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Interpreting Machine Learning Models using Conditional Counterfactual Generation

SAMUEL MARTINSSON
Department of Physics and Astronomy
Chalmers University of Technology

Abstract

With the rapid development and application of complex machine learning models, the
need to interpret the internal processes of such models have become increasingly relevant.
In this thesis, a novel method for interpreting black box machine learning models is
proposed, where an autoencoder is used to generate reconstructions of data to visualize
in an interpretable way what patterns a model has learned to detect. The method is
first shown to work for a simple constructed problem, being able to interpret a model
that has learned to predict the mean of an underlying normal distribution from samples.
It is then evaluated for a more complex problem, where a model has learned to classify
the existence of disease in images from the CheXpert dataset of X-ray images. It is
demonstrated that naively implementing the method to interpret this model leads to the
autoencoder generating adversarial patterns to trick the model, instead of showing the an
interpretable explanation of what the model has learned. To mitigate this issue, the thesis
explores adding an additional model in the latent space of the conditional autoencoder and
demonstrates that this can provide a certain degree of interpretability. Because of this,
the method shows promise for interpreting black box models and with further research it
might become viable for practical use.

Keywords: machine learning, interpretability, autoencoders, counterfactual, chest X-ray
images.
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scrutinized before adjusting the code based on them and the models have not been asked
to produce original code not based on code already present in the project. These models
have also been used when searching the literature for references for this thesis and to
construct bibtex citations for references.

vi



List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in alpha-

betical order:

AE
ANN
AP
CAE
CNN
KDE
ML
VAE

Autoencoder(s)

Artificial Neural Network(s)
Anterior Posterior

Conditional Autoencoder(s)
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Nomenclature

Below is the nomenclature of indices, sets, variables, parameters, and functions that have
been used throughout this thesis.

Indices

i

Sets

N < G N

Variables

Indices for data points

Set of data points x

Latent space, set of latent variables z

General set from which counterfactual values can be sampled

Set of possible values for the output 3’ of the primary task model

Set of indices for data points x

Data point

Reconstruction of data point = from conditional autoencoder for
conditional value v’

Reconstruction of data point x from conditional autoencoder for
counterfactual conditional value g

Latent variables of an autoencoder

Latent variables of a conditional autoencoder trained on the latent
variables z of an autoencoder

Reconstruction of latent variables z from a model trained in the
latent space of an autoencoder

Residual constructed by a conditional residual model
Reconstruction or output from an autoencoder
Output of a primary task model for data point x

Output from a primary task model for reconstruction &

ix



0] Counterfactual conditional value, sampled uniformly from Y

Parameters
o Weighting coefficient for weighting components L econ and Leons of
weighted loss function
6] Weighting coefficient for weighting component L, of loss function
for conditional autoencoder with perceptual loss
vy Weighting coefficient for weighting component L, of loss function
for conditional autoencoder with perceptual loss
Functions
f Function learned by encoder of autoencoder
g Function learned by decoder of autoencoder
U Uniform sample from a set S
L recon Reconstruction loss function
Lcons Consistency loss function
Lperc Perceptual loss function



Contents

List of Acronyms vii
Nomenclature viii
1 Introduction 1
2 Background 3
2.1 Imterpretability . . . . . . . ... 3
2.1.1 Interpretability by design . . . . . . ... ... oo 3

2.1.2  Post-hoc interpretability methods . . . . . . ... .. ... ... .. 4

2.1.3 Attribution methods and their limitations . . . . . ... .. .. .. 4

2.2 Autoencoders . . . . . . ... 5
2.2.1 Conditional autoencoders . . . . .. . ... ... ... . ...... 5)

2.3 Counterfactual examples . . . . . . . . . ... 6

3 Method and constructed problem 7
3.1 Task conditioned autoencoder . . . . . . . ... ... ... ... ... ... 7
3.1.1 Consistency training . . . . . . . . . .. ... 8

3.1.2  Disentanglement . . . . .. .. ... oL 9

3.1.3 Functional disentanglement . . . . . ... ... ... ... ... .. 9

3.2 Application to constructed problem . . . . . .. ... ... L. 10
3.2.1 Comparison . . . . . . . . ... 11

3.2.2 Metrics . . . . 11

323 Results. . . . . . 12

3.3 Relation to previous work . . . . . ... ... 14

4 Application to chest X-ray images 15
4.1 CheXpert dataset . . . . . . . . . ... 15
4.1.1 Primary task . . . .. ... 15

4.1.2 Data pre-processing . . . . . . . . . ... 16

4.2 Comparison using initial method . . . . . . . ... ..o 17
421 Results. . . . . . . 17

4.3 Adjusting the loss function . . . . . . ... ... L L 20
4.3.1 Weighted loss function . . . . . . ... ... ... 21

4.3.2 Perceptual loss . . . . . . . . ... 21

4.3.3 Comparison . . . . . . . . . ... 22

4.34 Results. . . . . . . 22

X1



Contents

5

4.4 Working in latent space of autoencoder . . . . . . . .. ...
4.4.1 Task conditioned autoencoder . . . . . . . ... ... ... ... ..
442 Residual model . . . . . . . . .. ..
4.4.3 Comparison . . . . . . . . ...
444 Results. . . . . . .

Further exploration

5.1 Training autoencoder and residual model simultaneously . . . . . . . . ..
5.2 Training with respect to image space . . . . . . . . .. ... ... .. ...
53 Results . . . . . . .

Discussion and conclusion

6.1 General discussion . . . . . . . .
6.1.1 Disentanglement . . . . .. .. ... oo

6.2 Limitations . . . . . . . . ...

6.3 Future research . . . . . . . . .

6.4 Conclusion . . . . . . . . . e

Bibliography

A

B

xii

Methodological details

A.1 Constructed problem . . . . . . . .. ...
A.1.1 Primary task model . . . . . . . ..o
A.1.2 Autoencoder . . . . . . ...
A.1.3 Conditional autoencoder . . . . . . . .. ... ... ...

A2 CheXpert dataset . . . . . . . . . .. ...
A.2.1 Primary task model . . . . . . .. .. ... ... ...
A.2.2 Autoencoder . . . . . . ...
A.2.3 Conditional autoencoders . . . . . . ... .. .. ...
A.2.4 Conditional autoencoders with weighted loss function . . . . . . . .
A.2.5 Conditional autoencoder with perceptual loss . . .. ... ... ..
A.2.6 Primary task model in latent space . . . . . ... ... ... .. ..
A.2.7 Conditional autoencoder in latent space . . . . . .. .. ... ...
A.2.8 Residual model in latent space . . . . . . . .. ...
A.2.9 Autoencoder and residual model trained simultaneously . . . . . . .
A.2.10 Residual model trained w.r.t. image space . . . . . .. .. ... ..

Supplementary results

B.1 Identifiability . . . . . . . . . . . ...
B.1.1 Identifiability for the constructed problem . . . . . . ... ... ..

B.2 Disentanglement metrics . . . . . . ... ..o Lo

33
33
33
34

37
37
38
38
39
40

41

I1I
I1I
I1I



1

Introduction

As machine learning (ML) models have become more useful and more prevalently used
for a range of different applications, it has become increasingly relevant to explain the
decisions or predictions of these models. Examples of such applications are medicine,
where a physician might require a model to provide an explanation for its advice before
relying on it to administer care, or within the legal system, where it needs to be confirmed
whether a verdict complies with existing laws and specific evidence. Since the focus of ML
often is to produce models which perform the best on a given task with a certain dataset,
simplicity of a model or the ability to explain a model’s behavior is not always prioritized.
Being able to explain the model or keeping it simple might even be directly contrary to
the goal of performance. The behavior of many of the state-of-the-art models used today
is therefore not easily explainable, where an example are models based on artificial neural
network (ANN) architectures. Such models are usually referred to as black boxes.

Because of this need for explanation, some research has pivoted towards developing meth-
ods of explaining the outputs from these black box models. One method which has been
proposed is using counterfactual explanations or counterfactual examples. Counterfactual
examples show how data would need to be different in order for a certain decision to be
made. By observing such examples, one might be able to understand how the model
is using the data to come to a certain decision compared to another, thus receiving an
explanation of the behavior of the model.

This thesis proposes a novel method of using an autoencoder to generate counterfactual
examples as explanations for black box ML models. The method distinguishes itself
from prior methods in the field, primarily through directly conditioning the generation of
counterfactual examples on a conditional variable and through the consistency training
objective that it introduces. The method will be described more thoroughly in Section
3.1.

The proposed method is evaluated in two different settings. It is first evaluated on a
constructed problem where the dataset is synthetically produced from a known data dis-
tribution. This constructed problem is described in more detail in Section 3.2. Secondly,
the method will be evaluated in a realistic setting using the CheXpert dataset of chest
X-ray images [1]. The dataset as well as the problem for this setting is described further
in Section 4.1. The aim is to show whether this proposed method can provide human
interpretable explanations in both simple and high-dimensional domains.
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Background

This chapter will describe interpretability in greater detail, including how one can cat-
egorize different methods for achieving interpretability. It will also focus specifically on
attribution methods and what limitations these present. The ML model architecture of
an autoencoder will then be described, as it will be central to the method proposed in
this thesis. Lastly, the idea of using counterfactual examples for interpreting ML mod-
els will be explained, as well as how counterfactual examples can address limitations of
attribution methods.

2.1 Interpretability

Interpretability can be defined as the degree to which a human could understand the
decisions of a model in the given context [2] or one could say that a model is interpretable
if a human can efficiently and successfully predict the model’s decisions [3]. There can be
many reasons for prioritizing interpretability in ML, as briefly discussed in the previous
chapter. Interpretability might additionally be useful within a scientific context, where
an explanation for a model’s decision or prediction in a certain task can help researchers
understand the underlying problem better. It can also be useful to highlight bias within
a model which one might want to discourage, in order to not discriminate against certain
groups or miss important edge cases of a task. For some systems built on ML models
small errors can be critical, in which case they are regarded as high-risk systems. A high
level of interpretability can then be a crucial safety precaution [4].

Interpretability in ML can generally be split into two overarching classes; using models
that are interpretable by design and so called post-hoc methods, applied to a model after
training [4]. These classes will be discussed in more detail in the following two sections.

2.1.1 Interpretability by design

To enable interpreting the process by which an ML model comes to a certain decision or
prediction, one can choose to train a model that is interpretable by design. A model can
be considered interpretable by design if it learns a relatively simple function for making
predictions from data. A linear regression model is a good example, since it learns one
or more linear relationships. Because of this simplicity, one can therefore look at those
simple linear relationships directly to understand the prediction of the model. There are
also models which can learn more complex functions, but whose structure lends itself to
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explanation. One such model architecture is a decision tree, where one can follow the
structure of the tree to understand why a prediction was made for a certain data point.

When an inherently interpretable model is possible to use, it might be the preferred
choice for achieving interpretability. However, in some cases one might not be able to
use models that are interpretable by design. This can be due to the dataset on uses,
which can follow complex relationships that might not be possible to describe using these
models. Inherently interpretable models might therefore perform poorly when it comes
to predictions regarding these types of datasets. It may then be necessary to apply ML
models of more complex structure to achieve satisfactory predictive accuracy.

