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Abstract

Bottlebrush polymers (BBPs) exhibit highly tunable physicochemical properties
arising from their unique 3D architectures of densely grafted side chains. Accu-
rately recognizing and classifying their conformations is critical for understanding
structure-property relationships, yet remains challenging due to the complex
geometries. Coarse-grained molecular dynamics (MD) simulations can generate
3D BBP conformations as bead-level coordinates that provide point cloud data
for quantitative shape analysis. Conventional approaches either compress these
data into hand-crafted geometric descriptors or discretize the structures onto 3D
grids (voxelization) before applying data-driven models. However, low-resolution
voxelization may discard fine-grained conformational information, while high-
resolution voxelization can be computationally expensive for large BBP datasets.
In this paper, we apply an enhanced PointNet-based deep learning model that
directly operates on raw 3D point clouds of BBP conformations. The proposed
model integrates multi-scale feature aggregation and a dual pooling mechanism
to enhance geometric representation learning. Applied to a 12-class dataset of 5-
tiered temperature-sensitive BBPs (T'S-BBPs) spanning three architectures, two
temperatures across the LCST of poly(IN-isopropylacrylamide), and two degrees
of dextran functionalization, our model achieves a mean test accuracy of 94.81%,



exceeding both traditional machine learning and voxel-based 3D convolutional
neural network (3D-CNN) baselines while eliminating voxelization entirely. For
explainability, we adapt Grad-CAM to point-cloud networks to compute bead-
level importance scores, and validate them with a deletion-based perturbation
test in which removing highly attributed beads degrades accuracy substantially
faster than random removal. Proposed point-cloud learning thus offers an effi-
cient, accurate, and physically explainable route to conformation recognition in
TS-BBPs, paving the way for scalable trajectory analysis and inverse design of
soft-matter architectures.

Keywords: Bottlebrush polymers, PointNet, explainable artificial intelligence,
molecular dynamics

1 INTRODUCTION

The topological structure of a polymer is a primary factor that governs its physic-
ochemical properties and strongly influences both bulk behaviors (e.g., rheology,
mechanical strength) and solution properties (e.g., shear viscosity, self-assembly) [1-
3]. Among the various polymer architectures, bottlebrush polymers (BBPs) [3-5]
represent a distinctive class of branched macromolecules that have received substan-
tial attention in recent years [6]. These BBPs feature a central backbone densely
grafted with flexible side chains, producing a brush-like morphology that enables pre-
cise control over molecular dimensions, packing, and functionality [6]. The resulting
3D architecture imparts BBPs with unique, as well as tunable, properties pertain-
ing to their softness, entanglement, and responsiveness, which have been harnessed in
diverse applications ranging from drug delivery [7-9] and surfactant design [10, 11]
to organic electronics [12] and stimuli-responsive coatings [13]. Because the macro-
scopic performance of these materials is intrinsically linked to their 3D conformations,
accurate structural recognition and classification of BBP conformations are criti-
cal for understanding, predicting, and ultimately guiding their function in advanced
material systems [6]. Within this broader family of BBPs, the design and study
of temperature-sensitive bottlebrush polymers (TS-BBPs) have recently gained sig-
nificant attention due to their tunable conformational behaviors resulting from a
simplistic administration of stimulus, and their diverse applications in smart materials
4, 6, 14-19].

Despite progress in synthesis and experimental characterization, accurately probing
the 3D conformations of TS-BBPs remains challenging [20]. The intrinsic architectural
complexity of these BBPs, arising from variations in grafting density, side chain length,
and backbone rigidity, combined with experimental resolution limits, makes it difficult
to directly correlate microscopic structural parameters with macroscopic conforma-
tional states [21, 22]. Consequently, computational modeling approaches, particularly
coarse-grained (CG) molecular dynamics (MD) simulations, have emerged as useful
tools to explore the conformational behavior of BBPs at the molecular level [23, 24].
Snapshots of BBPs obtained from a CG MD simulation trajectory, where each CG



bead is represented by its x, ¥ and z coordinates, also provide geometric represen-
tations of their structures in the form of 3D point clouds. This enables a systematic
and efficient investigation of how the architecture, temperature, and functionaliza-
tion influence global shape transitions, providing a controlled framework to study the
molecular origins of responsiveness in TS-BBPs [6]. These trajectories are conven-
tionally analyzed through hand-crafted structural descriptors such as the radius of
gyration, solvent-accessible surface area (SASA), asphericity, free volume, and intra-
polymer contacts, which have long been the standard means of quantifying polymer
conformations and remain the standard descriptors used to characterize conforma-
tional changes [6]. We report this conventional analysis for all BBP systems studied
in this paper in Sections S1 and S2 of the Supporting Information (SI). Each descrip-
tor, however, compresses a full 3D structure into a single scalar, so conformations that
differ in shape but have similar values for the chosen descriptor are not distinguished.
The descriptors must also be selected in advance, which presumes that the structural
features distinguishing the architectures are already known.

These limitations motivate approaches that learn representations directly from the
3D point clouds of BBP conformations generated by CG MD simulations, rather than
relying on a predetermined set of descriptors. Machine learning (ML) [25-29] and deep
learning (DL) [6, 30-32] have emerged as powerful tools for extracting structural pat-
terns in soft-matter systems, particularly given the volume of high-dimensional data
generated by CG MD simulations. These methods provide a framework for learn-
ing hidden relationships between molecular conformations and macroscopic properties
directly from simulation data [19].

Among the DL-based approaches, our earlier work (Joshi et al.[6]) introduced a 3D
convolutional neural network (3D-CNN) framework to quantify shape transformations
in uniquely structured TS-BBPs of poly(N-isopropylacrylamide) (PNIPAM). Because
standard 3D-CNNs operate on regular grids rather than unordered bead coordinates,
raw CG MD coordinates first had to be mapped onto their volumetric representations
[33-35]. To do so, each BBP conformation, originally represented as a 3D point cloud
of beads, was converted into voxel grids by discretizing the continuous 3D space into
a fixed-size grid (resolution 50%) [6], where each voxel represented a small cubic region
analogous to a pixel in 2D images. Through the study, we broadly demonstrated
how side chain length distribution, whether gradually or abruptly varied, significantly
influenced the compactness, bending, and overall conformations of these TS-BBPs
above and below the lower critical solution temperature (LCST) of PNIPAM.

However, while voxelization enables the use of CNN architectures to capture spa-
tial correlations, it introduces several drawbacks [36, 37]. The discretization process
can cause quantization artifacts and loss of fine geometric details, especially at lower
resolutions [36] (Figure 1). In contrast, increasing the voxel-grid resolution generally
improves geometric fidelity but substantially increases memory usage and computa-
tional cost, since voxel-based representations scale volumetrically with grid resolution.
In addition, for voxel-based inference, each raw MD-generated BBP frame must first
be converted into a voxel grid before being passed to the trained 3D-CNN, adding an
extra preprocessing step to the prediction pipeline. In the context of large BBP confor-
mation datasets, this resolution-efficiency trade-off can limit scalability and motivates



approaches that operate directly on raw 3D molecular coordinates. Point cloud-based
learning offers a natural alternative, as it avoids discretization and preserves geometric
fidelity. In this formulation, each BBP conformation is represented as a set of 3D bead
coordinates rather than as a grid or ordered sequence, so the learning model should
be invariant to permutations of the input beads while still capturing their spatial
relationships (36, 37].

