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Abstract

To advance the transparency of learning machines such as Deep Neural Networks (DNNs),
the field of Explainable AI (XAI) was established to provide interpretations of DNNs’ predic-
tions. While different explanation techniques exist, a popular approach is given in the form
of attribution maps, which illustrate, given a particular data point, the relevant patterns
the model has used for making its prediction. Although Bayesian models such as Bayesian
Neural Networks (BNNs) have a limited form of transparency built-in through their prior
weight distribution, they lack explanations of their predictions for given instances. In this
work, we take a step toward combining these two perspectives by examining how local at-
tributions can be extended to BNNs. Within the Bayesian framework, network weights
follow a probability distribution; hence, the standard point explanation extends naturally
to an explanation distribution. Viewing explanations probabilistically, we aggregate and an-
alyze multiple local attributions drawn from an approximate posterior to explore variability
in explanation patterns. The diversity of explanations offers a way to further explore how
predictive rationales may vary across posterior samples. Quantitative and qualitative exper-
iments on toy and benchmark data, as well as on a real-world pathology dataset, illustrate
that our framework enriches standard explanations with uncertainty information and may
support the visualization of explanation stability.

∗Equal contribution
†Work performed while at TU Berlin and ATB Potsdam.
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Figure 1: Illustrating the practical advantages of BNNs over standard DNNs. From left to right: a whole-
slide image from a cancer patient, divided into patches with highlighted cancerous regions; DNN prediction;
BNN uncertainty estimation; and patches with the highest uncertainty. Unlike a standard DNN, the BNN
provides uncertainty estimates for each patch. Blue indicates high certainty, while red indicates low certainty.
The rightmost panel shows patches where the model's prediction is uncertain and �uctuates between classes.

1 Introduction

Deep Neural Networks (DNNs) have achieved signi�cant success over the years, helping to advance Arti�cial
Intelligence (AI). Driven by the exponential growth in available data and computational resources, DNNs
achieve state-of-the-art results across various �elds of Machine Learning (ML), surpassing human perfor-
mance in various domains tasks (Silver et al., 2016; Merchant et al., 2023; He et al., 2015; Vinyals et al.,
2017; Liu et al., 2019; Won et al., 2020) and, recently, demonstrating emerging general reasoning abilities
with the advances of Large Language Models (LLMs) (Bubeck et al., 2023). DNNs accomplish such high
performance by learning mappings from raw data to meaningful representations.

With the increasing complexity of modern Neural Networks, it is a di�cult task to explain their decision-
making process. Therefore, DNNs have often been considered as �black-box� (Vidovic et al., 2015;
Buhrmester et al., 2019). However, especially in security-critical applications (such as autonomous driv-
ing or medicine), transparency of the decision-making model is mandatory, and therefore, the network's
inability to explain its predictions restricts the applicability of ML systems. Indeed, despite showing great
performance in test environments, DNNs have not yet reached universal acceptance in the above-mentioned
areas (Buch et al., 2018). Furthermore, recent studies have con�rmed that frequently DNNs are susceptible
to learning spurious correlations (Geirhos et al., 2020). These correlations, often arising from chance occur-
rences or the presence of speci�c artifacts, are not intended and have undesirable consequences, resulting in
poor generalization and potential risks. This phenomenon, termed theClever Hanse�ect (Lapuschkin et al.,
2019) holds signi�cant importance due to its widespread prevalence among various models and datasets (Iz-
mailov et al., 2022). Notably, a substantial number of models trained on the ImageNet dataset (Deng et al.,
2009) display reliance on watermarks in Chinese language watermarks (Bykov et al., 2023d), signi�cantly
impairing their performance (Li et al., 2023).

The �eld of Explainable AI (XAI) has emerged to address these concerns (see e.g. Samek et al. (2019)).
XAI aims to develop and study methodologies for explaining the predictions made by advanced learning
machines such as DNNs. Recent advances in XAI have led to a variety of novel methods (Saleem et al.,
2022; Adadi & Berrada, 2018; Das & Rad, 2020; Tjoa & Guan, 2020). These can be grouped intoglobal
and local explanation methods. While global explanation methods interpret the decision-making of DNNs
across a population by visualizing the signals that cause signi�cant activation in a neuron (Erhan et al.,
2009; Nguyen et al., 2016), analyzing relationships between neurons (Bykov et al., 2023a;b) or by linking the
neuron's learned concepts to human-understandable concepts (Bykov et al., 2023c; Bau et al., 2017; Mu &
Andreas, 2020; Oikarinen & Weng, 2022), local explanations provide interpretations of the prediction for a
particular data example by attributing relevances to the input features (Baehrens et al., 2010; Bach et al.,
2015; Selvaraju et al., 2017; Yosinski et al., 2015; Kindermans et al., 2017; Montavon et al., 2018; Lundberg
& Lee, 2017; Lundberg et al., 2020; Dombrowski et al., 2021).
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Most of the explanation methods, local and global ones, are developed for DNNs trained in amaximum-
a-posteriori (MAP) setting, where the weights of the model are point estimates. In contrast, Bayesian
Neural Networks (BNNs) learn a distribution of the network weights, which also induces a distribution on
the prediction. For a better intuition on the advantage in explainability of a BNN over a DNN, we consider
the example image shown in Figure 1, where a histopathological image (Janowczyk & Madabhushi, 2016;
Cruz-Roa et al., 2014) taken from a cancer patient (see e.g. (Klauschen et al., 2018; Hägele et al., 2020;
Binder et al., 2021; Klauschen et al., 2024)) is shown on the left. Starting from this whole slide image,
smaller patches are extracted and fed into a DNN, trained to classify patches into cancer or non-cancer. In
the center of Figure 1, we show the prediction score of a regular (non-Bayesian) DNN for the class cancer.
While these scores are usually normalized with a softmax function, these scores do not represent actual
probabilities (Hendrycks & Gimpel, 2016) � the DNN provides no further information on how certain or
uncertain the patches' relevances are for the prediction. This additional information is provided by BNNs,
e.g. in the form of the variances shown on the right in Figure 1. We observe that there are distinct regions
where the model is signi�cantly more certain about a patch, indicating cancerous areas (highlighted in blue
colors) than in other regions (highlighted in red, referring to the most uncertain regions).

