise stated, we report the mean values across five repetitions.

12
https://github.com/ti2-group/sql-einsum/tree/main/generate_sql_code
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6.2 Use case 1: RDBMS as Simulation Backend
Q1: Is an RDBMS an efficient simulation engine?

To answer this question, we generated 162 circuits
13
using InferQ. For each circuit, we measured

wall-clock runtime and peak memory when simulating it with (i) RDBMS engines (PostgreSQL,

SQLite, DuckDB, and Umbra) executing the SQL workload emitted by InferQ, and (ii) Qiskit Aer

using four built-in simulation methods
14
(statevector, extended_stabilizer, matrix_product_sta

te, and density_matrix).

Figure 7 reports, for each metric, the fraction of circuits for which a backend achieves the

best result (minimum execution time or minimum peak memory) among all evaluated options.

As expected, Qiskit Aer attains the best execution time on most circuits. SQLite achieves the

lowest peak memory on 66.7% of the circuits (108/162). This suggests that RDBMS engines can

be competitive simulation backends, particularly for memory. This result motivates further work

on SQL workload optimization. Moreover, it is interesting to explore learning-based routing in

simulation, i.e., predicting when an RDBMS engine is likely to outperform conventional simulators.

This leads to our next question.

Q2: How to decide whether to choose an RDBMS as a simulation engine?

13
https://github.com/InfiniData-Lab/InferQ/blob/main/analysis/training_data/rdbms_all_methods_training_data.parquet

14
Qiskit Aer Simulation Methods: https://qiskit.github.io/qiskit-aer/tutorials/1_aersimulator.html#Simulation-Method-

Option
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We model this choice as a binary selection problem: given a circuit, predict whether an RDBMS

engine achieves lower runtime and/or lower peak memory than a conventional simulator. Prior

database-oriented studies of SQL-based simulation report strong results on a small set of highly

structured circuits (e.g., sparse state-preparation workloads) [5, 11]. Using InferQ, we move beyond

these constrained cases and quantify when an RDBMS is beneficial over a substantially broader set

of general circuits. We have created a training dataset of 7,705 circuits
15
and train five standard

models as selectors: logistic regression, linear SVM, Decision Tree, random forest (RF), and XGBoost.

For each circuit, we have logged runtime and peak memory for Qiskit Aer and the RDBMS backends.

This yields ground-truth labels (RDBMS wins vs. Qiskit wins) for both objectives.

Table 8a shows that these models achieve high accuracy using the features extracted in Section 4,

despite class imbalance (since SQLite is faster only for a subset of circuits). Random Forest achieves

the highest runtime-routing accuracy (95.6%), while XGBoost follows closely (95.3%) and better

identifies RDBMS-win cases. The best linear model, linear SVM, too achieves 90.8% accuracy with

very low off diagonal confusion entries on the test set, suggesting that much of the time-selection

boundary is close to linear in our feature space. Given the strong performance of these lightweight

models, we did not evaluate more complex models that require substantially higher training and

tuning cost.

For memory efficiency (Table 8b), performance is similarly strong: XGBoost achieves the highest

accuracy (97.4%), while random forest follows closely (97.3%). Linear SVM also remains highly

15
Training data (Parquet) available at https://github.com/InfiniData-Lab/InferQ/blob/main/analysis/training_data/rdbms_tr

aining_data.parquet. The results reported in Figure 1 also used this dataset.
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competitive (94.0% accuracy). Overall, InferQ features in Section 4 make the RDBMS selection

decision predictable with simple, practical models.

Routing overhead. The learned selector is trained offline on labeled workloads generated by

InferQ and deployed only for inference. For XGBoost, which provides the best accuracy–efficiency

trade-off among the models in Tables 8a and 8b, inference takes only 13.9ms for runtime routing

and 13.5ms for memory routing per batch. Appendix C of our technical report [16] reports the

full training and inference times for all models. Our goal is therefore not to add heavyweight ML

components to simulation, but to study a lightweight learned routing policy for backend selection,

aligned with recent database work on learned decision-making and cost models [14, 32].

The previous experiments compare runtime and peak memory only when all backends finish

successfully. For larger circuits, conventional in-memory simulators such as Qiskit Aer can fail once

the state representation exceeds available memory. RDBMS engines can instead execute queries

out of core by spilling intermediate results to disk. This motivates the following question:

Q3: Can RDBMS-based simulation complete workloads that no longer fit in memory?

We evaluate Q3 using a family of large, sparse circuits with up to 45 qubits under a 16 GB

memory limit and one CPU core. Full experimental details are in Appendix A of our technical

report. Under this memory limit, Qiskit Aer’s exact statevector method fails from 30 qubits

onward, while PostgreSQL, DuckDB, and SQLite complete all runs by spilling temporary data

to disk. Figure 8 shows that intermediate relations remain MB-scale, but spill reaches GB-scale

and correlates more with the total intermediate volume than with the single largest intermediate,

indicating that cumulative joins and group-bys lead to externalization. Figure 9 reports runtime:

PostgreSQL is fastest, DuckDB is second, and SQLite is slower but robust. We have also observed

that runtime is strongly correlated with spill volume.

