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Abstract

As more deep learning models are deployed for high-stakes use cases, explaining the predic-
tions of a model is becoming more important. One class of methods for explainability are
counterfactual examples. A counterfactual modifies a model input in such a way that the
model output, for example a classification, changes in a target direction. In this work, we
apply an efficient method for generating such counterfactuals [15] (ECINN) to graph node
classification. We introduce a synthetic graph dataset with ground-truth explanation labels.
Using this dataset, we quantitatively compare the model-specific ECINN method against a
model-agnostic counterfactual generation method by Wachter et al. [36] on explanation size
and correctness. We find that ECINN [15] produces higher-quality counterfactuals and discuss
the trade-offs between it and model-agnostic methods.
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Chapter 1

Introduction

1.1 Overview

In recent years, deep learning has been used to great success at many learning tasks, achieving
state-of-the-art results across various domains. One of these domains is graph data, which
lends itself to modeling structures like citation networks, social networks, chemical molecules,
and point clouds. There, deep learning is advancing the state-of-the-art for many tasks like
node classification [37], link prediction [21], graph classification [39], and graph generation
[38], thereby improving the feasibility of real-world use cases like molecule discovery [16] and
self-driving cars [3]. Graphs can represent data from many domains, and improved learning
algorithms for graphs enable us to make use of and understand this data better.

Even if a model is performing well, interpreting the predictions of deep learning models
is critical to deploy these models responsibly. Recent work in adversarial attacks on image
classification models has shown that slight, humanly imperceptible changes to an input image
can change the classifier’s prediction dramatically [34]. Deep neural networks are not intuitively
interpretable due to the high dimensionality of their parameters, so other methods have been
devised to interpret model outputs.

Counterfactual explanations [36][5] form a family of explanation methods. Given an input
and a target model output, a counterfactual example answers the question: "What changes
in input features lead to a different, target prediction?". The counterfactual is generated by
modifying the orginal input’s features such that the model output changes to a target value. By
comparing the input and the counterfactual, we can identify relevant features that the model
uses to differentiate between the original and the target prediction.

Applied to a classifier, a counterfactual should change an input’s features so that the model
predicts a different class. As Dandl et al. [5] exemplify, consider a person denied a bank loan by

an algorithm that classifies whether applicants should receive a loan. A counterfactual indicates
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which variables need to change for the loan’s approval and hence provides an actionable
explanation, as long as the variables are under the applicant’s control.

To be useful, counterfactuals should reliably change the model output in the target direction
(correctness), only change semantically important features (minimality), and be actionable
[36] [15]. Different methods of generation optimize for different properties. For example,
Wachter et al. [36] optimize a two-objective loss function that minimizes the distance to the
target value (correctness) while maximizing the similarity to the original sample (minimality).
Dandl et al. [5] use two additional terms, optimizing for sparse feature changes (minimality
and actionability) and the likelihood of the generated counterfactual (realism).

The methods by Wachter et al. [36] and Dandl et al. [5] are counterfactual methods that
work with black-box models, as they do not make assumptions about the model and use general
optimization algorithms like gradient descent to iteratively refine a counterfactual.

There are also methods that assume some model structure and hence work only with a
specific class of models. Hvilshgj et al. [15] propose such a method called Efficient Coun-
terfactuals from Invertible Neural Networks (ECINN) that works on a so-called generative
classifier. By making use of the structure of this known, so-called white-box model, it can
generate counterfactuals in only two model evaluations, in contrast to most other methods
which require expensive, iterative optimization.

In this thesis, we apply counterfactuals to graph data by generating counterfactuals at the
node level. Given a model trained for node classification, our node counterfactuals change the
node features such that the model’s prediction changes to a target class. While the graph’s edge
information is used in the model, the counterfactual modifies only the node features, not the
connectivity. These node feature counterfactuals can be useful in many scenarios. For example,
consider a researcher who wants to get their paper accepted by a journal. Given a graph of
papers with a binary acceptance label and word features for every paper, a counterfactual
could identify words (or topics) the researcher should use less or more often to have the paper
accepted.

We compare the performance of the model-agnostic counterfactual method of Wachter
et al. [36] and the model-specific ECINN Hvilshgj et al. [15] method by generating such node
counterfactuals. We expect to find ECINN to be not just more computationally efficient, but
also to produce higher-quality counterfactuals because the underlying generative classifier

explicitly learns to model the distribution of data.
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Fig. 1.1 Overview of our approach to generating graph node counterfactuals

To generate a counterfactual for node with features x = X; all node features X are embedded into the
latent space Z with a normalizing flow. Then only the node’s latent features are modified using ECINN,
and then the modified batch of latent features is cast back to the target space using the inverse of the
flow. Both directions of the flow are conditional on the graph’s edges E. Best viewed in color.
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1.2 Contributions

We first demonstrate that generative classifiers are a viable alternative to the regular, discrimina-
tive classifier on graph node classification tasks (5.1). For this, we compare their classification
peformance on the widely-used standard benchmark datasets Cora [27], PubMed [25], and
CiteSeer [10].

Next, we show how to create node counterfactuals that can be used to explain predictions
made by graph node classification models. Our approach is detailed in section 4.4.

Finally, we compare the performance of the counterfactual generation methods by Wachter
et al. [36] (model-agnostic) and Hvilshgj et al. [15] (model-specific). To quantify the quality
of counterfactuals, we introduce a synthetic graph dataset (4.2) with ground-truth explanation
labels. Using this dataset, we evaluate both methods on explanation magnitude and correctness
(5.2.1).