Thus, BNNs provide predictive uncertainty, but�like standard DNNs, do not yield local explanations out
of the box. Our contribution is a practical, method-agnostic framework that translates predictive epistemic
uncertainty into explanation uncertainty: a distribution over attribution maps that can be summarized by
mean and percentile-based aggregations and analyzed via clustering. Within the scope of this work, our goal
is to visualize and quantify variability in explanatory rationales under an approximate posterior, without
making claims about identifying ground-truth decision modes. Importantly, the computational overhead
of our aggregation scales linearly with the number of posterior samplesN (i.e., N base attributions plus
a constant-time aggregation), and for lightweight approximations such as MC Dropout, the per-sample
inference cost di�ers marginally from deterministic models. Our model is even applicable to regular DNNs
(e.g., CNNs) trained in a non-Bayesian fashion, which can �rst be translated into BNNs (e.g., using MC
dropout (Gal & Ghahramani, 2016) or Laplace approximation (De Laplace, 1774; Ritter et al., 2018)), and
then using our proposed method for a rigorous explanation. Thus, our approach can enrich the explanation
of regular DNNs with additional uncertainty information.

To illustrate this advantage, consider again the medical task illustrated in Fig 1. The �rst step towards
transparency of the shown model is assigning the input features with relevance scores; this is what explanation
methods of regular DNNs do. It helps to identify the areas in the image that were relevant for the prediction.
Our BNN explanation would additionally provide information on regions where the method is con�dent about
the relevance scores. This may enable an expert to faster identify the most signi�cant cancer areas in an
image. On the other hand, the expert might want to look speci�cally into areas of low con�dence to resolve
this low con�dence by contributing with human expert knowledge to cancer image evaluation. Hence, by
determining the level of certainty required by a particular case or by visualizing multiple levels of certainty at
once in an explanation, our method could lead to additional insight into the underlying prediction strategy
of a model.

In this work, we will propose and investigate di�erent techniques for explaining the decision-making process
of (deep) BNNs. Our approach is method-agnostic, i.e., it can build on any arbitrary explanation method
for regular (non-Bayesian) DNNs, which are transformed into a local attribution method for BNNs. The
proposed method can be combined with any (approximate) inference procedure of BNNs. In computational
experiments, our approach interestingly revealed that BNNs implicitly employ multiple heterogeneous pre-
diction strategies. The reason is that BNNs exhibit numerous modes, and approximately one can think of
a mode as a prototypical prediction strategy. In contrast, in a standard non-Bayesian DNN, the prediction
is deterministic and thus cannot extract multi-modal explanations. With our proposed method, we are now
able to visualize the di�erent modes, thus revealing the intrinsic multi-modality in the decision-making of
BNNs (and by association: DNNs).

In the following, we summarize the main contributions of this work1:

1Code and reproduction instructions are available at https://github.com/lapalap/explaining-bnn .
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� Mean explanation under an approximate posterior: we provide conditions under which the
explanation of the predictive mean equals the mean of explanations (Lemma 3.1, Theorem 3.1).

� UAI (Union/Intersection) aggregations: percentile-based summaries that expose stable vs.
opportunistic features and yield uncertainty-aware heatmaps (including UAI+ ).

� Explanation diversity: we cluster the sampled explanations in order to visualize diverse explana-
tory patterns that may arise under the chosen posterior approximation.

� Generality and cost: the framework is method- and inference-agnostic and adds only linear
overheadO(N � Cattr ) (with Cattr the cost of the base attribution).

2 Background and Related Work

This section provides a comprehensive overview of BNNs and well-established local explanation methods.

2.1 Bayesian Neural Networks

From a statistical perspective, standard DNNs are usually trained using maximum a-posteriori (MAP)
optimization (Wilson, 2020):

Ŵ = argmaxW logp(W j D tr ); (1)

= argmaxW logp(Dtr j W ) + log p(W );

which reduces to the maximum likelihood estimation when the prior distribution p(W ) is �at. The most
commonly used loss functions and regularizers �t into this framework, such as categorical cross-entropy for
classi�cation or mean squared error for regression. Although this procedure is e�cient since the networks
only learn a �xed set of weights, it does not provide uncertainty information about the learned weights
and subsequently the prediction. In contrast, Bayesian neural networks (BNNs) estimate the posterior
distribution of weights, and thus, provide uncertainty information on the prediction, which can provide
con�dence information on predictions. Particularly, in critical real-world applications of deep learning�
for instance, medicine (Hägele et al., 2020; Holzinger et al., 2019; Klauschen et al., 2018) and autonomous
driving (Koo et al., 2015; Wiegand et al., 2019)�where predictions need to be highly precise and wrong
predictions could easily be fatal, the availability of prediction uncertainties can be of fundamental advantage.

