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Abstract. SHapley Additive exPlanations have become a popular tool for feature attribution
in machine learning. However, their application to 3D point clouds faces significant challenges
because evaluating 2~ point coalitions is computationally expensive for clouds with thousands
of points. Existing point-wise approximations use Monte Carlo sampling, often producing
explanations that focus on only a few highly sensitive points. These explanations fail to
capture the structural information that defines a 3D shape. We introduce R-SHAP, a region-
based explanation framework that formulates Shapley attribution as a cooperative game
involving M disjoint regions of the point cloud. R-SHAP integrates three ideas. First, a
rotation-equivariant Farthest Point Sampling and Voronoi assignment divides the point cloud
into balanced regions. Second, a Geometric Interpolation Reference fills absent regions with
a Gaussian-weighted average of their nearest present neighbors and maintains perturbations
close to the data manifold. Third, a Kernel SHAP weighted regression determines region
attributions using a small number of forward passes through the classifier. We implement
R-SHAP with the PointNet classifier on the ModelNet10 dataset. The resulting attributions
are quantitatively faithful and explainable. The mean faithfulness reaches 0.310 compared to
0.033 for a random ranking. Removing the highest attributed region reduces the predicted
logit by 2.45 times as much as removing a random region.

Keywords: Explainable AT - SHAP - Point Cloud Classification - PointNet - Region Attri-
bution.

1 Introduction

Within the field of explainable AI (XAI), SHapley Additive exPlanations (SHAP) has become
a widely recognized and mathematically robust method. SHAP provides a rigorous, stable, and
equitable allocation of feature importance across model predictions. Originating from cooperative
game theory [20/1T], SHAP offers both local and global explainability [8]. However, a significant
limitation of exact SHAP is its reliance on evaluating all possible feature coalitions, a process that
scales exponentially with the number of features as 2" combinations [§].

To address this immense computational complexity, researchers have developed point-wise ap-
proximation methods. Frameworks such as 3D-SVAM [9] and SPAX [6] employ Monte Carlo sam-
pling to estimate Shapley value point attributions. However, point-wise SHAP approaches reveal
neural networks’ susceptibility to data corruption [25], indicating that 3D classifiers frequently rely
on a limited set of highly sensitive spatial points [25]. Evaluating individual points in isolation
does not adequately capture the structural information essential to 3D shape representation [16].
Consequently, recent Shapley based XAI methods have their shifted focus toward broader spatial
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segments, partitioning sub regions using farthest point sampling [2T/16] and emphasizing regions
rather than individual points.

This work introduces R-SHAP, a novel region-based explanation framework for point clouds
utilizing the PointNet classifier [3]. R-SHAP employs a rotation-equivariant region segmentation
algorithm that uses Farthest Point Sampling (FPS) and Voronoi assignment to group individ-
ual points into eight distinct regions. A Geometric Interpolation Reference (GIR) mechanism is
implemented to ensure that structural modifications do not artificially influence the classifier’s
predictions. Consequently, R-SHAP delivers macro-level feature attributions for regions of points,
addressing the computational inefficiency of point-wise Shapley value attribution while preserving
spatial complexity [16].

2 Related Work

XAT is increasingly recognized as essential for interpreting deep learning models [8], thereby sup-
porting accountability, trust, and fairness across diverse domains. Within the XAI domain, SHAP
has gained prominence as a method that provides mathematically rigorous explanations based on
cooperative game theory [20].

Atik et al. [2] applied SHAP to quantitatively explain aerial photogrammetry classifications
by extracting 19 engineered geometric and spectral features, such as height, planarity, and RGB
values, for individual points. Although this approach is effective for feature analysis in ensemble
models like Random Forest and Light GBM, extending these granular, point-wise methods to large,
dense point clouds presents significant computational challenges [2]. Tian et al. [25] employed point-
wise Shapley values to demonstrate that neural networks often rely disproportionately on a small
subset of high-contributing key points. Their findings indicate that pruning these highly sensitive
spatial features leads to model misclassification, thereby revealing the pronounced vulnerability of
3D classifiers to data corruption [25].