‘ Poor representation/ high chance of information loss

(a) Raw point cloud  (b) Voxelized (50%) (c) Voxelized (30°)  (d) Voxelized (10°%)

Fig. 1: A representative BBP conformation is shown in (a) raw point cloud format
and in (b-d) voxelized formats at progressively coarser resolutions: (b) 502, (c) 303,
and (d) 10%. All representations are constructed within the same cubic voxelization
domain (300%); only the voxel-grid resolution varies.

Architectures such as PointNet [36] are particularly designed for point cloud data,
as they respect this permutation-invariance and learn spatial features directly from
point sets. Recent studies have leveraged PointNet [36] for molecular and materials
modeling tasks [38], including local structural motif detection in atomistic simulations
[39], prediction of liquid structural properties [40], and cocrystal formation analysis
[41]. Most of these studies used the vanilla PointNet network proposed by Qi et al.
[36] for their respective tasks.

In this paper, we formulate the TS-BBP recognition problem as a point cloud
classification task, where each conformation is represented as an unordered set of 3D
bead coordinates obtained from CG MD simulations. We apply an improved PointNet
architecture that integrates multi-scale feature aggregation and a dual pooling mech-
anism to enhance recognition performance. This design enables the model to more
effectively capture the geometric complexity of polymer conformations, particularly in
TS-BBPs that exhibit conformational diversity driven by side chain distributions and
functionalization.

While the PointNet-based point-cloud network provides a flexible framework for
recognizing polymer conformations, its black-box nature necessitates model explana-
tion to identify the structural features driving its predictions. This need is especially
critical for BBPs, where the input consists solely of 3D bead coordinates, abstracting
away explicit chemical or bonding information. Such model explanation is commonly
framed as explainable artificial intelligence (XAI), which aims to expose the rationale
of a trained network by highlighting which parts of the input most influence the output.



For image data, XAI methods such as Gradient-weighted Class Activation Mapping
(Grad-CAM) [42], Integrated Gradients [43], and Local Interpretable Model-Agnostic
Explanations (LIME) [44] are widely used to interpret CNN predictions. In contrast,
XAI for 3D point-cloud models is still relatively less mature. Existing XAI approaches
for point-cloud neural networks can generally be grouped into three categories: (i)
gradient-based attribution methods [45, 46], which use gradients to assign importance
scores to individual points; (i) perturbation-based methods [47, 48], which assess how
predictions change when selected points or local regions are modified or removed; and
(#ii) surrogate-model approaches [49, 50], which locally approximate the behavior of
the black-box model using a simpler interpretable model. In this paper, we employ
a gradient-based attribution strategy to explain the PointNet-based BBP classifica-
tion network, specifically by adapting Grad-CAM [42] to point-cloud networks. Unlike
images, our inputs are unordered 3D bead coordinates, so we compute the expla-
nation on the network’s bead-wise feature representation. We visualize the resulting
bead-level importance scores as 3D saliency maps over the input BBP conformation.
We further quantitatively validate this explanation using a deletion-based perturba-
tion test, in which we show that removing the most highly attributed beads degrades
classification accuracy much faster than removing random beads.
In summary, the main contributions of this paper are:

® We apply an enhanced PointNet-based deep learning model that recognizes complex
3D BBP conformations directly from raw MD-generated bead coordinates, and we
show through comparison with traditional ML methods and voxel-based 3D CNNs
[6] across multiple grid resolutions that the proposed approach achieves superior
accuracy.

® We apply a Grad-CAM-based attribution method to the bead-wise learned features
to explain the model and generate bead-level saliency maps, and we validate these
explanations using a deletion-based perturbation test.

The remainder of this paper is structured as follows: Section 2 describes the gen-
eration of the BBP dataset using CG MD simulations and the formulation of the
BBP conformation recognition problem. Section 3 introduces the PointNet-based BBP
recognition framework used in this paper, detailing its architecture, hyperparameter
tuning, training procedure, and explainability method. Section 4 presents the results,
including comparative model performance, ablation studies, and Grad-CAM-based
explainability analysis. Finally, Section 5 concludes the paper with key findings and
future research directions.

2 GENERATION OF THE BBP DATASET AND
PROBLEM SETUP

This section describes the generation of the BBP dataset using CG MD simulations
and the mathematical formulation of the conformation recognition problem. The SI
provides further details on the simulated systems and the conventional analyses of
their trajectories.



2.1 Molecular models and simulation details

We first outline the BBP systems considered in this study and the CG models used
to represent them. We then describe the simulation protocol and explain how the
resulting trajectories are processed to construct the dataset used for BBP conformation
recognition.
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Fig. 2: Schematic representations of the tiered TS-BBP architectures considered in
this study. The BBP backbone is shown in black, and the PNIPAM side chains are
shown as yellow spheres. Side-chain lengths vary from 7 to 30 monomer units, forming
3-, 5-, 7-, and 9-tier Cake-like, Dumbbell-like, and Plus-like architectures.

BBP architectures

The dataset used in this paper is generated from over 20 us of combined CG MD sim-
ulations of TS-BBPs. These T'S-BBPs consist of a hydrophobic backbone of 72 beads
with PNIPAM side chains grafted symmetrically at 100% grafting density, similar to
those considered in our previous work [6]. By varying the PNIPAM side chain lengths
from 7-mers to 30-mers along the backbone, different 3D BBP structures were gener-
ated. Figure 2 illustrates our broader tiered TS-BBP design space, in which discrete
side chain arrangements produce three architecture families: Cake-like, Dumbbell-like,
and Plus-like, with possible 3-tier, 5-tier, 7-tier, and 9-tier designs.

In addition to these unfunctionalized PNIPAM bottlebrushes, we also studied
dextran-functionalized variants of our TS-BBPs [51], in which selected PNIPAM side
chains were functionalized with dextran 10-mers at their free ends. Dextran, an



oligosaccharide known for its inherent hydrophilicity and biocompatibility, was specif-
ically chosen as the functional group due to its strong aggregation potential [51-53].
This aggregation behavior of dextran chains may significantly influence the confor-
mations of TS-BBP architectures, potentially even overriding the thermosensitive
behavior inherent to PNIPAM side chains. The dextran-functionalized TS-BBPs were
constructed for all three BBP families but only for the 5-tiered systems with three
degrees of functionalization - 33% (where every third PNIPAM side chain was func-
tionalized), 50% (every second side chain was functionalized), and 100% (every side
chain was functionalized). This allowed us to focus on the effects of functionalization
density and temperature on TS-BBP conformations without introducing additional
variations from tier numbers. The 5-tiered systems were chosen because they provide
an intermediate configuration between the abruptly varying 3-tiered and the gradu-
ally varying 9-tiered systems [51, 54]. Representative functionalized TS-BBP systems
are presented in Figures S10-S12 of the SI. For the PointNet-based BBP recognition
framework, however, the dataset used to train and evaluate the proposed classifier
includes only the 5-tier systems at 300 and 320 K, with either no dextran functional-
ization or 100% dextran functionalization. The remaining 3-, 7-, and 9-tier systems,
together with the 33% and 50% dextran-functionalized 5-tier systems, are excluded
from model training and are subsequently considered in Section 4.4 to examine how
the trained classifier projects these additional conformations onto the learned 12-class
label space.

CG models used

Because the simulated BBP systems consist of PNIPAM-based bottlebrush polymers
in explicit water, with some systems additionally carrying dextran terminal groups, the
CG MD simulations require force-fields for all three components: water, PNIPAM, and
dextran. These force-fields govern the intermolecular and intramolecular interactions
that ultimately determine the equilibrium 3D conformations of the BBPs, which form
the point-cloud inputs for our classification task. Our simulations employ CG force-
fields that have been specifically developed and validated for these components.