Let f W : Rd ! Rk be a feed-forward neural network with the weight parameterW 2 W . Given a training
dataset Dtr = f xn ; yn gN

n =1 , Bayesian learning (approximately) learns the posterior distribution

p(W jD tr ) =
p(Dtr jW )p(W )R

W p(Dtr jW )p(W )dW
, (2)

where p(W ) is the prior distribution of the weight parameter. After training, the output for a given test
samplex is predicted by the distribution:

p(yjx; Dtr ) =
Z

W
p(yjf W (x))p(W jD tr )dW: (3)

Since the denominator of the posterior, shown in equation 2, is intractable for neural networks, nu-
merous approximation methods have been proposed, e.g., Laplace approximation (Ritter et al., 2018),
Variational Inference (Graves, 2011; Osawa et al., 2019), MC dropout (Gal & Ghahramani, 2016), Vari-
ational Dropout (Kingma et al., 2015; Molchanov et al., 2017), MCMC sampling (Wenzel et al., 2020), and
SWAG (Maddox et al., 2019; Wilson & Izmailov, 2020). With these approximation methods, one can now
e�ciently draw samples from the approximate posterior distribution of the network parameters (equation 3),
and compute statistics, e.g., mean and variance, of the prediction for a given data pointx. Classical MAP
training procedures could also be seen as performing approximate Bayesian inference, using the approximate
posterior p(W jD tr ) � � (W = Ŵ ), where � is the Dirac delta function.
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2.2 Local attribution methods

Local explanation methods attribute relevance to the input (features) or intermediate nodes (Bach et al.,
2015; Vidovic et al., 2016; Selvaraju et al., 2017; Montavon et al., 2018) by using a relevance attribution
operation, which we de�ne as follows:

De�nition 2.1 (Relevance Attribution operator) . An operator Tx;W [�] that maps an output function f W :
Rd ! Rk to a relevance functionR : Rd ! Rd is called a relevance attribution operator:

RW (x) = Tx;W [f W ](x): (4)

The above de�nition postulates that the relevance of an input feature/node depends on the input mainly
via the output function, although it can have a direct dependence onx and W .

In this paper, we demonstrate our novel BNN explanation framework mainly using Layer-wise Relevance
Propagation (LRP) (Bach et al., 2015) as the base explanation method, however, we would like to stress
that our BNN explanation framework can be applied for any existing explanation method.

Gradient explanation The Gradient explanation method, i.e. Tx;W = r x , where r x is the weak deriva-
tive w.r.t. x, is one of the most basic explanation methods. It visualizes the possible extent of change made
by the predictive function in a local neighborhood around the original datapoint x (Erhan et al., 2009;
Baehrens et al., 2010; Simonyan et al., 2013).

LRP Layer-wise Relevance Propagation (Bach et al., 2015) is a model-aware explanation technique that can
be applied for feed-forward neural networks and can be used for di�erent types of inputs, such as images,
videos, or text (Anders et al., 2019; Arras et al., 2017; Montavon et al., 2018; Binder et al., 2021). The
underlying idea of the LRP algorithm is to use the network weights and the neural activations computed in
the forward-pass to propagate the relevant output back through the network until the input layer is reached.
This propagation procedure is subject to a conservation rule � analogous to Kirchho�'s conservation laws
in electrical circuits (Montavon et al., 2019) � in each backpropagation step, the relevances from the output
layer are distributed towards the input layer, while the sum of relevances should remain the same. Existing
variations of LRP are, e.g., LRP-0, LRP-" , LRP-
 , and LRP-CMP (Bach et al., 2015; Montavon et al.,
2019).

Integrated gradients Integrated Gradients (Sundararajan et al., 2017) is an axiomatic local explanation
algorithm that also addresses the �gradient saturation� issue (Samek et al., 2016). It assigns relevance scores
to each feature by approximating the integral of the gradients of the model output with respect to a scaled
version of the input. The relevance attribution function, in this case, can be de�ned as

Tx;W [f W ](x) = ( x � �x) �
Z 1

0

@fW (�x + � (x � �x))
@x

d�;

where� denotes the element-wise product, and�x is a reference point that represents the absence of a feature
in the input.

