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Abstract

With the breakthroughs in the performance of deep neural networks, they are applied
in a wide range of fields, including several with high requirements for security. How-
ever, these black-box models suffer from potential risks, the most threatening of which is
their opaque decision-making process. The recent rise of explainability studies on black-
box models is a promising research direction to enhance the trustworthiness of models.
Nevertheless, existing explainability studies are still limited, one being that they are dif-
ficult to be evaluated objectively due to the lack of ground truth, and the other being that
the vast majority of relevant studies are constrained to a particular data format and lack
extensibility.

The two main parts of this dissertation address each of these two limitations. In the
first half, we aim to improve the evaluability of explainability methods. We optimize the
choice of baseline involved in the explanation evaluations and part of the explainability
approaches to satisfy the uninformative definition. In addition, we complement the expla-
nation evaluation metrics from three novel perspectives, namely robustness to parameter
perturbations, generalizability, and sensitivity consistency. In the latter half, we extend
the applicability of the explainability approaches to 3D computer vision field so that the
trustworthiness of point cloud models is enhanced. We first extend the perturbation-
based approach to point clouds and provide online toolkits to facilitate practical imple-
mentation. Subsequently, we propose two activation maximization-based point cloud
global explainability approaches, which visualize input instances that are representative
for specific categories. Moreover, we propose a non-DNN point cloud classifier that uti-
lizes multi-scale fractal windows to extract distributional information and makes predic-
tions via random forests, which significantly enhances the explainability compared to
DNNs. Further, we adversarially analyze the decision sensitivity of point cloud models
with the help of saliency maps generated by explainability methods. Finally, we analyze
how the model learns 3D geometric features by analyzing the distribution of activations
in the intermediate layers. Extensive experiments demonstrate that the proposed method
contributes to the explainability evaluation and its adaptability on point clouds.
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1.1.

Introduction

Motivation

With the rapid evolution of deep learning, artificial intelligence (AI) systems have achieved
remarkable performance in various complex tasks, gradually becoming core components
in safety-critical domains such as autonomous driving, medical diagnosis, and industrial
control. However, the inherent black-box nature of deep learning models has become a
prominent bottleneck restricting their reliable deployment. These models make decisions
based on high-dimensional and abstract feature representations, and the logical chain be-
tween input data and output results is often incomprehensible to humans. This lack of
explainability not only undermines users’ trust in Al systems but also poses severe po-
tential risks - when Al makes erroneous decisions in critical scenarios (e.g., autonomous
driving, medical diagnosis), the inability to trace the root cause may lead to irreversible
consequences such as financial losses or threats to human life.

Explainable Al (XAI), as a discipline dedicated to decoding the black-box of models, has
emerged as a key solution to address this problem. In recent years, XAl research has made
significant progress in the 2D vision field, proposing a series of explainability methods
such as generating saliency maps and counterfactuals. However, a critical gap exists in
the current XAI research landscape: the majority of methods focus on generating expla-
nations while neglecting the evaluation of explanations. Due to the absence of ground
truth, most explanation results are only verified through subjective human judgment,
lacking unified, objective, and quantitative evaluation criteria. This leads to three core is-
sues: first, the quality of explanations cannot be compared horizontally between different
methods. Second, some explanations may present spurious correlations that superficially
match model decisions but deviate from the true causal relationship. Third, the fidelity
of explanations cannot be guaranteed, making it impossible for them to provide reliable
decision support in critical scenarios. Therefore, the construction of an evaluable XAI
system - realizing quantitative assessment, validity verification, and quality ranking of
explanation results - has become an urgent demand in the development of XAl, which
constitutes the fundamental motivation for studying evaluable explainability.

While the above evaluable XAl framework addresses core limitations in general XAl re-
search, its application to complex 3D vision tasks—particularly those involving point
cloud data—presents unique challenges due to the intrinsic properties of point clouds.
This amplifies the urgency of adapting evaluable XAl to 3D modalities. As a typical repre-
sentation of 3D spatial data, point clouds directly record the 3D coordinate information of
objects, and thus have become the primary data form in 3D vision tasks such as 3D object
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detection, point cloud segmentation, and robotic grasping. However, the unique charac-
teristics of point clouds - including disorderliness, sparsity, and strong spatial correlation
- pose unprecedented challenges to the application of XAI methods and their evaluation
systems. Compared with structured 2D images, the visualization of point cloud explana-
tions (e.g., highlighting critical points or local regions) is more abstract, and subjective
assessment is more error-prone. Meanwhile, the spatial invariance and scale variability
of point clouds make it difficult to directly migrate the evaluation metrics applicable to
2D vision to the 3D field, resulting in a more severe lack of effective evaluation tools for
point cloud-based XAI methods.

To sum up, the general demand for breaking the black-box limitation of AI models pro-
motes the emergence of evaluable XAI, and the unique characteristics of point cloud data
and its critical application value further strengthen the urgency of applying evaluable
XAl to 3D vision scenarios. This dissertation thus focuses on these dual motivations with
two core objectives. For evaluable XAl, it aims to construct a scientific and comprehen-
sive theoretical and methodological system for explanation evaluation. For point cloud
applications, it intends to specifically design explanation methods and assessment mech-
anisms adapted to the inherent properties of point cloud data. By integrating these two
core objectives, this research aims to transform explanation results from subjective de-
scription to objective quantification, thereby facilitating the reliable deployment of 3D
vision Al systems in safety-critical domains.

Evaluable explainability

Existing metrics

Existing XAl evaluation methods are fundamentally categorized into two complemen-
tary paradigms, each with distinct strengths and inherent limitations, while algorithm-
based quantitative methods have further evolved into multiple focused evaluation direc-
tions:

« Human-based qualitative evaluation: Centered on user perception, this paradigm
primarily relies on user studies - presenting explanations to participants to collect
subjective ratings or feedback [193]. Its core advantage lies in directly capturing
human-centric assessment, aligning with the human-oriented essence of explana-
tions. However, it is plagued by subjectivity (conflicting feedback between experts
and non-experts), poor reproducibility, and high costs (e.g., recruiting sufficient
participants), limiting its scalability as a universal evaluation standard.

+ Algorithm-based quantitative evaluation: This paradigm quantifies explanation
quality via designed metrics, eliminating human bias to ensure high reproducibility
and low implementation costs, thus becoming the mainstream in academic research
[179]. Nevertheless, it suffers from three key flaws: first, most metrics focus on a
single property of explanations (e.g., only fidelity or sensitivity) rather than their
holistic performance. Second, the absence of ground-truth explanations leads to a
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lack of universally recognized unified standards. Third, results may deviate from
human intuition, thereby weakening evaluation trustworthiness. Typical focused
directions of quantitative evaluation include:

— Sensitivity: This is the most intuitive metric, verifying explanation fidelity
by observing prediction changes when high-attribution features are modified
(deleted/inserted) [35]. While widely used, traditional methods either disrupt
input feature distributions (direct modification [95], [189], [194]) or deviate
from the original model (e.g., ROAR’s retraining strategy [103]), failing to
balance validity and fidelity.

- Robustness: It evaluates whether explanations remain consistent for slightly
perturbed inputs, based on the premise that similar inputs should yield sim-
ilar explanations. Existing research [86], [199] mostly focuses on input-level
perturbations (e.g., Gaussian noise) and overlooks changes in the model itself.

— Sanity check: It validates if explanations rely on meaningful model param-
eters by randomizing internal model structures. Explanations unaffected by
randomization are deemed low-fidelity [84].

— Pointing game: Specific to visual tasks, it measures the probability that high-
attribution features align with target objects [89], [144]. Its limitation lies in
ignoring cases where models make decisions based on non-target features,
reducing result reliability [107].

— Custom metrics: These are tailored for specific explanation methods (e.g.,
surrogate model fidelity for LIME/SHAP [196], [200], feasibility for counter-
factual explanations), but lack universality and general applicability.

1.2.2. Challenges

While existing evaluation methods lay a foundational groundwork for explaining Al mod-
els, they still fall short in addressing practical application demands, with four core chal-
lenges standing out prominently. These challenges not only limit the reliability of evalu-
ation results but also hinder the systematic development of XAl as detailed below:

« Violation of “uninformativeness”: For sensitivity tests and some gradient-based
attribution methods (e.g., Integrated Gradients), baseline selection remains highly
arbitrary and lacks a universal standard. More critically, most commonly used base-
lines (such as zero vectors, random noise, or mean value vectors) fail to meet the
theoretical “uninformative” definition, as they inherently carry prior information
about input data distribution, which contaminates the attribution results and leads
to bias. This not only leads to significant discrepancies in faithfulness evaluation
across different baselines but also makes it impossible to accurately quantify the
true contribution of input features to model decisions.
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« Input-centric robustness, ignoring parameter-level stability: Current robustness
evaluation of explanations is almost exclusively centered on input feature pertur-
bations (e.g., adding Gaussian noise, cropping images). It largely overlooks the ro-
bustness of explanations against model-internal parameter changes - such as model
pruning, quantization, or fine-tuning, which are common operations in practical
deployment. Explanations that appear robust to input disturbances may undergo
drastic changes when the model’s parameter structure is adjusted, resulting in a
loss of practical value in lightweight or updated model versions.

» Incomplete coverage of high-impact features (necessity vs. sufficiency): Tradi-
tional sensitivity evaluation typically adopts a feature deletion paradigm - remov-
ing high-attribution features highlighted by explanations and observing whether
the model’s prediction confidence declines significantly. This approach only ver-
ifies the necessity of high-attribution features, i.e., whether these features have a
significant impact on the model’s prediction results. However, it fails to validate
the sufficiency of the explanation itself: that is, whether all features that exert
a major influence on the prediction are included in the high-attribution feature
set identified by the explanation. There may thus be a critical gap: some non-
highlighted features (low-attribution in explanations) could actually be key to the
model’s decision-making, but traditional sensitivity tests fail to detect such omis-
sions, leading to an incomplete and one-sided assessment of explanation quality.

« Bias from disruption of feature distribution: A majority of quantitative evalu-
ation methods (e.g., direct deletion/insertion of high-attribution features) disrupt
the inherent distribution of input features. The modified inputs (e.g., images with
arbitrary regions erased, point clouds with key points removed) often fall outside
the data distribution that the model was trained on, meaning the model’s response
to these unnatural inputs does not reflect its real decision-making logic. This dis-
tribution mismatch directly leads to biased evaluation results, thereby making it
difficult to trust the authenticity of the assessment.

Figure 1.1 presents an overview of the current challenges in evaluable explainability,
which almost cover the entire decision-making process and pose non-negligible threats
to the credibility of evaluation of explainability methods.

Contributions

Aiming at the above challenges in the field of XAl evaluation, this dissertation carries out
systematic exploration around four core directions, and achieves targeted breakthroughs
through method innovation:

+ Uniform and uninformative baselines - Chapter 2. To tackle the core issue of base-
line inconsistency and uninformative violation, this work focuses on the baseline
flaws in the sensitivity test and gradient-based attribution methods (e.g., Integrated
Gradients) and proposes a unified maximum entropy baseline that conforms to the
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Figure 1.1.: Overview of the four challenges in evaluating explainability during the decision-
making process. We propose corresponding solutions for these issues respectively in
Chapters 2, 3, 4 and 5 to enhance the evaluability and plausibility of explainability
methods.

uninformative definition. This baseline completely eliminates all residual input-
related information, fundamentally avoiding the information interference of tradi-
tional baselines (such as zero vectors and random noise) and ensuring that feature
attribution results truly reflect the model’s decision-making logic. This standard-
ized baseline can break the comparison barrier in cross-study sensitivity evaluation,
providing a consistent measurement benchmark for different XAI works and facil-
itating the quantitative comparability of evaluation results.

« Addressing parameter robustness - Chapter 3. To address the limitation of input-
centric robustness while ignoring parameter-level stability, this work breaks out
of the traditional framework of input perturbation and establishes the first expla-
nation robustness evaluation system tailored for model pruning scenarios. With
explanation consistency against pruning as the core indicator, the system quan-
titatively monitors the stability of explanation results during continuous model
parameter compression by integrating gradient-based pruning strategies and dy-
namic evaluation protocols. This method fills the gap in robustness evaluation un-
der model structure changes and provides key technical support for the reliable
application of XAI methods in lightweight models.

« Evaluation of attribution sufficiency - Chapter 4. To address the incomplete cov-
erage of high-impact features in traditional sensitivity tests, this work proposes
a dual-sensitivity verification framework by comparing the consistency between
prediction sensitivity and explanation sensitivity. Specifically, we separately test
two dimensions: 1) the sensitivity of model predictions to feature changes (to iden-
tify all high-impact features for decisions). 2) the sensitivity of explanations to the
same feature changes (to confirm which features are marked as high-attribution).
By quantifying the consistency between these two sensitivity profiles, we ensure
bidirectional validity: high-attribution features in explanations indeed exert sig-
nificant impacts on predictions, and all features with major predictive impacts are
included in the high-attribution set of explanations. This approach overcomes the
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one-sidedness of traditional single-direction sensitivity tests and achieves compre-
hensive verification of explanation necessity and sufficiency.

» Avoiding feature distribution disruption - Chapter 5. Targeting the feature dis-
tribution disruption issue, this work develops a generalizability-based evaluation
method that eliminates the need for any artificial feature perturbation. The core
idea is to verify the learnability of the association between explanations and in-
puts using a generative model: we train a generative model to learn the inherent
correlation between input data and corresponding explanations from the original
dataset (without modifying features). The generalizability of explanations is then
assessed by the model’s ability to accurately map new, unseen inputs to reason-
able explanations. Since this process relies solely on natural data distribution and
avoids manual feature manipulation, it fundamentally prevents distribution dis-
ruption, ensuring that evaluation results reflect the authentic association between
inputs, explanations, and model decisions.

1.3. Applications to point clouds

1.3.1. The specificity of point clouds

Image data is typically structured as a dense, grid-like tensor where local connectivity and
translational invariance are easily exploited by standard convolutional neural networks.
However, 3D point cloud data presents a fundamentally different paradigm. A point cloud
is an unordered set of 3D coordinates, often complemented by attributes like color or
intensity. This inherent structure dictates the design of specialized point cloud neural
networks and poses unique challenges:

« Permutation invariance: The core requirement for point cloud models is invari-
ance to the ordering of input points, as an arbitrary permutation of the points
should not change the output prediction. This is typically addressed through sym-
metric functions, most notably global max-pooling employed in PointNet [69].

« Sparsity and irregularity: Unlike the uniform density of image pixels, points are
sparsely and non-uniformly sampled from the 3D surface of an object. This irreg-
ularity makes applying standard grid-based convolution operators inefficient and
inappropriate.

+ Neighborhood definition: Point cloud models must employ specialized mecha-
nisms (such as k-Nearest Neighbors or ball querying) to define and aggregate fea-
tures from local regions, often leading to complex graph-based or sampling/grouping
operations (e.g., in PointNet++ [73] and DGCNN [119]).

These structural differences necessitate models that perform complex geometric reason-
ing while maintaining permutation invariance, thus fundamentally differentiating point
cloud models from standard CNNs designed for dense image grids.



1.3. Applications to point clouds

1.3.2. Research gaps and possible routes in point cloud XAl

Given the unique architectural designs and the structural complexity of point clouds, re-
search into the explainability of point cloud models is currently in its nascent stage. As a
result, this area lacks the vast body of foundational research, standardized evaluation met-
rics, and easily adopted baseline methodologies that are readily available in the mature
2D image domain. Almost all existing methods remain at the most basic stage of explain-
ability analysis, for instance, the direct transplantation of attribution methods from 2D
images to point clouds [139], or the simple analysis of sensitivity between outputs and
inputs [126]. While these methods offer some assistance in promoting the reliability of
point cloud models, a more in-depth explainability analysis needs to be conducted to meet
human safety requirements in various fields where point cloud data is applied.

The potential development of point cloud XAI primarily follows two distinct paths, both
of which highlight the divergence from standard image explainability:

1. Adaptive modification from 2D methods: Post-hoc XAI techniques, such as those
based on local fidelity (like LIME [54]) or input saliency mapping derived from
gradients (like Integrated Gradients [78]), hold conceptual appeal for point clouds.
These methods aim to identify input features - individual points or small localized
3D clusters - that are most influential in determining a model’s output. However,
a direct transplantation of these techniques proves largely ineffective. The core is-
sue lies in the fundamental difference between perturbing a dense, continuous pixel
grid versus a sparse, unordered set of points. Applying perturbations (e.g., mask-
ing or occlusion) in the 3D space often requires different strategies to preserve the
underlying geometry and permutation invariance. For instance, occluding a point
cloud must be handled by point removal or shifting, which fundamentally alters
the input domain, rather than simply replacing continuous pixel values. Therefore,
achieving meaningful and faithful explanations requires significant adaptive modi-
fications to properly model the sampling and grouping operations inherent to point
cloud architectures, ensuring the resultant explanations reflect true model behav-
ior rather than artifacts caused by unrealistic data perturbations. This adaptation
is critical for translating successful 2D XAI concepts into the 3D domain.

2. Point cloud structure-specific XAI: The second, and arguably more crucial, strate-
gic path involves designing XAl methods specifically tailored to exploit and analyze
the geometric and structural properties unique to point cloud models. These ap-
proaches are fundamentally not transplantable from image XAI because they are
intrinsically linked to point cloud model features like local feature aggregation,
grouping operations, or specialized pooling functions. Key directions of investiga-
tion within this path include:

« Intrinsically interpretable design: The development of interpretable and trans-
parent classifiers that eliminate the need for post-hoc analysis by providing
decision rules directly traceable to geometric or spatial features, thereby of-
fering immediate explanation and improving efficiency.
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Common XAl methods Point cloud XAl
e  Specifically designed for e  Specifically designed for
image, tabular or text data point cloud data

e  Transplantable

e Not directly transplantable e  Only applicable for point
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models, e.g. global
pooling..

Figure 1.2.: The relationship between general and point cloud XAI methods. The overlapping
area refers to methods applicable to point clouds, which are extended from general
methods through adaptive modifications. This includes the work presented in Chap-
ters 6, 7 and 8. The remaining non-overlapping area corresponds to XAI methods
specifically designed based on the special structure of point cloud models, covering
the work in Chapters 9, 10 and 11.

« Critical point sensitivity analysis: Focusing on the sparse nature of point
clouds to perform rigorous sensitivity analysis aimed at identifying and quan-
tifying the influence of minimal, critical point subsets on the model’s predic-
tion, which is crucial for assessing robustness in sparse data environments.

 Intermediate feature representation probing: Analyzing the hidden vector
representations in the intermediate layers of the point cloud network to de-
cipher the specific geometric and structural features extracted by the unique
aggregation and pooling mechanisms, thereby illuminating the network’s in-
ternal reasoning process.

In summary, the field of point cloud XAl is still emerging and lacks established baselines.
Current efforts proceed along two main directions: first, adaptively modifying existing
2D XAI methods to handle the sparse, unordered nature of point clouds. And second,
designing point cloud structure-specific XAl tailored to unique 3D architectural features.
Figure 1.2 presents an overview of the relationship between general and point cloud XAI,
and also illustrates two promising research directions within point cloud XAI.

Contributions

To address the challenges in developing and adapting explainability methods for point
cloud analysis, this dissertation provides significant advancements along the two prin-
cipal paths of point cloud XAI research. Specifically, our work simultaneously develops
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1.3. Applications to point clouds

robust adaptive extensions of established 2D techniques and pioneers novel structure-
specific methods tailored to the unique geometry of point clouds. The key contributions
are outlined below:

« Adaptive modification of 2D explainability methods: This path focuses on over-
coming the limitations of directly porting image XAl techniques by proposing structurally-
aware modifications:

— 3D surrogate model explainer - Chapter 6: We extend the perturbation and
surrogate model-based method (LIME) to point clouds. By leveraging Far-
thest Point Sampling (FPS) to define uniformly segmented super-points and
enabling baseline-free perturbation via selective point ablation, we circum-
vent the critical issue of perturbation baseline selection inherent in 3D data.
This results in the first black-box explainability method demonstrably appli-
cable to point clouds, with code released for practical deployment.

- 3D global explanation visualization - Chapters 7 and 8: We initiated the
study of point cloud global explanation visualization by introducing a sta-
ble synthesis approach. Specifically, we first demonstrate the ineffectiveness
of standard image-based parametric regularization for point cloud Activation
Maximization (AM) and proposed an initial solution using an Autoencoder-
based regularization approach (Chapter 7). Building upon this, we further
optimized the visual quality and perceptibility by integrating Denoising Dif-
fusion Probabilistic Models (DDPM) as a superior generative model. This op-
timization allows the precise focus on the trajectories of prediction-critical
points, significantly enhancing the fidelity of the synthesized global explana-
tions (Chapter 8).

« Structure-specific XAl for point clouds: This path involves developing methods
intrinsically linked to the geometric and structural properties of point cloud archi-
tectures:

- Inherently interpretable classifier - Chapter 9: We introduce Fractal Projec-
tion Forest (FPF), a non-deep learning classifier that achieves enhanced trans-
parency and explainability. FPF leverages the multi-dimensional projection
properties of point clouds to learn statistical features via multi-scale sliding
windows, significantly reducing runtime and enhancing transparency com-
pared to DNNs without substantial accuracy loss.

— Critical point sensitivity analysis - Chapter 10: Through adversarial attacks
guided by Integrated Gradients (IG)-derived saliency maps, we provide a rig-
orous sensitivity analysis showing that point cloud model predictions are
highly sensitive to perturbations at critical input points. Furthermore, we
demonstrate that replacing the max-pooling layer with less sensitive alter-
natives (e.g., average pooling) can be a viable strategy to improve decision
stability.

11
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— Latent feature alignment for global explanation synthesis - Chapter 11: We
conduct an in-depth analysis of intermediate layer activation distributions, re-
vealing a strong correlation between similar input contours and highly sim-
ilar latent activation patterns. Based on this discovery, we propose a novel
explainability approach that synthesizes well-contoured global explanations
without requiring any generative models, achieved solely by aligning these
latent activation distributions.

1.4. Summary and outline

This dissertation makes substantial contributions to the field of XAI by addressing two
fundamental dimensions: the establishment of a more comprehensive evaluation frame-
work to ensure explanation reliability, and the development of domain-specific method-
ologies tailored for point cloud analysis. Table 1.1 provides an overview of the topics,
challenges, and corresponding contributions of this dissertation.

The structure of this dissertation is as follows: Part I presents an introduction and back-
ground related to the dissertation. In Parts II and III, we elaborate on the proposed meth-
ods for evaluable explainability and the application of explainability to point clouds, re-
spectively. Finally, in PartIV, we conclude the dissertation and discuss future work.

12
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Part Title Challenge/gap Topic Publication
I Introduction
& Backgrounds
. . Maximum
Uninformative ntro Chapter 2, [4]
baseline CHropy apler
I baseline
Assessable Parameter-Level Robustness
C g . . . Chapter 3, [9]
explainability stability against pruning
Explanati e
Xp ar.1at10n Sen§1t1V1ty Chapter 4, [11]
sufficiency consistency
Disruption
of feature Generalizability Chapter 5, [5]
distribution
Perturbation
. & surrogate
Ad.aptlvle model-based Chapter 6, [1]
modification
from 2D method
I Global point Chapter 7, [6]
methods .
. cloud explanation  Chapter 8, [8]
3D explainable
applications Interpretable Chapter 9, [3]
PP 3D model ’
Point cloud Adve.r s.a.rlal
. sensitivity Chapter 10, [7]
structure-specific .
analysis
XAI
Latent
activation Chapter 11, [10]
analysis
v Conclusion

& Future work

Table 1.1.: Overview of the challenges, topics, and corresponding chapters in this dissertation.
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2.1.

Maximum Entropy Baseline for
Integrated Gradients

The choice of baseline is critical both for perturbation-based evaluations and for those
explainability methods that involve the integration of information. A baseline that ful-
fills the definition of uninformative enhances the credibility of the evaluation as well as
the performance of the explainability approaches. However, no widely acknowledged
baseline that strictly satisfies the definition of uninformative has been proposed to date,
leading to possible mechanistic biases in the assessment of explanations from different
works. In this chapter, we address the baseline challenges identified in Sec. 1.2.2 and
investigate the choice of baseline starting from Integrated Gradients, whose performance
is most sensitive to the baseline selection, as well as being the most easily observed. We
propose a new uniform baseline, i.e., the Maximum Entropy Baseline, which is consistent
with the “uninformative” property of baselines defined in IG. In addition, we propose
an improved ablating evaluation approach incorporating the new baseline, where the
information conservativeness is maintained. Furthermore, we explain the linear trans-
formation invariance of IG baselines from an information perspective. Finally, extensive
experiments indicate that IG with Maximum Entropy Baseline performs superiorly and
the ablation tests derived from it are more plausible.

Introduction

Integrated Gradients (IG) [78] is one of the most widely used explainability methods at
present, which illustrates the attribution of each pixel in the input = to the prediction
of the model F'. IG is a gradient-based approach that addresses the gradient saturation
problem [58] of vanilla gradients by integrating them from a chosen baseline 2’. 1G is
formulated as:

1 / /
16, = (e~ | By O+ 0w =2)) 4o (21)

The baseline is one of the most important parameters of IG, which strongly impacts the
performance of the explanations. The existing studies, although specifically suggesting
different baselines, are almost unanimous in their overall definition: missingness, i.e., the
input that disables the model from capturing information. Currently the most prevalent
baselines are: 1) Zeros: filling all input units with zeros. 2) Black (white) vectors: replacing
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2. Maximum Entropy Baseline for Integrated Gradients

all units with the minimum (maximum) of the current input. 3) Random initializations. In
addition, [152] complements several possible alternatives: 4) Max-distance pixels (Xdist):
their study reveals that the explanations generated by IG tend to be more sensitive to
pixels that differ significantly from the baseline, while ignoring those that are similar,
even if they are located inside the object to be explained. Thus, they propose Xdist, i.e.,
replacing each pixel with the point that is farthest apart in chromaticity space. 5) Blurring:
information is eliminated by blurring the input with kernel functions. 6) Random noises:
as a supplement of 3), random noise of different distributions (e.g. Gaussian and uniform)
can be substituted or added to the input. 7) Average over datasets: random samples are
drawn from the training dataset and the average is taken. Notably, while 1)-4) assume
that the pixels are independent of each other, 5)-7) incorporate correlation between pixels.
However, we argue that the existing concept “missingness” lacks quantitative metrics,
which leads to the ambiguity in the choice of baselines.

Another cause of difficulty in baseline selection is the lack of ground truth, such that
evaluating the performance of explanations is challenging. Ablation test [152] is a simple
and intuitive solution. The core principle is that if the pixels with positive attributions are
ablated, the model drops its confidence in the prediction and vice versa. Nevertheless, we
believe that the existing ablation tests suffer from insufficient reliability, primarily due to
1) No uniform replacements as substitutes for the original pixels. For instance, both [35]
and [56] employ ablation tests to evaluate performance of explanations. However, with
respect to the substitution pixels, [35] chooses the opposite number of the current pixel
while [56] samples random numbers from uniform distribution. This raises the question
of which substitute is more appropriate, or if there is a better alternative. 2) No guarantee
of “Neutral”: after flipping selected pixels, there is no metric for whether information
residues survive. Both of the above points may potentially threaten the reliability of
explanation assessment.

To address the aforementioned weaknesses, this work re-examines the role of the baseline
from the perspective of information and refines the ablation test to satisfy conservative-
ness. We observe and propose our conjecture on a synthetic toy dataset and validate
it on MNIST handwriting dataset. Moreover, we also compare ours with other existing
baselines on CIFAR10 and a real world dataset called Stanford Car. Our contribution is
primarily summarized as follows:

« We propose a new baseline that remains “uninformative” by definition, and by con-
structing toy datasets with transparent ground truth explanations, we observe that
our baselines closely approximates the ground truths.

+ We propose an improved ablation test for evaluating explanations that specifies a
uniform substitution of ablated pixels and simultaneously satisfies the conserva-
tiveness of the information quantity.

» We explain the failure of the linear invariance experiments of the IG (proposed by
[105]) from the perspective of the entropy.

18



2.2.

2.3.

2.2. Related Work

« We quantitatively compare all possible baselines with the proposed evaluation met-
rics on different data sets.

This chapter is structured as follows: Section 2.2 introduces the current studies on IG
baselines and ablation tests. Sections 2.3 and 2.4 elaborate the experiments related to the
proposed baseline and ablation test, respectively. Section 2.5 presents the results of the
experimental evaluation of the proposed methods.

Related Work

Investigation of IG baseline. So far, there are no sufficient researches for IG baselines.
Several studies [105], [114], [152] point out that the choice of baseline impacts dramat-
ically on the explanation performance, with the appropriate baseline generating clearer
attribution maps and the opposite distorting them. [105] also indicates that a number
of specific baselines (e.g., zeros) do not satisfy linear transformation invariance and are
hence unreliable. The proposer of IG [78] provides a definition of baselines, i.e., when
the model prediction is neutral, and suggest that for most networks the zero baseline is
applicable, while also specifying different applications for networks in different domains,
e.g., the black background for image networks and the zero embedding vector for NLP
tasks. As a complement, [114] proposes several additional baselines that are intuitively
feasible, such as the Max-Distance and Blurred baselines. Although these baselines are
either consistent with human intuition or address certain deficiencies of existing ones,
there is no convincing argument that the proposed baselines are “uninformative”.

Ablation test. In LRP [35], the ablation test is first proposed as a validation for the ex-
plainability method, which has being followed or expanded in several studies relating
to feature-wise attributions [56], [113], [126], [1]. However, [103] pointed out that the
method suffers from the trouble that ablating a single feature might impair the feature
correlation and data distribution, and they suggest that a new model should be retrained
after ablating for accuracy validation (Remove & Retrain). Again, this also leads to de-
bates that the explanations should be faithful to the data or the model [145], [155]. Leaving
aside the controversy about feature correlation, we expose another potential risk of abla-
tion experiments from the information perspective, i.e., non-conservation, and propose a
corresponding solution.

Max entropy baseline

The ideal baseline is the input that “is neutral” [78] and “contains no information” [152].
However, measuring the amount of information embedded in the inputs is challenging
since most models are black boxes and only final predictions are observable. On the
other hand, we argue that the referent of “neutrality” is ambiguous. Existing referents
for the baseline are 3 categories: uninformative for humans, data and models. Most base-
line choices are for humans, such as zero, black and random baselines: it is intuitively
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2. Maximum Entropy Baseline for Integrated Gradients

assumed by humans that these values do not yield any information. Nevertheless, for
the model to be explained, this may be problematic (e.g., a classifier that distinguishes
between black and white images). Subsequently, those baselines for the dataset (e.g., Av-
erage of training data) also raise controversy: whether the explanation should be true to
the data or the model [145], [152], [155]. So far, there is hardly any baseline for the model
being proposed. To address the aforementioned flaws, we introduce the entropy of logits
as a metric for quantifying information residual in the model. We denote the proposed
baseline as B xenir, and is formulated as:

Bxentr = argmax Entr(Softmax(fi(z)) (2.2)

T

where f; denotes the logits of the model and Entr(x) denotes the entropy function
[13]:

n

Entr(A) = — Z P(a;)logP(a;) (2.3)

=1

Our newly proposed baseline has the following advantages:

« Input information excluded. Several baselines incorporate (or incompletely ablate)
information from input instances to attain better visualizations. We argue that this
violates the definition of baselines. For example, The Maximum Distance baseline
(Xdist) [152], which calculates the maximum colorimetric distance of each pixel
from the input, moderates the phenomenon of “attribution disappearance” in the
explanations. Nevertheless, this baseline obviously contains extensive information
about the input, such as object outlines (see figure 2.1).

o Feature correlation Incorporated. The plausibility of generating explanations based
on the assumption of feature independence remains questionable. Owing to the
strong correlation between features, learning a certain distribution based on the
dataset is a more convincing solution [152]. Alternatively, the baseline we pro-
posed is derived from the optimization of a trained model, which itself possesses
the distribution of the dataset.

« Linear transformation invariant. [105] suggests that the generated explanation should
remain constant when the input and the model undergo a uniform linear transfor-
mation (all pixels transformed with the same amplitude). A portion of the baselines
fails this test (e.g., zero baseline), while several others (e.g., black baseline and ours)
survive. In addition, we elucidate from an information perspective why all base-
lines fail the non-uniform linear transformation test in section 2.3.3.

« Computational simplicity. Only a simple gradient ascent procedure is required once
for each model to obtain By, and is applicable to all predictions made by the
model.
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2.3. Max entropy baseline

Zero Black  White Avg. i . 2 . Xentr,  Xentr

Figure 2.1.: Visualization of different baselines and corresponding explanations. From left to
right: Zero, black, white, average of current instance, Max Distance, average of
training data, blurred, uniform distributed, Gaussian distributed, uniform and non-
uniform Maximum Entropy baselines.

Figure 2.1 shows all currently available IG baselines and their generated explanations.
Ahead of assessing the validity of the proposed baseline, we show our observations with
respect to the correlation between the entropy of logits and the explanations of IG. In
section 2.3.1 we show experimental observations in a tabular toy dataset, and in section
2.3.2 we extend the findings to the MNIST handwriting dataset. Note that for achiev-
able computational complexity, in this section the baseline is treated as a uniform value

(BXentru )

Warm-up: tabular toy datasets

The lack of ground truth explanations is one of the obstacles to investigating baselines.
Before experimenting on the real dataset, we simplified the problem by selectively cre-
ating features relevant to the labels to obtain ground truth attributions in advance. We
artificially create tabular toy datasets whose ground truth explanations are available. An
overview of the dataset is shown in figure 2.2. Our dataset involves 3 parameters, namely
ny, k and ¢, representing the total number of features, the number of features correlated
with the label and the total number of label categories, respectively. For each individual
dataset, there is at least one feature correlated with the label (¢ > 1). Hence, we can obtain
a unique ground truth explanation for this dataset, i.e., an attribution of 1 for the features
relevant to the labels and 0 for the opposite. Note that when k£ > 1, the labels must be
computed jointly based on all relevant features, otherwise the model may learn only a
part of them, leaving the ground truth explanations redundant. Each dataset consists of
10* instances (most of the data are duplicates due to the limited combination of features),
of which 80% are used as training data and the rest are for testing. A simple two-layer
fully connected network is trained, which achieves 100% accuracy on both the training
and test sets. We traverse the explanations of all the baselines in the valid data value
range with 100-step IG. Subsequently, we measure the gap between the IG-generated
and ground truth explanations. As the exact value of the ground truth explanations is
not reachable, we quantify the loss with KL-divergence, i.e., features related to the label
should possess as large attributions as possible, otherwise should approximate to 0. It is
notably that only the results of the instances where all features are 0 as the object being
explained are shown, since according to the properties of the dataset, the ground truth
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2. Maximum Entropy Baseline for Integrated Gradients

E E — Synthetic Inputs
= &
Figure 2.2.: The structure of the tabular toy data set, where n; and k denote the total amount
of features and the number of those relevant to the labels, respectively. Each label
is derived by logical operations based on the selected features (middle row), i.e. it is

relevant only to the features involved in the operation. The last row illustrates the
ground truth explanations.
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Figure 2.3.: First row: KL-losses of between the IG explanations obtained with the corresponding
inputs (x-axis) as baselines and the ground truth explanations. Second row: entropy
curves of the model. n; denotes the total number of features, k£ denotes the number of
features associated with the label, and c denotes the total number of label categories.
We also marked the loss of zero (green), black (cyan), white (purple) and random
(orange) baselines (partially obscured by each other, but significantly higher than
the loss of Bxenir).

explanations should be independent of the input instances, and we practically tested the
input instances for all feature combinations and the results are consistent. On the other
hand, we draw the entropy curve of the model over the valid range of data values. The
prediction are fed into a Softmax function to assure that each logits neuron is positive,
and then the entropy of this probability vector is calculated.

The results are reported in figure 2.3. Interestingly, the loss and entropy curves follow
similar trends and reach extreme values at approximate baselines. These results are intu-
itively correct: the maximum predictive entropy implies the minimum information con-
tent of the input vector, which exactly coincides with the definition of the baseline in
IG.
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2.3. Max entropy baseline

2.3.2. Observation: MNIST handwriting dataset

To extend this conclusion to a more general scenario, a similar experiment is conducted
on the MNIST handwritten dataset. However, the major challenge with real datasets
compared to the previous one is that no prior knowledge is available about which fea-
tures (pixels) in the instance are decisive for the labels, i.e., the ground truth explanations
are not accessible. Existing studies treat those pixels located inside the object as ground
truth [32], [98]. Nevertheless, no guarantee can be given that the model does not utilize
any information from the background when inferring [131]. Our alternative approach is
to observe the hybrid explanations generated by multiple explainers (average of expla-
nations generated by Back-Propagation-Based, Taylor Decomposition, LRP and DeepLift
series). Notwithstanding the inability to precisely restore the ground truth explanations,
this approximated saliency map captures the trend of the attribution distribution given
by the majority of explainers. Before training, all data are transformed to the value do-
main [—0.42,2.82] for higher accuracy. We train two different types of networks, the
FC networks consisting of only fully connected layers and the CNN networks contain-
ing convolutional layers. Similarly, we search all the baselines in the (discretized) valid
value range and produce the explanations by a 100-step IG. Owing to the high dimen-
sionality, KL-loss struggles to reveal the distributional discrepancy, we therefore adopt
Spearman’s rank correlation coefficient to measure the similarity between explanations.
We randomly selected 100 instances from the test set for each model. The methodology of
statistics is that we initialize a histogram containing m bins, each corresponds to a base-
line within the (discretized) valid value range. For each instance, we try all m baselines
and yield m explanations, we then compare each of them with the hybrid explanation.
The baseline that generates the closest explanation to the hybrid one (with maximum
Spearman’s coefficient) is counted in the corresponding bin. The curve of logits entropy
is also plotted.

The results are demonstrated in figure 2.4 and the maximum of both recordings are an-
notated with a dashed line in the corresponding color. As can be observed from FC1 and
CNN1, the baseline with the lowest loss almost coincides with the input of the maximum
logits entropy. To exclude the possibility that the minimum loss baseline is around 0, two
additional models are trained whose input of maximum logits entropy deviate far from
the origin point (FC2 and CNN2). Although the minimum loss distributions are not per-
fectly concentrated at the maximum entropy values, significant following offsets can be
observed. Additionally, we find that the reason why zero is feasible as a baseline alter-
native is that the global maximum of the entropy curve for a portion of neural networks
lies approximately adjacent to the origin point. Nevertheless, the opposite also exists,
for instance, the FC2 and CNN2 in our experiments. FC2 is derived from performing an
identical linear transformation on the dataset and the bias of the first layer of the net-
work for FC (the experiment is first proposed by [105] and is described in detail in the
next section), while CNN2 is a convolutional neural network with more sophisticated
architectures. The maximum values of their entropy curves deviate from the origin, at
which point the zero baseline can no longer be considered as an approximation, while
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Figure 2.4.: The entropy curves of the logits and density histograms of baselines which achieve
the minimum Spearman loss with the hybrid explanations (HE). The red and blue
dashed lines indicate the maximum values of the logits entropies and density boxes,
respectively.

the baseline closest to the hybrid explanations can be observed to be shifting towards the
positive direction of the X-axis, rather than remaining at the origin.