1.3 Outline

In Chapter 2, we cover related work. Chapter 3 provides the theoretical background for the
methods we use. Chapter 4 introduces reference datasets, our proposed dataset, and model
architectures for the experiments detailed in chapter 5. Chapter 6 discusses the results of the
experiments. Finally, chapter 7 summarizes our findings and gives directions for future work.



Chapter 2

Related Work

In this chapter, we give an overview of research relevant to this thesis. We first reference work
on deep learning and, in some detail, deep generative models. We then examine prior art on
normalizing flows, a particular family of deep generative models. Finally, we summarize work

done on counterfactuals. We give more theoretical background in chapter 3.

2.1 Deep learning

Deep learning models, also called deep neural networks, are a class of learning algorithms that
have again become popular in the last decade. Neural networks learn to approximate complex
mappings and are hence useful in many domains, even those with very high-dimensional data
like images. Particularly, deep learning models have achieved state-of-the-art results on learning
tasks in domains such as computer vision [23] and natural language processing [4]. Theoretical
background on the construction and training of deep neural networks can be found in section
3.1.

2.1.1 Graph neural networks

Following the success of deep learning in computer vision, there has also been more research
done on applying neural networks to graphs. Yang et al. [37] approach node classification
and link prediction by embedding node features with deep models and thereby improve
on the previous state-of-the-art. Shortly after, Kipf and Welling [22] introduced the graph
convolutional layer that generalizes the widely used convolution to the irregular neighborhoods
of graphs. We use graph convolutions in our work and give further background on learning on

graphs and graph neural networks in section 3.3.
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2.1.2 Generative models

Aside from common supervised learning tasks like classification and regression, neural networks
are also being applied in a generative setting. Generative models learn some aspects of the
dataset they are trained on, allowing one to score the likelihood of a sample or to generate new
samples. Variational autoencoders [20] embed samples in a lower-dimensional latent space
of distribution parameters that can be used to generate many distinct samples or processed
further by unsupervised clustering algorithms. Introducing Generative Adversarial Networks
(GAN), Goodfellow et al. [12] train a generative model adversarially by having it fool a
discriminator that is trained in tandem to differentiate between real and generated samples.
GANSs can generate high-quality samples without explicitly modeling a distribution. Diffusion
models [31][32][14] learn to add (and subtract) Gaussian noise through a Markov chain of
diffusion steps. Like GANSs, they generate high-quality samples but, while GANs model
a distribution implicitly, a diffusion model’s distribution can also be evaluated analytically.
However, due to the iterative nature of sampling, generation is slow[32] compared to other
generative architectures.

In this work, we apply and investigate another family of generative models, so-called

normalizing flows.

2.2 Normalizing flows

Normalizing flows [6] [7] are a family of deep generative models that explicitly model the data
distribution. A flow is an invertible mapping trained to transform a simple base distribution
like a Gaussian to a more complex target distribution. Given the right choice of mapping, this
enables efficient training, sampling, and density estimation. Like other deep learning models,
normalizing flows are made up of a sequence of parameterized, invertible layers. We use affine
coupling layers [7] (described in detail in 3.2.2) as they are efficient and can be parameterized

by arbitrary neural networks. We give a more detailed background in chapter 3.2.

2.2.1 Normalizing flows on graphs

Normalizing flows have already been applied to graph data, for example, to generate molecule
graphs [38] or synthesize human motion [13]. To create molecule graphs, Zang and Wang
[38] model the node features and adjacency matrix with a flow. These molecule graphs are
usually small, but in general, representing a graph’s edges densely with an adjacency matrix is
costly since its size scales quadratically with the number of nodes. Liu et al. [24] also create

molecular graphs using flows, but learn a low-dimensional representation of the adjacency
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matrix using an autoencoder to tackle this problem. In this work, we also apply normalizing
flows to graph data, but model only the node features with the flow. The static edge information
is incorporated through graph convolutional layers used inside the flow. Instead of graph
generation, we focus on making node classification models explainable. The practicalities of

our approach are described in section 4.1.

2.2.2 Generative classifiers

Ardizzone et al. [2], Dinh et al. [7] and Kingma and Dhariwal [19] use normalizing flows
for classification tasks by employing a mixture of Gaussians as the flow’s base distribution.
Besides classification, this generative classifier also allows class-conditional sampling and
density estimation. To optimize both generative and classification abilities during training, they
use an objective called Information Bottleneck Loss [35] that balances both terms. In this work,
we train generative classifiers for graph node classification. We cover the theory of constructing
and training generative classifiers in section 3.2.3.

2.3 Counterfactuals

Between deep learning models being widely deployed and their black-box nature, it is becoming
more important to explain the predictions they produce.

Large parts of the explainability literature have focused on attribution-based models [30, 29]
that score the importance of each input feature for making the prediction, often using gradient
information. These are widely applicable but fragile [9] and can be hard to interpret.

A different family of interpretability methods are example-based: Prototypes and criticisms
[17] are especially representative or outlier data points in a (sub)set of data. These can be used
to better understand the dataset and ensure that a model behaves predictably even on edge
cases.

Another class of example-based methods are counterfactuals [36]: these are modified
samples that explain which features need to be changed to obtain a target change in the model’s
output, as explained in chapter 1.

Wachter et al. [36] generate counterfactuals from an input through optimization. They
construct a loss function that rewards change toward the target output but also similarity to
the original input. Dandl et al. [5] take a similar approach but add two additional terms to the
loss function to also optimize for sparsity and likelihood. Their methods are both iterative

and optimization-based, requiring many queries to the model to obtain a single counterfactual
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example. Further, they do not make assumptions about the structure of the model and thus can
be used with any black-box model.