Xia et al. [27] found that using raw predicted probabilities, instead of binary classification ac-
curacy, captures more nuanced informational entropy. This probabilistic utility function reduces
the diminishing returns of marginal contributions and demonstrates improved computational sta-
bility [27]. Kuroki and Yamasaki [9] introduced 3D-SVAM, a point-wise Shapley approach that
employs a Monte Carlo approximation to efficiently estimate spatial feature attributions for 3D
object detection in LiDAR point clouds, resulting in substantial computational savings. Addition-
ally, optimizing the underlying utility function can further enhance the stability of Shapley value
computations.

Although SHAP offers both local and global explanations [§], a significant limitation of point-
wise SHAP is its dependence on calculating all possible feature coalitions (2" combinations) or
employing approximations such as the Monte Carlo method [9]. In either case, the exponential
growth of the feature set renders the computation of exact Shapley values for high-dimensional
data, such as 3D point clouds, highly resource-intensive [8]. To address the limitations of point-
wise attribution, recent approaches have focused on evaluating broader spatial segments. Giinen [4]
applied a modified DBSCAN density-based clustering algorithm to segment complex 3D rock ge-
ometries into subsets. By implementing TreeSHAP on these subsets, the study effectively assessed
the influence of macro-regional geometric features, identifying normal vectors and verticality as the
most significant factors for classification [4].

Early regional XAI approaches employed techniques such as FPS to partition 3D space and
mitigate the exponential complexity of Shapley value computations [2I]. However, Mulawade et
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al. [16] showed that naive, purely Euclidean implementations of FPS produce region segments based
solely on mathematical criteria, disregarding the physical structure of objects in the ModelNet 10
dataset [26]. Further validation is required to explain these segmented regions meaningfully.

Beyond Shapley attribution, point cloud explainability methods can be grouped by their focus.
One group relies on gradients, such as Grad-CAM [I9] and integrated gradients, as in Gupta et
al. [5] and Levi and Gilboa [I0]. Another group uses soft masks to identify important points, like
PointMask [23]. Surrogate or proxy models offer another approach, as shown by BubblEX [12] and
the work of Tan and Kotthaus [24]. Some methods also draw on concepts or counterfactuals, such
as XPCC [1], counterfactuals for 3D data [7], and semantic segmentation [I3]. Reviews by Saranti
et al. [I8] and Mulawade et al. [I5] list these groups and highlight the unique value of perturbation
based Shapley methods.

R-SHAP differs from earlier region based Shapley pipelines through three main design choices.
FPS and Voronoi partition use pairwise distances, so the method is rotation equivariant, unlike Shen
et al. [2I]. The Geometric Interpolation Reference fills missing regions with manifold-faithful values
instead of the origin or random points, addressing concerns from Mulawade et al. [I6] and Tian et
al. [25]. R-SHAP also reduces the coalition space from 2 to 2™ with M N, following object
regions, unlike the point level sampling in Harinck et al. [6]. These choices show R-SHAP as a clear
example of the explainable input framework of Lundberg and Lee [I1I] using rotation equivariant
regions, faithful references, and a coalition space that stays small regardless of the point cloud size.

3 Methodology

R-SHAP explains point-wise Shapley attribution as a cooperative game involving a small set of
spatial regions. Fig. [I] provides an overview of the four main stages. These stages are region seg-
mentation, coalition sampling, structural reference filling, and weighted regression for recovering
Shapley values. Each component is described in the following sections.

3.1 Shapley Values for a Region Game

The Shapley value [20] is the unique fair allocation in a cooperative game (M;V) that satisfies
efficiency, symmetry, the null-player property, and linearity. For player j,
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Each region acts as a player. For a coalition S M, the present-point index set is lg =
and the absent set |z is its complement.
Given a reference mechanism that resamples absent points, the region value function is
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The expectation in is computed over the randomness from the reference mechanism , which
generates replacement coordinates fX;g;crs for a given X and coalition S. With a deterministic
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