To understand out-of-core performance and the characteristics of the simulation workload, we

have also sampled 17 InferQ circuits (20–23 qubits) with different output state sparsity. Figures 10

and 11 show that sparse outputs usually incur less spill, but output state sparsity alone does not

determine spill: several medium-density circuits spill more than dense ones due to intermediate-

relation growth and optimizer choices (e.g., join ordering and materialization). Full settings and

additional results are reported in [16], Appendix A.

Take-away. (1) Across a wide range of general, compositional circuits, RDBMS engines can be

competitive simulation engines, especially in peak memory, and in some cases also in runtime.

This enables follow-up work on optimizing the emitted SQL to further improve RDBMS performance.
(2) InferQ enables data-centric routing at scale: it generates diverse circuits, labels each circuit

with observed runtime and peak memory, and exposes features that allow simple models to

decide when an RDBMS engine should be used. This provides a foundation for learning-based
simulator selection and optimization, trained on InferQ-generated circuits.
(3) For large circuits that exceed memory, RDBMS backends can still complete simulation via

out-of-core execution. This highlights a distinct advantage of database-backed simulation and
enables follow-up work on spill-aware planning and optimization.

6.3 Feature Validation
Next, we want to go deeper and understand:

Q4: Which properties determine whether an RDBMS engine is an efficient simulation engine?
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Table 9. Routing performance using only SQL-derived features on the 20% held-out test set. Models are
evaluated using accuracy and normalized confusion-matrix entries. The columns represent true label →
prediction label.

(a) Time-optimal routing

Model Accuracy rdbms→rdbms qiskit→qiskit rdbms→qiskit qiskit→rdbms

Logistic Regression 0.787 0.88 0.77 0.12 0.23

Linear SVM 0.803 0.88 0.79 0.12 0.21

Decision Tree 0.915 0.76 0.94 0.24 0.06

Random Forest 0.932 0.75 0.96 0.25 0.04

XGBoost 0.924 0.81 0.94 0.19 0.06

(b) Memory-optimal routing

Model Accuracy rdbms→rdbms qiskit→qiskit rdbms→qiskit qiskit→rdbms

Logistic Regression 0.735 0.77 0.71 0.23 0.29

Linear SVM 0.737 0.77 0.72 0.23 0.28

Decision Tree 0.836 0.81 0.85 0.19 0.15

Random Forest 0.866 0.82 0.90 0.18 0.10

XGBoost 0.842 0.84 0.85 0.16 0.15

Fig. 12. Importance of top 10 InferQ numeric features for SVM and XGBoost trained for optimizing execution
time.

Fig. 13. Importance of top 10 InferQ numeric features for SVM and Random Forest trained for optimizing
memory.

Our goal is to validate that the four feature groups introduced in Section 4 (static, graph, dynamic,
SQL) capture the key signals behind the routing outcome in Section 6.2. We therefore analyze

feature importance for two high-performing tree-based models: XGBoost for runtime and Random

Forest for peak memory. We additionally report a Linear SVM to expose the direction of influence

via signed coefficients. We also include an ablation study.

6.3.1 SQL-only features. We first restrict to SQL-derived features extracted from output SQL

queries representing the generated circuits (Section 4.3, Table 6). Table 9a shows that these SQL-

only features already yield strong routing accuracy, especially for time-optimal routing (XGBoost

exceeds 92% accuracy on the held-out test set). This indicates that the engine choice is strongly

correlated with query shape, without requiring circuit-specific features. We have included more

results on dominant SQL signals in Appendix L of [16].

6.3.2 All InferQ features. We then include the full feature set from Section 4. For runtime (Fig-

ure 12), for both the Linear SVM and XGBoost, features associated with state growth and interaction
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Table 10. Feature-group ablation for routing (XGBoost)

Feature set

Runtime Memory

Acc. F1 Acc. F1

Static + Graph + SQL + Dynamic 0.95 0.84 0.98 0.98
Static + Graph + SQL 0.93 0.78 0.97 0.96

Static + Graph 0.92 0.74 0.96 0.95

Static 0.92 0.74 0.95 0.94

Table 11. Sparsity and Entropy (Dynamic metrics) estimators performance for Random Forest and Linear
Regression models. Reported are coefficient of determination (𝑅2) and root mean squared error (RMSE)
comparing predictions to actual values.

Model Sparsity Model Entropy Model

Random Forest 𝑅2
0.7737 0.8936

Random Forest RMSE 0.1928 1.9931

Linear Regression 𝑅2
0.3934 0.6956

Linear Regression RMSE 0.3156 3.3714

intensity are more important, including shannon_entropy, width, and edge_count, together with the

SQL-derived features. With XGBoost, in addition, graph-related features are important, such as

average_clustering_coefficient, average_shortest_path_length, and average_degree, indicating

that irregular interaction structure matters for runtime differences.

