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Abstract

Deep Neural Networks (DNNs) are often considered black boxes due to their

opaque decision-making processes. Concept Bottleneck Models (CBMs) aim to

overcome this by predicting human-defined concepts as an intermediate step be-

fore predicting task labels and thus enhancing the interpretability of DNNs. In a

human-machine setting, greater interpretability enables humans to improve their

understanding and build trust in a DNN. However, for interpretability to be

meaningful, concept predictions must be grounded in semantically meaningful

input features. For example, pixels representing a bone break should contribute

to the corresponding concept. Existing literature suggests that CBMs often rely

on irrelevant features or encode spurious correlations, leading us to question their

interpretations.

This thesis investigates how CBMs represent concepts and how dataset design and

model training influence their interpretability. We evaluate the impact of different

concept annotation configurations, emphasising the importance of dataset con-

figuration. Using synthetic and real-world datasets, we demonstrate that CBMs

can align concepts with semantically meaningful input features when trained ap-

propriately.

We analyse challenges w.r.t. concept correlation and input feature sensitivity,

where correlated concepts in training data can lead to concept representations

encoding extraneous information and increase concept sensitivity to unrelated in-

put features. To address the challenge of dataset design, we propose best practices

for training CBMs that ensure concepts are grounded in semantically meaning-

ful features, minimise leakage and maintain predictable concept accuracy under
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input feature manipulations.

We conducted the first human studies using CBMs to evaluate human interac-

tion in collaborative task settings. Our findings show that CBMs improve in-

terpretability compared to standard DNNs, leading to increased human-machine

alignment. However, this increased alignment did not translate to a significant

increase in task accuracy. Understanding the model’s decision-making process re-

quired multiple interactions, and misalignment between the model’s and human

decision-making processes could undermine interpretability and model effective-

ness in a collaborative setting.
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Chapter 1

Introduction

Deep Learning (DL) has transformed and will continue to be integrated into many

domains such as computer vision and natural language processing, in addition

to many industries including healthcare and �nance. DL involved the training

of Deep Neural Networks (DNNs) that aim to mimic the networks of a human

brain with the arti�cial perceptron introduced in 1958 (Rosenblatt, 1958) and

Convolutional Neural Networks (CNNs) (a type of DNN) introduced in 1989

(LeCun et al., 1989). It was not until 2012 with AlexNet (Krizhevsky et al.,

2012) when DL and DNNs were shown to be highly accurate in computer vision

and hardware was feasible to train DNNs. This can be attributed to their current

popularity.

DNNs are often seen as black-box systems as the relationship between neurons

are non-linear (Benitez et al., 1997), meaning that the path they use to arrive

at an output, such as identifying an object in an image, is opaque to human

understanding. This opacity can lead to issues in critical applications, such as

healthcare, where ensuring that models learn meaningful features is crucial for

accuracy and trust. Trust will be hard to achieve if we cannot explain, and thus

understand, what the models are doing (Miller, 2019). Furthermore, regulatory

requirements, such as those under the General Data Protection Regulation, legally

require interpretability and transparency in Arti�cial Intelligence (AI) (European

Parliament and Council of the European Union, 2016).

Because DNNs are good at pattern matching, they can be used to automate repet-

itive tasks while humans will complete creative and problem-solving tasks. In a

human-machine collaborative setting, this could see improvements in productiv-
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ity and more accurate decision-making (Kamar, 2016). However, as discussed,

enabling a human to understand a black-box model's decision-making process is

a challenging task, but without this understand e�ectiveness of human-machine

teams will be a�ected (Paleja et al., 2024). Assuming we have an DNN assisting

a human by giving a second opinion, we need the DNN to be equipped such that

the human can trust the DNN, as failure for trust to form will leave the DNN

being ignored. Equally, we do not want overtrust, as this may mean the human

does not override the DNN when it makes mistakes (Ososky et al., 2013).

Addressing the challenge of interpretability and building trust with DNN-based

models, the �eld of eXplainable Arti�cial Intelligence (XAI) has emerged with the

focus on developing methods and techniques that make DNNs more interpretable

and transparent (Adadi and Berrada, 2018). Several approaches have been pro-

posed to enhance the explainability of DNNs. One approach is gradient-based

attribution methods. These methods involve calculating the gradient of the out-

put with respect to the input features, thereby identifying which features most

in�uence the model's predictions (Bach et al., 2015). This can be displayed in the

form of a saliency map which visually shows the regions of an input a DNN used

for an output prediction. An example of a saliency map is shown in Figure 1.1.

The goal of XAI is to make AI more transparent. Explanations should also be

designed for human consumption by aligning with the explainee's beliefs, and

must not be overwhelming (Miller, 2019).

Saliency maps are not the only type of explanation; another approach involves

modifying the model architecture itself to improve interpretability. Concept Bot-

tleneck Models (CBMs)(Koh et al., 2020) are one such example. CBMs belong to

a broader class ofConcept Models (CMs), which aims to improve interpretabil-

ity by structuring predictions around human-understandable components, called

concepts. These concepts often correspond to intermediate attributes of the task,

e�ectively splitting the prediction process into sub-tasks. The motivation for this

approach is to make model task predictions understandable to humans.
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Figure 1.1: Saliency maps visually represents the contribution of input

features for a task prediction by a DNN. The colour red is commonly

used to represent positive contribution, and the colour blue for negative

contribution. In this example input features are pixels from the image

on the left, and the saliency map on the right has highlighted the pixels

that contributed to the models output.

Recently, in XAI it has been estimated only around 20% of papers consider hu-

mans (Nauta et al., 2023). What is needed is additional research in the area of

human-machine collaboration that evaluates XAI methods and techniques with

a focus on verifying they are bene�cial to human-machine collaborative settings.

Doing so would allow us to evaluate methods against human behaviour instead

of just automated evaluation techniques.

In this thesis, we focus on image classi�cation tasks using CBMs. We examine

these models using XAI, both as a method to analyse how these models learn to

represent classes and concepts from their training data and as an additional com-

ponent that enhances their interpretability. Our approach includes automated

evaluation metrics and human studies on real-world tasks, providing a compre-

hensive understanding of CBM's capabilities and their impact on human-machine

collaboration.
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1.1 Motivation

The primary motivation of this thesis is to explore how DNN-based models and

humans can e�ectively collaborate on shared tasks. In applications where humans

and DNNs work together, humans must be able to trust and understand the

decision-making process of DNNs. This is where XAI techniques and CBMs,

designed to be inherently interpretable, o�er an advantage.

CBMs (Koh et al., 2020) have been positioned as improving human-machine col-

laboration as they are inherently interpretable (Koh et al., 2020). This capability

is enabled by the model predicting a vector of human-de�ned concepts which are

then directly used to predict a task label (see Figure 1.2). Concept predictions,

known as concept explanations, can be inspected to reveal how a model came

to a task prediction more easily. As the task label is predicted solely from a set

of predicted concepts, the predicted concept values can be updated by a human

operator, known asintervening. This can either correct concept predictions and

improve the models accuracy, or allow the operator to probe the CBM with vari-

ous combinations of concepts and inspect the updated predicted task label. This

enables the human to ask the model �what-if� questions, e.g., �What if the model

instead predicted these concepts?�. Interventions are a type of counterfactual ex-

planation (Koh et al., 2020) which in regards to XAI can help to answer why a

task prediction was made (Miller, 2019).

However, concept predictions may be misleading to humans interpreting the

model's outputs if the model does not predict concepts based on the expected

set of input features, but the human assumes it does. For instance, consider a

model identifying bird species from images using concepts such as �beak shape� or

�wing pattern� (illustrated in Figure 1.2). A human might assume that the model

identi�es these concepts using the same visual features they would rely on, such

as detailed patterns or proportions. In this thesis we use the termsemantically

meaningful to de�ne sets of input features with the same meaning of a concept

4
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Figure 1.2: CBMs predict concepts based on input features, and task

predict labels from the previously predicted concepts. Ideally the set

of input features used for concept predictions hold the same meaning

as the concept they are predicting.

label (Margeloiu et al., 2021). Alternatively, if the model uses unrelated visual fea-

tures such as background elements or other bird parts, this misalignment between

human and model decision-making could lead to incorrect interpretations of the

model's predictions. This issue is not unique to bird identi�cation and may arise

in other domains which may have higher stakes, such as medical diagnosis based

on X-ray images, where a radiologist might overtrust the model by assuming it

uses clinically relevant features to diagnose patients. For humans to make full use

of a model they will need to trust the model's output, but a lack of understanding

of the causes for a decision may result in a loss of trust (Miller, 2019). To fully

realise the interpretability bene�ts CBMs provide, the ideal case is where con-

cepts are predicted from semantically meaningful input features which, in turn,

are aligned with human intuition.

During training, both the concepts and the task labels are supervised with the

model split into two parts, a concept encoderto map input features to concepts,
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and a task predictor to map concepts to task labels. Splitting the model during

training is what enables a human to intervene on the concept predictions at test

time, as the predicted concept values can be modi�ed and then passed back

through the task predictor (Koh et al., 2020).

Despite the concept vector output, CBMs are unable to explain which input fea-

tures are used to predict concept (this is known asfeature attribution), or which

concepts contribute to a task label. An XAI study for CBMs (Margeloiu et al.,

2021) used saliency maps and suggests that CBMs do not learn concepts as hu-

mans would expect (where feature attribution is applied to distinct regions of

the input), but instead feature attribution covers the entire input. However, the

authors only looked at saliency maps for concepts and not task labels. Addition-

ally, the authors did not provide a hypothesis or argument for what the models

have learned to predict concepts, and instead, they attributed their �ndings to

existing feature attribution techniques being �ill-equipped to study attribution

for concept bottleneck�. Further, they also limited their study to a single dataset

which does not account for all con�gurations of concept annotation possible in

training datasets.

We de�ne semantically meaningfulas the prediction of concepts based on the

minimum set of input features that share the same meaning. For instance, if the

concept �has black bill colour� is predicted as present, then the pixels representing

the birds bill should be the primary input features used. In contrast, if a CBM

predicts the concept �has black bill colour� using input features from the entire

body of the bird, its prediction is not semantically meaningful, as it includes

features from other bird parts unrelated to the bill. This de�nition is based on

the de�nition with the same name in (Margeloiu et al., 2021).

To explore CBMs interpretability thoroughly, this thesis introduces a new syn-

thetic dataset that allows us to control the con�guration of concepts in the dataset

and how input features map to concepts, alongside using real-world datasets to

verify the �ndings beyond a synthetic domain. In particular we show how CBMs
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Figure 1.3: Arrows indicate required contributions to answer research

questions or support other contributions, while support arrows repres-

ent contributions or questions that feed into linked elements.

can be trained such that concepts are predicted using semantically meaningful

input features. We used multiple methods which provided a robust framework

for assessing CBMs interpretability in human-machine collaboration, evaluating

CBMs with qualitative metrics, quantitative metrics and human studies.

