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1 Introduction

In the set of subjects in the Artificial Intelligence (AI) domain, Machine Learning (ML) and
Deep Learning (DL) are among the most popular and widely used nowadays. Techniques and
models developed in the ML and DL domains are now used in all fields. For example, in Natural

Language Processing (NLP), different models are used for speech recognition and intelligent
chatbot services; in Emotion Recognition, ML or DL models are used to classify the emotional
state of human beings; and in Digital Advertising, models are used to determine which products
to sponsor to a user based on their internet browsing data.

Otherwise, AI techniques and models can be used in high-risk contexts such as autonomous
driving, Healthcare, and agriculture. For example, in autonomous driving the risk is that the
model will make a decision that impacts people’s safety. In Healthcare, the risk is that the model
may take the wrong decision on the patient’s disease status. Whereas, in agriculture, the risk is
that, for example, a model has to detect whether a plant is infected to prevent the spread of the
disease.

In all high-risk contexts, it is critical to give reasons why the model provided a particular out-
put. In general, companies and researchers developing AI models focus more on proving their
high accuracy, rather than motivating why a model behaved a certain way. As noted in Rudin’s
work [77], developing an explicable model is more difficult than developing a model with high
accuracy; this phenomenon can be attributed to the false myth of the tradeoff between accuracy
and interpretability prevalent in the scientific community, which results in little attention from
the scientific community to issues such as model interpretability. Moreover, companies prefer not
to provide explanations of model behavior, both as a matter of corporate secrecy and also because
developing explainable models requires more time and resources.

The need to get an explanation from AI models is not only due to the consequences of missing
explanations in high-risk contexts, but it has also become a duty required by institutions such
as in the European AI ACT law1 that will come into force in 2026. It requires any AI system
to be transparent, in other words, clearly motivate its decisions as stated in Article 13 “High-
risk AI systems shall be designed and developed in such a way as to ensure that their oper-
ation is sufficiently transparent to enable deployers to interpret a system’s output and use it
appropriately” (Article 13 of AI ACT2). This law is an expansion of the General Data Protec-

tion Regulation (GDPR) law [27] and of other AI regulation plans that govern “right to an
explanation” [32].

In addition, a model that is understandable and provides explanations instills greater confidence
in users. The efforts made by the scientific community in order to explain AI models have led to

1https://www.europarl.europa.eu/topics/en/article/20230601STO93804/eu-ai-act-first-regulation-on-artificial-
intelligence
2https://artificialintelligenceact.eu/article/13/
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the creation of two approaches that address the same topic in different ways: explainability and
interpretability. In this article, we will refer to the term explanation both when we talk about
explainability and when we talk about interpretability.

The term explainability denotes methods that provide explanations of an AI model using its
output [95]. In this context, several works have been proposed based on perturbation [62, 70], back-
propagation [4, 81, 84, 86, 111], and approximation [74].

The term interpretability denotes all those methods that make the internal behavior of an AI
model transparent. In this way, the decisions an AI makes to provide an output become under-
standable to users.

Generally, in the field of ML, there are models that are inherently interpretable because the
structure of the model is simple enough to explain and evaluate. Some inherently interpretable
models are, for example, linear regression [7, 61, 93], decision trees [9, 71], and decision rules
[20, 37, 51].

In DL, models automate feature extraction across deep layers by representing samples in a latent
space that is not comprehensible to a human, making the models black boxes; consequently, these
models are not inherently interpretable. Given the increasing use of DL models, several approaches
have been proposed in recent years to introduce an interpretability component or make a deep
model interpretable.

In this article, we aim to provide an overview of ante-hoc interpretability methods for deep
models, since there is a lack of surveys related to this type of methods in the literature. As we
show in the next sections, currently, there are surveys that only deal with interpretability methods
applied only to ML models. Or, surveys that misuse the word interpretability to describe post-hoc
explainability methods in DL.

Section 2 introduces the need to have models that can explain their choices, and we will
define in more detail the terminology adopted in this article. Section 3 describes our approach
for the Systematic Literature Review (SLR), listing related surveys on interpretability and
explainability and showing what criteria and search queries were used to find the papers
presented in this SLR. Section 4 illustrates the search results obtained for our SLR in the area
of interpretability methods on deep models. Section 5 offers a comprehensive review of the
interpretability properties afforded by the various methods. It also addresses the various aspects
related to the usefulness of these methods in different applications and provides insights into
interpretability. Finally, Section 6 presents the conclusions and future work.

2 Motivations and Terminology

In this chapter, we report on the motivations that led the scientific community to develop the
concept of explaining neural networks, downstream of the increasing use of black-box models.
The properties that constitute a good explanation will be described. In addition, it is necessary to
distinguish between the terms used in this context and in this work.

2.1 Why We Need Explanations?

The need to obtain an explanation has always existed, as in the early days of AI, engineers had
the same need as today to understand the decisions of an intelligent system. A series of historical
examples of methods for obtaining explanations from AI models are listed in the work of Con-
falonieri et al. [21]. One example is MYCIN [10], a rule-based system developed in the late 1970s
to support physicians diagnosing infections in patients.

In this section, we focus on the reasons for the need to obtain explanations in modern AI sys-
tems. This need comes to public attention as some governments begin to propose the first bills
to introduce the right to explanation: GDPR, proposed by the European Union in 2016 [27]; “The
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Development Plan for New Generation of Artificial Intelligence” by the Chinese government in
2017 [101]; or government programs such as the “Explainable AI (XAI) program” of Defense

Advanced Research Projects Agency (DARPA) started in 2017 [33] in order to direct research
toward the development of XAI Systems.

The first signs of public interest in the need to obtain explanations from AI models can be found
in articles such as “Can A.I. Be Taught to Explain Itself?” by Cliff Kuang [48], in which several
examples are given of researchers who, in the years prior to the publication of this article, en-
countered the need to explain their models. A well-known example in the scientific community
is the work of Caruana et al. [12], in which they trained a black-box model that predicts the risk
of dying from pneumonia in a patient. Their model incorrectly stated that asthma patients had a
lower risk of dying than healthy patients. This misbehavior was due to the fact that the model was
trained on a dataset that had a systematic bias; that is, it was not considered that the samples of
asthmatic people were collected on patients who were already undergoing therapeutic treatment
under strict medical supervision. Consequently, the need to obtain an explanation of the behav-
ior of black-box models depends not only on legislative requirements but also on the real need
to understand the output of these models; otherwise, such systems cannot be used in complete
safety.

2.2 How Should the Explanations Be?

Previously, we have often introduced the need to explain a model without defining how an ex-
planation should be. Explanations must be comprehensible to humans; there are several fields of
research: sociology, cognitive psychology, philosophy that study what the properties of a machine-
generated explanation must be in order to be comprehensible to humans. A detailed overview of
the guidelines for a good explanation can be found in Miller’s paper [64], a summary of which
can be found in a few paragraphs of Molnar’s book [65]. In our work, we simply want to provide
the main properties that constitute a good explanation, which we will analyze in the methods
discussed in the next paragraphs.

Let’s agree that in general, an explanation in AI should be an answer to a why-question [64]
and should be an “everyday”-explanation, that is, an answer to a local question such as, “Why,
according to Caruana’s model, do healthy patients have a higher risk of dying than asthma patients?”.
People request an explanation about events they consider unexpected or abnormal; “everyday”-
explanations consisting of local explanations of why particular events occurred are preferred over
more general explanations, such as scientific theories or answers to philosophical questions. An
explanation should facilitate people’s learning and enhance their understanding of the model’s
behavior.

A good explanation should be generated with the following properties, defined in the work of
Miller et al. [64], summarized as follows:

— Selective: people prefer few explanations that best highlight the cause of a model’s behavior
rather than the whole list of possible explanations.

— Contrastive [58]: people prefer to receive an explanation based on a comparison with a
reference case rather than an isolated explanation. In fact, the explanation based on a com-
parison is easier to understand because the user points out the differences from the reference
case.

— Social: the explanation must take into account the target audience to which it is addressed;
if the end user is an expert in the field, the explanation can be technical, while, for general
users, the explanations should be user-friendly.

ACM Comput. Surv., Vol. 57, No. 10, Article 262. Publication date: May 2025.
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— Truthful: an explanation generates total confidence in the system if it includes all the causes
of an event. There are cases, however, where the number of causes is undefined or where
some explanations are more representative than others; in these cases, a more selective
explanation is preferred. Too much selectivity risks reducing user confidence in the
system, so truthfulness can be seen as a tradeoff between selectivity and exhaustiveness of
explanations.

— Focused on the abnormal: given a set of causes of a pattern of behavior, people are more
interested in explanations about abnormal and unforeseen causes than explanations about
obvious and expected causes.

The primary characteristics that typically contribute to a transparent, user-centric explanation
have been documented. However, there are additional attributes that will not be examined in this
article, as they are exclusively pertinent to specific contexts.

2.3 Terminology

In this section, we are going to define the terminology we will use in the article when presenting
the various methods, as well as provide a general definition for explainability and interpretability.

— Transparency: is the ability of a model to make its operation clear; a transparent model
is one whose behavior can be predicted by the user. There are different levels of trans-
parency; a highly transparent model shows all its decisions that led it to generate an
output.

— Black-Box: is the term used to define a model that hides its internal behavior and, in output,
provides only its prediction. A black-box model is not a transparent model.

— Explainability: is the field in which an explanation is generated from the prediction of a
black-box model in order to understand why a model provided a certain output a posteriori.
Generally, explainability methods are portable because they do not depend on the architec-
ture of the model on which to use them.

— Interpretability: there is no official definition of interpretability in the literature, as
pointed out in [77], but we generally use it to refer to the field in which we study a
model’s behavior, in order to understand the intrinsic decisions that lead a model to gen-
erate an output. Using an interpretability method on a model allows us to improve its
transparency.

— Post-hoc: the use of a second model to generate an explanation from the input/output of
the main model; in general, explainability methods are post-hoc methods.

— Ante-hoc: we refer to methods that automatically generate an explanation during the train
or use phase.

