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Abstract PointNet++ is a widely used deep learning architecture for processing three-
dimensional (3D) point cloud data. By hierarchically extracting local features and
subsequently aggregating them into global representations, it enables effective learning
from unordered point clouds. In chemistry, PointNet++ can be applied to the analysis
of 3D molecular structures and molecular field data, because such data, including three-
dimensional electron cloud density (ECD) and other molecular fields, can be naturally
represented as point clouds. Accordingly, PointNet++ has potential utility in drug
design, chemical reaction prediction, and materials science. At present, PointNet++ is
implemented predominantly in Python-based environments. To facilitate its use in 3D
chemical data analysis, a free MATLAB toolbox was developed in the present study.
The toolbox provides two principal functions: (1) conversion of molecular field data
into 3D point cloud representations and (2) PointNet++-based classification modeling
of 3D point cloud data. The practical utility of the toolbox was demonstrated using real
datasets. In a representative application involving a molecular ECD dataset related to
pS53 activation, the toolbox achieved a classification accuracy of 0.8333 on an external
test set, indicating that discriminative local and global features in complex 3D chemical
field data can be learned effectively.

Keywords: PointNet++; 3D molecular field data; MATLAB toolbox; Classification;

Point cloud analysis
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1. Introduction

With the rapid development of artificial intelligence (AI) and machine learning
technologies, the processing and analysis of 3D point cloud data has become
increasingly important [ 1-3]. In fields such as autonomous driving [4], robot navigation
[5], augmented reality [6], and 3D modeling [7], there is a growing demand for the
recognition, classification, and segmentation of 3D objects. Chemists also pose new
challenges to existing machine learning methods when analyzing various 3D chemical
field data [8-12]. In order to overcome these problems, researchers have developed
various algorithms to handle point cloud data [13-16]. PointNet++ is an innovative
neural network architecture that has made significant progress in processing point cloud
data [17].

The development of PointNet++ can be traced back to 2017, when PointNet was
proposed as a deep learning network that directly processes point cloud data. PointNet
learns the global features of point clouds using symmetric functions and multi-layer
perceptrons (MLPs), enabling classification and segmentation of 3D objects [18].
Although PointNet achieved some success in processing point cloud data, it had
limitations in handling local structures and hierarchical features. To overcome these
limitations, PointNet++ was proposed in 2018 [17]. PointNet++ added a hierarchical
structure to PointNet, enhancing the model's representation ability through multi-scale
grouping (MSG) and local feature extraction. This improvement made PointNet++
more effective in handling complex 3D scenes. PointNet++ can more accurately capture
local and global features in point cloud data. By using a hierarchical grouping strategy,
PointNet++ can simulate the way humans perceive 3D objects, leading to significant
performance improvements in classification, segmentation, and detection tasks [17].
In the field of chemistry, molecular field data generally includes 3D spatial coordinates
and one or more physical/chemical quantity features, such as ECD [19,20], electrostatic
potential field (ESPF) [21-24], van der Waals surface (vdWs) [24,25], etc., which

constitute typical 3D point cloud data. The 3D structure of a molecule determines its
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reactivity, stability, biological activity, and the way it interacts with other molecules
[26,27]. Analysis of 3D molecular structures is crucial for understanding the physical
and chemical properties of molecules. Especially, according to the Cohn-Kornberg
theorem, the ECD determines all properties of a ground-state molecule. The various 3D
molecular field data obtained based on strict quantum mechanics methods (such as
density functional theory) are accurate data for characterizing the 3D structure of
molecules [28]. Based on accurate ECD data or its derived descriptors, it was
anticipated that general quantitative structure—activity relationship (QSAR) models
could be established [9,29,30].