Recently, Hvilshgj et al. [15] proposed Efficient Counterfactuals based on Invertible
Neural Networks (ECINN), a method that generates counterfactuals without requiring iterative
optimization. Unlike the previous methods, it works on a specific model architecture, the
generative classifer. ECINN leverages the latent space to compute counterfactuals efficiently.

In our work, we compare the model-agnostic method by Wachter et al. [36] to the model-
specific ECINN [15] method. We describe both methods in detail in section 3.4.

2.3.1 Counterfactuals on graphs

There has also been some prior work on generating counterfactuals in the context of graph
data. Abrate and Bonchi [1] create whole-graph counterfactuals that change the output of a
classifier trained to distinguish brain structures represented as graphs. Zhao et al. [40] approach
link prediction by forging counterfactual edges. In contrast to these approaches, we focus on

creating counterfactual node features for node classification (see 4.4 for details).



Chapter 3
Theoretical background

In this chapter, we provide background to the methods we apply in our experiments, covering

deep learning, normalizing flows, graph neural networks, and counterfactuals.

3.1 Deep learning

Deep learning models form a family of algorithms for learning from data. We start off by
defining the supervised learning setting in which these models are often used. Then, we explain
how deep models are built by sequencing smaller components and how to train them. We also
touch on the importance of generalization and finally cover classification, a common task for
learning algorithms that is central to our work.

Supervised learning

The supervised learning setting poses the following problem: given a dataset of input and target
pairs (x,y) € X x Y, find a mapping f(x) =y :X — Y that maps each input to a target. For
example, the inputs could be images containing either a dog or a cat and the target a binary
variable that indicates whether a dog or a cat is present in the image. The goal is to use a set of
available, labeled data to learn a mapping that generalizes to new, unseen data.

We call such a learnable mapping a model parameterized by parameters ®. Training the
model amounts to finding the realization of parameters ®’ that optimizes an objective function.
This objective comes in the form of a loss function £(f(X),Y). The lower the loss, the better
the model’s prediction fg(x), so to train the model we minimize the loss function.
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Deep models

Deep learning models, also called neural networks, are generally made up of a sequence of
smaller models, or layers, that successively transform the input. The choice of layer determines
how well a model can approximate the mapping X — Y. More layers generally result in a

model with more representational power. One simple layer is an affine transformation:

Ax) =Wxx+Db 3.1)
©4 = (W,b) (3.2)

It consists of a matrix multiplication and a vector addition with its parameters W and
b. By varying the sizes of these, the layer becomes a mapping R"” — R™ for any n,m. We
can create a model with better representational power by sequencing many of these layers
after each other. Sequencing affine layers naively, however, does not result in improved
representational power because every composition of affine transformations is itself a single
affine transformation. Instead, it is common practice to add an activation function at the end of
each layer. This activation is a non-linear function applied element-wise to every layer’s output.
An activation that is simple and computationally efficient is the Rectified Linear Unit, defined
as ReLU (x) = max(0,x). Interleaving linear layers with these non-linear activation functions

results in expressive models.

Training deep models

The standard way of training deep models is through gradient descent. For this, both model
and loss function are chosen such that the partial derivative in respect to the weights

I(fo(X),Y)

56 (3.3)

is tractable.
This derivative, also called a gradient, indicates the direction and magnitude in which the
model’s parameters needs to be adjusted to decrease L(f(X),Y)). We can then update each

parameter value, given an update rule (also called an optimizer). A simple update rule is

®@=0-1G (3.4)
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where 11 € RT is the so-called learning rate and controls the magnitude of the update. 1 is
usually smaller than 1 but must be finetuned for every task. To perform gradient descent, we
repeatedly compute the loss and derivatives and update ®. Commonly, we partition the dataset
into equally-sized batches and perform the gradient descent step on each batch, which we call
stochastic gradient descent. This is done for multiple epochs, with every sample being seen
once per epoch.

In our experiments, we use the ADAM [18] optimizer, a variant of gradient descent. It adds
an exponential moving-average term to the update rule and generally requires less finetuning of

the learning rate 7.

Generalization

A model that memorizes every sample it sees during training would achieve a perfect loss.
However, this is not desirable as the model would not generalize to unseen data. We can
measure generalization as the difference between the model’s performance on training data and
unseen data. Specifically, we partition the dataset into a training set and a validation set. Only
the training set is used during training, so we can measure whether the model generalizes to
data in the validation set.

Generalization is a complex topic with many techniques aiming to improve it, like (1) using
a model with domain-specific architectural priors, e.g convolutions for image processing, (2)
stopping training once the loss on the validation dataset starts increasing, and (3) employing

regularization techniques like batching, weight decay, or Dropout [33].

Classification

A common supervised learning task is classification. Here, one wants to map an input to one
of a number of possible classes. For example, classifying whether an image contains a cat or
a dog can be represented as a 2-class classification task R?*" — C with C = {cat,dog} and
c=|C|=2.

The target space C is discrete, but neural networks are easiest to optimize for continuous
mappings. To circumvent this, we construct a model to output a continuous c-dimensional
space of class probabilities instead of a discrete class label. As a result, we have a continuous
objective during training, but the predicted class can still be recovered by selecting the index
of the output with the highest predicted probability. The targets for training are constructed
from the class label y by one-hot encoding, resulting in a vector with ¢ elements where the y-th

element is 1, and all others are 0.
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To optimize this classifier, we also need an appropriate differentiable loss function £(y’,y) :

R¢ x R — R. Commonly used for classification with multiple classes is categorical crossen-

tropy:

() == Y log 220, (3.5)
=1 Ximiexp(y)

Since the magnitude of loss functions tends to be hard to interpret on its own, it is common
to use additional metrics to assess model performance. Metrics need not be differentiable
because they are not used for optimization.