Generally, in DL, post-hoc methods are widely used to generate explanations from the black
box. As Lipton suggests in his paper [59], in which he encourages researchers to define their own
metrics of evaluations, in the absence of a general mathematical definition, we define two levels
of interpretability that we will use in this article:

— Weak Interpretability: as shown in Figure 1(a), the interpretable component of the net-
work does not contribute directly to the generation of the network output but contributes
indirectly, e.g., only in the training phase for the contribution of the calculation of the loss
function.

— Strong Interpretability: as shown in Figure 1(b), the interpretable component contributes

directly to the generation of a network’s output.

ACM Comput. Surv., Vol. 57, No. 10, Article 262. Publication date: May 2025.
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Fig. 1. Examples of weak and strong interpretability. (a) The weak interpretability module only contributes

during the calculation of the loss functionL. (b) The strong interpretability module always contributes during

the generation of output y.

In this article, we highlight the component that adds interpretability in the models, as shown in
Figure 1, highlighting in light blue the interpretability module in each method discussed.

3 SLR Approach

In this chapter, we describe our methodology for conducting an SLR. We follow the widely used
guidelines provided by Kitchenham [45]. First, an overview of previous surveys that have ad-
dressed the topic of explainability in ML models will be given, noting that few surveys describe
interpretability exclusively in deep models. Next, through some research questions (RQs), we
provide the rationale for compiling this SLR. Finally, we describe the search methods we used to
find suitable papers, defining the inclusion and exclusion criteria (IEC).

3.1 Summary of Previous Reviews

Previous surveys were found using the following search engines: Google Scholar,3 Scopus,4 and
IEEE Xplore.5 The following queries were used to perform the search:

— {deep learning} AND interpretability AND survey.
— {deep learning} AND explainable AND survey.
— {deep learning} AND interpretable AND survey.
— survey AND xai AND {deep learning}.

These queries were used to conduct a search of the surveys dealing with interpretability methods
in DL. As can be seen in Table 1, surveys dealing with interpretable DL became popular since 2017.

It can be seen that, in recent years, there has been an increase in the production of scholarly
articles on this topic, demonstrating that as the use of black-box models in DL increases, so does
the need to explain them.

The predominant surveys have been found in the field of healthcare [42, 67, 92, 94, 96], where, for
example, the work of Tjoa et al. [94] makes a categorization of existing explainability methods by
dividing them into: perceptive interpretability and mathematical structure interpretability, applying

3https://scholar.google.com/
4https://www.scopus.com/
5https://ieeexplore.ieee.org/
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the categorization in the medical field, providing guidelines and future directions for clinicians
and practitioners. Also, in the work of Teng et al. [92], there is a categorization of explainability
techniques for DL, summarizing their application for disease diagnosis. Another example is the
work of van der Velden [96] where an overview of explainability methods used purely for medical
image analysis is made.

Another safe-critical application concerns autonomous driving systems, as discussed in the
work of Zablocki et al. [106], which provides an overview of post-hoc explainability methods on
DL models for autonomous driving systems. The work of Ahmed et al. [1] presents an overview
of AI, explainability methods, and applications of AI in Industry 4.0. In the paper of Zhang et al.
[109], an overview of XAI methods applied to the field of Cyber Security is made by describing the
cyber security systems that XAI techniques use as well as describing possible cyber attacks and
the work to defend against these attacks.

While many surveys propose explainability and interpretability techniques applied to deep mod-
els operating on images or tabular data, a noteworthy survey is the work of Zini et al. [112], in
which the authors give a general overview of explainability and interpretability techniques applied
on NLP models. From this work, it is found that the lack of explainable NLP models depends on the
difficulty of visualizing the internal representation of deep models that work on words. Moreover,
they are the first to analyze the explainability of word embeddings models that cover a crucial role
in NLP, then they discuss the internal representations of NLP networks, and discuss the degree of
interpretability of the attention mechanisms used in word processing transformers.

Some other surveys aim to provide guidelines and define future challenges for AI interpretabil-
ity. An example is the work of Rudin et al. [78] where 10 technical challenges are identified for
ML, such as: how to build sparse models for tabular data, including scoring system, or how to
understand, explore, and measure the Rashomon set of accurate predictive models. In addition,
this paper highlights the problem that in the literature there is confusion in the use of the terms
explainability and interpretability, which are often used synonymously even in the description of
techniques. We note that this problem also plagues some surveys that we have reported in Table 1,
in which the term interpretability is misused to describe explainability methods on deep models.
Therefore, we want to define an overview of ante-hoc methods to clearly introduce interpretability
for DL models.

3.2 Review Questions

Previous works describe post-hoc explainability methods only for DL, while they analyse ante-hoc
interpretability only for ML models. Therefore, in order to make the analysis of this topic more
comprehensive, we decided to focus our SLR on ante-hoc interpretability methods for DL.

Therefore, we defined the following RQs:

RQ1. Do ante-hoc methods exist for interpreting DL models?
RQ2. Are the proposed interpretability methods effectively ante-hoc or is there confusion and are

they post-hoc?
RQ3. In what contexts can the proposed interpretable method be used?
RQ4. How much user-friendly is the interpretability of a proposed method?
RQ5. What types of DL models are interpretable?

The previous questions encapsulate the doubts that arose during the search for ante-hoc inter-
pretability methods for DL. The motivations for drafting the previous RQs are the following:

RQ1 comes from the great difficulty in finding interpretability methods in deep models, since
most works in the literature provide post-hoc explainability methods. This trend is due to the
fact that the internal behavior of deep models is difficult to interpret, so this problem, combined

ACM Comput. Surv., Vol. 57, No. 10, Article 262. Publication date: May 2025.
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Table 1. Table of Previous Surveys Found with the Search Engines Google Scholar, Scopus, and IEEE Xplore

Authors Title Year Focus Area

Chakraborty
et al. [13]

Interpretability of deep learning models: A survey
of results

2017 XAI Techniques

Gilpin et al. [31]
Explaining explanations: An overview of
interpretability of machine learning

2018 XAI Techniques

Zhang et al. [107] Visual interpretability for deep learning: a survey 2018 XAI in CNNs
Dosilovic et al. [26] Explainable artificial intelligence: A survey 2018 XAI Techniques

Xu et al. [102]
Explainable AI: A Brief Survey
on History, Research Areas,
Approaches and Challenges

2019
Historical perspective
of XAI

Chatzimparmpas
et al. [14]

A survey of surveys on the use of visualization
for interpreting machine learning models

2020
Survey of surveys
in XAI

Mi et al. [63]
Review study of interpretation methods for
future interpretable machine learning

2020 XAI Techniques

Cheng et al. [18] Interpretability of deep learning: A survey 2020 XAI Techniques

Linardatos et al. [57]
Explainable ai: A review of machine
learning interpretability methods

2020 XAI Techniques

Li et al. [55]
A Survey of Data-Driven and
Knowledge-Aware eXplainable AI

2020 XAI Techniques

Liang et al. [56]
Explaining the black-box model: A survey
of local interpretation methods
for deep neural networks

2021
Local methods
for DNNs

Tjoa et al. [94]
A Survey on Explainable Artificial Intelligence
(XAI): Toward Medical XAI

2021 XAI for Healthcare

Ivanovs et al. [41]
Perturbation-based methods for
explaining deep neural networks: A survey

2021
Perturbation-based
XAI methods

Zhang et al. [108] A Survey on Neural Network Interpretability 2021 XAI Techniques

Fan et al. [28]
On interpretability of artificial neural networks:
A survey

2021 Interpretation Methods

Kovalerchuk
et al. [47]

Survey of Explainable Machine Learning
with Visual and Granular Methods
Beyond Quasi-Explanations

2021
Visual Approaches
in XAI

Buhrmester
et al. [11]

Analysis of Explainers of Black Box Deep Neural
Networks for Computer Vision: A Survey

2021 Computer Vision

Li et al. [54]
Interpretable deep learning: interpretation,
interpretability, trustworthiness, and beyond

2022 Trustworthy AI

Zablocki et al. [106]
Explainability of Deep Vision-Based Autonomous
Driving Systems: Review and Challenges

2022
XAI for Autonomous
Driving

Zhang et al. [109]
Explainable Artificial Intelligence Applications in
Cyber Security: State-of-the-Art in Research

2022 XAI in Cyber Security

Ding et al. [25]
Explainability of artificial intelligence methods,
applications and challenges: A comprehensive survey

2022 XAI Techniques

Teng et al. [92]
A survey on the interpretability of deep
learning in medical diagnosis

2022 XAI for Healthcare

Ahmed et al. [1]
From Artificial Intelligence to Explainable
Artificial Intelligence in Industry 4.0:
A Survey on What, How, and Where

2022 XAI in Industry 4.0

Alicioglu et al. [2]
A survey of visual analytics for
Explainable Artificial Intelligence methods

2022
Visual Approaches
in XAI

Zini et al. [112]
On the Explainability of Natural Language
Processing Deep Models

2022 XAI in NLP

(Continued)
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Table 1. Continued

Authors Title Year Focus Area

van der Velden
et al. [96]

Explainable artificial intelligence (XAI) in
deep learning-based medical image analysis

2022 XAI for Healthcare

Jin et al. [42]
Explainable deep learning in healthcare:
A methodological survey from an attribution view

2022 XAI for Healthcare

Rudin et al. [78]
Interpretable machine learning: Fundamental
principles and 10 grand challenges

2022 Interpretability in ML

Saeed et al. [79]
Explainable AI (XAI): A systematic meta-survey
of current challenges and future opportunities

2023
Challenges and future
directions in XAI

Nazir et al. [67]
Survey of explainable artificial intelligence
techniques for biomedical imaging
with deep neural networks

2023 XAI for Healthcare

Ciatto et al. [19]
Symbolic Knowledge Extraction and Injection with
Sub-symbolic Predictors: A Systematic Literature Review

2024 XAI Techniques

with the difficulty in developing ante-hoc methods for deep models, led us to consider RQ1 when
researching and studying the works in the literature.

RQ2 comes from the problem that plagues the literature in the area of explainability, whereby
there is often confusion with the terminology by not defining it appropriately. For example, works
were found where interpretable DL was mentioned but the proposed methods were post-hoc; con-
sequently, in our survey, all research was done by looking particularly carefully at the terms used
in order to present only ante-hoc methodologies for DL.