1.2 Research Questions

The research questions below outline the goals of this thesis, focusing on im-

proving the training of CBMs and improving their interpretability for humans.

These questions are referred to throughout the thesis using their identi�ers (e.g.

RQ1). A summary of how these relate to each other and to research questions is

illustrated in Figure 1.3.

RQ1 : How can we train a CBM to map semantically meaningful input features
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to concepts, and semantically meaningful concept predictions to task labels?

RQ2 : How does the relationship between concepts and input features in the

training dataset in�uence the information encoded in learned concepts and the

model's reliance on input features for predicting those concepts?

RQ3 : Do Concept Models improve task accuracy and model interpretability in

a human-machine setting?

1.3 Contributions

RC1 : We perform qualitative and quantitative analysis of CBMs, �nding CBMs

are capable of learning semantically meaningful concept representations from

input features. This contribution partially addresses RQ1 and is covered in

Chapter 3.

RC2 : We introduce and publish a new synthetic image dataset with �ne-grained

concept annotations which we use to demonstrate instances when CBMs can learn

semantically meaningful concept representations and when they fail to do so. This

contribution partially addresses RQ1 and is covered in Chapter 3.

RC3 : We expand on existing literature by looking at feature attribution both

from the input to the concept vector and from the concept vector to the task

output. This contribution partially addresses RQ1 and is covered in Chapter 3.

RC4 : We perform an in-depth evaluation of CBMs revealing CBMs can be

trained to minimise the encoding of extraneous information in concept represent-

ations, and concepts can be resilient to irrelevant input feature alterations. We

demonstrate that CBMs generally learn underlying concept correlations present

in the training data. This contribution partially addresses RQ2 and is covered in

Chapter 4.
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RC5 : We conclude that two factors are critical for CBMs to learn semantic-

ally meaningful input features: (i) accuracy of concept annotations and (ii) high

variability in the combinations of concepts co-occurring, that is, each concept in

a dataset should appear alongside a variety of others to help the model distin-

guish between them. This contribution partially addresses RQ2 and is covered in

Chapter 4.

RC6 : We perform the �rst human studies using CBMs in a joint human-machine

task setting which analyses the interaction between humans and the CBM. We

�nd participants who performed interventions increased trust in a model, but this

trust was sometimes misplaced. Additionally, the CBM decision-making process

is not aligned to that of the humans. This contribution partially addresses RQ3

and is covered in Chapter 5.

RC7 : We show providing concept explanations to humans increases both model

interpretability and task accuracy. In addition, interventions can be used to reveal

model bias. This upholds the model's promise of increasing interpretability from

high-level concepts. This contribution partially addresses RQ3 and is covered in

Chapter 5.

1.4 Thesis Structure

Chapter 2 provides an introduction to the background material of research rel-

evant to CMs, XAI, AI, and human-machine collaboration.

Chapter 3 introduces our datasets and how we are using the con�guration of

dataset annotations to con�ne models during training. By doing so we demon-

strate how the dataset can change the input features our models use for concept

predictions. Additionally, we evaluate CBMs decision-making process from pre-

dicted concepts to task labels.

Chapter 4 evaluates CBMs with regards to how much extra information is
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encoded into concepts, concept prediction resilience, and concept correlation.

Secondly, we identify required properties for datasets such that CBMs concept

prediction is aligned to human expectations and reduces undesired properties.

Chapter 5 introduces two human studies where we asked participants to inter-

act with a CBM to perform a task. The CBM in each of these tasks plays an

assistant to the human participant. The �rst study evaluates the model and ex-

planation abilities with expert users, while the second study evaluates the model

and explanation capabilities with lay people.

Chapter 6 summarises the contributions of this thesis and proposes future re-

search directions.
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Chapter 2

Background

This thesis investigates how human-machine collaboration can be improved by

(1) enhancing the interpretability of DNN-based models for human collaborators

and (2) aligning the machine and human decision-making processes. Central to

our research is the use of CBMs (Koh et al., 2020), designed to be inherently

interpretable.

Throughout this thesis, we use two key terms: CMs and CBMs. CMs refer to

a broad class of Machine Learning (ML) where, in addition to predicting the

primary task, the model also detects subcomponents (concepts) related to the

task. CBMs are a type of CMs and thus refers to a speci�c model architecture

that constrain the model to predict concepts, and use these to predict a �nal

downstream task. This chapter provides a comprehensive overview of key areas,

including CMs, XAI, and human-machine collaboration.

2.1 Concept Models

Standard DNNs act in a black-box manner, meaning the decision-making process

is opaque. In a human-machine collaboration setting this poses a challenge as the

human will �nd it di�cult to understand the machine's decision-making process

for task predictions. CMs address this issue by predicting concepts that are

connected to the task prediction. For instance, if we had a model that could

predict the type of bird in an image, a CM might predict concepts for the birds

wing colour and beak shape, all of which will be made available to a human

collaborator. This added layer of interpretability allows for increased human
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Category Paper

C
on

ce
pt

-g
ro

un
de

d
m

o
de

ls
CBMs and functionally identical
frameworks

Koh et al. (2020)
Yuksekgonul et al. (2023)

Dominici et al. (2024)

Extended concept representations
Lockhart et al. (2022)
Mahinpei et al. (2021)

Data e�ciency

Belém et al. (2021)
Wang et al. (2023a)
Losch et al. (2019)

Chauhan et al. (2023)

Robustness and extended capabilities

Marconato et al. (2022)
Zarlenga et al. (2024)

Xu et al. (2024)
Kim et al. (2023b)
Chen et al. (2020)

Alvarez-Melis and Jaakkola (2018)

Prototype-based models

Wang et al. (2023b)
Chen et al. (2019)

Wang et al. (2024a)
Huang et al. (2024)

Language model based models

Yang et al. (2023)
Wang et al. (2024b)
Moayeri et al. (2023)

Oikarinen et al. (2023)
Rao et al. (2024)

Table 2.1: Summary of CMs.

oversight, critical in high-stakes domains such as medical diagnosis.

Early versions of CMs were introduced by Kumar et al. (2009) and Lampert et al.

(2009), although these introduced challenges compared to end-to-end DNNs. Ku-

mar et al. (2009) required each concept to have a large number of positive and

negative examples which makes it di�cult to create a suitable training dataset.

Lampert et al. (2009) achieved a classi�cation accuracy of 40.5% compared to

65.9% on a standard supervised training model in their experiments. The idea of

CMs was revisited by Koh et al. (2020) where they separated the concept predic-

tion and downstream task prediction, achieving a competitive accuracy in com-

parison to end-to-end DNNs. Since the introduction of these models, subsequent

designs have been introduced that aim to improve on one or more aspects of the

original design.
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Figure 2.1: Concept Bottleneck Models �rst predict the presence and

absence of a set of concepts that are then used to predict a task label.

We have introduced several CMs from the literature published after these early

CMs, which are separated into three categories which we summarise in Table 2.1.

Concept-grounded models are models that incorporate concepts as in interme-

diate part of a models decision making process. Prototype-based models learn

concepts as prototypical parts, and language model based models incorporate

Large Language Models (LLMs) into the model or training of a model.

Within Concept-grounded models, we have identi�ed four subcategories: CBMs

and functionally identical frameworks, extended concept representations, data

e�ciency, and robustness and extended capabilities. CBMs is a type of CM that

is from the CBMs and functionally identical frameworks subcategory as as this

type of model learns concepts as an intermediate step to predict task labels.

2.1.1 Concept Bottleneck Models

A CBM (Koh et al., 2020) takes an input which is passed through theconcept

encodermodel part, predicting a vector of concepts. Concept predictions are then

passed through thetask predictor model part to predict a downstream task label.

Concept predictions are in the range of 0 to 1 where 0 means the model is con�dent

the concept is not present and a prediction of 1 means the model is con�dent the

concept is present. Predictions of 0.5 and above are counted as present. Concept
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predictions can be viewed by a human in addition to a task label prediction.

The vector of concept predictions is referred to asconcept explanations. A CBM

prediction can be intervened by adjusting the concept outputs with new values

within the range 0 and 1 and then passing the new set of concepts back through

the task predictor to get a new downstream task label prediction. An overview

of the CBM architecture is shown in Figure 2.1.

CBMs are trained by supervising both the concepts and the downstream task.

Formally, given the training set f x(i ) ; y(i ) ; c(i )gn
i =1 where we are provided with a

set of inputs x 2 Rd, corresponding task labelsy 2 Y and vectors ofk concepts

c 2 Rk . A CBM in the form f (g(x)) maps the input space to the concept space

g : Rd ! Rk and maps concepts to task labelsf : Rk ! Y . This is such that the

task label prediction is made using only the predicted concepts. The functiong

refers to the prediction ofc using the input x and the function f is the prediction

of y with the input of c.

During training the loss function L task : Y � Y ! R , measures the discrepancy

between predicted and true task label, and the loss functionL concepts : Rk � Rk !

R, measures the discrepancy between the predicted and true concepts. The three

training methods to train the model parts (the trained models are referred to as

ĝ and f̂ ) are illustrated in Figure 2.2 and detailed as follows:

The independent training method learnsf̂ (equation 2.1) andĝ (equation 2.2)

separately. During training f̂ will take the true value of c as an input andĝ will

take the true value ofx. At test time the output of ĝ will be the input for f̂ .

f̂ = arg min f

X n

i =1
L task (f (c(i )); y(i )) (2.1)

ĝ = arg min g

X n

i =1
L concepts(g(x(i )); c(i )) (2.2)

Sequential bottleneck training follows the samêg as independent training butf̂
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2.1 Concept Models

(equation 2.3) is learned using the output of̂g instead of the true value ofc.

f̂ = arg min f

X n

i =1
L task (f (ĝ(x(i ))); y(i )) (2.3)

The joint training method minimises the weighted sum off̂ ; ĝ for some value

� > 0 as seen in equation 2.4.� is a hyperparameter used to prioritise the loss

L task or L concepts. When � approaches0, the task prediction loss is prioritised and

when � approaches1 , concept loss is prioritised.

f̂ ; ĝ = arg min f;g

X n

i =1
L task (f (g(x(i ))); y(i ))

+ �L concepts(g(x(i )); c(i ))
(2.4)

Datasets used to train CBMs can either be con�gured withclass-levelconcept

annotations or instance-levelconcept annotations (Koh et al., 2020). Class-level

concepts have concept annotations set to the classes, meaning all samples of one

class have the same concept values no matter if each sample of a class should have

the same concept values or not. Instance-level concepts have concept annotations

set to individual samples. This means instance-level concept annotations can

account for di�erences between samples within a class.

For example, let's consider a dataset of �owers where the task label is the �ower

species. With class-level concepts all roses might have the concept �is red� despite

that roses can come in other colours. With instance-level concept the concept �is

red� can be applied to only samples of roses of that colour while concepts for

other colours of roses can be applied where appropriate. An illustration of this is

provided in Figure 2.3.