Analysis of 3D molecular field data has always been a huge challenge [31,32]. Among
the difficulties, the problem of molecular alignment was considered the primary
obstacle. Due to the lack of a unified standard, different alignment methods often
resulted in significantly different predictive performances [33]. In addition, an ideal 3D
descriptor was required to remain invariant under molecular rotation and translation,
while still accurately capturing molecular shape—an objective that was difficult to
achieve in practice [9,34,35]. On the other hand, the construction of effective 3D
descriptors typically required the discretization of molecular fields or shape information
in high-dimensional space. This process was not only computationally intensive but
also failed to balance short-range and long-range interactions effectively [9,33].
Traditional 3D-QSAR methods, such as comparative molecular field analysis (CoMFA),
were widely adopted, but they exhibited significant limitations due to their dependence
on field calculations based on fixed grids and probe placements. For example, grid
division was arbitrary, probe positions were fixed, and molecular conformational
alignment was often inconsistent [23,33,36]. These limitations encouraged researchers
to explore new 3D representation strategies that did not rely on explicit alignment—for
instance, by utilizing electron density distributions that were inherently invariant to
rotation and translation [9,19]. In doing so, the dependence on rigid alignment was

reduced, allowing molecular conformations and interaction fields to be described more
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comprehensively [37]. Therefore, it is necessary to introduce new feature
extraction/modeling methods based on 3D molecular ECD from the fields of
mathematics or computer science for molecular design and QSAR analysis.

As a milestone method in point cloud analysis, PointNet++ offers a powerful tool for
molecular structure analysis in chemistry. It not only enables a better understanding of
the physical and chemical properties of molecules, but also plays an important role in
drug design, QSAR modeling, and related fields. Shortly after its introduction, PointNet
was applied to crystal structure research [38-41], where atoms were initially treated as
individual points to form point clouds with atomic coordinates and features. In
subsequent studies, 3D electron density and electrostatic potential fields were also
employed as input features for point cloud models. In the field of drug discovery,
PointNet has been used to predict protein—-ligand binding affinity from 3D molecular
complexes [42], demonstrating strong potential for structural biochemical tasks. In the
conceptual framework proposed in this work, a complete system could eventually be
developed to predict a broad range of molecular properties, including physical,
chemical, and biological activities. As a preliminary step, promoting a point cloud
learning approach based on the intrinsic molecular feature of ECD appears particularly
important.

The original PointNet++ was implemented based on the PyTorch framework using the
Python language. For many chemistry researchers who are not very familiar with
Python, using MATLAB to implement PointNet++ might be a more user-friendly
choice [43]. Therefore, this article aims to provide a complimentary MATLAB toolkit
that utilizes PointNet++. The toolkit will offer the following functions: (1) converting
relevant chemical molecular field data into a frequently-used 3D point cloud format;
and (2) executing classification tasks using PointNet++. The usage of the toolbox will
be demonstrated by analyzing two real dataset.

2. Methods

2.1. PointNet
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PointNet is a deep learning network designed for processing point cloud data. It can
learn features directly from raw point clouds without any preprocessing or assumptions.
This type of network is particularly suitable for tasks such as classification and
segmentation of 3D shapes. The following is a brief introduction to the feature
extraction and classification principles of PointNet. Rotational alignment typically
refers to converting point cloud data to a uniform coordinate system before processing
it, in order to facilitate subsequent processing and analysis. Since molecular field data
is usually measured in the same 3D Euclidean space, this rotation is not necessary.
Therefore, rotational alignment is omitted in this article, and a more detailed description
of PointNet can be found in the original references.
PointNet takes a point cloud as input. In the shape classification task, the point cloud is
composed of a set of 3D coordinate points, and each point may also include additional
information such as color, intensity, and normal as features. Suppose a point cloud data
includes n points, for each point, PointNet uses a shared MLP to extract local features:
f(x;) = MLP(x;) (i=1,2,3,...,n)

These local features are then processed by global symmetric functions to obtain global
features:

