Under review as a conference paper at ICLR 2025

INTERPRETABLE POINT CLOUD CLASSIFICATION US-
ING MULTIPLE INSTANCE LEARNING

Anonymous authors
Paper under double-blind review

ABSTRACT

3D image analysis is crucial in fields such as autonomous driving and biomed-
ical research. However, existing 3D point cloud classification models lack in-
terpretability, limiting trust and usability in safety-critical applications. To ad-
dress this, we propose POINTMIL, an inherently locally interpretable point cloud
classifier using Multiple Instance Learning (MIL). POINTMIL offers local inter-
pretability, providing fine-grained point-specific explanations to point-based mod-
els without the need for post-hoc methods, addressing the limitations of global or
imprecise interpretability approaches. We applied POINTMIL to four popular
point cloud classifiers, PointNet, DGCNN, CurveNet, PointMLP and PointNeXt,
and proposed a transformer-based backbone to extract high-quality point-specific
features. POINTMIL made these models inherently interpretable while increasing
predictive performance on standard benchmarks (ModelNet40, ShapeNetPart) and
achieving state-of-the-art mACC (97.3%) and F1 (97.5%) on the IntrA biomedical
data set, and another dataset of biological cells. To our knowledge, this is the first
work to apply MIL to interpretable point cloud classification.

Current point cloud classifiers
Classification
) . -
E No interpretability

Prob.

Piano Table Healthy Diseased

PointMIL

Inherent local interpretability
é;‘h’f ) @
-

Figure 1: Current point cloud classifiers usually only provide predictive probabilities. We propose
POINTMIL to inherently incorporate interpretability and improve predictive performance into point-
based architectures.
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1 INTRODUCTION

Three-dimensional (3D) imaging data is prevalent in various fields, including autonomous driving,
augmented reality, robotics, and biology. In autonomous driving, 3D point clouds enable vehicles to
perceive and navigate their surroundings safely, identifying obstacles and road features. In biology,
the 3D shape of cells has provided insight into the underlying cell state (Viana et al.,2023)), enabling
advances in diagnostics (Song et al.,|2024) and drug discovery.

Significant progress has been made in the processing of point clouds representations of 3D shapes
for classification and segmentation tasks (Guo et al.| [2020). However, most methods do not explain
their decision-making, which limits adoption in real world scenarios due to concerns about safety
and trustworthiness (Rudin, 2019; Rudin et al., |2022)). Despite significant advancements in the
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interpretability of machine learning models in 2D image analysis (Zhang| ét al.| 2021; Wang et al.,
2023; Hu et al., 2024; Paul et al., 2024), there has been a lack of research on the interpretability
of 3D point cloud models. More so, of those proposed, the majority are gitistfho¢ meaning

that an extra modelling step is required to obtain interpretations, or theylaally interpretable,
meaning that they lack the ability to offer ne-grained, point-speci ¢ explanations.

To address these challenges and elucidate the model's decision-making process, we ppopose P
MIL, an inherently interpretable classi cation framework for point clouds that offers ne-grained,
local and class-speci ¢ interpretations using Multiple Instance Learning (MIL; Dietterich et al.
(1997)). Given its ability to handle data organised into bags of instances, MIL is well suited for
point cloud analysis, especially in bioimaging domains, where each point in a point cloud is as-
signed the same label, but only certain points are discriminatory (Yang et al., 2020). Building on
this foundation, we present a model that leverages the strengths of MIL to offer robust performance
and interpretability in point cloud classi cation. Furthermore, we introduce a contextual attention
mechanism, which incorporates neighbourhood information into the attention calculation, address-
ing the sparsity of traditional attention methods and enabling smoother, more coherent attention
distributions. This adaptation ensures that the model can better capture local geometric relation-
ships within the point cloud, improving both classi cation performance and interpretability. Our
main contributions are as follows:

1. We propose BINTMIL, a point-based classi cation pipeline based on MIL, to offer inher-
entlocal interpretability and enhanced classi cation performance to existing point-based
feature extractors.

2. We adapt and introduce a new transformer-based model to extract high-quality point-
speci ¢ features from a point cloud.

3. We incorporate contextual attention to address sparsity in attention weights, improving
interpretability and classi cation performance by leveraging local neighbourhood informa-
tion.

