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Root mean square error of optimum hyperparameters used during the QAL (with QGPR) and classical AL (with 

GPR) cycles 

 

Table S1. Hyperparameters used in this work1 as defined in the scikit-learn and sQUlearn libraries for the 4Al@Si11 

nanoparticle. 95% of the data were randomly chosen for the training set and 5% for testing for 4Al@Si11, as defined 

during the QAL cycles using exploitation for decision making. The cost function used to evaluate the quality of the 

regression was the root mean square error (RMSE) and it is presented for different data sizes obtained by QAL 

 

Hyper. 

20 data ca. 100 data ca. 200 data 

RMSE 

train / 

Hatree × 10-2 

RMSE 

test / 

Hatree × 

10-2 

RMSE 

train / 

Hatree × 10-2 

RMSE test / 

Hatree × 10-2 

RMSE 

train / 

Hatree × 10-2 

RMSE test 

/ Hatree × 10-2 

featureMap = HighDim; qkernel1 

= PQK;  = 0.0001 
0.0012 0.0200 0.0067 0.0497 0.0061 0.0797 

featureMap = YZ_CX; qkernel2 = 

PQK;  = 0.0001 
0.0129 0.0165 0.0066 0.0805 0.0065 0.1230 

kernel1 = DotProduct + White,  

bounds (−- 103), 

noise_level_bounds (−- 

103)  = 1.0 

0.1691 0.1407 0.4766 0.6039 0.4207 0.4601 

Kernel2 = Constant*RBF, 

constant_value_bounds (−- 

103), 

length_scale_bounds (−- 

102)  = 1.0 

0.0340 67.9609 0.128 0.2349 0.0898 0.1485 

Hyper.: hyperparameters used in the QGPR (using projected quantum kernel, PQK, or fidelity quantum kernel, FQK) or classical GPR (radial basis 

function, RBF, kernel) regression. The RMSE is in Hatree × 10-2. The MBTR descriptor was used and PCA was applied, allowing a dimensionality 

reduction of 4. 

 

 

 

 

 

 

 

 

 



 
 

Average total energy of 4Al@Si11 with standard deviation with 4 qubits in the quantum circuits 

 

Figure S1. Average total energy (in Hartree) and the standard deviation obtained by DFTB for 4Al@Si11 obtained by 10 

QAL and AL independent runs as a function of new calculations (with Ncycles = 60 and Nselected = 5). GPR: Classical 

Gaussian process (GPR) regression with DotProduct and White kernel combination - kernel1. QGPR: Quantum Gaussian 

process regression with XFeatureMap (X = YZ_CX) and Projected Quantum Kernel (PQK). PCA = X: principal 

component analysis with X main components chosen from MBTR descriptor. “reps”: number of times the quantum circuit 

is decomposed. The black and blue shadows are the standard deviation obtained by 10 independent AL and QAL runs, 

respectively. 

 

 

 

 

 

 

 

 

 

 

 



 
 

Average total energy of 4Al@Si11 with standard deviation with 8 qubits in the quantum circuits 

 

Figure S2. Average total energy (in Hartree) obtained by DFTB for 4Al@Si11 obtained by 10 QAL and AL independent 

runs as a function of new calculations (with Ncycles = 60 and Nselected = 5). GPR: Classical Gaussian process (GPR) 

regression with DotProduct and White kernel combination – kernel1. QGPR: Quantum Gaussian process regression with 

XFeatureMap (X = YZ_CX) and Projected Quantum Kernel (PQK). PCA = X: principal component analysis with X main 

components chosen from MBTR descriptor. “reps”: number of times the quantum circuit is decomposed. The black and 

blue shadows are the standard deviation obtained by 10 independent AL and QAL runs, respectively.  

 

Grid search hyperparameterization for classical (GPR) and quantum (QGPR) machine learning models 

 

  The hyperparameters for GPR (using “DotProduct + white” kernel) and QGPR (using HighDim encoding and 

projected quantum kernel) were obtained using a gridsearch. MBTR descriptor was used with dimensionality reduction 

using PCA. The first 4 PCA principal components were used as input features (descriptors) for both the GPR and the 

QGPR algorithms. Subsequently, the optimal hyperparameters were selected and used in the QAL and the AL methods 

for 60 4Al@Si11 isomers or homotops. This grid search is in line with the supporting information of reference2 and scikit-

learn3 for classical machine learning (ML) and sQULearn4 for quantum ML were used. 

 

 

 

Structural of 4Al@Si11: 

Data size: 60 isomers or homotops. 

alpha hyperparameters grid for classical GPR: 

‘gpr__alpha': [1e15, 1e10, 1e5, 1e3, 10, 1.0, 1e-1, 1e-3, 1e-5, 1e-10, 1e-15] 

sigma hyperparameters grid for quantum QGPR: 



 
 

‘qgpr__sigma': [1e-6, 1e-5,1e-4, 1e-3, 1e-2, 1e-1, 1e0, 1e1, 1e2, 1e3] 

In bold is presented the optimum hyperparameters found.  
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