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QHyper is a Python library that provides a unified interface for experimenting with gate-based, quantum annealing, and classical optimization solvers.

It allows users to specify combinatorial optimization problems, select solvers, manage problem hyperparameters, and standardize output for ease of use.

1. MOTIVATION

Lack of a common programming interface for defining and solving a combinatorial
problem using various optimization algorithms.
Every time a user wants to check optimization results from a new type of solver, they
are forced to program it independently.

Figure 1. User effort when forced to program each optimization software
(a) independently (b) and with common QHyper interface .

2. FUNCTIONAL INSIGHTS

Unification: Provides a single platform for hybrid quantum-classical optimization.
Flexibility: Supports diverse solvers and problem formulations.
Efficiency: Simplifies experimentation and comparison of optimization techniques.
Extensibility: Enables easy customization for varied research needs.
Accessibility: Lowers barriers for researchers by standardizing workflows.

Figure 2. The main components of QHyper’s architecture.

3. EVALUATION

Table 1. A comparison of the total execution times for the direct PennyLane QAOA implementation and
QHyper QAOA implementation using PennyLane for the MaxCut problem.

Graph
G(N, E)

PennyLane
[s]

PennyLane
+QHyper [s]

N = 5, E = 5 1.29 ± 0.02 1.42 ± 0.06
N = 10, E = 25 5.66 ± 0.07 5.8 ± 0.03
N = 10, E = 30 6.8 ± 0.3 6.8 ± 0.1
N = 12, E = 66 19.3 ± 0.4 20.0 ± 0.3
N = 15, E = 50 30.2 ± 0.6 30.0 ± 0.4
N = 15, E = 105 63 ± 1 65 ± 2

Table 2. A comparison of execution times for the direct implementation on D-Wave Advantage/Gurobi
and the QHyper implementation using D-Wave Advantage/Gurobi Optimizer for the MaxCut problem.

Graph
G(N, E)

Advantage
[s]

Advantage
+QHyper [s]

Gurobi
[s]

Gurobi
+QHyper [s]

(5, 5) 0.73 ± 0.07 0.8 ± 0.1 (4 ± 2)e ≠ 4 (2 ± 6)e ≠ 2
(10, 25) 0.8 ± 0.2 0.8 ± 0.2 (3.1 ± 0.3)e ≠ 3 (4.57 ± 0.03)e ≠ 3
(15, 50) 0.76 ± 0.06 0.8 ± 0.2 (8.7 ± 0.4)e ≠ 3 (8.8 ± 0.1)e ≠ 3
(20, 100) 1.0 ± 0.2 0.89 ± 0.07 (1.845 ± 0.006)e ≠ 2 (2.19 ± 0.003)e ≠ 2
(25, 200) 1.4 ± 0.5 1.4 ± 0.3 (2.11 ± 0.01)e ≠ 1 (1.9 ± 0.2)e ≠ 1
(30, 400) 2.4 ± 0.6 2.3 ± 0.4 (1.515 ± 0.006)e1 (1.521 ± 0.008)e1
(35, 595) 4 ± 1 5 ± 2 (3.33 ± 0.04)e ≠ 1 (3.96 ± 0.02)e ≠ 1

4. USAGE

1. Install the QHyper library

2. Import an optimization problem

3. Create a solver

3.1 Python syntax

3.2 YAML syntax

4. Run experiments

5. Show the results

5. IMPORTANT LINKS

Documentation & tutorials: https://qhyper.readthedocs.io
Code: https://github.com/qc-lab/QHyper
Demo: https://codeocean.com/capsule/1274124/tree/v1
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(b)

(c)

problem:
type: CustomProblem

solver:
category: quantum_annealing
platform: dwave
name: Advantage
penalty_weights: [1.0, 2,5,

2.5]

problem:
type: CustomProblem

solver:
category: classical
platform: gurobi
name: Gurobi

Listing 3: YAML configurations for the solvers presented in Listing 2: (a) hybrid quantum-
classical gate-based solver, (b) quantum annealing solver, and (c) classical solver.

Once the solver has been configured, the final step is to call the
solver.solve() method in order to obtain the result. QHyper provides
a set of Jupyter Notebooks which illustrate the use of solver configurations
in a variety of contexts, including detailed result postprocessing and more
complex configurations with hyperparameter optimization.