® Vater is represented using a 1-site CG model with a 2:1 mapping scheme, where
each bead corresponds to two water molecules. This chargeless bead has a mass of
36.03 amu and interacts exclusively through van der Waals interactions modeled
with a 12-6 Lennard-Jones (LJ) potential. The force-field parameters were opti-
mized via particle swarm optimization (PSO) and gradient descent (GD) algorithms
against experimental benchmarks such as density, diffusion coefficient, and dielec-
tric constant at 300 K. Despite these limited optimization targets, the final CG
model reproduces additional properties like surface tension, isothermal compress-
ibility, and heat of vaporization, and has been validated across varying system sizes,
time steps, and temperatures, confirming its robustness and transferability [55].

e For PNIPAM, we adopt the transferable CG model of Bejagam et al. [56], which
maps each N-isopropylacrylamide (NIPAM) monomer into three beads correspond-
ing to the backbone CsHy group, the NH—CO amide group, and the terminal



isopropyl group. Bonded interactions among these beads are described using har-
monic bond and angle potentials supplemented by dihedral terms to preserve
tacticity, while nonbonded interactions follow a 12-6 LJ potential optimized via
PSO. This model successfully reproduces PNIPAM’s lower critical solution temper-
ature (LCST) behavior, yielding coil-like conformations at 290 K and globule-like
conformations at 320 K when simulated in the CG water model [56].

® Dextran functionalization is modeled using a carbohydrate CG model that is
designed to provide a transferable representation for monosaccharides, employing
a 2:1 mapping scheme. Specifically, 5-D-glucose is mapped from atomistic simu-
lations using the CHARMM, GLYCAMO06j, and OPLS-AA force-fields, ensuring
that the CG model closely replicates atomistic structural properties. Bond lengths
and angles obtained from CG simulations match closely with atomistic MD results,
highlighting the accuracy of the structural representation. Nonbonded interactions
are optimized by simulations conducted under periodic boundary conditions at 300
K and 1 atm, effectively reproducing bulk properties such as density and heat of
vaporization observed in atomistic models. Moreover, interactions with water are
accurately captured by employing adaptive biasing force (ABF) [57, 58] methods to
calculate solvation free energies. The robustness of this carbohydrate CG model is
further confirmed through evaluations of surface tension and thermodynamic prop-
erties in both vacuum and aqueous environments, demonstrating its reliability in
large-scale CG simulations. This model has also been successfully applied in pre-
vious studies to investigate precision glycopolymers, exploring how carbohydrate
density and multivalency influence lectin recognition [53], as well as to investigate
the impact of dextran grafting on the LCST behavior of PNIPAM [51].

These validated CG models enable reliable generation of diverse TS-BBP conforma-
tions across temperatures, structures, and functionalization states. We next describe
the simulation protocol used to generate these conformations.

Simulation protocol

Individual BBPs are solvated in a cubic simulation box with dimensions of 250 A
along the z, y, and z directions, employing explicit 1-site CG water beads [6]. The
box dimensions are carefully chosen to prevent any unwanted interactions between the
BBP and its periodic images, and the total number of water beads (~200,000) is set
to closely match the experimental density of water. Solvation is performed using the
Packmol package developed by Martinez et al. [59]. CG MD simulations are conducted
to examine polymer system behaviors at two distinct temperatures: 300 K (below
LCST) and 320 K (above LCST). Each simulation is run for a total duration of 500
ns within the NPT ensemble, maintaining a constant pressure of 1 bar. All CG MD
simulations are performed using the NAMD software package with a time step of
10 £s[60, 61]. Nonbonded interactions are evaluated using a cutoff radius of 12 A.
Temperature and pressure are maintained using the Langevin thermostat and barostat,
respectively, ensuring precise thermodynamic control throughout the simulations. BBP
coordinates are recorded every 50 ps, resulting in simulation trajectories containing
10,000 frames each. The first 200 ns (4,000 frames) are designated as an equilibration



phase, and the subsequent 300 ns (last 6,000 frames, indices 4,000-9,999) are used
as the production run for subsequent analyses [6]. Details regarding the conventional
analyses of BBP trajectories are presented in Section S1 in the SI.

Dataset construction

We construct a balanced 12-class dataset spanning three BBP architectures (Cake-
like, Dumbbell-like, and Plus-like), two temperatures (300 K and 320 K), and
two functionalization states (unfunctionalized and 100% dextran functionalized 5-
tiered BBPs), as summarized in Table 1. The resulting classes are Cake5-300,
Cake5-320, Cake-D100-300, Cake-D100-320, Dumbbell5-300, Dumbbell5-320,
Dumbbell-D100-300, Dumbbell-D100-320, P1us5-300, P1lus5-320, P1us-D100-300,
and Plus-D100-320. Here, “5” indicates the five-tier distribution of PNIPAM side
chain lengths along the backbone. “D100” indicates 100% dextran functionalization,
and classes without “D100” correspond to unfunctionalized systems (0% dextran). The
numeric suffix denotes the simulation temperature in Kelvin (e.g., 300 or 320). Each
class is constructed by selecting 300 frames from the production phase of the simu-
lations, specifically frames 4,000 to 9,999 at intervals of 20. Each frame is treated as
one sample for the corresponding class, resulting in 300 samples per class and a total
of 3,600 samples across the 12 classes, with strict balance maintained.

Table 1: Composition of the 12-class BBP conformation dataset.
Each class contains 300 samples (3,600 samples in total).

Architecture functiolr)lg(itz;agilon (%) T (K) Class label
0 300 Cake5-300
Cake-like 320 Cake5-320
100 300 Cake-D100-300
320 Cake-D100-320
0 300 Dumbbel15-300
Dumbbell-like 320 Dumbbel15-320
100 300 Dumbbell-D100-300
320 Dumbbell-D100-320
0 300 Plus5-300
Plus-like 320 Plus5-320
100 300 Plus-D100-300
320 Plus-D100-320




2.2 Problem setup for BBP conformation recognition

Each BBP conformation obtained from the MD trajectories is a set of 3D beads,
where each bead is represented by its Cartesian coordinates p; = (z;,y;, z;) for j =
1,2,..., N. Collectively, the full BBP conformation at a given frame can be represented
as a 3D point cloud X = {p1,p2,...,pn} € RY¥*3. We consider an equal number
of beads (NN) for all samples across classes. In practice, BBP systems may contain
different numbers of beads due to variations in side chain length and functionalization
state. While PointNet-based networks can, in principle, handle variable N through
symmetric aggregation (see discussion in the next section), efficient mini-batch training
on GPUs benefits from a fixed bead count. To achieve this, a common approach is
to randomly upsample BBPs with fewer beads [62] or randomly downsample those
with more beads [63]. In this paper, we adopt farthest point sampling (FPS) [64] for
downsampling. Unlike random downsampling, which may discard beads arbitrarily and
leave geometric gaps, FPS iteratively selects beads that are maximally spread across
the 3D conformation, thereby better preserving the overall spatial distribution of the
BBP structure. In our experiments, FPS also yielded better recognition performance
compared to random downsampling, consistent with its stronger preservation of global
shape geometry.