2.1.2 Post-hoc interpretability methods

Post-hoc interpretability methods interpret the ML models predictions after it has been
trained. There can be several problems with using post-hoc methods, including that
explanations after the fact must necessarily leave out some details and can thus be mis-
leading [5]. However, for some models it might be the only way of interpreting their
internal processes. Many models used today are based on ANN acrhitectures, which are
generally considered to not be interpretable by design and therefore post-hoc methods
allows for understanding these models better. If the goal is to gain insight regarding the
problem that an ML model is trained for, a more complex model that is not interpretable
by design can probably capture the phenomenon in great detail. This model can then be
analyzed using post-hoc methods to produce valuable insights [6].

Post-hoc interpretability methods can be divided into two categories; some methods study
specific parts of a model, in which case they are considered model-specific, and some meth-
ods study how input data affects the model’s output, in which case they are considered
model-agnostic [4]. Model-specific methods can be used to provide deeper insights about
specific models that are actionable, since they are specific to the architecture of the model.
A common model-specific method for convolutional neural newtorks (CNN) in image clas-
sification tasks is using so called saliency maps or activation maps. Saliency maps were
first introduced as a technique by Simonyan et.al. [7], visualizing the pixels of an image
which contribute the most to predicting a certain class.

While model-specific methods might be preferred in certain cases, model-agnostic methods
have been shown to provide high interpretability and provide flexibility compared to
model-specific methods [8]. When using model-agnostic methods, several different models
can be compared using the same interpretability method and it is also easier to switch to
another model architecture while maintaining interpretability. An example of a model-
agnostic method is occlusion, where certain parts or features of input data is masked or
removed to measure how important those features are for the prediction [9].

2.1.3 Attribution methods and their limitations

Many commonly used methods, including saliency maps and occlusion, fall in the category
of attribution methods. These methods generally aim to attribute which feature of the
input data is most important for a prediction [10]. One limitation of such methods is
that they do not generally describe how a model uses features of the input data. For

4



2. Background

example, an attribution method might highlight which region of an image was of highest
importance for an image classifier when predicting which class the image belongs to, but
no information is gained about what pattern in that region was key to the prediction. It
has also been shown that attribution methods can have issues with lack of sensitivity to
data and model, meaning that their explanations do not depend on the specific data or
model being used and thus they do not actually explain the model’s behavior [11].

2.2 Autoencoders

In the method that will be proposed in this thesis, an autoencoder (AE) will be used. AE
are a type of ANN based ML models which are trained with the goal of learning lower
dimensional representations of unlabeled data. An AE consists of two ANN, one called
the encoder and one called the decoder. We can denote these as functions, f for the
encoder and g for the decoder, satisfying

flz)=2: X = Z, (2.1)
g(z)=y: 2= X,

where |X| > |Z]|. Here, z denotes a data point, z denotes the lower dimensional repre-
sentation of data called the latent variables or latent space and y denotes the output of
the AE. The AE is trained with the objective of minimizing the discrepancy, the so called
reconstruction loss, between x and y, so that z = y in the limit [12].

A specific variant of the AE architecture is the variational autoencoder (VAE), which
instead of learning a deterministic mapping from data to latent space learns a distribution
of the data over the latent space. Since a probability distribution is constructed, a VAE
can be used as a generative model, generating new data samples [13].

2.2.1 Conditional autoencoders

One way of affecting the reconstructions of an AE is to condition its latent space on
some external information, constructing a so called conditional autoencoder (CAE). The
notion of conditioning comes from probability theory, where a probability distribution
can be conditioned on already known information, reshaping the distribution based on
this information. One example would be conditioning the probability distribution for
flipping a fair coin twice on the information that the first flip yielded heads, changing the
probability of flipping tails twice from 0.25 to 0.

In the realm of AE, conditioning the latent space of a VAE on data has been explored,
showing that it can improve the quality of the output [14]. Specifically conditioning the
latent space using class labels has been explored, showing that it can significantly affect
the structure of the latent space [15]. In this thesis, a similar approach will be used, but
where the latent space of an AE is conditioned on the output of a model rather than true
data labels.
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2.3 Counterfactual examples

One common interpretability method is using counterfactual examples or counterfactual
explanations. This involves generating an example of how the actual input would need to
be different in order to produce a desired output. For example, a counterfactual explana-
tion could involve showing how an image would need to differ in order to be classified as
a certain category by an ML model. Counterfactual explanations are often attributed as
being first proposed in the context of algorithmic decision-making by Wachter et al., who
proposed using counterfactual examples to comply with a citizen’s right to explanation
in relation to GDPR [16].

This idea of counterfactual explanations has been used and implemented in a number
of different ways in the ML literature. An approach which has been explored before is
using a VAE conditioned on an image classifier to generate counterfactual examples, in
order to interpret which features the classifier is using to determine its prediction [17].
The initial method described in this thesis has similarities to this approach, but differs
in choice of model (using a simple AE) and how the model is conditioned (conditioning
only the decoder as supposed to conditioning both the encoder and decoder).

Advantages of using this type of method is that it is post-hoc and that it is model-agnostic,
enabling its use for a large range of ML models. In contrast to attribution methods it
can explain not just what features of data are important for a certain prediction, but how
the model uses those features, by showing how that data would need to differ in order to
yield another prediction.
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Method and constructed problem

In this chapter, the central interpretability method proposed in this thesis will be de-
scribed. This method involves using a CAE to generate counterfactual examples, provid-
ing post-hoc interpretability of an ML model without access to the internals of that model.
It will then describe the constructed problem that will be used as a first application of
the method, as well as show the results of the method for the constructed problem.

3.1 Task conditioned autoencoder

Suppose there is an ML model trained for some specific task which one wants to interpret.
This model to be studied will be referred to as the primary task model throughout this
thesis. To study this model, one can construct a CAE with a number of latent variables
denoted as z (see Figure 3.1 for an illustration of the CAE). This CAE is conditioned
on the output 3’ of the primary task model, meaning that the decoder is fed both z and
y'. This CAE is then trained to reconstruct data x as closely as possible, minimizing the
so called reconstruction 1oss Lyecon(, 2), where 2’ is the reconstruction of z. It is worth
noting that the primary task model is frozen during this training, meaning that it is not
updated during the training of the AE. See Figure 3.1 for an illustration of the described
CAE.

As illustrated by Figure 3.2, the idea is to show the effect of ¢ on the reconstruction
2’ through counterfactual explanation, by traversing different values of 3/ for the same x
and comparing the corresponding reconstructions. Since this method is only dependent

frozen
primary — Y’
task model

Figure 3.1: Illustration of a CAE trained for reconstruction. x denotes data, x’ denotes
the reconstruction of x, z denotes the latent variables of the CAE and 3’ denotes the
output of the frozen primary task model.
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0.00 0.50 1.00
—i> encoder decoder i
| — 2z = ]

Figure 3.2: Illustration of generating counterfactual examples using a CAE, exemplified
using X-ray images.

on the output from the primary task model, this should permit interpretability without
explicit knowledge of the primary task model’s architecture or weights.

3.1.1 Consistency training

A possible problem with only training the CAE based on reconstruction quality is that
z captures information present in the output 3’ of the primary task model. The decoder
can then reconstruct the data without using 1/, meaning that the reconstructions z’ will
be equivalent for different values of y’. This would defeat the purpose of using the CAE
for interpretability. To handle this problem, consistency training is proposed as a possible
solution. Figure 3.3 shows an illustration of a CAE trained for consistency. Instead of
only training the CAE with the actual output of the primary task model as conditioning
variable, we also train on counterfactual values, where a value § # v is sampled uniformly
from the set of possible outputs ) of the primary task model. When training on such
examples, the objective instead becomes to minimize consistency loss Leons(7,y”), where
y” is the output of the frozen primary task model when fed the reconstruction & of the
AE. This type of complementary training should encourage the decoder to rely on the
information in the output of the frozen model, instead of possibly using task-relevant
information from z to replace the conditional variable.

In practice, consistency training is performed by first producing counterfactual values,
sampling g; ~ U(Y), i € Z, where ~ U(S) denotes sampling uniformly from a set S
and 7 is the index set of the data. When training, the procedure switches between the
reconstruction objective for the actual model outputs y, and the consistency objective for
the counterfactual values g;. The total loss

Z (»Crecon(xb ZE;) + ‘Ccons(gia ygl)) (31)

1€L

is calculated and used for updating the model.
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frozen
primary | — "
task model

Figure 3.3: Illustration of a CAE trained for consistency. x denotes data, 2’ denotes
the reconstruction of x, z denotes the latent variables of the autoencoder, § denotes a
counterfactual value being samples uniformly from the set ) of possible primary task
model outputs and y” denotes the output of the frozen primary task model when fed the
reconstruction z’.

3.1.2 Disentanglement

As mentioned above, it is probable that the information captured by v is also captured
by z. To study if this is the case, a useful concept is disentanglement. Disentanglement
can be defined as the degree to which a set of inferred latent variables are independent
and interpretable [18]. By this definition, it is not enough for the latent variables to be
independent of each other, but they should also be interpretable, which is achieved if
each latent variable corresponds to a single generative factor. It is worth mentioning that
what constitutes a single generative factor can be subjective and has to be defined for the
underlying data distribution being studied.

There are multiple metrics that have been proposed for measuring the disentanglement of
a representation. Three notable proposals are the mutual information gap [19], separated
attribute predictability [20] and the three metric proposal of disentanglement, complete-
ness, and informativeness [21].

3.1.3 Functional disentanglement

In this thesis, full disentanglement of the latent space is not necessarily desirable in itself.
(For an exploration of whether the proposed CAE with consistency training achieves
disentanglement for the constructed problem, see Appendix B.2.) Instead, we define a
related notion called functional disentanglement, which we define as the degree to which
a conditional variable is independent and interpretable with respect to the latent space.
More precisely, the aim is to see whether changing the value of a conditional variable leads
to an interpretable effect on the reconstruction of data and if this effect is independent of
the latent space. Here, functional disentanglement will mostly be measured qualitatively
by inspecting reconstructions from the CAE and no specific quantitative measure will be
presented. However, measures of how well a CAE performs regarding consistency can be
said to partially measure functional disentanglement by proxy, since a model with lower
consistency loss necessarily needs to use the information given by the conditional variable
to a high degree.
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0.5
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Figure 3.4: Three examples of a sample from a normal distribution, presented as KDE.
The mean of each sample is denoted by a dashed vertical line and the variance illustrated
by a dashed horizontal line with solid lines at the ends.

3.2 Application to constructed problem

To evaluate the interpretability achieved by the proposed task conditioned AE, a simple
problem has been constructed. Each data point is constructed by sampling means and
variances of a normal distribution uniformly, and then sampling a number of values from
each normal distribution. This is illustrated in Figure 3.4, where three samples are shown
as kernel density estimations (KDE) of a sample. KDE estimates the density function
based on a sample, by constructing the density as a sum of non-negative functions centered
on each data point of the sample [22]. In the figure, the mean of each sample is denoted by
a dashed vertical line and the variance of each sample is denoted by a dashed horizontal
line with solid lines on the ends, showing the scale of one variance on each side of the
mean line.