RQ3 comes from the observation that some interpretability methods, tested on experimental
datasets (such as Modified National Institute of Standards and Technology (MNIST) database
[50]), yield favorable results. RQ3 specifically examines the effectiveness of the methods in more
complex contexts.

RQ4 comes from the observation that some interpretability methods generate a non-user-
friendly explanation that an ordinary user is unlikely to appreciate. In some cases, even experi-
enced users would have difficulty grasping its meaning. Therefore, RQ4 focuses on the method’s
ability to be easily understood.

RQ5 comes from the observation that some deep models, e.g., Graph Neural Networks (GNNs),
use very complex mechanisms to be intrinsically interpreted, while there are some deep models
that already possess an interpretable component and are therefore easier to interpret than others.

Our responses to the RQs are shown in Section 5.5, after reviewing the various works in the
literature.

3.3 Review Methods

In this section, we discuss the search methodology used to find works that present ante-hoc inter-
pretability methods for DL models. The next sections will describe the IEC used to select the most
suitable papers, as well as quantitatively summarize the number of papers considered.

To conduct our SLR, three popular search engines for academic literature were used:

— Google Scholar
— IEEE Xplore
— Scopus

In order to conduct the search for the papers presented in this article, several queries were
defined and then used in the search engines listed above; booleans AND, OR, and NOT were used
in the query construction.

ACM Comput. Surv., Vol. 57, No. 10, Article 262. Publication date: May 2025.
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Let us consider that as filtering conditions, generic queries must contain generic keywords, for
example, “interpretability” or “self-explaining”, while for selective queries we impose the constraint
that they must consist of some targeted keywords, such as “Transformers” or “Graph Neural Net-
works”. In the search filtering stages, we consider only papers that are in English and have been
published from 2017 onward.

To collect the papers, two types of searches were done. The first type of search was to obtain
a broad spectrum of papers on the interpretability of DL by creating generic queries, as in the
following examples:

— interpretability AND method AND self-explaining AND “neural networks”
— interpretable AND “image recognition”

The second type of search is used to obtain selective results of interpretability methods on specific
deep architectures, as in the following examples:

— Interpretability AND transformer OR transformers
— (Interpretable OR Interpretability) AND “graph neural networks” NOT survey NOT review

The above queries are examples, since many queries were used in order to try to explore the whole
domain. Then the results of these queries are further filtered based on their content.

3.3.1 Inclusion and Exclusion Criteria. Given the volume of papers found with the different
queries used, IEC were applied in this SLR in order to consider only those papers deemed suitable
and proposing methodologies to interpret deep models. We present the following criteria below:

IEC1. Articles must be published in peer-reviewed journals or at conferences. Articles that do
not meet these criteria are excluded.

IEC2. Articles presenting the keywords “interpretability” or “interpretable” in the title or ab-
stract, however, then presenting a post-hoc method of explainability were excluded.

IEC3. Articles that present interpretability methods in DL are included. While, Articles that do
not present interpretability methods in DL but, for example, present methodologies to
interpret inherently interpretable ML models were excluded.

IEC4. Articles that introduce a new interpretability method are included. While, articles that ad-
dress interpretability in deep models but do not introduce a new interpretability method
are excluded.

IEC5. Only early versions of the study were considered; later versions or those that did not
bring a concrete innovation to the proposed methodology were excluded.

IEC6. Doctoral theses or dissertations are not considered in this review.
IEC7. Studies that do not present comparison metrics or evidence of experiments performed

were excluded. Although interpretability is not quantifiable, we believe that comparison
with other methods, even those that are not interpretable, is essential.

During our study, a total of 1, 226 papers were identified from 2017 to 2024 through the three afore-
mentioned search engines. Following the exclusion criteria, 1, 200 of these papers were discarded.
The remaining 26 papers will be the focus of this SLR.

4 SLR Results

In this section, we show the results obtained from research for this SLR. All the works shown in this
section concern ante-hoc methods for interpretability on different types of deep architectures. We
divide the methods found into: prototype-based methods and concept-based methods, as several
variants have been proposed in the literature, and, finally, a subsection for other interpretability
techniques.
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Table 2. Prototype-Based Methods Ordered by Publication Date

Authors Method Model Year

Oscar Li et al. [53] First Prototype-based method CNN 2018
Chaofan Chen et al. [16] Prototypical Part Network (ProtoPNet) CNN 2019
Gurmail Singh et al. [87] Negative-Positive Prototypical Part Network (NP-ProtoPNet) CNN 2021
Meike Nauta et al. [66] Prototype-based method CNN 2021
Zaixi Zhang et al. [110] Prototype Graph Neural Network (ProtGNN) GNN 2022
Sangwon Kim et al. [44] Vision Transformers with Neural Tree Decoder (ViT-NeT) Transformers 2022
Jingqi Wang et al. [100] High Quality Prototypical Part Network (HQProtoPNet) CNN 2023

Seo et al. [82] Prototype-based Graph Information Bottleneck (PGIB) GNN 2023
Gao et al. [30] Transferable Conceptual Prototype Learning (TCPL) CNN 2024
Peng et al. [69] Decoupling Prototypical Network (DProtoNet) CNN 2024

4.1 Prototype-Based Methods

As discussed in previous sections, for us, making a model interpretable means that a deep model,
for example, a Convolutional Neural Network (CNN), must be able to explain why it produced
a certain output ŷ by showing its intermediate features that contributed to generate the output of
the CNN itself.

One of the first solutions proposed for the interpretability of deep models was prototype-based
methods. Prototype-based methods aim to represent and make observable the prototypes that the
network uses internally, in order to compare them with a sample given as input to be evaluated.
These methods give the user the ability to understand the behavior that allowed the deep model
to generate the output. Through the years, prototype-based methods have been improved and
used on increasingly complex deep architectures. All the methods that will be explained in this
section are collected in Table 2. Figure 2 shows an example of an application of a prototype-based
network, ProtoPNet [16], to show what it means to interpret a model visualizing the prototypes
that contributed the most to the classification.

The first work that introduces the use of prototypes and their visualization in CNNs is the
method proposed by Li et al. [53]. Other methods illustrated in this section are Prototypical Part

Network (ProtoPNet) [16], High Quality Prototypical Part Network (HQProtoPNet) [100],
Negative-Positive Prototypical Part Network (NP-ProtoPNet) [87], This Looks Like That, Be-
cause by Nauta et al. [66], Transferable Conceptual Prototype Learning (TCPL) [30], Decou-

pling Prototypical Network (DProtoNet) [69], Prototype Graph Neural Network (ProtGNN)
[110], Vision Transformers with Neural Tree Decoder (ViT-NeT) [44], Prototype-based Graph

Information Bottleneck (PGIB) [82].
Prototypes method by Li et al. [53]. This interpretability method has been proposed for image

classification problems, in which the goal is to explain why a model has decided that an image
belongs to a given class at the expense of other classes. The method exploits the latent space of
deep models to create prototypes representing classes. Each prototype is a semantic representation
of what the model considers important in assigning an input image to a given class. The network
architecture involves the following:

— Input: image x ∈ Rp

— Autoencoder :
– Encoder f (·): for example, a CNN, to encode input image x in a latent space Rq .
– Decoder д(·): used to reconstruct an image x̂ from representations in the latent space Rq ,

so д : Rq → Rp .
— Prototype Classification Network h(·): consists of three layers and produces the probability

distribution over the K classes:
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Fig. 2. Example application of ProtoPNet [16] on a test image of the Caltech-UCSD Birds-200-2011 (CUB-200-

2011) dataset [98]. ProtoPNet shows the patches found in the input image that correspond to prototypes of

a given class.

– Prototype Layer p(·): is the layer that is responsible for storingm prototypes, p : Rq → Rm ,
calculates the Euclidean distance between the encoded input z = f (xi ) and each prototype
vector pi ∈ Rq ∀ i = 1, . . . ,m:

p(z) =
[
‖z − p1‖22 , ‖z − p2‖22 , . . . , ‖z − pm ‖22

]T
, (1)

the output of layer p(z) ∈ Rm , i.e., is a vector ofm Euclidean distances between z, i.e., the
input x encoded in the latent space, and ith prototype pi .

– Fully-connected layerw(·): is a classical layer head used in deep networks to obtain k logits
as many as there are classesw : Rm → Rk , then compute weighted distancesWp(z), where
W is a matrix of K×m weights.

– Softmax Layer s(·): is the layer that outputs the probability distribution over the k classes,
so s : Rk → Rk , where a kth component given in the output by the softmax layer is the
estimated probability of belonging to the kth class.

Thus, this proposed classification model uses a distance-based classification algorithm in a low-
dimensional learned feature space. Considering that the deep model was modified by adding the
prototype layer, to enable the model to optimize prototypes, so that they best represent class fea-
tures, Li et al. propose a new cost function:

L((f ,д,h),D) = E(h ◦ f ,D) + λR(д ◦ f ,D)
+λ1R1(p1, . . . ,pm ,D)
+λ2R2(p1, . . . ,pm ,D),

(2)

where: λ, λ1, and λ2 are hyperparameters that weigh loss terms; E is the standard cross-entropy to
optimize classification; R is the reconstruction loss to optimize the decoding phase of the network;
while R1 and R2 are the two regularization terms. The minimization of R1 will allow each prototype
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Fig. 3. ProtoPNet architecture replicated by us based on the original work [16].

vector to be as close as possible to at least one training example in latent space. The minimization
of R2 will allow each training example encoded in latent space to be as close as possible to at least
one prototype vector. For more details on the individual loss terms, the reader is referred to the
paper [53].

ProtoPNet [16]. This interpretability method is based on the work of Li et al. [53], with some
modifications. ProtoPNet is proposed for fine-grained classification problems. Looking at Figure 3,
where the architecture is replicated, ProtoPNet uses an encoder f to encode the input image x in
a latent space, thus obtaining z = f (x). Unlike Li et al. [53], where the prototypes represent entire
fixed-size images, in this ProtoPNet, the prototypes learned from the prototype layer дp are regions
(patches) of the variable size image. This layer дp computes the square of the Euclidean distances
between the jth prototype pj and all patches of z that have the same shape pj , z̃ ∈ Rq , and then
inverts these distances into similarity scores. These activation maps of similarity scores that are
produced by each prototypical unit дpj

are reduced to a single similarity score using a global max
pooling, so as to understand how strongly that prototypical part is present in some patch of the
input image. All similarity scores are given as input to the fully connected classifier h, to make the
final classification.