The standard metric for classification tasks is accuracy, defined as the fraction of correctly
classified samples. However, accuracy will be biased in the presence of class frequency
imbalances. An alternative metric that handles class imbalances better is the Macro F1-score,

defined as the mean of the accuracies of each class’ samples. Formally,

S | =

accuracy(Y',Y) = Largmax(¥/)—argmax(¥/) (3.6)

1

1

1
MacroF1(Y',Y) = =) _accuracy (Y, ) (3.7)
c

for n model outputs Y’ and targets Y and Y, the subset of targets with class labels c.

3.2 Normalizing Flows

Normalizing flows [7] are one family of generative deep learning models which learn to model
a probability distribution. A flow is an invertible mapping from a simple distribution to a more
complex target distribution.

We formally define a flow f: Y — Z as follows. Let Z € R” be a base distribution with
a known probability density function pz : R* — R and ¥ = f~!(Z) a target distribution.
Notably, due to the required invertibility, the base and target distribution must be of the same
dimensionality. Using the change of variables formula, the density of ¥ can be evaluated as:

py(y) = pz(f(y))|detDf(y)| (3.8)
= pz(f(y))|detDf ()|~ (3.9)
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where f and f~! are a bijective function and its inverse, Df(y) = g—f; is the Jacobian of f

and Df~1(z) = 85—;1 is the Jacobian of f~!.

We can sample from a flow’s distribution by drawing a sample z from the known base
distribution and passing it through f~!: Z — Y. Hence f~! is called the generative direction
of the flow while f is the normalizing direction. A common choice for the base distribution pz
is a standard Gaussian distribution .4,,(0, 1) [7].

3.2.1 Density estimation

The flow f and base distribution pz are parameterized by parameters ® and ®, respectively.
Adjusting these allows training a flow for density estimation. Given a dataset ¥ = {yi}fi | from

a target distribution, we want to maximize the log-likelihood

logp(Z|(©,®)) = logpz(f(Z|0©)|®@) +log|detDf(Z|0)| (3.10)

which is the sum of the log-likelihood of the data under the base distribution and the log
Jacobian determinant of the flow. To maximize this term, we choose as loss function the
negative log-likelihood. During training, we must evaluate both the normalizing direction f and
its log determinant, while evaluating f~! is necessary for sampling. As a result, the tractability

of computing both directions is critical when constructing a flow f.

3.2.2 Layers
Composition

An important observation for building flows is that a sequence of invertible bijections is itself
an invertible bijection with tractable Jacobian determinant. If we construct the generative
direction of the flow f~! = f,0 f,_10...0 f> o fi, then the normalizing direction is f =
fiofro...of,_10f,. The determinant of the Jacobian of f is the product of each function’s
Jacobian determinant. So if we define y; = fi1j0...0 f,(y), then

detDf(y) = H detDf;(yi)
i=1

Using this property, we can construct deeper normalizing flows with more representational

power than a single layer.
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Affine coupling layers

One choice of building block for normalizing flows is the affine coupling layer [7]. An affine
coupling layer is a function f : RP — RP that achieves invertibility by splitting an input x into
two parts x1.4 and x;z,1.p with d < D. f(x) =y then transforms both parts as follows:

Yi:d = X1.d 3.11)
Yd+1:D = Xg+1:0 © exp(s(x1.q)) +1(x1:4) (3.12)

Here, 7 : RY — R? and s : R — R are two functions with parameters 6 and 6, and © is
element-wise multiplication. Since part of the input space is left unchanged, we can calculate
the inverse of f(x) =y as

X1:d = YV1d (3.13)
Xg+1:0 = Vat1:a —t(V1:a)) ©exp(—=s(y1.a)) (3.14)

While the Jacobian for bijective functions is, in general, expensive to compute, Dinh et al.
[7] show that the affine coupling layer’s Jacobian is triangular. As a result, the determinant of
the Jacobian can be efficiently computed as exp[ Y ;s(x1.¢) ;] . Importantly, no computation of
s or t’s Jacobians is needed, enabling the use of arbitrary differentiable functions s,z : R" — R".
In practice, we model these subnets s and ¢ using deep neural networks allowing us to represent
complex functions and optimize the subnets using gradient descent.

It is also common to use the same network structure for both s and 7. Additionally, since a
single affine coupling layer only transforms part of the input space, two coupling layers are
often sequenced such that each transforms one-half of the feature space.

We adopt affine coupling layers for constructing normalizing flows in our work because
they have (1) efficient forward and inverse evaluation, (2) tractable Jacobian determinants, and

(3) expressive parameterization.

3.2.3 Generative classifiers

We can also use normalizing flows for classification with an architecture called a generative
classifier, as shown by Ardizzone et al. [2] and Mackowiak et al. [26]. To do so, the authors

use a Gaussian Mixture Model (GMM) with class means L. and standard deviations fixed to 1
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as base distribution of a normalizing flow. This allows us to model conditional likelihoods: the

class-conditional base distribution is defined through

(Z|Y) =N (Z; le, 1) (3.15)

p(Z2) =Y p(y)p(Zly) Zp N(Z; iy, 1) (3.16)
y

As such, we can calculate the class-conditional likelihood by putting the class’ mixture
component into Eq. 3.9. To classify a sample, we find the mixture component which scores
its likelihood highest. Since the mixture components are Gaussians with constant standard
deviations, this is equivalent to selecting the nearest neighbor of the sample in latent space.