With bead counts equalized across all classes via FPS, each BBP conformation is
thus represented as a fixed-size 3D point cloud that solely encodes the geometric shape
of the BBP in space. This allows the problem of 3D BBP conformation recognition to
be treated as a point cloud classification task, where the spatial structure of the beads
is the primary feature used for recognizing the BBP class. Formally, the problem is
defined by a function fg : RN*3 — {1,2,...,12}, where © represents the learnable
model parameters. Given a BBP conformation X, the model predicts its class label as
¢ = fe(X). The goal is to learn © such that fg minimizes the recognition error and
generalizes well to unseen BBP shapes based on their 3D geometry.

3 METHODS

In this section, we first introduce the PointNet-based deep learning network used for
3D BBP conformation recognition. We then outline the evaluation metrics, training
and hyperparameter tuning procedures, and the baseline methods used for perfor-
mance comparison with traditional ML and voxel-based 3D CNN models. Finally, we
describe the Grad-CAM-based explainability approach used to interpret the model’s
predictions.

3.1 PointNet-based learning for BBP conformation recognition

This paper proposes to use the PointNet-based network [36] to model the mapping
function fg. PointNet [36] is specifically designed to handle unordered point cloud
data, such as 3D BBP structures from MD simulations. Our PointNet-based BBP
recognition network, depicted in Figure 3, processes each BBP point cloud X through
three major steps: (a) a transformation is applied to each bead in the cloud to learn
bead-wise local features (Section 3.1.1), (b) these local features are aggregated across

10



all beads to obtain BBP-wise global shape features (Section 3.1.2), and (¢) a classi-
fication head uses these global features to assign the BBP to one of the 12 classes
(Section 3.1.3). The following subsections briefly detail each of these three steps.
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Fig. 3: PointNet-based BBP conformation recognition network. The input
is a 3D point cloud of BBP bead coordinates, and the output is the predicted BBP
conformation class among the 12 classes considered in this paper.

3.1.1 Mapping 3D bead coordinates to high-dimensional features

The first step of the PointNet-based BBP conformation recognition network (
dashed box in Figure 3) involves the learning of bead-level local features from raw
3D coordinates. For each bead p; in the BBP point cloud &', a multilayer perceptron
(MLP) transforms the 3D input into a K-dimensional feature vector f; € R¥. The
MLP consists of L layers in total, where [ = 1,2, ..., L indexes each individual layer,
each followed by a nonlinear activation function o (specified in Section 3.3). It operates
as a sequence of transformations:

fi=0(Wror_1(---o1(Wipj +b1)---) +br) (1)

where W; and b; denote the weights and biases at layer [, respectively. The depth
L and the final output dimension K control the richness of the per-bead structural
representation and are treated as tunable hyperparameters in this paper. We use
L = 4 layers with an output feature size of K = 512, selected based on validation
performance. After applying the shared MLP to all beads, we obtain a set of per-bead
feature vectors {fy,...,fx}, which serve as the foundation for the subsequent BBP-
level global feature aggregation step in Section 3.1.2. It is important to note that the
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model does not assume any order among the feature vectors, which aligns with the
unordered nature of the beads in the BBP point cloud.

3.1.2 Aggregating local bead features into global BBP descriptors

The second step of the network (blue dashed box in Figure 3) aggregates the bead-
wise local features into a single global descriptor that characterizes the overall 3D
BBP conformation. In the vanilla PointNet network[36], feature aggregation is per-
formed solely on the final bead-level features after the last MLP layer. In this work, we
improve the representation of BBP conformations by concatenating the outputs of all
intermediate MLP layers, which allows the network to capture multi-scale geometric
information at different levels of abstraction. Such multi-scale feature concatenation
has proven effective in point cloud networks such as DGCNN [65]. For each BBP
point-cloud sample X, this process results in a final set of bead-wise feature vec-

tors {fjl ’j =1,.. .,N}, where each f; € RP and the total feature dimension D is

the sum of feature dimensions from each contributing layer. In our optimized BBP
recognition network (Figure 3), we use three intermediate layers with 64, 128, and
256 output channels, and a final layer with an output dimension of 512, resulting in
D = 64+4128+256+512 = 960. The resulting concatenated bead-wise feature map, of
size N x 960, serves as the pre-bottleneck representation before global pooling and is
later used for the Grad-CAM-based bead-saliency analysis described in Section 3.5.1.
To obtain a global descriptor of the BBP conformation that is invariant to bead
order, we apply symmetric aggregation functions across all N beads. We apply both
max pooling and mean pooling, following similar strategies employed in prior point
cloud studies [66-68]. The final global conformation descriptor g is then obtained by
concatenating the results of these two pooling operations.

_ /
Bmax = max £,
1 N
mean = N Z f],a (2)
j=1

g= [gméLX”glnean} € RzD.

This combination of multi-scale feature concatenation and dual pooling operations
produces a more informative representation of BBP conformations. Our ablation study
(Section 4.2; Table 4) demonstrates that both design elements lead to performance
gains compared to the vanilla PointNet [36].

3.1.3 Classification head for BBP conformation recognition

In the final step of the network ( dashed box in Figure 3), the global BBP
descriptor g € R?P is passed through a classification head consisting of another MLP.
This MLP transforms the global feature vector g into a set of unnormalized scores,
or logits, corresponding to each of the C' = 12 BBP classes. The output is a logit
vector z = (21, 22, . . ., 2¢ ), which is converted into class probabilities using the softmax
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function:

- exp (2k)
Yoy exp (z)

where pp denotes the probability that the input BBP conformation belongs to class

k. The predicted class ¢ is then determined by selecting the class with the highest

probability:

i for k=1,2,...,C (3)

¢ = arg max py (4)

3.2 Performance metrics

We select accuracy and F1 score as performance metrics to evaluate our classification
model. Accuracy is the ratio of correctly classified BBP conformations to the total
number of BBP conformations in the test set:

1.
Acc = T ;H(Ci =¢) (5)

where T is the total number of samples in the test dataset, ¢; is the predicted class
label, ¢; is the true class label, and I(¢; = ¢;) is the indicator function. Indicator
function I(¢; = ¢;) returns 1 if the predicted class ¢; matches the true class ¢; (i.e.,
correct prediction), and 0 otherwise. Higher accuracy indicates better classification
performance. In this paper, we compute accuracy using accuracy_score from the
sklearn.metrics module. We also report the F1 score to provide a balanced measure
of the model’s precision and recall:

Precision x Recall
F1=2
x Precision + Recall (6)

where precision is the ratio of correctly predicted positive observations to all predicted
positives, and recall is the ratio of correctly predicted positives to all actual positives.
A higher F1 score indicates a better balance between precision and recall. In this
paper, F1 score is computed using f1_score from the sklearn.metrics module, with
a weighted average.

3.3 Training, hyperparameter tuning, and testing details

The dataset contains 3,600 BBP conformations evenly distributed across 12 classes
(300 samples per class). We apply stratified partitioning to maintain class bal-
ance, allocating 80% of the data for training and validation, and reserving the
remaining 20% as a held-out test set. We implement this partition using the
StratifiedShuffleSplit utility from scikit-learn. We train all models to mini-
mize the categorical cross-entropy loss, Log(p,y) = — ch:l yr log(pk), where p is
the predicted class probability vector obtained after softmax, and y is the one-hot
encoded ground truth label. Optimization is performed using the Adam optimizer [69]
with a learning rate n = 0.0005, first- and second-moment decay rates 5; = 0.9 and
Bo = 0.999, respectively, and a numerical stability ¢ = 10~®. We use a mini-batch size
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of 32 for all training runs. We set the number of training epochs to E = 200 unless
otherwise specified.