To construct an entire dataset, 3000 normal distributions are constructed by sampling
means from [—5, 5] and variances from [0, 2]. For each normal distribution, 400 values are
sampled, meaning the data has dimensions (3000,400). The sampled values of each data
point are ordered in ascending order, since it might otherwise be difficult for a simpler
ML model to infer a pattern from the data.

The primary task is defined as predicting the mean of the normal distribution which has
generated a data point. The target is therefore the mean of a normal distribution and
the input data is the 400 values sampled from this distribution. A multilayer perceptron
is trained as primary task model, since this is a simple model architecture that through
empirical tests proved capable of predicting the mean with a high precision. For more
details regarding the model architecture, see Appendix A.1.1.

A CAE is then trained conditioned on the output of this primary task model. The hope
is that traversing the conditional value (which should represent the mean of a normal dis-
tribution) after training the CAE should show clearly how the mean of the reconstructed
distribution is shifted.

10
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3.2.1 Comparison

In order to benchmark how well the CAE performs regarding reconstruction quality and
consistency, a comparison is made. A normal AE without the conditional variable is
trained, along with two CAE, where the first is trained without and the second is trained
with counterfactual examples. All AE have the same structure, except for the conditional
variable being added to the task conditioned models.

3.2.2 Metrics

A set of metrics are computed on a test partition of the dataset in order to compare the
models. This set of metrics will be used throughout the report.

Reconstruction loss is computed for all models, in order to yield a relative measure of
how faithful reconstructions from the models are to original data. This is the only metric
computed for the non-conditional AE. Consistency loss, being the loss function between ¢
and 3", is also calculated for all CAE. This should give a relative measure of how consistent
the reconstructions of the CAE are to the conditional value of the conditional variable.
This is computed for a pre-determined set of counterfactual values to be comparable
between CAE.

Three metrics based on computing coefficients of determination R? are presented. R?
can be informally described as measuring how well a model’s predictions replicate actual
values present in data. It generally ranges between 0 and 1, where 1 indicates a perfect
fit to the data, but negative values can arise when the predictions from a model fit the
data worse than the mean of the data.

R? is computed between ¢ and y”, which in this thesis is referred to as Consistency R?,
in order to give a more absolute measure of consistency. R? between each of the latent
variables of a CAE and the conditional variable is also calculated, as a measure of the
correlation between the latent space and the conditional variable. The average of these
values are presented as Latent-conditional correlation.

A so called Conditional accuracy is also calculated for all CAE. This metric should show
how easy it is to predict the conditional variable from the latent space, indicating how
much information about the conditional variable the latent space contains. A lower value
should therefore indicate a higher degree of disentanglement between the conditional and
latent variables. To compute this metric, a simple classifier is first trained to predict
the value of the conditional variable given the values of the latent variables of the CAE,
using the training partition of the dataset. The accuracy, as R?, is then computed for
this classifier on the test partition.

Apart from these metrics, some additional metrics regarding disentanglement and identi-
fiability have been calculated. These metrics, along with further details regarding disen-
tanglement and identifiability, can be found in Appendix B.1 and B.2 respectively.
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3. Method and constructed problem

3.2.3 Results

The latent dimension of the AE and CAE was chosen to 5, even though 2 dimensions for
the AE and 1 dimension for the CAE should be sufficient for this problem, since there
are only two underlying generative variables (the mean and the variance of a normal
distribution). This was mostly done to see if the method would work even with superfluous
ability to store information in the latent space. For more details regarding the model
architectures and dimensions for each layer, see Appendix A.1.2-A.1.3.

In Table 3.1, average metrics after training a normal AE, a CAE without consistency
training and a CAE with consistency training on 20 different datasets are presented.
Metrics denoted with "N/A” are not calculated for the normal AE, since they are not
applicable without a conditional variable.

Table 3.1: Average metrics after training instances of an AE, a CAE with and without
consistency training on 20 different constructed datasets.

Metric AE CAE no consistency | CAE consistency
Reconstruction loss (1073) 4.50 + 3.74 | 2.22 £ 0.53 2.16 + 0.28
Consistency loss (1071) N/A 2.9651 + 6.2088 0.0008 +£ 0.0010
Consistency R? N/A 0.96465 £ 0.07200 0.99999 + 0.00001
Latent-conditional correlation (R?) | N/A 0.53991 + 0.35826 0.02648 + 0.04882
Conditional accuracy (R?) - 0.98636 £ 0.00777 0.14018 + 0.17923

One can observe that the reconstruction loss is on average lower for the CAE than the
normal AE, which might be expected, since the CAE don’t need to learn the information
captured by the conditional variable and thus converge quicker in training. Considering
that the CAE trained with consistency is being trained on two distinct objectives in prac-
tice, one could expect that this would lead to lower reconstruction accuracy compared to
the CAE with a single objective. However, from the table one can see that the reconstruc-
tion loss does not seem to be significantly higher with consistency compared to without
and is in fact on average lower.

Regarding the metrics consistency loss and consistency R?, the CAE with consistency
training seems to perform better than the one without, which should be expected since
it is trained with consistency as objective. One can also observe that the latent space of
the CAE with consistency has a very low correlation with the conditional variable, while
the CAE without consistency has a significantly higher correlation between latent space
and conditional variable. The conditional accuracy is also almost perfect for the CAE
without consistency, compared with a low accuracy for with consistency. This implies that
training without consistency training generally leads to information about the conditional
variable being encoded in the latent space, while introducing counterfactual values in
training forces the model to use the information from the conditional variable and thus it
encodes that information in the latent space to a lower degree. The consistency training
therefore seems to disentangle the conditional variable from the latent space of the CAE,
which was the aim.

12



3. Method and constructed problem
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Figure 3.5: Example KDE of counterfactual examples generated with different shifts
to the factual conditional value, for CAE trained with and without consistency training.
The dots signify the maximum points of the corresponding KDE.

In Figure 3.5 we can see examples of conditional traversals, reconstructing based on
different conditional values, for CAE trained with and without consistency training on
the same dataset. In the figures, the conditional value is shifted by multiples of 0.5. The
value is either shifted up or down, based on where the actual value from the primary task
model lies, to keep the means within the range [—5,5]. The reconstructed samples are
presented as KDE of the reconstructed data series, since this visualizes the data series in
an intuitive way. In the figure, the maximum points of the KDE for each reconstruction,
which can be thought of as the inferred mean of that distribution, is also marked by
circular markers in the color corresponding to the curve.

From the KDE, it can clearly be seen that the primary task model has learned to predict
the mean of an underlying normal distribution, since the CAE shift the mean propor-
tionally to changes in the conditional variable. One noticeable difference between the
conditional traversals from the two CAE is that the CAE with consistency seems to keep
the shape of the distribution to a larger extent when shifting the mean compared to the
CAE without consistency. This can probably be attributed to the latent space of the
CAE with consistency being disentangled to a higher degree from the conditional variable
than the latent space of the CAE without consistency, meaning that reconstructions are
less affected by values of the latent space not shifting along with the conditional variable.

Overall, one can conclude that training a CAE with consistency training for this con-
structed problem produces a model which has high consistency with the primary task
model, without sacrificing reconstruction quality compared to not training for consistency
or training a normal AE. The CAE can be used to produce counterfactual examples that
clearly show what the primary task model has learned, leading to interpretability of the
model.
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3. Method and constructed problem

3.3 Relation to previous work

Since counterfactual explanations were first suggested in the context of ML by Wachter
et.al. [16], there have been multiple methods proposed for interpreting ML models through
counterfactual explanation [23]. Many methods use gradient-based optimization to gener-
ate counterfactual examples close to the original data point while giving a different output.
This necessitates access to the internals of the model or requires querying the model sev-
eral times when constructing a counterfactual example, which means the method is either
slow or model-dependent. The proposed method generates counterfactuals in one forward
pass by changing the conditional variable, which means it is model-agnostic and can save
computational time when generating counterfactual examples.

The proposed method is based on using a CAE. The AE architecture was chosen since
it is simple and since it was thought to suffice for the counterfactual generation needed.
Since a deterministic mapping from is learned by the CAE, it will also always give the
same counterfactual reconstruction for a certain data point and conditional value, making
the results reproducible. A lot of the literature instead uses VAE for similar methods.
An advantage of using a VAE could be that it models the data distribution explicitly,
facilitating sampling reconstructed data close to but not entirely identical to training data
[13]. Using a VAE as part of the proposed method would however introduce stochasticity
and since the aim is to generate counterfactual examples in a controlled way by only
changing the conditional variable, an AE is a more natural choice.

In regards to achieving disentanglement, several approaches have been proposed. It has
been shown that, by choosing the form of distribution learned by a VAE carefully, a high
level of disentanglement can be achieved [24]. Another approach is to use a so called
conditional subspace VAE, where the latent variables are split into two sets: one set of
variables correlating to the label of the data and one that contains the additional informa-
tion needed for reconstruction [25]. This approach thus tries to achieve disentanglement
within the latent space. In the proposed method of this thesis, the main mechanism for
achieving disentanglement is as described earlier consistency training. This is a struc-
turally different approach, since instead of disentangling variables within the latent space
of the AE, the method aims to move the label-specific information outside of this la-
tent space through the conditional variable. To the author’s knowledge, this is a novel
method that has not been used before and is one of the main distinguishing features of
the proposed interpretability method.
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4

Application to chest X-ray images

In order to see how interpretability can be achieved through conditioning on a primary
task model for a real world task, a classification task is defined for the so called CheXpert
dataset. This chapter describes this dataset and the primary task defined for this dataset.
It will then describe the results of applying the method to this problem.

4.1 CheXpert dataset

The CheXpert dataset is a large dataset of chest X-ray images first presented in 2019 [1].
It contains labels for different lung diseases, as well as whether a medical support device is
present or not. This dataset has been used in an earlier study investigating how VAE with
a certain prior distribution can be used to achieve interpretability in image classification
[24]. In that study, achieving interpretability for a certain classifier architecture was
studied, while in this thesis a model-agnostic approach is explored.

4.1.1 Primary task

In this thesis we have chosen to define a single label binary classification task, namely to
classify whether an image shows a patient suffering from the lung disease pleural effusion
or not. Pleural effusion refers to a build up of fluid between the pleural layers lining the
outside of the lungs [26]. Figure 4.1 shows example images from the CheXpert dataset,
showing both patients suffering from and not suffering from pleural effusion. As can be
seen from the images, pleural effusion seems to be signified by a lighter convex area present
at the bottom of the lungs, continuing along the spine.

As with the constructed dataset, a primary task model will be trained on this classification
task, but instead of a multilayer perceptron a CNN is now used. This choice is made due
to a CNN being able to use the spatial dependencies of an image and therefore generally
performing better on image data. A CAE is then trained on the output of this model and
traversing the conditional value (which in this case should represent whether the image
shows a patient suffering from pleural effusion or not) after training this CAE should
show what features of the image the primary task model associates with pleural effusion.
As described earlier, images showing pleural effusion should show a lighter region in the
bottom of the lungs and along the spine, while images not showing pleural effusion should
not contain this lighter area.
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No pleural effusion

Pleural effusion

Figure 4.1: Examples of images from the CheXpert dataset showing patients either
suffering from pleural effusion (upper row) or not suffering from pleural effusion (lower
row).