Unreliable? Linear shifts on baselines

Previous study point out that a fraction of the IG baselines fail the linear transformation
test [105]. They shift the input instances and the parameters from the first layer of the
model with the same linear offset, and subsequently observe whether the explanations
generated by the explainer are consistent before and after the transformation. In the
experiment, two alternative shifts are adopted as offsets, i.e., the uniform and non-uniform
shifts, where the former is equally shifted at each pixel, while the latter is not subject
to this restriction. They utilize black and zero baselines for IG, while only the former
maintains the same explanation before and after the uniform shift. We reproduce the
experiments and present them in figure 2.5 (the shift amplitudes, including all uniform
shifts and the non-zero pixels of the cross-shaped shifts, are 0.5). We argue that the black
baseline is adaptive and shifts with the input, whereas the zero baseline remains constant,
which lacks fairness. Therefore, we transform the zero baseline with the same offset and
observe the explanation invariance. The results are shown in the first row where the
zero baseline maintains the consistent explanation after the transformation. The second
row exhibits the results of the non-uniform shift, and interestingly, when we perform
non-uniform shift for the zero baseline, the explanation is irreducible.

This can be explained by the entropy curves. Figure 2.6 plots the curves of the three mod-
els in parts of the valid value range. Suppose the entropy curve of the original model is
Entr(zx) (black curve), which turns into Entry(x) after the uniform linear transforma-
tion (red curve), and the transformation amplitude is A;. The correlation can be easily
derived from the diagram:

Entry(x) = Entr(xz — Ay) (2.9)

Equation 2.4 indicates that the information content of the two models is identical ex-
cept for a phase difference of A;. However, the model with cross-shaped transformation
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Figure 2.5.:

Figure 2.6.:

2.4. Ablation-based evaluation methods

Shifting matrix  Image shifted Baseline Baseline shifted 1G mask 1G mask hold |G mask shifted
Visualizations of the uniform and non-uniform linear transformations on the in-
stances and baselines. The last three columns are the corresponding explanations. IG

mask hold demotes the linear transformation is applied only to the instances, whose
baselines remain non-transformed.
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Entropy curves of the model after different shifts, where org stands for no shift,
cst stands for a uniform constant shift of the input vector, and crs stands for a
cross-shaped shift of the input vector with the midline as the dividing point, 1G4
and /G4 denote the integral of information from high-entropy initiations to low-
entropy destinations (the explanations).

possesses a severely distorted entropy curve (blue curve). When the original model is
explained with IG, the gradient is accumulated from an “uninformative” initiation to the
destination to be explained, and an identical path can be found in the uniformly trans-
formed model, with the starting and ending points translated by A; (e.g., bolded black
and red segments), while the integrals are equivalent. In contrast, such a segment is
absent in the curve of the model with the cross-shaped transformation. Consequently,
linear invariance is only adequate for transformations that do not distort the model entropy

curve.

Ablation-based evaluation methods

In this section, we elaborate on the flaw of the classical ablation-based evaluating met-
ric for explainability methods, which monitors the prediction activations in 2.4.1, and
propose a novel one, which targets the entropy as the surveillance 2.4.2.
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2. Maximum Entropy Baseline for Integrated Gradients

Existing ablation test

The ablation approach and its variants are the most commonly used methods to evaluate
explanations, which is comprehensively summarized in [152]. Let z € X denote an
instance containing n features x, = (z},22,...,27) (X is the set of all valid instances),
the information quantity it contains before the ablation test is initiated as /(z). After all
n features are ablated, the input now is noted as x4 = (¢, #2, ..., "), where ¢; denotes
the ablated substitutions, and the information quantity it holds is marked as (w¢) the
ablating evaluation can be formulated as:

Se o< I(Xo) — I(X}) (2.5)

where S, indicates the score of the explainer and X z indicates the removal of p positively
attributed features.

Several studies [35], [56], [113] employed ablation approaches to validate the reliability
of explainability methods, while differing slightly in the details. The major distinctions
are:

« Surveillance target. Let [, f represent the prediction label and the model to be
explained. Frequently monitored objects are collectively defined as “prediction
scores” and are divided into 1. the corresponding activations in logits: a'(z). 2. the
corresponding cells in logits after taking Softmax, which can be considered as the
probability of the class: Softmax(a’(x)). In these works, they consider the reduc-
tion of prediction scores as a result of “information removal” [56], the surveillance
object is regarded as a measurement of “information quantity”, i.e., I ~ Aa!(z) or

ASoftmaz(al(x)).

« Ablation destination. The substitution value for ablation is also controversial. There
are several competitors: zero, minimum value of the dataset, reversing the sign
of the current pixel [35], blurring via Gaussian kernel [152] etc. The purpose of
ablation is to conceal information about a specific pixel (or feature), the flipping
destinations themselves should therefore carry no information, i.e., I(x4) ~ 0.

However, we argue that such metrics suffer from non-conservation. According to the
definition of the ablation test, the information quantity of the ablated input x4 should
satisfy:

Vo e X, I(x) = I(zy) (2.6)

Note that practically the information quantity is not directly available and the existing
methods record the value of logits a’ (or the softmax of the logits Softmax(a')) as sub-
stitutes. Thus, Equation 2.6 can be rewritten as:

Vo € X, a'(z) > d'(xy) or Softmax(a(z)) > Softmaz(a'(xy)) (2.7)

Taking the CNN in Section 2.3.2 as an example, we employ a 1000-step gradient descent
algorithm to minimize the value of the surveillance target and record the changing curve.
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2.4. Ablation-based evaluation methods
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Figure 2.7.: The ablation experiments with the raw logits activations (left), softmax of logits ac-
tivations (middle) and the entropy of logits as the surveillance target (right), respec-
tively. The x-axis denotes the number of optimization steps and the y-axis represents
the value of the corresponding monitored target. The shaded areas with colors rep-
resent “information residues”.

Subsequently, we feed various x4 into the model, derive the individual predicted val-
ues, and annotate them on the curve. Notably, the optimization process is performed in
the valid range of the original dataset. According to figure 2.7, equation 2.7 is violated
by the optimization results, and numerous inputs with lower monitoring target values
can be identified in the valid range. If a!(x) is considered as the information quantity,
x4 suffers from extensive information redundancy (left plot). Compared to the former,
Softmaz(a'(zs)) mitigates this deficiency, while the information residual in z is still
visible (middle plot). Experiments show that the ablating test designed on the basis of
inputs that are commonly understood by humans as "uninformative” may still contain
information and may be problematic.

Entropy-based ablation test
To fulfill the conservativeness in Equation 2.6, we extend the definition in equation 2.2,

that monitors the entropy of logits as the quantitative indicator of information, i.e.

1
1) o Softmas )

(2.8)

The increment of information diminishes the uncertainty of events, which can be ex-
pressed by the entropy. The introduction of entropy facilitates the understanding of “in-
formation quantity”. On the other hand, by redefining the unique ablated destination as
Ty = Bxentr, the conservativeness of the ablation assessment is assured

1
I(Bxentr) = 2.9
(Bxentr) Entr(Softmaz(a'(Bxentr))) @9
Recalling equation 2.2, which yields
Vz € X, Entr(Softmaz(al(x))) < Entr(Softmaz(a'(Bxentr))) (2.10)
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2. Maximum Entropy Baseline for Integrated Gradients

and refers to equation 2.8, equation 2.6 holds. To experimentally verify the conservative-
ness, we depict the entropy curve and mark out Bxeptr, as shown in Figure 2.7 (right
plot). Note that in this plot, the area above the entropy curve represents the information
residual, which does not exist since B x¢ntr is the input that maximizes the entropy.

Quantitative evaluations

We choose two artificial and one real-world datasets for evaluation experiments: MNIST,
CIFAR10 and Stanford Car Dataset. For MNIST, we train a fully connected network, which
achieves 98.2% accuracy on the test set. For CIFAR10, we train a ResNet18 [48] network,
whose test accuracy is 95.6%. For Stanford Car Dataset, we trained a ResNet152 with
92.2% accuracy. During evaluation, for MNIST we assess all 10, 000 test data, while on
the remaining two we select 1,000 examples from the dataset for evaluation.

Asillustrated in Fig. 2.8, X entr, and X entr are on par with or superior to other baselines
in the same categories (i.e. Xentr, and X entr rank first, second and second amongst the
Uniform and Non-Uniform baselines, respectively). Interestingly, the Max Distance base-
line consistently performs worse than the remaining ones in the non-uniform baseline.
There is extensive information about the input instances in the Max Distance baseline,
including object boundaries, gray value information (see Figure 2.1), which validates our
view that the more information about current instances is contained in the baseline, the
less is integrated by IG and thus the generated explanation is weaker in terms of credi-
bility.

Morever, to exhibit the superiority of the improved maximum entropy ablation test, we
compare the other ablation methods as well. We choose FC2 in Sec. 2.3.2 as the model
for the reason that the maximum entropy baseline of FC2 deviates from the origin, en-
abling the results to be obvious at a glance. To exhibit the plausibility of the maximum
entropy ablation, four different ablation tests are performed and shown in Fig. 2.9. The
ablation tests with zero and the maximum value of the dataset as the destinations fail to
reasonably evaluate the performance of explanations (randomly generated explanations
outperform the IG with any baselines, which is counterintuitive). The reason that the
minimum ablation also exhibits reasonable results is that, for FC2, the minimum value
(1) is exactly approaching the maximum entropy baseline (see figure 2.4). Note that the
evaluation experiments in this section are not absolutely precise. There are still numer-
ous unaddressed issues in the ablation study, for example, perturbing a pixel corrupts
the correlation between neighboring pixels. A potential future work is to enable ablation
studies to take into account the maximum entropy theory and pixel-wise correlations
simultaneously.

More importantly, such an “uninformative” baseline is not only desired in IG. Explainabil-
ity methods such as KernelSHAP [65], Occlusion [34] and RISE [95] have all introduced
the concept of information absence. Taking KernelSHAP as an example, the model sub-
stitutes part of the features with the baseline when sampling around the instance to be
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Figure 2.8.: Ablation tests on different IG baselines on MNIST, CIFAR10 and Stanford Car
datasets. Bars from left to right: randomly generated saliency maps (comparison
reference), zero, black, white, average of current input, max entropy with uniform
values, max distance, average of training data, blurred, uniform, Gaussian noise and
max entropy baselines, respectively. The red boxes represent baselines with uniform
values on all pixels, while the blue boxes are free of this restriction. The bolded black
bar in the box is the median, and the horizontal dashed line indicates the optimal
median value of the baseline in the current category (uniform or non-uniform).
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Figure 2.9.: Four different ablation tests. The ablation destinations are: zero (top left), the mini-
mum (top right) and maximum (bottom left) values of the data set and the maximum
entropy baseline (bottom right), respectively.
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2. Maximum Entropy Baseline for Integrated Gradients

Scores | Random Uniform Baselines Non-uniform Baselines

Rdm. Zero Black White Avg. Xcpyr, | Xdist TD. Blur  UF.  Gaus. Xeptr
0.157 0.582 0.571 0.208 0.585 0.581 0.318 0.570 0.534 0408 0.163 0.593
0.059 0.598 0.582 0.142 0.599 0.594 0.298 0.582 0.544 0.402 0.054 0.608
) 0.044 0.074 0.079 0.049 0.076  0.075 0.059 0.073 0.070 0.068 0.054 0.075

Table 2.1.: Evaluation experiments of KernelSHAP with various baselines.

/{D\ U W

explained. Therefore, employing perturbation baselines with residual information may
impair the performance of the surrogate model and thus diminish the credibility of the ex-
planations (see Table 2.1 for the evaluation tests). Therefore, a well-accepted and effective
baseline is pivotal not only for IG, but also for broader explainability research.

Conclusion

This chapter identifies the conservation deficiencies of the existing IG baselines and ab-
lation tests from an informational perspective, and proposes a new baseline and an en-
hanced ablating evaluation method based on the “missingness” necessitated by the ex-
plainability approaches. However, we acknowledge that existing ablation tests are still
controversial in terms of, for example, feature correlation. Therefore, in order to mitigate
the aforementioned challenge, explanations should be assessed from as many different
perspectives as possible with respect to various properties. In the next chapter, we will
extend the sensitivity test to the parameter level and evaluate the robustness of explana-
tions to parameter pruning.
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3.

3.1.

Evaluating Explanation Robustness to
Model Pruning

The baseline selection in the previous chapter is involved in perturbation-based ablation
tests, where the basic idea is to assess whether features with high attribution in the ex-
planation actually contribute to the model predictions. However, this merely reflects the
fidelity of the explanations to the model predictions, which is not a sufficient require-
ment for a plausible explanation. In this chapter, addressing the challenge of the lack
of parameter robustness in Sec. 1.2.2, we extend the idea of ablation test to the param-
eter level of the model. We examine the plausibility of explainability approaches from a
novel perspective, i.e., the robustness to model pruning. We show that even when only
those neurons with the lowest importance scores are eliminated and there are no notice-
able fluctuations in the prediction performance, the explanations are dramatically cor-
rupted. Extensive experiments qualitatively and quantitatively illustrate that most of the
popular explainability methods are insufficiently robust to the simplest model pruning
algorithms.

Introduction

As mentioned in Sec. 1.2.2, a limitation of existing sensitivity tests is that it only focuses
on the impact of input features on predictions, while neglecting that model parameters
are also key components involved in the decision-making process. In this chapter, we
extend the sensitivity test to the parameter level of the model and analyze the impact
of parameter removal on prediction results. Specifically, we incorporate a novel perspec-
tive to assess the reliability of explanations, namely model pruning. We observe that even
though the pruned model achieves the same or a negligibly lower accuracy, the generated
saliency maps are remarkably altered. Note that unlike the Rashomon effect mentioned
in [182], [192], pruning (without fine-tuning) does not modify the majority of the model
parameters, which implies that simply removing those inactive neurons may also cause
noticeable interference to the generated explanations. Based on the observation, the re-
liability and robustness of explainability methods may confront new challenges.

In summary, our contributions are as follows:

« We investigate the reliability of explanations from a novel perspective by compar-
ing explanations generated from the original model and the pruned ones. To the

31



3.2.

3.3.

3. Evaluating Explanation Robustness to Model Pruning

best of our knowledge, this is the first work to investigate the impact of model
pruning algorithms on explainability approaches.

« Extensive experiments have shown that even if the pruned models achieve slightly
worse or identical performance, there are observable distinctions in their explana-
tions.

Related Work

Reliability of explanations: Several works have identified deficiencies in the reliability
and robustness of existing explainability methods. [84] argues that the explanations need
to be relevant to the model parameters. By randomizing (part of) the network parameters,
they observe that several explainability methods still maintain the same quality and are
considered as failures of the sanity checks. [105] designed a linear transformation that ap-
plied equivalently to the inputs and the first layer of the model, which cause no effect on
the predictions. However, they found that several explainability methods are interfered
with and their saliency maps are distinctively altered. In addition, [86] argues that the
robustness of the explanations should be reflected in that adjacent inputs result in analo-
gous saliency maps, but again there are parts of the explainability approaches that violate
this rule. The Rashomon effect is a recently introduced topic of explanation uncertainty,
which demonstrates that explanations may vary dramatically even for models with the
equivalent accuracy on the same dataset [182], [192]. The essential difference between
our work and theirs is that instead of training new models with comparable accuracy,
we prune the original model itself. Non-fine-tuning pruning leaves the vast majority of
the parameters unaltered, and therefore the conclusion can be made more convincing by
excluding the variations in explanations due to parameter discrepancies.

Model pruning: Model pruning was first proposed by [17], with the idea of removing
neurons that contribute the least to the prediction for the purpose of lightweighting the
network. Subsequently, [19] suggested that the product of Hessian’s diagonal and the
square of the weights can be regarded as a valid indicator of the neuron importance.
A recent study [111] proposes to approximate the cost function with first-order Taylor
expansions to derive an alternative estimate of importance, i.e., the squared product of
the weights and the gradient, which maintains the model performance optimally while
pruning out the same proportion of parameters.

Method

The purpose of this chapter is to observe the robustness of the explanations generated
by models with approximate performances. Existing research [192] has shown that there
may be discrepancies in the explanations from models trained in the same dataset with
an equal accuracy, but it also recognizes the possibility that predictive multiplicity exists,
where the model achieves a comparable performance through a diverse set of parameters.

32



3.3. Method

To minimize this impact, we rely on model pruning technique to preserve most of the
parameters invariant and observe the explanation stability.

The idea of our experiment is as follows: We train a neural network F' with the train-
ing set X;,. Afterwards, we input the i*" data from the test set zi, € X;. into F' and
compute the prediction y; by a forward process and obtain the explanation E¥% with the
explainability method to be evaluated. We then prune the model according to the param-
eter importance provided by chosen pruning algorithms, denoted model I, and input 2
again, and employ to generate the new explanation E'Yi. We adjust the hyperparame-
ters of pruning algorithms to guarantee that the performance of F' is almost identical to
that of F’, with the vast majority of the parameters remaining untouched. Empirically,
their explanations for the same input should be highly analogous, which is in line with
the intuition of explanation robustness, i.e. E¥ = E'i To compare the proximity of
explanations, we employ the following metrics:

« Spearman’s rank correlation coefficient. There may be orders of magnitude dif-
ferences in the explanation values generated by different models and explainability
methods. Thus, the correlation in ranking is more reflective of the relevance be-
tween explanations than the magnitude. We chose Spearman’s rank correlation
coefficient to measure the ranking difference of each pixel across explanations to
estimate their proximity, which is formulated as:

_ COV(R(E), R(E"))
TR(E)TR(E')

(3.1)

where R(x) is the rank function, COV and o are the covariance and standard devi-
ation, respectively.

+ Sign agreement. In explanation, there are pixels with positive and negative at-
tributions, which denote supporters and opponents of the current prediction label,
respectively. Pixels with the same symbol should dominate in two analogous expla-
nations, and vice versa. Therefore, we select the percentage of sign-agreed pixels
as another similarity measurement, which is formulated as:

Z!{Szgn €i) = Sign(e;)} |

Ng

(3.2)

where Sign is the sign of the pixel, e € E is the pixel on the explanation £ and
Ng is the nunber of pixels in E. Note that Sign has three types of output, positive,
negative and zero.

» Top-k agreement. In explanation, those pixels or regions with the highest attri-
bution are typically given more attention, e.g., the area of the target object in the
image, etc. For two explanations, we consider them to be analogous as long as
their attributions (of rankings) in the object region approach each other. There-
fore, we consider Top-k agreement as another similarity measure, which evaluates
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whether the indexes of the k pixels with the highest attribution agree between two
explanations. Top-k agreement is formulated as:

|TopK (E) N TopK (E')|

TA=
[ TopK (E)|

(3.3)

Additionally, we assess the consistency of the predictions between the pruned model and
the original one with three metrics: Total accuracy, average prediction loss and prediction
agreement. Total accuracy and average loss are the accuracy and average prediction loss
of the model on the test set, respectively, and a numerically proximation indicates that
the two models are globally comparable in performance. Prediction agreement can be
formulated as

N,
i=0 Na .

where y; and y, are the outputs of the ith data predicted by the original model F' and
the pruned one F’, and Ny is the total number of data. Prediction agreement reflects
the similarity of the local performance of models and mitigates the Rashomon effect that
occurs when two models with comparable accuracies make mistakes on different test
data.

In our experiments, we first generate the explanations for the test set £ with the origi-
nal model, and then iteratively prune the model F' by percentage, yielding F7,...,F}, un-
til there is a significant drop in the performance. We subsequently predict the test set
with F' and Fj, and generate corresponding explanations F and E, by utilizing the se-
lected explainability methods, and finally compare the similarities between E and each

Experiments

Our experiments are conducted on two different models and datasets, including a simply-
constructed, ModelNetCNN consisting of only convolutional and fully-connected layers,
and ResNet18 , which are well-trained on the MNIST handwritten dataset and CIFAR-10,
with accuracies of 98.59% and 93.2%, respectively.

We employ two various pruning methods, Optimal Brain Damage (OBD) [19] and First-
Order Taylor expansion (FOTaylor) [111], respectively. OBD is a pruning method accord-
ing to the neuron magnitude, which is based on the assumption that the model converges
with its second-order gradient (Hessian) being a positive definite matrix, and that remov-
ing any neuron results in a rising loss. In OBD, the importance of the i** neuron can be
formulated as: )

OBD _ hiim; (3.5)

Imp; 5
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where h;; is the diagonal Hessian matrix, i.e., the second-order derivative of the neuron
itself, and m; is its magnitude (weight). FOTaylor is a neuron gradient-based pruning
method, which calculates the first-order (or second-order) Taylor expansion of the error
function to identify neurons that, even if removed, would not cause a significant impact
on the prediction. FOTaylor utilizes the following formula to calculate the neuron impor-
tance:

)

1 2
Impl OTevlor — (gimi — QmihiM> (3.6)

where g;, m;, h; and M are the first-order gradient, the magnitude of the neuron, the ith
row of the Hessian matrix and the magnitude of all neuron parameters, respectively.

We choose both gradient and perturbation-based explainability methods for explaining
the models and estimating the proximity of the generated attributions. The selected
methods include 1) gradient-based methods: Vanilla Gradient (VB) [28], Integrated Gra-
dients (IG) [78], Layer-wise Relevance Propagation (LRP) [35], GradCAM [75] and 2)
perturbation-based methods: LIME [54] and KernelShap (KShap) [65]. For evaluation
of the explnation similarity, when calculating Top-k agreement, we focus on the top 10%
of pixels with the largest attributions.

Visualizing the explanations of pruned models. We demonstrate in Fig. 3.1 an instance
of one explanation on the CIFAR-10 dataset that is correctly categorized as “cats” by
ResNet18 model with a confidence level of 99.96%. After pruning 40% of the parameters,
the model is still able to correctly categorize the input image with only a 0.02% decrease in
confidence. However, it can be seen that the model that has been pruned is significantly
different from the original one in terms of the generated explanations. The vast major-
ity of gradient-based explainability methods, including VB, IG and GradCAM, exhibit a
relative robustness, with the critical points almost consistently converged on specific ar-
eas. A closer examination, nonetheless, reveals that the point with the largest attribution
(the brightest pixels) alternately shifts back and forth as the model is pruned. Such in-
consistencies can be more easily observed in subsequent quantitative comparisons. The
remaining explainability methods, i.e., LRP, LIME, and KShap, show stochastic variation
in explanation during the pruning process, which implies that they are barely robust to
pruning.

Quantitative experiments on MNIST. For this low-difficulty dataset, we design a model
with a simple structure called ModelNetCNN, which consists of only convolutional and
fully-connected layers, and and is roughly structured as Conv1-MP2d-DR1-Conv2-MP2d-
DR2-FC1-DR3-FC2, where MP2d and DR are 2D max-pooling and dropout layers. Model-
NetCNN contains 147146 parameters and achieves an accuracy of 98.59% on the MNIST
test set before pruning. We perform 5 incremental prunings on ModelNetCNN, eliminat-
ing 10% of the parameters each time. We found in our experiments that retaining 50%
of the parameters still enables ModeINetCNN to maintain accuracy, loss, and prediction
agreement at the same level.
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Figure 3.1.: Visualization of the explanations generated by the original model as well as the
pruned models. From left to right are the input images, the explanation generated by
the original model, and the explanations generated by the models with 10%, 20%, 30%,
and 40% of the parameters pruned, respectively. The brighter the pixel the greater

the attribution it possesses.
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To begin with, we test OBD [19] pruning method and present the experimental results in
Fig. 3.2 (solid lines). The three metrics in the first row represent the comparison of model
performance before and after pruning. It can be seen that the pruned model is almost on
par with the original one in terms of accuracy and loss. Meanwhile, the models before
and after pruning also maintain an extremely high level of prediction agreement (98.88%
when 50% parameters pruned), which nearly rules out the possibility of the “Rashomon
effect” on prediction accuracies. As a conclusion, the pruned model can be regarded as
an equivalent substitute for the original one.

Nevertheless, the differences in the explanations generated for (pruned) models with al-
most identical performance are significant. In terms of Spearman coefficients, almost all
explainability methods exhibit a linear decline, with LIME and KernelSHAP dropping off
the bottom as the pruning begins, indicating that the explanations generated before and
after the pruning are barely related in attribution ranking. Additionally, sign and Top-
k agreement demonstrate similar tendencies. Note that according to Equation 3.2, the
baseline for sign agreement is 50%, which denotes a complete random guess for the sign.
The last and most important metric is Top-k agreement, which determines whether the
regions with the highest attribution (most important) are consistent across explanations.
As a conclusion, given that the models are pruned 50% and the performance is approach-
ing, most of the explanations only ensure that about half of the critical pixels are clustered
in the same area, while part of the explainability methods such as LIME and KShap al-
most lose the consistency of attribution in the important areas (the baseline is 10%). In
summary, in terms of explanation similarity before and after pruning, all selected ex-
plainability methods exhibit significant degradation during the pruning process, with the
gradient-based explainability methods being more stable compared to the perturbation-
based ones. Subsequently, we switch to another pruning method, FOTaylor, to investigate
whether this observation is caused by a specific pruning algorithm. The results are also
presented in Fig. 3.2 (dashed lines). The conclusions regarding the robustness of the ex-
planations to pruning are almost identical to those of the OBD: as the parameters being
pruned progressively increase, the difference between the generated explanation and the
original one grows rapidly. In this case, the gradient-based explainability approaches col-
lapses at a rate comparable to OBD, which is linearly correlated with the total number
of pruning parameters, whereas the explanations generated by the perturbation-based
approaches share little resemblance with the original ones right at the beginning of the
pruning. Interestingly, for the FOTaylor pruning algorithm, VB achieves a dominating
robustness in terms of sign consistency, maintaining almost the same sign agreement as
the original explanations up to the point where 40% of the parameters are pruned.

Overall, the experimental results are counterintuitive. In the absence of significant vari-
ations in model performance, one possibility for the discrepancies in explanations can be
explained as “Rashomon effect”, where models make similar predictions based on diverse
input features. Nonetheless, this does not applicable to models that are (non-fine-tuned)
pruned, whose critical neurons are identical to the original model, i.e., the crucial weights
for learning the features are not altered, and thus it can be approximately assumed that
the critical features they learn from the images are identical. The lack of robustness in
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Figure 3.2.: Robustness evaluation of different explainability methods during pruning process.
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The result is from ModelNetCNN on the MNIST handwritten dataset and The prun-
ing methods are OBD (solid lines) and FOTaylor (dashed lines). The first row presents
the performance of the corresponding pruned models compared to the original one,
respectively, from left to right: accuracy, loss and prediction agreement. The sec-
ond row provides the evaluations of the explanation discrepancy, from left to right:
Spearman’s coeflicient, sign agreement and Top-k agreement.
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the explanations of pruned models implies that the explainability approaches may not be
responsive to the critical features learned from the input images.

Quantitative experiments on CIFAR-10. We further test the explanation robustness of
the pruning models on a more complex dataset, CIFAR-10. We train a ResNet18, which
consists of more complex network structures and achieves an accuracy of 93.2% on the
test set. We iteratively perform 4 round of prunings, each eliminating 10% of the total
parameters. Compared to ModelNetCNN, ResNet18 contains additional special structures
such as BN layers, and in pruning, we only eliminate the weights on the convolutional
and fully-connected layers, which also account for the vast majority of the total number
of model parameters.

As the results shown in Fig. 3.3, eliminating 40% of the weights causes no significant
performance collapse for ResNet18 and the growths in losses are also nearly negligible.
Furthermore, the prediction labels of the pruned model and the original one are highly
consistent. However, the conclusions about the robustness of pruned explanations still
hold, i.e., The discrepancy between the explanations generated by the pruned models and
the original one is noticeable, on the precondition that the performance variation of these
models is almost negligible. Among them, gradient-based methods, such as VB, IG and
GradCAM, remain more robust in general than perturbation-based methods.

We find that the explanation robustness of a few methods is improved as compared to the
MNIST dataset, such as IG and GradCAM. The perturbation-based methods LIME and
KShap, on the other hand, perform stably, their explanations being completely different
from the original model at the very beginning of the pruning, with almost no consistency.
LRP joins this category as well, although in the MNIST dataset it still exhibits explanation
proximity that are negatively linear-correlated with the total number of pruned parame-
ters, on ResNet18 the explanation collapses entirely at the very beginning of the pruning.
Overall, the experiments on CIFAR-10 lead to conclusions consistent with MNIST, i.e.,
even though the performance of the pruned models is almost identical to the original
one, the explanations they generate are significantly varied.

Explanations for fine-tuning pruning. In addition to the Non-fine-tuning pruning meth-
ods, we further investigated the interference that fine-tuning pruning methods cause to
the explanations. Fine-tuning pruning methods, after summarizing the attribution and
pruning the neurons based on a certain amount of data, continue to train the remain-
ing neurons according to the gradients from back-propagation, which leads to a certain
degree of weight alteration on the remaining neurons as compared to non-fine-tuning
methods. We still choose OBD and FOTaylor as the methods for computing neuron attri-
bution. In contrast, pruning is conducted during training: the data is fed into the model
as training batches. We consider 10 training batches as a minibatch, and after a minibatch
has been trained, the global average attributions of each neurons are calculated for model
pruning. The global average attribution is derived by Exponential Moving Average, which
can be formulated as:

Impy, = B x Impy, 1 + (1 — ) x Impy, (3.7)
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Figure 3.3.: Comparisons of explanation similarity of ResNet18 trained on CIFAR-10. The models
are pruned with OBD (solid lines) and FOTaylor (dashed lines).

where I'mp,,—1 is the global average attribution of the first m — 1 observable minibatches,
/3 is an adjustable weighting factor, and I'mp,y, is the average attribution of the m* mini-
batch. In our experiments, we prune off 10% of the model parameters when the entire
dataset is trained once, i.e., 10% x ]\1[—(})3 of the parameters are pruned for each minibatch,
where Np is the total number of the training batches.

As demonstrated in the results in Fig. 3.4, we observe that OBD-based fine-tuning pruning
dramatically diminishes the stability of the explanations. Explainability methods such as
VB and IG, which have shown relative consistency in non-fine-tuning pruning, are enor-
mously more sensitive to fine-tuning pruning. Overall, VB is almost completely irrelevant
to the explanation of the original model after pruning 10% of the parameters, while IG
even shows a negative correlation. Interestingly, the Top-k agreement of VB and IG re-
mains moderate, which indicates that fine-tuning pruning has less impact on the pixels
with the largest attributions in the explanations compared to the rest of the pixels. In ad-
dition, we note that GradCAM is much more sensitive to fine-tuning pruning in terms of
sign agreement than Spearman’s correlation, which we believe is due to the sign flipping
of the attributions for most insignificant pixels. For FOTaylor, parts of the explainability
methods such as VB and IG instead slightly increase the robustness in comparison to non-
fine-tuned pruning. Nevertheless, for the rest of the explainability methods, a noticeable
decrease in the stability of the explanations can still be observed.

We perform the identical experiment on ResNet18 trained on CIFAR-10 and present the
results in Fig. 3.5. It can be seen that on the more complex model ResNet18, for most
of the gradient-based explainability methods (e.g., VB, IG, and GradCAM), despite that
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ps < 0.8 SA <09 TA<0.8
VB IG LRP GC LM KS|VB IG LRP GC LM KS|VB IG LRP GC LM KS
weo. MC OBD |04 04 02 03 01 01{03 03 03 03 01 01]03 03 02 02 01 0.1
Fine- FOT | 03 04 02 03 01 01]05 03 02 02 01 01|02 04 02 02 01 0.1
tuning  RN18 OBD | 0.3 / 0.1 / 0.1 0.1 / 04 01 03 01 01|03 04 01 03 01 01
FOT | 0.3 / 01 04 01 0.1 / 04 01 03 01 01|03 04 01 03 01 01
w. MC oD |01 01 01 01 01 01{01 01 01 01 01 01]01 01 01 01 0.1 0.1
Fine- FOT | 0.4 / 01 01 01 01 / 04 01 01 01 01 )03 / 01 01 01 0.1
tuning  RN18 OBD |04 / 01 / 01 01| / / 01 04 01 0103 / 01 04 01 0.1
FOT | 0.4 / 0.1 / 0.1 0.1 / / 01 04 01 0103 / 01 03 01 01

Table 3.1.: A summary of the robustness of explainability methods to pruning. We set a thresh-
old for Spearman’s correlation coefficient, sign, and Top-k agreement below which a
change is considered “significant”. The threshold is 80% of the reasonable variation
interval for the metric (p < 0.8, SA < 0.9 and T'A < 0.8). We show in the table that
how many proportions of the parameter are pruned when the change in explanation
is considered significant. Those results that are particularly sensitive to pruning are
bolded. In the table, GC, LM and KS denote GradCAM, LIME and KernelSHAP, re-
spectively. MC and RN18 are ModelNetCNN and ResNet18, respectively.
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Figure 3.4.: Comparison of rubostness of explanations generated by fine-tuning pruning methods
for ModelNetCNN on the MNIST handwritten dataset. The solid and dashed lines
are the results of computing the attributions of neurons with OBD and FOTaylor,

respectively.
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Figure 3.5.: Fine-tuning pruning on CIFAR-10 and assessing the robustness of the explanations.
Again, solid and dashed lines represent the use of OBD and FOTaylor pruning meth-
ods, respectively.

the explanations generated after pruning are more similar to the original ones in terms
of Spearman’s correlation coefficients, the discrepancies in similarity are still considered
noticeable as compared to the convergence in the prediction performance. Moreover, the
perturbation-based explainability methods (LIME and KShap) and LRP fail to exhibit ro-
bustness regardless of which pruning method is applied: their similarities to the original
explanations collapse entirely when 10% of the parameters are pruned. For sign agree-
ment, VB performs consistently on this dataset, which is to be expected as the prediction
performance of the model is likewise relatively stable. Notably, the robustness of the
explanations on ResNet18 pruned by FOTaylor shows no collapse as it suffers on Model-
NetCNN pruned by OBD. This may indicate a huge discrepancy in the pruning robustness
of the explainability methods to different network structures. Further investigation on
the effect of network architecture on the explanation robustness for pruning may be con-
sidered as one of the potential future works.

Tabulated summary. For intuition, we summarize the evaluation of the explanation’s
robustness in table 3.1.

Conclusion

In this chapter, we demonstrate that popular explainability methods suffer from a lack
of robustness to model pruning. We perform various degrees of pruning on two models
trained on different datasets with two pruning methods and explain the pruned mod-
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els with popular explainability methods and then observed how the explanations vary
according to the percentage of parameters pruned. The results indicate that eliminat-
ing only those neurons that are least important collapse the explanations generated by
explainability approaches while having almost no impact on the predictions. This obser-
vation questions the fidelity of the explanations to the model parameters from a novel
perspective. In the next chapter, we extend this fidelity evaluation to the explanations
and model parameters as well as the predictions, proposing the concept named sensitiv-
ity consistency.
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4.

4.1.

Evaluating Sensitivity Consistency of
Explanations

In the previous chapter we evaluate the plausibility of explanations by observing their
robustness to model parameter pruning. The essence of this observation is based on
the idea that explanations should be faithful to the model parameters. In this chapter,
we extend this fidelity to the level of the correlation between explanations, predictions
and model parameters, to propose a broader evaluation concept, named sensitivity con-
sistency. The intuition behind is that features and parameters that strongly impact the
predictions and explanations should be highly consistent and vice versa. The evalua-
tion of sensitivity consistency addresses the challenge in the ablation test mentioned in
Sec. 1.2.2 where explanations may fail to cover all high-attribution features, thereby en-
abling the explanations to fulfill the key property of sufficiency. Extensive experiments
on different datasets and models evaluate popular explainability methods while provid-
ing qualitative and quantitative results. Our approach further complements the existing
evaluation systems and aims to facilitate the proposal of an acknowledged explanation
evaluation methodology.

Introduction

In Sec. 1.2.2, we point out that existing sensitivity tests carry the risk of failing to cover
all high attribution features. A feasible approach to this issue is to consider the sensitiv-
ity of explanations and predictions together, and analyze their consistency. Specifically,
this chapter proposes a novel evaluation metric for explanations, called Sensitivity Con-
sistency (SenC), based on the idea that predictions and explanations are expected to be
sensitive to the identical input features. In addition, we extend this perspective to model
parameters, assessing sensitivity consistency by observing whether those groups of neu-
rons that play important roles in prediction would have similar impacts on explanations.
Our contributions are mainly as follows:

« We propose a novel explanation evaluation metric SenC that assesses whether an
explanation is reliable by comparing the discrepancy between the sensitivity of
predictions and explanations to input features or neurons. SenC is a black-box
approach that is applicable to all explainability methods.
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4. Evaluating Sensitivity Consistency of Explanations

« We quantitatively evaluate popular explainability methods on various datasets and
models through extensive experiments, and verify the consistency of SenC with
human intuition through a user study.

Related Work

Evaluation metrics for explanations. Due to the absence of ground truth, there is no
acknowledged metrics. Sensitivity is one of the most intuitive metrics that assesses the
fidelity of explanations by comparing the difference in confidence between the predic-
tions after removing the most attributed feature in the explanation from the input (or
insert it in an uninformative baseline) and the original predictions (baselines) [35], [56],
[60], [86], [101], [105]. [103] argued that hard removals may disrupt the data distribu-
tion, resulting that the model is incapable of predicting effectively for data that has never
been seen before. They propose RemOve And Retrain to mitigate the OOD problem by re-
training after removing features. However, this in turn raises concerns about explanation
fidelity to the model. Explanation robustness is another assessment perspective, where
[86] argues that explanations given to similar inputs should also share a high degree of
similarity. Another perspective that drew attention was the sensitivity to model param-
eters, as [84] found that the quality of the explanations from part of the methods is not
seriously impaired when the model parameters are highly randomized. Besides, there are
approaches that are not widely employed, such as Pointing Game [98], Generalizability
[5], semantic-level perturbations and synthetic ground truth [191]. User assessment [79],
[80], [128] is a convincing alternative, which is nonetheless costly and lacks reproducibil-
ity due to human subjectivity. In addition, a latest research [190] integrates explainability
evaluation toolkits to facilitate assessment.