Algorithm 1 BBP conformation recognition: training, hyperparameter tuning, and
evaluation pipeline

Require: Dataset D = {(X®, c)}2°2° number of classes C' = 12.
1: Stratify-split D into training set Dirain (80%) and test set Diest (20%).
2: Define candidate hyperparameters H = {(L, K)} using grid search|[70].
3: for each (L,K) € H do
4 for r =1 to 5 independent random seeds do
5: Perform 5-fold stratified cross-validation on Dipain:
6
7
8
9

for each fold m =1,...,5 do
Split Dirain into training subset D™ and validation subset D™,

train val

Initialize PointNet-based model with (L, K).
Train the model on D™

train*®

10: Evaluate on DE,ZIL); record Acc!™") (Eq. 5) and F1(™") (Eq. 6).
11: end for
12: end for
13: Compute average cross-validation metrics:
130
Ao — — (m,r)
Acc = 5% ; mZ:I Acc ,
1 5.5
Fi=_ F10m),
25 ; m=1

14: end for

15: Select (L*, K*) that maximizes Acc and F1.

16: for s =1 to 10 independent runs do

17: Initialize final PointNet-based proposed model with (L*, K*) (Figure 3).
18: Train on full Dipain-

19: Evaluate model on Dyeg.

200 Record Acc!?), and F1{2),.

21: end for

22: return: mean =+ standard deviation for AccCiest, Fltest

We tune two previously introduced model hyperparameters - the number of MLP
layers L used for bead-wise feature learning, and the output feature dimension K of
the final MLP layer prior to feature concatenation. Hyperparameter tuning is per-
formed via a stratified 5-fold cross-validation procedure, repeated across 5 independent
random seeds to ensure robustness. We select the optimal (L*, K*) pair based on the
highest mean validation accuracy (Eq. 5) and F1 score (Eq. 6) across cross-validation
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folds and seeds. We use ReLU activations with Batch Normalization [71] across hid-
den layers, and apply a dropout rate of 0.6 after each fully connected block in the
classification head.

Once the best hyperparameters are selected, we retrain the final model from scratch
using the entire training set (2,880 samples) and evaluate its performance on the held-
out test set (720 samples). We repeat this final training and evaluation 10 times with
different random initializations to assess the generalization performance of the model.
The test set performance obtained from these runs is summarized in Section 4.1. All
models are implemented in PyTorch[72] and trained on a workstation equipped with
an NVIDIA GeForce RTX GPU and 128 GB of system memory. The full pipeline for
training, hyperparameter tuning, and evaluation is summarized in Algorithm 1.

3.4 Baseline methods

To evaluate the performance of the PointNet-based BBP recognition model, we com-
pare it against both traditional ML classifiers and a voxel-based 3D CNN. For
traditional ML benchmarks, we consider Random Forest (RF)[73], Light Gradient
Boosting Machine (Light GBM)[74], and Support Vector Machines (SVM) with both
radial basis function (RBF) and polynomial (poly) kernels[75]. These widely used clas-
sifiers provide reference comparisons across tree-based and kernel-based approaches.
As these methods require structured feature vectors as input, we voxelize each BBP
point cloud at a resolution of 503. The resulting voxel grids, each containing 125,000
binary occupancy values, are then flattened into one-dimensional feature vectors and
used to train and evaluate these traditional ML models.

For the 3D CNN baseline, we start with a 50% voxel resolution, consistent with Joshi
et al. [6], and additionally evaluate reduced resolutions of 30% and 103 to investigate the
trade-off between voxel resolution and classification performance. To maintain valid
spatial representations after convolution and pooling, we adapt the network depth to
the input resolution: four convolution-pooling blocks at 503, three at 303, and two at
103. In each case, we include as many blocks as the resolution allows before the voxel
grid becomes too small for further convolutions. This ensures that lower-resolution
models remain well-posed while still following the same design principles as the higher-
resolution network, allowing a fair comparison across voxel sizes. An overview of the
architectures, input formats, hyperparameters, and optimization settings for the base-
line methods is given in Table 2. To maintain consistency, we apply the same final
training and testing pipeline formalized in Algorithm 1 to all baseline models.

3.5 Bead-level attribution of BBP classification decisions

This subsection presents the explainability approach used to explain BBP-level predic-
tions back to individual beads. We apply a Grad-CAM-based [42] attribution method
to estimate bead-level contributions and a deletion-based perturbation test to evaluate
the resulting explanations.
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Table 2: Architectures, key hyperparameters, and optimization settings of the baseline models.

Model

Input shape

Key architecture/ Parameters

Optimization and schedule

Package/Library

RF [73]

(B, 125,000)

n_estimators = 100

Package default

scikit-learn [76]

LightGBM [74]

(B, 125,000)

n_estimators = 100
learning_rate = 0.1

Package default

Light GBM

SVM (rbt) [75]

(B, 125,000)

kernel = ’rbf’,
C =1.0,
gamma = ’scale’,
probability = False

Package default

scikit-learn [76]

SVM (poly) [75]

(B, 125,000)

kernel = ’poly’,
degree = 3,
coef0 =1,
C =1.0,
gamma = ’scale’,
probability = False

Package default

scikit-learn [76]

3D-CNN [6] @ 10®

(B, 1, 10, 10, 10)

Conv blocks: (1 — 32 — 512), valid 3% kernels,
GroupNorm, ReLU, MaxPool3d(k=2);
AdaptiveMaxPool3d(1);

MLP head 512 — 128 — 64 — 12 with Dropout(0.2)

Adam [69], 1r=0.0005,

batch size 32,

optimized at 50 epochs

PyTorch [72]

3D-CNN [6] @ 30°

(B, 1, 30, 30, 30)

Conv blocks: (1 — 32 — 64 — 512), valid 3® kernels,
GroupNorm, ReLU, MaxPool3d(k=2);
AdaptiveMaxPool3d(1);

MLP head 512 — 128 — 64 — 12 with Dropout(0.2)

Adam [69], Ir=0.0005,

batch size 32,

optimized at 100 epochs

PyTorch [72]

3D-CNN [6] @ 50°

(B, 1, 50, 50, 50)

Conv blocks: (1 — 32 — 64 — 128 — 512), valid 3% kernels,
GroupNorm, ReLU, MaxPool3d(k=2);
AdaptiveMaxPool3d(1);

MLP head 512 — 128 — 64 — 12 with Dropout(0.2)

Adam [69], Ir=0.0005,

batch size 32,

optimized at 150 epochs

PyTorch [72]
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Fig. 4: Schematic of the Grad-CAM-based bead-saliency analysis for the PointNet-
based BBP recognition model. The top panel recaps the forward classification pipeline
from Figure 3, and the bottom panel shows the backward attribution procedure used
to generate bead-level saliency maps.