3 Explaining Bayesian Neural Networks

Relation to prior work. Work on interpreting Bayesian neural networks (BNNs) has largely focused
on predictive uncertainty rather than on distributions of explanations. Kwon et al. (2020) decomposes
moment-based predictive uncertainty into aleatoric and epistemic components, and Chai (2018) proposes a
model-agnostic approach to visualize the contributions of individual features to predictive, epistemic, and
aleatoric uncertainty. These methods analyze uncertainty of the prediction, not the variability of input-level
explanations induced by the BNN posterior. Noise-based smoothing methods for deterministic networks
take a di�erent route. Bykov et al. (2021) injects multiplicative Gaussian noise into weights to reduce
gradient shattering (cf. Samek et al. (2021)) in the spirit of SmoothGrad (Smilkov et al., 2017). While
such stochasticity can yield smoother saliency maps, it is not tied to a Bayesian posterior and does not
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Figure 2: Schematic illustration of proposed methods for explaining Bayesian Neural Networks. Given
a particular input � a cat image � we sample models from the posterior distribution and collect local
explanations from each instance. These explanations are later aggregated usingUnion and Intersection
(UAI) method: The Union explanation provides a global overview of the features learned by the BNN by
combining various modes, whereas the intersection explanation provides the intersection strategy used by
the BNN � demonstrating the most certain features used for the prediction. Further, local explanations can
be clustered to illustrate the di�erent modalities of the decision-making strategies.

provide posterior-consistent distributional summaries of explanations. A complementary line of work explores
variability at the representation level. Grinwald et al. (2023) visualizes diversity in latent representations
learned by BNNs on the global level using the Feature Visualization method Olah et al. (2018). In contrast,
we operate at the input-attribution level, producing per-input distributions over local explanations. We
also note domain-speci�c applications of BNN explainability, e.g., ocean dynamics (Clare et al., 2022), and
uncertainty-aware XAI for deterministic models (Marx et al., 2023).

Our work complements these directions in three ways: (i) it is method-agnostic across local attribution
techniques and inference schemes; (ii) it operates at the input-attribution level, rather than on latent rep-
resentations�yielding a distribution of explanations; and (iii) it introduces percentile-based aggregations
and explanation clustering as practical tools for summarizing and visually inspecting variability under an
approximate posterior. (i) We treat explanations as random variables under the approximate BNN posterior
and summarize them with percentiles (Intersection for high agreement; Union for high coverage) and UAI+
for stability-weighted positive relevance. (ii) The framework is method-agnostic across local attribution
techniques (e.g., LRP, IG) and inference schemes (ensembles, Laplace, MC-Dropout). (iii) We provide an
exploratory pipeline for explaining multi-modality via clustering of per-sample attributions. Concretely, un-
like Kwon et al. (2020); Chai (2018), we quantify and visualizevariability of explanations (not only predictive
uncertainty); unlike Bykov et al. (2021), our variability arises from posterior sampling rather than externally
injected noise; and unlike Grinwald et al. (2023), our summaries areinput-level and immediately usable for
stability/coverage diagnostics.

3.1 Method

In the following, we consider a neural networkf W (x) and a relevance functionRW (x) (de�ned in equation 4),
using an arbitrary explanation method. Note that RW (x) is a deterministic mapping for a �xed parameter
W . Therefore, the posterior distribution of parameter W induces a distribution over the relevances, resulting
in a distribution over relevance maps. Given the posterior distribution of W � p(W jD tr ), we can de�ne the
distribution of relevance as

p(Rjx ; Dtr ) =
Z

RW (x)p(W jD tr )dW: (5)

The relevance samples
R � p(Rjx ; Dtr )

can be obtained by drawing weights from the posterior distribution:

W � p(W jD tr ):
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A schematic illustration of the process of obtaining the explanations, as well as a high-level overview of
proposed methods, is given in Figure 2. Here, illustratively, we can observe that di�erent samples of the
network lead to di�erent explanations of the same input image. Applying aggregation strategies, such as the
Intersection, Average, and Union, provides di�erent perspectives on model behavior and may o�er additional
insights into how predictions are formed.

3.1.1 Average Explanation

For some conditions, the average relevance attribution coincides with the relevance attribution of the average
prediction, which we state in the following Lemma:

Lemma 3.1. For any explanation method that can be formalized as in equation 4 with a linear operator
Tx;W = Tx that does not depend onW , it holds that

Tx [EW [f W ]] (x) = EW [Tx [f W ](x)] = EW [RW (x)] : (6)

The claim is held trivially by the linearity assumption. Equation 6 in the above Lemma holds for some existing
explanation methods, including LRP-0, which is known to be expressed as equation 4 withTx;W [f W ](x) =
Tx [f W ](x) = x � r x [f W ](x). One can still rely on equation 4 under a slight violation of linearity.

Theorem 3.1. Equation 6 holds almost everywhere inx 2 Rd for LRP-0 with ReLU networks, gradient
explanation, and IG.

The proof is given in the Appendix. Theorem 3.1 states that the explanation of the predictive mean (LHS
of equation 6) can be computed by the sample mean of the relevance maps over the posterior distribution
(RHS of equation 6).

This is bene�cial since it is computationally exhausting to explain the approximate mean predictive function
directly (this requires simultaneously storing all the parameters along with their computational graphs for
each of the samples from the posterior distribution), using the results from Theorem 3.1 we can now easily
explain it by sampling relevance maps, which drastically eases the process.

3.1.2 Exploring multi-modality of explanations

As a result of the non-linear network activations, BNNs are known to have multi-modal predictive func-
tions (Bishop, 2006). Di�erent parameters sampled from an approximate posterior can yield noticeably
di�erent local attributions for a �xed input (Fig. 2). Consequently, naive averaging can obscure meaningful
variability. We therefore cluster-sampled explanations to provide an overview of di�erent explanatory pat-
terns within the posterior. Note that we do not assume that clusters correspond to distinct posterior modes;
rather, they o�er an exploratory perspective on potential explanation diversity.