Neither the log-likelihood loss 3.2.1 nor the categorical cross-entropy loss are suitable loss
functions to train a generative classifier since they penalize only generation or classification
error. A proposed loss function to train generative classifiers is the Information Bottleneck
[35][2][26], which consists of two terms that encourage a model to improve both its generative

and classification abilities.

Zp(x,y) = L (x)+ B (y) (3.17)
Zx(x) = —log|detDy(x)| +logsumexpy( —2wy) (3.18)

2
Zy(x,y) = onehot(y) -logsoftmaxy(%y —wy) (3.19)

where wy, =log(1/c) (uniform class priors), vy, = f(x) — Uy, and logsumexp and logsoftmax
sum over the class dimension. Ly penalizes a low likelihood of the samples regardless of
class label, while Ly acts similarly to categorical cross-entropy to ensure samples are classified

correctly. The factor B trades off the weight given to either loss component.

3.3 Learning on graphs

Graphs lend themselves to modeling data in various domains, from social networks and
chemical molecules to geospatial data. A graph G = (V,E) consists of nodes V and edges
E CV xV,n=|V| connecting these nodes. For example, we can represent a social network
with persons as nodes and friendship status as edges.

Various supervised learning tasks involving graphs exist. In graph classification, we have a

dataset of graphs ¥4 = {G1,G»,...,G;} and want to learn the mapping ¢ — C from graph to
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class. For node classification, we want predict a class for each node instead, while in Link
prediction we try to predict a node’s edges.

In each of these tasks, the nodes can carry additional features which we represent as a
|V| x f-matrix X with f features per node.

3.3.1 Graph neural networks

To use neural networks effectively on graphs, we need a model that incorporates both node and
edge information which we write as X’ = model(X |E).

Kipf and Welling [22] propose a graph convolution layer that can be used to build such
graph neural networks, defined as

GraphConv(X|E) = D 2 XD 2X® (3.20)

where A = A +1 is the adjacency matrix with self-loops, D;; = ¥, jzofii ; 18 the diagonal
degree matrix, and © is a learnable weight parameter. Like in other deep learning models, we
stack this layer to build a model that successively transforms the node features. The resulting
features can then be classified individually for node classification, or aggregated for graph

classification.

3.4 Counterfactuals

Counterfactuals [36] are a method to explain the predictions of a model. A counterfactual
answers the question of how to change a given input in order to change the model output in a
desired direction. Formally, given an input x and corresponding model output y, we want to
construct an input X for which the model outputs a desired target y. In the case of a classifier, the
original output is a class p, and the desired target a different class g. Comparing the features that
differ between input x and counterfactual X identifies relevant features. While attribution-based
methods find features that are relevant for arriving at a prediction, counterfactuals additionally
indicate features that differentiate between different classes of outputs.

To be able to compare model-specific and model-agnostic counterfactual generation meth-
ods, we employ two methods in our experiments. ECINN [15] allows for particularly efficient
counterfactual generation by making use of normalizing flows, while Wachter et al. [36] is
representative of the model-agnostic methods that do not make assumptions about the model

they are used on.
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3.4.1 Wachter et al.

Wachter et al. [36] introduce an iterative optimization-based counterfactual generation method.
They propose a 2-term loss function consisting of (1) a term of similarity to the original sample
and (2) a task-specific loss that rewards changing the model output in the right direction. Given
a sample x, a counterfactual £, and a target model output y, the loss function is defined as

L(x7xA7y) = 2’Ltask(x’\ )’) +Lsim(xA7x) (3.21)
|xl _xl

Lgim( Z MAD; (3.22)

MAD; = median(|X; — median(X;)|) (3.23)

with p the number of features and MAD; the median absolute deviation of a feature
calculated once over all samples. The MAD is used as a robust estimator of feature variability
that normalizes the features’ scale.

The task-specific term L,z depends on the application. Since we are interested in generating
counterfactuals for a classification task, we use categorical cross-entropy.

To generate a counterfactual, an initial value £ is chosen. The loss function is then
optimized using gradient descent with respect to the counterfactual, repeatedly updating its
values. This process starts with a low value A;,;;. We use an exponential schedule for A,
multiplying it by a factor f after each step. The process ends once a desired change in the
model output is reached. For our classification counterfactuals, we stop once the model output

reaches the target class q.

34.2 ECINN

In [15], the authors propose Efficient Counterfactuals based on Invertible Neural Network
(ECINN), a method for generating counterfactuals that requires neither repeated model evalua-
tions nor optimization. Instead, it uses a generative classifier and its invertibility to calculate a
suitable counterfactual.

The counterfactual is generated through the following steps. First, the input x is normalized
using the model’s flow f, resulting in the latent vector z = f(x). Then, z is translated by a
vector A and transformed back to the target space using f~!. For an original class p and a

target class g, we write
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Fig. 3.1 Latent space adjustments made by ECINN

29 = 1 f(x) + ar,y) (3.24)

where the resulting £ is a counterfactual classified as class g, but otherwise similar to the
original sample x.

The translation vector consists of A, 4, the direction of translation and « € R, the translation
factor. Let [, = %Z?:1 f (xgc)) be the mean latent vector for all samples of class c¢. Then the
direction moving a sample from class p to ¢ is the difference A, , = t, — U,,.

Hyvilshgj et al. [15] calculate two values for o. The first is o, which gives tipping-point
counterfactuals that lie exactly on the classifier’s decision boundary. Hence a tipping-point
counterfactual constitutes a minimal set of feature changes needed to alter the prediction to the

desired target class g. o is derived by solving for it in

|2+ 0t0Ap.q — Up|| = [|z+ 00Ap 4 — 1yl (3.25)

where L. denotes the mean of a Gaussian mixture component, not the mean latent vector fi.
The authors also define &t; = wo + b to be the factor to generate convincing counterfactuals

that are strongly classified as the target class g.