4.1.2 Data pre-processing

In this thesis, a down-sampled version of the dataset is used, where the images have been
compressed to a lower resolution. This choice is made mainly so that fewer computational
resources and less time will be needed to produce results. Since models trained on this
smaller dataset will need fewer parameters, it will also be easier to evaluate and analyze
them.

Some pre-processing of the data is performed to create a dataset that is easier to train
the primary task model on and to yield a more homogeneous dataset. This should lead to
the conditional value traversals from a trained CAE being easier to analyze. Firstly, only
images from a frontal view are included, excluding images from a lateral view. This choice
was made because images differ significantly between these views, such that excluding one
lowers the difficulty of the primary task. This reduces the dataset by 14.50%.

Secondly, only images where the patient has been imaged in a so called anterior posterior
(AP) position are included. Since the pleural fluid that signifies pleural effusion will move
based on the position of the patient, such that images in different positions showing signs
of pleural effusion can differ significantly [26]. Since AP is the majority patient position
present in the dataset, it was chosen. This further reduces the dataset by 15.41%, leaving
72.33% of the original dataset.

After applying these filters, approximately 52.11% of the images are labeled with pleural
effusion and 47.89% of the images are not, meaning that the resulting dataset is balanced
with regards to this label. It is interesting to note that many other labels in the dataset
coincide with pleural effusion. Of images labeled with pleural effusion, 99.45% are also
labeled with lung opacity and 99.42% are labeled with atelectasis. Every label connected
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4. Application to chest X-ray images

to a disease or the presence of "support devices” has a prevalence of more than 50%
among these images, which implies that most images showing signs of pleural effusion
shows signs of at least one other disease or support devices. Of images not labeled with
pleural effusion, only the label support devices has a prevalence of over 50% (60.35%).

Since the images are of varying resolution, all images are downsized to a common resolu-
tion of (320,320) using bilinear interpolation. All images are also normalized along each
channel.

4.2 Comparison using initial method

As for the constructed problem, both a normal AE and two CAE, one trained with and
one trained without consistency training, will be trained to reconstruct the images. The
metrics described in Section 3.2.2, that were computed for the constructed problem, will
be computed for this case as well.

4.2.1 Results

The latent dimension of the AE and CAE was chosen to be 256. This was a rather arbi-
trary value, but the hope was that it would be sufficient for storing the necessary amount
of information needed for good quality reconstructions, but still compressed enough to
avoid too much duplicate information between latent variables. With more computa-
tional resources and time, this latent dimension could be optimized further. For more

details regarding the model architectures and dimensions for each layer, see Appendix
A.2.1-A.2.3.

Figure 4.2 shows examples of images with labels, along with the corresponding reconstruc-
tions from the convolutional AE. The reconstructions capture the overall appearance of an
image, but the reconstructions generally miss details and sharper features. This might be
expected, since the model is trained to reconstruct images in a large dataset and therefore
it cannot capture all details without overfitting to the training data.

Table 4.1: Metrics after training instances of an AE, a CAE with and without consistency
training on the CheXpert dataset.

Metric AE CAE no consistency | CAE consistency
Reconstruction loss 1.689582 | 1.730698 3.843712
Consistency loss N/A 101.356552 0.296790
Consistency R? N/A -1.406845 0.992952
Latent-conditional correlation (R?) | N/A 0.006005 0.016362
Conditional accuracy (R?*) 0.464565 | 0.480310 0.514306

Table 4.1 shows metrics for each of the trained AE. One can notice that the normal AE
has the best reconstruction loss of all models, with CAE without consistency being fairly
close and CAE with consistency having more than double the loss of the other models.
This contradicts the results from the experiments on the toy problem, where the order was
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Image, Label 0 Reconstruction Image, Label 1 Reconstruction

Figure 4.2: Examples of images and the corresponding reconstructions from the convo-
lutional AE

reversed. As mentioned for the toy problem, the dual-objective training might be expected
to lead to the CAE with consistency performing suboptimally regarding reconstruction,
which seems to be the case here. There might be too high complexity in this dataset,
compared to the constructed one, to achieve similar performance.

Regarding the consistency metrics, one can observe that the CAE with consistency train-
ing performs significantly better than the CAE without it. With this dataset, the CAE
without consistency training does not seem to be able to achieve high consistency without
explicitly training for it, which it did for the constructed dataset. This could be explained
by the higher complexity of this dataset compared to the constructed one leading to re-
construction performance not generalizing to consistency performance.

The latent-conditional correlation is low for both CAE, so consistency training does not
seem to have a disentangling effect like it did for the constructed problem. Conditional
accuracy is at approximately the same level for all models, which for the CAE differs
significantly from the values in the constructed problem. Since the values lie close to
that of the AE, the conditioning does not seem to alter the information overlapping with
the conditional variable present in the latent space significantly. Interestingly, the latent-
conditional correlation and conditional accuracy seems to be higher for the CAE with
consistency training than without, contradicting the results for the constructed problem.
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Original image Reconstruction Reconstruction Reconstruction Difference
true label:y =1 primary model:y = 0.89 withy=0 withy =1 y=0andy=1

Without consistency
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-1.0

Figure 4.3: Example of an image and reconstructions from CAE trained with or without
consistency, along with visualizations of the difference between the reconstructions for
conditional values 1 and 0.

This would imply that consistency training leads to a lower degree of disentanglement.
Because of time constraints, the CAE have not been trained until validation loss plateaus
or increases (see Appendix A.2.3). Tt is therefore difficult to draw strong conclusions,
since the latent space might change significantly with further training.

Figure 4.3 shows an example of an image along with reconstructions with the true pre-
dicted label from the primary task model, and reconstructions where the conditional value
was set to either 0 or 1, for both the CAE without and with consistency training. Dif-
ference plots are also included to show the difference between the reconstruction with
conditional value set to 0 and 1. Omne can observe that the reconstructions from the
CAE without consistency for both a conditional value of 0 and 1 are identical. Figure 4.4
shows difference visualizations averaged over 1000 images for both CAE with and without
consistency. From this figure one can see clear evidence that the previous observation is
a general pattern; the CAE without consistency training outputs on average the same
reconstructions for both conditional extreme values. Not training for consistency thus
seems to lead to the CAE not using the information from the conditional variable when
reconstructing the image, which was the potential issue that we wanted to address with
consistency training.

When studying the reconstructions from the CAE with consistency, it becomes visually
obvious why its reconstruction loss is higher. The reconstructions include patterns which
are not present in the original image. By looking at the difference visualization, one can
see that some patterns are present when the conditional variable is set to 0 and some
others are present when the variable is set to 1. Referring to Figure 4.4, it seems evident
that the same patterns are used for all reconstructions. It therefore seems as though the
CAE has learned to steer the prediction of the primary task model during consistency
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Figure 4.4: Difference between reconstructions with conditional value 1 and 0, averaged
over 1000 images, for CAE with or without consistency training.

training using these patterns, since these patterns are not what we expect the primary
task model to learn in order to classify pleural effusion that were described in Section
4.1.1.

Small perturbations of input data that can change the prediction of a classification model
are known in the literature as adversarial examples or adversarial perturbations [27]. Such
perturbations have been found to be easy to construct for image classification models and
they can be indistinguishable to the human eye [28]. Adversarial examples correspond
to local optima in the input space of a model and how robust a model is to adversarial
attacks is strongly correlated to the geometry of this space [29]. That the CAE produces
adversarial patterns to trick the primary task model can also be seen as an example of
the phenomenon of specification gaming, where a model learns to perform a task in a way
that scores highly on its given objective without achieving the intended behavior [30].

It is worth noting that the method showing these adversarial patterns can be seen as an
interpretable result in a way, since it shows us that these patterns can be used to affect
the classification of the primary task model. They do however not represent a meaningful
and understandable explanation for a human observer of how the model classifies pleural
effusion. The question is therefore if a higher level of interpretability can be achieved and
these adversarial patterns be addressed by modifying the method.

4.3 Adjusting the loss function

The training of an ML model is principally guided by the loss function used for the
optimization. An idea for yielding better interpretability is therefore to adjust the loss
function used in some way. Two different adjustments to the loss function are therefore
be suggested.

20



4. Application to chest X-ray images

4.3.1 Weighted loss function

One way of trying to guide the optimization in a certain direction is to weigh one com-
ponent of the loss function higher than the other. The loss function that is described
by (3.1) can be modified by adding a factor dependent on the scalar « in front of both
components:

Z ((1 - a)ﬁrecon(xia ZL’;) + aEconS(gi’ y;/)) ; € [07 1] (41)

1€

The parameter o can then be adjusted to affect the relative scales of the values from both
loss functions. When a = 0.5, the loss functions have the same relationship as in (3.1).
By introducing these factors, the total loss function is lowered in magnitude, which might
affect the speed of convergence for the training since an optimization step will be smaller
in magnitude in general.

4.3.2 Perceptual loss

To guide an image generation model to generate more realistic images, so called perceptual
loss has been proposed. When calculating the perceptual loss, one uses a pre-trained image
classifier and calculates values for high-level features of the network. This could be features
that recognize edges or specific patterns of an image. One can then compare images using
these high-level features instead of the per-pixel values, which has been shown to be
effective in measuring meaningful differences perceptual to the human eye [31]. The hope
is that introducing such a loss function will penalize the model for diverging from the
original image regarding features which are visually obvious, which might disincentivize
learning of adversarial patterns, as well as lead to reconstructions that look more similar
to an observer.

One way of implementing perceptual loss is through Learned Perceptual Image Patch
Similarity (LPIPS). In LPIPS, a model that has been pre-trained for image classification is
used. Features are extracted from different layers of the model and a weighted sum is then
calculated over all these features, where the weights have been optimized to correspond
to how important a feature is for a human to perceive a semantic difference in an image

[32].

In this work, LPIPS values are calculated using AlexNet, since it is faster to calculate than
the commonly used VGG model and since empirical tests showed that the values were
fairly similar between models. Adding a perceptual loss function, as well as weights to be
able to adjust the scales of the different components, yields the following loss function:

Z (‘Crecon(xia [L';) + ﬂﬁcons(gia y;/) + nyPEI“C(xia l';)) ) Ba ’7 € R? (42)
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where Lperc(2;, ;) denotes the perceptual loss between data z; and the corresponding
reconstruction ;.
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4.3.3 Comparison

In this comparison, two models with weighted loss functions will be trained: one with
o = 0.67 and one with @ = 0.33. Tests showed that Liccon and L.ons are of the same
magnitude initially, so therefore these values for o should imply that the initial magnitude
of one of the components should be approximately double the magnitude of the other after
applying the weighting.

A model with perceptual loss added to the loss function will also be trained. Initial tests
showed that the perceptual loss is generally approximately one order of magnitude larger
than the other loss functions. The values for the weights have therefore been chosen to
£ =1.0and v = 0.1, to set the components of the loss function at equal initial magnitudes
after weighting.

The same test metrics as for the previous comparison, described in detail in Section 3.2.2,
will be computed for all three models.