To investigate the �prime" strategies of the Bayesian learning machine and to decompose the behavior of
BNNs into groups of inter-similar strategies, we propose to cluster the sampled explanations. Although our
method does not restrict a user in choosing an algorithm for clustering, we propose to use the SpRAy (Spectral
Relevance Analysis) clustering method. This method was initially introduced in (Lapuschkin et al., 2019)
to solve a similar task � an analysis of the class-wise learned decision strategies of DNN in order to obtain
a global view on the class related relevant patterns, which also supports the identi�cation of undesirable
behavior, such as Clever Hans artifacts (see Section 5.4 for more information about Clever Hans behavior).
Note that SpRAy was originally constructed to investigate the typical traits in the decision-making process
over a large collection of relevance maps, which were obtained from di�erent data points from the training
dataset. In contrast to the original setting of SpRAy, we exhibit and identify typical as well as atypical
behavior in the BNN decision-making process for asingle input image.

Once the clustering has been performed, �prime� prediction strategies of the BNN for the given input image
can be identi�ed by the cluster-wise average explanations. Moreover, the number of saliency maps in each
cluster (normalized by the number of sampled relevance maps) could be considered as the �strength� of each
strategy. We could visualize the explanations, clusters, and average cluster strategies in a two-dimensional
embedding using a t-SNE plot (Maaten & Hinton, 2008) as shown in Figure 3, where the explanations of
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Figure 3: Visualization of the multi-modality of gradient explanations of a BNN (here, a LeNet network
trained with dropout) is shown exemplarily for an image of class �Trousers� from the Fashion MNIST dataset.
The explanations were clustered by the SpRAy algorithm into 7 clusters, stated on top, and the �rst row
shows the mean explanation for each cluster respectively, where the shape of the trousers is overlaid over
the explanation. The second row depicts the t-SNE visualization of the distribution of explanations, where
the points of the particular clusters are highlighted. From the mean cluster explanations, we can observe
the variability in the decision-making process of the Bayesian Neural Networks � each mode illustrates one
decision-making pattern, and the number of elements in each cluster indicates the importance of each cluster
to the prediction.

the Fashion MNIST (Xiao et al., 2017) input image is mainly divided into seven di�erent clusters, which
indicates the patterns of the main modes of the BNN. More practical details about the clustering process
can be found in the appendix.

3.1.3 Union and Intersection Explanation

Grasping the multimodality of the network through explanations can be done in several ways. Each relevance
attribution map is an explanation for an individual instance of the Bayesian Neural Network. In our work,
we observed that di�erences between instances of BNN are re�ected in the multi-modal distribution of
explanations. Therefore, to aggregate di�erences in explanations for Bayesian Neural Networks, we propose
a method called UAI : Union and Intersection. The intuitive idea is illustrated in Figure 2. We treat the
relevance of a BNN as a random variable that follows equation 5.

Given this distribution of relevance maps p(Rjx ; Dtr ), we capture the uncertainty information of the BNN
as follows:

UAI � (x) = P� [p(Rjx ; Dtr )] ; (7)

where P� is an operator computing the entry-wise (e.g. pixel-wise in the case of images) percentiles.

High percentiles (� > 0:5) correspond to what we introduce as Union explanation � a resulting relevance
map consisting of an accumulation of features of various relevance maps, i.e., providing information across
modes of the BNN by allocating relevance to features that were considered of high importance by at least
a small proportion of samples. In contrast to the Union explanation, small percentiles(� < 0:5) illustrate
the intersection of features, where at least 95% of explanations agree. For visualisations, we de�ne Union
explanations with � = 0 :95 and Intersection explanations with � = 0 :05

Furthermore, we introduce UAI + , as the uncertainty information of the BNN relating to positive class
attributions only:

UAI + (x) = F � [p(Rjx ; Dtr )] ; (8)

where F � is an operator computing the entry-wise (pixel-wise) probabilities of relevance attributed to a
particular pixel being less than some small prede�ned value� > 0. All proposed approaches (Intersection,
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Figure 4: Illustrative explanations of a Bayesian Neural Network. The BNN was trained with Dropout on
the Custom MNIST dataset (Bykov et al., 2021). The input, an MNIST digit zero on a random CIFAR
Background, is shown on the left and was correctly classi�ed as zero by the BNN. Explanations of the BNN
decision are given as Intersection (� = 5 ), Average, Union (� = 95), and UAI + explanations using LRP-"
(�rst row), Integrated Gradient (IG) (second row). We can observe that the relevance of all explanations
correctly emphasizes the digit. However, our proposed Union and Intersection approach, in which the bundled
information is contained in the UAI + explanation, has a stronger informational content about the role of the
features concerning the model prediction by specifying the model's (un)certainty that a feature contributed
to the prediction made.

Average, Union, and UAI+ ) are method-agnostic, and the resulting LRP-� and IG explanations are illustrated
in Figure 4 for the case of an MC Dropout network.