Chapter 4

Methods

In this chapter, we describe the methods we employ for our experiments. This includes model
architectures and reference datasets. We also describe the construction of our synthetic node
classification dataset. Then we explain in detail how we create node counterfactuals and finally

cover what software and hardware we use.

4.1 Models

First, we describe the models we use in our experiments. Since we want to compare ECINN
[15] counterfactuals to the model-agnostic Wachter et al. [36] method, we use two different
models. The first is a standard discriminative classifier that we use as a baseline to evaluate
Wachter et al. [36]’s method. The other is a generative classifier which is required to use ECINN.
To disentangle the effects of counterfactual method and model architecture, we will evaluate the
model-agnostic method by Wachter et al. [36] on both models. Within the constraints imposed
by the generative classifier’s normalizing flow, we try to structure both models similarly.

4.1.1 Discriminative classifier baseline

The baseline model is a regular discriminative classifier as described in section 3.1. It uses
graph convolutions with ReLU activations as well as Dropout layers and outputs ¢ class logits
for every node. It is conditional on the edges E which are used in the graph convolution layers
to aggregate neighborhood information. Figure 4.1 shows the network’s structure and table 5.1

summarizes its layers’ hyperparameters.
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4.1.2 Generative classifier

The generative classifier also takes in node features X but outputs latent node features Z of the
same dimensionality. As described in section 3.2.3, we construct it from a bijective normalizing
flow with a Mixture of Gaussians as the base distribution.

The normalizing flow is composed of two affine coupling blocks which each have two
affine coupling layers that transform half of the features as described in Section 3.2.2. The
coupling layers’ subnets s and ¢ share the same structure: a graph convolution followed by
ReL.U activation and Dropout [33]. While the graph convolutions use the graph’s edges, the
edges are not modified by the network. As a result, one can consider the model to be generating
node features conditional on the existing edges. Figure 4.1 visualizes the architecture and table

5.1 notes the layer hyperparameters used.

Discrete classifier Generative classifier

Node features X Node features X

v

— Affine coupling block

GraphConv+ ReLU + Dropout

Affine coupling layer
GraphConv + ReLU + Dropout .
s GraphConv+ ReLU + Dropout x2
GraphConv : X2
\|/ t  GraphConv+ ReLU + Dropout
Class probabilities
argmax
Latent node features Z
Class

nearest MoG neighbor
Class

Uses edges E

Fig. 4.1 Model architectures

4.2 Synthetic dataset

As discussed, one important property of a good counterfactual is that it modifies only semanti-

cally important features. In real-world datasets, however, this is usually impossible to evaluate
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quantitatively. As a result, many papers on counterfactuals resort to qualitative evaluation,
showcasing and discussing a few examples. This comes with a few drawbacks: For one,
comparing different methods’ general performance is difficult based on only a few samples.
Additionally, in domains with data that is not as readily humanly interpretable as computer
vision and tabular data, it can be difficult to intuitively assess examples. Finally, qualitative
comparisons are prone to cherrypicking and often highlight examples where a method performs
particularly well compared to the reference.

To allow for a quantitative evaluation of counterfactual methods, we introduce a synthetic

dataset for node classification which we describe in this section.

4.2.1 Construction

Our dataset is a graph with the same number of nodes for each of n. classes. Every node has n
features. Every class has an active feature set that is a random subset of all n features. Each
feature is chosen with probability p feqrure, resulting in feature sets V.. € {0,1}" for each class c.
As a result, the feature sets of every class pair p, g will tend to have some features in common.
Features that are only in either feature set V), or V, can be used to distinguish whether a node
comes from either class. We intentionally introduce these class-conditional relationships so we
can evaluate how well counterfactuals take them into account.

Features x;;i € {1,...,n} for a node of class ¢ are then generated by drawing a sample from
one of two Gaussian distributions, A#uacrive OF Ayerive: 1f the feature is part of ¢’s vocabulary,
it is drawn from N,ive With probability p,cive. Otherwise, the feature value is drawn from
Ninactive- This introduces some noise so that each sample from a class differs. Finally, to model
graph homophily, we add an edge between every node pair i, j with probability p|. if they
are from the same class and a lower probability p,ge. - 1f not. The configuration values used

in our experiments are summarized in Table 4.2.1.

Parameter | Value
ne | 5
Mnodes | 100
t/Vactive W(u:1,02:1/4)
</%nactive JV(,U == _la 62 == 1/4)
Pfeature 0.6
Pactive | 0.5
Pedge|c 0.1
Pedge|-¢ 0.01

Table 4.1 Synthetic dataset configuration used in our experiments
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4.2.2 Ground truth of relevant features

Given a node with features x of class p, and a second class ¢ we now define a ground truth
mask of features that are relevant for differentiating this sample from those of class g. These
are the features that we expect a counterfactual with target class g to change.

How do we define if a counterfactual changes a feature? We say that a feature x\) was
meaningfully changed if the counterfactual feature £ changes which distribution (of Aive
and Aj,qcrive) the value is most likely in. Concretely, if x(0) is closer to Ninactive and £00) closer
to Acrive We say that feature i was activated, and in the reverse case, we say feature i was
deactivated. In practice, since we choose A ¢ive and Ajyqcrive to be Gaussians with means the
same distance from 0, a meaningful change of a feature corresponds to a sign change of the
feature value.