Methods

Sensitivity Consistency (SenC)

Existing studies indicate that different explainability methods may provide different ex-
planations for identical models and inputs [84], [105]. In addition, recent research ar-
gue that there is a “Rashomon” of explanations, whereby explanations that reasonably
demonstrate prediction attributions may not be unique [182], [192]. Due to the lack of
ground truth, it is challenging to authenticate the credibility of inconsistent explanations.
However, by considering inputs and explanations as a black-box system, we can assess
the plausibility of explanations by observing the relationship between their variations.
We rely on the argument that prediction confidences and explanations are expected to
be sensitive to identical prediction bases, which is termed sensitivity consistency. The
prediction bases are attributed to two factors, the input features and the model parame-
ters, which are two aspects of the proposed assessment method. An overview of SenC is
presented in Fig 4.1.
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+ Sensitivity
(c) (d) weighted (e) Sensitivity maps SC(SP7,5¢)Consistency
by scores T (SenC)
1 (®)

parameters
(a)

et g

Figure 4.1.: An overview of SenC. SenC contains the following main components:(a) Selection
of the input features or parameters to be perturbed. (b) Perturbation of the selected
target by randomly generating an extensive number of masks. (c) Re-prediction and
re-explanation with perturbed conponents (inputs or parameters) respectively. (d)
Score each mask based on the difference in predictions and similarity in explana-
tions. (e) Summing the product of all masks with their scores yields the prediction
and explanation sensitivity maps, respectively. (f)SenC is derived by comparing the
correlation of the two sensitive maps. Note that the red box in the figure indicates
that SenC applies to either the input or the parameter, rather than in parallel with
both.
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Data Sensitivity Consistency

Data sensitivity consistency refers to the proximity of the degree to which the predic-
tion confidence and explanation are impacted when part of the features in the input data
vary. Elaborately, if a modification (removal or perturbation) of a feature significantly
interferes with the prediction, while no serious explanation corruption occurs, the expla-
nation is considered to lack sensitive consistency, and vice versa. To statistically measure
the proximity of the impacts, we leverage a method based on random mask perturba-
tions, which is inspired by [95]. We segment the input image into several partitions as
input features with image segmentation algorithms to avoid the overwhelming computa-
tional intensity for processing pixel-wise features. Subsequently, we generate a massive
amount of masks to randomly eliminate a fraction of the features. We predict the original
and masked inputs to yield confidence scores P° and P’, respectively, and denote their
differences as AP = |P° — P’|. With an enormous number of masks weighted by AP
and summed, the final prediction sensitivity of the k' feature is formulated as:

n
ST =3"(1-ApR)o M/ (4.1)

i=1

where Mf and AP; denote the i* feature mask and its confidence discrepancy, respec-
tively. The sensitivity of all m input features to the prediction can be summarized as

pr_ [ qpr pr
sy ={s,...s7 ).
Explanation sensitivity is the degree to which the input features impact the generated
explanations. Similar to predictive sensitivity, we randomize an equivalent number of

masks to eliminate input features and explain the masked inputs by a specific explain-
ability method. We weight each mask by comparing the similarity of explanations from
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the original and masked inputs, and eventually derive the feature sensitivity to expla-
nations from the weighted sum. The explanation sensitivity of input features is 5% =

{S;}l, e S]‘}m }, where the k" feature is represented as:

n
S, =D ps(ee, ) © M/ (4.2)
=1

where €, e ; denote the explanations from the original and masked inputs, respectively.
ps denotes Spearman’s correlation coefficient, which is formulated as:

_ COV(R(e), R(¢))
TR(e)TR(e)

ps(e,€) (4.3)

where R(x), COV and pg are the rank function, the covariance and the standard devia-
tion, respectively.

Finally, by comparing the proximity of the prediction and explanation sensitivities, we
derive the feature sensitivity consistency:

pl = ps(S§,87) (4.4)

The detailed algorithm for data SenC is shown in Algorithm 1. pg is essentially a Spear-

man’s correlation coefficient, hence its domain of values is [—1, 1]. However, our exper-
iments are statistical and the probability of presenting opposite correlations can be ig-
nored. Therefore, the statistical mean of SenC has a value domain of [0,1], where 0 repre-
sents the absence of sensitivity consistency and 1 represents absolute consistency.

Algorithm 1: Data Sensitivity Consistency (SenC) for a given data

Input : An input data x, a well-trained model F'(-), an explainability method
H(F,z) for the model F' and the number of masks K
Output: Data SenC pé” of H for input x
P? = F(x) # Original prediction
e? = H(F(zx),x) # Original explanation
S?;, S§, = zeros_like(z) # Initialization
for k£ = 1 to K do: #Generating masks
M,f = random_like(x)
T, =x0M g #The k' perturbation
SEF +=(1—|Py — F(z})]) © M,f #Scored by prediction variation
S;i +=ps(eS, H(F,z) ® M,f #Scored by explanation similarity
end for
pgz = Zle ps (S5, SZ’“) # Sum all scores
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For input features, we generally pay more attention on those relevant components, such
as the set of pixels containing objects. Therefore, beside the overall consistency, we eval-
uate two additional metrics, which are T'op-1 and T'op-3 agreement. T'op-K indicates the
percent of overlap for the K features that are most sensitive to predictions and explana-
tions, which is formulated as:

{Topu($5) n Topu(s7) |
frnsn)

TA, = (4.5)

where Topy(S) represents the set of the first & elements from sorted S. The Top-K
metric mitigates the interference caused by background pixels to some extent, thereby
concentrating more on the sensitivity assessment of the target objects.

Parameter Sensitivity Consistency

Apart from features, parameters are expected to be consistently sensitive as well, which
ensures that predictions and explanations made by the model on a given input are mainly
attributed to the same set of neurons. In contrast to images (typically C' x W x H), param-
eters are higher dimensional, which encompass diverse architectural units and rendering
the perturbation more challenging. To avoid explosive computational intensity, we draw
the following compromises without sacrificing too much performance:

« We compute the parameter similarity for each layer individually and derive the
global similarity by averaging.

+ As the majority of the parameters belong to the weights, we only evaluate the pa-
rameters on the weights of the feature extraction layers (convolutional and fully-
connected layers), ignoring the biases.

« The quantity of parameters on the weights is far greater than the image pixels, thus
requiring a remarkably larger number of masks to accurately assess the sensitivity,
which causes enormous time and computation costs. To enable the experiment be-
ing feasible, we group the parameters according to the type of the layer to diminish
the amount of masks required for perturbation. For a convolutional layer with size
Din X Doy X Cyy X Ch, we treat an output channel as a perturbation unit with the
size of D;, X Cy, x C}. The reason for not considering an input channel as a per-
turbation unit is to avoid the possibility that only one perturbable term exists when
processing uni-channel data (e.g. MNIST). For a fully connected layer D;,, X Doyt,
we select an input channel as a perturbation unit with dimension D,,;. The ar-
gument against treating the output channel as unit is to prevent masking the label
channel when perturbing the last layer and thereby losing gradients.

The process of calculating parameter sensitivity is analogous to that of feature sensitiv-
ity. We randomly generate masks on parameters groups, which partially eliminate the
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original weights and turn into new models. Comparing the differences in prediction con-
fidence and explanation similarity between the original and new models for the identical
inputs allows for the calculation of sensitivity consistency for each parameter group. The
parameter sensitivity consistency is formulated as:

s = ps(Spa Sha) (4.6)

where Shy = {Sha,, ..., Sha, } denotes the parameter sensitivity for the prediction, in
which pay, is the k*" parameter group in a certain layer, and She, is calculated by the
prediction differences, also formulated as Shq, = >« (1 — AP;) ® MP* (MP" is the
i" mask on the parameter groups). Sy 1s the parameter sensitivity of the explanation,
obtained by S5, = > i ps(e?, emgm)@Mip “ where epe is the explanation generated by
the model under mask M?”. The details of parameter SenC is demostrated in Algorithm
2. Note that though we need to access the model parameters when evaluating parameter
SenC, we are still interested in the correlation between input and output, and thus SenC
is still considered to be a black box in a broad sense.

Intuitively, both predictions and explanations are supposed to follow variations in the
same set of features and parameters. Therefore, explanations with higher sensitivity con-
sistency are considered more plausible. Lastly, due to the lack of reference, we randomly
generate a nonsensical explanation for each data and equally perform the sensitivity con-
sistency evaluation on it as the baseline.

Algorithm 2: Parameter Sensitivity Consistency (SenC)

Input : An input data x, a well-trained model F'(-) with layer-wise parameters
{wy, ..., wy }, an explainability method H (F, ) and the number of masks K
Output: Parameter SenC pga of H
P? =F(x)#
€l = H(F(x),x) #
for m = 1 to n do: #Layer-wise process
St SE, = zeros_like(wy,) # Initialization with the shape of corresponding
parameters
for £ =1to K do:
M = random_like(w,)
Wk = wy, © M
Fz;;,’g = {wy, ..., w*, ... w,} #k" perturbation on m‘*layer

bl m?
Shat +=1 = |P2 = Fl (2)| © M
Sps 4= ps(eg,H(Fl’U%,m) ® MPm
end for
— K
pe = k=1 rs(Spk , Spar,)

_pa
plt =31 | £S #Global parameter SenC

m=1"n_
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Experiments

In this section we demonstrate the experimental results. Our experiments are conducted
on three datasets with different complexities, which are the MNIST handwritten dataset,
CIFAR10 and a real-world dataset called German Traffic Sign Recognition Benchmark (GT-
SRB) [27], respectively. For better prediction performance, we train models with differ-
ent structures on each of the three datasets. For MNIST, we train a simple four-layer
neural network, noted as ModelCNN, whose structure can be simply summarized as
Convl —- MP1 — Conv2 — MP2 — FC1 — FC2, where Conv, MP and F'C
denote convolutional, max-pooling and fully connected layers, respectively. ModelCNN
achieves 98.5% accuracy on the MNIST test set. For CIFAR10 and GTSRB, we train a
ResNet18 [48] and a MobileNetV3 [104] as the classifiers, respectively, which achieve
93.2% and 97.7% accuracy on the test set, respectively. Finally, we conduct a user study
on ImageNet to verify whether the evaluation of SenC is consistent with human cogni-
tion.

We select the following explainability approaches as candidates to be evaluated: Vanilla
Back-propagation (VB) [28], Guided Back-propagation (GB) [33], Integrated Gradients
(IG) [78], Layer-wise Relevance Propagation (LRP) [35], GradCAM [75] and DeepLift [76].
Since perturbation-based evaluation consumes a significant amount of time to generate
and process masks, while surrogate models methods such as LIME [54] also demand ex-
tensive perturbation samples for their explanations, this category will not be evaluated
considering the time and computational costs. In the experiments, all explainability meth-
ods are implemented based on Captum toolkit [147].

The experimental configurations are as follows: When evaluating the data SenC, we ran-
domly select 1000 instances from the test set, and for each instance the number of per-
turbation masks generated is 5000. When evaluating the parameter SenC, we select only
100 instances from the test set but generate 10000 random masks for each layer of the
model to be evaluated, as the number of perturbable channels of the parameter is signif-
icantly larger than the number of hyperpixels in the image. In segmenting the image,
we utilize slic in the scikit-image package to roughly split every 50 pixels into one super-
pixel, which maintains the independence of local features without excessively raising the
computational intensity. We chose 0.8 as the masking rate for the generated masks. The
masking rate is a flexible hyperparameter with appropriate values will not significantly
impact the evaluation results.

Sensitivity visualization

In this section we demonstrate two visualization examples for data and parameter sensi-
tivity consistency, respectively.

Data sensitivity. We show the data sensitivity of a random image in CIFAR10 in Fig.
4.2. The sensitive areas of prediction can be seen to be centered on the front part of the
body and head of the deer. However, for explainability methods, the sensitive fields are
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GradCAM

Figure 4.2.: Visualization of data sensitivity from CIFAR-10 dataset. Areas rendered in red rep-
resent high sensitivity while those in blue indicate low sensitivity.

partially different: e.g. the neck of the deer is included in the sensitive regions by VB, as
well as the upper part of the background is labeled as more sensitive for VB, IG, GradCAM
and DeepLift. The closest match to the prediction sensitivity is LRP, so which therefore
yields the highest sensitivity consistency for this instance.

Parameter sensitivity. For a simple illustration, we choose the first convolutional layer
(convl) of ModelCNN as the object to visualize the parameter sensitivities, which is
shown in Fig. 4.3. This layer contains 16 output channels, each represented by a square
in the figure, where red and blue indicate high and low sensitivity, respectively. It can
be observed that for prediction, the first, third and sixteenth channels are most sensitive.
For the explainability methods, all except Deeplift label the third channel as highly sen-
sitive, while among them VB,GB and LRP exhibit high sensitivity on all three channels
simultaneously, hence their sensitivity consistency for the particular input on this layer
is relatively high.

Quantitative SenC evaluation
MNIST

MNIST is the simplest image dataset, which consists of 60,000 train and 10,000 test in-
stances, each with the size of 784 (28 x 28). For efficient evaluation, we restrict the
number of hyperpixels to 15.

Data SenC. The results of the qualitative assessment of data SenC are demonstrated in
(a) of Fig. 4.7. As a reference, we generate a random mask for each instance as a baseline
explanation, whose average SenC is expected to be zero. The results illustrate that for data
with low complexity, almost all explainability methods exhibit consistent sensitivities
(mean SenC gg > 0.6), except for GradCAM, whose variance is slightly higher (¢%(pg) =
0.13).

Furthermore, we present the agreement of features with Top-1 and Top-3 sensitivities
in (a) and (d) of Fig. 4.4, respectively. All explainability methods except GradCAM are
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Figure 4.3.: Visualization of parameter sensitivity. The layer being visualized is the first convo-
lutional layer of the ModelCNN, which contains 16 output channels corresponding
to the 16 squares in the figure. The redder the color of the squares, the higher the
sensitivity and vice versa.
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capable of reaching a Top-1 agreement of around 80%. In the Top-3 metric, again with
the exception of GradCAM, the probability that all three of the most sensitive features in
the explanations generated by the rest of the methods are all in agreement is higher than
20%, while there are barely any cases where no intersection exists (percent p < 5%). In
general, for simple datasets like MNIST, almost all explainability methods achieve highly
sensitivity consistency of input features for predictions and explanations.

Parameter SenC. (a) of Fig. 4.6 shows the average SenC of different explainability meth-
ods on all layers of the model (also including the randomized baseline explanation). In
the results, GB and IG achieve higher levels of consistency (pg = 0.29 and 0.32, re-
specitively), whereas the consistency of GradCAM is relatively low (og = 0.14) and
unstable (02(pg) = 0.014). The remaining methods reveal an intermediate level of sen-
sitivity consistency (pg € [0.2,0.3]). Moreover, we analyze each layer individually and
present the results in Fig. 4.5. We note that the sensitivity consistency of convolutional
layers is far superior to that of fully-connected layers, regardless of which explainabil-
ity method is applied. We attribute the reason to two points: a) Convolutional layers are
more intuitive as they directly extract features from the adjacent areas of images, whereas
fully-connected layers are typically treated as latent features, which are highly abstract
and may be activated by features in different regions. b) The channels of convolutional
layers are more independent of each other compared to fully-connected layers, and thus
are less impacted under individual perturbations. Therefore, we recommend choosing
the top convolutional layer as the target for evaluating parameter consistency.
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Figure 4.4.: From up to bottom are Top-1 and Top-3 agreement, respectively. The x-axis in all
plots represents different explainability methods. The y-axis in agreement indicates
percentages. In Top-1 agreement, larger proportion of 1.0 (orange) fractions signify
a higher percentage of agreement on the most sensitive features (better). In Top-3
agreement, higher percentage of darker color sections indicates better agreement.
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Figure 4.5.: Layer-wise parameter sensitivity consistency assessment of ModelCNN trained on
MNIST dataset. The x-coordinates are the different explainability methods, the y-
coordinates are the Spearman correlation coefficients for the parameter sensitivities,
and each box in the figure represents a specific layer.
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Figure 4.7.: Evaluation of data sensitivity consistency. From top to bottom are the evaluation
results on MNIST,CIFAR-10 and GTSRB datasets, respectively. The x-axis in all plots
represents different explainability methods, the y-axis represents Spearman’s corre-
lation coefficient pg. Higher ps denotes more consistent sensitivity.

CIFAR-10

CIFAR10 is a small-size (32 x 32) image dataset consisting of 10 categories, which contains
50000 training and 10000 test data. When splitting the hyperpixels, again every 50 pixels
are split into a group with a total number of 20 hyperpixels per image.

Data SenC. The data SenC is illustrated in (b) of Fig. 4.7. Compared to MNIST dataset
with low complexity, the data SenC of CIFAR10 exhibits a significant collapse, especially
for LRP, whose pg plummets from 0.609 to —0.012, which implies that when explain-
ing structurally complex data and models, LRP barely reveals consistency of sensitivity
between predictions and explanations. Besides, GradCAM still suffers from low con-
sistency pg = 0.052, which is almost on par with randomly generated explanations.
In contrast, despite the substantial reduction, DeepLift maintains a relatively high con-
sistency (0s = 0.351) and is therefore considered to be the more stable explainability
method.

We again evaluate the Top-1 and Top-3 SenC and show the results in (b) and (e) of Fig. 4.4,
respectively. Agreements for all explainability methods decline significantly on CIFAR-
10, with the most dramatic drop being for LRP, whose Top-1 agreement falls from nearly
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80% on MNIST to the same level as the randomized explanations. The performance of
Top-3 agreement is analogous to that of Top-1, where VB, GB, IG and DeepLift outper-
form, with over 60% of their Top-3 sensitivity features sharing at least one agreement.
DeepLift still maintains the best agreement with more than 40% probability that at least
two of its Top-3 features overlap. As a conclusion, the complexity of CIFAR-10 is ele-
vated compared to MNIST, resulting in a certain decrease in sensitivity consistency for
all explainability methods, while DeepLift maintains the highest consistency.

Parameter SenC. Due to the complicated structure of ResNet, for clarity, we only demon-
strate the consistency of parameter sensitivities of the first convolutional layer, the last
fully-connected layer, and all the intermediate hidden layers belonging to “layer1”. The
parameter sensitivity consistency of ResNet18 is demonstrated in (b) of Fig. 4.6. In com-
parison to MNIST, all explainability methods suffer from various degrees of reduction in
consistency, most notably GB and LRP, which both exhibit a decrease in average param-
eter consistency of 0.27, and LRP, whose consistency is already lowered to a comparable
level to that of the random explanation. The consistency of VB and GradCAM degrades
0.17 and 0.13, respectively, to a relatively insignificant degree, due to their unprominent
performance on MNIST. Despite declining 0.25 and 0.1, respectively, IG and DeepLift re-
main in relatively high consistency, with the average of DeepLift remaining at a high level
above 0.1. The conclusions are aligned with those in MNIST, where convolutional layers
are more consistent compared to fully-connected layers, and the deeper the layer the more
difficult their sensitivities are to be consistent. Additionally, IG and DeepLift again out-
perform the parameter SenC, especially for the layers convl and layerl.0.convl, which
are remarkably higher than all other explainability methods.

GTSRB

To test the reliability of explainability methods on real-world datasets, we conduct exper-
iments on the GTSRB dataset [27]. GTSRB is a dataset consisting of photographs of 43
different types of traffic signs, which includes 39209 and 12630 training and test data for
learning and prediction, respectively.

Data SenC. The data SenC of GTSRB is shown in (c) of Fig. 4.7 and (c), (f) in Fig. 4.4. No
significant fluctuations are observed for all explainability methods compared to CIFAR-10,
except for a significantly decline in SenC for VB. The trends in Top-1 and Top-3 agree-
ment evaluations are roughly equivalent, with all methods maintaining comparable levels
except for VB, which rapidly collapses. In summary, for data SenC on GTSRB, GB, IG and
DeepLift perform relatively better compared to other explainability methods.

Parameter SenC. The average parameter sensitivity consistency of GTSRB is exhibited in
(c) of Fig. 4.6. The results for the average parameter SenC for GTSRB are comparable to
those of CIFAR-10, except for a relatively noticeable gain in GB while IG and DeepLift still
remain superior. For the layer-wise evaluation, again due to the computational intensity,
we choose only the first 2 convolutional layers and the last 2 fully connected layers of
the network. The final conclusion remains broadly uniform, that IG and DeepLift exhibit
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Figure 4.8.: Quantitative evaluation and user study on ImageNet. (a) SenC evaluation results and
(b) User scores.

relatively better consistency in the first two layers, whereas the consistency of VB, LRP,
and GradCAM fails to show an advantage over randomized explanations.

Complex model (dataset) and user study

For practical purposes, we perform an evaluation of data SenC on the SOTA large model
while conducting a light scale user study. We chose VIT [135] as the classifier, train
it on ImageNet and achieves 80.7% accuracy in the testset. We randomly select 10 out
of 1000 categories from ImageNet, first generate explanations with the selected explain-
ability methods (Vanilla LRP is discarded due to incompatibility with VIT), and evaluate
their data SenC. In parallel, we send the generated explanations to the users and let them
score each explanation subjectively based on their experience and intuition. We invite
21 participants for the study by showing them the original images and the explanations
generated by the explainability methods, and asking them to rate each explanation. For
those users who do not have basic knowledge in XAI, we briefly introduce the idea of
explainability methods and their functionality. Explanations are rated on a scale of 0 to
10, with 0 representing barely able to provide any information, to 10 where users believe
they can fully understand the basis of model predictions.

We finally combine the evaluations of SenC with user feedbacks in Fig. 4.8 to observe
whether they are correlated. The result demonstrates that while IG and GradCAM receive
relatively high ratings from users, their SenC also wins in quantitative evaluations. On
the contrary, VB, GB and DeepLift suffer from flawed SenC in this dataset, as well as they
receive lower user scores. The result indicates that the SenC evaluation results are to
some extent consistent with the intuitive perceptions of humans.

Limitations

This work presents a novel perspective for evaluating explainability methods. However,
we acknowledge that a few deficiencies remain non-negligible, which fall broadly into
the following three points:
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« OOD Perturbations. Hard perturbation that may disrupt the distribution of data is

one of the largest challenges for explainability studies. Though alternatives have
been proposed in recent studies such as [103], they are not widely accepted and
applied due to computational intensity and fidelity issues. In the assessment of
SenC, perturbing data or parameters with randomly generated masks is considered
as hard perturbation, which is one of the factors that may threaten the reliability
of the evaluations.

Perturbation channels for FC layers. FC layers exhibit much less consistency than
convolutional layers in the evaluation, partially due to the issue of segmenting
the channels of FC layers. On the one hand, the FC layers contain an enormous
number of parameters, which if perturbed discretely would require an incalcula-
ble amount of masks, rendering them almost impossible. On the other hand, un-
like convolutional layers with well separated channels, neurons in FC layers are
densely connected, and hard masking any part may severely impair the remaining
ones. Therefore, a proper splitting and perturbation approach is desired to balance
the assessment accuracy and computational intensity.

Computation time costs. Similar to other perturbation-based methods, SenC sacri-
fices efficiency for the black-box property. When evaluating structurally complex
data or models, a relatively large quantity of hyperpixels or channels is required,
which leads to an explosive demand for the number of masks. Reducing the amount
of hyperpixels or channels effectively mitigates this issue, however will result in a
compromise in evaluation precision, which is a tradeoff that also needs to be ad-
dressed.

4.6. Conclusion

This chapter proposes a novel perspective to evaluate explainability methods. By gen-
erating a large number of masks to perturb inputs or parameters to identify which com-
ponents are sensitive to the perturbation and assess whether they are consistent. We
conduct experiments with three different datasets and models, as well as a user study on
a more complex dataset. The result reveals that the SenC assessment is to some extent
consistent with human intuition.

Another major issue with sensitivity test is that it may disrupt the input feature distri-
bution. In the next chapter, we propose an autoencoder-based evaluation method that
eliminates the need to perturb features, thereby ensuring the integrity of the feature dis-
tribution.
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5.1.

The Generalizability of Explanations

In the previous two chapters, we focused on the issue of the explanation fidelity to the
participants in the prediction. Nonetheless, explanations that are faithful to the model
parameters or inputs may not directly indicate high quality, as they are still, for example,
difficult to perceive and comprehend, inconsistent or noisy. Furthermore, as mentioned
in Sec. 1.2.2, the ablation test inevitably faces the risk that the feature distribution is
disrupted, and the credibility of the evaluation results may thus be overestimated. There-
fore, evaluating explanations on the premise of not disrupting the feature distribution
is a promising research direction. In this chapter, we start from the properties of the
explanations themselves, and assess the regularity and learnability of their distributions
through a deep neural network with promising reconstruction capabilities, denoted as the
generalizability. We employ an encoding-decoding module to learn the distributions of
the generated explanations and observe their learnability as well as the plausibility of the
learned distributional features. This metric does not require perturbing features, and en-
ables quantitative evaluation of explanations while maintaining the feature distribution
of the input. First we briefly demonstrate the evaluation idea of the proposed approach
for LIME, and then quantitatively evaluate multiple popular explainability methods. We
also find that smoothing the explanations with SmoothGrad can significantly enhance
their generalizability.

Introduction

As mentioned in Sec. 1.2.2, existing sensitivity tests suffer from the risk of disrupting the
feature distribution, which may directly compromise the reliability of evaluations. This
chapter proposes a novel evaluation approach from the perspective of generalizability,
which preserves the input feature distribution. Our assumption is that a plausible ex-
planation should share a proximate distribution with the original data and we train an
encoding-decoding model that is adequate for the complexity of the data and observe the
performance while reconstructing the explanations. Our approach is intuitive, applicable
to all explanations in the form of saliency maps (both for gradient- and perturbation-
based). Our contributions are as follows:

« We propose a novel method for evaluating explanations that validates whether they
possess information consistent with the original data from the perspective of gen-
eralizability.

+ We evaluate popular saliency map-based explainability methods.
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« We show the interesting observation that SmoothGrad can effectively enhance the
generalizability of explanations.

The structure of this chapter is as follows: In Section 5.2 we present the relevant studies, in
Section 5.3 we detail the proposed approach, and in Section 5.4 we show the experimental
results. Finally, we conclude and describe future work in Section 5.5.

Related Work

In this section, we introduce existing approaches for evaluating explanations.

Evaluation Approaches: There are two existing mainstream evaluation methods, the sen-
sitivities to input perturbations and model parameters [176]. The former operates by per-
turbing the features of the input and observing the changes in the prediction. For a plau-
sible explanation, perturbations to the feature with the largest attribution lead to severe
corruption in the prediction confidence. These approaches are intuitive and therefore
widely applied to justify the reliability of explanations [35], [56], [60], [86], [101], [105].
However, it has been scepticized that such perturbations neglect the features (pixels) cor-
relation or feed a distribution that the model has never learned before, which impairs the
reliability of the evaluation [103], [152]. [103] proposes RemOve And Retrain (ROAR),
which retrains the model with the perturbed dataset and observes the magnitude of the
performance degradation, to some extent eliminating the out-of-distribution issue of the
perturbed data.

The sensitivity of the model parameters originates from a concern about the explana-
tion sanity. [83], [84] reveal that by randomizing the parameters of the model, several
explainability methods remain unaffected, which raises questions about whether the ex-
planations are faithful to the model.

Besides, several other approaches are proposed, such as Pointing Game [98], which counts
the number of times the point with the largest attribution in the explanation is inside the
target object in the image. User study is also an important evaluation methodology. Al-
though the explanation needs to be human-friendly, however, this method is costly and
subjective, which may not reveal the true basis of the prediction [95]. Moreover, several
studies raise concerns about the robustness or stability of explainability methods [86],
[105], [180]. Although they experimentally demonstrate certain deficiencies of explana-
tions, such as the lack of linear invariance [105] and Lipschitz continuity [86], they cannot
be used as quantitative evaluation approaches.

Methods

In this section we present a novel approach to evaluating explanations. Our approach
is applicable to all reconstructable data types, such as images, text and tabular data, etc.
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Unlike existing sensitivity measures, this method targets the generalizability of the ex-
planations across the entire data set.

Consider a image dataset X = {z1,...,2,} € R">H with a well-trained model H(-).
We obtain the explanation set £ = {ey,...,e,} € RW>*H by the explainability method
H. The explainability approach can be regarded as a mapping function, i.e. ¢; = H(F, ;)
(only local methods are considered here). Therefore, there should be a certain degree of
distributional similarity between X and E: X ~ E. Intuitively, this can be understood as
“proximity”, i.e., the model predicts the input as a class based on a certain set of features.
Existing studies had mentioned similar concerns, they perturb the input and measured the
local continuity of the explanations with Local Lipschitz Continuity, which is formulated
as:

[H(F,zi) — H(F, (zi + €)|| < L ||z; — (zi + €| (5.1)

where € is the perturbation matrix and L is a constant. However, the perturbations may
disrupt the data distribution. Analogous to sensitivity tests [103], out-of-distribution data
that are never seen by the model may impair the evaluation performance.

Our approach is more inclined to “reconstruct” rather than “perturb”. For a well-trained
model F', a certain rule R,,, should exist with regard to the prediction, for instance, when
multiple horse images are input, the model takes similar features as prediction bases(e.g.,
legs or tails). A plausible explainability method H should exhibit those rules in its ex-
planations E. However, Iz, is agnostic due to the opaqueness of the black box model.
Therefore, under the premise that the model is well-trained, we can verify whether H
implies the rule R, by analyzing E. Inspired by early researches, which have shown
that a network with sufficient parameters can fit any function [18], [20], we train an ap-
propriately structured encoding-decoding neural network G to simulate R,,. G takes
the original images z; as input and outputs the corresponding (synthetic) explanation €
(e; =~ e; = H(F,x;)), and the reliability of the explainability method H is evaluated by
observing the performance of G(X) on the whole dataset. The evaluation via G is based
on two factors:

« Distribution Learnability: H should not be erratic. If the performance of the trained
G is inferior, it indicates that H is unlearnable and thus erratic. For example, GG
cannot learn any rule from randomly distributed saliency maps, which leads to a
nearly non-decreasing loss curve. Note that the reverse of this factor does not hold.
One trick is to generate simple and identical explanations for all inputs, which can
be easily learned by the network, whereas they cannot be considered as reliable
explanations.

« Variance Proximity: As a complement to the previous point, P’ should possess
similar statistical properties as X. Intuitively, the gap between explanations in
the same class should be much smaller than that between different classes. This
complement prevents the aforementioned "simple and identical” explanations from
being regarded as plausible, since they are not consistent with the distribution of
the original images.
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Figure 5.1.: An overview of the evaluation methods. We first select the explainability method
to be evaluated and generate explanations utilizing the classification model and the
original inputs. Subsequently, we train a generative model that takes the original
image as input and attempts a reconstruction of the generated explanations. Finally,
we compare the distributional relationships between the reconstructed instances and
the explanations.

Subsequently, we elaborate on the details of the proposed evaluation approach. The gen-
eral structure of the approach can be seen in Fig. 5.1. Our evaluation method consists of
two components, which verify generalizability and proximity, respectively.

Distribution Learnability: The essential task of the simulating model is to learn the rules
of the explainability method. Therefore, the model requires sufficient learning capability
(i.e., structural complexity). We search for Autoencoders with different architectures un-
til it can reconstruct the input image with high quality, which indicates that the structure
is competent for the complexity of the dataset. We train this autoencoder with the origi-
nal images and the explanations as inputs and labels, respectively, with L as the target
loss function until the loss curve converges. We denote this Autoencoder as AF; for easy
reuse in subsequent processes. We divide the dataset X into training (X;,) and test sets
(X¢e), and we train the Autoencoder corresponding to each explainability method (de-
noted as AEy, where H represents a certain explainability method) with X}, according
to the framework in Fig. 5.1, and then input the X}, into A Ey to obtain the reconstructed
explanations F},. According to the reconstruction performance the plausibility of the ex-
planations can be observed: Autoencoder is more likely to reconstruct those explanations
that possess more typical rules, while on the contrary, erratic and random explanations
cannot be well-learned. We show an example for the generalizability evaluation in Sec-
tion 5.4.1.

To quantitatively assess the learnability of the explanations, we calculate the reconstruc-
tion performance of Ej}, by six different measurements:

L1&Ls: The Ly and Lo distances provide an intuitive indication of the pixel-wise simi-
larity, however they may be affected by extreme values and those points with little attri-
bution occupy the same weight.
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Structural Similarity Index Measure (SSIM): In particular, for images, we introduce SSIM
as a similarity measure, which measures the statistical likelihood of two explanations
regarding the mean and variance in terms of luminance, contrast and structure. SSIM is
formulated as:

(2upppr + c1)(20ppr + c2)

(5.2)
(4 + 1 + c1)(op + op, + c2)

SSIM(P,P') =

where 1 and o denote the mean and (co)variance, respectively. Note that the core of SSIM
is the approximation of the statistics, existing studies show that it is problematic to assess
the perceptual proximity [150], so we only consider it as a reference.

Pearson & Spearman’s rank correlation coefficient: Pearson correlation coefficient (PC)
_ COV(E,E")

measures the linear correlation of two explanations, which is formulated as pp = T
When comparing explanations, one may focus more on the ranking of feature attributions
than on the specific values. Spearman’s correlation coefficient (SC) is the ranked version
of the Pearson correlation coefficient, which can be formulated as:
/
ps(E, E') = COV(R(E),R(E")) (5.3)
TR(E)IR(E")

where R(x) is the rank function, COV is the covariance and o is standard deviation.

Top-k Accuracy (TA): For explanations, humans tend to be concerned only with the fea-
tures that yield larger attributions. Therefore, we perform a Pointing Game on the pixels
with the top-K attributions. Specifying a percentage K (all 25% in the experiment), we
calculate how many pixels in Ey. ranked in the top-K attributions appear in the top-K
attributions of the pixels in Fj,. It can be formulated as:

|TopK (E) N TopK (E')|
[ TopK (E")]

TA= (5.4)
TA is in the range [0, 1], with higher values representing that the pixels with large at-
tribution are more similar in the two explanations. Note that the TA of two sufficiently
large random sequences converge to K (0.25 in this experiment).

The first three of the above measure the numerical (or statistical) distances. However, for
explanations, we are more interested in the discrepancies of rankings, therefore in the
experiments we mainly monitor the last three metrics for evaluation.

Variance Proximity: High learnability is not sufficient to conclude the plausibility of the
explanations. Simple rules can be easily learned by the Autoencoder (e.g. focusing the
attribution on a fixed pixel), however they may not provide reliable explanations. There-
fore, we exclude these uninformative ones by evaluating the proximity of the distributions
between the reconstructions and the original images. Our assessment is based on the idea
that the variation of the reconstructed explanations within a same class should be much
smaller than those between different classes. In this regard we consider two proximity
measurements, the pixel and latent-wise discrepancies. For the former, calculating the
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absolute value is insignificant, since the reconstructed explanations may not be in the
same order of magnitude as the original image. Therefore, we also employ Spearman’s
rank correlation coefficient to measure pixel-wise proximity. For the latter, we constructed
a latent distance measurement for validation with the pixel-wise approach, which can be
considered as a variant of Fréchet inception distance (FID). We take the encoder of the orig-
inal Autoencoder (AE;) as the “Inception” network, input the images and explanations
respectively to obtain the latent vectors, and compute their 2-Wasserstein distances (both
are considered as multidimensional Gaussian distributions)

diy(Le(up,0r), Ly (e op) = lus — pp i3
1 1 % (5.5)
+tr|log+op —2 (UﬁwaE/ -Ué)

In measuring the reconstructed similarity within classes, we take a certain number of
samples from each class for a pairwise comparison. For inter-class, we try all combina-
tions of different classes and take same number of samples from each class for a pairwise
comparison. Our Variance Proximity scores (VP) can be calculated as:

VP = Apsi, + A||FIDg|| (5.6)

where Apg? is the difference between the mean of the inter- and intra-class Spearman
coeflicients, which can be formulated as:

Apsi, = PSa — Psr (5.7)

and AHF 1 DZH denotes the (normalized) difference between the averages of the inter-
and intra-class FIDs, which can be expressed as:

A||FID;|| = (FID, — FID,)/FID, (5.8)

Finally, the quantitative score of corresponding explainability methods is:

Spmy=VP x DL (5.9)

where VP is the variance proximity (see equation 5.6), and DL denotes the Distribution
Learnability, which is the average of Top-k Accuracy (1'A), Spearman’s Correlation (pg)
and Pearson Correlation (pr) coeflicients (the overline denotes that all three metrics are
calculated by averaging over the last 10 training epochs).

Experiments

In this section, we first show an example on assessing LIME (Section 5.4.1), followed
by a quantitative evaluation of the popular explainability methods. We choose MNIST
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Figure 5.2.: The training curves of LIME with perturbed sample numbers of 10 (yellow), 30
(green), 50 (blue), 100 (red), and 500 (purple), respectively. The y-axis is the value
of the corresponding metrics and the x-axis is the training epoch numbers.

handwritten dataset for our experiments. The accuracy of the classification model to be
explained is 98.5% on the test set. The structure of Autoencoders applied for reconstruc-
tion is identical, whose latent vector has dimension 128. We train each for 100 epochs
with a learning rate of 1le — 5. The Autoencoder that reconstructs the original image
(AE;) achieves Liloss = 0.01, M SEloss ~ 0.001 and SSIM > 0.99. In the evaluation
of Variance Proximity, we choose S = 500. For reproducibility, our code is available at
https://github.com/Explain3D/EXPGeneralizability.

Case study:The Generalizability of LIME

To intuitively demonstrate the correlation between the generalizability and the quality
of explanations, we first show a straightforward evaluation example. We choose an ex-
plainability approach by tuning the parameters to generate explanations with different
qualities. LIME [54] is an ideal candidate as it relies on perturbing the instances to be
explained to try out local decision boundaries, while the number of perturbed samples
affects the quality of the explanation. The prior knowledge already exists that LIME per-
forms poorly with few perturbed samples and improves as they increase until saturation.
We segment the input into 50 super-pixels, and apply LIME with a total number of per-
turbed samples (n_samples) of 10, 30, 50, 100 and 500 for explaining the classification
model respectively, and evaluate the generalizability of the explanations according to the
proposed metric.

The results, as illustrated in Fig. 5.2, indicate that insufficient number of perturbation
samples may prevent Autoencoder from learning the distribution of the explanations. For
instance, when n_samples = 10, the distribution is barely learned: the pixel accuracy
of top-k (T'A) converges to 25% (26 & 3.6%), which is approximately identical to the
probability of a random sampling. Besides, both Spearman and Pearson coefficients (SC
and PC) oscillate near zero (0.021 £ 0.054 and 0.020 £ 0.056, respectively), implying
there is hardly (ranked) linear correlation between the learned distribution and original
explanation. As n_sample increases, the distribution learned by Autoencoder from the
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n_sample 10 30 50 100 500
TA?T 0.267 0.449 0.514 0.582 0.637
ps T 0.032 0.227 0.306 0.381 0.448
pr T 0.010 0.347 0.454 0.532 0.574
DL 1 0.103 0.341 0.425 0.498 0.553

Apglt 0.019 0.120 0.125 0.111 0.124

AFIDr 1 0.297 0.757 0.892 0.889 0.849

VP?t 0.316 0.877 1.017 1.000 0.973
Sem T 0.031 0.296 0.429 0.498 0.536

Table 5.1.: Detailed quantitative results of the proposed evaluation method for LIME with differ-
ent n_sample. From top to bottom are the average of: Top-k Accuracy, Spearman’s
and Pearson’s coefficients, the Distribution Learnability, the difference of Spearman’s
coeflicient and Fréchet inception distance between intra and inter-class, the Variance
Proximity and the final score of the generalizability. The up arrow indicates that the
higher the value, the better the performance.

explanations grows more accurate. It can be observed that when n_sample increases
to 30, the top-k accuracy, Spearman and Pearson coefficients of the generated samples
converge to 44.9 £ 0.1%, 0.227 £ 0.003 and 0.347 =+ 0.002, respectively. As n_sample
further grows to 50, these metrics are raised to 51.4 £ 0.1%, 0.306 + 0.002 and 0.454 £+
0.003, respectively. However, the benefits from a continued increase in n_sample are
limited (T4, ps and pr converge to 63.7 & 0.1%, 0.448 + 0.001 and 0.574 + 0.002,
respectively when n_sample = 500).

