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Abstract— Quantum neural network (QNN) regression models
were created for metal organic frameworks (MOFs) hydrogen
storage prediction, envisioning small data. This is a first step in
the implementation of quantum active learning (QAL) algorithms
— an iterative global optimization method — using QNN regressors.
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I. INTRODUCTION

Quantum computing has already met artificial intelligence
(AI), resulting in the novel quantum AI (QAI) field[1]. In this
work, quantum neural network models (QNN) were devel-
oped to predict metal organic framework (MOF)[2] hydrogen
storage in a noise free quantum computing environment. The
QNN models were designed using different quantum circuits
(QC) layers. The sQUlearn[3] quantum computing library was
used in this study. MOFs are important materials with high
surface area and porous volume[2]. The aim of this work is
to deal with small data for MOFs prediction[2], which is a
common scenario in most of chemistry and materials science
problems. Thus, it is a first step to study and understand
QNN in order to use them in quantum active learning (QAL),
a field where quantum machine learning (QML) models are
built iteratively in order to find new solutions[1], [4]. As
perspective, this QNNs study aims at motivating the interface
of QNN regression models in the MLChem4D software[4].
MLChem4D implements several classical AL and quantum AL
(QAL) methods, aiming at probing into the uncharted chemical
space using QNN regressors with their epistemic uncertainty
for new molecular discoveries by considering just few data in
the sampling process. The full MOF data set used here can be
found in Ref[2].

II. QUANTUM NEURAL NETWORK ENGINE

Quantum Neural Networks (QNNs) are variational mod-
els that optimize a cost function by computing expectation
values[3]. Classical data x is embedded into a quantum state
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p(x,0) via an encoding circuit:

L
U(x,0) = H Si(x)W(61),
=1

where S; are data-dependent operations and W; parameterized
gates. The output is the expectation value of an observable O:

f(X, 0) =tr [p(X, 9)0] .

The resulting state p(x, ) is measured repeatably to calculate
the expectation value of observable O.

Parameters 6 are optimized by minimizing the empirical
loss £(0) using gradient-based methods. Gradients are com-
puted via the parameter-shift rule:

of 1
— =-[(0)" —(0)~
where (O)7 are expectation values evaluated at f+7 /2. QNNs
exhibit unique properties in expressivity and data efficiency.

III. RESULTS

The idea of this work is to create Quantum Neural Network
(QNN) regression models[3] for MOF materials[2] (which are
represented by the characteristics: surface area, pore volume,
pressure, and temperature) and their hydrogen storage. From
that, the QNN models designed using small data can predict
the hydrogen storage of unlabeled MOFs. Different quantum
circuit (QC) layers (or depth) as well as MOFs data size to
create QNNs regression models were investigated.

Fig. 1 shows the results of the QNN regression for 20 MOFs
data. The 4:1 MOFs data ratio was considered to create the
training and testing set. The red points in Fig. 1 are the testing
set and the blue ones are the training set. Note in Fig. la (QC
with 1 layer, Fig. 3a) the testy;4pg/trainy; 4 is equal to 1.9
while this ratio for the QNN model created using 4 QC layers
(Fig. 3b, Fig. 3b) was 9.3. It indicates that for 20 MOFs data,
increasing the depth of the QCs for building QNN regression
models results in overfitting.

As we increase the data set to 60 MOFs, we can see in Fig.
2 an overall improvement of the QNNs models accuracy, when
comparing, for instance, the testys 4 p/trainys o g ratio. As for
20 MOFs data, the QNNs for 60 data considered the 4:1 ratio
to define the training (blue points in Fig. 2) and testing set
(red points in Fig. 2). The QNNs regression models presented
the following testysap/trainyap ratios: 1.6 for QC with 1
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layer (Fig. 3a and Fig. 2a); 2.9 for QC with 4 layers (Fig. 3b
and Fig. 2b); 9.5 for QC with 6 layers (Fig. 3¢ and Fig. 2c).
Also for 60 MOFs data, increasing the depth of the QCs for
building QNN regression models results in overfitting.
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Fig. 1: QNN regressions of MOF hydrogen adsorption using
1 (a) 4 (b) and 6 (c) QC layers or depth. 20 MOFs data were
used and the training (blue points) and testing (red points)
set was split in 4:1. Observed axis: hydrogen adsorption in %
obtained experimentally. Predicted axis: hydrogen adsorption
in % estimated by QNN. MAE: mean absolute error. RMSE:
root mean squared error. The diagonal line (green curve) has
the x and y axis with the values equal to the observed axis,
meaning an ideal line to be predicted by the QNN.

IV. CONCLUSION

This works shows that QNN, as implemented in sQUlearn,
is feasible for performing predictions of MOFs hydrogen
adsorption for small data, aiming at performing QAL for
material design using QNN regressors, since in QAL the
epistemic uncertainty is considered in the decision process.
QNN models were created for 20 and 60 MOFs data. Also, the
effect of different circuits layers in the regression accuracy was
investigated. The results showed that increasing the number
of layers (from 1 to 6) improved the training set but the test
set, resulting in overfitting. Besides, the QNNs models with 1
QC layer (Fig. 3a) presented the better accuracy, as indicated
by the testysap/trainy;ap ratio. As expected, as more data
are used to train the QNN models, better is the regression
accuracy.

As a perspective, new observables and quantum circuits for
data encoding (as implemented in sQUlearn[3]) will be used
in order to improve the QNN models.

Finally, this QNN experience will allow the QNN imple-
mentation in MLChem4D code for QAL. The QNN models
developed for MOFs (in small data scenario) can be applied
to other materials, such as perovskites[4].
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Fig. 2: QNN regressions of MOF hydrogen adsorption using
1 (a) 4 (b) and 6 (c) QC layers or depth. 60 MOFs data were
used and the training (blue points) and testing (red points)
set was split in 4:1. Observed axis: hydrogen adsorption in %
obtained experimentally. Predicted axis: hydrogen adsorption
in % estimated by QNN. MAE: mean absolute error. RMSE:
root mean squared error. The diagonal line (green curve) has
the x and y axis with the values equal to the observed axis,
meaning an ideal line to be predicted by the QNN.
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Fig. 3: Quantum circuit “YZ_CX_EncodingCircuit”’[3] used to
create the QNN models with 1 (a), 4 (b) and 6 (c) layers.
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