Another difference between ProtoPNet [16] and the method by Li et al. [53] is the removal of the
decoder, so, in the absence of this module, the display of prototypes in ProtoPNet is done differently.
This method uses the patches of the training images that have the smallest Euclidean distance in
the latent space to the prototypes learned with the same class. Mathematically, the association
between the image patch z with a prototype pj is expressed with the following equation:

vpj ← argmin
z∈Zj

‖z − pj ‖2, where Zj = {z̃ : z̃ ∈ patches(f (xi )) ∀i s .t . yi = k}, (3)

where vpj is the visual patch taken from the image associated with the prototype pj that can be
used in visualization. Another major difference compared to the work of Li et al. [53] is the different

ACM Comput. Surv., Vol. 57, No. 10, Article 262. Publication date: May 2025.



262:14 A. Di Marino et al.

loss function L used in ProtoPNet, like the following function:

L = min
P,wconv

1

n

n∑
i=1

CrsEnt(h ◦ дp ◦ f (xi ),yi ) + λ1Clst + λ2Sep. (4)

They remove the reconstruction termR since the decoder has been removed, and the regularization
terms Cluster cost (Clst) and Separation cost (Sep) encourage the model to have: a few patches close
to a prototype of the same class, and every latent patch away from prototypes that do not belong
to its class, respectively. The terms λ1 and λ2 are hyperparameters to adjust the importance of the
terms.

HQProtoPNet [100]. This method proposes improved prototypes over ProtoPNet in order to
have better prediction accuracy and stronger evidence reliability. The HQProtoPNet architecture in-
troduces the use of random erasing to make prototype learning more robust, through the addition
of an Augmentor layer before the encoder f (·). The authors introduce the MultiScale Matching

(MSM) layer to convert the output of CNN f (·) into feature maps at different scales in order to
obtain results more robust to scale variations. This MSM layer includes convolutional dimension
reduction and multiscale pooling. The Prototype layer дP , in place of Euclidean distance, uses the
cosine distance to compute the similarity between patches obtained from the MSM layer and pro-
totypes pj . The Classification layer is stackable, which means that each classifier produces output
logit scores for each class; these are to be accumulated with the scores of the other classifiers in
the stack and then given as input to the Softmax activation function to estimate the probability of
membership in each class. These changes lead to a modification to the regularization terms in the
following loss function, L:

L = CrsEnt + λ1Gen + λ2Pec, (5)

where CrsEnt is the cross entropy computed between the class y predicted by the HQProtoPNet
and the ground truth, the Generality function (Gen) should reflect that the prototype should have
similar image properties, and the Peculiarity function (Pec). This latter behaves opposite to Gen,
that is, a prototype of a class should have peculiarities different from other classes. The terms λ1

and λ2 are hyperparameters to adjust the importance of the terms. For further details, we refer the
reader to the original article.

NP-ProtoPNet [87]. This NP-ProtoPNet proposes a modification to ProtoPNet so that, in addi-
tion to positive motivation, it also adds negative motivation to interpret the classification of an
image. Their idea of adding the negative motivations (prototypes) comes from wanting to have
different opinions to answer the question: why did you choose this class? So in addition to the
reasoning, “I assigned a class y because patches looks like these prototypes”, they also add negative
motivations, such as, “I also assigned this class y because the patch does not look like these proto-
types of other classes”. While in ProtoPNet the Fully Connected Layer’s W -weight matrix used for
connecting similarity scores and logits is initialized to +1 and −0.5, in NP-ProtoPNet they initialize
connections with incorrect classes to −1 instead of −0.5. This modification allows for prototypes
with negative motivations.

This Looks Like That, Because... by Nauta et al. [66]. The authors’ contribution is to provide
additional textual explanations of the prototypes that ProtoPNet considers most similar to image
patches. The added textual information better explains the prototypes. The method quantifies the
visual features of: shape, saturation, contrast, color hue, and texture. The five visual features are
extracted from the original dataset by creating five new subdatasets, one for each visual feature.
The dataset for each visual feature is created, so that it becomes difficult for ProtoPNet to classify
those images based on the corresponding visual feature. For example, to create the shape feature
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subdataset, the images in the original dataset are reduced in shape contribution by applying linear
displacement that warps them.

After creating the five subdatasets, the importance of each feature is calculated with local and
global scores. The local score calculates the importance of a visual feature on a single image, while
the global score calculates the importance of a visual feature on a prototype in general, regardless
of the input image. The local score is calculated with the following equation:

ϕi, j,k
local

= дj,k − д̂i, j,k , (6)

where i ∈ {shape, saturation, contrast ,hue, texture}, j ∈ {1, 2, . . . ,n} is the index of the jth pro-
totype, and k is the index of the kth image of the test dataset. The similarity between the original
image and the prototype is denoted by д, while the similarity between the image of the modified
visual feature dataset and the prototype is denoted by д̂.

The global score of a visual feature i on the jth prototype is calculated as a weighted average
over the local scores calculated on the entire training dataset Str ain , as shown by the following
equation:

ϕi, j
дlobal

=

∑ |Str ain |
k=1 ϕi, j,k

local
· дj,k∑ |Str ain |

k=1 дj,k

. (7)

From the analysis that can be done with this method, it can be seen that the model does not always
associate patches with prototypes according to visual features that are intuitive to human beings,
but is often done through other visual features deemed useful by the model.

TCPL [30]. In this paper, the authors propose a method that adapts in an unsupervised context
with the goal of improving the knowledge transfer process. Prototypes are used in the hierarchi-
cal prototype module that adapts prototypes from the source (supervised) domain to the target
(unsupervised) domain.

DProtoNet [69]. The authors propose a novel architecture that incorporates a coding, inference,
and interpretation module. Prototypes are generated through the encoding module, which utilizes
decoupled feature masks to facilitate the generation of prototypes. The inference module employs
feature and prototype vectors to make predictions based on similarity comparisons. The interpre-
tation module represents the primary innovation of the method for interpreting prototype-based
networks and consists of a decoder of multiple dynamic masks.

Although the prototypes were designed for CNNs and were used after the encoding phase, other
work has proposed using the same prototype-based interpretability on other deep architectures
different from CNNs.

ProtGNN [110]. The authors propose a GNN as the Encoder f (·) because their goal is to integrate
the use of the ProtoPNet prototype layer by changing the encoder. The problem they face is that,
while for images it is easy to take a patch to compare with prototypes in a latent space, in GNNs a
patch is comparable to a subgraph that is not easy to find. The authors propose two methods for
searching a subgraph from an input graph and perform this step using the Conditional Subgraph
Sampling Module. The first method for searching a subgraph in a graph is to employ the Monte

Carlo Tree Search (MCTS) algorithm [85]. This is a computationally onerous iterative algorithm.
Then, as a second method for searching a subgraph in a graph, the authors propose ProtGNN+,
which consists of a Multi Layer Perceptron Network (MLP) addition that estimates the arcs of a
subgraph from the graph nodes and the prototype in latent space. ProtGNN+ is activated after an
initial training phase with MCTS to allow the network to perform the prototype projection. Once
the subgraphs are found, they are used in latent space, as is done in ProtoPNet using a Prototype
Layer дp , which calculates the distance between the subgraph (patch) and the nearest prototypes.
The similarity scores are used by a Fully Connected Layer c to effect the final classification.
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The Loss function is as follows:

L =
1

n

n∑
i=1

CrsEnt(c ◦ дp ◦ f (xi ),yi ) + λ1Clst + λ2Sep + λ3Div, (8)

where the Clst and Sep terms behave analogously to the work of ProtoPNet, while the new diversity
loss term (Div) uses the cosine distance to penalize prototypes that are too close to each other and
thus represent too similar a subgraph. The terms λ1, λ2, and λ3 are hyperparameters to adjust the
importance of the terms.

ViT-NeT [44]. In this method, the authors want to use prototype interpretability in a network
that uses a Swin transformer, a hierarchical transformer, as the encoder because the patch size
can be variable. This is useful to best represent both small and large objects. The network also
consists of an Interpretable Neural Tree Decoder, which is a perfect binary tree with a set of nodes
N (·), leaves L(·), and arcs Ei, j (·) between parent node i and child node j. To classify an image,
the method proposes a branch routing in which it compares the encoded image patches z̃ with
the prototypes Pi of the ith node through a routing score Ni measured by the logarithm of the
Euclidean distance, ϵ is used to prevent the denominator becoming zero when patch and prototype
are identical, as shown in the following equation:

N (zi ) = max
z̃∈patches(zi )

log
( (
‖z̃ − Pi ‖22 + 1

) / (
‖z̃ − Pi ‖22 + ϵ

) )
. (9)

To reinforce discriminative patches, in routing from an ith parent to a jth child, the patch z
passes through a Contextual Transformer Module (CTM). This provides a better description
of the object by aggregating the global context into the patches of each position, as shown in the
following equation:

zj = Ei, j (zi ) = CTM(zj ). (10)

Each leaf in the tree corresponds to a deep model of prediction L(·), which predicts the probability
of belonging to the kth class. The final prediction ỹ is calculated with the contribution of all leaf
predictions L multiplied by the accumulated routing scorespl , σ is the sigmoid activation function,
as shown in the following equation:

ỹ =
∑
l ∈L

σ (L(zl ,x)) · pl (z1), (11)

the final prediction ỹ is optimized using a negative logarithmic likelihood loss with the ground
truth label y.

PGIB [82]. The integration of prototypes into a GNN is proposed as a superior alternative to
ProtGNN. Prototypes are then utilized to identify key subgraphs that have an impact on prediction.
The incorporation of prototype learning into an Information Bottleneck (IB) module enables
prototypes to identify key subgraphs of the input graph.