3.5.1 Utilization of Grad-CAM for point-cloud bead saliency

For each input BBP conformation, we explain the model’s predicted class ¢ by com-
puting bead-level saliency scores that quantify how strongly each bead contributes to
the corresponding predicted logit zz. As introduced earlier, after the shared MLP stack
and the multi-level feature concatenation, each bead j is represented by a learned
feature vector f]/- € RP. These bead-wise feature vectors across all N beads form the

pre-aggregation feature map F € RV*P where the j-th row of F is f;-. Thus, F is sim-
ply the pre-bottleneck bead-wise feature representation as described in Section 3.1.2.
The bottom panel of Figure 4 summarizes the overall Grad-CAM workflow used in
this paper. It first computes the gradient of the predicted logit with respect to this
feature map as G = % € RNV*D,

In the original Grad-CAM formulation for images [42], the feature map is defined
over a 2D spatial grid, and one importance weight is computed for each channel by
averaging gradients over all spatial locations. In our setting, the spatial locations are
the beads themselves. Therefore, we compute importance weight per feature channel
by averaging the gradients over the bead dimension:

N
o 1 1 0z
0 = =5 Gia=~ = d=1,...,D. (7)
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Using these channel weights, a raw attribution score is computed for each bead as the
weighted sum of its features:

D
sgc) :Za((;)Fj,d, j=1,...,N. (8)
d=1

Following the standard Grad-CAM principle [42], we retain only positive evidence for

the predicted class by applying a rectified linear operation §§-é) = max (0, s;é)). To
visualize the bead-saliency heatmap for a given BBP sample, we normalize the raw

scores across all beads to the interval [0, 1]:
i NG|
maxy, 3,

9)

— miny, §§f) +5

Here, k indexes all beads in the selected sample and the small constant § is added to
the denominator to avoid division by zero in cases where all bead scores are equal.
The resulting normalized bead-level saliency scores §§-c) are then used to visualize 3D
attribution heatmaps and to support the quantitative faithfulness analysis described

next.

3.5.2 Deletion-based perturbation test

To quantitatively assess the faithfulness of model explanations, we perform a deletion-
based perturbation test in a manner similar to the perturbation-based evaluation of

Levi and Gilboa [77]. For each test BBP conformation X, we first compute Grad-CAM

bead-level saliency scores 556) for the predicted class ¢, rank the beads in descending

order based on these scores, and remove the top p% of beads with the highest saliency.
This results in a reduced point cloud Xye(p) that is then evaluated by the unchanged
model. For each of the 12 BBP classes, we compute the classification accuracy over
its test samples as a function of the removal percentage p. As a baseline, we compare
this saliency-guided deletion procedure against random bead removal at the same
deletion ratios. A larger reduction in accuracy following bead removal suggests that
the removed beads contribute more strongly to the model’s prediction.

4 RESULTS AND DISCUSSION

In this section, we present the results and associated findings. We first compare the
proposed PointNet-based classifier with traditional ML baselines and voxel-based 3D
CNNs on the held-out BBP test set. We then evaluate the architectural design choices
of the PointNet variant used in this paper via an ablation study and examine model
explainability using Grad-CAM-based bead-saliency maps with a deletion-based per-
turbation test. Finally, we apply the trained 12-class model, without further training,
to additional BBP systems outside the training label set and examine how these sys-
tems are assigned within the learned class space. In addition to the ML-based results
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presented in this section, we performed conventional analyses of the BBP trajecto-
ries following our previous study [6]; the detailed methodology and results of these
conventional analyses are provided in Sections S1 and S2 of the SI.

4.1 Performance evaluation on unseen BBP conformations

We evaluate the final PointNet-based model on the held-out BBP test set and compare
its performance against traditional ML and 3D CNN baselines described in Section 3.4.
Table 3 summarizes test performance, averaged over 10 independent runs for each
method (mean + std). Among the traditional ML methods, SVM [75] with a polyno-
mial kernel achieves the best performance with an accuracy of 80.14% and an F1 score
of 0.8005, outperforming the RBF kernel and tree-based models (RF [73] and Light-
GBM [74]). Notably, all traditional ML approaches depend on converting 3D BBP
conformation geometries into structured, fixed-dimensional representations, through
voxelization or manual feature engineering, which incurs preprocessing overhead.

Table 3: Comparison of classification performance, voxelization preprocessing time, and
model training time across baseline methods and the proposed PointNet-based approach.
Results are based on 10 independent runs and reported as mean + standard deviation.

Voxelization Mean model

Models time (s) training time (s) Accuracy (%) 1 F1 score 1

Voxelized (50%) + RF[73] 340 2 46.934+0.99  0.4688 % 0.0095
Voxelized (50%) + Light GBM[74] 339 9 59.86 £+ 0.00 0.5997 £ 0.0000
Voxelized (50%) + SVM (rbf)[75] 341 299 68.06 £0.00  0.6796 % 0.0000
Voxelized (50%) + SVM (poly)[75] 341 295 80.14+£0.00  0.8005 % 0.0000
Voxelized (103) + 3D-CNN6] 247 15 48.06 +1.94 0.4804 £ 0.0202
Voxelized (30%) + 3D-CNN([6] 261 60 81.20 £3.56  0.8096 % 0.0410
Voxelized (503) + 3D-CNNI6] 339 442 91.44 + 2.96 0.9134 £ 0.0326
PointNet-based (this paper) 0 288 94.81 + 3.33 0.9471 £ 0.0360

* Voxelization is not required for point cloud-based methods, so preprocessing time is zero. In
this work, FPS is used to equalize bead counts across classes, which takes around 100 s for
the entire BBP dataset.

The 3D CNN approach improves performance with increasing voxel resolution. At
50% resolution, the 3D CNN model of Joshi et al. [6] achieves an accuracy of 91.44%
and an F1 score of 0.9134. Lower voxel resolutions (303 and 103) result in substantially
worse recognition accuracy, indicating the importance of fine spatial representation in
preserving the 3D shape information. In contrast, the proposed PointNet-based model
achieves a higher accuracy of 94.81% =+ 3.33% and an F1 score of 0.9471 4 0.0360.
Moreover, it completely eliminates the voxelization overhead and, as shown in Table 3,
attains a shorter model training time than the 50% 3D CNN.

To further investigate the model behavior on the unseen BBP test dataset,
Figure 5(a) presents the confusion matrix from the best-performing run. In the illus-
trated run, the model correctly classifies most samples across all 12 classes, with only
a handful of misclassifications. Importantly, these errors occur predominantly between
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Fig. 5: Results on the BBP test set obtained with the best-performing run of the
proposed PointNet-based model: (a) confusion matrix, with color intensity indicating
the number of BBP conformations, and (b) t-SNE visualization of the learned inter-
mediate feature space.

closely related variants within the same architectural family rather than across fun-
damentally different shapes. For instance, two samples from Plus{D100{300 were
predicted as P1lus5{300, and one sample from Dumbbell5{300 was misclassified as
Dumbbel1{D100{320. Such cases highlight that misclassifications are confined within
local neighborhoods of BBP variants that share the same global morphology but dif-
fer in subtle thermoresponsive or functionalization features. This error structure is
consistent with the conventional CG-MD analysis of the same systems reported in
the SI (Tables S1 and S2). Across every system in those tables, SASA separates the
three architectures without overlap, ordering them as Plus (1.15 — 1.35 x 10° A?) <
Cake (1.37 — 1.46 x 10° A?) < Dumbbell (1.56 — 1.79 x 10° A2?). The within-family
variations associated with temperature and dextran functionalization are smaller and,
unlike the family separations, are not consistent in sign across architectures, since rais-
ing the temperature increases the asphericity of the 5-tiered Cake and Plus systems
(0.37 — 0.41 and 0.34 — 0.38) but decreases that of the Dumbbell (0.60 — 0.58).
Because the conventional descriptors and the proposed classifier read the same under-
lying geometry, the families should be separated clearly while the finer within-family
distinctions are the harder ones, and this is where the majority of the misclassifica-
tions in Figure 5(a) fall. In support of this observation, the t-SNE visualization of the
learned feature space in Figure 5(b) shows well-separated clusters for all classes, with
related variants within the same global shape grouped closer together, consistent with
both the confusion matrix and the descriptor-based family separation.