As scales of various explanation methods di�er, instead of thresholding signi�cant positive relevances by
�xing � , we perform a group normalization: we normalize all positive relevances in all sampled attributions
Ri by the maximum relevance value:

R�
i =

Ri

max
�

r j
i jr j

i 2 Ri 8i 2 [1; N ] 8j 2 [1; d]
�

;
(9)

where N is the number of sampled attributions from the posterior and d is the number of features of the
input. This way, we can set � to a small value on the scale of [0,1], such that it will threshold only signi�cant
positive relevances. In our visualisations, we set� = 0 :05 as we empirically observe this value to be the
borderline of visual recognition of positive relevances in the attribution map.

3.1.4 Computational complexity

Let Cattr denote the cost of one base attribution on a deterministic network. Our framework drawsN poste-
rior samples and computesN attributions, then applies constant-time, entry-wise aggregations (percentiles
or averages). Thus, the total cost is

O(N � Cattr )
| {z }

attributions

+ O(d N logN )
| {z }

percentiles (optional)

;

where d is the number of input features (e.g., pixels). For MC Dropout, each forward pass adds only
Bernoulli mask sampling and element-wise masking, soCattr is close to the deterministic cost. The choice of
posterior approximation is orthogonal to our method; more expensive samplers (e.g., HMC) increaseCattr

proportionally.
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4 Evaluation procedure

In the following, we provide the methodology of the qualitative and quantitative evaluation.

4.1 Qualitative Evaluation

For visual inspection of the results, we normalize the relevance maps with the MinMax transformation (Bach
et al., 2015), which maps positive relevances onto the interval[0; 1] and negative ones to[� 1; 0]. Afterwards,
the normalized relevance maps are visualized using the'seismic' colormap2, which attributes red tones to
pixels with positive relevances and blue tones to pixels with negative relevances.

4.2 Quantitative evaluation

For quantitative evaluation, we use the localization criterion, where we are interested in measuring the ability
of an explanation method to attribute positive relevance to the object of interest. Hence, exemplary, if the
prediction of a model is �cat�, we assume that in the given image, parts of the object cat are responsible for the
prediction and subsequently yield positive relevance attribution by the explanation method. Thus, in order
to correctly measure the ability of the method to ��nd� the object of interest, ground-truth segmentations
are required (Arras et al., 2020; Lapuschkin et al., 2016; Kohlbrenner et al., 2020; Zhang et al., 2018; Fawcett,
2006; Bykov et al., 2021).

To measure the localization capability of an explanation method, we employ two di�erent metrics, Area
Under the ROC Curve and Relevance Mass Accuracy (Arras et al., 2020).

� AUC ROC : For each explanation (e.g., in the form of a heatmap), we calculate the area under the
receiver operating characteristic in order to measure how closely the areas of greatest relevance of
the explanation correspond to the classi�ed object. Note that for computing the AUC value, the
pixel-wise ground-truth segmentation of the object serves as the true label information, whereas the
relevance information from the explanation serves as the predicted label information.

� Relevance Mass Accuracy (MA) : For each explanation, we measure the proportion of the rele-
vance mass that lies on the object in comparison to the total relevance mass:

MA =

P
i 2 O RiP
j 2 I Rj

;

where I is the set containing all features andO � I is a subset of features that are part of the
segmented object itself.

While the AUC metric can be used both for explanation methods attributing positive and negative values, as
well as for methods attributing just positive relevances, MA can only be used for positive relevances from the
explanation method. We acknowledge alternative metrics like Fidelity (Samek et al., 2016), ROAR (Hooker
et al., 2019), and F-Fidelity (Zheng et al., 2024), which assess explanation quality via input perturbation.
However, these are designed for deterministic models with a single explanation per prediction. Our method
produces a distribution over explanations, making direct application of such metrics non-trivial. We therefore
use object-localization metrics (AUC-ROC and MA), which are more naturally suited to our probabilistic
setting. Extending �delity-based metrics to BNNs remains an important direction for future work.

4.3 Baseline

In our experiments, we compare the proposed UAI explanations with the baseline explanation, which uses
the expected value of the weightsE [W ] : In practice, this would correspond to a MAP classi�er, e.g., Laplace
approximation or MC Dropout, where the mean weights of the model are used for prediction. Hence, we
refer to the baseline explanation as the one explaining the standard deterministic model using the mean

2https://matplotlib.org/3.1.0/tutorials/colors/colormaps.html
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Figure 5: Illustration of UAI + method explanations based on the Absolute Gradient explanation method
for three di�erent Bayesian scenarios: Deep Ensemble, MC Dropout, and Laplace approximation. From the
explanations, we can observe the main features that each of the Bayesian Networks used.

weights � this allows us to draw conclusions regarding how standard explanation methods can be enhanced
by �Bayesianization�.

5 Experiments

In the following, we demonstrate the performance of our proposed method both qualitatively and quantita-
tively.

5.1 Experiment on Custom MNIST data

We evaluate our proposed methods on the Custom MNIST (CMNIST) dataset (Bykov et al., 2021), where
MNIST digits are plotted on a randomly chosen CIFAR background. This ensures that the decision-making
basis for the model should rely only on the number and not on the randomly chosen background. Hence,
using the available segmentations of the MNIST digits as a ground-truth indicator of the relevant area the
evidence should be distributed to, we are able to measure the goodness of the di�erent explanations. To
show that our method is applicable to di�erent types of Bayesian Neural Networks and Network Ensembles,
we analyze three di�erent settings, all based on the same standard LeNet architecture (LeCun et al., 1998).
We employ three di�erent Bayesian approximation methods � Deep Ensemble of 100 di�erent networks,
trained with a random initialization respectively, Laplace approximation, and MC Dropout (more details
about the model architecture and training parameters can be found in the appendix). Figure 5 illustrates
the di�erences of UAI+ explanations between the three Bayesian scenarios. For each of the three described
scenarios, we used a test set of10000generated images, which was not used during training. For each image,
N = 100 relevances were sampled using the LRP-" method from the posterior distribution (in the case of a
deep ensemble, each relevance came from a di�erent network instance).