4. We show the generality of dNTMIL on de-factopublic benchmarks (ModelNet40 (Wu
etal., 2015) and ShapeNetPart (Yi et al., 2016)) and biomedical imaging datasets, achieving
the state-of-the-art (SOTA) on IntrA (Yang et al., 2020).

2 RELATED WORK

Point cloud analysis:One of the rst methods that used unordered point clouds directly for classi -
cation and segmentation was PointNet (Qi et al., 2017a). PointNet, however, ignored local relation-
ships between points. Subsequently, PointNet++ (Qi et al., 2017b) introduced hierarchical feature
learning to capture locality recursively. Many modern algorithms are built on the design philosophy
of PointNet++, including convolutional kernel-based (Li et al., 2018b; Thomas et al., 2019; Wu et al.,
2019), graph-based (Wang et al., 2019a;b; Xu et al., 2020), MLP-based (Choe et al., 2022; Ma et al.,
2022), and transformer-based methods (Zhang et al., 2020; Zhao et al., 2021; Guo et al., 2021; Yu
etal., 2021; Cheng et al., 2022; Akwensi et al., 2024). Although signi cant progress has been made
in advancing classi cation and segmentation accuracy, little work has focused on interpretability.

Interpretability on point clouds: Interpretability methods can be classi ed along two key dimen-
sions: (1) the stage at which interpretability is introduced and (2) the scope of the explanations
provided. Regarding the stage, methods are eplost-hocor inherently interpretable Post-hoc
methods generate explanations after the model has made its predictions, often through additional
analysis, approximation techniques, or assessing gradients with respect to the input (Zhou et al.,
2016). In contrastinherently interpretablanethods are designed to integrate interpretability into

the model itself, producing explanations as part of the prediction process. With respect to scope,
methods are categorised as eitlomal or global. Local approaches focus on explaining individual
predictions, offering insights speci ¢ to a single inpulobal approaches aim to provide a holis-

tic understanding of the model's behaviour across all inputs. Since PointNet ++ (Qi et al., 2017b),
many point-based models have used some form of sampling and grouping (Guo et al., 2021; Zhao
etal., 2021; Xiang et al., 2021; Ma et al., 2022), thus losing point-level information in the classi ca-
tion stage. Therefore, molstcal interpretability methods for point cloud classi cation grest-hog
including gradient-based (Zhang et al., 2019; Huang et al., 2020) and surrogate models (Tan & Kot-
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thaus, 2022) based on LIME (Ribeiro et al., 2016). Zhang et al. (2019) and Huang et al. (2020)
developed explainability methods for PointNet using global average pooling (GAP) and class acti-
vation maps. Taghanaki et al. (2020) introduced a module into point set encoders that masked points
with negligible contributions, leaving only informative points in the classi cation layer. Similarly,
Zheng et al. (2019) obtained saliency maps by shifting points to the object centroid and calculat-
ing the corresponding loss gradient with respect to the shifted points. Hovpasthocmethods

have been shown to be deceptive and often troublesome (Laugel et al., 2019; Rudin et al., 2021;
Feng et al., 2024). For example, the interpretationzsost hoaomethods can differ depending on the
interpretability methods (Li et al., 2018a), leading to convincing but con icting interpretations for
the same classi cationPost-hocmethods also involve an additional modelling step, raising further
concerns about the precision of their interpretations Fan et al. (2021). Few inherently interpretable
methods for point cloud classi cations have been proposed, and of these, mg#blzaie Arnold

et al. (2023) developed XPCC, a prototype-based interpretable model that used point cloud rep-
resentation distributions to learn class-speci c prototypes. Similarly, Feng et al. (2024) developed
Interpretable3D, a prototype-based global interpretability model that can be used in conjunction with
other model architectures for classi cation and segmentation. However, none of these inherently in-
terpretable methods offers local interpretations on a point-level basis. While global interpretability
provides valuable insights into the overall behaviour of a model, local methods can be especially
bene cial when understanding speci ¢, individual predictions is crucial, offering more granular and
context-sensitive explanations. To our knowledge, no one has yet offered an inhkresaitlyinter-
pretable model for point cloud classi cationOMNTMIL utilises MIL to offer an inherentlylocally
interpretable model.