There are now two cases in which a feature i can be a relevant feature for a counterfactual.
In both cases, i needs to be a feature that is in exactly one of p or ¢g’s feature sets. If the feature
is only in the feature set of F),, and the value x; was sampled from the active distribution, a
relevant change is to deactivate it. Alternatively, if the feature is in the feature set F;; only,

activating it is a relevant change. Formally, we define the ground truth GT € {true, false}" as
GT = ((Fy AN=Fy) AxUL YV (=F, AFy) (4.1)

where x,.ve indicates features of this sample were drawn from the active distribution. Table

4.2.2 shows the values for an example sample, its ground truth and an example counterfactual.

Feature sets Sample Counterfactual

Fy F, X Xactive | GT X xAchanged

v’ - 0.9 v’ v ol -1 v’ True positive

v v 1.1 v’ - 1 - True negative
- v’ —1.2 - v ol -1 - False negative

v’ - -1 - - 1.1 v’ False positive

Table 4.2 Example sample from synthetic dataset

A sample of class p from a dataset with n = 4 feeatures is generated using feature set F, and a
counterfactual £ with target class g is given. GT indicates the features we expect the counterfactual to
change and £cpangeq the features that did meaningfully change.
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4.2.3 Metrics for evaluating counterfactuals

We can use this ground truth of relevant features to evaluate counterfactuals. We consider
features that a counterfactual meaningfully changes a positive and other features a negative.
With this, we define the following metrics:

Correctness

True-positive rate (TP) The true-positive rate quantifies how many of the relevant features
are meaningfully changed (see 4.2.2). Depending on the counterfactual’s application, a very
high true-positive rate is not always better. If one wants to identify all relevant features that
differentiate original class p from target class g, changing all features is helpful. At the same
time, a sparser counterfactual that only changes a few of the relevant features will generally be
more actionable, since fewer variables need to be modified. In any case, a very low true-positive
rate indicates that the model output can be changed easily without affecting the relevant features.
This could mean that the counterfactuals are unlikely in the data distribution and that the model
is not robust to this.

False-positive rate (FP) We also measure how many irrelevant features were incorrectly

changed in a meaningful way. This false-positive rate should be as low as possible.

Similarity

We also evaluate how similar a counterfactual X is to the original sample x.

Magnitude (total) The magnitude is the mean absolute feature change, i.e. 1/nY" |)€g) —
x(0) |. Since counterfactuals should be minimal, a lower magnitude is better.

Magnitude (irrelevant) Additionally, we calculate the magnitude on just the irrelevant
features, meaning those where ~GT®, Unlike the total magnitude, which cannot be 0, the
magnitude of irrelevant feature changes has a theoretical optimum of 0.

Table 4.3 shows how an example sample from table 4.2.2 is evaluated using these metrics.

Metric Value
Ratio of true pos. 1/2
Ratio of false pos. 1/2

Magnitude (total) 4.3/4
Magnitude (irrelevant) | 2.2/2

Table 4.3 Evaluation of example counterfactual

An example sample from the synthetic dataset with n = 4 and target class g. The feature set F), defines
how x is sampled. An example counterfactual £ is evaluated. Metrics are also calculated for the
counterfactual.
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4.3 Citation datasets

When comparing ECINN to the model-agnostic method by Wachter et al. [36], we also need
to ensure that the constraints on the model architecture do not limit the task performance.
To ensure that generative classifiers are usable for graph node classification, we compare its
performance to the baseline discriminative classifier on the three real-word citation datasets
Cora [27], PubMed [25], and CiteSeer [10]. Each consists of a single citation graph where every
node represents a paper and and each of the undirected edges represents a citation between two
papers. Every node also has a class label that indicates which subject the paper is about. Papers
about the same subjects are more tightly connected, a property known as homophily. Table 4.3
summarizes additional statistics of the datasets.

Dataset | |V| | |E| | Classes
Cora | 2708 | 10556 7

CiteSeer | 3327 | 9104 6

PubMed | 9104 | 88648 3

Table 4.4 Citation dataset statistics

4.4 Generating node counterfactuals

In this section, we explain how we generate counterfactuals for nodes of a graph. Usually,
to generate a counterfactual for a sample x, one can evaluate the model on the single sample:
model(x). However, the models we use take into account neighborhood information. We define
the task of generating a counterfactual for a node as changing the output of the model while
modifying only the selected node’s features. This means that (1) the features of neighboring
nodes are not modified and (2) no edges are modified. As a result, the counterfactual has to
change the model output despite not being able to modify features in the neighborhood.
Having to incorporate edge information makes the generation of counterfactuals more
expensive. Instead of evaluating the model on a single sample (model(x)), we need to input
and evaluate the model on the whole graph (model(X|E)) to generate a single counterfactual.
Given a node at index i, and target class g, we provide additional details for the two

counterfactual generation methods we use.
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ECINN

ECINN uses a normalizing flow f to transform a sample to a latent space Z, translates it in
the latent space and then maps it back to the input space using the inverse of the flow, f~!.
To generate a node counterfactual with ECINN while incorporating edge information, we
(1) calculate all latent features Z = f(X|E), (2) modify Z by translating (see 3.4.2) only the
node’s latent features Z;, (3) evaluate the flow’s inverse on the batch of modified latent features
X' = f~1(Z|E), and (4) select the node features £ = X;. See Figure 1.1 for a visualization of
this approach.

While Hvilshgj et al. [15] fix the offset coeffcients for convincing counterfactuals to b = %
and w = %, we find that setting » = 0 and w = 2 yields consistent results without the need to

finetune two additional hyperparameters.

Wachter et al.

This method requires performing gradient descent on the input space. We generate a coun-
terfactual iteratively as described in section 3.4.1, but for every optimization step we do the
following: (1) run the forward and backward pass of model(X |E) to calculate the gradient with
respect to the input node features X, (2) zero out all gradients except those for node i (3) apply
the optimizer step.