4.3.4 Results

Table 4.2 shows test metrics for both CAE with weighted loss functions and a = 0.67 or
a = 0.33, as well as for a CAE with perceptual loss. One can observe that the CAE with
a = 0.67 performs better than the CAE with o = 0.33 on the metrics concerning con-
sistency, which is expected since its loss function emphasizes the consistency component
while the other model’s loss function emphasizes the reconstruction component. By com-
paring with Table 4.1, one can see that a higher value of « (if we think of the original CAE
with consistency training as having o = 0.50) correlates to higher performance regarding
consistency, and vice versa for reconstruction quality, which one should expect. The same
relationship can be seen for correlation between the latent space and conditional variable,
although the differences between models are not particularly large.

Table 4.2: Metrics after training a CAE with weighted loss function and o = 0.67 or
0.33, as well as a CAE with perceptual loss.

Metric a=0.67| a=0.33 | CAE w. perceptual loss
Reconstruction loss 4.230025 | 2.712388 | 3.680705
Consistency loss 0.128662 | 0.295385 | 0.421494
Consistency R* 0.996945 | 0.992986 | 0.989991
Latent-conditional correlation (R?) | 0.013083 | 0.008946 | 0.010207
Conditional accuracy (R?) 0.528321 | 0.508238 | 0.553875

Observing the column for the CAE with perceptual loss, it seems as though the model
performs similarly to the original CAE with consistency regarding reconstruction. Re-
gardring the consistency metrics however, the CAE with perceptual loss seems to perform
significantly worse than all other CAE with consistency. This might be a sign of the opti-
mization pressures from the consistency and perceptual objectives pointing are conflicting,
so that improving in regards to one decreases performance in regards to the other. If the
primary task model observes a different set of features than the LPIPS tests for when
calculating perceptual loss, then this is likely the case.
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Figure 4.5: Example of an image and reconstructions from CAE with weighted loss
functions, for o = 0.67 and « = 0.33, as well as with perceptual loss, along with visual-
izations of the difference between the reconstructions for conditional values 1 and 0.

Figure 4.5 shows an example of an image from the test partition of the data set, along
with reconstructions from each of the three models for the true conditional value, 0 and
1, along with a visualization of the difference between the reconstructions for values 1
and 0. Both weighted loss CAEs show signs of adversarial patterns like for the original
CAE with consistency training, but the CAE with lower a seems to have a more subtle
pattern. This observation seems to align with consistency training being the cause of
adversarial patterns in the CAE. Since the training of these CAEs have not been stopped
through early stopping (see appendix A for more details), it might still be the case that
the CAE with o = 0.33 will exhibit a more similar pattern to the other CAEs when
trained further. The CAE with perceptual loss also seems to exhibit adversarial patterns
in its reconstructions, but the reconstructions also look visibly different compared to the
reconstructions from the other models. The perceptual loss seems to introduce patterns
in how the image is reconstructed, which probably are related to keeping the features that
LPIPS observe similar. The reconstructions also look more clear than the reconstructions
from the other CAEs.

Figure 4.6 shows difference visualizations averaged over 1000 images for the three models
with adjusted loss function. These averages also strengthen the conclusion of the models
having learned adversarial patterns, since they look almost identical to the differences for
the example image.
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Figure 4.6: Difference between reconstructions with conditional value 1 and 0, averaged
over 1000 images, for CAE with weighted loss functions and a = 0.67 or 0.33, as well as
with perceptual loss.

4.4 Working in latent space of autoencoder

Instead of training a CAE directly on the original images, the model can be trained on
latent representations of the images from an AE trained only for reconstruction. The idea
is that training a model in this lower dimensional space will affect the geometry of the
optimization problem, which as stated previously strongly correlates to the presence of
adversarial perturbations [29].

In this new framing, the primary task is altered slightly, so that the primary task becomes
classifying presence of pleural effusion from latent representations of the images, instead
of from the original images directly. Figure 4.7 illustrates how this model is trained. Since
the variables of latent representations won’t have spatial dependencies in the same way
that images do and multilayer perceptrons are easier to train, such a model is used as
primary task model.

To clarify how training a CAE in latent space of the AE is performed, this is described
in the following section. A residual model is also introduced and evaluated in the latent
space as a possible substitution for the CAE. This model is therefore also described below.

4.4.1 Task conditioned autoencoder

The first method is similar to the method that was implemented previously for both
the toy problem and the binary classification task, but within this latent space framing.
Figure 4.8 tries to illustrate this setup. A CAE conditioned on a primary task model is
trained on latent representations of the original images. The reconstruction of an original
image can be obtained by feeding the reconstructed latent representation from this CAE
to the decoder of the AE which produced the latent representations. Important to note
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Figure 4.7: Setup for training the primary task model in latent space. The encoder and
decoder are part of an AE trained on data x. z denotes the latent representation of data
x from the decoder and y’ denotes the corresponding output of the primary task model.
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Figure 4.8: Illustration of training CAE in latent space of AE trained on original data. x
denotes original data, z denotes latent representation of x from encoder of AE, Z denotes
latent variables of CAE and 2’ denotes the output of the CAE. 3/ denotes the output from
the frozen primary task model for input z and § denotes a sampled value 7. y” denotes
the output of the frozen primary task model for input z’. The dashed arrows show
reconstruction training and the dashed and dotted arrows show consistency training.

is that the CAE is trained on the reconstruction and consistency loss with respect to
the latent space, meaning L econ(2, 2’) and Leons(7, y”), not with respect to reconstructed
images. As before, the hope is that varying the conditional variable will show what the
primary task model has learned in the reconstruction.
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Figure 4.9: Illustration of a residual model in latent space, where z denotes latent repre-
sentations of data from an AE, y denotes the conditional variable, Az denotes the residual
computed by the feedforward ANN and 2’ denotes the final output of the residual model.
The circled plus sign denotes an addition operator performing elementwise addition of
vectors and the arrow from z to the addition operator illustrates the skip connection.

Since the latent representations from the AE on the original images already are compressed
representations, important information may be lost by compressing the latent space of
the CAE trained on these representations even further. The CAE will therefore have the
same number of latent dimensions as the latent space of the AE. The hidden layers of the
encoder and decoder of the CAE are also allowed to have a higher dimension than the
latent dimension of the AE and CAE to allow flexibility in learning the data distribution,
which should simplify the learning process. In practice, this CAE trained in the latent
space can be seen as a multilayer perceptron with a conditional variable added in the
middle.

4.4.2 Residual model

Since the CAE as described above is not directly used for producing the reconstructed
images, one can propose other architectures for the conditional model. One such model
is a residual model. Figure 4.9 illustrates how the residual model is structured. In the
residual model model, layers are constructed to learn the difference or residual between
a goal function and the input. This is done by adding a so called skip connection, where
the input to a set of layers is added to the output of that set. This has been shown to
increase performance compared to a normal feedforward network on image recognition
tasks [33].

In this implementation, a skip connection is added between the input latent representa-
tion and the output of the last feedforward layer. Thus, the model is trained to learn
the residual between the latent representation and the desired reconstructed latent rep-
resentation. To condition the model on the prediction from the primary task model, the
residual model is fed the conditional variable in its first layer, instead of in the middle
where the CAE is conditioned. The hope is that the residual model will learn to output
a residual close to the zero vector when it is fed the actual prediction from the primary
task model, but add some sort of non-zero residual when a counterfactual value is used
to adjust the latent representation to this value.

Figure 4.10 shows how the residual model is trained in the latent space of an AE. The
conjecture is that constructing the residual might be an easier task for a model to learn
than latent reconstruction. The residual model might thus perform better than the CAE.
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Figure 4.10: Illustration of training residual model in latent space of AE trained on
original data. x denotes original data, z denotes latent representation of z from encoder
of AE, Az denotes residual computed by the residual model and 2’ denotes the output of
the residual model. y’ denotes the output from the frozen primary task model for input z
and 7 denotes a sampled value 3. y” denotes the output of the frozen primary task model
for input z’. The dashed arrows show reconstruction training and the dashed and dotted
arrows show consistency training.

4.4.3 Comparison

For the comparison, latent representations of all images are constructed. The AE used
as baseline in Chapter 4.2 will be used for this purpose. Both a CAE and a residual
model will then be trained using reconstruction and consistency training on these latent
representations.

The same metrics as were computed for the previous comparison are computed for these
models. Reconstruction loss still measures the reconstruction loss in the image space,
meaning it is computed on the images reconstructed from the latent representations that
the models trained in the latent space produce, which should make the metric comparable
to the values in Table 4.1. The new metric latent reconstruction loss instead measures
the reconstruction loss between the input latent representations and the representations
that the models output. Since the residual model has no clear latent space of its own, the
two metrics concerning the latent space of a model are not applicable to it.

4.4.4 Results

Table 4.3 shows metrics after training single instances of the CAE and residual model on
latent representations of the AE trained on original images. One can observe that the
reconstruction loss for both models is an order of magnitude larger than for the models
trained on original images, shown in Table 4.1. This is to be expected, since the models in
latent space are trained on the objective of reconstructing the latents as faithfully as pos-
sible and not necessarily on constructing latents which, when reconstructed into images
by the AE, are faithful to the original images. If they were to be trained only for recon-
struction accuracy, then these objectives should probably be parallel, but the optimization
pressure from the consistency training probably perturbs the latent representations from
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Table 4.3: Metrics after training single instances of a CAE and a residual model on the
latent representations of the CheXpert dataset, produced by an AE trained on original
images.

Metric CAE Residual model
Reconstruction loss 71.726469 | 61.425832

Latent reconstruction loss 0.011473 | 0.001475
Consistency loss 0.013188 | 0.016759
Consistency R? 0.841844 | 0.799030
Latent-conditional correlation (R?) | 0.018854 | N/A

Conditional accuracy (R?) 0.580810 | N/A

being optimal for image reconstruction.

The residual model has both a lower reconstruction loss and lower latent reconstruction
loss than the CAE, implying that it performs better on the reconstruction objective.
However, since the reconstruction loss does not differ greatly between the models, this
difference is probably not that visible when viewing reconstructed images.

Comparing the metrics concerning consistency, the models are fairly close with the CAE
performing slightly better (slightly lower consistency loss and slightly higher consistency
R?). The values are however not significantly different and are good for both models,
implying that the models perform well on consistency.

The latent-conditional correlation for the CAE is fairly low but on a comparable level to
the CAE trained with consistency training on original images. Scrutinizing the conditional
accuracy, one can observe that the CAE in latent space has a higher value than the CAE
in image space, implying a lower level of disentanglement between its latent space and
the primary task model than the CAE in image space had with its corresponding primary
model.

In Figure 4.11 shows an example of an image along with reconstructions with the true
predicted label from the primary task model and reconstructions where the conditional
value was set to either 0 or 1, for both the CAE and residual model. From the reconstruc-
tions, one can can clearly see how both models remove the white areas from the lungs that
is present in the original image and reconstruction with the factual conditional variable.
This shows that the primary task model has learned to predict based on if there are white
areas present in the lungs (indicating fluid) or not and that the CAE and residual model
have learned to show this in their reconstructed latents. The models seem to have very
similar differences between their reconstructions for conditional values of 1 and 0. This
observation is strengthened when observing Figure 4.12, which shows a visualization of
the average difference between reconstructions with conditional value 1 and 0 for 1000
images. These are almost visually indistinguishable from each other, with only slight dif-
ferences, showing that the models have learned the same pattern from the primary task
model.