The quantitative results of the localization evaluation for all three scenarios are summarized in Table 1.
From the results, we can observe that the Union method is best-performing in terms of AUC metric, while
the Intersection method shows overwhelmingly best results in terms of the Relevance Mass Accuracy metric.
From these results, we conclude that the Union method indeed is better in visualizing all the information the
Bayesian Network has learned about the object; however, comparatively low MA scores of the Union method
imply that explanations attribute positive relevance outside of the object of interest. In comparison, the
Intersection method has low AUC scores in almost all scenarios, which implies that the Intersection method
does not �cover� the object in interest with positive attributions, but high MA scores show high con�dence
in positive features � if the Intersection method attributes a positive relevance to a feature, it is most likely
to lie inside of object of interest.
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Table 1: Quantitative results for Localisation (AUC) and Relevance Mass Accuracy (MA). Values are mean
� s.d. rounded to two decimals.

Ensemble Laplace Approx. Dropout
AUC MA AUC MA AUC MA

Random 0.50 � 0.02 0.25� 0.01 0.50� 0.02 0.25� 0.01 0.50� 0.02 0.25� 0.01
Baseline �� �� 0.54 � 0.03 0.85� 0.10 0.53� 0.03 0.92� 0.07
Average 0.50 � 0.05 0.94� 0.05 0.50� 0.06 0.85 � 0.09 0.51 � 0.04 0.91� 0.07
Intersection ( � = 5 ) 0.16 � 0.06 1.00 � 0.00 0.15 � 0.07 0.78� 0.41 0.17� 0.06 0.99 � 0.03
Union ( � = 95) 0.88 � 0.05 0.77 � 0.09 0.86 � 0.07 0.70 � 0.13 0.86 � 0.05 0.87 � 0.08
UAI + 0.79 � 0.06 0.90� 0.08 0.78� 0.06 0.79� 0.14 0.71� 0.05 0.94� 0.07

Figure 6: Exemplary explanations of three images taken from ImageNet (red/blue indicates positive/negative
relevance). Each row corresponds to a particular input image. From left to right: original image, intersection
explanation, baseline (average LRP) explanation, and Union explanations, as well as the UAI+ explana-
tion. We observe that the baseline explanation attributes positive relevance to almost the whole cat except
the whiskers. The intersection explanation highlights solely the eyes and the nose of the cat as coherent
features whereas the union explanation highlights the same features as the baseline explanation but addi-
tionally attributes relevance to the whiskers. The explanation of UAI+ provides a holistic representation
of the di�erent feature importance regarding the model decision: red=high importance, (orange, grey, light
blue)=intermediate importance, and dark blue=low importance.

5.2 Experiment on ImageNet

We demonstrate the usefulness of the proposed method for explaining the decision-making process for a
naturally non-Bayesian model that was trained with dropout regularization. We used the broadly applied
pre-trained VGG16 network (Simonyan & Zisserman, 2014). This network was pre-trained on ImageNet (Rus-
sakovsky et al., 2015) and is naturally non-Bayesian. To access the uncertainty of this naturally non-Bayesian
model, we employed MC Dropout (Gal & Ghahramani, 2016) during the test phase, which can always be
applied when a model's architecture comprises at least one dropout layer. Furthermore, as a relevance attri-
bution function, we used the LRP-CMP rule as explainability method. For the evaluation of the performance
of the proposed methods, we randomly choose a small subset of classes from the ImageNet dataset, consisting

12



Published in Transactions on Machine Learning Research (09/2025)

of 3 classes: �tiger cat�, �llama�, and �lemon�. For each class, we downloaded3 1000 random images. The
explanation results for the Intersection, Average, Union, and UAI+ explanations for three randomly chosen
images are shown in Figure 6.

5.3 Use case: Prioritized and Coverage-Oriented Explanations (medical data)

In this use case, we study binary classi�cation of histopathological images into cancer vs. non-cancer. In
medical imaging practice, clinicians need not only accurate predictions but also actionable, uncertainty-
aware rationales that support prioritized review of the most reliable evidence andcoverage-oriented sweeps
that reduce the risk of overlooking small foci (cf. Klauschen et al. (2018); Hägele et al. (2020); Binder et al.
(2021)). Our UAI method summarizes agreement and coverage of explanatory features across posterior
samples, yielding (i) aprioritized view (stable cores) and (ii) acoverage-oriented view (sensitive, broader
evidence).