To avoid the trap of "simple rules”, we also evaluate the Variance Proximity between the
generated samples. Fig. 5.3 depicts the point-wise ranking (left) and latent space (right)
proximity of the generated samples for inter and intra-classes. We observe that as the
number of perturbed samples grows, the Spearman coefficients (SC) increase in varying
degrees according to the class relationship. When the number of perturbation samples
is minimal (n_sample = 10), the similarity of intra- and inter-classes is approximated.
The average of SC for inter and intra-class are pg, = 0.46 and pg, = 0.49, respectively,
whose difference is A|pg?| = 0.02. Similarly, the means of FID for inter and intra-class
are FID, = 1.4e — 5 and FID, = 1.8e — 5, respectively, the corresponding difference
is A‘F I Dg\ = 3.7e — 6). It can be observed that the gaps between inter and intra-classes
obviously increase with the growth of n_sample, which implies that the Autoencoder
begins to learn the commonality within classes and the divergence between classes from
the explanations.

We finally report the quantitative scores of LIME with n_sample = 10, 30, 50, 100 and
500 as 0.031, 0.296, 0.429, 0.498, 0.536, which implies that the more perturbed sam-
ples result in better explanation performance. The tabulated results are shown in Table
5.1.
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Figure 5.3.: The intra (blue) and inter (orange) class similarity (discrepancy) of the samples gen-
erated by Autoencoder based on the explanations of LIME with different number of
perturbations. The x-axis from left to right shows the LIME for 10, 30, 50, 100 and
500 perturbed samples, respectively, and the y-axis is the Spearman coefficient (left)
and Fréchet Inception Distance (right), respectively. Note that large Spearman coef-
ficients represent similar distributions, while FIDs are the opposite.

The Generalizability of Explainability Methods

A further step is to extend the proposed evaluation approach to more explainability meth-
ods. We choose several popular gradient-based and perturbation-based methods, in-
cluding Vanilla Gradients (V) [28], Guided Back-propagation (GB) [33], Input x Gradients
(IxG) [57], Integrated Gradients (IG) [78], Layer-wise Relevance Propagation (LRP) [35],
DeepLift [57], LIME (n_sample = 100) [54] and KernelSHAP (KSHAP) [65]. As a ref-
erence, we additionally introduce a randomly generated noise explanation. Again, the
explanations are generated from all above approaches, then learned and reconstructed by
Autoencoder.

Top-k Acc. Spearman Coef. Pearson Coef.
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Figure 5.4.: The training curves of Vanilla Gradients, GB, IxG, IG, LRP, DeepLift, LIME, Ker-
nelSHAP and random explanation, respectively. The y-axis is the value of the corre-
sponding metrics and the x-axis is the training epoch numbers.
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\Y GB IxG IG LRP DPL | LIME KSHAP | Random

TA?T 0.541 0.513 0.515 0.543 0.515 0.534 | 0.582  0.558 0.250
ps T 0.727 0.402 0.232 0.254 0.234 0.249 | 0.381 0.362 | —8e—5
Ppr T 0.596 0.499 0.403 0.441 0.409 0.449 | 0.532  0.496 2e —4
DL % 0.622 0471 0.383 0.413 0.386 0.411 | 0.498 0.472 0.083

Apslit | 0.025 0.193 0.111 0.107 0.110 0.105 | 0.109  0.140 0.035
AFIDr 1 | 0.364 0.508 0.401 0.378 0.418 0.386 | 0.854 0.876 0.204
VP71 0.389 0.701 0.512 0.485 0.528 0.491 | 0.963 1.016 0.239

Sem T 0.241 0.330 0.196 0.200 0.203 0.201 | 0.479 0.479 0.019

Table 5.2.: Detailed quantitative results of the proposed evaluation method for popular explain-
ability methods. From left to right are: Vanilla Gradients, Guided Backpropagation,
Input x Gradients, Integrated Gradients, Layer-wise Relevance Propagation, DeepLift,
LIME, KernelSHAP and random generated explanations.

As the evaluation results illustrated in Fig. 5.4, all the explainability methods far out-
performed the random explanation in terms of Top-K accuracy, Spearman and Pearson
coefficients, which indicates that none of the explanations generated by these meth-
ods is erratic. Among these approaches, Vanilla Gradients (TA = 0.541 + 2e — 4,
ps = 0.727 & 2e — 4 and pg = 0.596 & 4e — 4), LIME (TA = 0.582 £ 5e — 4,
75 = 0.381 + 1le — 3 and pr = 0.532 & 8¢ — 4) and KernelSHAP (T A = 0.558 + 4e — 4,
ps = 0.362+£8e—4 and pr = 0.496 £ 1e— 3) slightly outperform in terms of distribution
learnability. Comparatively, IxG and LRP are less learnable, with all three metrics being
relatively inferior (T A = 0.515 £ 8e — 4, pg = 0.232 4+ 8¢ — 4, pr = 0.403 & le — 3 and
TA= 0.515+7e—4, pg = 0.234+9e—4, pr = 0.409+1e—3, respectively). Furthermore,
we observe that the generalizability of perturbation-based methods (D Lyyerqp = 0.485)
is superior to that of the majority of gradient-based methods (D L,yerqu = 0.447).

Again, we assess the Variance Proximity between the generated explanations. As demon-
strated in Fig. 5.5, the reconstructed explanations of all explainability methods outper-
form the random ones, which represents that their explanations are more distinguishable
in terms of intra and inter-class discrepancies. However, Vanilla Gradients (Apgl, =
0.025, AFID? = 0.364 and VP = 0.389), Integrated Gradients (Apg? = 0.105,
AFID! = 0.386 and VP = 0.491) and DeepLift (Aps?, = 0.107, AFID! = 0.378
and VP = 0.485) are relatively inferior. Considering the excellent performance of
Vanilla Gradients (DL = 0.622) in Distribution Learnability, we believe that the expla-
nation distributions are relatively homogeneous, in line with the aforementioned “simple
rule” trap. IxG, IG and DeepLift perform mediocrely both in Distributional Learnability
(DL = 0.383,0.413 and 0.411, respectively) and Variance Proximity (V P = 0.512, 0.485
and 0.491, respectively), and therefore we consider their explanations as slightly noisy,
which interfere with the learning of the Autoencoder. In addition, we observe that the
perturbation-based approaches also perform better in the assessment of Variance Prox-
imity (V P = 0.963 for LIME and 1.016 for KernelSHAP). This is mainly attributed to the
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Figure 5.5.: The intra (blue) and inter (orange) class similarity (discrepancy) of the samples gener-
ated by Autoencoder based on the explanations of various explainability approaches.
DPL, GB, IG IxG, KSHAP, and V denote DeepLift, Guided Backpropagation, In-
tegrated Gradients, Inputx Gradients, KernelSHAP, and Vanilla Gradients, respec-
tively, and the y-axis is the Spearman coefficient (left) and Fréchet Inception Distance
(right), respectively. The FIDs of the perturbation-based explanations are separated
since they are not in the same order of magnitude as the rest.

randomness and complexity of the perturbation-based explanation generating process,
which prevents Autoencoder from summarizing fixed and simplistic rules.

As a conclusion, we report the final score of the explainability approaches in terms of gen-
eralizability (Sgys in descending order): LIME and KSHAP (0.479), GB (0.330), V (0.241),
LRP (0.203), DPL (0.201), IG (0.200) and IxG (0.196). For a clearer comparison, tabulated
results for methods are presented in Table 5.2.

Smoothed vs. Unsmoothed Maps

SmoothGrad [77] is a technique that finds the gradient (or other method to obtain the ex-
planations) after introducing noise to the original image multiple times and takes the aver-
age value. SmoothGrad-processed explanations are considered cleaner and more compre-
hensible. Interestingly, we found that SmoothGrad not only enhances visual conscious-
ness, but also increases the generalizability of the explanations. We choose three gradient-
based methods as baselines, namely Vanilla Gradients (V), Inputx Gradients (IxG) and
Integrated Gradients (IG), and implement SmoothGrad on them respectively.

As shown in Fig. 5.6, regarding the Distribution Learnability (DL), the SmoothGrad-
applied versions all outperform the original baselines (The differences in DL ADL are
0.130, 0.041 and 0.031 for V, IxG and IG, respectively), which implies that explanations
with SmoothGrad are more generalizable. Moreover, as Fig. 5.7 illustrated, SmoothGrad
significantly strengthens the Variance Proximity (VP) of the explanations. The VPs of
the three explainability methods increase by 0.295, 0.468 and 0.475 respectively. As a
consequence, SmoothGrad raises the final scores of V, IxG, and IG from 0.241, 0.196, and
0.200 to 0.514, 0.415, and 0.426, respectively, which is consistent with human intuition:
[77] concludes that SmoothGrad significantly reduces the noise in the saliency maps and
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14 Vs |IxG IxGs| IG IG.s
TA? 0.541 0.629 | 0.515  0.488 | 0.543 0.508
75 T 0.727 0.847 | 0.232  0.332 | 0.254 0.351
R 7T 0.596 0.782 | 0.403  0.452 | 0.441 0.473
DL * 0.622 0.752 | 0.383  0.424 | 0.413 0.444

Apst 1 | 0.025 0.030 | 0.111  0.299 | 0.107 0.304

AFIDr 1| 0.364 0.654 | 0.401  0.681 | 0.378 0.656

VP1 |0.389 0.684 | 0.512  0.980 | 0.485 0.960
Sgav 1 10241 0.514 | 0.196  0.415 | 0.200 0.426

Table 5.3.: Detailed quantitative results of the proposed evaluation method for Vanilla Gradients,
Input x Gradients, Integrated Gradients and their SmoothGrad versions.
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Figure 5.6.: The training curves of Vanilla Gradients (V), InputtimesGradients (IxG), Integrated
Gradients (IG) and their corresponding SmoothGrad versions (with suffix ”_s”), re-
spectively. The y-axis is the value of the corresponding metrics and the x-axis is the
training epoch numbers.

thus augments their comprehensibility. We present the detailed quantitative results in
Table 5.3.

Conclusion

This chapter provides a novel perspective for quantitatively evaluating explainability
methods: generalizability. We argue that the distributions of good explanations should
have clearer regularities and learnabilities, and possess distributional approximations and
variations within and between classes. We demonstrate the evaluation of multiple ex-
plainability methods with the proposed approach.

In this part, we present all the works in this dissertation that address the challenges men-
tioned in Sec. 1.2.2, comprising four novel approaches that provide new insights for eval-
uating explainability methods from different perspectives. In the next part, we extend
the applicability of the explainability approaches to point cloud models, addressing the
research gaps mentioned in Sec. 1.3.2.

70



5.5. Conclusion

1.0 4 B intra class *
4 20 | == inter class
0.8 4+
[}
o 2 ’
c 061 Y T 30 ] g
(] = L]
o 0 .« ¥
£ 04 S|
] =
S o O ‘
]
0.2 [=%
% & 20
v}
E £
5 00 -
] 4+ (]
A T |5
V52 4 O M D 10+
P
+
-0.4 4 -
I intra class +
mm inter class * 04
-0.6 4 T T T T T T T T T T T T
v Vs xG IXG_s IG IG_s v Vs 1xG IXG_s IG IG_s
Explanation Explanation

Figure 5.7.: The intra (blue) and inter (orange) class similarity (discrepancy) of the sam-
ples generated by Autoencoder based on the explanations of Vanilla Gradients
(V), InputtimesGradients (IxG), Integrated Gradients (IG) and their corresponding
SmoothGrad versions (with suffix ”_s”), respectively, and the y-axis is the Spearman
coeflicient (left) and Fréchet Inception Distance (right), respectively.
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6.

6.1.

Surrogate Model-Based Explainability
Methods for Point Cloud NNs

The preceding discussion has established the critical need for comprehensive and stan-
dardized evaluation methodologies to assess the fidelity, robustness, and trustworthiness
of XAl techniques. While these evaluation methods provide the necessary theoretical and
empirical foundation to verify the quality of an explanation, their true value is realized
when applied to complex, high-stakes domains. Among the most challenging and rapidly
evolving domains in machine learning is the analysis of 3D point cloud data. Unlike im-
ages or tabular data, the intrinsic properties of point clouds—such as unstructured nature,
permutation invariance, and sparsity—present unique obstacles for both the application
and subsequent evaluation of existing XAI methods. Therefore, building upon the princi-
ples and metrics of assessment developed in the first part of this work, the focus now shifts
to practically addressing these application-specific challenges. The subsequent chapters
will specifically delve into improving the effectiveness and relevance of XAl techniques
for point cloud networks, thereby moving from the general task of assessing explainabil-
ity to the specialized task of applying and optimizing it within the critical domain of 3D
perception.

This chapter starts with a point cloud-applicable explainability approach to shed light on
the rationale behind predictions made by point cloud models. The proposed method is
based on perturbations and local surrogate models that reveal which points (sets) play an
essential role in the prediction. Moreover, we propose quantitative fidelity validations for
generated explanations that enhance the persuasive power of explainability and compare
the plausibility of different existing point cloud-applicable explainability methods. Our
new explainability approach provides a fairly accurate, more semantically coherent and
widely applicable explanation for point cloud classification tasks.

INTRODUCTION

Point cloud data, as the raw data of most mainstream sensors, has a significant advan-
tage in real-time scenarios compared to other 3D data formats and therefore has become
a popular research direction in recent years. Point clouds exhibit higher structural com-
plexity than 2D images. For instance, convolution kernels are easily applied to images
due to their regularity, but they are not directly applicable to point clouds. Due to the
lack of adjacency of the point cloud data, neighboring points in the point cloud matrix
have a high probability of being irrelevant to the 3D spatial adjacency, which leads to the
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Figure 6.1.: A point cloud table example consisting of 1000 points.

invalidity of traditional convolution kernels. Specifically, a point cloud instance gener-
ally consists of hundreds or thousands of individual points, which can be represented as
follows

P = {p17p27”'7pn} (61)

where, p; to p, denote the n individual points that compose the instance. p; is a one-
dimensional vector whose dimensionality is normally determined by the number of fea-
tures included, and it is expressed as

Di = (Ihyiaziyri)ghbiaf17f27°")fn) (62)

where z;, y; and z; are the spatial coordinate information, r;, g; and b; denote the RGB
values, and f; to f,, are the vectors representing other features. Overall, a point cloud
instance can be represented by the following formula

z1 oy 21 o1 b fiz o0 fim
To Y2 2z T2 g2 by for for - fo

p=|"" T T T .m (6.3)
In Yn 2Zn Tn Gn bn fnl an to fnm

An example of a table composed of a point cloud is shown in Fig. 6.1. Remarkably, point
cloud data possesses disorderliness: Swapping the order of any two points in the point
cloud does not change the final spatial structure, i.e.,

P = {plapjapk) 7p'n} = {plapkapj) ) 7pn} (64)
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Disorderliness distinguishes point clouds from image data in that they cannot extract
localized information through convolutional kernels of size more than one.

Addressing this issue, [70], [71], [72] bring up solutions for point feature extraction and
make point clouds suitable for convolutional neural networks. So far, most of the latest
point cloud models follow the overall architecture [184]:

where A, ® and f are global symmetric functions (various pooling layers), local fea-
ture extractor (MLP [69], [73], CNN [93], Residual [184], Attention [177], etc.) and local
grouping function (MSG [73], Graphs [119], etc.) respectively.

However, in contrast to the field of 2D image processing with a large number of ex-
plainability studies [87], [123], [130], [157], most point cloud-compatible DNNs currently
remain black-boxes due to the paucity of research investigating their working princi-
ples [138]. This indicates an indispensable need for the explainability research on DNNs
dealing with point cloud data to ensure transparency of decisions made by robots and
autonomous vehicles.

As for the reliability examination of explainability methods, to date, there is no acknowl-
edged evaluation criterion. Most of the previous work validates the explanation results
subjectively based on human interpretation, which easily leads to bias in the evaluation
of explainability approaches. Therefore, quantitative evaluations are increasingly recog-
nized as an essential requirement in the explainable machine learning domain.

This work proposes a point cloud-applicable local surrogate model-based approach [54],
[65] investigating the explainability and reliability of point cloud neural networks. With
the help of explanations, humans gain a better awareness of the underlying reasons for
misclassification cases. Besides, we quantify the plausibility of the explanations for point
cloud data through fidelity and accuracy verification methods instead of a subjective ap-
proach based on human interpretation. Our contributions are primarily summarized as
follows:

« We propose a local surrogate model-based explainability approach for point cloud
DNNs based on LIME [54], which is more widely applicable than gradient-based
methods [138].

» We provide two quantitative evaluations for 3D explanations: fidelity metrics and
cluster flipping, which are applied to validate the fidelity and plausibility of surro-
gate model-based and all 3D explainability approaches, respectively.

« We present quantitative comparisons of our proposed method with existing ap-
proaches for point cloud data using the proposed evaluation approach. Besides,
we demonstrate an interesting viewpoint on the misclassified cases through our
proposed approach.
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6. Surrogate Model-Based Explainability Methods for Point Cloud NNs

The overall structure of this paper takes the form of five sections: In section 6.2, we
introduce the outline of existing explainability methods and 3D neural networks, and
the possibility of validating explainability approaches. Section 6.3 sets out details of our
explainability approaches and the corresponding verification metrics. In section 6.4, we
present the qualitative and quantitative results of our proposed methods. In section 6.5,
we conclude a brief summary and suggest future research directions.

RELATED WORK

This section reviews the current widely used explainability approaches, summarizes the
classical point cloud neural network, presents existing explainability methods for point
cloud DNNSs, and identifies the current possibilities for verifying the explainability ap-
proaches.

Explainability in 3D DNNs: Few studies have attempted to investigate the explainability
of 3D DNNs. Although [160] refers to explainable point cloud classification, their work
addresses the disorderly properties of point clouds using PointHop Units to adapt them to
classical classifiers, which is part of the pre-processing rather than post-hoc explanations.
[125] obtains point saliency maps by simply dropping points, which is not relevant to the
explainability approaches. [138], the pioneer study of utilizing explainability approaches
to point clouds remains crucial to our understanding of feature sparsity of 3D models.
However, they only show sparse explanations that emphasize the importance of points
at edges and corners, which is lack-of-semantics, and the evaluation criterion of the ex-
planations is absent. In addition, the gradient-based methods are not adapted to models
without gradients, such as tree-based models. In contrast, local surrogate model-based
approaches are completely model-agnostic.

Explanation plausibility verification: Although there are many studies in the literature
on the outcome of explainability methods, an acknowledged quantitative assessment for
those approaches is absent [133] because explanations are subjective to humans. [129] ar-
gues that a feasible explanation should be sensitive to the weights of models and the data
generating process, and proposed an alternative evaluation approach by randomizing the
network weights as well as the labels and inspecting the sensitivity of the saliency maps.
However, this approach tends to only benefit the gradient-based explainability methods
and validates invalidity instead of feasibility. [137] strive to observe the improvement of
the core performance of the network and the confidence they can generate for the users
of the system when processing image data. [35], [74], [112] propose an intuitive and effi-
cient pattern to verify the explanations by flipping the pixels that contribute positively or
negatively (or approximately zero) to a particular class and record the verified prediction
scores. Nevertheless, the flipping operation of this method could be optimized to some
extent while processing point cloud data, which we will discuss in section 6.3.

78



6.3.

6.3.1.

6.3. EXPLAINABILITY APPROACHES FOR POINT CLOUDS

EXPLAINABILITY APPROACHES FOR POINT CLOUDS

A significant advantage of surrogate model-based methods is that they are more widely
applicable. In this section, we describe in detail our explainability approach, i.e. local
surrogate model-based method for point cloud data based on LIME [54]. In addition,
we elaborate the quantitative evaluation approach for point cloud explanations, which
consider the local fidelity and plausibility of existing point cloud explainability methods.
Note that as the surrogate model-based explainability approach is model-independent, the
evaluation metrics are suitable for other data types besides point clouds as well.

Local surrogate model-based explainability approaches for Point Clouds

Local surrogate model-based explainability approaches aim to generate an explanation
for a classifier f and a specific instance = from the data set X. To apply these methods
to point cloud data, some pre-processing is necessary.

Algorithm 3: Pre-processing of Local surrogate model-based methods for point clouds
Input: P — N X D point clouds
n. — number of clusters
maxlter — Max iterations
Output: C — 1 x N matrix; // Output indicates which cluster each point
belongs to

Function 3D K-Means with FPS(P,n., maxlter):
// Sample n. points from P using FPS
Centers < FPS(c from P);
// Find the nearest cluster center for each point
while maxIter do
for 7 inn. do

‘ EDMatriz < || P, Centers|
end
minDis < arg min (FDM atriz);
// Point belongs to the nearest cluster, update the centers
for j inn. do

P[C}] <= Where minDis == j;
newCenters <— Mean(P[C}]);

end
Centers < newCenters;

25

end
return C

end
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Pre-processing with FPS

For explaining a point cloud input with size P utilizing local surrogate model-based ex-
plainability approaches, each point p € P is considered as a feature individually. How-
ever, to avoid explosive computational complexity and to organize the disordered point
cloud data, we group the points into super-points C' as features to be perturbed. We
initialize a user-defined parameter n,, indicating the number of clusters. To ensure uni-
formity and strengthen semantics we employ Farthest Point Sampling (FPS) to select n,
points from P and group all p according to spatial coordinates using 3D K-Means Clus-
tering such that Vp € P : p € C;. The pseudo-code is presented in Algorithm 3.

Vanilla LIME applied for point clouds

Same as processing 2D images [54], LIME for point cloud data also satisfies the following
constraint:

§(x) = argmin L(f,g,m2) + (g) (6.6)

geG

where f and g denote the classifier and the explainable model for a local instance x re-
spectively, 7, denotes the proximity measure between samples z to the input z (locality
around z), and €2(g) denotes the complexity of the explainable model. LIME tries to min-
imize the locality-dependent loss argminL(f, g, 7,) by approximating g to f. It takes
samples 2z around = and feeds the perturbed samples 2’ into f to obtain a faithful sur-
rogate model g that approximates f, also, it regularizes the complexity of the surrogate
model g to guarantee that it is still explainable to humans.

As with most 2D image datasets, our 3D dataset for experiments has 40 different label
categories, in which explainability is hardly guaranteed even for linear surrogate classi-
fiers. Therefore, we train a linear regressor that approximates the prediction score of the
corresponding category from the neural network. We sample z € Z by randomly flipping
component clusters from x and feed the perturbed samples Z into the regressor g to ob-
tain the predictions g(z). To minimize L(f, g, 7, ), a kernel filters the generated samples
Z around z based on the similarity between z and x proportionally (the fewer clusters
being flipped the higher the weight). The surrogate model is subsequently trained with
the weighted samples Z using linear regression. Due to the simplicity and transparency
of linear models, it is explainable and understandable to humans and intuitive as to which
parts (clusters) have positive/negative attributions to a particular prediction according to
the parameters of the surrogate linear regressor.

Variable input size flipping (VISF)

LIME generates adjacent perturbation samples by flipping the corresponding clusters of
the original instance. There are three widely-used flipping methods for a target cluster
regarding 2D images: zero clearing all the included pixels, replacing those pixels with
the average of the selected cluster (or the whole image), or reversing the sign of their
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coordinates. However, we argue that the above three operations can barely eliminate all
information of the target cluster. For instance, although all pixel values are zeroed out,
the contours formed by zeros remain on the data matrix and may still be learned by the
neural networks. For a point cloud instance P € RV*P, the pixel values represent 3D
spatial coordinates, and the above alternatives are likely to form a highly overlapping
point set, resulting in uncertainty to determine whether the prediction fluctuations of the
neural network are merely caused by flipping operations.

To address the above problem, we simply discard the points contained in the target clus-
ter ¢; from the original instance as a means to completely ablate the information of the
target cluster, i.e. s; = P\¢; € RWV=lleil)xD This approach is only applicable for point
cloud neural networks. Recall the architecture of point cloud networks, where the fi-
nal symmetric function (i.e. the max-pooling layer) is used to extract the global feature
from disordered point clouds while the local features in the lower layer are weighted
by numerous 1 x 1 convolutional kernels, which allows the input size of the network
to be arbitrarily reshaped without obstructing the inference. Notably, the Variable In-
put Size Flipping (VISF) is both extendable in explaining and verification process (section
6.3.2).

Attribution summarizing

For explainability methods that return the importance of each spatial coordinate axis,
the most popular and intuitive attribution summarization process is to simply sum them

up:
Cp = Z (C1,C2,C3) (6.7)

Where C.3 stand for the attributions in each of the three spatial axes. Different sum-
marizing patterns have varied impacts on the explanations, which is worthy of further
exploration.

Plausibility verification for 3D explanations
Local fidelity metrics

The fidelity indicates the prediction coherence between the original black-box model and
the surrogate one, which is formulated as:

S (f(2) = 9(2)
Fd = H

(6.8)

Nevertheless, instead of a classifier we utilize a linear regressor as the surrogate model,
which returns the prediction score only associated with the predicted class. We thus
compare the batched similarity between regression scores g(Z) € RI4| and the prediction
scores of the corresponding logits unit of the network f(Z) via several loss and coefficient
measurements:
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where w indicates the weights derived from the kernel, || Z|| denotes the number of ob-
served samples, ||g|| is the number of parameters of g and f,,(Z) indicates the weighted

average. Lm,ng) and Léw) measure the discrepancy in predicted scores while R2 indi-
cates the correlation between the prediction scores of the proxy model and the output of
the neural network. In general, better agent approximations possess lower loss and higher
decision coefficients with the predictions of neural networks. However, R, is sensitive to
the number of samples and prone to positive bias under a small sample size [16]. We there-
fore introduce Rf), which takes into account the size of variables and samples. Note that
R2 has the meaningful range between (—co, 1] under the assumption that || Z|| > ||g|.
while the opposite case may exist in our experiments, it is therefore only referable for the
case || Z]| > ||g]| in the experiment.

Method-independent explanation verification

Fidelity metrics are only suitable for surrogate model approaches. Additional measur-
ing methodologies are required for the reliability of non-surrogate-based explainability
methods such as gradient-based saliency maps. According to the hypothesis of the local
accuracy of additive feature attribution [65]:

M
fx)=g(a) =do+ Z@wi (6.9)

i=1

the output of original model f () is composed by linear summation of the individual fea-
ture attributions ¢;. One of the most intuitive ways to verify an explainability approach is
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to eliminate features with certain attributions ¢; (normally positive or negative) accord-
ing to their generated explanations and observe whether the output of the model f(z)
exhibits corresponding variations:

>0
deM (6.10)
<0

x) — f(z\i

F) - f( \>{<0 o
where ¢;x; denotes the attribution of flipped feature and f (z\i) denotes the output of
the model after flipping feature <.

Nevertheless, in point cloud DNNs, the sensitivity of prediction scores for batch data is
difficult to observe quantitatively due to the unevenly distributed prediction scores (the
logits before the softmax) from different instances. Therefore, we normalize the variabil-
ity of the predicted scores to facilitate its presentation in the form of an average prediction
scoreline, which is formulated as

1e=S;— 8,
Savg == Y i = Simin (6.11)

where S; denotes each score in the ith test (including positive, negative and random
perturbation series), S; . and S; . denote the minimum and maximum values in the
corresponding evaluation run respectively.

In addition, due to the use of clustered points, we determine the averaged attributions of
clusters ¢.x. in our work rather than of individual points ¢;c;, where

Gete = Y Gii (6.12)
=1

, which lead to fluctuations in the prediction scores. The issue can be alleviated by in-
creasing the number of clusters. We discuss this further in Section 6.4.

To quantitatively compare the plausibility among all types of explainability methods, we
record the prediction scores of flipping the positive, negative and random contributing
clusters respectively, denoted as Spos, Sneg and Syqy,. The plausibility of the correspond-
ing explanation can be formulated as:

Zyz” pSi(Spos — Prdm, Sneg - Srdm)
1Z]]

p=— (6.13)

where pg(a,b) denotes the correlation coefficient between a and b. Intuitively, flipping
positive clusters results in a decline of predicted scores while flipping negative clusters
lifts them up. Flipping random clusters represents the impact of eliminating neutral
clusters independent of attributions, as randomly selected clusters may consist of both
positive and negative points and are therefore considered indifferent. S,,s — Syam and
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Figure 6.2.: Examples of explanations with 1000 perturbation samples. C' denotes the number of
clusters. Brighter red points represent more positive contributions and, conversely,
brighter blue points represent more negative contributions and dim points indicate
zero contributions to the corresponding classification labels.

Sneg — Sram are then approximations of unbiased attribution-flipping processes. A plau-
sible explanation should have exactly opposite sensitivities to contrary attributions, and
therefore its correlation coefficient of the prediction score series is expected to be as small
as possible, i.e., a high score of p. We consider this value as a succinct description of the
plausibility of the explainability method.

EXPERIMENT

In this section, we present the qualitative results of 3D surrogate model-based explain-
ability methods (Sec. 6.4.1), evaluate and compare it with other 3D-applicable approaches
utilizing the quantitative verifications proposed in section 6.3.2 (Sec. 6.4.2) and show how
the explanations help to analyse the samples classified incorrectly by the classifier. (Sec.
6.4.3). In our experiments’, 1000 test instances are selected from Modelnet40 [44], which
contains 12311 CAD models in 40 common categories and is currently the most widely-
applied point cloud classification data set. We choose PointNet [70] as the model to be
explained, which achieves an overall accuracy of 89.2% on Modelnet40. We sample 1024
points from each instance as input to the network. Additionally, we choose Exponential
Smoothing kernel for training linear regressor, denoted as

—d2

K=\Vew (6.14)

where d denotes the distance from samples to the instances to be explained, and w de-
notes the kernel width which has an impact on the explanations. We therefore conduct a
sensitivity experiment of the kernel widths from 0.05 to 0.3.

Qualitative explanation visualisation

Examples of explanations generated by PointNet, as well as their original point cloud
structures are shown in Figure 6.2. What stands out in the figure is that explanations
with different C' are consistent overall except the one with C' = 1024. We believe that
the reason is that 1000 samples are insufficient for such a large number of clusters (1024)

'Our code is available at https://github.com/Explain3D/LIME-3D
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and therefore the surrogate model is not well-trained. Explanations based on clusters
suffer from contribution neutralization. A cluster may consist of positive and negative
contributing points simultaneously, aggregating them as an entity obscures the individual
contribution of each point (C' = 20,64 and 128). The neutralization can be alleviated by
increasing the number of clusters, with the side effect of requiring more training samples
and processing time (C' = 1024).

Quantitative verification of explanation plausibility

Assessing the explanations by intuition is not quantitatively verifiable and is vulnerable to
bias. This section mainly demonstrates the results of plausibility verification experiments
i.e. local fidelity metrics in subsection 6.4.2 and the method-independent verification ap-
proach in subsection 6.4.2. There are two hyper-parameters for the proposed explain-
ability method: Number of clusters C' and number of perturbation samples S. In this
section, we choose C' = 128 and S = 10 as the standard performance of the proposed
explainability method, since C' = 128 is experimentally proven to achieve the best quan-
titative performance while maintaining the qualitative semantics. S = 103 generates
high-qualified explanations within an acceptable processing time and thus is considered
as the best configuration.

Local fidelity metrics

Local fidelity metrics address measuring the prediction similarity between the original
black-box model and the surrogate one, which play a pivotal role in verifying the plausi-
bility of local surrogate model-based explainability methods. Due to the absence of related
results as a reference, we treat the unmodified LIME (hard transplanted to point clouds) as
the baseline. Table 6.1 compares the local fidelity of different explaining mechanisms, i.e.
whether Farthest Points Sampling (FPS) is used or whether Variable Input Size Flipping
(VISF) is employed. Corresponding metric symbols refer to section 6.3.2. According to
the results, both FPS and VISF facilitate the improvement of local fidelity compared to the
vanilla 3D LIME (baseline) as our LIME(FPS + VISF) improvement outperforms others in
terms of most fidelity metrics. Note that the local fidelity only measures how closely the
surrogate model approximates the black-box model. One drawback of the metric is that
it is only applicable to explainability methods based on local surrogate models. Popular
explainability methods (already proposed for point clouds) such as gradient-based ones
are not compatible with these metrics, which confuses the user in choosing the most
appropriate explainability method for specific tasks.

Method-independent plausibility verification

To address the aforementioned drawback we instead compare all existing point cloud-
applicable explainability approaches utilizing the method-independent verification pro-
posed in section 6.3.2. Again, we set C = 128 and S = 103 as the "competitor” of our
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Lo L Ly Ly Ly R2 R?
LIME (baseline)  1.40 x 1072 1.11x107% 866 x 1072  1.06 x 107%  6.53 x 1072 0.338  0.241
LIME (FPS) 1.22x1072  980x 1072 7.66x1072 867x 1072 535x1072 0.353 0.257

LIME (VISF) 1.18x 1072 1.01x 107!  7.90x 1072  9.68x 1072 595x 1072 0335 0237
LIME (FPS + VISF) 1.03 x 1072 8.89 x 1072 6.95x 1072 7.84 x 1072 4.82x 1072 0346 0.249
Table 6.1.: Local fidelities of different explaining mechanics for point cloud data, where FPS de-
notes employing Farthest Point Sampling instead of randomly choose clusters and
VISF denotes the Variable input size flipping mechanism. The unmodified application

of LIME to point clouds is regarded as the baseline.

D.15 D3 D5
Vanilla Gradients —0.574 —0.569 —0.672
Guided Back-propagation —0.741 —0.695 —0.623
Integrated Gradients 0.484 0.366 0.236
KernelSHAP —0.205 —0.257 —0.256
LIME (FPS + VISF) 0.622 0.531 0.372

Table 6.2.: Plausibility p of flipping top-%15,%30 and %50 attributed points.

proposed method. Besides positive and negative attributions, we also flip the same per-
centage of randomly-selected points as the baseline of prediction scores.

Figure 6.3 and Table 6.2 depict the trends of prediction scores and the correlation coeffi-
cient p between different existing 3D-applicable explainability methods. As the gradient-
based approaches yield individual attributions for each point, we calculate coefficients
for different percentages of points for fairness, i.e. top-%15,%30 and %50 positive ones.
What stands out in the results is that the explanations generated by 3D LIME and Inte-
grated Gradients behave robustly. Their average prediction scores deteriorated rapidly
after the gradual flipping of the most positive contribution points and conversely tended
to increase when the negative contribution points are flipped.

On the other hand, Vanilla Gradients, Guided Back-propagation and 3D KernelSHAP are
unable to distinguish between points with different contributions, resulting in gradient
maps being less uniform than Integrated Gradients [138]. Interestingly, KernelSHAP is a
variant of LIME based on Shapley value, differing from the latter solely in the choice of
kernels. KernelSHAP assigns high weights to perturbation samples with only a minority
of clusters remained, which severely impairs the global structure of the instance. Empir-
ically, we find that such kernels may be more suitable for black-box model structures on
other data types, but with limited performance in explaining point clouds.

We also compare the plausibility among all explanation mechanisms, the corresponding
scores are presented in table 6.3. The proposed method also dominates which is consistent
with the results in section 6.4.2.
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Figure 6.3.: Variation trends of the prediction scores (y-axis) by flipping and re-inference. The
scores are the average of normalized prediction scores of 1000 test instances. Red and
blue lines indicate the trend of flipping positive and negative contribution points,
respectively, the green line indicates flipping random points that are independent
of contribution. The x-axis indicates the percentage of flipped points for a given
instance.

EXP

GT Bathtub
Pred Bed

EXP

GT Flower pot
Pred Plant

Figure 6.4.: Explanation of the misclassified examples. Brighter red points indicate more posi-
tive contributions, while brighter blue points indicate more negative contributions
and dim points indicate zero contributions. All contributions are concerning the pre-
diction class (wrong class instead of the ground truth).
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D.15 D.3 D.5
LIME (baseline) 0.598 0.520 0.341
LIME (FPS) 0.615 0513  0.361
LIME (VISF) 0.593  0.514  0.345

LIME (FPS + VISF) 0.622 0.531 0.372

Table 6.3.: Plausibility of different explaining mechanics for enhancing the explanation quality.

Applying local surrogate model-based explainability methods for failure
analysis

A potentially applicable prospect of local surrogate model-based explainability methods
is failure analysis. This analysis has important implications for understanding the erro-
neous attention paid by the classifier and provides opportunity for further research, e.g.
3D model revision. Figure 6.4 shows examples of the attributions to the misclassified
instances.

As can be seen from Figure 6.4, a majority of the misclassifications were caused by mis-
directed attention. In the first two examples, the faucet instead of the bathtub itself pos-
sesses the most positive attribution, misleading the model to neglect the structure of the
primary target object. We believe this is because only a tiny fraction of the bathtubs in the
training data is accompanied by a faucet. Another similar type of error frequently occurs
with the class "Flower pot”. The major attention of the model is drawn to the plant above
rather than the pot below, resulting in a prediction of "Plant’ instead of "Flower pot” (the
pot even draws a negative contribution to the ground truth label). From a human per-
spective, this type of data is ambiguously labeled, as both classes "Plant” and "Flower pot”
are reasonable ground truth. Towards a more accurate model, this labeling type should
be avoided whenever possible.

CONCLUSION

Although point cloud neural networks have received critical attention in recent years, so
far, there have been few studies on their explainability. This chapter proposes an explain-
ability approach for point clouds based on LIME [54]. We also provided the possibility
to quantitatively validate the point cloud explanations. We evaluated and compared the
performance of our approach against different existing explainability methods for point
cloud data. The evaluation comparison revealed that our local surrogate model-based ap-
proaches as well as Integrated Gradients yield relatively plausible explanations and out-
perform other methods such as Guided Back-propagation. Our results also demonstrated
that a larger amount of clusters and more perturbed samples are required to avoid com-
promising fidelity, which however consumes more processing time. Moreover, we pro-
vided intuitive analyses for misclassified samples by utilizing the proposed method. The
analyses showed that part of the misclassified cases can be attributed to the anomalous
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structural distributions or ambiguous labels of the input data, misdirecting the attention
of the classifier.

The approach proposed in this chapter is local and applies only to specific inputs and pre-
dictions. In the next two chapters, we present two different global explainability methods
for point cloud models based on a technique for visualizing image latent features, named
Activation Maximization (AM), which generate explanations that are representative of a
particular class of objects across the entire dataset.
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7.

7.1.

Visualizing Global Explanations of Point
Cloud DNNs

In the previous chapter we introduced a local explainability method which is applicable
to point clouds. Local approaches, while providing detailed explanations for particular
predictions, are unable to visualize the decision principles of the model over the entire
dataset. Starting from this chapter, we propose two explainability methods for visualiz-
ing the global explanations of point clouds, which produce intuitive, representative and
diverse global instances leveraging generative models to help users understand the con-
tours of representative objects learned by the classifiers. In this chapter, we first show that
Activation Maximization (AM) with traditional pixel-wise regularizations fails to gener-
ate human-perceptible global explanations for point cloud networks. We propose new
generative model-based AM approaches to clearly outline the global explanations and
enhance their comprehensibility. Additionally, we propose a composite evaluation met-
ric to address the limitations of existing evaluating methods, which simultaneously takes
into account activation value, diversity and perceptibility. Extensive experiments demon-
strate that our generative-based AM approaches outperform regularization-based ones
both qualitatively and quantitatively. To the best of our knowledge, this is the first work
investigating global explainability of point cloud networks.