4.2 Concept-Based Methods

An alternative to prototype-based methods is concept-based methods; the goal of these methods
always remains to make a deep model interpretable. Unlike prototype-based methods, which are
based on optimizing a distance in a latent space, concept-based methods involve optimizing the
weights of a layer through the use of regularization terms added to the loss function. As seen before,
in prototype-based methods, the networks learn “fixed” prototypes for each class, and thus, in
inference to motivate a classification, the same set of prototypes is always associated with different
input images. Instead, in concept-based methods, the concept is generalized by the weights of the
concept layer h(·), so the concept in the output generated by the layer h(·) changes according to
the input and semantically represents a general concept learned by the network. All the methods
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Table 3. Concept-Based Methods Ordered by Publication Date

Authors Method Model Year

David Alvarez Melis et al. [3] Self-Explaining Neural Network (SENN) CNN 2018
Pang Wei Koh et al. [46] Concept-Bottleneck Model (CBM) CNN 2020
Zhi Chen et al. [17] Concept Whitening (CW) CNN 2020
Dmitry Kazhdan et al. [43] Concept-based Model Extraction (CME) CNN 2020
Mattia Rigotti et al. [75] ConceptTransformer (CT) Transformer 2021
Anirban Sarkar et al. [80] A concept-based method CNN 2022
Han Xuanyuan et al. [105] Global concept-based interpretability GNN 2023
Hila Chefer et al. [15] Conceptor DM 2024
Hong et al. [38] Concept-Centric Transformers (CCT) Transformer 2024
Tan et al. [90] OpenCBM CNN 2024
Xu et al. [103] Energy-Based Concept Bottleneck Model (ECBM) CNN 2024

Fig. 4. Example of CBM on a test image of CUB-200-2011 dataset. CBM [46] shows which concepts were

most activated to classify the input image.

that will be explained in this section are collected in Table 3. Figure 4 shows an example of an
application of a concept-based network, CBM [46], to show what it means to interpret a model
using the concepts that contributed to the classification.

The first fully unsupervised ante-hoc concept learning method is the Self-Explaining Neu-

ral Network (SENN) [3]. Other methods illustrated in this section are the Concept-Bottleneck

Model (CBM) [46], a concept-based method by Sarkar et al. [80], Concept Whitening (CW) [17],
and Concept-based Model Extraction (CME) [43], OpenCBM [90] , Energy-Based Concept Bot-

tleneck Model (ECBM) [103], a method proposed by Xuanyuan et al. [105], Conceptor [15], Con-

ceptTransformer (CT) [75], Concept-Centric Transformers (CCT) [38].
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SENN [3]. It operates as a simple model that can be interpreted locally but not globally; it’s
authors achieve this through a regularization scheme that ensures that their model not only re-
sembles a linear model but behaves locally as such. The idea of SENN is to extract high-order
features from images and then represent them as interpretable basis concepts and assign each
concept a local relevance score.

The model f (x) is composed of three modules: (i) the concept encoder h(x) : X → Z included
in Rk , where k should be a small number to keep the explanation simple and understandable; (ii)
the relevance parameterizer θ (x), where θi : X → Rm and θi (x) ∈ Rm , is a vector that corresponds
to the relevance of the ith concept with respect to each output dimension m; (iii) the aggregator
д(θ1(x)h1(x), . . . ,θk (x)hk (x)) that aggregates the k concepts with respect to their relevance. The
loss is composed of three terms:

L = Ly (f (x),y) + λLθ (f ) + ξLh(x , x̂), (12)

where Ly is a cross-entropy between the model prediction f (x) and the ground truth y, Lθ is
the robustness loss that encourages the complete model to behave locally as a linear function on
h(x)with θ (x) parameters, making interpretation of both concepts and relevance scores immediate.
The last term of the loss Lh is used to train the encoder h(·) in conjunction with the rest of the
model. The terms λ and ξ are hyperparameters to adjust the importance of the terms. Only for the
training phase, the decoder is also used hdec (·) : Rk → Rn associated with h(·), so that the input
is approximately reconstructed as x̂ = hdec (h(x)).

CBM [46]. The approach proposed by the authors of this method makes it possible to convert an
end-to-end model into a concept bottleneck model. CBM is a network that, given an input x ∈ Rd ,
first predicts a concept c and then uses this concept to obtain the prediction y ∈ R. They achieve
this by aligning an intermediate layer of the network to the size of the concepts and adding a
regularization term to the loss function, which optimizes the generation of concepts. Concepts are
attributes provided by the dataset, and consequently, it is necessary to have a dataset labeled with
the concepts in order to train a CBM.

Generally, a CBM is considered in the form of f (д(x)), where д : Rd → Rk maps an input x to
the k-dimensional space of concepts, i.e., it generates the concepts for input x , and f : Rk → R
maps the concepts to the final prediction, i.e., starting from the concept generates y. Considering
that д and f are two distinct modules, the authors propose several ways for their training and
optimization of loss functions. Let LCj

: R × R → R+ be the loss function that measures the
discrepancy between the predicted concept and the jth true concept, and let LY : R × R → R+
be the loss that measures the discrepancy between the prediction and the true target. There are
several ways to learn the ( f̂ ,д̂) model:

(1) Independent Bottleneck: having concept labels and target labels makes it possible to train
f and д separately, optimizing f̂ = argminf

∑
i LY (f (c(i));y(i)) and д̂ = argminд

∑
i, j LCj

(дj (x (i)); c(i)j ). In the use phase, f will not have true c as input but will have д̂(x) as input.
(2) Sequential bottleneck: train д̂ first, then use д̂(x) to generate concepts and use it to train

f̂ = argminf

∑
i LY (f (д̂(x (i));y(i)).

(3) Joint Bottleneck: where you minimize the weighted sum

f̂ , д̂ = argmin
f ,д

∑
i

[
LY (f (д(x (i)));y(i)) +

∑
j

λLCj
(д(x (i)); c(i))

]
,

where λ controls the tradeoff between concepts and task loss and c(i) is the true concept.
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Fig. 5. Architecture replicated by us based on the network proposed by Sarkar et al. [80].

(4) Standard Model: ignore concepts and directly minimize f̂ , д̂ = argminf ,д

∑
i LY (f (д(x (i)));

y(i)).

A concept-based method by Sarkar et al. [80]. The method proposed by Sarkar et al. is a
weak interpretability module that can be added to any DNN to generate explanations through
contributing concepts during the training phase. The interesting aspect of this approach is that
the authors have demonstrated its effectiveness even on complex datasets, such as ImageNet [24].
The concepts introduced by this method can be learned in an unsupervised, supervised, or self-
supervised manner. The method involves the use of a generic framework, shown in Figure 5, to
incorporate the ante-hoc explanation module.

The network is formalized as fθ = {ηθc
(·),дθc

(·)}, where ηθc
(·) is the base encoder (feature

extractor) that extracts representations to go as input to дθc
(·), which is the classification function.

In addition, the model consists of a Ψθcc
(·) concept encoder to learn an interpretable set of concepts

{ψ 1, . . . ,ψC }, taking as input the features extracted by the base encoder ηθc
(·).

In general, the concepts are represented in low dimensionality. In order to visualize the con-
cepts, the module consists of a decoder hθd

(·), which has the task of reconstructing the image as x̂
using the {ψ 1, . . . ,ψC } learned concepts as input. In addition, this decoder encourages the model
to represent image concepts in a semantically appropriate way. The concepts should explain the
prediction made by the fθ network, but since they do not contribute directly to the classification
layer дθc

(·), a classification layer sθccc
(·) is added, which, unlikeдθc

(·), takes {ψ 1, . . . ,ψC } concepts
as input. A fidelity loss LF is used to encourage дθc

(·) and sθcce
(·) to produce the same output but

using different inputs. In this way, indirectly, the concepts contribute to the classification. The
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overall loss of the model can be written as follows:

LO = LC (yi , ỹi ) + αLR (xi , x̂i ) + βLF (fθ (xi ), sθcce
(Ψθce

(xi ))), (13)

where LC is the cross-entropy for the classification between the ỹi estimated by the classifierдθc
(·)

and the ground truthyi , the reconstruction loss LR is used to penalize the model if the concepts are
not good enough to generate the reconstruction x̂i of an input image xi , an L2 is used as the loss.
The last term is the fidelity loss introduced earlier. By default, the proposed method behaves as an
unsupervised concept method and uses only the loss LO during the training phase. The terms α
and β are hyperparameters to adjust the importance of the terms.

In case one has the availability of an auxiliary dataset of concepts, e.g., AwA2 [49], another loss
term LE (Ψθce

(xi ),αxi
) is introduced, where αxi

are the concept annotations and Ψθce
(xi ) are the

concepts estimated by the model. The total loss then will be LO + μLE . In the case where self-
supervised training of concepts is to be adopted, one of several auxiliary tasks can be applied. The
authors propose to use as an auxiliary task an ζθSS

(·) classifier for the prediction of rotation angles
r on the image. This classifier shares some parameters of the fθ model. In the training phase, the
loss of the auxiliary task LSS (ζθSS

(·), r ) is added; the total loss will be LO + γLSS . In the case of
deciding to do unsupervised training, the parameters μ and γ for supervised and self-supervised
concepts, respectively, are set to zero.

CW [17]. The authors propose a method for understanding how a layer works, which is an
alternative to batch normalization and can be applied to any deep model in any layer. The idea
of CW is to normalize and align the axes of the latent space with concepts, so that each axis is
representative of a concept learned from an auxiliary dataset of concepts. They use whitening
to decorrelate and standardize the data in a latent space and an orthogonal rotation matrix to
align concepts to axes. The authors show that, by taking any pre-trained deep model, replacing
the Batchnorm layers with their CW layer, and training the model for only one additional epoch,
they succeed in obtaining an interpretable model with the same accuracy and performance as
the uninterpretable model. Furthermore, the authors show that the use of Concept Whitening at
different layers allows for a semantic understanding: in the first layers, the model learns to extract
point-wise details, while, in the last layers it learns more complex concepts such as shapes and
objects.