F(fo.for i fu) = max{fy,fo,... fn }
In this context, x; represents the ith point in the point cloud, f; is the local feature
extraction function, and F represents the global feature. PointNet utilizes symmetric
functions (such as maximum, average, etc.) to handle the unordered nature of point
clouds. This implies that the network is not sensitive to the arrangement of input points.
The global feature is further processed by another MLP to integrate features from
different points. In the language of chemometrics, all points are randomly projected,
and then the maximum value of the projection is taken as a feature. Multiple features
can be extracted by multiple projections.
Finally, PointNet uses a fully connected layer to output classification results. For multi-

class classification problems, this is typically a softmax layer. The key advantage of
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PointNet lies in its ability to directly process point cloud data without complex data

preprocessing steps, making it very effective in handling 3D shapes.

2.2. PointNet++

PointNet++ inherits the concept of PointNet and enhances the model's ability to capture

local structures by introducing a MSG strategy. PointNet++ applies PointNet

recursively on a nested partitioning of the input point set. PointNet++ feature extraction
can be performed in the following 4 steps as:

(1) It first partition the input set of points into overlapping local regions and the region
centers are chosen by furthest point sampling (FPS). By FPS, it selects a given
number of scattered points from the point cloud to ensure that the distance between
the sampled points is as far as possible.

(2) With the selected centers, ball query is performed to define a set of overlapping
local regions. Given a query center point and a set of points (point cloud), a ball
query finds the points that are within a certain radius of the center point. This radius
can be fixed or dynamically adjusted to accommodate different data and tasks. The
original literature also introduces some sampling methods designed to deal with
variations in spatial point densities. These methods are not discussed in this paper,
because chemical molecular field data is generally uniformly gridded.

(3) PointNet is performed on each local region to extract local features. Each local
region is represented by the coordinates of its center and the extracted features. By
this step, the point cloud is reduced to a set of centers with coordinates and
extracted local features.

(4) Repeat steps (1)-(3) on the current center points for several times; and

(5) Subsequently, perform PointNet on all the current center points to obtain the global
features of the whole point cloud.

Finally, PointNet++ processes the extracted global-local features using one or more

fully connected layers for the final classification. The overall architecture of the

classification model was shown in Figure 1. Of course, researchers can also choose
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their preferred traditional machine learning or deep learning models for
classification/regression using the extracted features.

[Please insert Fig. 1 here.]
3. Data used for demonstration
3.1. Dataset 1
A set of three-dimensional ECD data was used to demonstrate the application of
classification algorithms. 130 small molecules were selected from approximately 470
items retrieved from ChEMBL (https://www.ebi.ac.uk/chembl/) [44] in December 2024,
from the subset “Bioactivity data for target CHEMBL4096 (Cellular tumor antigen p53)
- Activity”, based on their reported relevance to p53 activation. This collection, referred
to as Dataset 1, was stratified by activity class and randomly divided into training,
validation, and test sets in a 8:2:3 ratio. The training set consisted of 40 active and 40
inactive compounds, the validation set contained 10 active and 10 inactive compounds,
and the independent external test set comprised 30 labeled molecules (15 active and 15
inactive). The geometric structure of each molecule was optimized using Gaussian 16
software (Gaussian, Inc., Wallingford, USA), employing the B3LYP method with 6-
311G(d, p) basis sets. The ECD data were calculated using the Multiwfn software
(version 3.6) [45]. For each molecule, a 500 x 500 x 500 cubic grid array was generated,
with a grid spacing of 0.2 Bohr to balance data volume and sampling accuracy.
3.2. Dataset 2
In addition, a commonly used benchmark dataset in point cloud learning was employed,
consisting of a three-class classification task involving ‘“Chair,” “Display,” and
“Microwave” categories [18]. The training set contained 140, 170, and 90 samples for
“Chair,” “Display,” and ‘“Microwave,” respectively; the validation set included 40
samples for each of the three classes; and the test set consisted of 30, 40, and 20 samples
for the corresponding categories. The standard data processing procedures were
consistent with those used for the dataset 1.