Introduction

The disorderliness and sparsity of point clouds make it difficult to directly apply 2D XAI
methods (as detailed in Chapter 6), and to date, no global explainability methods appli-
cable for point clouds have been proposed. In this chapter, we propose an autoencoder-
based global explanation generation method for point clouds. Specifically, we strive to
investigate the global explanations with AM, which visualizes what point cloud mod-
els learn from the distribution of the entire dataset. We also show that non-generative
network-based AM approaches for images are not applicable to point clouds (see Figure
7.1), and propose generative AM methods for the global explainability of point cloud net-
works. Additionally, we propose a more persuasive and comprehensive evaluation metric
for point cloud AM, and demonstrate that our point cloud AM methods outperform all
other methods both at the human cognitive level and in quantitative assessment. Our
contributions are primarily summarized as follows:

o As the first work investigating global explainability of point cloud networks, we ex-
hibit that non-generative AM methods are unable to generate human-comprehensible
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explanations. Addressing the challenge, we propose generative model-based AM
approaches that depict the global peculiarities of point cloud networks.

« We propose a convincing evaluation metric for point cloud AM: PCAMS, which
simultaneously captures the activation value, diversity, human perception-level and
physical-level authenticity of generated AM examples.

The rest of this paper is organized as follows: Section 7.2 introduces explainability meth-
ods for point clouds, especially AM and corresponding evaluation methods. Section 7.3
provides the proposed generative AM approaches for point clouds as well as a more per-
suasive evaluation metric. Section 7.4 demonstrates our experimental results and we sum-
marize our work in Section 7.5.

Related Work

In this section, we introduce popular explainability methods, review the proposed AM
approaches, and state the current progress of explainability research on point cloud neural
networks.

Activation Maximization (AM): AM is a high-level feature visualization technique that
was first proposed by [25]. AM chooses a target activation unit and maximizes it by opti-
mizing the input vector while freezing all other neurons in the DNN. However, without
incorporating any prior or constraints, AM will synthesize mosaic images that are in-
comprehensible to humans and are not explainable [39]. Optimization constrains, such
as Lo-norm [28], Gaussian blur [46], Total Variation [50] or priors, such as average im-
age initialization [53] and patch dataset [38], [43], successfully synthesize object images
with clear outlines, and therefore facilitate the explainability. Another solution for en-
hancing the comprehensibility of AM images is to learn the distribution of real objects
with generative models. [52], [81], [110], [168] utilized auto-encoders and GANs to pro-
duce high quality AM images. [66] proposed Plug & Play embedding generative net-
works that simultaneously address the high-resolution and diversity of synthesized AM
images. Additionally, [122] proposed a black-box AM approach based on evolutionary
algorithms. Nevertheless, point clouds are structurally different from traditional image
DNN:Ss so that the aforementioned AM methods are not directly applicable to point cloud
networks.

Moreover, evaluating the quality of AM images is challenging and so far, most previ-
ous work relies on subjective human intuition as the evaluation criterion. [66] accessed
the definition and diversity of AM images via Inception Score (IS) [55]. [110] incorpo-
rated Fréchet inception distance (FID) [64] to estimate the similarity between generated
AM examples and real instances in latent spaces. AM score, another evaluation metric
proposed by [81], is ameliorated from IS and addresses the uneven distribution of data
categories.
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Explainability research on point clouds: There are relatively few explainability studies
in the area of point clouds. [125] traced the critical points to generate saliency maps of the
point cloud network by dropping points. [139] was the first work to incorporate explain-
ability methods, who started an observation of the intrinsic feature of point cloud net-
works via IG. A follow-on study was conducted by [1], which proposed a local surrogate
model-based approach for explaining point cloud networks. However, one limitation of
the approaches mentioned above is that local explainability methods are only concerned
with specific inputs that can hardly present the intrinsic properties of the whole point
cloud network.

Methods

In this section, we demonstrate our AM approach for point clouds (Section 7.3.1) as well
as the proposed evaluation metric for point cloud AM (Section 7.3.2).

Global explanation and AM

Global explainability can be considered as a summarization of the data distribution and
the model behavior. In contrast to local explainability, it focuses more on the intrin-
sic properties of the whole model and data rather than on the attribution of individual
decisions. Global explainability can be achieved by various techniques, e.g., by gener-
alizing the model decision rules [47] or by training a global surrogate model [185]. For
point clouds, the above methodologies are challenging due to the high dimensionality and
structural complexity in 3D space. Since the structures of point cloud models are opaque,
it is difficult to generalize their decision conditions. Explainable global surrogate models
often suffer from significant performance degradation due to their inability to emulate
complex architectures [185]. AM is a more intuitive global explanation for point clouds,
which visualizes instances that maximize a certain activation and presents a globally rep-
resentative input for a specific class to humans [116]. To visualize such an activation in
DNNs, [25] proposed the AM, which is formulated as:

*

x* = argmax (al(6, z)) (7.1)
xT
where x and 6 denote the input instance and the parameters in the DNN respectively,
and a!(, x) denotes the i’ neuron at I'* layer. The selected layer is typically the last
layer (logits), since the output of this layer can be considered as the predicted probabil-
ity of the corresponding class, while the neurons in the intermediate layers possess no
semantics. However, 2D AM without any prior suffers from generating examples with
high-frequency mosaics that are unrecognizable [39]. Several studies have investigated
regularizing AM examples with non-generative priors, such as Ly Norm, Gaussian blur
and Total variation [28], [46], [50]. While the above mentioned enhancements have made
progress in human interpretability for 2D images, their effectiveness is severely compro-
mised while processing point clouds (see figure 7.1). We believe that on the one hand, the
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Figure 7.1.: AM for point clouds without generative priors (class “car”). Due to the specific archi-
tecture of the point cloud network, traditional regularization priors (for 2D images)
are incapable of generating human-perceivable global explanations.

features of point cloud networks are comparatively sparse and the global structure infor-
mation of instances is seriously impaired [139], and on the other hand, the adjacency-
based regularizations fail due to the disorderliness of point clouds.

To address the scarcity of structural information, we attempt to search for outputs which
subject to two obligatory restrictions: they highly activate a neuron at a high level of the
networks (equation 7.1) and are under the similar distribution as the dataset that is recog-
nizable for humans. The former is a straightforward task and only requires maximizing
an activation of the point cloud network by back propagation. For the latter, we choose
generative models to constrain the distribution of generated point clouds to be as realistic
as possible. An outline of our approach is shown in Fig. 7.2. In the following contents
we present the details of the proposed module.

AM for point cloud NNs: Typically, an instance as an input to a point cloud model Fp¢
can be representedas P = {p; | i = 1,..., N} € RV*P where N is the number of points
and D is the dimensions (D = 6 if color information is attached, otherwise D = 3). The
model outputs a logits vector Fpc(P) € RVeX1 where N, denotes the number of classes.
Our goal is to build a module which outputs a P, that argmaxFp(Py), and Oy ~ P,
where Fb(P,) denotes the it" activation of the logits and P, denotes the real instances
from dataset. Our approach starts by training a module that searches the RV space
for examples with similar distribution to P, and then filters out those that maximize a
target activation.

Point cloud AutoEncoder (AE): Existing study [82] has demonstrated that the Autoen-
coder can reconstruct point cloud instances with a high level of restoration. They utilize
point-wise convolutions followed by a symmetric pooling layer to encode point clouds
into 1-dimensional latent representations, and build a simple multi-layer, fully connected
network to decode the latent vector. We follow their design and exploit an AE to learn the
distribution from real data. The point cloud AE consists of two components, the encoder
hap and the generator (decoder) g4r. The input of the encoder h 4 is a point cloud
instance P, € RY*P and the output is a latent encoded vector V' € R'*¥ where k is an
adjustable dimensionality parameter. The generator g4 takes V' as input and generates
a point cloud P, with the same dimensions as P, and P; ~ P,. When training, we mea-
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Optimizing via back-propagation

Input:kx1 Point Cloud Network J
v
Al a
S . "
i3] g . |
S » AM » : ‘ 4 Activation
& ~ . m  [to be
:S Module '-'-‘3-{'" e maximized
= AM instance
An
kx1 Output:NxD B

N Activation

Figure 7.2.: General overview of the architecture for point cloud AM. The green and gray bars
represent vectors and networks, respectively. In the point cloud network, the black
and blue circles represent the neurons in the middle layer and the last layer (the
activations), respectively. The thick black arrows and thin green arrows represent
forward inference and backward propagation, respectively.

sure the gap between the generated examples and the original data with Unidirectional
Chamfer Distance (CD) loss Dé 7> Which is formulated as:

1

gAE — DlCH(anPg) = ﬁ Z pmeig [Pm — Pl (7.2)
I pmep, "7

L

AutoEncoder with Discriminator (AED): Although AE is capable of reconstructing point
cloud instances at a high level, it is not sufficient as global explanations, since diversity is
an important property for explainability [164]. Adding Gaussian noise during AM opti-
mization phase is a potential solution. However, unrestricted noise inclines to downgrade
the quality of explanations rather than enhance their diversity. Therefore, we propose
AutoEncoder with Discriminator (AED), which is based on AE with two enhancements:
a discriminator D, and a latent distance loss L. D, acts similarly in GANs: while the
generator of AED (gagp) tries to fool D, by generating fake examples that mislead D,
to classify them as real instances, and D, attempts to correctly identify both. The input
of D, is also a point cloud of N x D, and the output is a probability pb € [0, 1] for each
input (pb — 1 for real instances and pb — 0 for fake examples). We build a discriminant
loss LdDAED with D, for the discriminator, which is formulated as:

Ld = Dc(Pg) - Dc(Px) (7~3)

Daep

Note that the value domain of L%
AED

of D, easily outperforms g4gp (L%AED — —1) during training, the latter struggles to be
further optimized [61]. We therefore train only one of them alternately for each batch:
If L%AED < 0, we train the g4gp only and vice versa. Furthermore, if the discriminator
is overperforming (LdDAED

the performance.

is [—1, 1]. We observe that since the performance

< —0.75), we add Gaussian noise to its parameters to disrupt
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The latent distance loss Lr measures the feature distinction between two inputs. We
choose the output of the second convolutional layer for measurement, which is a hidden
vector of dimension NV x 128. The latent distance loss is computed as:

1
Lp = min ||y, — vyl (7.4)
|‘/QC’ vmEVE V”GVQC

where V" and V" represent the output of the second convolutional layer in the encoder,
computed with real instances and generated examples, respectively. L can be regarded
as the CD computed on the latent space.

The final generative loss of AED is formulated as:

Lgypp = Lgsp +wrLlp — wpLy (7.5)

Daep
where wp, wp are the corresponding weights and L%AED denotes the loss for the gener-
ator to deceive the discriminator, which is —D.(F;).

Noisy AutoEncoder with Discriminator (NAED): Despite the enhancement in diversity,
practice shows that the samples generated by AED suffer from instability. To address
this issue, we continue to refine the structure on the basis of AED. There are two main
improvements: a) Gaussian noises are added to the encoder and b) another global latent
distance regularization is introduced. The former is straightforward to implement, re-
quiring only the insertion of Gaussian noise to the output of each layer in the encoder.
However, experiments demonstrate that it is significant. For the latter, recall the latent
distance regularization used in AED, whose latent vectors are extracted from the second
convolutional layer of the encoder. However, due to the irregularity, the convolutional
layers of point cloud networks typically extract local features only and lack global infor-
mation. Therefore, in NAED, we append an additional loss Lo, which is obtained by
computing the latent distance of the output from the max-pooling layer. The distance
measurement is identical to Eq. 7.3, with the only difference that the local vector V¢
is replaced by a global one V' € R*. The final generative loss of NAED is formulated
as:

Loyawp = (Lgay + wpLp +wpaLps) — wp L (7.6)

DNAED

where wpo is the weights of L s and L%NAED is the discriminative loss of NAED and is

. . g
calculated identically as L, .

AM optimization: After the aforementioned modules are well-trained, we concatenate
them with the point cloud model. The final optimization process is that we initialize a
latent vector Vj,; € R'** and decode it with the generator (9(N)AE(D))- Here an initial-
ized point cloud example P;,; € RN*D g generated. Subsequently P;,; is fed into the
whole encoder-decoder system and we extract the output P/ . and the discriminator loss

ma
LD yyapp> which forces the generated examples to be close to real ones (No Lp, , exists
for AE, but for fairness, we repeat this encoding and decoding process as well). We then
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obtain the target activation value F'(P,;) and optimize Vj,; via back-propagation. The
general term of the AM optimization loss is:

_(FItDC(Pi/ni) + LD(N))AED) (7.7)

Moreover, inspired by [53], we calculate the average of the dataset and encode it as Vj;
so that the initial distribution does not deviate significantly from the real data. When
the optimization process is stuck, we introduce Gaussian noises to V;,; to escape from
the local optimum. Finally, the optimization stops after reaching a certain number of
iterations.

Evaluation Metrics for Point Clouds AM

Most previous research evaluates explainability methods by showing examples to hu-
mans. However, this approach is costly and relatively subjective. Our goal is to find a
quantitative measurement that is both consistent with human perception and computa-
tionally assessable in a quantitative way. Since there is no proposed metric for point
clouds AM, we list three types of metrics that measure activation values or prototype
similarity:

Activation-targeted metrics, represented by IS [55] or AM Score [81], aim to assess the
maximization of a certain neuron in logits. However, this series of approaches only eval-
uates the generation quality by calculating the entropy of the logits, while the disparity
in human perception levels is absent. For point clouds, they fail to distinguish between
AM methods without priors and those based on generative models, although the latter
are apparently more comprehensible to humans.

Pixel-wise metircs, represented by L, (2D), Chamfer and Hausdorft distances (3D), ad-
dress forcing the generated instances to be pixel-wisely approximated to the real objects.
Nevertheless, instances that comply with these metrics may lose the ability to be “global
explainable” as it does not require the instances to be globally representative. Suppose
a generator that perfectly reconstructs the original instance, even though the distance
loss can be minimized to 0, but it does not facilitate human understanding of the model
peculiarities.

Latent feature metrics, represented by FID, measure the distinction on the feature level,
which are theoretically promising and widely applied in 2D generative models. We follow
the FID from [154] which compared the global features from the PointNet architecture.
Nonetheless, we observe that the metric is vulnerable for AM (see table 7.1: randomly
initialized instances achieve FID scores as high as those from generative models, though
they are not perceived well by humans). We believe that the FID is affected to some extent
by the sparsity of the point clouds due to the scarcity of adjacent relations in the point
cloud networks.
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Point Cloud-Activation Maximization Score (PCAMS): Targeting the limitations of the
aforementioned methods, we propose a composite AM evaluation metric: PCAMS. Our
PCAMS is formulated as:

POAMS — 15, — (e9(FIDp) + log(Dep (By, F1))

7.8
. 7.9
1S,,, denotes the modified Inception Score (m-IS) [63], which is formulated as:

1S, = P [Ep; [(KL(p(y| Po)lIp(y| P5))]] (7.9)

where P; and P; denotes different instances with the same label. In addition to the values
of the corresponding activations, m-IS concentrates more on the diversity of the generated
examples within classes than the variety of inter-class labels. Therefore we utilize the m-
IS which employs the cross-entropy of the predictions within intra-class examples. The
value range of m-IS is [1, N|.

FIDpy denotes the PointNet-based FID and is formulated as:
1
FIDpy = ||ptr — gl + Tr(or + 04 — 2(0,04)2) (7.10)

where A, ~ N(ur,0,) and A; ~ N(ug,0,4) are the activations from the reference
network, which are approximately considered as Gaussian distributions. FID measures
the distance between the two distributions, lower FID scores imply closer proximity of
the generated examples to the real instances, and therefore higher perceptibility. Never-
theless, the standard reference network Inception-v3 is no longer applicable to FIDpyn
since the multi-width convolutional kernel for images fails to extract adjacent features
from unordered point clouds. Following [154], we substitute the backbone of PointNet
for Inception-v3 and choose from the layers above the max-pooling (global features) as
the activation. The value range of FID is [0, +-00].

Due to the fragility of F'IDpy, we introduce an additional perceptibility measure: CD,
formulated as:

1 .
CD = D¢y (Py, P) = 1B, Z min [Pm — Pl (7.11)
gl €

mEngn %

whose value range is also [0, +00]. Although CD estimates the similarity between exam-
ples more precisely, it lacks generality as a scoring criterion for AM. To alleviate this defi-
ciency, we randomly draw several instances from the dataset with the same labels as the
generated examples and calculate the average of the CDs. We finalize the aforementioned
three metrics by logarithmically scaling FID and CD to the same order of magnitude with
m-IS, such that the final score does not collapse due to the numerical explosion of any
single term. The final value field of PCAMS is [—o0, V.. In addition, we introduce an-
other point-wise distance used for comparison in Sec 7.4: Earth Mover’s Distance (EMD),
which is formulated as:

doit1 2je1 Prijdi;
i Z?:l Pri;

EMD(P,, P;) = (7.12)
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where Pr; ; denotes the pair-wise combination of points in P; and F;, and d; ; denotes
their spatial distance.

In summary, PCAMS simultaneously considers activation values (m-IS), diversity (m-IS),
point-wise distances (CD), and latent distances (FID) when evaluating AM explanations
of point clouds.

Experiments

In this section, we qualitatively demonstrate the generated examples of our proposed
point cloud-applicable AM (section 7.4.1), and show the quantitative evaluations of exist-
ing point cloud AM approaches (section 7.4.2). Additionally, we also provide an example
of application scenes of proposed methods for prediction examination in section 7.4.3. In
our experiments, we choose ModelNet40 [44] as test dataset, which contains 12311 CAD
models in 40 common classes and is currently the most widely-used point cloud dataset.
Besides, we also test our approaches on the classification set of ShapeNet [36], which is
composed of 45969 point cloud instances (35708 for training and 10261 for testing) in
55 classes. We select PointNet as our primary experimental model, which is the pioneer
of deep learning for raw point clouds. We also validate our result in the most popular
point cloud models i.e., PointNet++ [73] and DGCNN [119]. During AM generation, we
heuristically set the latent dimensions of the AE as 128 and the learning rate as 5e — 6.
The AM optimization stops after 2 x 10% iterations. All introduced Gaussian noises are
N(0,1e —5). All loss weights are 1 (e.g. wp, wpe and wp) when training the generation
module. For quantitative evaluation, we generate 10 AM examples for each class, and we
randomly select 5 real instances from the dataset as the baseline for calculating FIDs and
CDs and average the corresponding results.

Point Cloud AM Visualization

Perceptibility: Figure 7.3 shows the point cloud AM examples of common classes gener-
ated by multifarious approaches on ModelNet40. Zero and random initialization, while
highly activating the selected neurons, results in only the expansion of individual points
due to the lack of a prior and therefore fails to yield human understandable global ex-
planations. Initialization with the average of the test data performs better in 2D images.
However in point clouds, explainability is not significantly enhanced compared to the
no-prior methods since the point cluster in the center struggles to render the distribution
of common objects. Initialized from a specific instance though outlines the objects best,
nevertheless, the information of the “global” is absent, i.e., the general distribution of the
whole dataset. The contours of the objects are derived from the input instances them-
selves rather than the global activation-optimization process. The former tends to expose
more local information about particular inputs and is therefore more generally utilized in
adversarial attacks. In addition, due to the irregularity of point clouds, incorporating tra-
ditional regularizations (L9, Gaussian blur and Total variation) also fail to yield globally
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Zero Random Average Instance L2 Norm Gauss Blur v AE AED NAED

Airplane

Figure 7.3.: AM results of different approaches. From left to right: Zero initialization, random
initialization, initialized with the average of the test data per class, initialized from
a specific instance, regularization with L, Norm, Gaussian Blur and Total Variation,
and our proposed AE, AED and noisy NAED. Apparently, except for the instance ini-
tialization, the non-generative model-based approaches suffer from serious flaws in
perceivability of AM examples. Moreover, the AM example initialized from a certain
instance lacks the “global” property, and the generated examples are unrepresenta-
tive.

perceivable explanations. In comparison, our generators with latent priors dominate in
terms of both shape consistency and human perceptibly.

Among the generative methods, AM examples provided by AE are intuitively more sta-
ble, especially compared to those from AED. We believe this is due to the absence of
noise mechanisms and the singularity of the loss term. In AE, no noise is incorporated
except for the neuron maximization module that prevents the optimization process from
sticking in local optimums, and the generator is trained via an one-fold CD loss which
only forces the output to be point-wise approximated to real objects. These mechanisms
regularize the profile of the generated examples to be reconstructed precisely as the real
instances from the dataset while the outputs suffer from a scarcity of diversity. On the
other hand, in AED and NAED, the multi-fold loss functions balance the constraints of
approximating the dataset in both point-wise and latent feature levels. Compared to AE,
this module causes a few collapses of the output geometries, but by introducing adver-
sarial learning with a discriminator, the generator is still able to reconstruct the contours
of real objects and enrich their diversity simultaneously. Moreover, we surprisingly find
that incorporating cascaded Gaussian noise to the encoder during training further en-
hances the quality and diversity of the AM outputs. We present the generation diversity
in the next subsection.

Diversity: Another key factor of AM quality is the diversity. In figure 7.4, we visualize 5
examples for each generative AM methods which are randomly selected from the gener-
ation repository. We also demonstrate the five examples in the dataset that most highly
activate the neuron “table”, as well as five stochastically selected examples respectively
for references. As can be seen from the figure, AE is more stable than the others, while
lacks diversity. In comparison, both AED and NAED depict the multiplicity of the objects
while AED is somewhat deficient in terms of stability.

Experiments on ShapeNet: We also present the AM results of the class “airplane” gener-
ated by the proposed methods employing ShapeNet as the experimental dataset in figure
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Top-5

Random-5

AE

AED

Figure 7.4.: Diversity of AM generations. We choose 5 examples from instances that (from top to
bottom) 1) most hightly activate the neuron 2) are selected randomly 3) are from the
generations of AE 4) of AED 5) of NAED. It can be seen that although the examples
generated by AE are stable, they are severely deficient in diversity. AED enhances
diversity but suffers from instability, where part of the generated examples are im-
perceptible. NAED outperforms in both diversity and stability.
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Figure 7.5.: AM examples from AE, AED and NAED respectively of class “airplane” in ShapeNet.
The qualitative performance of AE, AED and NAED is comparable to those on Mod-
elNet40.

7.5. Similar to ModelNet40, the global explanations presented by AE also exhibit only
minimal spatial offsets, while AED and NAED outperform AF in terms of the diversity
of object outlines. Subjectively, the examples generated by NAED are more stable due to
the noise introduction in the training process.

Evaluation Metric of Point Cloud AM

Visually assessing the AM global explanation is highly subjective, and therefore we quan-
titatively evaluate the results via the proposed methods in table 7.1. Since there is no
existing AM study for point clouds, we consider the no prior and point-wise prior ap-
proaches as our baseline. Note that in terms of FID, AMs with random initialization also
achieve a satisfactory loss while the examples are almost indistinguishable by humans,
which results in the inability to accurately capture the perceptual distance between ex-
amples. Therefore, we introduce CD as another regularization. We also incorporate EMD
to validate the approximation of the examples. According to the comparisons, our gen-
erative AM approaches (latent prior) dominate the rest regarding the PCAMS. Though
AF possesses the minimum distance loss, it suffers from a significant drawback of diver-
sity, which leads to the m-IS being lower than the other approaches (which is consistent
with the demonstrations in figure 7.4). In addition, figure 7.3 reports the corresponding
evaluations on ShapeNet, where it can be seen that our proposed approaches consistently
achieve similar performance on different datasets.

We also evaluate the performance of the proposed methods on different point cloud net-
works with PCAMS, and present the results in table 7.2. As a reference, we show an
example of the corresponding visualization in figure 7.6. We notice that AED performs
unstably, especially when explaining PointNet++, which occasionally fails to generate
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m-IS FID D}, EMD PC-AMs
Zero 1.113  0.119 0.266  364.35 2.84
Random 1.081 0.016 0.245 413.52 3.85
Average 1.001 0.097 0.230 377.20 2.90
Instance  1.015 0.071 0.085  228.87 3.57
Lo Norm  1.001 0.256 0.139  375.93 2.66
Regularizations Gaus blur 1.000 0.420 0.148 372.88 2.38

Initializations

TV 1.000 0.092 0.376 490.842 2.67
Generative AE 1.085 0.016 0.044 143.13 4.71
AED 1.124 0.018 0.086 241.35 4.37

Model

NAED 1.461 0.014 0.074 207.65 4.89

Table 7.1.: PCAMS evaluation metric for point cloud AMs. EMD is also introduced for point-
wise distance validation. Note that since there is no comparable global explainability
method for point clouds, we consider the traditional AMs as baselines.

m-IS FID D}, EMD PC-AMs
PN  1.085 0.016 0.044 14313 471
AE  PN++ 1103 0.008 0.041 13416  5.12
DGCNN  1.020 0.010 0.105 252.82  4.43
PN 1124 0.018 0.086 24135 437
AED  PN++ 1107 0.020 0122 25546  4.12
DGCNN 1358 0.013 0.109 343.15  4.63
PN 1578 0.018 0.071 35310  4.92
NAED PN++ 1.866 0011 0.072 23642 543
DGCNN 1316 0.015 0.109 33551  4.52

Table 7.2.: PCAMS evaluations for different point cloud models, where PN and PN++ denotes
PointNet and PointNet++.

perceptible structures (middle plot of the second row). This is also revealed in PCAMS:
in table 7.2, the lowest score is obtained by explaining PointNet++ with AED.

Another interesting observation we noticed is that the global feature-based FID proposed
by [154], to some extent, measures only the “diffusion degree” rather than the “similar-
ity” to real objects. For verification, we synthesize instances that are randomly distributed
and therefore completely “dissimilar”. We yield examples that are uniformly distributed
P, ~ U(-r,r), and normally distributed P,, ~ N(0,02), where r increase from 0 to
1 and o grows from 0 to 0.1 in 10 steps respectively, in order to represent inputs with
different “diffusion degrees”. For comparison, we stochastically choose real objects from
the dataset, and calculate their FID with objects of the same class. Theoretically, FID
performs consistently with human judgment. Randomly distributed artificial examples
should exhibit significantly large FID with real objects, as they possess no recognizable
geometric structures. However, FID (the brighter blue line) dramatically decreases with
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PointNet
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Figure 7.6.: AM visualization for the most popular point cloud networks: PointNet, PointNet++
and DGCNN. The proposed method is applicable to all point cloud networks.

m-IS FID D¢y EMD PC-AMs
AE 1.012 0.017 0.047 147.87 4.57
AED 1.146 0.012 0.076 208.02 4.65
NAED 1.157 0.011 0.067 203.74 4.75
Table 7.3.: Quantitative evaluations on ShapeNet.

the point expansion of the instances (r = 0.1 and ¢ = 0.02). After the diffusion reaches
the threshold (r =~ 0.2 and ¢ ~ 0.05), FID fails to distinguish the meaningless point
clouds from the real objects (the darker blue line), though we can still observe the dis-
crepancies between them through CD and EMD. A better point cloud-applicable percep-
tibility metric for generating examples in terms of latent distance is a promising research
direction.

AM for data reviewing

Explanations can facilitate human understanding of the operating behavior of DNNs. As
a global explainability method, AM depicts the ideal input learned by the model. When
the performance of the model is sufficiently promising, one considers that the result of
AM should be a generalization of an outline of the objects from the corresponding class.
Therefore, we can review those misclassified input instances utilizing this characteristic.
An example is shown in figure 7.7. Several instances in the dataset with the “plant” la-
bel are misclassified as “vase”, whereas a comparison exhibits that a single “plant” label
is ambiguous since the composite instance also contains the “vase” fraction. Observing
the second and third columns, AM correctly describes the object outlines of the corre-
sponding neurons in the model without any confusion. For validation, we also generate
explanations for these instances employing the point cloud-applicable LIME [1] (the last
column). The conclusions of the two explanations are approximately analogous, and the
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Figure 7.7.: An example of reviewing the inaccuracies of the dataset. The first column shows the
instances in the dataset that are labeled as "plant” but are classified as "vase”. The
second and third columns demonstrate the AM output for the categories “plants”
and "vases” respectively. The last column exhibits an explanation generated from
3D LIME, where brighter red points represent more positive attributions while con-
versely brighter blue points represent more negative attributions, neutral attributed
points are colored as black.

explanation given by the model is consistent with its predicted label in human percep-
tion.

Conclusion

This chapter proposes three generative model-based AM approaches which significantly
enhance the perceptibility of the generated examples while also maintaining their di-
versity. A composite evaluation metric, balancing activation value, diversity and per-
ceptibility is proposed. The results show that our generative AM methods outperform
the regularization-based ones in both qualitative and quantitative aspects. In the next
chapter, we propose an upgrade version, which incorporates the latest point cloud dif-
fusion models to further improve the quality of global explanations and reduce the pro-
cessing time, while also visualizing the spreading process of the critical points in or-
der to intuitively demonstrate how those points, which are crucial for predictions, are
formed.

105






8.

8.1.

DAM: Diffusion Activation Maximization
for 3D Global Explanations

In the previous chapter we propose a point cloud global explainability method that regu-
larizes the gradient of the AM during optimization with the help of the prior learned by an
autoencoder from the data distribution. The latest diffusion models open up new potential
for such an approach. Compared to autoencoders, diffusion models have recently made
a big splash in generative computer vision models. Replacing autoencoders with diffu-
sion models further enhances the perceptibility of global explanations while significantly
shortening the runtime. In this chapter, we propose a DDPM-based global explainabil-
ity method (DAM) for point clouds, which leverages the superior synthesis capability of
diffusion methods as well as a novel proposed point symmetric model, Point Diffusion
Transformer (PDT), to generate high-quality global explanations under the guidance of
dual classifiers. In addition, an adapted path gradient integration method (IGD) for DAM
is proposed, which demonstrates how the critical points in the instances are moving dur-
ing the synthesis process. Compared to the common integrated gradient approach, IGD
exhibits remarkable faithfulness, stability and continuity superiority. Extensive exper-
iments indicate that our method outperforms existing ones in terms of perceptibility,
representativeness, and diversity, with a significant reduction in explaining time.

Introduction

While the autoencoder-based AM method proposed in Chapter 7 is capable of generating
perceivable global explanations, there is still room for improvement in terms of its expla-

What does the model consider an "Airplane"?

Model
Guidance

]
Adapted path integration

Figure 8.1.: Overview of DAM. A. Feeding an initial explanation into the classifier. B. Obtaining
the target activation and its gradients. C. Maximizing the target activation under
the prior of a DDPM. D. Repeating from A to C until high-quality explanations are
generated. and E. Visualizing global saliency map through IGD.
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nation quality and processing time. In this chapter, we further propose a novel method
for visualizing global explanations of point cloud models, named Diffusion Activation
Maximization (DAM). DAM is a variant of Activation Maximization (AM) [25], which is
a technique for visualizing representative inputs to models. We incorporate the diffu-
sion model into AM as the prior and exhibit through extensive experiments that DAM
comprehensively outperforms existing methods (e.g., Autoencoder-based methods [6]) in
terms of representativeness, perceivability, and diversity. An overview is shown in Fig.
8.1. Moreover, critical points play a crucial role in point cloud samples as they can easily
alter the results of model predictions [126], [139], [7]. Spotlighting critical points may
provide new insight into how these points are characterized. By adapting the path attri-
bution method Path Integrated Gradients [78], we propose Integrated Gradient for Diffu-
sion (IGD), which combines the properties of diffusion and gradient integration to more
intuitively demonstrate the continuous motion of the critical points during the synthesis
process. In summary, our contributions are as follows:

« We propose a novel global explainability method for point clouds named DAM
based on Denoising Diffusion Probabilistic Models (DDPM). By incorporating DDPM
into AM, the explanations generated by DAM outperform existing Autoencoder-
based methods in all three aspects: representativeness, perceptibility and diversity
with significantly reduced processing time. To the best of our knowledge, this is
the first work incorporating DDPM models for generating global explanations.

« We propose IGD, an improved gradient integration method that demonstrates the
varying states of critical points during the explanation generation process. IGD
possesses significant superiority in terms of faithfulness, stability and continuity
compared to the integrated gradients baseline.

Related Work

Activation Maximization (AM) was first proposed by [25]. A straightforward AM appli-
cation to neural networks fails to produce perceptible images [39]. Subsequent studies
suggested that incorporating constraints or priors enhances the perceptibility of the ex-
planations, e.g. performing L2-norm [28], Total Variation [50] and Gaussian blur [46] on
gradients, or starting optimization from the average of the dataset [38]. Higher quality
AM explanations are achieved with the introduction of generative models. Alternately
adding the gradients of GANs or Autoencoders during optimization effectively guides the
AM explanations closer to real images [52], [66], [81].

Explainability for point clouds: Compared to images, the explainability of point cloud
models has not been adequately addressed. Current point cloud explainability can be
mainly categorized into transparent models, gradient-, perturbation- and example-based
approaches [197]. Transparent models leverage interpretable substitute models instead of
black-box DNNs to enhance transparency without significant performance degradation,
examples include prototype-based models [181], linear or tree-structured models [159],
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[3], etc. Gradient- [139], [186], [198] and perturbation-based methods [175], [1], [188] are
extended from images to be applicable to point clouds, which are not significantly differ-
ent in principle from the image explanations. Example-based methods provide users with
visual illustrations that are highly representative of the model and a sample of a portion
of the dataset [167], [6], [195]. The most relevant to this work is [6], which exploits
autoencoders as priors to constrain the AM process in order to generate explanations
with realistic contours. We demonstrate in experiments that DAM is capable of gener-
ating higher-quality explanations in reduced time, with a more transparent generation
process.

Methods

Preliminaries

Consider a point cloud dataset P = {Py,...P,, | P; € RVXP}, where N and D denotes
the number of points composing an instance and its dimension, respectively. A well-

trained classifier Fipc is the model to be explained, which can be formulated as Fpc :
RNXD — [0’ 1]1><NC.

Denoising Diffusion Probabilistic Model (DDPM): DDPM was first proposed by [40],
[142], which is a denoising generative model based on Markov chains. The diffusion
model is composed of two phases, with the forward being the diffusion phase, where
Gaussian noise is gradually added from a real instance xg:

q(x1:7|0) = Hq Ti|zi-1) (8.1)
with the kernel:
q(xi|zi—1) = N(xe; /1 — Brxe—1, i) (8.2)

where (3, denotes the variance schedule at step t. The reverse is the sampling phase,
which starts from a Gaussian distributed noise 27 = N(0,I):

po(To.1) o(xi—1|xt) (8.3)

H:'ﬂ

with
po(i-1|2e) = N (2115 po(2, 1), Vo (24, 1)) (8.4)
where 119 and Xy are estimated by the model with parameter . There are numerous

subsequent improvements to DDPM [165], including point cloud applicable ones [171],
[173], [183], [187].

Path Integrated Gradients: Path Integrated Gradients [78] is a series of gradient-based
explainability methods. By determining an uninformative baseline and a path vy : [0, 1] —
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RN*D the gradient from the baseline to the input is accumulated along the path in order

to observe which are the critical features for the prediction. The general form of Path
Integrated Gradients is:

PathIG)(z) = / ' OF((a) rile) (8.5)

a=0 07i(@)  da

where o = 0 and 1 indicate the baseline and input, respectively.

Diffusion Activation Maximization (DAM)

DAM consists of two components, generative training and explanation sampling. An
overview of the structure can be seen in Fig. 8.2.

Generative training: We leverage DDPM (equation 8.1 to 8.4) to filter the perceptible
pg(z) ~ P from RV*P, Compared to [6] which utilizes Autoencoders, the advantages
of DDPM are twofold:

« DDPM possesses strong reconstruction capabilities and significantly outperforms
other generative models (e.g., GAN, Autoencoder, etc.) in various experiments
[165].

« DDPM handles noise for each point independently, which is ideally suited to the
disorderly nature of point clouds. This property enables the follow-up research
such as critical attribution analysis.

The training process is roughly analogous to image DDPM, and we follow and adapt [171],
exploiting the following objective as the training loss for point cloud DDPM

-1

oF,
L0, ¢, @) =Eq [ Drcr(gp(2|20)[[pw(w) - |det —~5) )
+> Y Drr(q(@ilae xo)llps(xe-1|zi, 2,1)) (8.6)
=1 i=1
- Z log(pg(fl'()’:l?h 2, l)) ]
i—1

where z; denotes the input at time point ¢, Dy, indicates Kullback-Leibler divergence
and ¢, (2|xo) is a variant of PointNet [69] that serves as an encoder whose output is the
mean and variance of xg. p,(w) - }det 88% ‘_1 are affine coupling layers, which project
isotropic Gaussian distributions p,,(w) onto more complex distributions via a trainable
bijective F}, as the training priors [171] (B in Fig. 8.2).

To enhance performance and interpretability, we incorporate the following improve-
ments:
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« Following [174], to prevent z; from collapsing into pure noise at a small #, the noise
schedule o is optimized as

O]
T

(0)

2
t/T + 31 7T> 8.7)

 f(t) :COS<1+51‘2

+ Label [ is embedded in the training process. Class information guides the sampling
better towards a specific category. We simply convert the labels into one-hot vec-
tors and concatenate them with the coordinate data (part A in Fig. 8.2).

« We propose a novel model: Point Diffusion Transformer (PDT) (part C in Fig. 8.2).
Transformers are shown to be powerful architectures for learning latent represen-
tatives, which has already been introduced into point cloud DDPM [187]. However,
we argue that the existing models (including non-Transformers as [171]) neglect the
“symmetry property” , which was first proposed by [69], that the output of a point
cloud model should be independent of the inputs sequence. Especially with DDPM,
the noise added is typically isometric [142]. Thus, the utilization of asymmetric
components such as multi-size convolutional kernels or fully connected layers for
non-global features should be minimized. Moreover, eliminating correlations be-
tween points results in cleaner gradients in AM iterations and hence reinforces the
representativeness.

To address the above objective, we concatenate the point-wise coordinates, pri-
ors and label vector and obtain the input z* € RN*(P+Dp+D) (Dp and Dy are
the dimensions of the prior and label vectors, respectively, C)). It is subsequently
fed into a Point Diffusion Encoder (PDE), which is a multi-headed self-attention
module whose inputs of Query, Key and Value are x*. The following module is
a Point Diffusion Decoder (PDD), which shares a similar structure to PDE, except
that the inputs of Query and Key are the residuals 2* + PDFE(z*) while the in-
put Value is 2*. The most crucial property of PDT is that the entire model utilizes
only the convolution kernel of D;,, x 1, ensuring that each point is independent of
the input order during noise prediction and AM optimization. This structure not
only strengthens the performance of the global explanations themselves, but also
eliminates interference when calculating gradient integration, resulting in cleaner
saliency maps (see Sec. 8.3.3).

Explanation sampling consists of two parts, sampling and explaining processes, corre-
sponding to perceivability and representativeness of the explanations, respectively.

The sampling process is a reversed denoising Markov chain where the Gaussian noise
is fed into the trained diffusion model pg, and a perceptible synthetic sample xg is obtained
after multi-step denoising. The reverse diffusion process can be formulated as

t

pg(x(ﬂ:t) ‘Z, l) = p(.’Et) HN(xt—l ’M@(mh ta 2, l)7 /8t1> (88)

t=0
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Figure 8.2.: Overview of the DAM flow at time point ¢. A). Embedded priors. B). Training priors
encoded by PointNet-like submodules. C). Denoising z; by the PDT model. D). Gra-
dient guidance with dual classifiers. E). Obtain global gradients with IGD. Note there
are two main explanations, one for the globally explainable sample x (gray block on
the right), and the other for the saliency map of the diffusion process (yellow block
below).