Class-level concept annotations have the bene�t of being cheap to add to a dataset

as only one set of concepts is required for each class. Instance-level concepts are

challenging to add to a dataset, especially if human annotation is required, or

there are a large number of samples to annotate.
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(a) Independent training

(b) Sequential training

(c) Joint training

Figure 2.2: CBM training methods. The input to the task predictor

f for the sequential and joint training methods is optionally preceded

with a sigmoid function to ensure all concepts are in the range 0 to 1.

As CBMs are only trained on task and concept labels they have no ground truth

as to what features they should use from input samples and instead are left to

discover this. This can lead to the model learning undesired representations of

concepts from input features as explored by Margeloiu et al. (2021) who analysed

a CBM trained on class-level concept annotations, and Marconato et al. (2022)

and Espinosa Zarlenga et al. (2023) who show CBMs can encode more information

for each concept than is required to predict themselves. This has the potential
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Input
Class-level concepts Instance-level concepts

Concept Value Concept Value

Is red Present Is red Present

Is pink Not present Is pink Not present

Is yellow Not present Is yellow Not present

Is red Present Is red Not present

Is pink Not present Is pink Present

Is yellow Not present Is yellow Not present

Is red Present Is red Not present

Is pink Not present Is pink Not present

Is yellow Not present Is yellow Present

Figure 2.3: Class-level concept annotations cannot account for visual

di�erences between samples of a dataset with the same task label, in

this case �rose�, unlike instance-level concept annotations.

of allowing concepts to be predicted from one another, or the importance of

concepts for task labelling to be unbalanced e.g. overly relying on one or more

concepts. Returning to our �owers example this may be seen by the concept

�has thorns� being predicted as present only when the concept �is red� is also

predicted as present, or the class for rose only being predicted if the concept �is

red� is predicted as present.

To the best of our knowledge, little attention has been given to how the con-

�guration of concept annotations in a dataset a�ects how CBMs learn concept

representations. Speci�cally, prior work does not explore the distinction between

instance-level and class-level concept annotations, treating the learned concept

representations of CBMs as if they are una�ected by the structure of concept

annotations. As instance-level concept annotations provide �ner-grained, per-

sample attributes, how CBMs learn concept representations will be di�erent to the

concept representations learned with class-level concept annotations. Instance-
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level concept annotations may constrain CBMs to only learn desired concept

representations. We discuss CM metrics and evaluation in Section 2.1.5 and re-

visit this issue in Chapters 3 and 4, where we examine the e�ects of di�erent

concept annotation con�gurations.

2.1.2 Concept-Grounded Models

Post-hoc CBMs (Yuksekgonul et al., 2023) and AnyCBM (Dominici et al., 2024)

create a CBM by adding concept prediction and using the predicted concepts for

task prediction in a pre-trained standard DNN. Post-hoc CBMs utilise Concept

Activation Vectors (Kim et al., 2018) to learn concept representations. Mean-

while, AnyCBM trains a second model to translate a standard DNN embeddings

to a set of supervised concepts and then back to the embeddings. Both ap-

proaches enable model interpretability without reducing task accuracy and have

the advantage of allowing concept selection independently of the downstream task

thus reducing some of the challenges of acquiring a suitable dataset for training.

Post-hoc CBMs and AnyCBM keeps the same inherent interpretability and inter-

vention capability as CBMs. However, as the �nal model architecture is similar

to CBMs, they also have the same limitations as CBMs.

Several models add additional components to the standard CBM architecture to

handle situations where dataset concept annotations are inadequate to accurately

predict a downstream task. Sidecar CBMs (Lockhart et al., 2022) adds a com-

ponent which can bypass the concept vector when a set criterion is met, meaning

concepts are not suitable for task prediction. If this criterion is not met then

task predictions are made using concept predictions. Similarly, Hybrid CBMs

(Mahinpei et al., 2021) combines the concept vector with unsupervised outputs,

ensuring that the model can capture information that does not �t into the super-

vised concept labels. While these models improve model accuracy in scenarios

when concept annotations are not complete, the downside is a potential reduc-
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Figure 2.4: Concept Embedding Models learns two embeddings for

each concept: one ( ĉ+
i ) for when a concept is present, and another ( ĉ�

i )

for when a concept is absent. Only one embedding is active at a time.

A human can intervene on a CEM by changing which embedding is

active. This �gure is from (Zarlenga et al., 2024).

tion in interpretability since not all model predictions will be explained through

concepts and thus will exhibit the same black-box nature CBMs were intending

to reduce.

Concept Embedding Models (CEMs) (Zarlenga et al., 2024) also identify rich

concept annotations in datasets are hard to create in addition to there often be-

ing a trade-o� between accuracy, robust explanations and e�ective intervention.

Their proposed model architecture (illustrated in Figure 2.4), CEMs, includes

two embeddings for each concept: one for a concept being present, and another

against a concept being present. If a human wishes to intervene on a concept

prediction they can set the model to use only the concept embedding for the de-

sired concept presence rather than a weighted mix of the two embeddings. CEMs

are demonstrated to show similar or better accuracy to CBMs while also show-

ing strong intervention ability and robustness to incorrect concept intervention.

This is primarily done by including random interventions during training that

update predicted concepts with their ground truth values. Human testing would
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be required to show if this has a signi�cant di�erence in a real-world use case.

Chen et al. (2020) proposed a separate approach from CBMs by introducing a

concept whiteningmodule into a DNN. This module is trained to align prede�ned

concepts in the latent space, arranging them in orthogonal directions. This makes

DNNs interpretable by identifying training samples that are most activated along

a particular concept's axis in the latent space, without lowering the model's per-

formance on the downstream task. Concept Whitening also can be introduced

after a model is trained with little additional training required. Compared to

CBMs, Concept Whitening does not have the same dataset requirements as con-

cepts are introduced from a separate data source, but these models do not allow

user feedback such as the CBM intervention capability.

Losch et al. (2019) introduced Semantic Bottleneck Networks that are conceptu-

ally similar to CBMs, using a bottleneck to represent semantics extracted from

input features. Semantic Bottleneck Networks can be created by adding a bot-

tleneck layer to an existing model that already segments input features, thus

reducing the complexity that would otherwise be required to create a suitable

dataset. Unlike CBMs, Semantic Bottleneck Networks are created such that con-

cepts represent semantic segmentation of input features instead of the presence

of concepts. This means their applicability may be limited to domains where

semantic segmentation is not the primary concern.

Continuing with tackling the potential challenge of requiring a dataset to have

concept annotations for CBM training, weakly supervised multi-task learning

(Belém et al., 2021) aims to address the dataset challenge by �rst training a

model on a noisy dataset and then �ne-tuning on noise-free samples. The noisy

dataset used by Belém et al. (2021) generates concepts based on rules for payment

transactions. This approach has shown signi�cant improvements in performance

over models trained only on noise-free data, which is to be expected if there are

few noise-free samples. However, this method is dependent on the availability

of rules or heuristics to create the noisy labels, which may not be applicable in
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all domains. This is especially restrictive for image-based datasets where such

rules without analysing the content of an image may only apply rules at the

class-level. Alternatively, generating �ne-grained concept labels would require a

concept detector similar to the one we aim to train, creating a circular dependency.

Interactive-CBMs (Chauhan et al., 2023) adds a human-in-the-loop element dur-

ing training, allowing the model to query a human collaborator for concept labels.

This approach reduces reliance on fully annotated datasets by introducing new

information during training, though it comes with increased training costs and

the need for domain expertise which may not be feasible in all domains.

Probabilistic CBMs (Kim et al., 2023b) tackle the problem of ambiguity in concept

predictions (e.g. concepts that do not maintain the same visual appearance

between samples) by adding uncertainty estimates to each concept prediction.

This allows the model to provide uncertainty predictions that can help distin-

guish between present concept predictions that look similar to training samples,

and present concept predictions that are not visually similar (e.g. hidden in the

input image). As this architecture is still similar to standard CBMs, they keep

the same limitations including concept annotation requirements.

Another approach that removes the need for concept supervision is Concept Bot-

tleneck Learners (Wang et al., 2023a), where a CM is equipped with an extractor

that identi�es concept prototypes without ground-truth labels. As no concept

annotations are required for training, these models have the main advantage of

supporting a greater number of datasets compared to standard CBMs. When

trained on the Caltech-UCSD Birds-200-2011 (CUB) (Wah et al., 2011) dataset,

Concept Bottleneck Learner identi�ed concepts that were consistently detected

using visually similar input features across samples in the dataset. However,

since the learned concepts are not directly supervised, they may not align with

human-understandable features, which would limit their interpretability.

Energy-based CBMs (Xu et al., 2024) enhance the interpretability of CBMs by
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combining CBMs with energy-based models (Lecun et al., 2006). During training,

energy-based CBMs learns concept embeddings (similar to CEMs), a task embed-

ding, and three energy networks: one that measures the compatibility between

an input and a task label, one between an input and a set of concepts, and one

between a set of concepts and a task label. All energy networks are optimised

to assign lower energy to compatible pairs. During inference, all embeddings and

energy functions are frozen. The model then predicts concept and task probabil-

ities by minimising the three energy functions. This helps capture inter-concept

interaction and provides a richer interpretation of how concepts contribute to

predictions than predictions made by a standard CBM. For example, when one

concept is intervened with a standard CBM the accuracy of related concept pre-

dictions may not change. Energy-based CBMs address this by assigning a low

energy value to concept con�gurations similar to those observed during training

and higher energy values to unobserved con�gurations. However, this approach

still su�ers from the same dataset dependency as standard CBMs.

GlanceNets (Marconato et al., 2022) tackle the issue of concept representation

alignment, namely, alignment is the extent to which models learn to use human-

understandable features of data to predict concepts. A model is considered aligned

when the features it uses to predict concepts can be clearly and simply mapped

to real-world concepts recognisable by humans. These models include a decoder,

encoder and classi�er in their model architecture. GlanceNets use concept super-

vision for training, but during test time they can reject samples where concepts do

not �t into the learned concept latent space (Sun et al., 2020). This makes them

more robust against information leakage which is a measurement of information

encoded in each concept above that which is required to accurately predict that

concept.

Self-explaining neural networks (Alvarez-Melis and Jaakkola, 2018) satisfy the

interpretability criteria of explicitness, faithfulness, and stability. Like CBMs,

these models use a concept encoder. However, self-explaining neural networks go
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a step further by also introducing relevance scores that explain the contribution

of each concept to the �nal prediction. The concepts and relevance scores form

an explanation for a given sample input. This makes explanations both explicit

and faithful, as these relevance scores are part of the model's prediction mech-

anism and not generated post hoc. Self-explaining neural networks also satisfy

stability through the use of regularisation by adding a penalty to large changes

in the relevance scores when small changes are made to the model's input. By

providing both the concepts and their relevance scores, Self-explaining neural

networks o�er richer explanations than CBMs. However, Only CBMs allow for

human intervention by adjusting concept values.