For peak memory (Figure 13), the Linear SVM and Random Forest agree on the main features:

num_qubits and shannon_entropy dominate, with additional contributions from width, edge_count,

degree statistics, and sparsity measures. The Random Forest captures non-linear thresholds in these

features, separating regimes where sparse relational execution substantially reduces peak memory.

6.3.3 Ablation study. To quantify the contribution of each feature group, we further run a feature-

group ablation on the routing task. Table 10 reports the results for XGBoost on the 7705 dataset. The

full results with all models are reported in Appendix B of [16]. In Section 6.3.1, we have observed

that SQL-only features already provide a useful indication, especially for runtime routing, showing

that the shape of the generated SQL query workload is informative. Here, we see that the full

feature set gives the best overall accuracy and F1 score.

Take-away. (1) SQL-only features are already strong predictors: the SQL query workload shape

(joins, predicates, aggregates) explains much of when an RDBMS should be chosen. This enables
follow-up work on SQL-level cost modeling and query optimization tailored to quantum circuit
simulation workloads.
(2)When using the full feature set, the top features are consistent with the underlying bottlenecks:

state growth indicators such as entropies, circuit scale like qubit count, and interaction structure

(graph features). This supports future work on data-centric models that learn when to use an
RDBMS engine and how to optimize execution from InferQ-generated training data.
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Fig. 14. Predicted vs Actual value for the dynamic feature RF regression estimators for subset (1000 entries)
of test set.

Fig. 15. Distribution of dynamic features over 202k entries in InferQ with Dynamic features.

Fig. 16. Confusion matrices with counts and normalization for the random forest classifier used for sparsity-
band prediction.

6.4 Use case 2: Predicting Entropies and Sparsity
Dynamic features from Section 4 (Shannon entropy, von Neumann entropy, and sparsity) are only

available after simulation, since they are computed from the output state. This limits their use for

larger circuits and motivates a second, data-centric use case: learning inexpensive estimators that

predict these dynamic properties from static/graph/SQL features. Besides being useful for database

researchers (Use case 1), these metrics are also fundamental to quantum analysis.

Q5: Can we estimate complex quantum properties using InferQ features?
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We construct estimators for sparsity and shannon_entropy using 202,975 circuits for which

dynamic features are available.
16
We train (i) a Random Forest regressor and (ii) a linear regression

baseline, and evaluate prediction quality using 𝑅2
and RMSE as shown in Table 11.

As Table 11 shows, Random Forest substantially outperforms the linear model for both targets.

Shannon entropy is modeled well by the feature set, while sparsity is harder to regress accurately.

This is also visible in the prediction-versus-actual plots in Figure 14.

To understand why sparsity is challenging, we inspect its empirical distribution (Figure 15).

Sparsity is not smoothly distributed. Instead, it concentrates in distinct bands. This suggests

treating sparsity as a coarse-grained classification problem. Concretely, we bin sparsity into

[0.0, 0.1), [0.1, 0.2), [0.2, 0.4), [0.4, 0.6), [0.6, 1.01] and train a Random Forest classifier. This yields

approximately 77% accuracy, and the normalized confusion matrix is concentrated near the diagonal

(Figure 16), indicating that InferQ features capture sparsity even when exact regression is difficult.

Finally, feature-importance analysis for the sparsity-band classifier highlights pauli_gate_count
as a stronger predictor than num_qubits. This suggests that (in our generated workload) sparsity

is driven more by the gate mix than by state dimension alone, offering a concrete, data-derived

signal that can guide both simulator design and feature engineering.

Take-away. (1) InferQ enables learning cheap estimators for expensive dynamic properties (e.g.,

entropy and sparsity) using only features that do not require simulation. This enables follow-up
work on fast, simulation-free predictors of state complexity for larger circuits.
(2) The learned models reveal structure in the data (e.g., sparsity bands) and highlight which

circuit characteristics are most predictive. This lays a practical foundation for improving estimators
(e.g., hybrid classification/regression) and for connecting circuit structure to quantum-state behavior
in a data-centric manner.

7 Conclusion
InferQ makes SQL-based quantum circuit simulation accessible as a database benchmarking

problem: it generates compositional circuits as RDBMS-ready SQL workloads, attaches features

that explain relational workload difficulty, and provides both an on-demand toolkit and a large

dataset for reproducible analysis. Our evaluation shows that RDBMS engines can be competitive,

especially in peak memory across a broad set of general circuits, and that lightweight models

trained on InferQ features can reliably predict when an RDBMS engine will be preferable. We

expect InferQ to enable follow-up work in (i) query optimization and physical design for emitted

simulation SQL, and (ii) data-centric routing and cost modeling for simulator selection, trained at

scale on InferQ-generated circuits and features.

Outlook. As future work, we plan to further optimize RDBMS-based simulation and develop

array-native execution for tensor-aware DBMSs. InferQ can also be extended from circuit genera-

tion to end-to-end validation for quantum algorithm design, covering correctness checks, iterative

test–debug cycles, and hardware-aware constraints such as native gate sets and device connectivity.
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