Practically, we randomize an z,- and input it into ¢, (z|x¢) to obtain encoded flow z, and
Zg, then reparameterize them to 2, and generate z7 via equation 8.8. The advantage of
this initialization is that it employs g, (2|z), which is well-trained to normalize x7 to
better approximate z of real data.

In the explaining phase, following Equation 7.1, we force the reversed diffusion process in
the direction that highly activates a certain neuron a! of the classifier Fpc by implanting
a guidance gradient z; = z; + gii The challenge of incorporating DDPM model is that,
as t approaches T, the diffusion samples approximate pure Gaussian distributions z; —
N(0,1), Fpc may never see analogous inputs and the obtained guidance gradients may
be biased. Inspired by [165], we enable a twin classifier F,, trained on a noised dataset
X' as a transition (part D in Fig. 8.2). Fp shares the identical architecture as Fpc,
and is acquired by continuing training on X’ after Fpc converges on X, where X’ is the
noisy version of X, which is transformed from the forward diffusion process q(x1.¢|zp). It
contains samples of various noise levels based on the time information ¢. We train F'5~ by
fusing binarized vector ¢ with the coordinates information of X'’ so that it better guides
the diffusion gradients. As ¢ approaches 0, the sample outline is gradually regularized
and the guiding classifier needs to be switched to Fipc (the model to be explained). We
schedule two weights W, and W,  such that Wg,, + Wy, = 1, which weight the
guidance gradients of F'pc and Fp(, respectively: WF;JC converges to 1 as t approaches
T, while Wg,., = 1 whent = 0. During optimization, we choose log(SoftMax) as the
target activation c, which significantly enhances the explanation performance. A general
overview of our sampling approach can be found in Algo. 8.1.

Integrated Gradients for Diffusion (IGD)

Numerous existing studies have shown that critical points are decisive in point cloud
model predictions [126], [139], [7]. Tracking critical points in the synthesis process may
shed interesting light on what properties these decisive points share and how they are
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Algorithm 8.1 Sampling algorithm of DAM, given a diffusion model (1 (x¢,1), Xg (24, 1)),
a noised classifier F'p(x, t) and the model to be explained Fpc(x)

Input : Class label /, guidance weights W, and guidance scale s
Output: Global explanation xg
Sample xp ~ N(0,I) forall t from 7T to 1 do
Mt’Zt A (MG ($t7 l)v Ee(xtv l))
Sample x—1 ~ N(w + sE(Wrpe Va, log(Fpo(z,t)) + (1 — Wrpy) Va
log(Fpe(,t))), Xt))
end for
return xg

formed and changing. For this purpose, we propose IGD (part E in Fig. 8.2), which can
be formulated as

T
OFpc(po(z(0:)) 1

IGD:(xO—mT)XE =X =
=0 8ZL‘t T

(8.9)

The two elements of Path Integrated Gradients are the baseline and the path, respectively
[78], which we adapt as

. Baseline: The baseline is defined as “uninformative” [152], which ensures that the
integrated gradient captures the whole attributional variation of the model. We
consider xp as baseline as it is sampled from A(0,I) and does not contain any
information.

» Path: Various options are available from the baseline to input, with linear paths
(@' + a x (x — '), a € [0, 1]) being the frequent option. In IGD, we leverage the
diffusion sampling process itself py(z((.;)) as the path.
In the sampling process, we have calculated exactly the guide gradients of Fpc: %ﬁf‘r(“)),
thus there is no need to recalculate the gradients and simply integrate them from z7 to
xg. The procedure of IGD is described in Algorithm 8.2.

Algorithm 8.2 Integrated Gradients for DAM (IGD), given a DAM model pg(z¢.7) and the
model to be explained Fpc(x)

Output: Saliency maps IG'D for arbitrary time step ¢
Ay=0
for all ¢ from 7" to 1 do #Sampling starts
Ay Ay + LFQEEM
IGD + (z; —27) X Ag X 7
Output(IGD) #IGD can output in arbitrary loop
xt—1 < po(x¢) #Then perform DAM Sampling process
end for
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Figure 8.3.: Visual comparison of IGD and IG. The gradient path in the diffusion process is the
integration from xg to xp (the black curve). IG paths for x; are the linear integration
of zy to z;, which may lead to bias, while the path of IGD for z; is the integration
from z4_; to z;, which better approximates the real path.

Note that IGD is not a hard application of IG on DAM. Compared to standard IG, IGD
is more flexible for gradients integration in diffusion processes. As shown in Fig. 8.3,
assume that the path of the sample gradients from a diffusion process is given by the
black curve. For all x4, the typical IG integrates the linear path of the gradients starting
from the baseline each time (the blue line), which results in a bias between the final in-
tegration and the real one. This bias causes unfaithfulness and large fluctuations in the
generated saliency maps. In comparison, the issue is significantly alleviated by IGD. IGD
integrates the gradients of ;_; and x; with a linear path, which minimizes the bias under
the precondition that the true gradient path is unavailable. We quantitatively compare
the performance of the two path methods in terms of coherence and sensitivity (faith-
fulness) in Sec. 8.4.3. From an explainability perspective, IGD offers two advantages: a)
It provides inductive exhibitions of feature attributions from a global perspective (rather
than local specific inputs), b) The high confidence of examples ensured by AM enables
the attributions to be globally representative of the corresponding categories.

Experiments

In this section we present the qualitative demonstrations (Sec. 8.4.1) and quantitative
evaluations (Sec. 8.4.2) for DAM, and visualization of IGD and the corresponding quanti-
tative assessments (Sec. 8.4.3). We employ ModelNet40 [45] as the primary experimental
dataset (default dataset, unless specifically mentioned), it contains 12311 CAD models,
of which 9843 are used for training and 2468 for testing. In addition, we validate the
performance of our method on ShapeNet, a larger database of 3D objects containing a
total number of 45969 samples in 55 categories, of which 35708 are used for training
and 10261 for test. During the sampling phase, we generate 10 samples containing 1024
points for each class and randomly select 5 instances from the real dataset P, ..., Ps as
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AED [60] NAED [60]

Sofa

Figure 8.4.: Global explanations of 3 classes generated by DAM. For comparison, we present the
identical amount of explanations generated by AE, AED and NAED [6]. As can be
observed, DAM significantly outperforms AED and NAED in terms of perceptibility
(see categories “Desk” and “Table”). Compared to AE, although no clear advantage
is visible in terms of perceptibility, DAM far exceeds it in terms of diversity, which is
analyzed in detail in Sec. 8.4.2.

the benchmark for calculating the Unidirectional Chamfer Distance D{.;; and Fréchet
Inception Distances (CD and FID) for quantitative evaluations.

Note that DAM is a global explainability method, rather than a simple point cloud syn-
thesis or completion approach. DAM requires a simultaneous balance of representative-
ness to the model to be explained, demanding it to compare with synthetic methods in
terms of generative performance is unfair. Thus we do not consider other point cloud syn-
thesis methods as competitors. In the experiments, we take the approaches proposed by
[6], which is currently the sole work that investigates global explanation of point clouds,
for comparison.

Qualitative Visualizations for DAM

Perceptibility is the degree to which the generated explanation can be comprehended by
humans. Generally, complete and high-quality explanations are more perceptible. We
select common classes from the 40 categories of ModelNet40 and generate global expla-
nations with DAM (illustrated in Figure 8.4). We also qualitatively compare the results of
DAM with AE, AED and NAED [6]. Overall, the geometric structure of DAM-generated
explanations is more robust and thus more easily perceived by humans.

Diversity is also one of the essential properties for explanations. Abundant diversity pro-
vides humans with different perspectives of explanations to gain better comprehension
[66]. Fig. 8.5 illustrates the diversity of explanations generated by DAM. It can be ob-
served that DAM is able to generate diversified and qualified global explanations.
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Figure 8.5.: Diversity examples. We randomly generated 5 explanations for the category “vase”.
For intuition, we also show 5 randomly chosen objects of the same class from the
dataset (Random-5), and 5 samples that most highly activate the neuron “vase” (Top-
5).
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Figure 8.6.: Global explanations of other models generated by DAM. From top to bottom are
PointNet++, DGCNN and PointMLP.

Explanations on other models and datasets: We test DAM on other popular or state-of-
the-art point cloud models besides PointNet, including PointNet++ [73], DGCNN [119],
and PointMLP [184]. Fig. 8.6 depicts the visualization of their global explanations gen-
erated by DAM. It can be observed that the performance of DAM in explaining models
is independent of their internal architectures. In conclusion, our approach achieves both
performance and diversity on different datasets.

Quantitative Evaluation for DAM

Quantifying the explainability of AM are typically based on three aspects: higher rep-
resentation (activation degree of a certain neuron), better perceptibility (proximity to
real objects) and richer diversity [66], [6]. An existing acknowledged point cloud AM
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Data Method Model m-ISt  FID(1073)] D{,(1073)) EMD/ PCAMS* ¢
Baseline / 1.08 / 1.04 16/ 18 245/273  413.5/4428 | 3.85/3.69
M40 AE [6] 1.08/1.01 16 /17 44/ 47 143.1/147.8 | 4.71/4.57
/ AE AED [6] | 1.12/1.14 18/ 12 86 /76 241.3/208.0 | 4.37/4.65
SN NAED [6] | 1.46/1.15 14/ 11 74/ 67 207.6 /203.7 | 4.89/4.75
DDPM  DAM (ours) | 1.78/1.70 9/10 45 /54 133.9/146.2 | 5.68/5.45

Table 8.1.: Quantitative evaluation of DAM compared with the models proposed in [6] on Model-
Net40 (M40) and ShapeNet (SN), respectively. For reference, we additionally introduce
Earth Mover’s Distance. The up and down arrows denote that higher and lower values
are better, respectively. The baseline is the random initialization without any regu-
larization. *Note that except for PCAMS, all the other metrics only reflect only one
aspect and thus cannot be considered as an objective evaluation of the comprehen-
sive performance of global explanations.

AE[6] AED[6] NAED[6] DAM
t(s) | 47.75  458.69 20127  12.35

Table 8.2.: Average time  required to generate an explanation. Note that we report the processing
time for comparable performance rather than identical number of iterations.

evaluation matrix known as PCAMS [6] is available, thus we employ it as the metric for
evaluating DAM.

We demonstrate the quantitative results of DAM in Tab. 8.1. For comparison, we also
exhibit the assessment of the explanations generated by existing studies: AE, AED and
NAED [6]. The results indicate that DAM outperforms all existing point cloud global ex-
plainability methods in each metric, except for sacrificing a minimal point-wise distance
to balance the diversity compared with AE. Approximate outcomes are yielded from the
evaluation on ShapeNet.

In terms of computational complexity, as the interpolation times in the diffusion process
are restricted, the processing time is significantly reduced. Tab. 8.2 details the average
time consumption of generating an explanation, again, we compare with AE, AED and
NAED from [6].

Tab. 8.3 shows the quantitative evaluations of explaining other models generated by
DAM. It can be seen that DAM outperforms existing methods [6] on all metrics except
for few ones on PointNet++ where DAM is slightly inferior.

Visualizations and assessments for IGD

In this section we illustrate the results of IGD. In the total number of 250 diffusion steps,
we integrate the gradients every 50 steps and calculate the corresponding saliency maps
according to Algorithm 8.2, and randomly choose an example from class “Airplane” to be
illustrated in Fig. 8.7.
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Model m-IST  FID(107°)] D/ ,(107%)] EMDJ] PCAMS?H

AE [6] 1.10 8 41 134.1 5.12

PN2 AED [6] 1.10 20 122 2554 4.12
NAED [6] 1.86 11 72 236.4 5.43

DAM 1.69 8 48 134.4 5.62

AE [6] 1.02 10 105 252.8 4.43

DGC AED [6] 1.35 13 109 343.1 4.63
NAED [6] 1.31 15 109 3355 4.52

DAM (ours) 1.75 10 47 130.5 5.58

PML DAM (ours) 1.49 9 47 129.7 5.37

Table 8.3.: Quantitative evaluations of global explanations generated by DAM on other point
cloud models. In the first column, PN2, DGC and PML indicate the experiment re-
sults on PointNet++, DGCNN and PointMLP, respectively.

Faithfulness Global Stability Local Continuity
R Sk Lpl Ly | Ly 1
RDM —0.120  1.064 2.411 1.087 x 1073 5464.640 —8.784 x 1074
IG (raw)  1.438  4.226 0.037 1.989 x 1074 364.996 0.986
IGD (ours) 38.974  91.061  2.630 x 1078  1.892x10°®  0.107 0.753

Table 8.4.: Quantitative evaluation of attributions in diffusion. RDM is a set of randomly gener-
ated attributions for reference. IG (raw) and IGD are the conventional IG with linear
paths and the gradient integration with diffusion paths proposed in this paper, respec-
tively.
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The saliency map reveals that the sparse nature [139], [7] of the point cloud attributions is
already formed at the beginning of the reverse diffusion process, and those critical points
are also identified at an early stage and their attributions are almost invariant. Moreover,
we observe that the critical features within a category are analogous. Interestingly, those
critical points with the greatest attribution appear only at the tips of noses, wings, and
tail, while the points in the centre of the fuselage exhibit relatively smaller attributions.
Note that the four examples are generated from models (including the DDPM model,
the classifier and its noised version) trained on two different datasets (ModelNet40 and
ShapeNet), which indicates the classifier learns similar features from different data source
that contribute most to the predictions.

For the validity of IGD, we quantitatively evaluate the performance from two aspects,
faithfulness and coherence.

Faithfulness, also known as sensitivity, is one of the most important metrics for expla-
nations. The theory behind faithfulness evaluation is that the confidence of the model
prediction decreases dramatically after ablating those features with most positive attribu-
tions, and vice versa. In our experiments, We conduct MoRF and LeRF test [35], [56]. For
each generated saliency map v, we recursively ablate 5% of the points with the highest at-
tributions (¢, 95), (21, ¥7}) and the lowest attributions (x4, ¥'t5), (¢, 97) (j is the max-
imum ablation rate), respectively. We then predict the confidences of these ablated inputs
individually with I/, ie. F(2¢/(2e,95)), - F(we/(we,907)) and F (¢ / (w4, 975)), -

F(x¢/(xt,97)) (A/B denotes the ablation of B from A). We evaluate the faithfulness of
the saliency maps by measuring the areas between the two confidence sequences:

. J
S = /_OF(M)—F(W (8.10)

Coherence is a novel metric proposed specifically for explanations in diffusion processes.
Recall the DDPM sampling process, where the introduced noise from z; to x;1 is mi-
nor, enabling the parameterization of the neural networks for backward diffusion [142],
which indicates that x¢41 has significant distributional similarity to x¢, with the excep-
tion of a small amount of noise. Meanwhile, existing researches [86], [141], [143] suggest
that explainability methods should perform robustly, i.e., the explanations generated for
neighboring inputs are supposed to be analogous. Thus, for the explanations of diffusion
processes, we leverage numerical new metrics, i.e., the discrepancy between v, and v,
is negligible when t; is approaching ¢5. Quantitatively, we assess two aspects, global
stability, which evaluates the statistical robustness of the attributions throughout the dif-
fusion process, and local continuity, which computes the coherence of the explanations
for two adjacent sampled ¢.

For global stability, we compute the variance of all input attributions over the diffusion

0
process: Lyqr = M We assess local continuity with three metrics: the Dif-
ference of Predecessor (DF) and the Sliding-Window Average (SWA), which focus on the
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Figure 8.7.: Saliency maps for diffusion process. We integrate the gradients every 50 steps and
calculate the attributions with Integrated Gradients. The redder and larger the points,
the more positive the attributions in the prediction.

smoothness of the numerical values, and the Spearman Coefficient Average, which em-
phasizes the consistency of the rankings. The DF is simply the average of all differ-

1
ences between temporally neighboring attributions Lp = w For SWA, we
calculate the average of the attributions for three consecutive diffusion samples W; =
% (When t = T or 0, ¥;11 and ;1 are ignored, respectively). SWA (Lyy) is

P 0
the mean of the difference between all ¢y and W;: Ly = M Similarly, for

Spearman Coefficient Average, we compute the mean of the Spearman Coefficients of all

1
attributions with their predecessors L,, = w, where pg(a,b) denotes the

Spearman’s Coeflicient between a and b.

Tab. 8.4 demonstrates the results of the quantitative comparison of IG and IGD. In terms of
faithfulness, IGD significantly outperforms IG for both 50% (j = 0.5) and 100% (j = 1.0) abla-
tion, which verifies that integrating the gradients along the diffusion path is more faithful
to the model. For coherence, IGD is remarkably more robust, owing to that IGD simply re-
quires additional gradient integration from z; to x;_1, whereas IG recomputes the linear
integration from the baseline x7 to x¢_1, which disrupts the continuity of neighboring
samples in diffusion processes.

Interestingly, IG is consistent with the Spearman’s coefficients, almost identifying the
critical points at 27 period (L,, = 0.986). However, numerically IG does not exhibit a
corresponding consistency (Lp, Lyqr and Lyy), as the vast majority of attributions are
centralized to a minority of points, which is in line with the conclusion from existing
studies [139], [7]. We argue that such a sparse attribution may be biased as there ex-
ists an alternative integration path that yields saliency maps with significantly higher
faithfulness than the linear path from the typical IG.
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8.5. Conclusion

This chapter is the first attempt to employ DDPM for generating high-quality AM global
explanations. In addition, we propose a diffusion path-based attribution approach, which
alleviates the bias of the typical Integrated Gradients. Through extensive experiments,
we demonstrate that diffusion model-based AM significantly improves the quality of the
global explanations, and in addition reduces the processing time dramatically.

In the first three chapters of this part, we have presented three adaptive extensions of
explainability methods to point cloud models. Starting from the next chapter, we design
specialized modules to investigate the learning mechanism of point cloud models from
their own properties. We further reveal how point cloud models make predictions by
designing interpretable classifiers, analyzing the sensitivity of critical points, and decon-
structing the distribution of latent features in the intermediate layers.

121






9.

9.1.

Fractal Projection Forest: Fast and
Explainable Point Cloud Classifier

The previous chapters in this part have all made adaptive improvements for point clouds
based on general XAI methods. Starting from this chapter, we will conduct point cloud-
specific explainability analysis, which is based on the structural characteristics of point
cloud data and models, thereby pioneering a novel perspective for unveiling the decision-
making mechanisms of point cloud models.

Besides post-hoc explainability methods, interpretable models are likewise one of the
most essential approaches to enhance the trustworthiness of predictions. Unlike post-hoc
approaches, interpretable models do not require the incorporation of additional modules
to explain the prediction results, rather, the original black-box model is replaced with one
whose performance is approximated and more transparent to render the decisions more
comprehensible. In this chapter, we leverage the spatial geometric properties of point
clouds to design interpretable point cloud classifiers that only require the incorporation
of random forests for accurate prediction. We propose a new pipeline named Fractal
Projection Forest (FPF) that exploits fractal features to enable traditional machine learning
models to achieve competitive performance with DNNs on classification tasks. Though
compromising by a few percentages in accuracy, FPF is faster, more interpretable, and
easily extendable. We hope that FPF may provide the community with a novel view of
point cloud classification.

Introduction

In addition to post-hoc explainability approaches for point clouds proposed in Chapter 6,
7 and 8, the employment of interpretable models also facilitates plausibility [100]. One
study suggests that if appropriate features are chosen, even with simpler and interpretable
models, there will be no significant drop in accuracy compared to black-box ones [115].
Fortunately, recent post-hoc attribution research reveals that the features of point clouds
are sparse [139], [1]. Comparable accuracy can be achieved using simple interpretable
models if these features are filtered out from point cloud input in advance.

In this chapter, we propose a new pipeline of point cloud classification by extracting the
input projections through multi-size fractal windows. This approach jumps out from the
race of adding tricks to DNNs, and performs classification through simpler models with
only few percent accuracy compromised. Moreover, our method enables the training of
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the entire ModelNet40 in tens of seconds (several minutes if pre-processing is included)
with a CPU, which is barely possible for DNNs. Besides, our model provides two explana-
tions, i.e., intrinsic Gini impurity and perturbation-based attributions. For the latter, our
model allows the ablation of entire grouped features, thus avoiding the concern of feature
correlation and out-of-distribution issues [103] as in raw point clouds. Additionally, our
approach is more extensible as it can adapt to different classification scenarios by manu-
ally adding appropriate features or switching models. In summary, our contributions are
primarily summarized as follows:

» We propose a non-DL pipeline Fractal Projection Forest (FPF), that converts point
cloud classification, which is previously only solvable with DNNs, into traditional
machine learning tasks. Compared with DNNs, FPF is faster, more interpretable
and extensible, while compromising only few percent of accuracy.

» We demonstrate two explanations of FPF, both of which are challenging to accom-
plish on DNNgs.

The overall structure of this paper is as follows: In Section 9.2, we introduce popular point
cloud models and corresponding explainability methods. Section 9.3 elaborates the ideas
and technical details of FPF. In Section 9.4, we show the performance of the proposed
method and the corresponding explanations. In Section 9.5, we give a short summary
and propose future research directions.

Related Work

In this section, we introduce the widely applied classification models (9.2.1)and the re-
search that promotes the explainability for point clouds (9.2.2).

Classification models for point clouds

Before the advent of models that act directly on raw point clouds, there were typically
two ways for the classification tasks, namely the voxel-based [37], [106], [151] and the
multi-view-based approaches [42], [90], [91], [166]. The voxel-based approaches are dedi-
cated to organizing irregular point clouds so that they are spatially ordered, which enables
the extraction of adjacent features between points using 3D convolutional kernels. The
voxel-based methods, as early solutions to address the irregularity, suffer from limited
processing speed due to the incorporation of additional pre-processings, such as vox-
elization [37]. The multi-view-based methods project point clouds onto planes, subtly
downscaling them to two-dimensional images. Interestingly, in recent research [166],
a simple 6-view-method achieves almost state-of-the-art accuracy by introducing tricks
into the training process. With the proposal of PointNet [69], a series of classification
methods that operate directly on raw point clouds come into view. PointNet establishes
a pipeline for following studies, i.e., Eq. 6.1. Most subsequent models based on raw point
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clouds [73], [93], [119], [177] are subject to this pipeline, with more complex tricks at-
tached to the individual modules to achieve higher accuracies. However, all the aboves
are based on neural networks, which are black-box models, and humans struggle to un-
derstand their decision-making principles [185].

Explainability research for point clouds

Post-hoc explainability methods: There are currently only few explainability studies
on point cloud models. [139] and [1] explain the decision attributions by incorporating
gradient-based and surrogate model-based explainability methods [185] to point clouds
respectively. For the research on model intrinsic attribution, [126] observes changes in
the prediction confidence by filtering and incrementally flipping the key points. How-
ever, all the aforementioned methodologies are post hoc attributions, and the explana-
tions obtained may be biased due to flaws in explainability or perturbation approaches
[103], [105], [156].

Interpretable models: Before DL was widely applied, point cloud classification was usu-
ally accomplished by manually extracting features and trivial ML models, e.g. LDA [59] or
Markov network [23]. Nevertheless, these approaches were promptly replaced by newly
emerged point cloud DNNs due to the limited performance. To address interpretability, a
recent study [181] proposes a prototype-based model that accomplishes classification by
clustering the features in the latent space. Although the decision basis of their approach is
intuitive, it is less extensible, and we argue that the extraction of latent features with neu-
ral networks aggravates the opacity. In addition, PointHop [159] is also a non-DL method
that utilizes a random forest to learn adjacent features of points extracted by a module
called PointHop Unit. However, although PointHop improves the interpretability of the
model, the geometric features between points are still incomprehensible for humans. In
addition, PointHop performs significantly degraded on real scanned datasets.

Methods

In this section, we introduce the mechanism and structure of FPF. Section 9.3.1 outlines
how fractal-based features operate, Section 9.3.2 details the internal structure of FPF, and
Section 9.3.3 illustrates how FPF generates reliable explanations.

Fractal features

This work is inspired by Hausdorff dimension [12]. Hausdorff dimension reflects the
smoothness of geometry and can be estimated by counting the total number of frac-
tals in different sizes and applying an exponential fit. Similarly, we create features of
point clouds manually with multi-size fractal windows. Fig. 9.1 illustrates an overview of
fractal features. With progressively increased window sizes, the point set is sampled into
different subgroups. We then extract relevant statistical information from each subgroup,
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which varies according the distribution of points within the subgroups. For instance, from
the two point sets (first column), we can extract the feature sequences [4,2, 2], [1,2, 2]
(top) and [4,4,4], [1, 1,1] (bottom) with respect to n and p, respectively. Note that we
only list the total number of windows (n) and the average number of points contained (p)
here, additional information will be discussed in Sec. 9.3.2.

Model architecture

Fig. 2 shows the architecture of FPF. FPF consists of the following components: projec-
tion, fractal sampling, feature generation & concatenation and prediction modules. Con-
sider the input as a D dimensional instance with N points: P = {p;li=1,...,N} €

RN*D and we illustrate with the simplest case, i.e., N = 3.

Projection: Inspired by the multi-view classification methods [42], [97], [166], we first
project the point cloud on each axis (x,y and z) and planes (zy, xz and yz). Subsequently,
three 1-D and 2-D projections are obtained, they are denoted as: P; € RY and P, €
RV,

Fractal sampling: According to the mechanism in 9.3.1, we perform fractal sampling
for each of the six projections. Let the number of multi-scale sampling be . The start
of the sampling window size is half of the entire spatial value range, i.e. Wy =
% {max x; — min x;}, which is scalable and 1 for ModelNet40 [45]. The window size at
the ¢-th sampling is:

W, = e(~1x®) (9.1)

where « is a smoothing coefficient that flattens the changes in the sampling window
sizes. We chose exponential because the points sampled by the equidistant window size
are prone to alter drastically when ¢ is small and almost constant when i is large. The
return of the sampling is which window each point belongs to, and two sampling results
are obtained, S; € NV and S, € NV ? for P and P>, respectively. Note that the records of
those windows that do not sample any points are marked as 0, which are also important
features.

Feature generation & concatenation: Compared with raw point clouds, the advantage of
tabularized features is that they are more intuitive when explaining attributions. There-
fore, we extract statistics from point clouds in the form of tabular features as training
data. Similar to other DNN models, FPF requires global and local features for prediction
as well.

Global features: Three global features are involved: the number of non-zero fractal win-
dows: G, = |{s € S1,S52|s > 0}|, basic statistics for all sampling windows, and the
Gaussian parameters. The base statistics include the maximum and minimum (non-zero)
values of points within a single window, and the corresponding window indexes. To ob-
tain the parameters, we employ Gaussian fits to approximate the distribution of the sam-
pled points in corresponding projection space. This feature is based on the assumption
that most objects are normalized to be located in the middle of the spatial coordinates. We
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estimate the parameters using one- and two-dimensional Gaussian models, respectively.
The former contains two parameters, i.e., the mean (u) and the variation (¢), and the lat-
ter consists of five, i.e., the means along each axis ji, and y,, the standard deviations o
and o0y, and an amplitude bias .

Local features: Two local features are involved: (averaged) distributions of the points
within all windows as well as several specified windows. For the former, we calculate the
extremes, means and variances of the points within each window separately and obtain
their global averages. For the latter, we selectively monitor the windows of particular
indexes and compute the internal distributions of points. However, since the total num-
ber of windows obtained after sampling with different sizes is inconsistent, we specify a
proportion m € [0, 1) and select |S| x m (|.S| is total number of windows) as the mon-
itored window. We record the number, mean and variance of the points in this window
as features. In addition, multiple monitored targets can be appended.

Feature concatenation: We simply concatenate global and local features as final inputs.
Note that our features are arbitrarily expandable, and different statistical features can be
explored for specific datasets to achieve optimal accuracu.

Others: FPF incorporates other modules to further enhance performance.

Rotation augmentation: Rotating objects R times to create R new training data is an aug-
mentation method proposed in [69], [73]. In this work, we set the angle of each rotation
to 27/ R, i.e., the object is rotated by an identical angle R times, and the R + 1st time re-
turns to the original one. There are two types of rotation augmentation available in FPF:
feature and quantity augmentation. We first perform the same tabular feature extraction
on the rotated object to obtain R additional feature series. In feature augmentation, we
horizontally concatenate R sequences (R + 1 times lengthened), which provides each
training data with additional rotation information and enhances rotation invariance. The
quantity augmentation is similar as in [69], [73]. The rotated features are vertically ag-
gregated to the dataset as new training data, which increases the amount of training data
to mitigate overfitting.

Attribution filtering: In decision making, there are features that contain either positive or
negative attributions. Positive attributions reinforce the predictions while negative ones
diminish the confidence. Therefore, after training a raw model, we obtain attributions of
each feature based on the explanation (see Sec. 9.3.3) and filter out those features whose
attributions are below a threshold 7'H,, to further enhance the accuracy.

Explainability

FPF offers two perturbation-based explanations: Gini Importance and grouped feature
ablation.

Gini Importance is calculated as the average of the decreasing impurity of all nodes over
all trees [26]. The advantage of this approach is the calling simplicity, which can be
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Figure 9.1.: A simple illustration of fractal feature extraction. Sampling the input using fractal
windows of different sizes yields sequences of statistics, which vary depending on
the distribution of input points.

obtained directly through RF feature_importances_ from sklearn in few milliseconds.
One drawback of impurity attribution is the bias towards continuous or high cardinality
variables [94]. Another concern is the bias in datasets containing highly correlated fea-
tures, which leads to sub-optimal predictor variables being assigned greater weights [22],
[24].

Grouped feature ablation is an alternative method that addresses the above issues. Tra-
ditional feature ablation approaches suffer from out-of-distribution problem [103], i.e.,
when certain features are ablated, the data consisting of the remaining ones are outside
the distribution from original dataset, resulting in unreliable prediction analyses. There-
fore, we first group features according to types, i.e. features belonging to 1-D projection
or sampling window size 1. Subsequently, we ablate all features belonging to the same
type t to avoid any information residual. According to the methodology proposed by
[103], we retrain the ablated dataset and record the accuracy of the entire testset as Acc%.
The attribution of features in type t can be represented as:

Atry o< Ace — Acc; (9.2)

where Acc is the accuracy of the original model on the unablated testset. Grouped feature
ablation alleviates the bias in the explanations, while prolongs the processing time as the
model has to be retrained as many times as the number of feature groups.

Experiments

In this section, we report the quantitative results of FPF through extensive experiments.
Section 9.4.1 presents the performance of FPF on multiple datasets, and Section 9.4.2 pro-
vides visual explanations for the feature importances. In our experiments, we choose
ModelNet40 [45] as the main dataset, which contains 9,843 and 2,468 CAD models be-
longing to 40 classes in the training and test sets, respectively. In addition, we test our
approach on ScanObjectNN [118] and ShapeNet [36]. The former is a real-world dataset
containing 15,000 objects in 15 categories, and the latter is a dataset containing 35,708
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Figure 9.2.: An overview of FPF architecture. Given a point cloud object P, FPF first projects
P onto the three axes and planes separately. For each projection, we record fractal
feature extracted by the multi-size fractal windows. Under the assumption that the
points in the fractal window overall subject to Gaussian distribution, we estimate
the Gaussian parameters and concatenate the statistical information of other fractal
windows together as features to train a random forest.

and 10,261 training and testing instances, respectively. Specifically, ShapeNet is origi-
nally proposed for 3D reconstruction and is extended to classification tasks in our experi-
ments. All calculations are performed on an Intel(R) Core(TM) i7-4650U CPU @ 1.70GHz
CPU except for the training of DNNs for the processing time comparison. For FPF, we
set the smoothing coefficient « to 0.135, the number of fractal windows I to 30, and the
number of rotational enhancements R to 3, which empirically yields the best efficiency-
performance trade-off.

Quantitative Results

Results on ModelNet40. We compare FPF with two NN baselines (FC and CNN), four DL-
based models (PointNet [69], PointNet++ [73], DGCNN [119] and PointMLP [184]) and
one non-DL model. The selected DNN-based models are representative, where PointNet
can be considered as a baseline for deep learning (the components in Equ. 6.1 are max-
pooling, MLP and no point-wise correlation, respectively). PointNet++ replaces the last
term with Multi-scale grouping (MSG), while DGCNN upgrades MLP to dynamic graph
networks. PointMLP is the state-of-the-art model for point cloud classification. As re-
ported in Table 9.1, our non-deep learning model FPF approximates DNNs in terms of
accuracy (4.1% and 7.5% lower than PointNet and PointMLP respectively), with a signifi-
cantly reduced processing time. However, FPF predicts the entire test set (2,468 instances)
in less than 1 second with CPU, and the training time is approaching 1 minute. In ad-
dition, the raw FPF is enhanced in accuracy and speed with attribution filtering (empiri-
cally setting the threshold to T'H,, = 7e — 5), demonstrating the necessity of filtering out
negative attribution features, which is unachievable in neural networks. Compared with
the non-DL model PointHop, though FPF is slightly inferior in accuracy, its prediction is
faster and the model size is almost 40 times shrunk.
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Models OA(%) mAcc(%) F1 Tir Tie Tovg Size

Baseline FC 74.2 65.5 64.0 / 021 850x107° 6.8MB

Baseline CNN 81.4 75.0 74.4 / 422 1.71x1073 4.2MB

DL PointNet [69] 90.4 85.5 85.6 / 3068.07 1.22 39.8 MB
PointNet++ [73] 92.5 89.8 89.5 / 3004.10 1.20 20.1 MB

DGCNN [119] 92.7 89.6 89.7 / 968.99 0.39 6.9 MB
PointMLP w/o vot. [184]  93.8 90.2 89.9 / 2039.05 0.83 101.3 MB

PointHop [159] 87.3 81.5 789 30103  6.91 28 %1073  3.16 GB

Non-DL FPF (raw) 85.4 79.0 79.7  68.88 031 1.25x107%* 77.5MB
FPF (fltd) 86.3 80.4 81.1 6836 0.29 1.16x10"* 76.1 MB

Table 9.1.: Classification results on ModelNet40. T}, Tic, T,,4 and Size are the processing time
for training the whole train set, validating the whole test set, the average time for
predicting a single instance and the model size, respectively. FPF (fltd) and FPF (raw)
denote FPF with/without attribution filtering, respectively.

Model DL Non-DL
PN PN++ DGCNN PointMLP | PointHop FPF(raw) FPF(fltd)
OA(%) | 68.0 77.9 78.1 85.4 54.2 68.2 68.8

Table 9.2.: Comparison of the overall accuracy on the PB_T'50_RS of ScanObjectNN (the hard-
est task). PN and PN++ denote PointNet and PointNet++, respectively.

Additionally, we attempt to train simple neural networks to learn the fractal features. We
train a simple FC network and a CNN with the features extracted from the fractal windows
as NN baselines (the structure can be found in Section A). Interestingly, the performance
of NNs is inferior to random forest. Interestingly, NNs perform inferior to random forests,
but they are thousands of times faster compared to other DL methods. One possibility is
that better network structures may exist that outperform random forests, but this would
not only compromise speed, but also sacrifice interpretability.

Results on ScanObjectNN. We select the hardest variant (PB_T50_RS) of ScannOb-
jectNN as the training and test set, in which most of the objects are incomplete and retain
only surface information. Table 9.2 reveals the quantitative results on ScanObjectNN.
Note that FPF is potentially extensible and can concatenate more appropriate features for
different data to achieve better performances. Here we follow the hand-crafted features
in ModelNet40, which may not be optimal for ScanObjectNN, nevertheless, the accuracy
of FPF outperforms PointNet, which is considered as the baseline for DNNs. We leave
the methodology of crafting the most suitable features for different data as future work.
Moreover, PointHop underperforms on this dataset (14% lower). We believe this is be-
cause the local region features extracted by the PointHop Unit are only suitable for hand-
crafted datasets, and not for difficult ones like ScanobjectNN (most samples are available
with surface information only). This restriction does not exist for FPF, since the hypothe-
sis of FPF presupposes only that the distribution of the points from the train and test sets
are similar.
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Figure 9.3.: Intrinsic feature importance explanations based on Gini impurity. Fractal, Rota-
tion and Feature represent the feature attributions of each fractal sizes, rotation de-
grees and hand-crafted features, respectively. Among Features, Num_F, 1D_proj,
2D_proj, In_db and Samp_db indicate the number of fractions, statistics and es-
timated Gaussian parameters for 1D and 2D projections, statistics over all fractions
and inside specifically sampled fractions, respectively.

Results on ShapeNet. Since ShapeNet is not a benchmark for classification, we only
observe whether FPF suffers from accuracy collapse on different datasets. We report the
accuracy of raw FPF as 79.1, and the accuracy of FPF after (empirically) filtering with
TH,=8e—5as79.3.

Explanations for Feature Importance

In addition to rapidity, a more important advantage of FPF is the interpretability. Aside
from replacing DNNs with traditional models like PointHop [159] to enhance interpretabil-
ity, we provide two explanations according to the properties of FPF, i.e., Gini Importance
and Grouped feature ablation, which are shown in Fig. 9.3 and Fig. 9.4, respectively. The
two explanations agree on the attribution of rotations, with one divergence in the attri-
bution of features and a distributional discrepancy in the attribution of window sizes.
The discrepancy stems mainly from the inherent deficiencies of existing explainability
methods. Feature importance based on Gini impurity tends to assign more attributions to
features with large cardinality [94], such as the fractal window sizes. In contrast, the im-
portance of features with smaller cardinalities, such as the point statistics in windows, are
prone to be underestimated (see Fig. 9.3, in “In_db” of the third subplots). The advantages
of this explainability method are the simplicity and rapidity of invocation, which can be
called directly in sklearn, and consumes an average computation time of approximately
0.03 seconds.

The post-hoc explanation based on grouped feature ablation is more plausible. The fea-
ture groups are independent of each other and the dataset is retrained based on ROAR
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Figure 9.4.: Explanation of Grouped feature ablation.

Random Baselines Fractal Features
Baseline_U Baseline. W | Num_F 1D_Proj 2D_Proj In_db Sample_db
Accuracy 2.5 3.0 65.5 65.4 66.5 63.3 61.1
Precision 2.6 2.4 59.8 56.8 57.7 54.4 54.1
Recall 2.4 2.4 60.1 57.5 58.4 55.4 54.4

Table 9.3.: Feasibility tests for fractal features. The baselines are: Uniform random guess and
weighted random guess. The fractal features from left to right: number of fractions,
1D projection, 2D projection, intra-fraction distribution, sampled distributions.

[103] after each ablation round to prevent the out-of-distribution issue. However, ROAR
is also controversial. The feature importance of ROAR depends on the magnitude of the
decline in accuracies of the retrained models, while several studies questioned whether
the explanations should be faithful to the original model or to the data [145], [152], [155].
One of the difficulties of explainability methods is the lack of ground truth, and exploring
more accurate and plausible explanations is the potential research direction.

Others

In this section we present additional results of FPF, including the feasibility of fractal
features, ablation studies and salinity checks for the explanations.