2.1.3 Prototype-Based Models

Prototype-based models such as ProtoPNet (Chen et al., 2019), HQ-ProtoPNet

(Wang et al., 2023b), and MCPNet (Wang et al., 2024a) take a di�erent approach

from CBMs, while also predicting a task label in a two-step process. Instead of

predicting the presence and absence of concepts, they learn a set of prototyp-

ical parts from their training data. These prototypes are directly comparable to

patches from the input, making the decision-making process interpretable. How-

ever, as these models do not predict a task label from the predicted presence of

prototypes, the ability to intervene on concept predictions is not possible. This

means a human collaborator will not be able to ask the �what if� questions that

CBMs enable.

A key advantage of prototype models is that they do not require concept labels for

training as a set number of prototypes are learned by minimising the latent space

between patches from the same class and maximising the latent space between

patches of other classes. This makes them compatible with larger datasets where

concept annotation might be expensive or infeasible to create. However, Pro-

toPNet and similar models do not support interventions.
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Recently CBMs and Prototype-based models have been combined to create an

enhanced CBMs (Huang et al., 2024). This architecture integrates prototypes

from prototype-based models and concept predictions from CBMs. This results

in a model that does not have the same concept annotation requirements as CBMs

while keeping the intervention capability from CBMs.

2.1.4 Language Model Based Models

LLMs, such as GPT-3 (Brown et al., 2020), are a type of DNN based on the trans-

former architecture (Vaswani et al., 2017). These models utilise self-attention

mechanisms to encode relationships across large sequences of data which can be

used to generate coherent text outputs. With su�cient training on large datasets,

LLMs demonstrate the ability to encode a substantial amount of world knowledge

(Jiang et al., 2020).

Recently CBMs have been integrated with LLM and Contrastive Language-Image

Pretraining (CLIP) (Radford et al., 2021). Models such as Label-Free CBMs

(Oikarinen et al., 2023), Language in a bottle (Yang et al., 2023), Text-to-Concept

models (Moayeri et al., 2023), and Align2Concept (Wang et al., 2024b) leverage

the ability to generate labels for concept annotations, and thus automate the an-

notation process of creating training data (Oikarinen et al., 2023). These methods,

for the most part, keep the same architecture as CBMs and therefore have the

same capabilities as their methods focus on the training data. Label-free CBMs

and Language in a bottle go as far as keeping the same CBM training methods.

Text-to-concept is trained di�erently by using an o�-the-shelf DNN as a �xed

vision encoder alongside a pre-trained CLIP image encoder. By passing an image

dataset through both encoders, we can collect output pairs, which are then used to

train a linear alignment layerh(z) that maps the image encoding output from the

DNN to the CLIP space. To embed concepts, text prompts (e.g. �a red apple�) are

converted into individual concept vectorsck using a CLIP text encoder. Finally, to
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build the CBM, each image in a training dataset is passed through the DNN and

aligned to the CLIP space. Then, cosine similarities between the aligned image

representation and each concept vector are computed as:sk(x) = cos(h(f (x)) ; ck),

where f (x) is the DNN image encoder output andh is the linear aligner. The

similarity scoressk(x) are concatenated into a vector, which serves as an input to

train a linear classi�er task predictor. As this approach can use an o�-the-shelf

image encoder, the only parts requiring training are the alignment layer and the

task predictor.

Finally, Discover-then-Name (Rao et al., 2024) trains a model in three steps. (1)

using sparse autoencoders (Bricken et al., 2023), concepts are extracted from a

model that has not been trained on pre-speci�ed concepts. (2) These concepts

are named. (3) a task predictor is trained on the named concepts.

While these methods reduce the dependency on concept annotations, they intro-

duce new challenges. Primarily, the generated concepts are not guaranteed to

align with human intuition, which can reduce the interpretability of the model.

Although this approach o�ers greater scalability, it may prove to not be suitable

for environments where guaranteed interpretability is required.

2.1.5 Concept Model Analysis

In the literature CMs have been analysed w.r.t. the input features used for

concept predictions and the information encoded into concepts. Measuring the in-

put features used for concept predictions has been previously explored by Margeloiu

et al. (2021) where they �nd their CBM does not predict concepts using semantic-

ally meaningful input features. However, they only use a single dataset and thus

one dataset con�guration. Speci�cally, they only used a model trained on class-

level concepts and do not cover models trained on datasets with instance-level

concepts, or other dataset con�gurations. Figure 2.5 shows one of the results

from (Margeloiu et al., 2021) where it is clear the input features used for concept

25



2.1 Concept Models

predictions are distributed over the entire bird in the image, and is not contained

to just the pixels representing the bird wing.

Figure 2.5: Post hoc saliency maps using the IG technique showing a

CBM trained on the CUB dataset does not predict the concept rep-

resenting the wing pattern of the bird using semantically meaningful

input features. This �gure is from (Margeloiu et al., 2021).

Metrics proposed in the literature to analyse CMs without feature attribution

techniques measure either analyseinformation leakage (Mahinpei et al., 2021)

or concept feature sensitivity. Information leakage evaluates how independent

or orthogonal concepts are to one another. For instance, it may be desired for

concepts to be learned such that they are accurately predicted without predicting

other concepts (Bengio et al., 2013). Concept feature sensitivity, on the other

hand, measures howspatially localisedconcepts are (Raman et al., 2024). This is

to say whether concept predictions depend on speci�c input features, semantically

meaningful input features, and whether the predictions are robust to the addition

or removal of irrelevant input features. However, high concept feature sensitivity

does not imply high discriminatory power. A model can be sensitive to the same

input features across multiple concepts if those input features are shared. For

example, the concept for wing shape and wing colour may depend on the same

input features.
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Information leakage has been found to occur when CBMs are trained using the

independent and sequential methods (Mahinpei et al., 2021), and the joint train-

ing method (Margeloiu et al., 2021). Measuring concept leakage can be achieved

with a verity of metrics. First of all (Mahinpei et al., 2021; Margeloiu et al.,

2021) measured task accuracy after either some or all concepts required for ac-

curate task prediction were removed form the training data. Mahinpei et al.

(2021) also introducedconcept purity which is a measurement of whether concept

predictions can be used to predict the labels of other concepts. Concept pur-

ity was extended by Espinosa Zarlenga et al. (2023) who introduces the Oracle

Impurity Score (OIS) and the Niche Impurity Score. These scores measure inter-

concept predictability w.r.t. the expected predictive performance of the dataset.

OIS is a measurement of whether a learned concept representation has the pre-

dictive power to predict other concepts compared to the expected predictability

from ground truth labels. The Niche Impurity Score is the predictive power of

multiple concepts. Finally, Marconato et al. (2022) evaluates models according

to the metric Disentanglement, Completeness and Informativeness (DCI) (East-

wood and Williams, 2018). Using DCI Marconato et al. (2022) trained models

with varying amounts of concept supervision. Marconato et al. (2022) observed

less entanglement as concept supervision increased during training.

CBMs have been found to su�er from information leakage with all of these met-

rics. However, as with feature attribution methods, most of these methods have

been evaluated with single dataset con�gurations, and have not compared models

explicitly on the training methods and dataset con�guration combined.

Heidemann et al. (2023) introduced the metricConcept Removal Accuracy (CRA)

to analyseconcept feature sensitivity. They de�ne this metric as the number of

samples for which the model's concept prediction changes from present to not

present when the input features for an unrelated concept are removed over the

total number of all true positive concept predictions. An example of this is shown
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(a)

acsCRA measures the change in concept

predictions as input features are removed.

In this example the concept for �has bill

color black� changes from a present predic-

tion to a non-present prediction with the

removal of semantically meaningful input

features. This �gure is from (Heidemann

et al., 2023)1.

(b) Illustration of locality leakage, locality

masking, and locality intervention. This

�gure is from (Raman et al., 2024)

.

Figure 2.6: CRA and concept locality examples.

in Figure 2.6a1 where the removal of input features for the bird beak and head

changes the values of predicted concepts. As this metric requires knowledge of

ground truth input features for each concept removed from an input Heidemann

et al. (2023) also de�ned the metric �di�erence in test accuracy� where the accur-

acy of two concepts are compared between two di�erent subsets of a dataset: one

where both concepts are present or absent, and one subset where only one of the

concepts are present. Heidemann et al. (2023) found that a high correlation of

concept annotations in a dataset may lead a model to use one concept as a proxy

to predict others.

Alternatively, Raman et al. (2024) de�ned similar metrics that measures the ease

1Permission has been granted to use this �gure from© 2023 IEEE
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with which a concept prediction can be modi�ed by changing the input features.

They introduce three metrics; locality leakage, locality masking, and locality in-

tervention. Locality leakage captures a score which details how easy it is to change

a concept prediction by changing irrelevant input features. Locality masking is

very similar to CRA but masks input features that are both semantically meaning-

ful and irrelevant to concepts. Finally, locality intervention aims to understand if

the inter-concept correlation of a model's training data is relied upon for concept

predictions. Examples of these metrics are shown in Figure 2.6b. Raman et al.

(2024) found locality leakage increased with both more layers in a DNN, and as

dataset complexity increased. They �nd locality masking made almost no change

with real-world datasets concept predictions and relevant vs irrelevant masking

di�ered by at most 5%. This seems to suggest their models use the whole input to

make predictions and do not rely on semantically meaningful input features. Loc-

ality intervention showed that when CBMs were trained on an increased number

of concept combinations seen during training it improved how robust a model was

when making concept predictions. Similar to other metrics, this was only eval-

uated with one dataset and thus their results may not represent models trained

on other datasets.

Huang et al. (2024) evaluates CBMs in regards to the trustworthiness of the

models predictions. Trustworthiness is a measurement of whether a model is

using the intended input features to make predictions or not. Their metric, called

concept trustworthiness scoreworks by �rst predicting which region of an input

that a concept is predicted from and then comparing the predicted region to the

ground truth region. The metric computes the average number of instances where

the ground truth input feature region is inside the predicted region. This has some

similarities to The Pointing Game (Zhang et al., 2018), but instead of evaluating

whether the predicted input features are within the ground truth region, the

opposite is done. Huang et al. (2024) used their concept trustworthiness score to

compare various models, including CBMs, using the CUB dataset for which their
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CBMs performed poorly.

2.1.6 Concept Model Summary

Overall we have introduced individual model architectures from the di�erent cat-

egories of CMs in the literature. A number of these models are either based on or

similar to CBMs with similar capabilities. A di�erent class of models, but with

some similar goals are prototype-based models although these do not o�er inter-

ventions on predicted concepts. Finally, we have seen the start of LLM enhanced

models and training procedures that show promise for future research.

We have identi�ed most papers tend to introduce architectural improvements

that increments on the CBM training methods and model capabilities, but this

leaves the training data unchanged. The term �garbage-in-garbage-out� could

be used here meaning if we are training CBMs on poor quality training data

then the trained models will also have lower performance for the metrics being

evaluated. CBMs, to the best of our knowledge, has not been analysed w.r.t. the

con�guration of training data. In addition, we did not identify any papers that

looked at the representations CBMs learn end-to-end. It is currently unknown

how CBMs predict task labels from concept predictions.