4. MATLAB functions and an example of analysis
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The MATLAB codes in the toolbox are written and tested with MATLAB R2024a
(Mathworks, Sherborn, MA). The toolkit consists of 2 file folders (‘FilesO1’ and
‘Files02’), each of which is designed for a specific task as described below.
4.1. Transforming 3D chemical field data into commonly used point cloud format
The codes in the first file folder ‘FilesO1’ transform the data into a commonly used point
cloud format (*.ply). A brief introduction to the codes in ‘FilesO1’ is shown in Table 1
and more detailed descriptions are included in the comments next to the codes.
For MATLAB 3D array data, the function ‘d3tom4’ transforms it into an nx4 matrix,
where n is the number of points in a data cloud. In order to reduce memory and increase
computing speed, it allows users to set a threshold, and points with intensity values
below this threshold will be discarded and will not be used to form the output point
cloud data. In addition, 'd3tom4' allows real coordinate values to be reflected in the
generated point cloud, which is realized by considering the interval (grid width) of
sampling points.
Two MATLAB scripts are used for data transformation. The script “example01”
transforms a MATLAB 3D array data to a point cloud data (*.ply) with the same name
and plots the output data as shown in Figure 2. The script “example02” transforms a 4-
column *.txt data to a point cloud data (*.ply).

[Please insert Table 1 here.]

[Please insert Fig. 2 here.]
4.2. Performing PointNet++ classification
The second directory “Files 02 comprised code designed to extract global features
from point cloud data (.ply) derived from molecular ECD. These features were
subsequently used to train and evaluate a classification model. Dataset 1 consisted of
80 molecules for training (40 active and 40 inactive) and 20 molecules for validation
(10 active and 10 inactive), along with an independent test set comprising 30 labeled
but not folder-separated molecules. Prior to training, each ECD sample was converted

into a spatial field containing over 100,000 points, uniformly distributed within a
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500 x 500 x 500 voxel grid. Each point encoded three-dimensional coordinates and an
associated intensity value. A representative example of the ECD point cloud structure
is shown in Figure 3.

[Please insert Fig. 3 here.]

The script “Runmel _train” was employed to define global variables and set training

parameters. Based on the structure of the raw data, the input dimensionality was set to

4, and the number of points sampled per point cloud was set to 1,000. The training

process was conducted for 40 epochs, with a learning rate of 0.00012, an L2

regularization coefficient of 0.3, a learning rate decay step of 20, a decay factor of 0.1,

a gradient decay factor of 0.7, and a squared gradient decay factor of 0.999.

Additionally, the script “Runmel_train” invoked several MATLAB functions from the

“func” folder to perform feature transformation and extraction on the input point cloud

data (*.ply), which were subsequently used for classification. A brief description of the

functions in the “func” folder was provided in Table 2, and more detailed explanations
were included in the code comments.
[Please insert Table 2 here.]

The model training and validation followed the stages below:

(1) Data Preparation: Point cloud data were loaded, preprocessed, augmented, and
then split into training and validation sets.

(2) Model Definition: A PointNet++ classification model was defined, including the
implementation of the forward propagation process, which comprised feature
extraction, global pooling, and classification layers.

(3) Loss Function and Optimizer: The loss function, consisting of cross-entropy loss
and an L2 regularization term, was defined. The Adam optimizer was employed to
update model parameters during training.

(4) Training Phase: During each training iteration, point cloud data were passed
through the model to generate predictions, the loss was computed by comparing

predicted and true labels, and model parameters were updated via backpropagation.
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(5) Validation Phase: During validation, the model was evaluated on a separate dataset
with fixed parameters, and its performance was assessed based on validation loss
and classification accuracy.

(6) Model Saving: After completing all training epochs, the model was saved as
PNET.MAT, which contained the final network parameters and state variables.

