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Symmetry function selection

The input vectors for the NNs were constructed using atom-centred symmetry functions

(SFs).1 For the Hematite-Water interface, not many studies using HNNP are available, so a

careful selection of symmetry-functions was vital. Different methods have been proposed in

the literature to generate input vectors with symmetry functions.2–5

Starting with the parameter set proposed in the literature,5 we generated a set of 10 radial

symmetry-functions (per pair) and four angular symmetry-functions per triples (with ζ ∈

{1, 4} and λ = ±1 ) using the Gastegger et.al. method3 with a cutoff radius of 12 Bohr.

This set of SFs were then screened in two stages

First, discarded the SFs whose range (i.e., maximum - minimum value over the entire

data-set) were below 10−4. Then, trained a model using this set of SFs and examined

the prediction on an unseen test set; the RMSE of the predicted forces for the model was
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2.5× 10−1 Hartree/Bohr.

AS the second screen tried another set of SFs with 8 shifted radial SF (per pair) and 24

narrow angular SF per triple (with ζ ∈ {1, 2, 4} and λ = ±1); we again removed SFs with

the range below 10−4. The model from the second set gave us prediction with 57% RMSE

improvement compare to the first set (from 2.5× 10−1 to 1.06× 10−1 Hartree/Bohr).

Secondly, performed a sensitivity analysis for trained models where the derivatives of the

output neuron with respect to the input vector (i.e., symmetry-functions) were averaged

over the whole data. This analysis removed the symmetry-functions with less than 0.5%

sensitivity. Following this analysis, we could improve the RMSE of the initial set by 90%

(from 1.06× 10−1 to 2.41× 10−2Hartree/Bohr).

All symmetry-function values are scaled and centered based on the average and range of the

individual symmetry-functions encountered in the training set according to

Gi =
Gi −Gavg

i

Gmax
i −Gmin

i

.

Model training

After selecting 20 random structures from the reference data pool, we computed their en-

ergy and forces using CP2K6 through a single-energy calculation. The labeled data was

then used to train a committee of eight HDNN models as the first generation. Each model

was initialized with random weights and biases and trained separately. The training set for

each model was created by random sub-sampling from the initial 20 structures, with 10%

of the data points left out in each case to ensure the necessary diversity among committee

members.7

To train the HDNN models, we utilized the open-source n2p2 code.8 In each pool-based

active-learning iteration, 20 new configurations are selected from a collection of candidate

structures based on the highest committee disagreement in the atomic forces, as described
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by Eq. 1 in the main text. Our calculations determined that the candidate set includes 

10,000 structures from the structures pool. A new ensemble of models is then trained with 

the extended training set, which incorporates the newly chosen configurations.

After 13 iterations of active learning, convergence was achieved. Convergence was determined 

by observing a reduction in committee disagreement in subsequent iterations. Specifically, 

sampling stopped when there was no substantial difference in force disagreement between the 

”selected” points and those already in the ”training” set. The convergence of disagreement 

for our case study is illustrated in Fig. S1. We tracked the evaluation of the atomic 

force disagreement for the structures in the ”training,” ”selected,” and ”candidate” sets. 

Initially,

Figure S1: Convergence of the pool-based active-learning iterations with respect to the 
number of structures in the training set. The graph shows the mean-force committee 
disagreement for the training set (Train), the large set of potential new candidates 
(Candidates), and the actual newly-selected configurations (Selected).
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the disagreement between the ”selected” structures and those in the ”training” and ”candi-

date” sets is significant. However, as more points with the highest disagreement are added to 

the training set, this difference decreases m onotonically. The committee force disagreement 

reported during active learning iterations can also be used to gauge the model’s validity, 

as it represents an upper bound for accuracy.7 This convergence indicates that a sufficient 

variety of structures has been sampled to yield an accurate and robust ensemble model. By 

this stage, our training set comprised approximately 300 structures.

After confirming there was no need for additional active-learning iterations, we performed a 

more robust training for all models in the committee to obtain the final ensemble model.

The NN models were constructed and trained using the n2p2 package.8 Each model has 

two hidden layers with 20 neurons per layer, using the hyperbolic tangent activation function 

for the middle layer and a linear function for the last layer.

We used an adaptive global extended Kalman filter as the optimizer to adjust the network 

parameters.8,9 Due to the time-consuming nature of training multiple networks (8 in our 

case), we trained the models loosely (15 epochs of multi-stream Kalman filter with 4 streams) 

during active-learning sampling, while the final model training was performed for 100 epochs 

using 32 streams. The ultimate model achieved the root mean squared error (RMSE) of the 

energy predictions of ≈ 0.96 meV/atom and ≈ 447.16 meV/Å for forces.

Model evaluation

The trained model was first e valuated a gainst t he r eference f orce values f or a  s maller set 

of test data split from the labeled data. The comparison of predicted vs. reference values, 

shown in Figure S2, yielded a correlation of 0.98. To evaluate the model’s performance, 

we utilized two properties: the radial distribution function (RDF) and power spectrum 

density (PSD). RDFs provide a comprehensive summary of the structural arrangement of a 

system, while PSDs illustrate its dynamical behavior.

We performed molecular dynamics simulations using the trained model for a system of the
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Figure S2: Predicted force compare to the reference values.

same size as the reference trajectory. The simulation was performed at 330 K and the time 

step of 0.5 fs. The duration of the simulation was 0.1 ns, which is twice that of the reference 

ab-initio trajectory. For this simulation, we used the CP2K software package.6 The time 

for this simulation is about five h ours, a s o pposed t o a bout two a nd h alf months f or the 

ab-initio MD computation for the reference data. We then compared the RDFs of the ab-

initio reference trajectory to those predicted by the model based on the molecular dynamics 

simulation. Figure S3 presents a graphical representation of this comparison for oxygen 

atoms and also displays the total accuracy of the RDFs for all pairs in the system. 

Dynamical properties were validated by comparing the species-resolved power spectrum 

density (PSD) obtained from the model with that from the reference, providing a 

comprehensive overview of inter-molecular and intra-molecular motions. The distributions 

obtained using the AIMD and ensemble MD trajectories are plotted for all three elements 

in the system in Fig. S4. Although the distributions for the two trajectories are more 

in qualitative agreement in some regions, the peaks are in complete quantitative 

agreement, confirming the essential reliability of the model.
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Figure S3: The RDFs correspond to atom Oxygen within both reference and cNNP 
model trajectories are plot. A summary of the accuracy of the model RDFs is represented 
(bottom); on average the cNNP model is 94.3% accurate in predicting RDFs.
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