In this thesis, we focus on the CBM architecture due to its intervention capabil-

ity which enables counterfactual explanations and thus helps to make a model's

decision-making process interpretable. Prototype-based models and some Concept-

grounded models do not have this capability. Concept-grounded models, such as

Sidecar CBMs and hybrid CBMs, reduce interpretability by adding additional

unsupervised concept outputs. Other approaches, such as CEMs, share a similar

architecture and capabilities with CBMs, allowing our research �ndings to be ap-

plicable to them as well. Finally, Post-hoc CBMs and AnyCBM only introduce

new methods to create a CBM, and not a change in model architecture.

LLM approaches and enhanced CBMs were published after we had completed a
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signi�cant amount of the research in this thesis. For instance, Enhanced CBMs

was published in March 2024 which was after most of the research in Chapter 3

and Chapter 4 had been concluded. Although we discuss them, we have not

actively focused on them in our methods and results.

2.2 Explainable Arti�cial Intelligence

DNNs are considered black boxes, meaning it is not feasible to know exactly

why a particular prediction was made. DNNs are black boxes as the interaction

between neurons is non-linear Benitez et al. (1997). DNNs are trained on data

with the goal of minimising or maximising a value, e.g. minimising error loss.

This means that although the internal representations learned by DNNs have

been proven to be highly accurate in many situations, they may contain undesired

properties. One example of this is where a model learned to predict huskies based

on snow appearing in the background of an image (Ribeiro et al., 2016b). In

addition, as DNNs are often trained without humans-in-the-loop, and as such,

the representations they learn from their training data may not be compatible

with humans Chattopadhyay et al. (2017).

In human-machine collaborative settings with a DNN-based agent, the black box

nature of the DNN will lead to challenges for humans to build an accurate mental

model of the DNN. A fundamental attribute of a successful human-machine team

is the ability of a human to recognise if the DNN will succeed or fail given an input

(Bansal et al., 2019). Avoiding the formation of an inaccurate mental model, or to

correct incorrectly formed ones, DNN-based agents need to be equipped to make

their decision-making process transparent such that humans can understand it

(Druce et al., 2021).

We use two primary terms regarding understanding the output from a DNN:in-

terpretability and explainability. Interpretability is the degree to which a human

can determine the cause of a decision Miller (2019); Doshi-Velez and Kim (2017).

31



2.2 Explainable Arti�cial Intelligence

Interpretability helps a human build trust in the DNN, and can help move an

agent from environment to environment (e.g. from training to a real-world task)

Lipton (2018). Explainability is the ability of an arti�cial agent to reveal un-

derlying causes for output predictions. This is known as eXplainable Arti�cial

Intelligence (XAI) Miller (2019). Interpretability and explainability are often

used interchangeably and have a large overlap between their de�nitions (Molnar,

2022).

Interpretable AI and XAI aim to answer �why� a prediction was made by an

AI, and not just what was predicted (Miller, 2019). Analysing AI solutions with

metrics such as accuracy (the percentage of correct vs incorrect predictions an

AI makes) creates an incomplete picture of a model's performance in real-world

tasks. Interpretability and XAI can expand our understanding of the underlying

decision boundaries behind a model's predictions, and thus we can verify if a

model is suitable for real-world tasks (Doshi-Velez and Kim, 2017). Essentially,

interpretability and XAI enable us to look deeper into the underlying causes

behind a model's predictions.

2.2.1 Techniques

Just because a model is described as being interpretable or explainable does not

guarantee all methods used to make these claims are made to the same stand-

ard. Interpretability, for instance, may be evaluated without human input. This

means the degree with which a model is interpretable may be an argument by

the researchers who claimed it (Doshi-Velez and Kim, 2017), or just that an ex-

planation is �good� Miller (2019), without veri�cation beyond their automated

metrics. In fact, automated evaluation of explanation techniques has been shown

to not correlate to real human-machine collaborative performance (Nguyen et al.,

2021).

In addition, if we are evaluating a DNN we should recognise they are trained
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to �nd patterns in their training data which may not align with a human's own

beliefs (Geirhos et al., 2019) and thus an explanation for a prediction may not be

relevant to the human or go against what they already know (Miller, 2019). This

calls into question whether models evaluated without human involvement truly

meet the de�nitions of interpretability and explainability previously outlined in

this section.

Explanations from the social sciences have been extensively researched with a

focus on humans giving and receiving them. Miller (2019) highlighted several

important �ndings for XAI that were not believed to be a current focus at the

time. These being (1) explanations are contrastive as a human will want to know

why an event happened over another event, (2) explanations are selected out of

possibly an in�nite number of causes to just a few (3) probabilities probably don't

matter as the most likely explanation may not always be the best for a human,

and (4) explanations are social as they are explained relative to the beliefs of the

receiver. In the time since this paper was published it has shown to have made

a signi�cant impact on XAI and in�uenced new research (Liao and Varshney,

2022).

We can separate models for interpretability and XAI into two main groups:in-

trinsic interpretability and post hoc interpretability. Intrinsically interpretability

is a class of models where the structure of the model provides the interpretability

capabilities (such as decision trees (Breiman et al., 1984)). Post hoc interpretab-

ility models rely on techniques that are applied to a model after training.

Interpretability and explainability techniques can be split into two groups:model-

speci�c (such as Layer-wise Relevance Propagation (LRP) (Bach et al., 2015)

and Integrated Gradients (IG) (Sundararajan et al., 2017)) andmodel-agnostic

(Ribeiro et al., 2016a). Model-speci�c techniques can only be applied to certain

model classes (e.g. can only be applied to DNNs) whereas model-agnostic can

be applied to any model no matter the underlying technology. For this reason,

model-agnostic techniques are limited to only evaluating models based on the
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input and output data, and not any internal values or information about the

structure of a model, unlike model-speci�c methods which also have access to a

model's internal operations.

Interpretability and explainability techniques can also be split intoglobal and

local techniques. Global techniques are those that describe the behaviours and

decision boundaries on an entire model (Lipton, 2018). Local methods are limited

by only explaining why a model made a single output. We cannot generalise a

single local method output to an entire model (Arrieta et al., 2019; Lipton, 2018).

As this thesis focuses on DNNs, we pay particular attention to model-speci�c

methods and local explanation techniques. Current XAI techniques for DNN-

based agents have provided ways of examining models in modalities including

text, images, and explanation-by-example (Lipton, 2018).

One such XAI technique we used through this thesis to explain a model's output is

with feature attribution where a value is applied to each input feature to indicate

its contribution to the models task label prediction. With images these can be

visualised usingsaliency maps(we provided an example of a saliency map in

Figure 1.1). model-speci�c feature attribution techniques include LRP Bach et al.

(2015) and IG Sundararajan et al. (2017) which uses the gradient of a DNN to

produce explanations. LRP in particular only redistributes feature attribution

from an output prediction to input features such that feature attribution is not

created or reduced. This allows the calculation of how much each input feature

contributed to the output label. This was demonstrated in (Taylor et al., 2020).

As feature attribution techniques are visualised with saliency maps, expanding

beyond this qualitative metric, we can combine feature attribution techniques

with other metrics to reveal additional insights. This includes Intersection over

Union (IoU) which was used by Saporta et al. (2022), and The Pointing Game

(Zhang et al., 2018). IoU evaluates how many feature attribution values are within

a de�ned region of an input, while The Pointing Game measures the number of
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times the highest feature attribution value is within a de�ned region of an input.

Despite CBMs being a type of DNN, they include intrinsic interpretability capab-

ilities. Speci�cally CBMs �rst predict a vector of human-understandable concepts,

which is then used to predict downstream task labels. This architectural design

enables the models to be interpretable. Returning to the desired XAI focuses

highlighted by Miller (2019), we believe CBMs align with point 1 (explanations

are contrastive) and point 4 (explanations are social). Interventions provide coun-

terfactual explanations (Koh et al., 2020) which can be used to reveal why one

task label was predicted over another, and the concept vector con�nes the model

decision-making process to use the presence and absence of concepts. This is

argued as being easier for a human to understand as it's inline with their beliefs

(Koh et al., 2020).

2.2.2 Trust

Jacovi et al. (2021) de�nes human-machine trust as the perception that a ma-

chine is trustworthy for a task, combined with a human being vulnerable to the

machine's actions. Trust is not binary but exists on a scale (Jacovi et al., 2021).

For instance, if a human consistently believes that an AI can complete a task to

the human's expectations, the human has placed high trust in the AI. On the

other hand, if the human is not con�dent in the AI's ability to complete tasks to

the human's satisfaction, trust is low. Trust can also be given for speci�c situ-

ations. If an AI is perceived to be capable of completing a task for certain input

conditions but not others, trust will be high when the input conditions match

(Jacovi et al., 2021).

Building appropriate levels of trust requires time and interaction between a human

and AI to enable humans to understand an AI's accuracy and decision boundaries.

This is achieved by equipping an AI with interpretability capabilities (Tomsett

et al., 2020). Trust is generally increased when an AI output is explicitly ex-
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plained (Miller, 2019). Even in cases where an AI is not consistently accurate,

transparency can help humans develop an appropriate level of trust (Jacovi et al.,

2021).

However, we should be careful not to purely maximise trust as it should be given

for the right reasons and not misplaced. Misplaced trust can eventually be lost,

which is challenging to regain (Ososky et al., 2013). Equally, overly high trust

may lead to users relying on AI systems even when the systems are unable to

complete tasks accurately (Jacovi et al., 2021). Insu�cient trust can result in

underutilisation of an AI.

AIs with XAI capabilities can have varying levels of soundness and completeness

(Kulesza et al., 2013). A sound AI is accurate in completing its trained tasks,

while a complete AI reveals all underlying causes for its actions. Getting the right

balance between soundness and completeness is important for e�ective human-

machine interaction. Kulesza et al. (2013) demonstrated that sound and complete

models are ideal for building accurate mental models, while complete but unsound

models can result in accurate mental models but with reduced trust. Finally,

sound but incomplete models often lead to increased requests for clari�cation on

the AI's actions. Additionally, increasing completeness can overwhelm humans,

highlighting the importance of designing AIs with outputs with the correct level of

detail such that they remain comprehensible and keep humans engaged (Kulesza

et al., 2015).

To increase the interpretability of an AI agent, therefore helping to build, trust

can be achieved by designing them to behave in a human-like way (Fel et al.,

2022). One approach to achieve this could be through the use a CM. Concept ex-

planations and interventions, such as those used by CBMs, improve completeness

in comparison to a standard DNN as they reveal the model's decision-making

process (Koh et al., 2020).
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2.3 Human-machine Collaboration

In this section, we focus on humans and machines working together in a collab-

orative setting. We start with mental models which can be considered a social

capability (Miller, 2019) as it allows a human to gain an accurate understanding

of an AI agent. We also look at humans-in-the-loop and existing human studies in

the literature. Analysing human-machine collaboration with real humans is im-

portant as AI-AI teaming does not guarantee the same performance will translate

over to human-machine teams (Chattopadhyay et al., 2017).