It should be emphasized that, compared to the official PointNet toolbox provided by

MATLAB, the implemented PointNet++ model introduced a hierarchical local feature

extraction mechanism. Modular “Set Abstraction” layers—consisting of FPS, Ball

Query for neighborhood construction, and MLPs for local feature encoding—were

applied to progressively downsample and aggregate multi-scale local features. The

layer parameters were explicitly defined in the code (e.g., KKK = 10 controlled the
number of neighboring points; the function ‘initializeTransform’ aligned feature
spaces). Additionally, dynamic learning rate decay (learnRateDropFactor = 0.07) and
strong regularization (12Regularization = 0.3) were adopted to enhance training stability.

This allowed the model to capture fine-grained local structures (e.g., locally active

regions of molecular ECD) while also achieving robust global abstraction through

hierarchical feature integration, significantly improving classification accuracy in
complex scenarios. The outputs of the script “Runmel _train” included:

>>dataSizes, a vector containing the number of training and validation samples
respectively;

>>labelCountsTrain, a vector containing the counts of each category in the training
labels;

>>labelCountsVal, a vector containing the counts of each category in the validation
labels;

>>Viewdat, a matrix containing the XYZ coordinates of the point cloud loaded from
filenames{ 1} by pcread, used for plotting the 3D point cloud;

>>gradients, a structure containing the gradients of the model parameters computed

by dlfeval2, and subsequently updated by adding the L2 regularization term,;
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>>loss, a scalar value representing the loss for the current mini-batch (output of
dlfeval2);

>>state, a structure containing the updated network state after the forward pass;

>>acc, a scalar value representing the accuracy, computed first on the mini-batch
predictions and later updated to the overall accuracy after confusion matrix aggregation;

>>cmat, a sparse matrix of size [numClasses x numClasses], initialized to all zeros
and then updated by aggregating validation results using aggreateConfusionMetric;

>>Y Val, a 2x20 dlarray containing the validation labels in one-hot encoded format,
where each column represents a sample and each row corresponds to a class;

>>YPred, a 2x20 dlarray containing the predicted scores or probabilities for each
validation sample, where each column represents the model's output for one sample;

>>Y ValLabel, a row vector of true class labels for the validation samples, obtained
by taking the index of the maximum value in Y Val along the first dimension;

>>YPredLabel, a row vector of predicted class labels for the validation samples,
obtained by taking the index of the maximum value in YPred along the first dimension.
After the script completed, the loss, training accuracy, and validation accuracy of the
model on Dataset 1 were obtained. The performance of the classification model was
then visualized in plots (Figure 4).

[Please insert Fig. 4 here.]

To further evaluate the applicability of the toolbox, a standard three-class object
classification task was conducted, involving objects with distinct morphological
characteristics (Figure 5). Compared to Dataset 1, several training parameters were
substantially modified. Specifically, the input data dimension was set to 3, the number
of sampled points was reduced to 100, the number of training epochs was decreased to
15, and the learning rate was increased to 0.0002. The L2 regularization coefficient and
the learning rate decay period were lowered to 0.2 and 5 respectively, while the decay
factor and the gradient decay factor were increased to 0.5 and 0.8 respectively. All other

settings remained unchanged. These adjustments were made to adapt the PointNet++
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classification model to the relatively smaller 3D datasets. The classification results are
shown in Figure 6.
[Please insert Fig. 5 here.]
[Please insert Fig. 6 here.]
Subsequently, the script “Runme2_postClassEval” was used to further evaluate the
performance of the classification model. This script reloaded the pretrained model
weights (PNET.MAT) and reused the feature extraction backbone of PointNet++. The
data loading and preprocessing steps were identical to those used in the original
classification task. At the final stage, an additional line of code was included to compare
the predicted labels with the ground truth, thereby enabling the calculation of
classification accuracy based on discretized regression outputs. During execution, the
function “pointnetClassifier” output the class probability distribution for each
validation sample, stored in the variable “YPred”. Taking Dataset 1 as an example, the
first row of the matrix represented the probability for the ‘““active” class, while the
second row corresponded to the “inactive” class. The classification decision module
then converted the continuous probabilities into discrete class labels using the following
code:
[~, YValLabel] = max (YVal, [], 1);
[~, YPredLabel] = max (YPred, [], 1);