Alongside the baseline comparison in Table 3, these results show that the proposed
PointNet-based classifier attains the highest BBP conformation recognition accuracy
among all methods compared, and that it recognizes the conformations in a manner
consistent with their known structural differences. Because it operates directly on raw
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MD point clouds and avoids the voxelization that the baseline methods require, it is
scalable and flexible for analyzing large or continuously generated BBP datasets.

4.2 Ablation study of the PointNet variant used in this work

To justify the design choices of the PointNet-based variant applied in this work, we
perform an ablation study only on PointNet-based models, using the same optimized
setting and evaluating them on the test set without further model tuning. As shown
in Table 4, the vanilla PointNet (Variant 1), which uses only the final layer features
with max pooling, reaches 92.3% accuracy, while replacing max pooling with mean
(Variant 2) or sum (Variant 3) degrades performance considerably. Introducing multi-
level feature concatenation improves accuracy across all aggregation choices, with the
best results obtained when combining max and mean pooling, which yields 94.8%
accuracy and 0.9471 F1. These results indicate that both multi-scale feature concate-
nation and the dual pooling strategy are beneficial for enhancing the recognition of
BBP conformations.

Table 4: Ablation study of multi-level feature concatenation and symmetric aggregation
(max, mean, sum) on classification performance.

Symmetric feature aggregation

Models Multi-level features Accuracy (%) 1 F1 score 1
Max pool Mean pool Sum pool
This paper v v v X 94.81 0.9471
Variant 1" X v x X 92.33 0.9234
Variant 2 X X v X 86.15 0.8457
Variant 3 X X X v 85.29 0.8367
Variant 4 v v X X 93.10 0.9307
Variant 5 v X v X 88.35 0.8689
Variant 6 v X X v 87.90 0.8627

* Variant 1 corresponds to the vanilla PointNet [36] architecture.

4.3 Grad-CAM visualization and faithfulness analysis

We achieve high BBP conformation recognition accuracy using our PointNet-based
network (Section 4.1), but the reasoning behind its predictions is not directly observ-
able from the predicted labels alone. We now use the Grad-CAM procedure described
in Section 3.5 to visualize bead-level attributions.

Representative Grad-CAM visualizations for correctly classified test samples are
shown in Figure 6, where we randomly include 12 samples, one from each of the 12
classes. The first row (a-d) corresponds to the Cake family, the second row (e-h) to
the Dumbbell family, and the third row (i-1) to the Plus family. In each case, we
visualize the Grad-CAM heatmap by plotting the original bead coordinates {p;} in 3D

and color-coding each bead by §§°) , where warmer colors indicate beads that provide
stronger positive evidence for the predicted class.
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Test sample #106 Test sample #7 Test sample #52 Test sample #39
True: Cake5-300 True: Cake5-320 True: Cake-D100-300 True: Cake-D100-320
Pred: Cake5-300 (100.0%) Pred: Cake5-320 (100.0%) Pred: Cake-D100-300 (100.0%) Pred: Cake-D100-320 (100.0%)

- -

Test sample #225 Test sample #176 Test sample #266 Test sample #22
True: Dumbbell5-300 True: Dumbbell5-320 True: Dumbbeil-D100-300 True: Dumbbeil 100-320
Pred: Dumbbell5-300 (100.0%) Pred: Dumbbell5-320 (99.9%) Pred: Dumbbell-D100-300 (99.9%) Pred: Dumbbell-D100-320 (82.0%)

000"

Test sample #14 Test sample #8 Test sample #116 Test sample #326
True: Plus5-300 True: Plus5-320 True: Plus-D100-300 True: Plus-D100-320
Pred: PIus5-300 (100.0%) Pred: Plus5-320 (100.0%) Pred: Plus-D100-300 (99.7%) Pred: Pius-D100-320 (100.0%)

Fig. 6: Grad-CAM bead-saliency heatmaps for 12 correctly classified BBP test sam-
ples (one per class). Samples are arranged by architectural family: Cake (top row),
Dumbbell (middle row), and Plus (bottom row). Warmer colors indicate stronger pos-
itive evidence for the predicted class.

Across the correctly classified examples of Figure 6, the Grad-CAM attributions
concentrate on subsets of beads that capture the most shape-defining regions of each
conformation. (i) For the Cake family, the highest-saliency beads typically align with
the broad disc-like mass distribution that characterizes this topology. (i7) For the
Dumbbell family, the strongest attributions are commonly located on the two terminal
lobes and, in many cases, the narrowed bridge between them, indicating that lobe
separation and neck geometry are important discriminative features. (éii) For the
Plus family, saliency is often concentrated near the central junction where multiple
arms meet, with attribution extending partially along the arms when those features
are more pronounced. These attribution patterns can be interpreted in the context
of the conventional CG-MD descriptors. The Dumbbell saliency, concentrated on the
two terminal lobes and the connecting neck, falls on the geometry responsible for the
family’s high asphericity (= 0.58-0.66 across the four trained Dumbbell classes, the
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st sample #500 Test sample #378
True: Dumbbell-D100-320
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10 10
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Fig. 7: Grad-CAM bead-saliency heatmaps for representative misclassified BBP test
samples. Warmer colors indicate stronger positive evidence for the predicted class.

largest of the three families in Tables S1 and S2), since lobe separation and neck
constriction are the primary geometric features that determine the asphericity. In
contrast, the Cake saliency, spread over the broad disc-like mass, and the Plus saliency,
localized at the central junction where the arms meet, highlight the compact, more
isotropic mass distributions of these families, consistent with their lower asphericity
(0.37 — 0.45 and 0.34 — 0.43, respectively). This more compact, isotropic organization
also results in the smaller SASA that separates both families from the Dumbbell across
all systems in Tables S1 and S2. These attribution patterns suggest that the PointNet-
based network assigns high attribution to geometrically discriminative regions that
are qualitatively consistent with the defining morphology of each architecture.
Figure 7 presents example misclassified samples. Notably, these misclassifications
are almost always assigned to closely related classes within the same architectural
family, typically differing only in temperature or dextran functionalization rather
than in the overall topology. For example, the sample in Figure 7(a), originally from
Cake5-320, is predicted as Cake-D100-300, while the sample in Figure 7(e), originally
from P1lus5-320, is predicted as P1us5-300. This pattern indicates that the dominant
failure mode of the model is not confusion between the major BBP shape fami-
lies (Cake, Dumbbell, and Plus), but rather difficulty distinguishing finer geometric
variations associated with thermally induced structural changes or functionalization.
Next, we apply the perturbation procedure described in Section 3.5.2 to assess
whether these Grad-CAM-based explanations are faithful to the model’s decision pro-
cess. Figure 8 shows the accuracy-deletion curves obtained by progressively removing
beads either in descending order of Grad-CAM saliency (blue) or at random (red).
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Fig. 8: Deletion-based perturbation test for Grad-CAM faithfulness across all 12 BBP
classes. Accuracy is reported after removing an increasing fraction of beads ranked
by Grad-CAM saliency (blue) or by random order (red); faster accuracy drop under
saliency-based removal indicates more faithful attributions.

Across all 12 classes, removing the most highly attributed beads results in a substan-
tially faster decline in accuracy than random bead removal at the same deletion levels.
This consistent gap indicates that the Grad-CAM method is identifying beads that
contribute disproportionately to correct recognition. In other words, the attributed
regions are functionally important to the model’s predictions.