Feasibility of fractal features. To further confirm the effectiveness of fractal features, we
train a simple decision tree (max_depth = 20) with multiple fractal features and observe
whether the accuracies outperform the baselines. We consider two baselines, uniform and
weighted random guesses. The former assumes that each label has the same probability
of being guessed, while the latter is weighted according to the amount of data in each
class. As shown in Table 9.3, each fractal feature significantly outperforms the random
guess baseline.
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Module Augmentations Fractal features
Multitrac Rotat-Aug | NumF 1D_Proj 2D_proj Ir-db Sampte—db All
OA(%) 81.9 85.4 85.8 85.7 85.5 85.3 85.9 86.3
mAcc(%) 75.0 79.2 79.9 79.4 79.4 79.2 79.6 80.4
F1 75.3 79.8 80.3 80.2 79.9 79.5 79.9 81.1

Table 9.4.: Ablation study for modules. From left to right, the absent modules are: Multiple fractal
series, rotation augmentation, number of fractions, 1D projection, 2D projection, intra-
fraction distribution, sampled distributions. The last column indicates that all modules
are integrated.

Rotation vote. Rotation vote is a technique to further improve accuracy by rotating and
predicting an object multiple times and then performing a majority voting, which exhib-
ited superior results in several point cloud models [73], [109]. For FPF, we consider two
candidates: rotation votes with/without rotation augmentation (see the last subsection
of 9.3.2), which represent whether rotating information of the object is incorporated in
the training, respectively. Note that since the selection of rotation features is only pos-
sible before the attribution filtering, we only compare the performance with raw model.
Surprisingly, rotation vote yields no performance boost for FPF and the accuracy even
collapses if rotation augmentation is not employed. We believe the reason is that the
fractal features dramatically change with rotations, evidenced by the degradation of per-
formance after ablation of the rotation augmentation in Table 9.4. The solution is to learn
more fractal features at different rotation angles, which however leads to more time con-
suming.

Ablation study. We decompose and ablate each module of FPF in turn, and record the
corresponding accuracies. For ablating multiple fractal series, we calculate the results for
fractal windows with different sizes individually and take the average. For the rotation
enhancement, we simply set R = 1. For the remaining fractal features, we remove them
sequentially from the aggregated features. We train a new random forest model after each
ablation in order to avoid the out-of-distribution issue. The results are demonstrated in
Table 9.4. The absence of each module results in a degradation of accuracy, while the
drop is more significant when employing single size of fractal windows.

Sanity checks. Due to the lack of ground truth, there are few metrics available to assess
the plausibility of explanations. Among them, salinity check [156] is an important indi-
cator. The fundamental idea is that the generated explanation should be relevant to the
model, and the collapse of the explanation is supposed to be observed as the model is
randomized.

Due to the utilization of random forest, we can hardly modify arbitrary layers of the model
as in [156]. Instead, we randomize certain percentages (from 10% to 100%) of decision
trees that are randomly selected from the forest. However, it is challenging to edit the
weights of decision trees directly, we therefore randomize the chosen trees by retraining
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Figure 9.5.: Results of sanity checks. The left side is the intrinsic feature importance, and the
right side is the group feature ablation. The blue, orange and green lines denote
fractal windows, rotation and hand-crafted features respectively.The x and y axes
denote the percentage of randomized trees and Krippendorff’s « score, respectively.

them with random labels. For evaluating the similarity of explanations, we follow [156]
using Krippendorff’s o [92], which is formulated as:
D,

a=1-— D. (9.3)
where D, and D, are the disagreements observed and expected by chance respectively. If
the Krippendorft’s o approaches 1, the two explanations are highly analogous, while if it
approaches 0, they are almost independent (Negative values indicate an inverse proxim-
ity). As the results in Fig. 9.5 demonstrate, the grouped feature ablation passed the salin-
ity check, where the more trees are randomized, the closer Krippendorff’s o converges
to zero. However, the intrinsic feature importance is shown to be flawed. Though the
a-value of the fractal window feature is rapidly corrupted, there is minimal decrease with
respect to the rotation feature, and almost no changes in the hand-crafted feature. This
can be attributed to that the interpretation based on Gini impurity suffers from neglect of
low cardinality features, while the correlation between features also raises problem due
to the absence of retraining.

Conclusion

In this chapter, we propose a non-deep learning point cloud classification pipeline FPF.
By extracting statistical features from fractal windows, FPF enables traditional machine
learning models to achieve comparable performance to deep learning. Through experi-
ments on different datasets, we demonstrate that compared to DNNs, FPF are not only
faster but, more importantly, possess better interpretability.

Starting from the next chapter, we analyze the internal properties of point cloud clas-
sifiers and reveal the interior workings of point cloud models through the lens of those
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interesting observations. We begin with an adversarial analysis of commonly employed
models and datasets, addressing the issue of the sensitivity of critical points to predic-
tions.
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10.1.

Explainability-Aware One Point Attack
for Point Cloud Neural Networks

In Chapter 6, we introduce the method of generating saliency maps of point clouds, and
it responds to which critical points in the inputs are important for the prediction results.
Nonetheless, a discussion of the crucial degree of these points, i.e., the extent to which
they can impact model predictions, is absent. In this chapter, we address this issue with
a thorough analysis of the sensitivity of predictions to critical points with adversarial at-
tacks. We propose two adversarial methods: One Point Attack (OPA) and Critical Traver-
sal Attack (CTA), which target the points crucial to predictions more precisely by incor-
porating explainability methods. Our results show that popular point cloud networks can
be deceived with high success rate by shifting only one point from the input instance. We
also demonstrate the interesting impact of different point attribution distributions on the
adversarial robustness of point cloud networks. We discuss how our approaches facilitate
the explainability study for point cloud networks. To the best of our knowledge, this is
the first point-cloud-based adversarial approach concerning explainability.

Introduction

Addressing the analysis of critical point sensitivity mentioned in Sec. 1.3.2, several at-
tempts have been made to investigate the adversarial attacks on point cloud networks,
e.g., [148] and [121]. The first series (shape-perceptible), represented by [148], although
produce geometrically continuous adversarial examples with external generative mod-
els, fundamentally aim at deceiving the human eyes and therefore ignore the constraints
on the perturbation dimensions. Another series (point-shifting) represented by [121] has
shown a possibility that moving (dropping or adding) points at crucial positions can suc-
cessfully fool the classifier. Nevertheless, most of such studies have only focused on
minimizing perturbation distances for imperceptibility. Conversely, we start from a dif-
ferent perspective by exploring attacks on point cloud networks with a minimal number
of perturbed points. Additionally, we argue that existing choices of critical points could
be further optimized incorporating explainability approaches.

In comparison to previous studies, our work is motivated by the following reasons:

Model operating principle: Part of the point-shifting methods also deceived the classifier
by perturbing critical points, however, we argue that their selection of critical points is
flawed. Since most of the selection methods for critical points are based on gradients
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only, and existing studies [58], [84] have demonstrated that raw gradients suffer from
saturation issues and are therefore biased. On the other hand, [139] demonstrated that
feature attributions for point cloud classification networks are extremely sparse, while
no work has specifically studied how these attributions are distributed among the critical
points as well as their impact on the prediction sensitivity.

Potential for explainability: Another possibility of one-dimensional perturbations is ex-
plainability. The explainability method called counterfactuals alters the prediction la-
bel by perturbing the input features to provide a convincing explanation to the users.
Previous research has documented that humans are more receptive to counterfactuals
with sparse-dimensional perturbations [14], [21], [146]. For high-dimensional decision
boundaries like point clouds, reduction of perturbation dimension is an important way to
enhance the comprehensibility of the vicinity, which can be regarded as "cutting the in-
put space using very low-dimensional slices” [117]. Furthermore, by incorporating part
semantics, our approach has the potential to be extended for generating high-quality
counterfactuals. Moreover, ours require only the access of gradients and no additional
generative models, and are therefore more intrinsically explainable.

Altogether, the contributions of this work can be summarized as follows:

« We propose two explainability methods-based adversarial attacks: One Point At-
tack (OPA) and Critical Traversal Attack (CTA). Incorporating the attribution from
explainable A, our methods fool the popular point cloud networks with high suc-
cess rate. Supported by extensive experiments, a significant margin is established
with existing approaches in terms of the perturbation sparsity.

« We investigate diverse pooling architectures as alternatives to existing point cloud
networks, which have an impact on the internal vulnerability against critical points

shifting.

» We discuss the research potential of adversarial attacks from an explainability per-
spective, and present an application of our methods on facilitating the evaluation
of explainability approaches.

The rest of the chapter is organized as follows: We introduce the related research of point
cloud attacks in Sec. 10.2, then we detailed our proposed methods in Sec. 10.3. In Sec. 10.4,
we present the visualization of the adversarial examples and demonstrate comparative
results with existing studies. In Sec. 10.5 we discuss interesting observations derived
from experiments with respect to robustness and explainability. We finally summarize
our work in Sec. 10.6.

Related Work

As the first work [29] on adversarial examples was presented, an increasing variety of
attacks against 2D image neural networks followed [30], [49], [51], [62], [68], [88]. How-
ever, due to the structural distinctions with point cloud networks, we do not elaborate on
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the attack methods of image DNNs. Relevant information about image adversarial exam-
ples refers to [85]. It is notable that [117] investigated one-pixel attack for fooling image
DNNs and also aimed at exploring the boundary of inputs. Nevertheless, their approach
is a black-box attack based on an evolutionary algorithm, which is essentially distinct
from ours.

Existing point cloud attacks are generally categorized into two classes: (i) Shape-perceptible
generation, which generates human-recognizable adversarial examples with consecutive
surfaces or meshes via generative models or spacial geometric transformations [140],
[148], [149], [158], [161], [162], [170], [178]. (ii) Point-shifting perturbation, which reg-
ularize the distance or dimension of the point-wise shifting via perturbing or gradient-
aware white-box algorithms [108], [120], [121], [126], [153], [169]. Point-wise perturba-
tions, especially gradient-aware attack methodologies, enable more intrinsic explorations
of the model such as stabilities and decision boundaries. On the other hand, from the per-
spective of explainability, the majority of generative models contain complex network
structures that are inherently unexplainable. Utilizing their output to interpret another
model is counter-intuitive.

The conception “critical points” has been discussed by several previous studies as well
as the PointNet proposer [69], which forms the skeletons of the input instances in the
classification processes. Existing methods [120], [121], [126], [169] extract the critical
points by tracing the ones that remain active from the pooling layer, or by observing the
gradient-based saliency maps. While such approaches succeed in generating adversarial
examples with minor perturbation distances and sparse shift dimensions, we argue that
their modules for selecting critical points can be further optimized. Due to the subsequent
FC layers, it is difficult to determine whether the surviving points from the pooling layer
conclusively make significant contributions to the prediction. Besides, saliency maps
based on raw gradients are defective [58], [84]. The above factors may result in the in-
volvement of fake critical points or omission of real ones during the perturbation process,
which severely impairs the performance of the adversarial algorithms.

Explainability has been gaining attention in recent years. Popular explainability meth-
ods can be broadly categorized into gradient-based [28], [33], [35], [76], [77], [78], which
requires the access of the gradient information, and perturbation-based [54], [65], [96],
which is model-agnostic. In addition, counterfactual explanations [99] is proposed for
tabular data by modifying selected features to induce the model to make different predic-
tions. The properties of counterfactuals are identical to the adversarial examples, there-
fore attack methods may possess similar explainability potentials [132].

Methods

In this section, we formulate the adversarial problem in general and introduce the critical
points set (Subsec. 10.3.1). We present our new attack approaches (Subsec. 10.3.2).
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Problem Statement

Let P € RY*P denotes the given point cloud instance, Fpc : P — y denotes the chosen
point cloud neural network and M (a, b) : R™*?xR™*¢ denotes the perturbation matrix
between instance a and b. The goal of this work is to generate an adversarial examples
P’ € R *? which satisfies:

argmin( }{m € M(P,P'))m #0} |

(10.1)

+[[M(P,PY))|) : Fpc(P') # Fpc(P)
Note that among the three popular attack methods for point cloud data: point adding
(n’ > n), point detaching (n’ < n) and point shifting (n" = n), this work considers point
shifting only.

We address the adversarial task in equation 10.1 as a gradient optimization problem. We
minimize the loss on the input point cloud instance while freezing all parameters of the
network:

L=ax Z[Fpc(P)|+ B x D(P,P) (10.2)

where « indicates the optimization rate, Z[Fpc(P)] indicates the neuron unit corre-
sponding to the prediction Fpc( P) which guaranties the alteration of prediction, D(P, P’)
represents the quantized imperceptibility between the input P and the adversarial ex-
ample P’ and [ is the distance penalizing weight. The imperceptibility has two major
components, namely the perturbation magnitude and the perturbation sparsity. The per-
turbation magnitude can be constrained in three ways: Chamfer distance (equation 10.3),
Hausdorff distance (equation 10.4) or simply Euclidean distance. We ensure perturbation
sparsity by simply masking the gradient matrix, and with the help of the saliency map
derived by the explainability method we only need to shift those points that contribute
positively to the prediction to change the classification results, which are termed as “crit-
ical points set”.

Critical points set: The concept was first discussed by its proposer [69], which con-
tributes to the features of the max-pooling layer and summarizes the skeleton shape of
the input objects. They demonstrated an upper-bound construction and proved that cor-
ruptions falling between the critical set and the upper-bound shape pose no impact on the
predictions of the model. However, the impairment of shifting those critical points is not
sufficiently discussed. Previous adversarial researches studied the model robustness by
perturbing or dropping critical points set identified through monitoring the max-pooling
layer or accumulating loss of gradients [120], [121], [126], [169]. Nevertheless, capturing
the output of the max-pooling layer struggles to identify the real critical points set due
to the lack of transparency in the high-level structures (e.g., multiple MLPs following the
pooling layer), while saliency maps based on raw gradients suffer from saturation [58],
[84], both of which severely compromise the filtering of the critical point set. We therefore
introduce IG [78], the state-of-the-art gradient-based explainability approach, to further
investigate the sensitivity and robustness to the critical points set. The formulation of IG
is summarized in equation 2.1.
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Similarity metrics for point cloud data: Due to the irregularity of point clouds, Manhat-
tan and FEuclidean distance are both no longer applicable when measuring the similarity
between point cloud instances. Several previous works introduce Chamfer [121], [124],
[148], [149], [162], [169], [178] and HausdorfF [121], [124], [127], [149], [162], [169] dis-
tances to represent the imperceptibility of adversarial examples. The measurements are
formulated as:

« Bidirectional Chamfer distance
1

D%’H(Pavpb) = 1p Z min Hpm_anQ
|Pa| PEP Pn€EPR,
] e (10.3)
+ 57 Z min [|pn, — pmll,
|Pb’ anPbpm,EPa
« Bidirectional HausdorfT distance
Dp(Fa, By) = max(max( min |[pm —pals),
=t (10.4)

ma:zt( I’IIEII}D ||pn _pm||2))

m a

Attack Algorithms

One-Point Attack (OPA): Specifically, OPA (see algorithm 10.1 for pseudo-code) is an
extreme of restricting the number of perturbed points, which requires:

[{m € M(P,P'))lm #0} | =1 (10.5)

We acquire the gradients that minimize the activation unit corresponding to the original
prediction, and a saliency map based on the input point cloud instance from the expla-
nation generated by IG. We sort the saliency map and select the point with the top-n
attribution as the critical points (n = 1 for OPA), and mask all points excluding the crit-
ical one on the gradients matrix according to its index. Subsequently the critical points
are shifted with an iterative optimization process. An optional distance penalty term can
be inserted into the optimization objective to regularize the perturbation magnitude and
enhance the imperceptibility of the adversarial examples. We choose Adam [31] as the
optimizer, which exhibits better performance for optimization experiments. The opti-
mization process may stagnate by falling into a local optimum, hence we treat every 25
steps as a recording period, and the masked Gaussian noise weighted by W,, is intro-
duced into the perturbed points when the average of the target activation at period k£ + 1
is greater than at period k. For the consideration of time cost, the optimization process is
terminated when certain conditions are fulfilled and the attack to the current instance is
deemed as a failure.

Critical Traversal Attack (CTA): Due to the uneven vulnerability of different point cloud
instances, heuristically setting a uniform sparsity restriction for the critical points pertur-
bation is challenging. CTA (pseudo-code presented in algorithm 10.2) enables the con-
straint of perturbation sparsity to be adaptive by attempting the minimum number of
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perturbed points for each instance subject to a successful attack. The idea of CTA is start-
ing with the number of perturbed points n as 1 and increasing by 1 for each local failure
until the prediction is successfully attacked or globally failed. Similarly, we consider the
saliency map generated by IG as the selection criterion for critical points, and the alter-
native perturbed points are incremented from top-1 to all positively attributed points.
Again, for accelerating optimization we also select Adam [31] as the optimizer. Since
most point cloud instances can be successfully attacked by one-point shifting through
the introduction of Gaussian noise in the optimization process, we discarded the noise-
adding mechanism in CTA to distinguish the experiment results from OPA. The afore-
mentioned local failure stands for terminating the current n-points attack and starting
another n + 1 round, while the global failure indicates that for the current instance the
attack has failed.

Algorithm 10.1 N)-critical Point(s) Attack. (/V,, = 1 for OPA)

Input: P — N X D point cloud data, f — point cloud neural network, o — Optimizing
rate, 5 — Weight for constrain the perturbing distance(optional), D — Distance
calculating function(optional), N, — Number of shifting points(1 for One-point
attack), W,, — Gaussian noise weights

Output: P4, — N X D Adversarial example

Ajgr = Argsort(IG(P, f)) // Get IG mask of P
Rs = list() // Activation Recorder
Towr =1 // Current iteration
while True do
ap + Fpc(P) // Current activation of predicted class
G=axA,+ B D(Puq, P) // Add distance constrain(Optional)
Poay = Adam(Pygy, G[Aidz[0 : Npl]) /! Adam optimizing N points
Iyr +=1
Rs.append(ay)
/* Add masked Gaussian random noise if activation descending stopped */

if Rs[t] < Rs[t + 1] then
| Paay += Wy, x GaussianRandom(Ps)[Aiqz[0 : Np)]
end
/* Success if predict class changed */
if max(a)! = pred then
| return P,g4,
end
/* Fails if the stopping conditions related to IR, and I, are fulfilled ¥/
if Stopping criteria are fulfilled then
| return Failed
end

end
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Algorithm 10.2 Critical Traversal Attack (CTA)

Input: P — N X D point cloud data, f — point cloud neural network, o — Optimizing
rate, 5 — Weight for constrain the perturbing distance(optional), D — Distance
measuring function(optional)

Output: P4, — N x D Adversarial example

Ajgy = Argsort(IG(P, f)) // Get IG mask of P
Numpos = count(IG(P, f) > 0) // # Points with attribution >0
Ry = list()

Iyr =1

for N, from 1 to Num,,s do
while True do

ap < Fpc(P) // Activation of predicted class
G =axA,+ 3% D(Pug, P) // Add distance constrain(Optional)
Poay = Adam(Ppay, G[Aidz[0 : Np)]) // Adam optimizing N points
Icur +=1

Rs.append(ay)

/* Success if predict class changed */

if argmax(a,)! = pred then
| return P,q,

end
/* Current N, round fails if the local stopping conditions related to R, and I,
are fulfilled */
if Local stopping criteria fulfilled then
| break;
end
end
/* Current instance fails if the global stopping conditions are fulfilled */

if Global stopping criteria fulfilled then

| return Failed
end
return Failed

end

143



10.4.

10.4.1.

10. Explainability-Aware One Point Attack for Point Cloud Neural Networks

Experiments

In this section, we present and analyze the results of the proposed attack approaches.
We demonstrate quantitative adversarial examples in Subsec. 10.4.2 and scrutinize the
qualitative result in Subsec. 10.4.1. Our experiments? are primarily conducted on Point-
Net [69], which in general achieves an overall accuracy of 87.1% for the classification
task on ModelNet40. Moreover, we extended our approaches on the most popular point
cloud network PointNet++ [73] and DGCNN [119], which outperform the point cloud
classification task with 90.7% and 92.2% accuracies respectively. We also experiment on
PointMLP [184], the state-of-the-art classification model to date, which achieves the best
accuracy of 94.5% on ModelNet40. Modelnet40 [45], our main experimental dataset, con-
tains 12311 CAD models (9843 for training and 2468 for evaluation) from 40 common
categories, and is currently the most widely-applied point cloud classification dataset. We
randomly sampled 25 instances for each class from the test set, and then selected those
instances that are correctly predicted by the model as our victim samples. When config-
uring parameters, the optimization rate « is empirically set to 1075, which performs as
the most suitable step size for PointNet after grid search. Specifically for OPA, we set the
Gaussian weight W,, to 10~1, which proved to be the most suitable configuration. For
CTA, we investigate both 5 = 0 and 1e — 3. We also validate our methods on ShapeNet
[36] dataset. All attacks performed in this section are non-targeted unless specifically
mentioned. In all experiments, we only compare the performance among point-shifting
attacks, motivated by exploring the peculiarities of point cloud networks. Though previ-
ous shape-perceptible approaches such as [140], [148], [161], [162], [178] also addressed
adversarial studies of point clouds, they were devoted to generate adversarial instances
with human-perceptible geometries. Therefore, comparison of perturbation distances and
dimensions with their works is not relevant.

Quantitative evaluations and comparisons

In this section, we compare the imperceptibility of proposed methods with existing at-
tacks via measuring Hausdorff and Chamfer distances as well as the number of shifted
points, and demonstrate their transferability among different popular point cloud net-
works. Additionally, we show that CTA maintains a remarkably high success rate even
after converting to targeted attacks.

Imperceptibility: We compare the quality of generated adversarial examples with other
point-shifting researches under the aspect of success rate, Chamfer and Hausdorff dis-
tances, and the number of points perturbed. As Tab. 10.1 shows, compared to the ap-
proaches favoring to restrict the perturbation magnitude, despite the relative laxity in
controlling the distance between the adversarial examples and the input instances, our
methods prevail significantly in terms of the sparsity of the perturbation matrix. Simul-
taneously, our methods achieve a higher success rate, implying that the network can be
fooled for almost all point cloud instances by shifting a minuscule amount of points (even

2Qur code is available at https://github.com/Explain3D/Exp-One-Point-Atk-PC
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S(1) Dz (1) Dy({) Npy(J)
L, Norm [121] 85.9 1.77x107% 238x1072 967
Minimal selection [169] 89.4 1.55 x 107*  1.88 x 1072 36
Adversarial sink [149] 88.3 7.65x 1073  1.92x 107! 1024
Adversarial stick [149]  83.7 493 x 1072  1.49 x 10! 210
Random selection [120] 55.6  7.47 x 1074 2.49 x 1073 413
Critical selection [120] 19.0 1.15 x 10~% 9.39 x 1073 50
Critical frequency [126] 63.2 5.72 x 10~* 2.50 x 1073 303
Saliency map/L [126]  56.0 6.47 x 1074 2.50 x 1073 358
Saliency map/H [126] 58.4 7.52x 107% 2.48 x 1073 424
Ours (OPA) 98.7 864x107* 845x 107! 1
Ours (CT Ag—o) 100 8.92x107* 819x 107! 2
Ours (CT Ap—1e—3)  99.6 7.73x107%  6.68 x 107! 6

Table 10.1.: Comparison of existing point-shifting adversarial generation approaches for Point-
Net, where S, D% 1> Dp, and N, denote the success rate, Chamfer and Hausdorff
distances and the number of shifted points respectively. Part of the records sourced
from [169]. It is worth noting that we only compare the gradient-based point-shifting
competitors. The upward (1) and downward (|) arrows indicate whether a larger or
smaller value is better, respectively.

Dataset S(1)  DiyW) Dy(1) Ny(1)
OPA ModelNet40 98.7 8.64 x 10~*% 8.45 x 107! 1

ShapeNet  95.1 8.39x 10?1 8.06 x 101 1
oTA ModelNet40 100 8.92 x 10~* 8.19 x 107! 2

ShapeNet 100 8.91 x 10~% 7.26 x 107" 3

Table 10.2.: Comparison of attack results with ModelNet40 and ShapeNet dataset.

one). Note that while calculating D% g and Dy, we employ the La-norm. Therefore, de-
spite the large Hausdorff distance, the average perturbation magnitude along each axis is
0.488. Considering that each axis of ModelNet40 is regularized into the interval [—1, 1],
this magnitude occupies 24.4% of the interval, which corresponds to an average pertur-
bation of 62.2 gray values in 2D grayscale images. We thus consider the perturbation
magnitude to be acceptable.

To eliminate potential bias, we also test the proposed attack methods with ShapeNet [36]
dataset. As Tab. 10.2 presents, our approaches perform similarly on the two different
datasets, and therefore the vulnerable bias in the data distribution of ModelNet40 can be
basically excluded.

In addition to PointNet, we also tested the performance of our proposed methods on
point cloud networks with different architectures. Tab. 10.3 summarize the result of at-
tack PointNet, PointNet++, DGCNN and PointMLP with both OPA and CTA respectively.
Both OPA and CTA achieve high success rate fooling those networks while only a single-
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Model S DEy) D)) Ny

o PN [69] 98.7 8.45x107% 8.64 x 107! 1
P PN++ [73] 99.1  1.58 x 1072  1.61 x 10! 1
4 DGCNN[119] 909 170 x 1073 1.69 1

PointMLP [184] 529 1.91 x 1073 1.90 1
c PN [69] 100 8.92x10~% 819 x 107! 6
T PN++ [73] 995 1.22 x 1072 8.90 6
5 DGCNN [119] 100 2.13 x 1073 1.48 3

PointMLP [184] 99.8 3.77x 1072 9.83x 107! 13

Table 10.3.: Comparison of attack results on PN(PointNet), PN++(PointNet++), DGCNN and
PointMLP.

digit number of points are shifted. PointMLP seems to be the most stable model, and we
speculate that this is attributed to the affine module of relative position [184]. Intuitively,
point cloud neural networks appear to be more vulnerable compared to image CNNs
([117] is a roughly comparable study since they also performed one-pixel attack with the
highest success rate of 71.66%. An opposite conclusion has been drawn by [121], they
trained the PointNet with 2D data and compared its robustness with 2D CNNs against
adversarial images. Nevertheless, we argue that the adversarial examples are generated
by attacking a 2D CNN, such attacks may not be aggressive for PointNet, which is specif-
ically designed for point clouds.

Transferability: We investigate the transferability of proposed attacks across different
point cloud networks by feeding the adversarial examples generated by one network to
the others and recording the success rate. Fig. 10.1 presents the adversarial transfer-
ability between PointNet, PointNet++, DGCNN and PointMLP. What stands out in the
figure is that PointNet++, DGCNN, PointMLP show strong stability against the adversar-
ial examples from PointNet. We believe this is because the aggregated adjacency features
disperse the attribution of a single point. Recall the EdgeConv [119] in DGCNN, which
extracts adjacent features in both point and latent spaces, while PointNet++ possesses
a similar module that aggregates neighboring points [69], which can be considered as a
point-space-only EdgeConv. Such an integration distributes the feature contribution to
multiple adjacent points, and a modest shifting of one point has limited impacts on the
aggregated cluster. For PointMLP, this module transforms into affines of relative-position
encodings [184]. Despite the involvement of adjacent points information, the features of
relative positions may be severely corrupted if the centroids are perturbed. However, the
feature extractor in PointNet can also be regarded as a special EdgeConv with K = 1,
preserving the location information of the central point only, and therefore is more sen-
sitive to the perturbation. Surprisingly, PointNet++ performs stably against adversarial
examples from DGCNN and PointMLP, while the opposite fails. We consider the stability
of PointNet++ stems from the multi-scale(resolution) grouping, where latent features are
concatenated by grouping layers at different scales, resulting in more points involved in
the aggregation.
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-1.0
PN- 1 0.071
- 0.8
PN++- 0.95 1 0.93 0.79
0.6
DGCNN- 0.83 0.051 0.4
0.2

PointMLP- 0.82 0.096

PN PN+ DGCNN  PaintMLP
Transferability: 59.4%

Figure 10.1.: Transferability for PointNet, PointNet++, DGCNN and PointMLP. Networks on the
rows and columns denote from which victim networks the adversarial examples
are generated and to which those examples are transferred respectively. Brighter
squares denote higher transferabilities. The total transferabilities under the matri-
ces are the averages of the off-diagonal values of corresponding methods.

Targeted attack: We also extend the proposed methods to targeted attacks. To alleviate
redundant experiment procedures, we employ three alternatives of conducting ergodic
targeted attack: random, lowest and second-largest activation attack. In the random acti-
vation attack we choose one stochastic target from the 39 labels (excluding the ground-
truth one) as the optimization destination. In the lowest and second-largest activation
attack, we decrease the activation of ground truth while boosting the lowest or second-
largest activation respectively until it becomes the largest one in the logits. The results,
as shown in Tab. 10.4, indicate that though the performance of OPA is deteriorated when
converting to targeted attacks due to the rigid restriction on the perturbation dimension,
CTA survived even the worst case (the lowest activation attack) with a remarkably high
success rate and a minuscule number of perturbation points. We also demonstrate the
results from LG-GAN [162], which also dedicates to targeted attack for point cloud net-
works. In comparison, CTA achieves an approximated success rate with a much smaller
D% - Note that their approach is based on generative models and the comparison is for
reference only.

Adversarial examples visualization

Fig. 10.2 visualizes two adversarial examples for OPA and CTA respectively. Interest-
ingly, in CTA, regardless of the absence of the restriction on the perturbation dimension,
there are instances (e.g. the car in CTA) where only one-point shifting is required for an
adversarial example.
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Pattern  S(1)  DZy(}) Dy(d)  Npy(})
O Second-largest 585 9.49 x 10~% 9.33 x 107! 1
P Random 209 1.06 x 1072 1.08 x 10! 1
A Lowest 63 4.73x1073 4.80 1
C Second-largest 99.5 1.55x 10> 8.14 x 107! 5
T Random 97.7 5.75 x 1073 2.31 10
A Lowest 99.0 8.52 x 1073 3.06 13

LG-GAN [162] 98.3 3.80 x 1072 - -
Table 10.4.: Targeted OPA and CTA on PointNet. Targeting all labels for each instance in the test
set is time-consuming. Therefore, we generalize it with three substitutes: random,

the second-largest and the lowest activation in the logits. We also show the results
of LG-GAN as a reference.

OPA CTA

Keyboard Toilet Nightstana Vase Airplane Plant

Figure 10.2.: Adversarial examples for OPA and CTA. INV,, denotes how many points are shifted.

Discussion

In this section, we present our viewpoint concerning the robustness of point cloud net-
works (10.5.1) and discuss the potential of OPA from the viewpoint of explainability
(10.5.2).

Structural stability of point cloud networks

Plenty of researches have discussed defense strategies against intentional attacks for point
cloud networks [108], [124], [127], [149], [153], [162], [169], [178], the majority of which
were with respect to embedded defense modules, such as outlier removal. However, there
has been little discussion about the stability of the intrinsic architectures. Inspired by
[153] who investigated the impacts of different pooling layers on the robustness, we re-
place the max-pooling in PointNet with multifarious pooling layers. As Tab. 10.5 shows,
although PointNet with average and sum-pooling sacrifice 3.3% and 10.4% accuracies in
the classification task, the success rates of OPA on them plummet from 98.7% to 44.8%
and 16.7% respectively, and the requested perturbation magnitudes are dramatically in-
creased, which stands for enhanced stabilization. We speculate that it depends on how
many points from the input instances the model employs as bases for predictions. We
calculate the normalized IG contributions of all points from the instances correctly pre-
dicted among the 2468 test instances, and we also introduce the Gini coefficient [15] to
quantify the dispersion of the absolute attributions which is formulated as:
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21 2= llail — layl|

G = o2l (10.6)
Acc. ST) D.({) Dp(]) Npos  Gini.
Max-pooling ~ 87.1 987 8.45x10~* 8.64 x 10~! 3972 0.91
Average-pooling  83.8 44.8 2.94 x 1073 2.96 7185  0.53
Median-pooling 745 0.9 1.28x 107* 9.55 x 1072 548.1 0.57
Sum-pooling ~ 76.7 16.7 2.50 x 1073 2.53 868.2 0.49

Table 10.5.: Model accuracies, success attacking rates, average Chamfer and Hausdorff distances
of OPA on PointNet with max, average, median and sum-pooling on the last layer
respectively. The evaluation accuracy is also presented in the second column. N,
denotes how many points are positively attributed to the prediction, and Gini. de-
notes the Gini coefficient of the corresponding attribution distributions.

where a is the attribution mask generated by IG. We demonstrate the corresponding re-
sults in Tab. 10.5 and 10.6. There are significant distributional distinctions between the
max, average and sum-pooling architectures. PointNet with average and sum-poolings
adopt 70.18% (718.5 points) and 84.78% (868.2 points) of the points to positively sustain
the corresponding predictions, where the percentages of points attributed to the top 20%
are 0.65% (6.7 points) and 1.16% (11.9 points), respectively, while these proportions are
only 38.79% (397.2 points) and 0.15% (1.5 points) in the max-pooling structured PointNet.
Moreover, the Gini coeflicients reveal that in comparison to the more even distribution
of attributions in average (0.53) and sum-pooling (0.49), the dominant majority of attri-
butions in PointNet with max-pooling are concentrated in a minuscule number of points
(0.91). Hence, it could conceivably be hypothesized that for point cloud networks, involv-
ing and apportioning the attribution across more points in prediction would somewhat
alleviate the impact of corruption at individual points on decision outcomes, and thus
facilitate the robustness of the networks. Surprisingly, median-pooling appears to be an
exception. While the success rate of OPA is as low as 0.9%, the generated adversarial
examples only require perturbing D, = 9.55 x 10~2 in average (all experiments sharing
the same parameters, i.e. without any distance penalty attached). On the other hand,
despite that merely 53.53% (548.1) points are positively attributed to the corresponding
predictions, with only 0.23% (2.4 points) of them belonging to the top 20%, which is
significantly lower than the average and sum-pooling architectures, median-pooling is
almost completely immune to the deception of OPA. We believe that median-pooling is
insensitive to extreme values, therefore the stability to perturbations of a single point is
dramatically reinforced.

Towards explainable point cloud models

Despite the massive number of adversarial methods that contribute to the model robust-
ness for computer vision tasks, to our best knowledge, none has discussed the explain-
ability of point cloud networks. However, we believe that the adversarial methods can
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Top 20% Top 40% Positive

Max-pooling 0.15% 0.23%  38.79%
Average-pooling  0.65% 2.12%  70.18%
Median-pooling  0.23% 0.59%  53.53%
Sum-pooling 1.16% 4.53%  84.78%

Table 10.6.: Overview of the percentage of top-20%, top-40% and positive attributed points with
four different pooling layers.

facilitate the explainability of the models to some extent. Recall the roles of counterfactu-
als in investigating the explainability of models processing tabular data [99]. Counterfac-
tuals provide explanations for chosen decisions by describing what changes on the input
would lead to an alternative prediction while minimizing the magnitude of the changes
to preserve the fidelity, which is identical to the process of generating adversarial ex-
amples [134]. Unfortunately, owing to the multidimensional geometric information that
is unacceptable to the human brain, existing image-oriented approaches addressed the
counterfactual explanations only at the semantic level [102], [157].

Several studies have documented that a better counterfactual needs to be sparse because
of the limitations on human category learning [146] and working memory [14], [21].
In addition, previous adversarial studies on images have also suggested that unidimen-
sional perturbations contribute to depicting relatively perceptible vicinities and bound-
aries [117]. Fig. 10.3 compares the visualization of multidimensional and unidimensional
perturbations. The latter, though larger in magnitude, shows more clearly the perturba-
tion process of the prediction from “car” to radio”, and makes it easier to perceive the
decision boundary. Conversely, while higher dimensional perturbations perform better
on imperceptibility for humans, they are more difficult for understanding the working
principles of the model.

In addition, we found another application where the proposed method facilitate the ex-
plainability. Evaluating explanations is a major challenge for explainability studies due
to the lack of ground truth [163]. An intuitive idea is sensitivity testing, i.e., perturb-
ing features in the explanation that possess high attributions and observing whether the
prediction results dramatically change. Theoretically, in our methods, a more accurate
explanation induces a more precise selection of critical points, and therefore a higher suc-
cess rate when perturbing them for generating adversarial examples. Tab. 10.7 presents
the attack performance utilizing gradient-based explainability methods: Vanilla Gradi-
ents [32], Guided Back-propagation [41] and IG as the critical identifier respectively. Our
results are consistent with [139] and [1], the performance of IG is comparatively better
than that of Vanilla Gradients and Back-propagation.
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Car—Plant: N =1024 Car—Radio:OPA OPA Shifting Process

Figure 10.3.: Intuitive visualization of multidimensional shifting(left), unidimensional OPA shift-
ing(middle) and the shifting process of OPA(right). In the right plot, the redder the
point the higher the confidence for label ”car”. In the right plot the green point in-
dicates that the prediction is altered.

Mtds.  S(1) D.(]) Dy(l) Np(d)
VG 825 820x10% 8.01x10! 1

GB 834 821 x107% 8.02x 1071 1
IG 98.7 864x107% 845 x 1071 1

Table 10.7.: OPA performance utilizing various gradient-based explainability methods to identify
the critical points, where VG, GB and IG denote Vanilla Gradients [32], Guided Back-
propagation [41] and Integrated Gradients respectively.

Conclusion

As the first attack methods for point cloud networks incorporating explainability, we
demonstrate the importance of individual critical points by analyzing the impact of per-
turbations of critical points in the input point cloud on the prediction. Such importance
raises the question of whether critical points are the sole basis for point cloud models
to make decisions? In the next chapter, we delve into the intermediate layers inside the
model to shed light on this question. We analyze the correlations between the learned
spatial geometric contours and the latent feature in the intermediate layers of the model,
and illustrate an observation that the contours of objects are learned by the model and
recorded in the activation distribution of the intermediate layers. Based on this obser-
vation, we propose an activation maximization method that does not rely on generative
models, while still reconstructing the contours of the real objects with high quality.
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11.1.

Do Point Cloud Models Learn Object
Contour Features?

In the previous chapter we analyze the impact of critical points on prediction through an
adversarial black-box approach, which demonstrates that the prediction of point cloud
models strongly depends on the location of those critical points. This observation raises
the question: Are point cloud models learning the spatial geometry contours of objects,
or are they simply predicting based on critical points? In this chapter, we propose a
novel observation: the point cloud models with PointNet-like structure effectively learn
the contours of 3D objects in their intermediate layers. This observation presents a coun-
terfactual for the existing view that point cloud models make decisions based on critical
points. Besides, it analyzes the learned contour features of point cloud models and pro-
vides a novel inspiration for point cloud synthesis. Based on this observation, we fur-
ther propose an application called “Latent Activation Maximization” (Latent AM). Latent
AM is a point cloud global explainability method which requires only the classifier to
be explained and generates much higher quality explanations than other non-generative
model-based AMs. We believe this observation will be an important contribution to fu-
ture research in the areas of point cloud network transparency as well as 3D instance
synthesis.

Introduction

In Sec. 1.3.2, we discussed the necessity of analyzing the internal structure of point cloud
models, and due to the architectural differences of point cloud models (see Chapter 6),
investigating the latent features learned by these models may bring new perspectives to
explainability research for point clouds. In this chapter, we present a novel observation:
the intermediate layers of point cloud models with PointNet-like structure [69] effectively
learn the contours of 3D objects. We reconstruct the profile of the corresponding cate-
gory by aligning the latent vectors in the intermediate layers of the classifier without any
external module (e.g., incorporating generative models).