CME [43]. The authors propose a framework applicable to any DNN to explain and improve
the performance of the DNN. They define a DNN f decomposable into concepts, so that it can be
well approximated by two functions p and q such that f (x) = q(p(x)). The function p : X → C
is the input-to-concept function that maps the input x ∈ X to their concept representation c ∈ C,
while q : C → Y is the concept-to-output function, which maps concepts into the output space
Y . The major difference of CME, compared to other concept-based methods, concerns the use of
multivariate concepts, i.e., nonbinary concepts; concepts are not only represented on the last layer
but also concepts represented by low-level layers are used. In this way, functional relationships
between concept and output are extracted and shown.

OpenCBM [90] Concept-based models involve the use of an auxiliary dataset of concepts. This
means that a fixed set of concepts is defined for each class. The authors, in their work, propose an
enhancement to CBM in which they employ an open vocabulary set of concepts and provide the
user with the ability to delete or add any concept. To use an open vocabulary, the model makes
use of a pre-trained language model such as CLIP [72].

ECBM [103] In the context of a CBM model, the process of correcting a concept does not inher-
ently extend to closely related concepts. A limitation of CBM models is the inability to define high-
level interactions between concepts and to quantify dependencies between them. In their work,
the authors propose an energy-based CBM model, which involves calculating the joint energy
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between the input concept and class. The correction, prediction, and quantification of dependen-
cies are represented by conditional probabilities derived from the combined energy functions.

Since concept-based methods, as well as prototype-based methods, have demonstrated their
high efficiency and effectiveness on deep architectures such as CNNs, other authors have also
explored the use of concepts in other deep architectures, such as GNNs and DMs.

Method proposed by Xuanyuan et al. [105]. The authors propose using concepts to interpret
GNNs because GNNs are difficult networks to interpret and are always used as black boxes with-
out analyzing their internal behavior. Generally, explanations about GNNs are local and post-hoc,
whereas with the method proposed by Xuanyuan et al., the explanation is done with global con-
cepts generated internally by the network.

The main contributions of this paper are to (i) demonstrate that the neurons of a GNN can
specialize on concepts and act as detectors of them, and also demonstrate that the neurons of
a GNN lend themselves well to representing the concepts formulated as logical compositions of
neighborhood properties; (ii) qualitatively evaluate the concepts detected by each neuron in the
GNN; and (iii) demonstrate that they can generate explanations of single interpretable concepts
supported by logical descriptions.

Their method is to perform a compositional concepts search on the activation space of a GNN.
Then, given a graph G ∈ G, the authors represent concepts C as functions C : G → {0, 1} |V | that
output binary masks and indicate whether a node is part of a concept. Their goal is to determine
whether a neuron is representative of a concept using a metric similar to an Intersection Over

Union (IOU) [73], which represents the divergence between the concept maskC and the activation
of the kth neuron H l

G
[k, :] stripped using τk . The search objective becomes the process of finding

a concept that maximizes a score f (C,k) for the neuron k , as in the following equation:

argmax
C

f (C,k) s .t . f (C,k) = min
τk

|D |−1
∑

G ∈D
Div

(
C(G),H l

G [k, :],τk

)
, (14)

where D is the training set of graphs. Then, to obtain global explanations, the authors align the
explanation with the concepts by searching for Eдlob = {argmaxC ∈C f (k,C) | k ∈ Sдlob }, which is
the set of the highest scoring concepts for neurons in Sдlob . For more details, we advise the reader
to refer to the paper by Xuanyuan et al. [105].

Conceptor [15]. The authors propose a concept-based method for interpreting a diffusion model
that starts with text and generates an image. In general, diffusion models that generate images
from text do not provide details about the intermediate states of the denoising process, not seman-
tically motivating which concepts most influenced the generation of the image. Conceptor is a
new method that extracts the textual concepts that the DM uses in its internal representation to
generate an output image. The authors have shown that, because of the interpretability provided
by Conceptor, we are able to observe model reasoning structures that are often inconsistent with
human reasoning structures. This proves that, generally, deep models obtain output by making
associations between features that a human, in most cases, would not have done. Conceptor uses
a state-of-the-art Stable Diffusion (SD) model [76], that employs a Denoising Diffusion Proba-

bilistic Model (DDPM) [36]. Conceptor’s goal is to interpret the internal representation of a DM
εθ through the use of a vocabulary V of expressive and diverse concepts c , containing roughly
N=50,000 human-understandable tokens. Conceptor learns a decomposition of the concepts using
the V vocabulary. This decomposition is realized as a pseudo-token w∗ � V , constructed as the
following linear combination:

w∗ =
n∑

i=1

αiwi s .t . wi ∈ V,α1, . . . ,αn ≥ 0, (15)
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wheren << N is a hyperparameter that determines the number of tokens to use in the combination.
The coefficient α is obtained from a 2-layer MLP that takes as input each word embedding vector
w , as shown in the following equation:

∀w ∈ V : α = f (w) = σ (W2(σ (W1(w)))). (16)

Then Equation (16) can be rewritten as w∗N =
∑N

i=1 f (wi )wi , where w∗N are all the decomposed
tokens of the vocabulary, and w∗ is obtainable by taking the top n tokens from w∗N . The authors
add a regularization loss Lsparsity to encourage the pseudo-token w∗N to be dominated by these
top n tokens, as in the following equation:

Lsparsity = 1 − cosine(w∗,w∗N ). (17)

The total loss is then as follows:

L = Lr ec + λsparsityLsparsity , (18)

where Lr ec is the reconstruction loss used in the DDPM model and λsparsity is a hyperparameter
to adjust the importance of the term Lsparsity .

CT [75]. The authors of this paper propose the use of concepts to ensure interpretability in a
network based on the attention mechanism. Their proposed module is designed to be a classifica-
tion head in a generic deep architecture. CT uses three types of input: (i) the input image x used
as embedding of P visual patches that are linearly projected and concatenated into a query matrix
Q ∈ RP×dm ; (ii) concepts represented as embeddings encoded in a key matrix K ∈ RC×dm ; (iii)
concepts linearly projected using a value projection matrix and concatenated to obtain the value
matrix V ∈ RC×dm .

The module performs the cross-attention between the query matrix Q and the key matrix K .
From the cross-attention operation, attention weights are then generated between each patch-
concept pair, combined into an attention matrix A = [αpc ∈ Rp×c ], as illustrated in the following
equation:

αpc = so f tmax

(
1
√
dm

QKT

)
pc

with p = 1, . . . , P , c = 1, . . . ,C, (19)

where P and C are the numbers of patches and the numbers of concepts, respectively.
The final output of CT is the product obtained by multiplying the attention map A, the value

matrix V , and the output matrix O ∈ Rdm×nc , which projects onto the logit nc (not normalized)
output classes and averages the patches:

loдiti =
1

P

P∑
p=1

[AVO]pi with i = 1, . . . ,nc . (20)

The authors of the paper [75] describe a single-head attention model through the above formulas,
but, in their experiments, they use the multi-head version of Vaswani et al. [97]. The method
was then tested on datasets such as Caltech-UCSD Birds-200-2011 (CUB-200-2011) [98], MNIST
Even/Odd [6], and attribute Pascal and Yahoo (aPY) [29].

CCT [38] In this paper, the authors explored the use of a shared memory in which the various
modules of the proposed framework compete to write to it. They added a broadcast communi-
cation mechanism, which updates each module when a specific module has been written to the
shared memory. This mechanism, inspired by the Shared Global Workspace (SGW), allows com-
putational modules to communicate effectively with each other. The functionality was tested in an
interpretable model inspired by CT, with the difference that the CCT framework generalizes the
approach by not using image patches.
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Table 4. Other Interpretability Methods for DNNs Ordered by Publication Date

Authors Method Model Year

Liangzhi Li et al. [52] SCOUTER Transformers 2021
Moritz Böhle et al. [8] B-cos Networks CNN 2022
Eslam Mohamed Bakr et al. [5] ToddlerDiffusion DM 2023
Huang et al. [40] ProtoCBM CNN 2024
Wan et al. [99] Semantic Prototype Analysis Network (SPANet) CNN 2024

Fig. 6. Example of B-cos on a test image of CUB-200-2011 dataset. B-cos [8] can show the contribution map

for each neuron of each layer of the model, it shows that to classify, the model focused mainly on the peculiar

wings of the bird.

4.3 Other Interpretability Methods

This section discusses other work on interpretability methods for DNNs that do not rely on the use
of prototypes or concepts but propose alternative strategies in order to make a model interpretable.
All the methods that will be explained in this section are collected in Table 4. Figure 6 shows
an example of an application of B-cos [8], to show what it means to interpret a model using an
alternative method to both prototypes and concepts.

B-cos [8]. The authors propose a new approach to increase the interpretability of DNNs by
promoting weights-input alignment during training. They propose to replace the linear transfor-
mations in a DNN with their B-cos transform. They designed the B-cos layer so that it can be
compatible with common deep architectures such as Visual Geometry Group (VGG) networks
[86], Residual neural Network (ResNet) [34], InceptionNets [89], and Densely connected convo-

lutional Networks (DenseNets) [39], while still maintaining similar performance on ImageNet
[24]. The authors define their B-cos transform as a variation of a linear transform; a linear trans-
form is represented in the following equation:

f (x ;w) = wTx = ‖w ‖ ‖x ‖ c(x ,w) with c(x ,w) = cos(∠(x ,w)). (21)

While this other equation shows the B-cos transformation proposed by the authors:

B-cos(x ;w) = ‖ŵ ‖ ‖x ‖ |c(x , ŵ)|B × sдn(c(x , ŵ)), (22)
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where B is a hyperparameter, the hat operator scales ŵ to the unit norm, and sдn denotes the sign
function. It is noted that if B = 1, the B-cos transform is equivalent to the linear transform with ŵ .

The authors state that these changes in the function are useful for three reasons. First, they
bound the output of B-cos neurons. Second, by increasing the B exponent, it is possible to further
suppress the output for misaligned weights, and the respective B-cos unit can produce outputs
close to its maximum. These two properties allow the B-cos transform to provide explanations
based on similarities; a sample is well classified if it is aligned with the corresponding vector of
weights. The third property is that, despite these introduced changes, the B-cos transform retains
a property of the linear transform, namely, that a sequence of B-cos transforms can be faithfully
represented as a single linear transform d .