Since the author is not a medical professional, it is difficult to draw conclusions regarding
if this is a reasonable pattern or not, but it seems to align with the description of the
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Figure 4.11: Example of an image and reconstructions from both a CAE and residual
model trained in latent space, along with visualizations of the difference between the
reconstructions for conditional values 1 and 0.

Conditional autoencoder Residual model

-1.0

Figure 4.12: Difference between reconstructions with conditional value 1 and 0, averaged
over 1000 images, for CAE and residual model trained in latent space.

29



4. Application to chest X-ray images

appearance of pleural effusion outlined in 4.1.1. As described in 4.1.2, when an image
is labeled with pleural effusion it is likely also labeled with other diseases. This might
lead to the primary task model learning to pick up on patterns that are not indicative of
pleural effusion but of other illnesses. To be able to separate the features in the images
indicative of pleural effusion from other categories in the dataset, the primary task model
would need to be trained to classify these as well.

Comparing the reconstructions, one can see that there is a difference between the area
outside of the lungs and not just inside of the lungs as one might expect. The recon-
structions have a lighter color outside of the lungs when pleural effusion should be absent
and a darker color when pleural effusion should be present. This implies that the model
does not only study the image inside of the lungs, but seems to account for the contrast
between the areas inside and outside of the lungs as well. This is an interesting insight
gained through observing the counterfactual examples.

To show the difference between reconstructions in a more illustrative way, one can com-
pute the difference between the reconstructed image with the true conditional value and
either of the images with counterfactual values, and then plot the sum of the original
image and this difference. Figure 4.13 shows such a visualization for an example image
reconstructed by the CAE and residual model trained in latent space. One can also create
similar figures with a larger number of counterfactual conditional values in the range [0, 1],
showing a sort of gradient for the effect of the conditional variable. Figure 4.14 shows
such plots for the CAE and residual model trained in latent space for conditional values
of {0.00,0.25,0.50,0.75,1.00}. (The cover image also shows such plots for the residual
model trained in latent space with conditional values of {0.00,0.20,1.00}.)

An interesting observation from Figure 4.14 is that there seems to be a larger visual
difference between the reconstructions for values 0.00 and 0.25 than between the recon-
structions for subsequent consecutive values. This might point to the primary task model
generally classifying images that do not show pleural effusion with higher certainty than
images classified as showing pleural effusion. Since images labeled with pleural effusion
are also to a high degree labeled with other diseases or support devices, a majority of
these images probably show signs of several illnesses, which might lead to them being
clearly distinguishable from images containing no signs. A more thorough analysis of
the distribution of predictions from the primary task model would however be needed to
motivate such conclusions.
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Figure 4.13: Example of an image, as well as differences between the reconstruction
from the true conditional value and conditional values of 0 or 1 added to the original
image, for a CAE and residual model trained in latent space.

Difference overlay for different conditional values
y=0.00 y=0.25 y=0.50 y=0.75 y=1.00

Conditional autoencoder

Residual model

Figure 4.14: Differences between the reconstruction from the true conditional value and
a range of conditional values between 0 and 1 added to an original image, produced from
a CAE and residual model trained in latent space.
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Further exploration

A problem with the approaches discussed in the previous chapter, regarding training mod-
els in the latent space of an AE, is that they are impractical compared to the approaches
trained directly in the space of the data. One first has to train an AE on the data, train
an alternative primary task model on the latent representations of data from the AE and
then also train a CAE or residual model on the latent representations. It is therefore
interesting to see whether this approach can be improved with respect to practicality and
for this purpose two frameworks are suggested.

In both of these approaches, training is performed by reconstructing the latent represen-
tations as images before calculating the loss function. Figure 5.1 shows the setup for both
of these cases. Compared to the previous models trained in latent space, the primary task
model trained in latent space is now removed and the conditional model is conditioned
directly on the original primary task model. This eliminates the need to train a primary
task model on latent representations and one could also argue that this gives a more di-
rect interpretability of the original primary task model, which is the one that the method
actually aims to study.

5.1 Training autoencoder and residual model simul-
taneously

One might suggest that, instead of having to train multiple models in sequence, it would
be more practical to train them in parallel. A possible framework is therefore to train an
AE on the data and a conditional residual model on its data simultaneously. So instead
of training the AE beforehand, freezing its weights and training the residual model on its
latent representations, the AE is updated alongside the residual model.

5.2 Training with respect to image space

Another suggested framework entails still training an AE beforehand, but then training
the residual model with a loss function with respect to the reconstructions in image space,
instead of with respect to the latent space. This framework also avoids training a primary
task model in latent space and only uses the original primary task model.
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Figure 5.1: Illustration of training residual model in latent space of AE trained on
original data, with respect to the reconstructed data. x denotes original data, z denotes
latent representation of z from encoder of AE, 2’ denotes the reconstruction corresponding
to x from the decoder of the AE, Az denotes residual computed by the residual model
and z’ denotes the output of the residual model. 3’ denotes the output from the frozen
primary task model for input z and ¢ denotes a sampled value 7. y” denotes the output
of the frozen primary task model for input 2’. The dashed arrows show reconstruction
training and the dashed and dotted arrows show consistency training.

5.3 Results

Table 5.1 shows test metrics for an AE and residual model, trained in its latent space,
trained simultaneously, as well as for a residual model trained in the latent space of an
AE with loss function calculated with respect to image space. The reconstruction loss for
simultaneous training is worse than, but still in the same magnitude as, the CAE trained
earlier. The consistency metrics also seem too follow this pattern, being slightly worse
than the CAE but still close in value. The model seems to have a higher latent-conditional
correlation than the CAE however, which is contrary to the pattern earlier where consis-
tency seemed to correlate with latent-conditional correlation. This phenomenon is likely
caused by the dynamics of altering both the AE and residual model during training, but
describing these dynamics accurately would necessitate a more thorough investigation of
this architecture. Worth noting is that the latent reconstruction loss is several orders
of magnitude larger than when training on an objective in latent space, which is to be
expected since the residual model is no longer trained to reconstruct latent representa-
tions accurately, but instead to construct latent representations that lead to an accurate
image reconstruction. And since the AE also changes each iteration, it is possible that
the decoder of the AE is not necessarily close to the inverse of the encoder and instead
implementing a function that needs some alteration of a latent representation through
the residual model to reconstruct the corresponding image accurately.

Observing the metrics for the residual model trained w.r.t. image space, one can see
that the reconstruction loss is approximately an order of magnitude higher than for the
simultaneous training. It is closer in value to the reconstruction loss for the models
trained w.r.t. latent space shown in Table 4.3. It is interesting to observe that training
a model just in latent space seems to be negative for the reconstruction quality, but that
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Table 5.1: Metrics after training an AE and residual model in its latent space simultane-
ously, as well as training a residual model on the latent representations from a pre-trained
AE, but with a loss function relative to the original images.

Metric Train together | Residual w.r.t. image space
Reconstruction loss 4.579532 44.301884

Latent reconstruction loss 140747 %10 325.251

Consistency loss 0.429636 49.659882

Consistency R? 0.989798 -0.179255

Latent-conditional correlation (R?) | 0.024349 0.005588

Conditional accuracy (R?) 0.517102 N/A

changing the objective from latent space to image space improves performance. The latent
reconstruction loss is better than for the simultaneous training, but still significantly
worse than training w.r.t latent space. The model seems to perform catastrophically
regarding consistency, since consistency loss is very high compared to other models and
the consistency R? is negative, implying that the model is worse at consistency than a
model that would just output the mean of all images.

Figure 5.2 shows an example of an image along with reconstructions with the true pre-
dicted label from the primary task model and reconstructions where the conditional value
was set to either 0 or 1, as well as the difference between the reconstructions for conditional
value 0 and 1, for both models. Simultaneous training seems to lead to reconstructions
which are not dependent on the conditional variable, as was seen for the CAE trained
without consistency training. This is strengthened by Figure 5.3, which shows the dif-
ferences between the reconstructions for conditional values 1 and 0 averaged over 1000
images. This seems rather counterintuitive when observing that the consistency R? is
rather high, since the aim of consistency training is for the trained model to adjust based
on the conditional value. The reconstructions look fairly dissimilar from the original im-
age, since the shape of the skeleton in the reconstructions does not mirror the shape in
the original image that well and the colors are visibly different. Training both an AE and
residual model in its latent space simultaneously therefore does not seem to be a viable
way of interpreting the predictions of the primary task model.

For the residual model w.r.t. image space, in contrast to simultaneous training, the
reconstructions seem to depend on the conditional variable. The difference between the
reconstructions for conditional value 0 and 1 also seem reasonable, 'filling in" the lungs
when pleural effusion is present and "emptying' the lungs when it is not. The pattern
is however different from the pattern learned by the models trained in 4.4, filling in the
whole lung when pleural effusion should be present instead of only the lower part. The
reconstructions look fairly blurry and they are not that close to the original image visually,
which explains the high reconstruction loss. This residual model was trained for a number
of epochs that is significantly lower than the residual model in latent space was trained
for (see appendix A for details), which might mean that it has been trained too little
to perform close to optimally. It would therefore be interesting to explore if training
the model further would lead to better reconstruction quality and consistency, since the
current results show promise for achieving interpretability.
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Figure 5.2: Example of an image and reconstructions from both an AE and residual
model trained simultaneously, and a residual model trained w.r.t image space, along with
visualizations of the difference between the reconstructions for conditional values 1 and
0.

Simultaneous training Residual trained w.r.t. image space

-1.0
Figure 5.3: Difference between reconstructions with conditional value 1 and 0, averaged

over 1000 images, for an AE and residual model trained simultaneously, as well for a
resdiual model trained w.r.t image space.
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Discussion and conclusion

6.1 General discussion

Overall, the approach outlined in this thesis using conditional counterfactual generation
to interpret an ML model trained on a primary task seems promising. The results for the
constructed problem show that the method can yield interpretability of the primary task
model, showing that the primary task model has learned the true underlying structure
of the data to a great extent. The method therefore show that the method can be
promising for interpreting ML models applied to problems with simple one-dimensional
dataseries. The results for the constructed problem also show that training for consistency
using counterfactual examples is necessary for the model to fit the underlying distribution
accurately.

However, when applying the method to a more realistic problem with data of higher
complexity, we see that the naive approach is not sufficient. The CAE that is directly
generalized from the constructed problem seems to learn to use adversarial patterns to
trick the primary task model, instead of learning to represent what the primary task
model actually observes when classifying images. It is worth noting that this result still
yields some interpretability of the model, since we see that the model is susceptible to
adversarial patterns in its classification. However, this is not the explanation that is
expected for this problem and it is not a useful explanation if one wants to learn what
patterns in the image signify pleural effusion

By adjusting the loss function used during training, it is possible to produce clearer images
and a less prominent adversarial pattern, but the CAE still seems to use adversarial
patterns and does not succeed in providing interpretability of the primary task model.

By introducing models in the latent space of an AE trained on the image data, it seems
possible to show interpretable results for what the primary task model has learned that
align with what a layman expects to see. However, this is of course based on the author’s
interpretation and limited medical knowledge. To guarantee that the patterns observed
align with actual visual signs of pleural effusion, one might suggest consulting a radiologist
in a future study.