Multiple instance learning: In the typical binary MIL problem, a bag is labelled positive if and
only if at least one of its instances is labelled positive (Dietterich et al., 1997); however, there is
no access to individual instances during training. MIL algorithms then attempt to classify entire
bags of instances and often pinpoint important or class conditional discriminatory instances as inter-
pretability output. Many MIL methods have been proposed for drug activity prediction (Dietterich
et al., 1997), video image analysis (Ali & Shah, 2010), and cancer detection and sub-typing (llse
et al., 2018; Shao et al., 2021; Lu et al., 2021; Fourkioti et al., 2024). Recently, Early et al. (2024)
extended MIL to time series classi cation in an interpretable plug-and-play framework. However,
to our knowledge, no one has used MIL for interpretable point cloud classi cation.

3 METHODS

traditional point-based methods use a point-based enéggleto learn a global representatiar?
RY for P by aggregating the points with equal weighting (often through adaptive pooling), followed
by a classi cation headl; .

We propose a new approach by learning a representatiod RY for each pointp; for i 2

framework consists of a point-based feature extrafciQr and a MIL pooling modulé ;. .

3.1 FEATURE EXTRACTOR

To develop a point-level feature extractor, we follow much of the Transformer block from Yu et al.
(2021). However, unlike Yu et al. (2021), we did not use point sampling strategies. Furthermore,
we did not use their multi-graph reasoning. This feature extractor aimed to incorporate contextual
information into the point cloud features by: (1) grouping points wkitNearest Neighboursk¢{

NN), (2) including relative positional embeddings, and (3) re ning point-level features through an
attention mechanism. These are detailed in Appendix A.

We also presented analysis on PointNet (Qi et al., 2017a), DGCNN (Wang et al., 2019b), CurveNet
(Xiang et al., 2021), PointMLP (Ma et al., 2022), and PointNeXt (Qian et al., 2022) feature extrac-
tors. For PointNet and DGCNN we replaced the classi cation heads of these architectures with MIL
pooling described in Section 3.2. CurveNet and PointMLP downsample the original point cloud. In
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order to retain point-level features for every point, we slightly adapted these architectures to remove
point sampling. We show the affect of this adaptation on classi cation results so that any differ-
ence in performance can then be attributed to the MIL pooling instead of this adaptation. We used
PointMLPElIite for our analysis. For PointNeXt-S, we slightly adapted the architecture such that
point-level features from the rst layer were concatenated with global features from the last layer
before input into our MIL pooling. These adaptations are discussed further in Appendix A. Each
feature extractor producetidimensional point-level featurés 2 RN 9 = fo..(P), for N points

which were fed into different MIL pooling algorithms.

3.2 MIL POOLING

After obtaining feature representatiangor each poinp;, we evaluated four MIL pooling methods
that offer inherent interpretabilitynstance  (Wang et al., 2018)Attention  (lise et al., 2018),
Additive  (Javed et al., 2022), ar@onjunctive  (Early et al., 2024).

Instance pooling predicts the label of each point through an instance classi er and then pools the
predictions by taking the mean:

$i 2 R = fo (zi); ¢ = ‘ (%) 1)

wherec is the number of classes.

Attention pooling calculates the attention weights of the point features through an MLP, cal-
culates a weighted average feature representation for the point cloud using those weights and then
classi es that features using an MLP:
1 X
& 2[01]=famn (z1); Y =fa — az : )

Additive  pooling calculates attention weights for each point feature, then classi es each point
according to its weighted feature vector, and nally produces a bag classi cation from the mean of
all weighted instance classi cations:

1 X

& 2 [01]= fam (z1); $i=for (@z); ¥ =5 (9): 3)
i=1

Conjunctive  pooling trains the point attention and point classi cation heads independently so
that attention weights and point predictions are computed on the features alone. The nal point cloud
classi cation is given by the weighted sum of the point classi cations weighted by the attention
weights:

1 X
& 2[0;1]= famn (z); $i=far (z1); ¥ = N @9 4)
i=1

3.3 CONTEXTUAL ATTENTION

As Early et al. (2024) showed that these pooling operations often produced sparse explanations
which occasionally did not cover the entire discriminatory regions, we propose injecting a con-
textual prior into our calculation of attention, following ideas similar to Fourkioti et al. (2024).
For attention-based pooling methodstention , Additive , and Conjunctive , attention
weights for each point are calculated as:

ai 2 [0;1] = faun (zi); )

wheref ;4n IS an MLP andz; is a feature vector for each poipt. We propose updating these
attention weights according to the attention weights of the nearest neighbours of eadh gudtt
that: 1 X
a2 [0,1] = + 3 (6)
i2N (pi)
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