SCOUTER [52]. The authors propose an attention-based interpretability method that can be
used both to generate a positive explanation of class membership and to generate a negative expla-
nation of nonmembership. They use explainable Slot attention (xSlot) module [60] as a mechanism
that uses self-attention to learn how to represent individual objects. SCOUTER’s major contribu-
tion is the addition of the regularization term �Ar ea to the loss function, which allows them to limit
the coverage area of a single slot, since, without this term, a slot could also cover too large an area.
The final loss used by SCOUTER is as follows:

�SCOU T ER = �CE + λ�Ar ea , (23)

where �CE is the cross-entropy loss and λ is a hyperparameter to adjust the importance of the term
�Ar ea .

The authors propose to train two models to be used in parallel: SCOUTER+, which generates
explanations for belonging to a given class, and SCOUTER−, which generates explanations for not
belonging to a given class.

ToddlerDiffusion [5]. The authors propose a method for interpreting the intermediate stages
of a diffusion model that operates in the image-to-image domain for generating synthetic images.
The interpretability of the intermediate stages of a diffusion model allows users to be able to in-
teract with the intermediate stages and edit them in order to influence the model to generate new
synthetic images. Unlike traditional diffusion models that, in the denoising stage, at each step t ,
estimate an ϵ∗ amount of noise to be removed, thus making it impossible to understand and im-
possible to manipulate an intermediate stage of this stage. ToddlerDiffusion makes the denoising
stage transparent by decomposing this process into three stages: Stage Abstract Structures and
Stage Palette, and combining both stages in the third Stage Detailed Image, to generate a single
synthetic image.

Stage Abstract Structures aims to generate abstract contours S ∈ RH×W ×3 starting from pure
noise. The authors formulate sketch generation as a mapping function that goes from the domain
y = xT to the domain x = x0. The forward process is formulated with the following equation:

xt = αtFd (x0, t) + (1 − αt )y + α2
t ϵt , (24)

where αt is a weight factor between the two domains, α2
t is the variance of the noise, and Fd (x0, t)

is a dropout function that takes the groundtruth sketch x0 and the current timestep t and generates
a more sparse version of x0, performing a white pixel mask. In general, in diffusion models, y is
a Gaussian distribution, whereas, in their work, the authors set y as a black image, to which they
then add brighter points during convergence to obtain the contours.

After generating the sketch S , the authors propose the Stage Palette to generate color informa-
tion. The formulation follows the stage abstract structure:

xt = αtFp (x0,Kt ,Jt ) + (1 − αt )y + α2
t ϵt , (25)
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where αt is the weight factor between the two domains, α2
t is the variance of the noise, and

Fp (xo , ‖t ,Jt ) is the pixelization function for the GT palette using a kernel Kt and stride Jt .
The third and final stage, Detailed Image, uses a fusion of sketches and palettes as a starting

point. The formulation is as follows:

xt = αtx0 + (1 − αt )y + α2
t ϵt . (26)

As a loss function, the authors propose an adaptation of the Variational Lower BOund (ELBO):

LELBO = − Eq(DK L(q(xT |x0,y)| |p(xT |y)) +
T∑

t=2

DK L(q(xt−1 |xt ,x0,y)| |pθ (xt−1 |xt ,y))

− logpθ (x0 |x1,y)), (27)

where pθ is an approximation of functions to predict starting from xt and DK L is the Kullback–
Leibler Divergence function.

ProtoCBM [40] In the context of concept-based models, the process of mapping from input to
concept remains an area of uncertainty because of its inherent black-box nature. To overcome this
limitation, the authors proposed an improved CBM in which, instead of the black box, prototypes
are used as in ProtoPNet, and then the score maps obtained by using the prototypes are used as
input for the Concept Predictor as CBM. In addition, they developed a metric to evaluate the reli-
ability of concepts within CBM models. This metric uses a reliability score to assess the reliability
of concepts, thus contributing to the advancement of the field.

SPANet [99] In this work, the authors proposed the use of both concepts and prototypes for
the creation of more inclusive and human-oriented explanations. They developed an interpretable
network that uses semantic prototypes, which are the result of combining prototypical parts and se-
mantic concepts. The network consists of three modules: the Semantic Attachment Module, which
encodes the input image and the list of concepts; the Prototype Recognition Module, which com-
pares the features generated by the previous module with the stored prototypes; and the Recon-
struction Module facilitates the visualization of semantic prototypes, which represent the amalga-
mation of concepts and prototypes.

5 Discussion

In this section, we want to offer readers a discussion of some key points of interpretability. As the
number of deep black-box models grows in direct proportion to the need to obtain explanations,
there is a need to gather interpretability methodologies for deep models into a single SLR.

As you can see from the previous sections, this SLR has discussed methods of interpretability
based on prototypes, concepts, and others. We want to evaluate interpretability for each of these
methods. Here, we discuss the strengths and weaknesses of the different types. Table 5 shows
the properties of interpretability for each method discussed. The differences between the different
types of interpretability are discussed using the properties defined in the Section 2.2. In addition,
we want to offer insights into the uses of interpretability.

5.1 Interpretability of Prototypes

In general, prototype-based methods benefit from strong interpretability because the prototype
layer, which is the interpretable component of the network, contributes directly to model predic-
tion. As shown in Table 5:

— Selectivity: is guaranteed by the hyperparameter m, which defines the number of proto-
types learned by the network for each class. If an adequate number of prototypes is chosen,
then the explanations of the model will be selective; on the other hand, if a large number of
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Table 5. Overview of the Five Properties of Interpretability Guaranteed by Different Models

Category Method Selectivity Contrastive Social Truthful
Focused on

the abnormal

Prototype

Oscar Li et al. [53] ◦ ✓ ✓ ✓ ✗
ProtoPNet [16] ◦ ✓ ✓ ✓ ✗
NP-ProtoPNet [87] ◦ ✓ ✓ ✓ ✗
Nauta et al. [66] ◦ ✓ ✓ ✓ ✗
ProtGNN [110] ◦ ✓ ✓ ✓ ✗
ViT-NeT [44] ◦ ✓ ✓ ✓ ✗
HQProtoPNet [100] ◦ ✓ ✓ ✓ ✗
PGIB [82] ◦ ✓ ✓ ✓ ✗
TCPL [30] ◦ ✓ ✓ ✓ ✗
DProtoNet [69] ◦ ✓ ✓ ✓ ✗

Concept

SENN [3] ◦ ✗ ◦ ◦ ◦
CBM [46] ◦ ✗ ◦ ◦ ◦
CW [17] ◦ ✗ ◦ ◦ ◦
CME [43] ◦ ✗ ◦ ◦ ◦
CT [75] ◦ ✗ ◦ ◦ ◦
Sarkar et al. [80] ◦ ✗ ◦ ◦ ◦
Xuanyuan et al. [105] ◦ ✗ ◦ ◦ ◦
Conceptor [15] ◦ ✗ ◦ ◦ ◦
CCT [38] ◦ ✗ ◦ ◦ ◦
OpenCBM [90] ◦ ✗ ◦ ◦ ◦
ECBM [103] ◦ ✗ ◦ ◦ ◦

Other

SCOUTER [52] ✗ ✗ ✓ ✓ ✗
B-cos [8] ◦ ✗ ✓ ◦ ✗
ToddlerDiffusion [5] ◦ ✗ ✓ ✓ ✗
ProtoCBM [40] � ✗ ◦ ✓ ◦
SPANet [99] ◦ ✓ ✓ ✓ ✗

The following symbols are used for: (✗) non-guaranteed property; (✓) guaranteed property; (◦) guaranteed property if
a condition is met; in general, the condition for Prototype and Others methods depends on the values of their
hyperparameters, while for Concept methods the condition depends on the auxiliary dataset used.

prototypes is chosen, then there is a risk of having redundant prototypes that are used in
explanation, which would confuse users.

— Contrastive: a prototype is a template that the model uses to compare with an image it
wants to evaluate. Consequently, the use of prototypes ensures an explanation based on
contrastiveness.

— Social: the explanations given by prototype-based methods take advantage of prototypical
images to motivate the choice of the template; consequently, these images are easily under-
stood even by users who are not experts in a particular field.

— Truthful: although the explanations given by methods using prototypes tend to have high
selectivity, they actually succeed in ensuring good truthfulness because the explanations
granted by the model clearly motivate all model choices. Thus, even though there are few
prototypes, they manage to capture all the significant aspects of each class that the model
uses to make predictions.

— Focused on the abnormal: this is the only property not guaranteed by prototypes, since
the explanations are based only on patterns that commonly define a class and not on abnor-
malities in that class.
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The explanations provided by prototype-based methods are not easy to obtain; the difficulty faced
by the different authors concerns, in most cases, the choice of a good number of prototypes, since
choosing too many prototypes runs the risk of having redundant or “background” prototypes,
while choosing too few means ignoring fundamental patterns. The authors address this problem
by using a pruning algorithm, which is a phase of removing redundant or “background” prototypes
after the training phase.

5.2 Interpretability of Concepts

The proposed concept-based methods generally enjoy strong interpretability as is the case with all
methods except the method of Sarkar et al. that has weak interpretability because the concepts are
used only to influence loss but do not contribute to the output in inference. As shown in Table 5:

— Selectivity: considering that most methods use an auxiliary dataset of concepts, selectiv-
ity is given by the number of concepts for each class in the dataset. One exception is the
method of Sarkar et al., in which they also provide unsupervised training for concepts and,
in this case, the selectivity is given by the width of the layer of concepts. If we have in the
dataset a few concepts that are representative of the problem for each class, we will have
high selectivity; otherwise, we will have little selectivity in explanation.

— Contrastive: concept-based methods do not rely on comparisons but provide explanations
by extracting the concepts from the input samples; consequently, the contrastivity of these
methods is low.

— Social: explanations generated by concept-based methods are easy to understand if the aux-
iliary dataset of concepts is easy to understand; however, if the dataset has complex concepts,
then the explanation generated by the model will be equally complex and understandable
only by experts in the field. Generally, the proposed works use datasets of relatively simple
concepts.

— Truthful: is guaranteed because the model’s explanations are closely related to the concepts
provided by the auxiliary dataset, so the model will always be comprehensive with respect
to the concepts in the dataset.