2.3.1 Mental Modelling

The main factor to consider in human-machine collaboration is enabling human

agents to build amental modelof AI agents. A mental model is a cognitive rep-

resentation of an object's internal mechanics. This allows the human to make

predictions about the object's future states and thus aid in future interactions

(Johnson-Laird, 1986; Craik, 1943; Halasz and Moran, 1983; Norman, 1983).

Craik (1943) was the �rst to introduce the idea of internal models with Johnson-

Laird (1986) coining the name. Rouse and Morris (1986) later de�ned a mental

model as �mechanisms whereby humans generate descriptions of systems purpose

and form, explanations of a system functioning and observed system states, and

predictions of future system states� which encapsulates many di�erent de�nitions.

We can use this de�nition of mental models for how humans perceive DNN-based

models.

As humans build mental models of objects they interact with, including DNN-

based agents, if a human is unable to build an accurate representation of a DNN

decision boundaries, the human could be misled to either accept misclassi�cations

or disregard its output entirely (Bansal et al., 2019). To improve the accuracy

of a mental model of a DNN-based agent a human will need the agent to be

capable of explanations Akula et al. (2019); Miller (2019). This means the DNN
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agent should be designed to enable both agents to complement each other (Bansal

et al., 2019) instead of just maximising the accuracy of the DNN agent. It has

been shown that human-machine performance can be lower than the DNN agent

on its own, suggesting humans may not trust the DNN agent, but introducing

XAI methods can improve team performance over just showing predicted labels

(Lai and Tan, 2019).

In this thesis, we primarily focus on human-machine collaborative settings where

the DNN agent is advising the human on what action should be performed, but it

is up to the human to make the �nal decision. Using an AI agent in an advisory

role, Bansal et al. (2019) evaluated human mental models of some AI agents.

They found that over time humans learned the error boundaries of the AI agents,

although explanations should not be overly complex as this can make evaluating

the AI just as much work as completing the task without the AI's input.

2.3.2 Human-in-the-Loop

Although advances with DNNs in recent years have led to greatly improved ac-

curacy without the addition of humans (Brown et al., 2020; Silver et al., 2016;

Redmon et al., 2016), certain domains, such as healthcare, have higher stakes and,

as such, complete automation is undesired in case the DNN-based agent makes

a mistake. Introducing a human-in-the-loop provides the best of both worlds,

allowing the machine to enhance a human and has been shown to improve the

performance of DNN and human agents working individually (Reverberi et al.,

2022), although many studies show otherwise which may be attributed to worse

team cognition or a lack of trust (Schmutz et al., 2024).

Adding a human-in-the-loop has been evaluated during training (Chauhan et al.,

2023) and post-training. During training adding a human-in-the-loop can increase

the quality of training data by allowing the model to query the human about its

current ability (Russakovsky et al., 2015). For post-training human-in-the-loop,
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we are referring to a human and arti�cial agent working on a shared goal. A major

challenge however is ensuring e�cient communication between the team members

(Miller, 2019; Schmutz et al., 2024). We can also not assume a well-performing

DNN agent is suitable for human collaboration as it has been shown that an

AI-AI team can outperform a human-machine team (Chattopadhyay et al., 2017;

Schmutz et al., 2024). A simple method to improve the human-machine perform-

ance is to train the human on the DNN before starting a task (Chandrasekaran

et al., 2017).

As already discussed in Section 2.2.1, evaluating DNN performance with auto-

mated metrics does not always correlate to higher performance with a human-

in-the-loop. The only suitable option to verify any automated metrics is with a

human-in-the-loop (Yadav et al., 2019). Some metrics include the Visual Tur-

ing Test (Geman et al., 2015) for visual AI and System Causability Scale (SCS)

(Holzinger et al., 2020) for systems with XAI capabilities.

Doshi-Velez and Kim (2017) proposed a taxonomy for the evaluation of inter-

pretability. This starts from functionally-grounded, but automated metrics to

application-grounded evaluations with real humans in real-world applications.

This taxonomy provides the groundwork to methodically evaluate an AI on auto-

mated metrics before verifying interpretability holds with real humans in a real-

world setting.

2.3.3 Human Studies

We have summarised the literature of human studies evaluating arti�cial agents

and XAI. XAI is evaluated in regards to trust, model understanding and Human-

machine team performance.

To robustly analyse the use of AI agents and XAI a taxonomy was proposed by

(Doshi-Velez and Kim, 2017) where they identi�ed studies can be carried out

in three categories: application-grounded studies, human-grounded studies, and
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functionally-grounded studies. Application-grounded studies are studies evalu-

ating humans in a real-world task (e.g. medical diagnosis). Human-grounded

studies are studies that use real humans in a simpli�ed task (e.g. multi-choice

questionnaires). Finally, functionally grounded studies are any study using auto-

mated metrics. This taxonomy acknowledges �nding participants is more chal-

lenging than automated metrics, but you cannot fully understand how an AI will

be used in a real application without using real humans.

Trust of an AI agent can be measured as self-reported trust or observed trust

(Papenmeier et al., 2019). Both measurements can be used in the same study.

Self-reported trust can be collected with questionaries, whereas observed trust

may be quanti�ed by measuring human and model agreement (Rong et al., 2024;

Wang and Yin, 2021; Lai and Tan, 2019). However, this metric does not account

for if that trust is deserved. To measure this the model's accuracy should also be

considered (Wang and Yin, 2021). Trust in existing studies has been shown to

be largely dependent on the accuracy of the model (Yin et al., 2019), and overall

higher if the model is perceived to be more accurate than a human user.

Model understanding is the degree to which a human creates an accurate rep-

resentation of an AI agent decision boundaries. As previously mentioned this is

commonly discussed in regards to a human building a mental mental of the AI,

and XAI aids the creation of this. We may measure model understanding sub-

jectively or objectively (Cheng et al., 2019). Objective metrics require a suitable

task or subtask for humans to solve e.g. predicting a model output (Wang et al.,

2023a; Doshi-Velez and Kim, 2017), although this is not the only suitable metric

to evaluate model understanding (Rong et al., 2024). Subjective analysis can

be achieved with a questionnaire or otherwise by asking humans how well they

understand the model.

The overall aim of human-machine collaboration is to improve performance, e�-

ciency, or some other metric important for a given task. As we are evaluating a

human-machine team where the DNN-based agent is an assistant to the human,
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we will primarily use the accuracy of the human as they are the �nal decision-

maker. As accuracy is only objective, measuring it is achieved by evaluating the

desired metric for a task e.g. accuracy in a medical diagnosis task (Lai and Tan,

2019).

Some human studies has shown XAI to be bene�cial to �nd model bias (Ribeiro

et al., 2016b; Adebayo et al., 2020), while others have found little bene�t to users

(Kaur et al., 2020; Chandrasekaran et al., 2017). It seems that the use of current

XAI techniques individually does not fully facilitate their designed intentions.

Studies evaluating saliency maps have produced mixed �ndings. While some

work shows no bene�t to including saliency maps, other studies suggest otherwise.

For example, Alqaraawi et al. (2020) found that saliency maps generated using

the LRP technique helped participants learn which image features their model

was sensitive to, enabling them to better predict the model's output. However,

Nguyen et al. (2021) highlights that saliency maps can sometimes harm human-

machine collaboration, particularly for tasks requiring specialist knowledge. Their

study, along with (Jeyakumar et al., 2020), which involved a larger participant

count, and (Cai et al., 2019) found explanation-by-example to be a more e�ective

technique for developing model understanding. Despite the mixed evidence, XAI

techniques appear to improve human-machine teaming and mostly do not harm

performance.

Human studies using CBMs and similar model architectures can be placed into a

few categories; human concept preference (Barker et al., 2023; Ramaswamy et al.,

2023), concept explanations (Jeyakumar et al., 2023, 2022; Wang et al., 2023a;

Sixt et al., 2022; Dubey et al., 2022), human-in-the-loop (Mysore et al., 2023;

Nguyen et al., 2024) and bias discovery (Yuksekgonul et al., 2023; Midavaine

et al., 2024).

In studies on concept preference, Barker et al. (2023) investigated the concepts

humans identi�ed in sample images, �nding that human-selected concepts varied
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widely and performed worse when used by a CM on downstream tasks compared

to those chosen by the model. Similarly, Ramaswamy et al. (2023) found that

participants preferred smaller sets of concepts. They identi�ed participants pre-

ferred using 32 or fewer concepts. This is consistent with completeness (Kulesza

et al., 2013), as discussed earlier in this chapter, where the model should not

overwhelm a human.

Next, concept explanations preference is a common theme for CM human studies

(Jeyakumar et al., 2023, 2022; Sixt et al., 2022; Dubey et al., 2022). Jeyak-

umar et al. (2022) demonstrated that participants favoured concept-based ex-

planations for a model trained on activity recognition. Participants were asked

to select the explanation they preferred from multiple options. However, Sixt

et al. (2022) reported that concept explanations performed poorly for bias dis-

covery, although their model was not a CBM. Similarly, Dubey et al. (2022)

found that concept explanations underperformed by approximately 5% compared

to their proposed method when participants were asked to predict the model's

downstream task. Additionally, Jeyakumar et al. (2023) observed that the CBM

explanations were the least preferred among participants in a study involving

time-series data, though this result may not generalise to other modalities.

Beyond concept preference, some studies have investigated how humans interact

with CM in a collaborative task. Mysore et al. (2023) introduced a CBM inspired

recommender system that combined user provided concepts with automatically

generated ones to suggest relevant text documents. Their study included interven-

tions, leading to improvements of 20�47% in recommendation accuracy compared

to distance based approach. Nguyen et al. (2024) examined the e�ectiveness of

explanations in a visual correspondence model, CHM-Coor (Taesiri et al., 2022).

Participants interacted with static (could not adjust the models prediction) or

dynamic explanations (participant could select parts of the input image for the

model to focus on), �nding little di�erence in performance (73.57% compared

to 72.68% accuracy). Additionally, participants often agreed with the model's
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predictions regardless of if the model was correct or incorrect. Both of these

studies look at humans updating a models prediction, similar to interventions

with CBMs. As Mysore et al. (2023) model has more similarities to CBMs, their

�ndings suggest similar could be observed in an image modality.

For bias discovery, Yuksekgonul et al. (2023) used CBM-like architectures to study

human-guided pruning on a model where input samples had shifted (e.g. the cor-

relation of concepts co-occurring is changed after training). Participants selected

concepts to prune based on input samples and model predictions, outperforming

random pruning and only slightly less e�ective than �ne-tuning or greedy per-

formance. This study was repeated by Midavaine et al. (2024) which found similar

results. Considering user pruning does not require access to the training data,

this technique shows its potential as a human-in-the-loop approach for addressing

data shifts and biases in similar settings.