The approach of training in latent space introduces a new primary task model trained
in the latent space and one can thus question whether the counterfactual explanations
actually mirror what the original primary task model has learned. Since the latent rep-
resentations of images constitute a compression of the original images, patterns in the

37



6. Discussion and conclusion

image data regarding pleural effusion should be present in the latent representations as
well. But since the space of latent representations is dependent on the encoder of the
AE, the relative positions of two images in image space might be different from their rel-
ative positions in latent space. This could lead to a primary task model learning different
patterns depending on if it is trained w.r.t. image space or latent space. Comparing the
average differences between reconstructions with conditional value 1 and 0 from Figure
4.12 and Figure 5.3, it seems like the patterns learned by the primary task model trained
in latent space and the original primary task model trained om images are fairly different,
with some similarities. Interpreting one primary task model therefore does not seem to
be equivalent to interpreting the other.

It can also be seen as rather impractical to have to train this latent primary task model,
as well as an AE on data and then train a model in its latent space afterwards. Training
both the AE and a residual model in its latent space simultaneously did not seem to yield
interpretable results, but training a residual model in latent space but with a loss function
based on reconstructions in image space looks promising. This approach avoids the need
for training a second primary task model and works only with the primary task model
that is the actual object of study. However, further research would be needed to actually
see if the approach can produce as interpretable reconstruction differences as the residual
model trained w.r.t. latent space.

6.1.1 Disentanglement

The relationship between the level of disentanglement and the reconstruction quality or
consistency seems complicated. For the constructed problem, both the reconstruction
quality and consistency improves when consistency training is used, along with the level
of disentanglement improving. So for the constructed problem, the metrics seem to cor-
relate. When using the initial approach for the CheXpert dataset however, lower recon-
struction loss still seems to correlate to higher disentanglement, but consistency seems to
have the opposite relationship to disentanglement. When introducing adjustments to the
method, comparing pairs of models sometimes seems to show the reconstruction quality
correlating to disentanglement as well. Since the relationship changes based on problem,
there might not be a direct relationship between disentanglement and the performance
metrics. However, since most trained on the CheXpert dataset have not been trained
until validation loss starts to plateau or increase (see Appendix A for details), it is likely
that these models could be improved with further training and it is therefore difficult
to draw any clear conclusions from the apparent lack of clear relationships. Optimally
trained models might follow a similar pattern to the constructed problem, where higher
levels of disentanglement leads to increased reconstruction quality and consistency.

6.2 Limitations

There are several limitations and disadvantages with the method in its current state.
A minor limitation is that the method is only able to study differentiable models in its
current state. This is because gradients need to be able to propagate through the model
when updating the generative model based on consistency. So even though a large family
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of models used in ML today are differentiable, the method cannot be used for all currently
existing model architectures.

Another limitation is that we have only tested this method for a model with a one-
dimensional output, meaning a one-dimensional conditional variable for the generative
model. This can be quite limiting, since many tasks for an ML model might necessitate
multi-label classification or prediction of more than a scalar variable. For the method to
be truly practical, it would need to be able to handle these cases as well. This would
require further testing, which might present complications. Introducing more than one
value as conditional variable might increase the training time of the generative model used
in the method or introduce difficulties for the generative model in distinguishing which of
the conditional values should affect the reconstructions.

One more inherent limitation is that the method requires training of one or more models.
This can mean that the method is more resource intensive and time consuming to use
than other alternative methods. One way of mitigating this slightly is to not train an
AE from scratch when implementing the method, but instead use an AE that has been
trained extensively on the type of data used and then train it on the specific dataset used.
By doing this, the time that it takes for an AE to learn the general structure of the data
type can be avoided and the interpretability might even improve if the AE has learned
from more general data. There is however still the need for training a model in latent
space if one wants to use the variant of the method that seemed to perform the best.

6.3 Future research

The method has ample room for improvement and there are multiple avenues for fur-
ther research. As mentioned above, it would be interesting to see if the method can be
generalized to a primary task model with higher dimensional output. It would also be
interesting to see if the model can generalize to other types of primary tasks. In this
thesis, apart from the constructed problem, only application to an image classification
model is explored. It would be interesting to explore if the method can be applied to
other types of model tasks and data types, to gauge how versatile the method is.

It would also be interesting to apply the method to an already trained, often called pre-
trained, model. In this thesis, both for the constructed problem and the more realistic
image problem, a primary task model is trained specifically for the purpose of being
studied. However, when applying this method in practice the model will probably already
have been trained already and one might not be completely sure what to expect from the
counterfactual explanations generated by the method. To simulate this case, it would be
interesting to apply the method to an already trained model. Either through applying
the method to an ML model that is freely available online or through partnering with an
organization that can provide a model to study.

Something that was considered for this thesis, but which was not done due to a lack
of time, is to compare the method to other interpretability methods. Comparing to
contemporary methods would allow for a deeper evaluation of the interpretability that
the method provides and would be necessary to clearly motivate using this method over
others.
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As mentioned in the general discussion, training the residual model in latent space w.r.t.
image space further than what has been done in this thesis would also be of interest. It
shows promising results concerning interpretability, but the reconstructions would need
to be of higher quality to actually be useful and the consistency metrics would also need
to improve to be able to claim that the reconstructions represent what the primary task
model has learned. By training for longer time, the approach might perform better in
these areas.

It might also be interesting to explore adjustments to the loss function further. The
exploration done in this thesis is quite surface level and there might be other modifications
that can be made to increase reconstruction quality or disincentivize adversarial patterns.

The use of a CAE is central to the method being proposed, but could be a limiting factor
in some respects. When the aim is to teach a model a data distribution and generate
samples from this distribution, using a VAE might be more advantageous. Since VAE
model a data distribution in the latent space, they enable generation of samples from a
continuous distribution and not only samples that are near equivalent to samples present
in the data [13]. It would be interesting to try and adapt the proposed method to the
use of a conditional VAE. As mentioned previously, such approaches have been proposed
before [17], so future explorations need to guarantee some degree of novelty.

6.4 Conclusion

In conclusion, it seems to be possible to use models conditioned on a primary task model to
interpret what that model has learned through generating counterfactual examples. For a
simple constructed problem with one-dimensional data series, the method gives expected
interpretable explanations of what the primary task model has learned. It therefore shows
promise for being used as an interpretability method for ML models with similar tasks.
However, for a primary task defined for X-ray image data, the method needs to be altered
to yield an understandable explanation of what the primary task model has learned. It
can be argued that the most promising alteration, where a conditional model is trained
in the latent space of an AE, does not lead to direct interpretability of the studied model.
The method overall has potential for being improved. The use of an AE that is pre-trained
for the type of data used can for example probably lead to better reconstruction quality
and thus clearer counterfactual explanations. It would also be interesting to explore if the
method can generalize beyond current limitations, such as only being usable for models
with one-dimensional output and whether a pre-trained AE can be used instead of training
one from the ground up. If improved, the method presents a promising way of interpreting
black box models post-hoc, without having any access to the internals of the model itself.
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A

Methodological details

This chapter contains details regarding the model architectures and hyperparameters
used, as well as the duration of training.

All models were implemented in Python using the commonly used machine learning library
PyTorch. The loss function used for reconstruction and consistency loss was mean squared
error.

A.1 Constructed problem

For the constructed problem, a data split of 70/15/15 was used, meaning 70% of the
data was used for training, 15% was used for validation and 15% was used for testing or
evaluating a model.

A.1.1 Primary task model

The primary task model was implemented as a multi-layer perceptron, each layer consist-
ing of a linear feed-forward layer along with a ReLLU activation function, except for the
last layer which had no ReLU activation function. After testing, it was decided that each
model has three layers of dimensions [400, 200], [200, 100] and [100, 1] respectively.

Each model was trained for a maximum of 200 epochs. Early stopping was used with a
patience of 50 epochs, meaning that if the loss function calculated for the validation data
did not improve for 50 epochs, then training was stopped before the maximum number
of epochs was reached.

A.1.2 Autoencoder

The autoencoder was implemented such that each layer of both the encoder and decoder
consisted of a linear feed-forward layer along with a ReL U activation function, except for
the last layer which had no ReLLU activation function. The encoder and decoder were
constructed symmetrically, meaning that the dimensions of the layers in the decoder were
the same as those for the encoder, just in reverse order. After testing, it was decided that
the encoder should have three layers of dimensions [400, 200}, [200, 100] and [100, 5], and
thus for the decoder to have three layers of dimensions [5, 100], [100, 200] and [200, 400].



A. Methodological details

Each AE was trained for a maximum of 1000 epochs, using early stopping with a patience
of 100. The reason for choosing the maximum number of epochs and patience to be
higher than for the primary task model is that the model architecture is more complex
and the problem of reconstruction was thought to be more difficult to solve, meriting
longer training time. Empirical tests also showed that longer training time was needed to
achieve good results.

A.1.3 Conditional autoencoder

The CAE was implemented equivalently to the normal AE, with the addition of the
conditional variable connecting to the decoder. The encoder therefore had three layers
of dimensions [400, 200], [200, 100] and [100, 5], and the decoder had three layers of
dimensions [6, 100], [100, 200] and [200, 400].

Each CAE was trained for a maximum of 1000 epochs, using early stopping with a patience
of 100.

A.2 CheXpert dataset

For the CheXpert dataset, a data split of 80/10/10 was used.

A.2.1 Primary task model

The primary task model was implemented such that the main layers consisted of four
parts:

» a two-dimensional convolutional layer with kernel size 3, stride 1 and padding 1,
e a batch norm layer,

« a ReLU activation function,

e a max pooling layer, with kernel size 2 and stride 2.

The final layer consisted of a linear feed-forward layer with a sigmoid activation function,
to transform the output to the range [0, 1]. After testing, it was decided that the primary
task model should have four main layers, where the number of in- and out-channels (per
channel in the images, which was 3) for the convolutional layers were chosen to be [1, 2],
2, 4], [4, 8] and [8, 16]. This means that the number of channels is doubled each main
layer, while the spatial dimension of the image is halved. The last linear layer therefore
has dimensions [19200, 1].

The model was trained for a maximum of 10 epochs, using early stopping with a patience
of 2 epochs. The training stopped early after 9 epochs, meaning that the final model was
trained for 7 epochs. After training, the model achieved an AUC of 0.839265 on the test
set.
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A.2.2 Autoencoder

The encoder of the AE was implemented according to the structure of the primary task
model, with the exception of the last sigmoid activation function. The decoder was instead
implemented with the following structure for the main layers:

» a two-dimensional transposed convolutional layer with kernel size 2, stride 2 and
padding 0,

» a two-dimensional convolutional layer with kernel size 3, stride 1 and padding 1,
e a batch norm layer,
« a ReLU activation function (except for in the last main layer).

The idea was that this structure should mirror the reverse dimensionality transformations
of the encoder as well as possible (decreasing the number of channels while increasing the
spatial dimension). The first layer, before the main layers, consisted of a linear feed-
forward layer, mirroring the last layer of the encoder. After all other layers, a sigmoid
function is added to guarantee that the output values were in the range [0, 1].