The resulting labels were stored in “Y ValLabel” and “YPredLabel” respectively. Upon
completion, the script produced the following outputs:

>>filenames4_short, a cell array of strings containing the file names of the validation
samples, obtained by removing a common path prefix from filenames4 using the erase
function; the order of filenames4_short corresponds exactly to the order of validation
samples processed by the confusion matrix, enabling easy retrieval of prediction results
for each sample;

>>cmat, a confusion matrix updated by calling aggreateConfusionMetric with the

previous cmat, Y ValLabel, and YPredLabel; it accumulates the classification results of
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the validation samples processed so far;

>>acc, a scalar representing the classification accuracy, computed as the sum of the
diagonal elements of cmat divided by the total number of predictions in cmat.
The evaluation of the classification model revealed accuracy rates of 0.85 and 0.8917
for Dataset 1 and Dataset 2 respectively (Table 3). In addition to accuracy, other
classification metrics were calculated using the function “evaluateClassificationFull”
and were displayed in the command window, including the per-sample prediction
results and detailed evaluation metrics such as Precision, Recall, F1-score, Specificity,
and AUC. In addition, the script generated a confusion matrix and a multi-class ROC
curve, visualizing the model’s performance on the validation set (Figure 7). Based on
the comparison of the results, the classification model was found to perform better on
Dataset 2 than on Dataset 1.

[Please insert Table 3 here.]
[Please insert Fig. 7 here.]

Finally, the script “Runme3_test” was employed to further evaluate the generalization
capability of the model on an independent external dataset. This script directly applied
the PointNet++ classifier from the trained model along with the saved model weights
(PNET.MAT) to predict the class labels of molecules contained in the “test_external”
subdirectory. During execution, the command-line interface prompted the user to
manually input the corresponding ground-truth labels. The predicted labels were then
compared with the user-provided true labels, and a set of evaluation metrics consistent
with those used during validation—such as accuracy, precision, recall, and F1-score—
were computed and reported accordingly. These outputs facilitated a comprehensive
analysis of the model’s predictive capability on previously unseen data. The test results
showed that the classification accuracies for Dataset 1 and Dataset 2 reached 0.8333
and 0.8889, respectively (Table 4), and the other performance metrics were also largely
consistent with those obtained on the validation sets (Figure 8).

[Please insert Table 4 here.]
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392 [Please insert Fig. 8 here.]

393 5. Discussions and remarks

394 It is demonstrated that the toolbox is very easy to use. For the PointNet++-based
395  toolbox, only a few key functions are required to perform data preprocessing, network
396 training, and prediction on point cloud classification tasks. Some remarks on the
397  toolbox are as follows.

398 (1) For point cloud data with 4 dimensions (i.e., 3D coordinates plus an intensity value)

399 sampled from a 500x500x500 space, it is critical to preserve the original spatial
400 distribution. The toolbox avoids centering the coordinates to zero; instead, only
401 normalization and data augmentation (e.g., random rotations, translations, and
402 fixed-point sampling) are applied. This approach ensures that the intrinsic
403 geometric and intensity information is retained for subsequent hierarchical feature
404 extraction.

405 (2) The toolbox initializes several network modules (input transform, shared MLP

406 layers, feature transform, and classification MLP) with carefully selected channel
407 sizes (e.g., 64, 128, 256, and 512) to capture both local and global features. When
408 tuning the parameters—such as the neighborhood size in local feature extraction
409 or the number of points sampled per cloud—users are encouraged to examine
410 training loss curves and validation accuracy plots. These observations help in
411 avoiding parameter values that are too large or too small, which could otherwise
412 lead to overfitting or underfitting.