— Focused on the abnormal: generally, concept-based methods do not provide explanations
based on abnormal cases since the concept is a general and common representation of a
frequently appearing feature. However, if one constructs a dataset with concepts represent-
ing abnormal features, one could cause the model to generate explanations based on the
abnormal.

Concept-based methods, such as Conceptor [15], can prove to be a powerful tool for bias discov-
ery and reduction in deep models. This method manipulated the concepts used in the internal
representation of the DM to find out which concepts, when deactivated, reduced the bias in image
generation. Other methods, such as CW [17], are applied to all layers of a deep model, show-
ing that, for semantic understanding, in the first layers, the model learns to extract point details
and little generality, while in the last layers, it learns more complex concepts such as shapes and
objects.

5.3 Other Methods

The other interpretability methods guarantee the properties of Table 5, as follows:

— Selectivity: in B-cos increasing its hyperparameter B results in greater selectivity in the
explanations. SCOUTER has low selectivity because it provides heat maps as explanations,
positive and negative, for each class. Moreover, it may be the case that these explanations are
also contradictory. ToddlerDiffusion generates a number of interpretable feature maps equal
to the number of states t of the diffusion model, which can also be large, the selectivity
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depending on t . In ProtoCBM selectivity depends on the number of concepts learned, while
in SPANet selectivity depends on the number of semantic prototypes learned.

— Contrastive: among the methods discussed, only SPANet allows a contrastive explanation
because it uses semantic prototypes.

— Social: the explanations generated by B-cos are visual, so they are therefore understand-
able to all kinds of users. SCOUTER’s explanations are fairly easy to understand by a wide
range of users, as it generates heatmaps that are superimposed on the source image. The
explanations generated by ToddlerDiffusion are understandable to a wide range of users be-
cause they have made it possible to visualize the hidden stages of a diffusion model, which
were previously incomprehensible to anyone. ProtoCBM uses Prototypes only to generate
the concepts, so the social property is subject to the same variability as the concepts. SPANet
provides understandable explanations to all types of users, exploiting both the prototypes
and the concepts.

— Truthful: B-cos provides high truthfulness when this interpretability method is used on
multiple layers so as to generate multiple explanations at different depths. SCOUTER gen-
erates positive and negative explanations for all classes to try to corroborate explanations
consistent with the classification made, so SCOUTER has high truthfulness. The explanations
generated by ToddlerDiffusion have high truthfulness because the number of transparent fea-
ture maps generated in the hidden stages allows for exhaustive explanations of the image
generation pipeline, providing explanations of both shapes across edges and also explana-
tions of color regions. ProtoCBM, in addition to the classic concepts, also provides location
maps that make the explanations exhaustive. SPANet using exhaustive semantic prototypes
ensures high truthfulness.

— Focused on the abnormal: Potentially only ProtoCBM could exploit concepts representing
abnormal cases in order to provide this kind of explanation. However, none of the four other
methods focus on abnormal explanations, as they all provide explanations based on more
common cases.

These methods show that explanations can also be obtained through alternative approaches; these
models generally focus on generating generic explanations; none of these methods generate ex-
planations based on comparisons with a reference case; and, they do not focus on the abnormal.
These methods are good alternatives for focused problems, such as in image generation, where
using ToddlerDiffusion one is able to observe the intermediate stages of a diffusion model in a
transparent way.

5.4 Scientific Discovery through Interpretability

Making a model interpretable not only changes the approach of users as they work or use AI
models, but leads to a new way of doing research. Having an interpretable model means being
able to follow the “reasoning” of a network or observe phenomena that, without interpretability,
remained obscure to users’ eyes. As discussed in previous sections, in high-risk contexts, having
an interpretable model is indispensable. In [88], the authors propose the use of a prototype-based
network for early glaucoma diagnosis, which not only provides excellent performance in terms of
accuracy but also generates user confidence as it explains the decision made, allowing clinicians to
check whether the model choices were correct. In [68], the authors propose a method for evaluating
the prototype-based networks for breast cancer detection through mammography. Using their
prototype quality metrics, they are able to determine which prototype network is best to use for
this type of problem. Evaluating prototypes allows users to understand which prototypes are the
key classification contributors and which ones do not contribute definitively. In [104], the authors
demonstrate the ability to effectively determine COVID-19 patients using a prototypical network.
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In [35], they use a prototypical model for a regression task and use it to predict brain age. The
use of these methods is not only useful in clinical contexts, for example in [91], they develop a
concept-based method for interpreting the language models such as BERT and GPT2. It is not
only high-risk contexts that benefit from explainable models; an example is the work of Cremades
et al. [23], in which, using an explainable model, they are able to identify important structures
in complex problems in classical physics. Another example is the work of Cranmer et al. [22], in
which through their approach they are able to extract equations associated with a GNN model; in
their example, they are able to generate a new equation that predicts the concentration of dark
matter from cosmic structures, thus enabling the discovery of new physical principles.

5.5 General Considerations

In this SLR, we have always focused on the descriptions of the proposed methodologies, avoiding
describing the results of the methods in terms of performance, such as accuracy or other evalua-
tion metrics. However, the belief in the literature that there is a tradeoff between interpretability
and accuracy is not to be overlooked. There is a belief that making a model deeply interpretable
means reducing its performance [33]. While writing this article, having considered all the methods
discussed, we agree with Rudin’s work [77], concluding that this tradeoff is not always true. The
proposed methods succeed in providing both interpretability and high accuracy.

Based on our RQ in Section 3.3, our formal responses to the RQs are as follows:

RQ1. There are ante-hoc methods for interpreting DL models, and in this article we analyze the
methods found.

RQ2. The models discussed in this article are all ante-hoc methods of interpretability. There is
confusion in the literature because there are works that use the term interpretability, but
they are post-hoc methods.

RQ3. Most of the interpretability methods found are proposed on experimental datasets, so they
are used in laboratory settings. Few works use natural image datasets, such as ImageNet
[24], which suggests that potentially these methods can also be used in real-world con-
texts.

RQ4. The methods found provide user-friendly explanations, because they are either based on
visual explanations that are easy to understand or are based on concepts predetermined
by humans. So they are not machine-oriented explanations, but they are human-oriented
explanations.

RQ5. Our research found that methods have been proposed to interpret the most widely used
deep architectures such as CNNs, GNNs, Transformers, Diffusion probabilistic Models
(DMs).

Another point we would like to make concerns the use of clean and simple datasets with which
the various authors have demonstrated the performance of their models. We believe that a good
challenge to address would be to adapt and test the same methods on real more complex datasets.

Another aspect we want to bring to the attention of readers in these discussions is the quality of
the information content of transformers. In general, in some work using transformers, attention
is also used to explain a model’s choices. The use of the attention mechanism is justified because
it is assumed to contain information that the model considers important. The work of Serrano
et al. [83] shows that in NLP tasks, in which textual input is worked on, attention does not always
contain information content that is useful in explaining the model. More importantly, through
several experiments, they show that its content can be easily manipulated.

A question worth asking is: “Given the difficulty in creating interpretable DL models, is it
worth creating them for non-high-risk contexts?” Obviously, it depends a lot on the context. Al-
though some issues are not high-risk, it may be useful to interpret the model to increase user
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confidence. It could also be useful as a debugging tool for researchers themselves, for example,
in the context of using deep model ensembles. Recall that even if these are not high-risk issues,
governments are moving in the direction of mandating the development and use of interpretable
models.

6 Conclusion and Future Work

In this SLR, we have demonstrated the importance of interpreting DNNs and highlighted the efforts
of legislative bodies to regulate the use of AI through the development of interpretable AI. In
addition, we motivated the use of interpretable approaches, especially in high-risk contexts where
it is dangerous to rely on black-box models, which, by not providing reasons for their predictions,
turn out to have low reliability. We also demonstrated a clear difference between explainability and
interpretability in order to help researchers gain clarity, and as a result of our research, we thought
it appropriate to distinguish interpretability methods into strong and weak interpretability.

In this SLR, 26 main studies were selected after applying some precision criteria. The confusion
that permeates in the scientific community between explainability and interpretability led us to ex-
clude many scientific articles that improperly use the term interpretability, as they did not propose
concrete ante-hoc methods but proposed post-hoc methods of analysis, i.e., explainability. More-
over, the small number of articles found also highlights the difficulty in finding and developing
new ante-hoc methods for deep models.

In this SLR, we thought it appropriate to focus on the innovative methodologies proposed to
make deep models interpretable, rather than comparing them with each other through score met-
rics. We point out that one of the problems of interpretability methods is that they are heteroge-
neous. Therefore, they can hardly be compared with one and the same scoring metric; in fact, the
authors proposing these papers themselves hardly compare their method with methodologies of
a different interpretability class.

We thought it appropriate to analyze interpretability methods by dividing them into prototype-
based and concept-based methods, and we also thought it appropriate to point out the ex-
istence of other interpretability methods that differ from prototype-based and concept-based
methods.

These initially proposed interpretability models were created for CNNs, which are the most
popular deep model; we have shown that, over the years, they have also been adapted to more
complex deep architectures, such as GNNs and Transformers. In addition, we have observed that
researchers, instead of proposing methodologies, alternatives to prototypes and concepts, are more
inclined to propose improved versions of already existing methods based on prototypes and con-
cepts. A future direction might be to draw inspiration from these methods to try to introduce them
into newer deep architectures, such as generative models.

In this study, it was observed that, with the exception of concept-based approaches, interpretabil-
ity methods do not employ anomaly-based explanations. So as a future direction, researchers could
focus on explaining abnormal cases.

A question we asked during this SLR concerns how reliable these methods can be in real life, as
they have been shown to be effective by training the models on simple or unchallenging datasets.
So as a future direction, one could try to expand the study of these methods in real-life settings,
using datasets affected by noise and environmental phenomena.

In conclusion, we believe that this article can be useful to researchers who are approaching the
study of interpretability in deep models, and we think it can be a good starting point to get a clear
overview of the work developed so far. These and subsequent methods developed in the future can
be of enormous use in many contexts, both high-risk, such as medical or legal contexts, and also
in social contexts where the user prefers transparent systems.
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