It was decided that the encoder should have four main layers, where the number of in-
and out-channels (per channel in the images, which was 3) for the convolutional layers
were chosen to be [1, 2], [2, 4], [4, 8] and [8, 16]. The latent dimension was chosen to
be 256, and thus the linear layer has dimensions [19200, 256]. The decoder instead has a
linear layer with dimensions [256, 19200] and number of channels (per image channel) for
the convolutional layers of [16, 8], [8, 4], [4, 2] and |2, 1].

The AE was trained for a maximum of 10 epochs, using early stopping with a patience
of 2 epochs. The training stopped early after 8 epochs, meaning that the final AE was
trained for 6 epochs.

A.2.3 Conditional autoencoders

The CAE were implemented equivalently to the normal AE, with the addition of the
conditional variable connecting to the decoder. The only difference in dimensions of the
layers was therefore that the linear layer of the decoder had dimensions [257, 19200].

The CAE were trained for a maximum of 6 epochs in order to save time and computational
resources, since this was the amount of epochs the AE was trained, still with a patience
of 2 epochs. Both models were trained for the full 6 epochs without stopping.

A.2.4 Conditional autoencoders with weighted loss function

The CAE with weighted loss function were implemented with the same architecture as
the CAE described above. The only difference was in the calculation of the loss function,
as described in section 4.3.1, adding a factor of (1 — «) to the reconstruction loss term
and « to the consistency loss term.

Both CAE were trained for a maximum of 6 epochs with a patience of 2 epochs, and both
models were trained for the full 6 epochs without stopping.
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A.2.5 Conditional autoencoder with perceptual loss

The CAE with perceptual loss were implemented with the same architecture as the CAE
described above. The only difference was in the calculation of the loss function during
training, where a component representing perceptual loss was added to the loss function.
This was calculated through LPIPS as described in section 4.3.2, using a pre-trained
model based on the AlexNet architecture, imported from the TorchMetrics library. The
AlexNet was therefore loaded before training and for every batch of data, both the original
data and the reconstructed data was fed through the network and compared to yield a
loss, through the library’s LPIPS implementation.

The CAE was trained for a maximum of 6 epochs with a patience of 2 epochs, and the
model was trained for the full 6 epochs without stopping.

A.2.6 Primary task model in latent space

The primary task model trained in latent space was implemented with the same archi-
tecture as the primary task model for the constructed problem, with linear feed-forward
layers and ReLU activation functions. The dimensions of the model’s layers were [256,
100], [100, 50] and [50, 1] respectively.

The model was trained for a maximum of 100 epochs with a patience of 10 epochs. The
training stopped early after 13 epochs, meaning that the final model was trained for 3
epochs. After training, the model achieved an AUC of 0.776352 on the test set.

A.2.7 Conditional autoencoder in latent space

The CAE trained in latent space was implemented with the same architecture as the CAE
for the constructed problem. The encoder had two layers with dimensions [256, 1024] and
[1024, 256] and the decoder also had two layers with dimensions [257, 1024] (because of
the conditional variable) and [1024, 256].

The CAE was trained for a maximum of 100 epochs with a patience of 10 epochs. The
training stopped early after 53 epochs, meaning that the final model was trained for 43
epochs.

A.2.8 Residual model in latent space

The residual model was implemented with the same architecture as the primary task
model in latent space, with the addition of a skip connection adding the input of the
model to the output of the feed-forward layers. The model had three feed-forward layers
of dimensions [257, 1024] (because of the conditional variable being added to the input
latent representation), [1024, 1024] and [1024, 256].

The residual model was trained for a maximum of 100 epochs with a patience of 10 epochs.
The training stopped early after 37 epochs, meaning that the final model was trained for
27 epochs.
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A.2.9 Autoencoder and residual model trained simultaneously

The joint model of an AE and residual model in its latent space being trained simulta-
neously was implemented with the same architecture as for the normal AE and residual
model previously described. However, for the training of the residual model with a pre-
trained AE the latent representations fed to the residual model were pre-computed to
speed up training, while in this case the AE is being trained as well, meaning that it
has to be evaluated every training batch as well. Each epoch therefore took considerably
longer than when only the residual model was trained.

The joint model was trained for a maximum of 6 epochs with a patience of 2 epochs, and
the model was trained for the full 6 epochs without stopping.

A.2.10 Residual model trained w.r.t. image space

The residual model trained w.r.t. image space was implemented with the same archi-
tecture as the residual model in latent space. The difference in the implementation was
with regards to training, where the latent representations output by the residual model
were fed into the decoder of the AE to be able to compute the reconstruction loss. The
reconstructions in image space for counterfactual conditional values also had to be fed
through the original primary task model in image space to compute the consistency loss,
where only the primary task model in latent space was used previously.

The joint model was trained for a maximum of 6 epochs with a patience of 2 epochs, and
the model was trained for 6 epochs before stopping early, meaning that the final model
was trained for 4 epochs. Initially, the author thought that it would be possible to train
the model for longer, closer to the number of epochs of the residual model trained w.r.t.
latent space. However, for the same reason as described for the AE and residual model
trained simultaneously, the epochs take a considerably longer time.
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Supplementary results

B.1 Identifiability

A problem which has been of interest in the development of VAE is the problem of iden-
tifiability, whether it is possible to infer the exact parameters of a model given (possibly
infinite) observations from the model. More formally, we specify a statistical model by a
parameter space O, a family of distributions P and a function 7(#) : © — P. A statistical
model is said to be identifiable if 7 is injective, meaning it is one-to-one [34]. Since this is
a strong definition which might be difficult to fulfill in practice, one can introduce relaxed
notions of identifiability. A statistical model is said to be identifiable up to an equivalence
relation ~ defined on © if 7(f) = 7(f) = 6 ~ 6.

Here, the notion of linear identifiability [35] will be discussed. In the context of an AE, the
encoder function f of an AE is linearly identifiable if it is identifiable up to the equivalence
relation ~*, defined as

0~ 0 — fo(x) = Af;(x), Va, (B.1)
where A € R?*? ig invertible and d is the dimension of the latent space of the AE.

Lack of identifiability can be problematic, since it can lead to the latent space differing sig-
nificantly between models trained on slightly different datasets, where one dataset could
constitute a slightly perturbed version of the first. Since this issue was not considered cen-
tral to the thesis and since identifiability analysis was only considered feasible (regarding
time and computational resources) for the constructed problem, this was included here in
the appendix.

B.1.1 Identifiability for the constructed problem

Since the theoretical results regarding identifiability of the latent representations of a
model in the literature do not extend to the AE architecture, since they mostly concern
VAE, assessment will need to be based on empirical observations. Based on the empirical
methodology presented in previous work [35], an approach to assess linear identifiability
based on canonical-correlation analysis (CCA) will be used.

The goal of CCA is, given two vectors X = (z1,29,....2,)" and Y = (y1, v, .-, Ym)"
of stochastic variables, to find sequences of vectors a, and by, such that the correlation

VII



B. Supplementary results

Table B.1: Mean canonical correlation computed for the latent representations of all
models of the same type produced in the comparison for the constructed datasets.

Metric AE CAE no counter | CAE counter
Mean canonical correlation | 0.820 £0.075 | 0.824 +0.066 0.937 £0.059

corr(a} X,bLY) is maximized [36]. The idea is that calculating this value between the
latent representations produced by two models yields a metric of how similar the latent
representations are after a linear transformation, and thus gives an empirical metric for
the linear identifiability of the latent representations and by proxy the models themselves.

For each type of model in the previous comparison, latent representations from all 20
instances that were trained are produced for a new constructed dataset, not used in
any of the model’s training. The canonical correlations have then been calculated for
all possible pairs of latent representations (in this case the number of possible pairs are
220) = 2!?—(1]!& = 190) and then averaged over each dimension. Table B.1 shows the mean

and standard deviation of these mean canonical correlations for each model type.

The values for all models are relatively close to 1, meaning there is a high correlation
between the latent representations after applying linear transformations. The linear iden-
tifiability is therefore empirically high for these models, which might be expected with a
constructed problem that has a known and simple underlying distribution. One can see
that the CAE with consistency training has a significantly higher mean value than the AE
and CAE without consistency training, which perform quite similarly. Figure B.1 shows
histograms of the mean canonical correlations for each model. From the figure one can
see that the distributions for the AE and CAE without consistency training are similar
and that the CAE with consistency training has a distribution that peaks just below 1.

These results imply that one can achieve higher linear identifiability of a trained CAE
by using consistency training and that only conditioning the AE does not seem to yield
significantly higher linear identifiability. Since the constructed problem is relatively simple
however, this might not generalize to a problem with a more complex underlying data
distribution. One might expect the linear identifiability to be significantly lower overall
for a more complex problem.

B.2 Disentanglement metrics

As discussed in section 3.1.2, there are multiple proposed metrics for measuring disentan-
glement. In this thesis, it was ultimately decided that the metrics of Latent-conditional
correlation and Conditional accuracy were sufficient for capturing correlation and disen-
tanglement between the conditional variable and latent space of a CAE, since this was not
a main concern of the work. However, at an early stage, the metrics of disentanglement
and completeness as described by Eastwood and Williams [21] were computed for the
CAE trained for the constructed problem.

Described shortly, the metric of disentanglement captures to what degree a latent factor
encodes a small number of or a single ground-truth factor, and the metric of completeness
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Figure B.1: Histograms of the mean canonical correlation values for the latent repre-
sentations of all models of the same type produced in the comparison for the constructed
datasets.

captures whether a ground-truth factor is primarily encoded by a small number of or a
single latent factor. The values range from 0 to 1, where 1 would mean perfect disentan-
glement or completeness. For the CAE trained to interpret a primary task model for the
constructed problem, the latent factors were chosen to be the conditional variable 3’ and
the other latent dimensions zyher Of the CAE. The ground-truth factors were the mean
and variance of the underlying distribution producing a specific sample.

Table B.2 show the metrics of disentanglement and completeness computed for the above
described latent and ground-truth factors, averaged over all 20 constructed datasets. The
values are generally high, implying that the conditional variable and other latent dimen-
sions are highly disentangled. The CAE with consistency training has a slightly lower
disentanglement for 3’ and completeness for variance, which one could argue shows that
consistency training does not necessarily contribute to disentanglement between the con-
ditional and the other latent dimensions. It is also interesting to note that these values are
lower than the corresponding values for z,iper and the mean. This might imply that the
conditional variable still contains some information about the variance, even though the
primary task model is trained to predict the mean, but further analysis would probably
be needed to draw such a conclusion. Overall, the numbers are fairly similar for both
models and there does not seem to be a large difference in the disentanglement of the
latent spaces.

IX



B. Supplementary results

Table B.2: Metrics for disentanglement and completeness computed for the latent and
ground-truth factors of the constructed problem, averaged over all 20 constructed datasets.

Metric CAE no counter | CAE counter

Disentanglement 3’ 0.96284 + 0.02385 | 0.95356 + 0.03841
Disentanglement z,iper | 0.99815 4+ 0.00021 | 0.99815 4+ 0.00009
Completeness mean 0.99816 + 0.00021 | 0.99817 4+ 0.00009
Completeness variance | 0.96254 4+ 0.02446 | 0.95296 4+ 0.03938
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