413  (3) Employing the Adam optimizer with L2 regularization and a dynamic learning rate

414 decay schedule, the toolbox effectively stabilizes the training process and
415 accelerates convergence. Real-time monitoring of the loss and accuracy curves,
416 along with the accumulation of confusion matrices on the validation set, provides
417 a comprehensive evaluation framework. Although the current classification labels
418 did not incorporate continuous activity values, which limited the model’s
419 performance on borderline samples (as reflected by the RMSE metric), the toolbox
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still demonstrated strong classification stability and generalization capability.

(4) For binary tasks where molecules are labeled only as active or inactive,
performance metrics such as sensitivity and specificity (derived from the confusion
matrix) indicate that the model can reliably distinguish between classes. In contrast,
on a smaller dataset (approximately 5000 points per sample) with a three-class
problem, the model exhibits significantly improved classification accuracy. This
suggests that the toolbox is capable of adapting to different data scales and label
granularities, thereby offering robust performance across varying scenarios.

6. Conclusions

In conclusion, a MATLAB-based PointNet++ toolbox was developed for the

classification of three-dimensional (3D) molecular field data. The toolbox enables the

conversion of molecular field data into point cloud representations and supports the
training and evaluation of PointNet++ classification models. Its functionality was first
validated in a representative chemical application using a molecular electron cloud
density (ECD) dataset associated with p53 activation (Dataset 1), and was further
assessed through a supplementary generalization test using a standard three-class point
cloud object dataset (Dataset 2). The results showed that the hierarchical PointNet++
model, incorporating local feature abstraction layers and flexible parameter settings,
achieved good classification performance, with external independent test accuracies of

0.8333 and 0.8889 for Datasets 1 and 2, respectively. These findings indicate that the

toolbox can effectively capture both local and global structural information in complex

3D chemical data while demonstrating adaptability across different tasks. Overall, this
toolbox provides a convenient and practical MATLAB implementation for applying

PointNet++ to 3D chemical data analysis. Future work may extend the toolbox to

additional types of molecular field data and further refine its functionality to support

broader applications in chemical data modeling.
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Fig. 1. Schematic of the PointNet++ classification model architecture.

Fig. 2. Electron cloud density data of a molecule plotted as a point cloud.

Fig. 3. Point cloud structure of (a) active and (b) inactive molecules in the transformed
dataset 1.

Fig. 4. Performance of the PointNet++ classification model on the dataset 1.

Fig. 5. Point cloud structures of (a) chair, (b) display, and (c) microwave objects in the
transformed dataset 2.

Fig. 6. Performance of the PointNet++ classification model on the dataset 2.

Fig. 7. Visualization outputs from the evaluation phase, including the confusion
matrices of (a) Dataset 1 and (b) Dataset 2, as well as the ROC curves of (c) Dataset 1
and (d) Dataset 2.

Fig. 8. Visualization outputs from the external testing phase, including the confusion
matrices of (a) Dataset 1 and (b) Dataset 2, as well as the ROC curves of (c) Dataset 1
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[Figure 1] Schematic of the PointNet++ classification model architecture



X (Bohr)

Y (Bohr)

[Figure 2] Electron cloud density data of a molecule plotted as a point cloud



[Figure 3] Point cloud structure of (a) active and (b) inactive molecules in the
transformed dataset 1



[Figure 4] Performance of the PointNet++ classification model on the dataset 1



[Figure 5] Point cloud structures of (a) chair, (b) display, and (c) microwave objects in

the transformed dataset 2



[Figure 6] Performance of the PointNet++ classification model on the dataset 2



[Figure 7] Visualization outputs from the evaluation phase, including the confusion
matrices of (a) Dataset 1 and (b) Dataset 2, as well as the ROC curves of (c) Dataset 1

and (d) Dataset 2.



[Figure 8] Visualization outputs from the external testing phase, including the
confusion matrices of (a) Dataset 1 and (b) Dataset 2, as well as the ROC curves of (¢)

Dataset 1 and (d) Dataset 2.
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