To exhibit the potential of this observation, we further propose an explainability applica-
tion, namely Latent AM. Latent AM is a global explainability method based on Activation
Maximization (AM) [25], which significantly improves the quality of explanations com-
pared to other non-generative model-based point cloud AM methods, while reducing the
computational intensity and technical barriers to training generative models, and more
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importantly, eliminating doubts about the information sources in the explanations com-
pared to other generative model-based approaches. In summary, our contributions are as
follows:

« We present an important observation that the intermediate layers of PointNet-like
structured models effectively learn the contours of 3D objects. This observation has
two important implications as follows: a) it provides a counterfactual to existing
studies which consider that the predictions of point cloud models highly depend on
critical points [126], [136], [139], [7], b) it offers a new potential for explainability
studies of point cloud models based on latent features, and c) it opens up a novel
way to synthesize human-perceptible point cloud instances without incorporating
any generative model.

+ Based on this observation, we provide an application, Latent AM, which gener-
ates global explanations with significantly higher quality than other non-generative
model-based AM approaches. Despite the limited applicability, Latent AM still ex-
hibits great potential of the proposed observation for explainability and synthesis.

Related Work

Point cloud explainability is so far not adequately investigated. [126] identify points
that are critical for prediction through perturbation, and other studies [139], [1] attempt
to transplant explainability methods from images so that they are also applicable to point
clouds. [6] is the sole study of point cloud AM, which demonstrates that traditional reg-
ularizations (such as Ls-norm) are incapable of generating perceptible explanations, and
proposes an autoencoder-based approach that samples and optimizes explanations from
real object distributions. However, these approaches either treat the entire model as a
black box, neglecting to delve into the internal properties of the classifier, or resort to
external generative models, leading to uncertainty about the source of the information
brought to the users. Moreover, existing transparency studies conclude that point cloud
decisions are determined by a few critical points [126], [136], [139], [7]. We experimen-
tally present a counterfactual that the model effectively learns the global contours of 3D
objects and records the outline information in a fraction of its components.

Observation

Latent activation discrepancy (LAD)

We then elaborate on the observation of latent activation discrepancies. We train a Point-
Net [69] on ModelNet40 [45] and predict the instances from the testset. In predicting an
instance P! from class ¢, we record the neuron activations of each intermediate layer,
denoted as 1. In parallel, we randomly select two other instances P2 and ch/ (c # )
in the testset from the same and different categories as P!, respectively, predict them
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Figure 11.1.: Spearman’s p in the activation of neurons within the model when predicting in-
stances (a) from the same (red) and different classes (blue) and (b) from Real vs.
N-Gen (green) and Real vs. Gen (purple), respectively. The y-axis indicates the co-
sine similarity and the x-axis is the name of each layer of PointNet. In the x-axis,
fT, fc, and c denote feature Transform modules (T-net [69]), FC layers, and convo-
lutional layers, respectively. For instance, fT2.c3 represents the third convolutional
layer in the second feature Transform module. Furthermore, we also exploit Cosine
similarity and Pearson’s coefficients to compute the similarity of activations at each
layer, with results analogous to Spearman’s p.

and obtain two additional activation sequences 12 and 13, respectively. Subsequently,
we assess the rankings similarities between {18,2} and {1}, 43}, respectively, with
Spearman’s p, obtaining two similarity p’,,.. and p}; > which represent the similarity in
the degree of neuron activations across all layers when the classifier predicts instances
from the same class and different classes, respectively. We repeat the above process until
all instances in the testset are evaluated once. Finally, we statistically average the two
similarities respectively and demonstrate them in Fig. 11.1 (a).

As can be observed from the figure, the major difference in the activation of the inter-
mediate layers in the classifier when predicting instances from the same and different
categories is reflected in layer fT'1.fc2 and fT12.fc2 (layers circled in green), and the
secondary difference is reflected in the layer f7'1.fcl (layers circled in yellow). We term
this difference as Latent activation discrepancy (LAD). We ignore the last two layers (fc2
and fc3) because they are related to differences in predictions (logits). The reason for the
low similarity of all the convolutional layers is that they are 1 x 1 in size and serve to ex-
tract local point-wise features. In contrast, fully-connected (FC) layer is mostly set behind
a max-pooling layer for extracting global features. Objects from the same class normally
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Airplane (98%) Airplane (99%) Airplane (99%)

Figure 11.2.: Three different instance types, all of which are classified by the classifier as “Air-
plane” with high confidences. From left to right: real instances (Real), AM instances
generated without regularization (N-Gen) and regularized by a generative model [6]
(Gen), respectively.

have similar profiles and therefore share a higher intermediate activation similarity, and
vice versa.

Based on the above observation we propose the conjecture that contour information may
be efficiently learned by those intermediate layers whose similarity varies widely in
predicting inputs from same and different classes (Conj. 1). We will verify the conjecture
by further experiments in the next subsection.

LAD for synthesized vs. real data

To further verify the conjecture, we specialize in inputs that are classified by the model
into an identical category. To preserve the predictions as consistent as possible, we syn-
thesize point cloud instances leveraging the Activation Maximization (AM) [25] tech-
nique, which ensures that the synthesized instances are classified by the model with a
confidence level that is approximate to or higher than real objects.

We obtain three types of data through sampling from the dataset and AM synthesis, which
are: real objects (Real), objects synthesized by AM without regularization (N-Gen), and
those regularized by an Autoencoder [6] (Gen). A group of examples is shown in Fig. 11.2.
Note that the commonality of the above three inputs is that they are all classified into the
same class by the classifier and win exceedingly high confidence. Their properties are
that Real is sampled from the dataset and possesses realistic and natural contours, the
shape of Gen is slightly flawed but approximately identical to Real and can be clearly
recognized, whereas N-Gen does not have regular outline at all.

We set up two comparison groups, Real vs. N-Gen and Real vs. Gen, and repeat the
experiments in Sec. 11.3.1 (again testing each instance in the testset), yielding the results
shown in Fig. 11.1 (b). It can be observed that the activation similarity of Real vs. Gen is
much higher than that of Real vs N-Gen on specific layers, and the layers where there is a
large difference occur to be f1'1.fc2 and f1°2. fc2 as well (circled in red), consistent with
the previous experiment. Minor differences exist in other layers, reflected in f7'1.fcl,
fT2.fcl and fT2.fc3 (circled in cyan). Note that in this comparison, differences in
predictions due to categories are almost ruled out, i.e., the p of the two curves at fc2 and
fc3 are nearly identical. Additionally, we observe another interesting phenomenon, i.e.,
when we compare the two curves: instances from the same class with Real vs. Gen, and
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instances from different classes with Real vs. N-Gen, respectively, we find that the two
similarities are highly approximated.

From the above experiments we draw the following conclusions: for part of the interme-
diate layers in the classifier, a) when the classifier predicts instances from the same class,
their activations are highly analogous, b) when the classifier predicts instances from dif-
ferent classes, they are activated with low similarity, c) when the classifier predicts real
objects and instances synthesized with generative models, the result is similar to a), d)
When the classifier predicts real objects and instances synthesized without generative
models, the result is similar to b), and d) their activation cases are highly approximate
when the classifier predicts instances of the same category and instances synthesized
with generative models, as well as when predicting instances from different categories
and those synthesized without generative models. With the a priori knowledge that in-
stances of the same class share similar contours with those synthesized by generative
models, and that contours differ more between instances of different classes and those
synthesized by non-generative models, we verified Conj. 1. In addition, we propose a fur-
ther conjecture: Contours learned by the intermediate layers can be extracted through
aligning those layers whose activations are dissimilar when the classifier predicts in-
stances with distinct profiles (Conj. 2).

PointNet-like architectures

We try various point cloud classifiers, but observe that only those with PointNet-like
structures yield the above phenomena, specifically, PointNet [69] and PointNet++ [73].
We speculate the reason is that simpler structures retain a certain degree of transparency,
whereas subsequently proposed classifiers lose the visibility of feature boundaries due
to the overwhelming artificial features incorporated. Note that though this observation
only occurs in individual classifiers, it might have great potential for explainability, as
the substructures of PointNet is not limited to serving as a classifier in subsequent
researches. Extensive existing works leverage the PointNet structure to extract point
cloud latent features, e.g., Autoencoder [82], [6], generative quality assessment [154] and,
more recently, point cloud DDPM models [172]. Our observations are also applicable to
these extended models.

An Application: Latent AM

With the prior knowledge from the previous section, we propose a global explainability
method for point clouds based on latent activation alignment: Latent AM. Two points
need to be declared at the outset: a) Latent AM is a derivative of analyzing the internal
properties of PointNet, which belongs to a part of aforementioned observation, hence it
is only applicable to those classifiers with the observations described in Sec. 11.3.1 and
11.3.2. We recognize the limited applicability, but Latent AM is not the main contribution
of this work. Latent AM is simply an application that demonstrates the potential of our

157



11. Do Point Cloud Models Learn Object Contour Features?

observations, leaving more extensions for future work. b) Latent AM requires access to
the entire testset. This does not exceed the restrictions of non-generative model-based
AM approaches. On the one hand, the global explanations of AM should be representative
of the classifiers and the entire dataset, on the other hand, extensive image AM methods
exploit real images to optimize the quality of their global explanations [46], [52], [53],
[67]. Therefore, the access to real objects does not imply that Latent AM possesses an
unfair advantage over other non-generative model-based approaches.

AM-generated global explanations must contain two factors, representativeness and per-
ceptability. Representativeness indicates the extent to which an explanation reflects (for
a given classifier) the general profile of a particular category, which is typically achieved
by optimizing the input vectors until they highly activate a specific neuron in the final
layer of the classifier. For example, the three instances in Fig. 11.2 all highly activate
the neuron representing “Airplane”, and thus they all exhibit strong representativeness.
Perceptibility indicates the extent to which an explanation is recognizable by humans,
i.e., its outline approximates real objects of the same class. For example, again in Fig.
11.2, the two instances on left and right possess strong perceptibility, while the one in the
center barely does. Moreover, diversity is a plus for global explanations, which denotes
the extent to which generated explanations differ from each other.

In order to fulfill the above criteria, Latent AM incorporates the following three mod-
ules:

L. Activating class neuron. Activating neurons of the target class (AM loss) optimizes the
input vectors to be representative of a specific class. AM loss can be formulated as

‘o = —ai(Fpc, P) (11.1)

where —al(Fpc, P) denotes the i neuron (the i'" class) on the output layer I of the
classifier F'pc.

II. Latent approximation of real objects. This module is an attempt at validation of
Conj. 2. We begin by generating several imperceptible explanations for each category
(whose profiles are analogous to the middle instances of Fig. 11.2) only utilizing Eq. 11.1
(raw AM). We then predict these generated instances with the classifier and record the
intermediate layer activations by category, denoted as >, where S denotes all S*" layers
and c denotes the class. Afterwards, we predict each object in the testset with the classifier
and record the activations of all intermediate layers. Subsequently, we aggregate these
records according to category and calculate the average activation for each class, denoted
as z5. According to Conj. 1, we compare 75 and z7 and identify those layers I € S
from which there are large discrepancies in activations. We then filter out the activation
records of the corresponding layers 2. and z. from 22 and z5, respectively.

The latent alignment regularization (Latent loss) in Latent AM is formulated as

Sa=— ay x OS(z/,2) (11.2)
lyel
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where o, denotes the regularization weight on layer [y and C'S denotes the cosine simi-
larity. The rule for setting c, is that the larger the difference in similarity, the larger the

«ay, corresponding to the layer, and vice versa.

III. Point continuity and smoothness. Eq. 11.1 tends to expand individual points out-
ward during the optimization process, which causes the explanation to suffer from a small
number of outliers that are severely off-center, with most of the rest (common points) clus-
tered near the origin [6], [7] (see the middle instance of 11.2). We mitigate the issue in two
aspects: limiting the expansion of outlying points and diminishing their distance from
neighboring points, while shifting the rest of points away from the origin and spreading
them out by increasing their distance from neighboring ones. We propose a continuity
loss can be formulated as

NP
Lc =Y |B = (min{llpi — pjlly}izi + Ipill,))] (11.3)
=1

where N, and p; denote the total number of points and the it" point in the explanation,
min{||p; — pjlly}j-i is the distance from p; to its nearest neighboring point, and B is
the legal boundary of the dataset. The intuition behind continuous loss is illustrated in
Fig. 11.3. Each point is impacted by two regularizations in the optimization process, i.e.,
absolute and relative distances, the former being ||p; ||, in Eq. 11.3 which is the distance to
the origin, and the latter being min{||p; — pjl|,} . For example, the location of point A
in the figure is close to the legal limit (B = 1) of point cloud instances, with an absolute
distance close to 1, as well as a large relative distance since the outer points are sparse.
The optimizer reduces both its absolute and relative distances to relocate it back to the
origin (the green arrow) and closer to its neighboring point C (the blue arrow). In contrast,
the absolute and relative distances of the common point C are relatively small, and the
optimizer raises them up so that the sum approaches 1. By balancing the two distances,
points are evenly distributed on the surface of the generated explanations to enhance
their perceptibility.

IV. Legal restriction. Point cloud datasets are subject to a legal spatial limitation, e.g.,
ModelNet40 is legal in the interval [-1,1], and instances containing points that exceed
this limitation are treated as illegal inputs. To guarantee that most of the explanations are
valid, we incorporate a simple regularization that restricts outer points from exceeding the
legal limitation, which is frequently observed in point cloud AMs without regularization
[7]. The legal restriction is formulated as

Np

Ligr=» ReLU(|pi| — B) (114)
=0

where B denotes the legal constrain of the dataset.

Finally, we aggregate the aforementioned loss terms as the optimization target for Latent
AM. In practice, we observe that Lc and L§ 4 are conflicting to some extent, rendering
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Y '\2/7

Figure 11.3.: The intuition of the point continuity loss. Point A is a critical point that tends
to expand during AM, while points B and C are common points that are ignored
by the gradient. The outer dashed curve is the boundary of a legal point cloud
instance. The green and blue arrows indicate the direction of two different terms
in the continuity loss, i.e., the distance to the origin and to the nearest neighboring
point, respectively.
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the optimization non-converging. We incorporate a trade-off coefficient 3 for these two
terms, which is adjusted to balance the smoothness and closeness to real objects. The
final loss function of Latent AM can be formulated as

LY atent = Ly + (1 = B)LE A + BLc + Lir (11.5)

In addition to the loss terms, we employ the average initialization to improve the quality
of the explanation [38]. We compute the average of the points in the test set for all objects
by category and utilize it as the input to Latent AM, which improves the efficiency of the
optimization process and the quality of the explanations. The overall process of Latent
AM is demonstrated in Fig. 11.4 and Algo. 11.1.

Evaluation of Latent AM

In the experiments, we choose ModelNet40 and PointNet [69] as the main experimen-
tal datasets and models, respectively. ModelNet40 consists of 40 classes totaling 12,311
CAD models, where the training and test sets contain 9,843 and 2,468 object instances,
respectively. PointNet is mainly composed of point-wise convolutional, pooling and fully
connected layers, with a relatively straightforward structure, and is ideal for explainable
analyses. We set the regularization weights in Eq. 11.2 to be N;, X le —9,1e —9, le — 1,
le—1land1for fT1.fcl, fT1.fc2, fT2.fcl, fT2.fc2and fc2, respectively, where N,
is the total number of activations contained in this layer. In addition, we set 8 = 0.1 to
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Algorithm 11.1 Latent AM with Latent alignment

Input : Classifier to be explained F'(-), activations on latent layers S = {l1, ..., [} ex-
traction module F: H(F, S, ), a set of real objects in class ¢: R. = {rl,..7"}, a
threshold 7', the learning rate 6 and the number of optimization steps I

Output: Global explanation x, for class c
x2 = Vanilla AM(random_Ini) #Raw prototype
25 = H(F, S, x°) # Raw activations
25 = w # Average of real latent activations
Select | € S st. CS(3L,2!) < T #Layers with low similarity as targets (C'S: Cosine
Similarity)
x¥ = Avg_Data_Ini() # Average initialization
for ¢ = 1 to I do: #Flow optimization

i ai—1 OLT yient
xh=xl 0% G # Loss from Eq. 11.5
end for
|
mc - xc
Vanilla AM Regularizations
. Minimize REQUIa”,Ze Legality
Y Differences pt:tl)ilsrt];vglesse penalties
CL forward pass N f
Model to be intermediate ‘.‘m{-_ Model to be
real object set Explained activations Rl Y Explained
y \ mean backward pass
N initializations :
global
explanation

Figure 11.4.: Overview of the structure of Flow AM. Raw AM represents the explanations gen-
erated by AM without any regularization.
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Non-Generative Model-based | Generative Model-based
Vanilla L2-norm Gaussian blur ~ Total Variance Latent AM AE AED NAED

Airplane i . ’ ;...3:':

Figure 11.5.: Qualitative comparison of non-generative model-based global explanations. From
left to right are, no regularization, Lo, Gaussian blur, total variance, latent regular-
izations (ours), AE [6], AED [6] and AED [6]. Note that the first five approaches
are based on non-generative models while the last three are based on generative
models.

Airplane Bathtub Bottle

Figure 11.6.: Global explanations for PointNet trained on ShapeNet dataset.

balance the latent and point-wise distances and the number of optimization steps is set
to 1000. As a reference, we choose the non-generative model-based as well as the gen-
erative model-based approaches proposed by [6] as competitors, which to the best of our
knowledge are currently all the point cloud AM approaches that have been attempted by
existing researches.

Qualitative comparison of global explanations

We select several common classes as target activations from ModelNet40 and visualize
them utilizing the aforementioned AM methods. Fig. 11.5 illustrates the performance
of existing regularization approaches and generative model-based AM methods. Among
the non-generative model-based AM methods, none of them, except Latent AM, are able
to generate perceptible global explanations. With the incorporation of latent alignments
in the intermediate layers, our Latent AM successfully reconstructs the global profiles
of objects and achieves almost comparable quality to that based on generative models
with the help of continuity regularization. Furthermore, though generative model-based
approaches yield high-quality explanations as well, our Latent AM does not rely on any
information from external models, guaranteeing the fidelity of explanations to the clas-
sifier to be explained, while dramatically diminishing the computational intensity. We
will discuss in detail the fidelity threat posed by external generative models to global
explanations in Sec. 11.5.3.

We also generate global explanations for PointNet trained on ShapeNet, and select the
first few categories to display in Fig 11.6. Note that the wing contours of the airplane are
not as clear as those of ModelNet40, this is because the airplane class in ShapNet dataset
contains a large percentage of delta-winged airplanes, which is the feature learned by the
latent activation of the classifier.
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11.5.2. Quantitative evaluations

We quantitatively evaluate the quality of the generated global explanations in the follow-
ing three aspects:

Representativity reflects the ability to generalize about a particular category, i.e., the
more distinctive the characteristics of the category that the explanation possesses, the
more representative it is. Note that the representativity evaluator is the classifier to be
explained, rather than humans. There are features that are semantically unavailable to
humans but can highly activate higher-level activations of the classifier, such as the high-
frequency mosaics in early feature visualizations [28]. We simply measure the neurons
corresponding to specific classes in the Logits and Softmax layers as the metric for rep-
resentativity assessment, where the former is considered to be absolute representativity,
which is the absolute magnitude of activation of the neuron, while the latter is considered
to be relative representativity, which takes the activation magnitudes of all the classes into
account and calculates the class probability.

Point-wise perceptibility We employ Chamfer Distance (CD) as point-wise perceptibility
metric.

Latent perceptibility We employ Fréchet inception distance (FID) as the metric of latent
perceptibility and follow existing point cloud applications [154], [6] in selecting global
features of PointNet as the recording layer for latent distances. When evaluating point-
wise and latent perceptibilities, we randomly select five real objects from the same class
in the dataset and average the corresponding distances between them and the generated
explanations, respectively.

Quantitative evaluations are reported in Table 11.1. Methods based on generative mod-
els typically suffer from poor representativity, which is attributed to the additional prior
embedded in the gradient by the generative model. In contrast, while methods based on
non-generative models significantly enhance the magnitude of target activations, they
perform poorly in terms of perceptibility (CD and FID), which is consistent with the con-
clusion shown in qualitative comparisons. Latent AM strikes a better balance, preserving
the representativeness of the non-generative approaches at the expense of an acceptable
level of perceptibility.

Other datasets and models. Besides ModelNet40 , we also test the performance of Latent
AM on ShapeNet and report the results in Table 11.2. Again choosing non-generative
methods as competitors, Latent AM also dominates on ShapeNet by a large margin, par-
ticularly on CD and FID, which indicates a better perceptibility. Further, we experiment
on PointNet++ as well and demonstrate the results in Table 11.4. For PointNet++, we
similarly select those layers with a large difference in activations when predicting real
objects and raw AM instances and minimize the discrepancies. The test results are con-
sistent with PointNet in that non-generative AMs except Latent AM fail to generate global
explanations with realistic object outlines.
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Non-generative model-based Generative model-based
Vanilla La-norm Gaussian blur  Total Variance Latent (ours) AE [6] AED [6] NAED [6]
Logit? 16.6 6.3 6.2 6.0 16.7 10.5 7.0 8.1
Sftmax? —4.5x107% —41x107% —3.7x107% -9.8x107% —25x1073 | -91x10"2 —7.6x10""' —6.0x 107"
D},Hi 0.324 0.139 0.148 0.376 0.081 0.044 0.086 0.074
FID| 0.176 0.256 0.420 0.092 0.077 0.016 0.018 0.014

Table 11.1.: Quantitative evaluation of existing point cloud AM methods. The metrics from top
to bottom are the magnitude of the neurons for corresponding classes in the Log-
its and SoftMax layers, the Chamfer distance, and the Fréchet inception distance,
respectively.

Vanilla Lo GB TV Latent
Logitt 9.5 14.6 9.4 7.8 15.2
Sftmax? —0.13 —0.29 —-0.25 —0.038 —0.043
DéHJ, 0.304 0.544 0.507 0.245 0.067
FID| 2.714 11.022  3.450 0.232 0.033

Table 11.2.: Quantitative evaluations for Non-generative model-based AM explanations on
ShapeNet. AM regularization methods from left to right are: vanilla, Ls-norm, Gaus-
sian blur, total variation and our Latent AM.

Generative models: fidelity threat

Despite the higher quality of explanations generated by AM based on generative mod-
els, a potential concern is the fidelity to the classifier to be explained. Generative models
are inherently strong reconstructionists, which interferes with the information source of
the explanations and reduces their persuasiveness. We verify whether the information
sources of the two types of global explanations are faithful to the classifiers by random-
izing its parameters. We employ AE, i.e., the Autoencoder-based method proposed in [6],
and our Latent AM, respectively, to generate global explanations of PointNet trained on
ModelNet40. Subsequently, we set a dropout probability of up to 50% for each parameter
of the classifier. All dropout classifiers suffer a certain degree of accuracy loss and predic-
tion confidence due to the sparsity and the absence of parameters. We again explain the
dropout classifiers with AE and Latent AM, respectively, and compare whether the expla-
nations are corrupted after dropout. As shown in Fig. 11.7, generative model-based AM
remains capable of generating well-outlined global explanations when suffering dropouts
and thus there is a danger of infidelity of the classifiers to be explained. In contrast, Latent
AM, where there is no external interference and all information is derived from the clas-
sifier, suffers from a severe deformation in the explanation after dropout and is no longer
able to generalize the category. As a result, generative model-based AM may import
extensive information from generative models, diminishing the fidelity of the classifier
to be explained. Another observation is that the gradients of the generative model of-
ten conflict with the classifier to be explained, resulting in significantly lower activation
magnitudes for the generative model-based explanations than for the Vanilla and Latent
AMs in Table 11.1.
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Figure 11.7.: Salinity check results for the selected category “Table”. Above and below are the
global explanations generated by AE from [6] and our proposed Latent AM, respec-
tively. We show the extent to which the explanation collapses when the dropout
probability is set from 0 to 50%, respectively.

All LSy L Ltk

Logits? 16.7 14.9 -11.2 17.8
Sftmax? —25x1073 —14x1072? -11.1 —2.5x1073
Dyl 0.081 0.209 / 0.087
FID| 0.077 0.114 / 0.110
Legality% 1 92.5% 100% 100% 5%

Table 11.3.: Quantitative evaluation of ablation test. From left to right are Latent AM with all
components included, with latent approximation removed, with coherence removed,
and with legal constraints removed, respectively. When L is eliminated, we do not
record the distance to real objects of the same class since all the explanations are
misclassified by the model.

11.5.4. Ablation Study

To disentangle and validate the effectiveness of individual components, we perform abla-
tion tests on Latent AM. The main refinements of Latent AM are the latent approximation,
the point continuity and the legal restriction. In the ablation test, we remove one of the
above terms individually, and evaluate the generated explanations. As shown in Fig. 11.8,
eliminating latent approximation or point continuity drastically ruins the perceptibility
of the explanation from the perspective of humans. After ablating the latent approxima-
tion, the explanation is rendered spherical under the restraints of the point continuity and
the outline of the object is lost. The removal of point continuity results in the majority of
points shrinking and therefore losing semantics. This conclusion is also evidenced by the
quantitative evaluation results in Table 11.3. Additionally, though the legal restriction
has insignificant impact on the quality of the explanations, its removal results in only 5%
of the explanations remain within the legal intervals of the dataset.
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11. Do Point Cloud Models Learn Object Contour Features?

Figure 11.8.: Visualization of ablation test. From left to right are Latent AM with all components
included, with latent approximation removed, with coherence removed, and with
legal constraints removed, respectively.

Vanilla Lo GB TV Latent
Logit? 6.9 1.9 2.0 51 15.4
Sftmaxt —4.0x107* —-0.24 —-0.31 —-0.01 —5.4x107’
DéHi 0.116 0.272 0.225 0.066 0.049
FID| 0.013 0.052 0.047 0.020 0.020
Table 11.4.: Quantitative evaluation of the global explanations of PointNet++ trained on Model-
Net40.
Conclusion

This chapter presents a novel observation that the intermediate layers of classifiers with
PointNet-like effectively learn the contours of 3D objects, and these features can be ex-
tracted through latent alignment. We propose Latent AM based on this observation,
which generates explanations that are far more perceptible than other non-generative
model-based AM methods, while demonstrating higher fidelity to the classifier compared
to generative model-based approaches. However, we only found this property on models
of PointNet-like structures, and therefore acknowledge that the applicability is limited.
Nevertheless, we believe that it still reveals great potential in point cloud explainability
and 3D synthesis.
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12.

12.1.

Conclusions

Main conclusions

In recent years, deep neural networks have achieved rapid performance gains due to inno-
vative architectures and modules, but increased structural complexity has impaired model
transparency and prediction trustworthiness. This deficiency is fatal in areas where hu-
man lives are at stake, such as autonomous driving and Al-assisted healthcare, where
black-box model decisions lead to extreme difficulties in debugging and low user trust.

In this regard, a promising research direction is explainability. Explainability is an emerg-
ing research direction that strives to reveal the decision-making mechanisms of black-box
models in order to enhance their reliability. Saliency maps are a common type of output
for post-hoc explainability methods that assign higher attributions to input features that
play dominant roles in the prediction. To date, several explainability methods based on
saliency maps have been proposed, yet their performance is difficult to evaluate quanti-
tatively. The challenge of the evaluation lies primarily in the absence of ground truth,
forcing researchers to verify the validity of saliency maps from multiple different per-
spectives. Nonetheless, so far, these perspectives still remain to be complemented. More
comprehensive evaluation perspectives ensure objectivity in evaluation and enable users
to select their desired explainability methods more accurately.

On the other hand, studies on explainability methods are in their infancy, with the vast
majority of relevant research involving only the most commonly utilized data types, i.e.,
tabular and image data, which fail to match the existing deep learning research process,
where the explainability of many other categories of data and models is not sufficiently
covered. Point clouds are one of the representative data types. Point clouds, the simplest
3D representations, are now widely applied in robotics, autonomous driving, and other
scenarios involving three-dimensional spaces. Nonetheless, almost no existing explain-
ability studies on point cloud models can be identified, even though they are not directly
transferable from image models due to their structural specificity.

In the above context, this dissertation attempts to contribute to the explainability ap-
proaches and their applications in the following two aspects:

+ To address the limitations of existing general explainability methods, including
inconsistent baseline selection, lack of parameter robustness assessment, insuffi-
ciency of important features in explanations, and the potential risk of disruption of
input features in ablation tests.
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« To facilitate the application of explainability research in point clouds, including
making adaptive improvements to general explainability methods to adapt to the
specific structure of point cloud models, or proposing novel explainability analysis
methods tailored to the characteristics of point clouds.

12.1.1. Evaluable explainability
Baseline refinement

In Chapter 2, a novel baseline is proposed named Maximum Entropy Baseline (MEB). MEB
is theoretically the best baseline that fulfills the definition of “uninformative” for a given
model. MEB is the input when the entropy of the model prediction is maximized, and is
derived by performing only one gradient descent optimization for a specific model. We
demonstrate both theoretically and experimentally that MEB enhances performance for
some baseline-based explainability methods, while for those evaluation approaches that
involve information erasure or feature replacement, MEB leads to more intuitive results
compared to other baselines. In addition, by introducing entropy in information theory,
we explain the reason why partial shifts of the baseline cause the resulting explanation
to be irreversibly altered.

Parameter robustness

In Chapter 3, we extend the sensitivity test to the model parameter level, since as a critical
contributor to the decision-making process, the robustness of model parameters has often
been overlooked. This assessment is based on the hypothesis that predictions are highly
correlated with those parameters in the model that are important and almost irrelevant to
those that are not. Based on this assumption, we propose pruning robustness, i.e., when
irrelevant parameters in the model are pruned, so that the model performance does not
fluctuate significantly (and sometimes even gains slightly), and the explanations it gen-
erates should remain almost consistent with the original ones. We evaluate the pruning
robustness of popular explainability methods with this criterion and find that the pruning
robustness of the overall explanation distribution is superior for gradient-based explain-
ability methods. However, the opposite is true for pixels with the highest attributions.
For the perturbation-based explainability approaches, almost no pruning robustness is
observed. This research highlights concerns about the fidelity of explainability methods
to model parameters, i.e., the correlation of generated explanations with parameters that
are irrelevant needs to be reconsidered as one of the prerequisites for fidelity.

Attribution sufficiency

In Chapter 4, a novel concept of explanation evaluation is proposed, termed Sensitivity
Consistency. General sensitivity tests carry the risk of missing important features, as
they only focus on the one-way sensitivity of predictions to explanations. We argue that
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for a given model and input, the explanation should be highly and bidirectionally con-
sistent with the prediction in multiple sensitivities, including input features and model
parameters. We assess whether the explanations are faithful to the predictions by gen-
erating random masks to perturb the inputs and model parameters, and by comparing
the consistency of the changes in the predictions with the explanations. The results in-
dicate that explainability approaches that calculate attributions through baselines exhibit
higher sensitivity consistency compared to other gradient-based or perturbation-based
methods.

Feature distribution integrity

General sensitivity tests carry the risk of disrupting the feature distribution, thus their
credibility is questionable. Chapter 5 proposes another novel idea of evaluation from the
viewpoint of the regularity of the explanations. We propose an explanation evaluation
framework based on an autoencoder, where the autoencoder can be regarded as an em-
ulation of the explainability approach. In the training phase, we train the autoencoder
using the original images in the training set as inputs and their corresponding explana-
tions as labels. Subsequently, the original images in the test set are taken as test data
to let the autoencoder reconstruct their explanations and analyze their similarity with
the corresponding ground-truth explanations. This assessment avoids the problem of
feature distribution corruption from perturbations that the vast majority of assessments
confront.

Point cloud applicability
Local surrogate explainer for point clouds

In Chapter 6, we extend an explainability approach for tables and images, based on per-
turbation and surrogate models, to point clouds. Furthermore, an evaluation metric cor-
responding to the point cloud saliency map is expanded from images. On the basis of
images, the above method combines the properties of point clouds by employing farthest
point sampling to segment disordered points into super-points as features to reduce com-
putational workload and a novel technique to perturb the point cloud instances without
destroying the data distribution. We demonstrate through qualitative and quantitative
experiments that the performance of the proposed improved explainability method out-
performs hard transplantation of the method from images.

Visualizing global explanation of point cloud models

Chapters 7 and 8 propose two global explainability methods for point clouds based on
Activation Maximization (AM). In the former, we propose three frameworks that utilize
autoencoders to regularize AM gradients, including the pure autoencoder, the autoen-
coder with discriminator and the noisy autoencoder with discriminator. Moreover, we
propose a metric for evaluating the performance of point cloud AM explanations named
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Point Cloud Activation Maximization Score (PCAMS), which evaluates three different
perspectives of the explanations, namely representativeness, perceptibility, and diversity.
Through experiments we demonstrate the following two arguments: a) existing, non-
generative model-based regularizations applicable to images fail to enable point cloud
models to generate explanations with contours approximating real objects, and b) the
three point cloud AM methods we propose are capable of generating such explanations,
and that the explanations generated by the noisy autoencoder with discriminator achieve
the best performance. We extend this idea further in Chapter 8 by leveraging a diffusion
model instead of an autoencoder as the regularization of AM, which is currently the most
powerful generative model for 3D reconstruction. Additionally, we find that the trajec-
tories of critical points in the point cloud can be observed through gradient integration
during the diffusion process, providing an intuitive visualization of their formation. We
demonstrate in qualitative and quantitative experiments that the proposed method is able
to generate higher-quality global explanations of point clouds within a shorter processing
time compared to its predecessor.

Interpretable point cloud classifier

In Chapter 9, we propose a novel non-DNN-based classifier to enhance the interpretabil-
ity of point cloud models, named Fractal Projection Forest (FPF). FPF projects the point
cloud instances onto different dimensions, and then generates sliding fractal windows
of different scales to statistically measure the distribution of points for each dimension.
These statistical features can be used as inputs to a random forest for classification pur-
poses. We demonstrate through quantitative experiments on different datasets that FPF
sacrifices only a slight degree of accuracy while dramatically enhancing explainability
and transparency compared to DNNs, along with a substantial increase in its training
and inference speed.

Sensitivity research through adversarial attacks

Chapter 10 proposes an adversarial attack method based on saliency maps, which aims to
analyze the importance of critical points for point cloud DNNs, as well as their stability.
We exploit an explainability approach to generate saliency maps, perturb critical points
in order of attribution from largest to smallest, and observe the perturbation magnitude
required to alter the prediction. Experiments demonstrate that point cloud models are
susceptible to being fooled by extremely sparse perturbations of critical points, and that
only one point even needs to be perturbed to change a large proportion of the predic-
tions. We find that replacing the max-pooling layer with other types that are insensitive
to extreme values effectively mitigates this deficiency, reinforcing stability by averag-
ing the attribution over multiple critical points while compromising an almost negligible
accuracy.
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Latent feature analysis of point cloud models

In Chapter 11, we observe that point cloud models can register the contour features of
3D objects through the activation distribution of intermediate layers. We analyze the
difference in the activation distribution of the intermediate layers of the point cloud model
when learning real instances, generated instances with realistic contours, and generated
instances without realistic contours, and based on this analysis we propose a novel global
explanation generating method that optimizes the input vectors by aligning the activation
distributions in the intermediate layer with those of the real objects, forcing them to go
one step towards the contours of the real objects. This observation not only helps to
analyze the mechanism of point cloud models, but also provides a potential for generative
methods that do not require incorporating additional modules.

12.2. Future Work & Open Issues

The open issues and future work of this dissertation are also twofold, with the first be-
ing the evaluation of explanations and the second being the application of explainability
methods to point cloud models.

12.2.1. Explanation assessment

« Feature distribution in perturbation. As mentioned in Chapters 2 and 4, the ma-
jority of existing feature perturbation methods are based on the assumption that
features are independent of each other. However, this assumption does not hold
for data with complex structures, for instance when considering the correlation
between age and income. Straightforward modification of features may lead to is-
sues of distributional corruption, thus threatening the plausibility of explanations
and their evaluations. Although several existing methods have proposed alterna-
tives (e.g., retraining the model after perturbation), this incurs substantial compu-
tational costs and raises concerns about fidelity to the model being explained. An
alternative possibility is to exploit generative models as regularization to force the
distribution of features of the perturbed samples to be consistent with the dataset,
or to exclude those instances with out-of-distribution features by analyzing the
anomalies exhibited by the model in prediction.

« Fidelity to Parameters. Chapter 3 demonstrates that explainability methods suffer
from infidelity to model parameters, especially those that are irrelevant to the pre-
dictions, where pruning them out has no remarkable impact on the predictions but
causes a significant collapse in the explanations. We argue that fidelity to param-
eters should be included as one of the prerequisites for a plausible explainability
approach in future studies. To accomplish this, the gradient can be computed by
assigning larger weights to those neurons in the model that are important, or by
ignoring model structures that are irrelevant to prediction. Another possible way
is to align those explanations generated by the pruned model with those generated
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by the original one, in order to ensure that the important neurons remain as the
main contributors to the explanations. Ensuring that the explanations are faithful
to the model parameters is critical, which prevents the explanations from suffering
from the Rashomon phenomenon in models with comparable performances.

Enhancing sensitivity consistency. Chapter 4 presents the observation that there
may be inconsistencies between explanations and predictions in terms of sensitivity
to input features or model parameters. One promising direction is to take it into
account when designing explainability methods. A concrete approach might be to
emphasize those more important ones by assigning weights to each feature and
parameter when calculating the saliency map.

Unified and multi-perspective evaluation. Although several evaluation meth-
ods have been proposed to date, they tend to be single-perspective and incomplete,
thereby being difficult to unify across different studies. An urgent demand is to
integrate the axioms of explanation assessment and to propose corresponding as-
sessment metrics in order to enable a more comprehensive and uniform assessment
of different explainability studies and to avoid the bias caused by the inconsistent
selection of metrics.

12.2.2. Point cloud explainability
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» Regularized perturbation samples.  Chapter 6 proposes a perturbation-based

point cloud explainability method. Likewise, even though there are no shifted
points at perturbation, it is still not proven that the perturbed instances are still
consistent in distribution with the original ones. Regularizing perturbed examples
with generative models as prior is a promising work which ensures that the per-
turbed instances remain within the learned distribution for the classifier. Based on
the observations presented in Chapter 11, another possible approach is to regular-
ize the latent vectors of the perturbed samples at the intermediate layer to maintain
the geometric profile of the perturbed samples close to the real objects.

Critical point stability. Chapter 10 reports on the over-sensitivity of point cloud
classifiers to critical point perturbations. Though we propose to replace the max-
pooling layer with other types (insensitive to extreme values) of structures, the
side effect is an observable decrease in accuracy. Thus, finding a balance between
stability and classification accuracy is a key direction for future research. The core
of improving stability against critical point perturbations is to spread the overly
concentrated attribution over a larger number of points, for which the exploitation
oflocal area features instead of point-wise features is another promising alternative.

A more comprehensive approach for point cloud explainability. So far, research
on the explainability of point clouds compared to images is still in its infancy. The
vast majority of existing studies on the explainability of point clouds are based
on the porting or adaptive modification from image models. However, the unique



12.2. Future Work & Open Issues

structure of point cloud models endows them with many potential, independent
research directions from image, such as the analysis of latent features that are rep-
resentative of three-dimensional object contours in Chapter 11 and interpretable
classifiers based on the design of fractal windows in Chapter 9. We believe that
more unique perspectives remain to be proposed, which are capable of devising
unique explainable mechanisms to reveal how the model learns geometric features
from complex three-dimensional distributions, starting from the particular struc-
ture of point clouds.
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