From these studies we have identi�ed no papers which look at CBMs or sim-

ilar model architectures that evaluate the capabilities of CBMs in a real-world

tasks. Most importantly it has not been shown how participants intervene on

concept predictions and whether these models are more interpretable than stand-

ard DNNs. In (Koh et al., 2020) they show the e�ectiveness of interventions and

how concepts and interventions can be used for counterfactual explanations, but

both of these points are yet to be validated in a human study. We expand on CM

human studies in Chapter 5.

2.4 Gap Analysis

In this section, we analyse the existing literature and highlight several gaps that

we discovered and will address in this thesis. While the interpretability of CBMs

have been extensively discussed, how their learned concept representations are

in�uenced by the con�guration of concepts in their training data remains poorly

understood. Furthermore, although CBMs are considered inherently interpretable
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due to their ability to reveal the model's decision-making process through concept

explanations and counterfactual explanations, these claims have not been valid-

ated with human users. This lack of validation represents a signi�cant gap in the

literature that requires further investigation.

We identify that in a human-machine collaborative setting a DNN need to commu-

nicate their decision-making process in a human-compatible way, and as discussed,

CBMs are positioned to achieving this. However, we have also discussed how ex-

isting literature analysing CBM's feature attribution has only been completed

with a limited set of training dataset con�gurations. For instance Margeloiu

et al. (2021) only analyses the feature attribution of a CBM trained on class-level

concepts. To the best of our knowledge there is no prior work which looks at

feature attribution of input features that contribute to a model's output(s) with

CBMs trained on other datasets, such as ones with instance-level concepts[Gap

1]. To analyse this gap a dataset with with multiple con�gurations of concept

annotations, and ground truth segmentations of the corresponding input features

is required[Gap 2].

In addition, there are no papers that analyse which concept predictions CBMs use

to predict task labels [Gap 3]. As the interpretability of CBMs comes from the

addition of concept outputs and interventions, it is highly desired to understand

how concepts are used for task label predictions.

We address both input feature attribution and concept feature attribution in

Chapter 3, verifying our results with both qualitative and quantitive metrics.

We introduce a new dataset better suited to CBM training and evaluation, and

include an additional real-world image dataset which uses instance-level concept

annotations in our analysis.

As with feature attribution of input features from concepts predictions, informa-

tion leakage metrics are often used to compare CBMs to other model architectures.

We have identi�ed the need to compare CBMs trained on di�erent dataset con-
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�gurations using this class of metric to get an overall picture of how CBMs learn

to represent concepts and the information they encode[Gap 4]. We complete this

in Chapter 4. This has allowed us to conclude how datasets for CBM training

should be con�gured to achieve concept prediction from semantically meaningful

input predictions, minimise the encoding of extraneous information in concept

representations, and show concept predictions can be resilient to irrelevant input

feature alterations[Gap 5].

Finally, We have looked at both human studies with CMs, and with XAI. This

has shown XAI does not always translate to large improvements in model inter-

pretability. Regarding CMs, Previous studies cover a range of model capabilities

and human preferences. However, we are left with a few questions. Firstly,

Barker et al. (2023) shows CBMs may use a di�erent subset of concepts for a

downstream task prediction than a human completing the same task. This raises

the question of whether this occurs with our models and if it is important for

models and humans to predict tasks with the same concepts. The main concern

is interventions may not aid a human if the concepts the CM uses compared to a

human are signi�cantly di�erent. Next, most studies looked at concepts without

a task. The only exceptions to this was (Mysore et al., 2023) and (Nguyen et al.,

2024). Currently, there are no studies that explore human interaction with CMs

in a real-world task [Gap 6]. How humans interact with these models remains

unknown, including the use of interventions. Finally, with the introduction of

CBMs, the authors made claims about the bene�t of human-machine teaming

and interpretability. These have not been veri�ed with a human study[Gap 7].

Table 2.2 shows a summary of the research contributions (RCs), research questions

(RQs), gaps, and the corresponding chapter where we contribute to the literature.

A brief description of the items in Table 2.2 are as follows:

ˆ RQ1 - Input feature mappings

ˆ RQ2 - Encoded information
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ˆ RQ3 - Human-machine collaboration

ˆ RC1 - Semantically meaningful concept representations

ˆ RC2 - Dataset to support concept analysis

ˆ RC3 - End-to-end feature attribution

ˆ RC4 - Concept representations and resilience

ˆ RC5 - Dataset requirements

ˆ RC6 - Human studies

ˆ RC7 - Model interpretability

ˆ Gap 1 - Dataset variation for feature attribution analysis

ˆ Gap 2 - Con�gurable dataset for CBM analysis

ˆ Gap 3 - Concept contribution to task label predictions

ˆ Gap 4 - Encoded information in concept representations over multiple CBMs

ˆ Gap 5 - Dataset con�gurations to achieve semantically meaningful concept

predictions, minimise extra encoded information and sensitivity to unrelated

input features

ˆ Gap 6 - Human-machine interaction with a CM

ˆ Gap 7 - Unveri�ed human-machine teaming and interpretability claims

2.5 Summary

In this chapter, we have outlined current CMs in the literature which aims to

extend standard DNN architectures with additional capabilities to make them
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Contribution Question Gap Addressed

RC1 RQ1 Gap 1 Chapter 3.6

RC2 RQ1 Gap 2 Chapter 3.5.1

RC3 RQ1 Gap 3 Chapter 3.6

RC4 RQ2 Gap 4 Chapter 4.10

RC5 RQ2 Gap 5 Chapter 4.7

RC6 RQ3 Gap 6 Chapter 5

RC7 RQ3 Gap 7 Chapter 5

Table 2.2: Mapping of research questions, contributions and gaps.

more interpretable. We have discussed how XAI aims to aid in the human ability

to build a mental model of an AI agent, and �nally AI, XAI and CM human

studies. Important to this thesis we have identi�ed gaps with regards to un-

derstanding the representations of concepts CBMs learn, and their end-to-end

decision-making process. We have highlighted that we should not conclude our

evaluation with singular metrics, and thus we also evaluate CBMs in regards to

information leakage and input feature dependency. Finally, we have identi�ed

the need for human studies to look at CBMs and their stated capabilities in a

real-world task, and to evaluate human interaction.
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Chapter 3

Feature Attribution in Concept

Bottleneck Models

3.1 Introduction

In this chapter, we present a comprehensive analysis of how CBMs feature attribu-

tion is applied to input features from concept predictions and concept predictions

from task label predictions w.r.t. the con�guration of concepts in the models

training datasets. CBMs have been positioned as improving human-machine col-

laboration as they are inherently interpretable (Koh et al., 2020). This capability

is enabled by the model predicting a vector of human-de�ned concepts which are

then used to predict a task label. Concept predictions can be inspected to reveal

the decision-making process of a CBM task label prediction since the user can

probe the CBM with various combinations of concepts. However, concept pre-

dictions may be misleading to humans interpreting the machine's outputs if the

model does not predict concepts based on their expected input features, but the

human assumes it does.

As previously mentioned in the Section 2.1.1, feature attribution values from

concept predictions have been found to be distributed over the entire input image

for a CBM trained on a dataset with class-level concept annotations. To address

if this �nding is restricted to certain training con�gurations, or is applicable to

all trained CBMs, this chapter answersRQ1 (� How can we train a CBM to map

semantically meaningful input features to concepts, and semantically meaningful

concept predictions to task labels?�). This question can be broken down into two
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3.1 Introduction

sub-questions:

1. What dataset con�gurations, in particular concept annotations and concept

correlation, are required to train CBMs to learn semantically meaningful

mappings from input features to concept predictions, and from concept

predictions to predicted task labels?

2. What is the most e�ective CBM training method?

We focus on training CBMs on images containing visual features that depict

concepts. Expanding beyond the single model limitation of existing research we

train and evaluate CBMs on three distinct datasets with di�erent constraints ap-

plied to concept annotations. These include two real-world image datasets and

one synthetic image dataset, covering both class-level and instance-level concept

annotations (an example of the di�erences between the di�erence concept an-

notation methods was illustrated in Figure 2.3). By answering RQ1 we make the

following contributions:

ˆ RC1 : We perform qualitative and quantitative analysis of CBMs, �nding

CBMs are capable of learning semantically meaningful concept representa-

tions from input features.

ˆ RC2 : We introduce and publish a new synthetic image dataset with �ne-

grained concept annotations which we use to demonstrate instances when

CBMs can learn semantically meaningful concept representations and when

they fail to do so.

ˆ RC3 : We expand on existing literature by looking at feature attribution

both from the input to the concept vector and from the concept vector to

the task output.
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3.2 Motivation

This chapter contains work in our papers �Towards a Deeper Understanding of

Concept Bottleneck Models Through End-to-End Explanation�, and �Can we Con-

strain Concept Bottleneck Models to Learn Semantically Meaningful Input Fea-

tures?�

3.2 Motivation

This chapter looks at the research gap regarding how di�erent con�gurations of

concepts in training datasets in�uence CBM's ability to learn concept repres-

entations from input features, as well as task labels from concept annotations.

For example, we examine which dataset con�gurations allow a model to predict

concepts using semantically meaningful input features. This gap was discussed

in Section 2.1.1 and Section 2.4. To achieve this we used gradient-based XAI

techniques, primarily LRP (Bach et al., 2015), as this uses the model architec-

ture and gradients of the models forward pass to work out feature attribution of

input features w.r.t. concept and task label predictions. We used this approach

rather than a proxy model, such as employed by the technique Local Interpretable

Model-agnostic Explanations (LIME) (Ribeiro et al., 2016b), as this does not

guarantee to show exactly which input features contributed to a model's output.

In addition LRP groups attribution values to objects and not just individual

pixels (Samek et al., 2021), which we see as a useful property as we may assume

pixels representing concepts are grouped together in an input image. Groups of

attribution values should be easier to interpret for an end user as there is less

information to process compared to pixel-by-pixel attribution values.

CBMs are described as inherently interpretable, but as discussed in Chapter 2,

this leads us to assume concepts are predicted using the same input features as

a human performing the same task, e.g. it may be assumed a model will use the

pixels for a wing of a bird in an image to predict the concept for the wing colour.

CBMs inherent interpretability arises from concept explanations and the ability
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3.2 Motivation

to intervene on concept predictions (Koh et al., 2020). Performing interventions

allows humans to explore task predictions with counterfactual concept explan-

ations. For instance, a human may correct a concept they believe the model

got wrong and inspect any changes in the predicted task label. Although task

predictions are made using concepts, and not input features from the original

input sample, task predictions still rely on the accuracy of concept predictions.

If concepts are not predicted using semantically meaningful input features then

it's also possible that predicted task labels will use a di�erent set of concepts

than a human would, e.g. require the inclusion of concepts that are not visible.

The main concern this creates is concepts could be learned such that there is a

correlation between concepts that are not observed in the real world, and thus a

model may be inaccurate outside of the models training data.