The dataset comprises22;302 patches from anonymized non-small-cell lung cancer (NSCLC) cases (n=200)
drawn from routine diagnostics at the Institute of Pathology, Charité�Universitätsmedizin Berlin, digitized
using a 3DHistech P1000 whole-slide scanner. Expert pathologists annotated28 morphological classes. For
this use case, we reduce to binary carcinoma vs. non-cancer. Data are split into training and test partitions.
The training set contains 17;884 labeled patches, with69:9% non-cancer. Point-level annotations of cancer
cells are available for a subset of cancer images and are used only for localization evaluation (below).

Table 2: Localization of expert-
annotated malignant cells (point an-
notations). We report AUC (mean �
s.d.) for thresholded attribution maps
versus cell annotations on cancer-
labeled test images with available
points. Higher percentiles (Union,
large � ) increase coverage and yield
the best AUC; � =99 performs best
here. Intersection (small� ) favors sta-
bility/precision over coverage.

Method AUC Score

Baseline 0.6534� 0.1705
Average 0.6635� 0.1712

UAI � = 1 0.5960� 0.1733
� = 5 0.6138� 0.1742
� = 25 0.6536� 0.1716
� = 50 0.6818� 0.1711
� = 75 0.7026� 0.1717
� = 95 0.7179� 0.1694
� = 99 0.7201 � 0.1680

For this experiment, we trained a VGG-16 (Simonyan & Zisserman,
2014) network with an additional dropout regularization layer ap-
plied in the feature extractor part of the network (after the �rst
and third MaxPool layer). The network was trained in a binary
classi�cation fashion for detecting the existence of cancer tissue in
a histological slide. We trained the network for 100 epochs, using
the cross-entropy loss with stochastic gradient descent, where the
initial learning rate was set to 0:001. The trained network achieved
an accuracy of86:96% on the provided test dataset and an F1 score
of 0:8205. Afterward, we computed the UAI explanations for di�er-
ent test images, which allows us to provide an additional estimate of
the explanation uncertainty. Results for three di�erent prototypical
cancer images are shown in Figure 7. The original histopathological
image is shown in the left column with the black dots representing
expert-labeled cancerous cells.

In the right column of Figure 7, the UAI results are plotted over the
original image and highlight the relevant parts of the image regarding
their importance for the classi�er. In the Intersection explanation
(second column from the left), we show the regions in the image
where the classi�er is most certain about their relevance to the pre-
diction �cancer�, and with gray color, features that are absent from
the Average explanation are highlighted. Analogously, for the Union
explanation, we highlight features in green that are attributed posi-
tively in the Union explanation but not in the Average explanation.
Thus, we can visually observe di�erences between Intersection, Average, and Union explanations � while
Intersection explanations provide a user with more �conservative� explanations, the Union method allows us
to observe all the features that were considered with positive evidence towards the class in question. From
the quantitative results shown in Table 2, we can observe that the higher the percentile value, the larger the
AUC score for the localization criteria of the cancerous cells. Note that in the quantitative experiment, we
used only the images labeled as cancerous, where the annotations of the cancerous areas were available.

3To download a subset of the ImageNet dataset, the following library was used: https://github.com/mf1024/
ImageNet-Datasets-Downloader .
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In general, the UAI-based heatmaps with di�erent � values can prove particularly useful with respect to
di�erent diagnostic applications. Low � value explanations can help to identify tissue regions with the highest
likelihood of cancer. High � percentile explanations may then be used for AI-based screening applications,
where it is important not to overlook even the tiniest occurrence of tumor cells in tissue samples. Therefore,
combining UAI analyses with low and high � may provide high sensitivity and simultaneously points the
pathologists to regions where the machine is most con�dent about its decision. This additional information
will improve diagnostic speed and also reduce the risk of overlooking crucial information in the diagnostic
process.

Figure 7: Comparison of the explanation results for the cancer experiment. A VGG16 (Simonyan & Zis-
serman, 2014) was trained on a set of Haematoxylin-eosin-stained Lung adeno carcinoma (LUAD) as well
as on non-cancer histological slides. Three original images labeled as cancer, taken from the test set, are
shown on the left, overlaid with black dots, which represent the cancer cells annotated by experts. Behind,
the various explanations of the model prediction for the class cancer are shown from left to right as inter-
section, baseline, union, and UAI+ explanation. For reporting only signi�cant positive relevances, we set
a threshold at " = 0 :05 and visualize only relevances that surpass this threshold. We highlight by grey
and green the additional information gained by our union and intersection approach in comparison to the
baseline explanation. In detail, the intersection highlights the most certain areas, which are indicated as
parts of the original image, whereas the areas that are not certain, and thus not visualized in the intersection
explanation, are highlighted in grey. In contrast, the union explanation identi�es additional information that
was not shown in the baseline explanation and therefore may point out new areas that may be cancerous,
which are highlighted in green. The aggregation of the diverse levels of feature importance is summarized
in the UAI + explanation shown on the right. Together, these views support aprioritized review work�ow
(Intersection) and a coverage-orientedwork�ow (Union) without retraining the model.

5.4 Use case: Con�rming the Clever Hans E�ect

In this experiment, we revisit the work of Lapuschkin et al. (2019); Samek et al. (2021); Kau�mann et al.
(2025) on the Clever Hans e�ect. This term refers to a problematic solution strategy in which a model
achieves correct predictions for the wrong reasons. The name originates from a horse named Hans, which
appeared to solve arithmetic problems, but was in fact responding to subtle cues from its trainer rather than
performing actual calculations.
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