4. Impact

A good example of QHyper usage is presented in [3] for the case of the com-
munity detection problem widely used in neuroscience [16]. In this work, the
researchers utilized the API presented in Section 3 to create the community
detection problem. Once created, various instances were solved using di↵er-
ent solvers available in QHyper, namely: D-Wave DQM, D-Wave Advantage,
and classical Gurobi. The system’s modular design also enabled the creation
of an additional software layer to perform hierarchical search for the solution
using either Advantage or Gurobi available in QHyper and compare it with
external native domain solvers like Louvain or Leiden. Another di↵erent use
case is shown in [5] where QHyper was used to compare the performance of
the solver based on the original QAOA and its two new variants. Addition-
ally, two di↵erent hyper optimizers combined with that solver were compared.
For that purpose, a standard, well-known Knapsack problem was used.
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QHyper Installation and First Steps

1 Installation

To get started, install the QHyper library using pip. Open your terminal or
command prompt and run the following command (make sure you are using
Python 3.12):

pip install qhyper

2 Getting Started

2.1 Import an optimization problem

Here, we will solve the Knapsack Problem, but check out the documentation for
other available problems.

from QHyper.problems.knapsack import KnapsackProblem

problem = KnapsackProblem(max_weight=2,
item_weights=[1, 1, 1],
item_values=[2, 2, 1])

2.2 Create a solver

Use the library’s classes to create a solver.

from QHyper.solvers.gate_based.pennylane import QAOA
from QHyper.optimizers import OptimizationParameter
from QHyper.optimizers.qml_gradient_descent import QmlGradientDescent

solver = QAOA(problem,
layers=5,
gamma=OptimizationParameter(init=[0.25, 0.25, 0.25, 0.25, 0.25]),
beta=OptimizationParameter(init=[-0.5, -0.5, -0.5, -0.5, -0.5]),
optimizer=QmlGradientDescent(),
penalty_weights=[1, 2.5, 2.5])
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2.3 Run experiments

Run the solver.

solver_results = solver.solve()

2.4 Show the results

Sort and display top 5 results.

from QHyper.util import sort_solver_results

sorted_results = sort_solver_results(
solver_results.probabilities, limit_results=5)

print(sorted_results.dtype.names)
for result in sorted_results:

print(result)
# ('x0', 'x1', 'x2', 'x3', 'x4', 'probability')
# (1, 1, 0, 0, 1, 0.24827694)
# (0, 1, 1, 0, 1, 0.18271937)
# (1, 0, 1, 0, 1, 0.18271937)
# (1, 1, 1, 0, 1, 0.15528488)
# (1, 1, 1, 1, 1, 0.03339847)

3 Summary

You have successfully installed the QHyper library and set up your first exper-
iment.

Check out more advanced the tutorials: Problems, Solvers, and Optimizers.
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Listing 1: Sample implementation of a custom optimization problem using the dictionary
syntax.

3.2. Using solvers

Listing 2 illustrates a sample usage of the basic configurations for solvers
accessible from the QHyper library (see also Fig. 1) for the defined prob-
lem. Snippet (a) presents the use of the gate-based QAOA solver implemented
in the PennyLane library. This solver is configured with four layers, two
optimization parameters, gamma and beta, and the Adam gradient descent
optimizer [29]. The penalty weights attribute corresponds to factors used
to control the relative importance of the objective function and constraints.
Snippet (b) leverages D-Wave’s Advantage quantum annealer. Snippet (c) il-
lustrates the use of the Gurobi classical optimization solver, and since it does
not require a QUBO form, the penalty weights attribute is not needed.

(a) from QHyper.solvers.gate_based.pennylane import QAOA
solver = QAOA(problem=CustomProblem(),

layers=5,
gamma=OptimizationParameter(init=[0.25]*5),
beta=OptimizationParameter(init=[-0.5]*5),
optimizer=QmlGradientDescent(name="adam"),
penalty_weights=[1, 2.5, 2.5])

(b) from QHyper.solvers.quantum_annealing.dwave import Advantage
solver = Advantage(problem=CustomProblem(),

penalty_weights=[1, 2.5, 2.5])

(c) from QHyper.solvers.classical.gurobi import Gurobi
solver = Gurobi(problem=CustomProblem())

Listing 2: A comparison of the usage of optimization solvers, including (a) hybrid quantum-
classical gate-based solver, (b) quantum annealing solver, and (c) classical solver.

Alternatively, all configurations can be conveniently written in the YAML
format as in Listing 3. This option requires the user to place the created
source code of new Problems, Solvers, or Optimizers in the custom/
directory which allows the accessibility of the new components of the system
simply by pointing out the class name in the configuration files.
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(a) problem:
type: CustomProblem

solver:
category: gate_based
platform: pennylane
name: QAOA
layers: 5
gamma:

init: [0.25, 0.25, 0.25, 0.25, 0.25]
beta:

init: [-0.5, -0.5, -0.5, -0.5, -0.5]
penalty_weights: [1, 2.5, 2.5]
optimizer:

type: QmlGradientDescent
name: adam

Listing 3: YAML configurations for the solvers presented in Listing 2: (a) hybrid quantum-
classical gate-based solver, (b) quantum annealing solver, and (c) classical solver.
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