In Section 2.1.5 we discussed (Margeloiu et al., 2021) as the only work in the

literature that explored how feature attribution is applied to input features from

concept predictions. In particular, they found feature attribution values are dis-

tributed over the entire input image for concept predictions, and not localised to

a small area of the image (e.g. feature attribution values cover the entire image

of a bird instead of localised to the pixels representing the bird wing). How-

ever, their �ndings are narrow as they do not explore other class-level concept

datasets, or datasets with instance-level concepts. In addition they hypothesise

existing feature attribution methods are ill-equipped for CBM evaluation. We do

not have any indication if their �ndings hold for other datasets, and if existing

feature attribution techniques are indeed the limiting factor.

As discussed in Section 2.4, we have not identi�ed any papers that evaluate

feature attribution from predicted task labels to predicted concepts. Without

this analysis it is unclear which concept predictions models use to predict task

labels, and whether these are aligned to human decision-making.

We have identi�ed most research looking at CMs focus on the training method or

model architecture, as identi�ed in Section 2.1, but it remains unclear if CBMs
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and similar models are incapable of representing concepts using human aligned

input features. Therefore we see a need to investigate how CBMs learn concept

representations when trained on datasets with concept con�gurations other than

class-level concepts. In this chapter we focus on exploring learned concept rep-

resentations with datasets con�gured with class and instance-level concepts, in

addition to the accuracy and correlation of concept annotations. We also evalu-

ate which concepts are used for downstream task label predictions, and how these

align to ground truth concept values. Further, we utilise additional metrics to

provide a quantitive evaluation of the otherwise qualitative results saliency maps

provide.

3.3 Feature Attribution

In its simplest form when a DNN performs a forward pass input features, such as

pixels from images, are passed from layer to layer in the model where the input of

each layer is the output of the previous layer (Krizhevsky et al., 2012). As part of

this process a gradient will be computed which we can utilise with XAI techniques

such as LRP (Bach et al., 2015) or IG (Sundararajan et al., 2017) (as introduced

in Section 2.2.1) to produce a local explanation to reveal how much each input

feature contributed to the task prediction. We can visualise the explanation as a

saliency map.

As discussed in Section 2.1, CBMs are expected to predict concepts using input

features with the same meaning. However, Margeloiu et al. (2021) indicates this is

not the case with models trained on datasets using class-level concept annotations.

Margeloiu et al. (2021) demonstrated their model assigned feature attribution val-

ues over the entire input image instead of con�ned to the semantically meaningful

input features. Margeloiu et al. (2021)'s model was trained on CUB (Wah et al.,

2011), a popular dataset for CBM research. Most concepts in CUB represent

bird parts, however, if the image is cropped, or the bird changes appearance with
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gender or age, concepts may no longer match the visual appearance in the image.

As detailed in Section 2.4, we have not identi�ed prior work that analyses if the

con�guration of concepts in a dataset can con�ne a CBM to predict concept using

semantically meaning input features. For instance, datasets with instance-level

concepts avoid the inaccurate concept annotations seen with CUB as concepts

can be �ne-grained, only marking concepts to present when their visual repres-

entations can be identi�ed in the input. We cannot jump to the conclusion that

instance-level concepts are all you need. The original CUB dataset (before (Koh

et al., 2020) modi�ed it with class-level concepts) had instance-level concepts, but

these were noisy (Koh et al., 2020) which itself may restrict a CBM from learning

to map semantically meaningful input features to concepts.

In addition to concept explanations, we can also look at which concepts contrib-

uted to task predictions. Concept predictions from the output of a CBM concept

encoder are used as the input features to the model's task predictor. Using XAI

techniques, we can identify the contributions of concepts for the task prediction.

This may be interpreted as the rules the model has learned to map concepts to the

downstream task. For instance, CBMs may learn that for the task class �Mallard�,

the concept for a green head and orange feet need to be present. With some XAI

techniques, such as LRP, feature attribution values that are propagated through

a model are conserved (Bach et al., 2015). As such, we can take this a step further

and convert the attribution values to show the proportion of the contribution of

each concept w.r.t. the predicted downstream task label.

3.4 Methods

Before we move onto the experiment set-up we must remind ourselves of RQ1:

�How can we train a CBM to map semantically meaningful input features to

concepts, and semantically meaningful concept predictions to task labels?�
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RQ1 fundamentally ask whether a CBM can predict concepts and task labels in

alignment with the presence of semantically meaningful features in the input data.

These features may include visually identi�able elements in an image correspond-

ing to concepts, or concept annotations indicating the presence of concepts in

the dataset. Sub-question 1 and 2 then asks what the requirements are for a

CBM to learn to make predictions using semantically meaningful features. These

requirements could be related to the dataset con�guration in Sub-question 1 or

the training method in Sub-question 2.

To address RQ1, we need to evaluate if di�erent dataset con�gurations and each

CBM training method (independent, sequential and joint) enable a model to

learn to map semantically meaningful input features to concepts. For dataset

con�gurations speci�cally, we will need to include datasets with class-level concept

annotations (e.g. CUB (Wah et al., 2011)) where all samples of a class shares the

same concept vector, and datasets with instance-level concept annotations (e.g.

in our synthetic Playing Cards dataset) where concepts are annotated on a per

sample basis. Concept annotations must include ground truth knowledge of the

semantically meaningful input features associated with each concept. This ground

truth information is necessary to validate that the learned feature mappings align

with the ground truth input features that represent each concept. Given the

challenges of de�ning ground truth features in some domains (e.g. emotions

associated with images of faces), we limit our datasets to images with concepts

representing visually identi�able attributes. A complete list of the datasets we've

used for evaluation is detailed in Section 3.5.1.

We have used feature attribution techniques to evaluate which input features a

CBM uses for concept and task predictions. As we detailed in Section 2.2.1, fea-

ture attribution techniques can reveal the contributing input features for a CNN

prediction and have been useful to highlight model bias (Ribeiro et al., 2016b).

As we intend to reveal the input features used for concept and task predictions,

this capability aligns with our requirements to answer RQ1. Additionally, we
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used model-speci�c techniques such as LRP (Bach et al., 2015) as these use the

model itself instead of a proxy model to produce feature attribution values. Com-

pared to model-agnostic methods this will be a better representation of the true

input features used for a model prediction. For consistency, we display positive

attribution values in red and negative attribution values in blue.

Answering RQ1 requires quantitative results. As discussed in Section 2.2.1,

feature attribution techniques, produce local explanations of model predictions.

While visualising explanations as saliency maps provide a qualitative evaluation of

model behaviour. For quantitive evaluation we measured the alignment between

the feature attribution applied to input features and ground truth concept loc-

ations, and then averaged the individual results across testing dataset samples.

This aggregation helps assess whether model predictions rely on semantically

meaningful features and concepts.

We produced quantitive results with three metrics:

1. We adapted The Pointing Game evaluation technique (Zhang et al., 2018)

to measure the distance between the highest feature attribution value and

the ground truth input feature point for concepts.

2. We evaluated the proportion of feature attribution values that overlapped

ground truth concept locations.

3. We used IoU to evaluate which concepts were used for task predictions.

These measurements are necessary as they allow us to quantify how e�ective

a CBM is able to make predictions using input features that are semantically

meaningful to a prediction.
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3.5 Experiment Set-up

3.5 Experiment Set-up

As discussed in the literature review, we have identi�ed CBMs have not been

explored in regards to how they represent concepts, and how concepts are used

to predict task labels. To evaluate CBMs we need to train models on multiple

datasets with suitable evaluation techniques that reveal the learned concept rep-

resentations and decision-making process. We discuss the datasets and evaluation

setup based on XAI techniques in this section.

3.5.1 Datasets

We trained and evaluated our models on three datasets: CUB (Wah et al., 2011),

a bird image dataset with class-level concepts showing visual attributes, playing

cards, a new synthetic image dataset we've introduced to evaluate CBMs with

accurate concept annotations, and CheXpert (Irvin et al., 2019), an image dataset

which has instance-level concepts representing visual attributes of each input

image. These datasets are summarised in Table 3.1.

These three datasets are necessary for our evaluation of CBMs as they represent

a number of di�erent con�gurations of datasets that a CBM can be trained from.

Starting with CUB, this dataset has class-level concepts and thus demonstrates

cases when concepts may not have a visual representations in the input images.

Next, Playing cards show situations when concept annotations are always ac-

companied by a visual representation in the input image. Playing cards include

variations of class and instance-level concept annotations and vary the correlation

of concepts present at the same time. Finally, CheXpert represents a real-world

dataset where concept annotations are accompanied by a visual representation in

the input image.

These datasets are su�cient for our evaluation as they contain all required vari-

ations of concept annotations to align with our motivations. Speci�cally, they
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CUB Class-level 11;788 112 200
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Poker cards Instance-level 10;000 52 6

Random cards Instance-level 10;000 52 6

Class-level Poker cards Class-level 10;000 11 6

C
he

X
p

er
t

Instance-level CheXpert Instance-level 224;316 13 2

Class-level CheXpert
(three concepts)

Class-level 44;974 13 2

Class-level CheXpert
(four present concepts)

Class-level 21;760 13 2

Class-level CheXpert
(�ve present concepts)

Class-level 636 13 2

Table 3.1: Summary of datasets.

include instance and class-level concepts, a variance in co-occurring concepts

(quanti�ed using the Pearson correlation coe�cient, as detailed in Section 4.5),

instances where concepts are accompanied by a visual representation, and in-

stances where they are not. These align with our motivations as they allow us

to separate individual changes in concept con�gurations and thus measure their

e�ect to train CBMs to learn to predict concepts using semantically meaningful

input features.

3.5.1.1 CUB

*CUB (Wah et al., 2011) is a dataset containing 11,788 images of birds. Each

image is accompanied by attributes representing the visual features of the bird.

We have provided an example of a sample from the dataset in Figure 3.1. For
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3.5 Experiment Set-up

Input Present concepts

has_bill_shape::all-purpose

has_wing_color::grey

has_upperparts_color::grey

has_underparts_color::grey

has_back_color::grey

has_tail_shape::notched_tail

has_head_pattern::plain

has_breast_color::grey

has_eye_color::black

has_bill_length::shorter_than_head

has_forehead_color::grey

has_under_tail_color::grey

has_belly_color::grey

has_size::small_(5_-_9_in)

has_shape::perching-like

has_tail_pattern::solid

has_primary_color::grey

has_leg_color::black

has_bill_color::black

has_crown_color::grey

has_wing_pattern::multi-colored

Figure 3.1: Example CUB sample with the task label

�olive_sided_Flycatcher�, with concept that are annotated as

present. Any concept not listed from the full 112 available in the

dataset are not present in this sample

our study, we are using a modi�cation by (Koh et al., 2020) which altered the

attributes to be set at the class-level which were selected using majority voting.

This was to remove noise in the original annotations. In total, there are 112

concepts and 200 task labels. Images were centre-cropped and resized to 299 x
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