4.4 Projection of additional BBP systems onto the learned
class space

To examine how the trained 12-class model responds to BBP systems outside its train-
ing label set, we perform inference on polymer conformations drawn from additional
systems that were not included in model development or testing. These 28 additional
systems extend beyond the training distribution along two axes: tier count (3-, 7-, and
9-tier, whereas the model was trained only on 5-tier systems; the 3-tier Plus systems
were unavailable and are not included) and functionalization degree (33% and 50%,
whereas training used only 0% and 100%). Because the classifier is restricted to the
12 learned output classes, each additional conformation is necessarily assigned to one
of these classes. We therefore record the frequency with which the conformations from
each additional system are assigned to the learned classes, as summarized in Table 5.
The following observations emerge from these projections.

First, the architectural family of these additional BBP systems is largely preserved.
For most of these additional systems, the majority of conformations (66-100%) are
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Table 5: Predicted distributions over the 12 trained classes when the model is applied
to BBP conformations from additional classes not included in training or testing.
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Cake3-300 0 243 44 7 0 2 0 0 3 0 0 1
Cake3-320 21 144 8 124 0 0 0 0 0 0 0 3
Cake7-300 47 11 128 47 0 0 0 0 0 0 10 57
Cake7-320 0 191 14 0 3 39 0 0 42 0 10 1
Cake9-300 0 3 1 296 0 0 0 0 0 0 0 0
Cake9-320 0 204 68 1 0 1 0 0 21 0 3 2
Cake-D33-300 55 136 18 86 3 2 0 0 0 0 0 0
Cake-D33-320 0 0 0 197 103 0 0 0 0 0 0 0
Cake-D50-300 0 157 101 41 0 1 0 0 0 0 0 0
Cake-D50-320 18 148 0 134 0 0 0 0 0 0 0 0
Dumbbel13-300 0 0 0 0 172 0 128 0 0 0 0 0
Dumbbel13-320 41 0 0 0 109 55 1 94 0 0 0 0
Dumbbell7-300 0 0 0 0 57 240 1 2 0 0 0 0
Dumbbel17-320 0 94 0 2 0 201 0 3 0 0 0 0
Dumbbel19-300 0 0 4 35 119 140 1 1 0 0 0 0
Dumbbel19-320 256 6 0 26 0 9 0 0 0 0 0 0
Dumbbel1-D33-300 0 0 0 0 269 0 28 3 0 0 0 0
Dumbbel1-D33-320 0 0 0 0 295 0 5 0 0 0 0 0
Dumbbel1-D50-300 0 0 0 0 60 0 120 120 0 0 0 0
Dumbbel1-D50-320 0 0 0 0 86 11 56 147 0 0 0 0
Plus7-300 0 23 27 0 0 0 0 0 178 0 21 51
Plus7-320 0 0 0 0 0 0 0 0 170 1 0 129
Plus9-300 1 49 2 0 0 0 0 0 178 24 2 44
P1lus9-320 27 17 0 0 0 0 0 0 3 246 2 5
P1lus-D33-300 0 0 0 0 0 0 0 0 0 48 0 252
Plus-D33-320 0 0 0 0 0 0 0 0 1 96 2 201
Plus-D50-300 0 0 0 0 0 0 0 0 0 1 0 299
Plus-D50-320 0 0 0 0 0 0 0 0 293 0 7 0

assigned to trained classes of the same family (cake systems to cake classes, dumb-
bell systems to dumbbell classes, and plus systems to plus classes). This holds even
though the additional systems carry tier counts absent from training, indicating that
the learned representation relies on family-level shape. This behavior is consistent
with the conventional descriptors of Table S1 and S2. Across every tier, temperature,
and functionalization state in these tables, SASA separates the three families without
overlap, and tier count shifts it only within a family. For the unfunctionalized dumb-
bells at 300K, SASA falls from 1.79 x 10° to 1.55 x 105 A2 between the 3- and 9-tier
systems, still well above the cake and plus ranges. The classifier therefore generalizes
by relying on the similar global-shape signatures that distinguish the families in the
conventional analysis.

Second, partially dextran-functionalized systems, including the D33 and D50
variants, are often distributed across both unfunctionalized and fully functionalized
trained classes, although the assignment patterns vary with architecture and temper-
ature. This intermediate placement is consistent with the conventional descriptors in
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Table S2, where the partially functionalized systems take values between the unfunc-
tionalized (Dex-0) and fully functionalized (Dex-100) endpoints. The cakes illustrate
this clearly, as their SASA decreases monotonically with dextran content (at 300 K,

1.440 x 105 — 1.415 x 10> — 1.395 x 10° — 1.377 x 105 A for Dex-0/33/50,/100),
so a geometry lying between the two endpoints in descriptor space is, reasonably,
projected onto both endpoint classes. More broadly, because the within-family axes
of temperature and functionalization correspond to smaller descriptor changes than
those separating the families, it is along these finer axes, rather than across families,
that the model’s assignments spread.

Third, for the Plus family the model treats partially and fully grafted systems
as nearly the same shape. Three of the four partially functionalized Plus systems
(Plus-D33-300, Plus-D33-320, and Plus-D50-300) are assigned predominantly to a fully
functionalized class, Plus-D100-320 (252, 201, and 299 of 300 conformations, respec-
tively). This is consistent with the descriptor trends in Table S2, where the Plus
asphericity at 300 K rises sharply from 0.34 (Dex-0) to 0.44-0.45 (Dex-33/Dex-50)
and then no longer increases at Dex-100 (0.43); most of the functionalization-induced
shape change is therefore already present by 33% grafting, so a partially grafted Plus
BBP is geometrically close to the fully grafted one. The model, comparing whole con-
formations rather than a single scalar, reaches a similar conclusion by mapping these
systems onto the fully functionalized class.

Across all these observations, the proposed PointNet-based classifier organizes BBP
systems outside its training label set in a physically coherent way. It preserves archi-
tectural family across tier and functionalization variations, and its finer within-family
assignments spread along the axes where the descriptors change least.

5 CONCLUSION

In this work, we showed that an enhanced PointNet-based point-cloud model can clas-
sify temperature-sensitive BBP conformations directly from raw MD point clouds with
high accuracy, without the need for voxelization or hand-crafted geometric features.
Against a suite of baselines, including tree-based ensemble methods, kernel-based
support vector machines, and a high-resolution (50%) 3D CNN, the model achieved
the best overall performance on the 12-class BBP dataset, with a test accuracy of
94.81% and an F1 score of 0.9471. These results underscore the advantage of learning
directly from point-cloud representations of BBP conformations. The ablation study
showed that multi-level feature concatenation combined with dual pooling improves
performance by providing a more informative representation of BBP conformations.
The confusion matrix and feature-space visualization further revealed strong separa-
tion among the 12 classes, with only a few misclassifications between closely related
BBP variants within the same shape family. Beyond classification, we demonstrated
how Grad-CAM-based explainability provides bead-level attributions that localize
geometrically discriminative regions of the input conformations. The deletion-based
perturbation test provided quantitative evidence that highly attributed beads are more
influential to model performance than randomly selected beads. Overall, the proposed
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pipeline achieves the highest accuracy among the compared methods while also offer-
ing explainable insights into BBP conformation recognition. Because it requires no
geometry-specific feature engineering, it is readily transferable to other BBP families,
solvent conditions, and simulation protocols. We envision this approach as a useful
tool for high-throughput virtual screening of polymer systems whose macroscopic func-
tion depends on 3D structure. In future work, this framework can be extended from
conformation recognition to downstream structure-property prediction and upstream
inverse design of BBP systems.

Data and Software Availability. The data and software supporting the findings
of this study are available on Zenodo at Zenodo link.

Supplementary information. The following supporting information file is avail-
able free of charge at [SI link here].
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