We also use Wachter et al. [36]’s method together with a generative classifier. To compute
the categorical cross-entropy for the task-specific loss term, we need an output of c relative
class scores. We compute these by calculating the negative Euclidean distance of the latent
features Z to the mean of each class’ mixture component u.. Counterfactual generation is then
performed as described in 3.4.1. Wachter et al. [36] recommend using a random initialization

0)

for X, but we use £0) = x as we find that it results in better counterfactuals (as measured in

chapter 5.

4.5 Software and hardware

We use PyTorch [28] as our deep learning framework of choice and PyTorch Geometric [8] for
graph convolutional layers. Additionally, we use the FrEIA software package! by the authors
of [26] for its implementation of affine coupling layers.

All experiments were conducted on a single NVIDIA GTX 1080 Ti graphics card.

Thttps://github.com/VLL-HD/FrEIA
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Chapter 5
Experiments

This chapter describes the experiments we did with generative classifiers and counterfactuals.
We first compare the classification performance of discriminative and generative classifiers
and then evaluate counterfactuals quantitatively and qualitatively with our proposed dataset.
Chapter 6 discusses the results presented here.

5.1 Generative classifiers for graph node classification

Before we investigate the counterfactuals produced by ECINN, we test that generative classifiers
are usable for classification. After all, even if they are more interpretable, it is important that
they compare to a discriminative classifier in terms of classification performance.

To test this, we train both kinds of classifiers on the three citation datasets described
in 4.3. We use full-batch gradient descent to train both models. Table 5.1 summarizes the
hyperparameter configurations for both models. They were tuned individually for the best
performance on the Cora dataset and then used across all datasets. Since we find that the
training of the generative classifier can be unstable, we employ gradient clipping to remedy
this.

The results are summarized in Figure 5.1. We measure classification performance with the
macro F1-score rather than accuracy due to the class imbalances in the datasets. We can see

that the performance of both models is very similar.

5.2 [Evaluating counterfactuals

Next we test the counterfactuals generated with ECINN and Wachter et al’s method on correct-

ness and magnitude as detailed in 4.2.3. For our experiments, we split the proposed synthetic
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Discriminative Generative
Loss function Categorical crossentropy | Information Bottleneck (8 = 1)
Dropout strength 0.5 0.5
Epochs 300 300
Hidden layer size 256 128 (subnets)
Optimizer ADAM(n = 0.001) ADAM(n = 0.0001)
Gradient clipping - >5

Table 5.1 Model and training hyperparameters for discriminative and generative classifer

Dataset = Cora Dataset = PubMed Dataset = CiteSeer
Discrete wee Soo $hee Qoo o P0 |0
ki
=
)
%}
o
O
Generative
0.87 0.88 0.89 0.90 0.92 0.94 0.75 0.76 0.77
Macro F1 Macro F1 Macro F1

Fig. 5.1 Discriminative and generative classifier performance

Macro F1 score for the discriminative classifier and the generative classifier compared on the citation
datasets Cora, PubMed and CiteSeer (4.3). We find no consistent difference in performance. We note
that the generative classifier’s performance varies slightly more across runs.

dataset (4.2) into an 80/20 training/validation split and train the discriminative and generative

classifier (4.1) to classify the nodes.

5.2.1 Quantitative evaluation

We then generate counterfactuals with both models. We use ECINN to generate counterfactuals
with the generative classifer and compare them to counterfactuals generated with the method
proposed by Wachter et al. [36].

Both classifiers use the same model hyperparameters as in the previous experiments and
are trained on our synthetic dataset. We train the discriminative classifier until the validation
Macro Fl-score converges to 100%, for 50 epochs. The generative classifier is trained until the
generative loss converges; with learning rates {0.01,0.0033,0.001} for 250 epochs each for a

total of 750 epochs.



5.2 Evaluating counterfactuals

28

We use the following setups for generating counterfactuals:

ECINN (tipping): a generative classifier and ECINN with offset ¢ to generate tipping-
point counterfactuals

ECINN (convincing): a generative classifier and ECINN with offset o to generate

convincing counterfactuals

Wachter (DC): a discriminative classifier and the method proposed by Wachter et al.

[36] to generate counterfactuals.

Wachter (DC, no edges): same as the above, but with all edges removed from the
dataset. See Appendix A.l for an explanation.

Wachter (GC): a generative classifier and the method proposed by Wachter et al. [36] to

generate counterfactuals.

Wachter (GC, no edges): same as the above, but with all edges removed from the
dataset. See Appendix A.l for an explanation.

We use the following set of hyperparameters we found performed best for Wachter et al’s
method: 1 =0.1, Ajpie = 0.01, f = 1.01.
After training, we take each node from the validation set and create counterfactuals for

every differing target class g. Counterfactuals are generated as detailed in section 4.4.

Table 5.2.1 summarizes the results of the tested methods. Each model is trained using 5

different random seeds ({0, ...,4}) and we report the mean of the runs. Since some configura-

tions of Wachter’s method do not converge to the target class, we stop the optimization after

300 steps and report as accuracy the percentage of samples for which a counterfactual could be

successfully generated.

Method TP FP Magn. | Magn. (irrelevant) | Accuracy
ECINN (tipping-point) || 16.5% | 0.0037% | 0.22 0.07 100%
ECINN (convincing) || 43.7% | 0.025% | 0.44 0.14 100%
Wachter (DC) || 99.99% | 25.9% 24.2 23.35 22%
Wachter (DC, no edges) 30% 12.2% 0.75 0.7 100%
Wachter (GC) || 10.9% 7.9% 0.63 0.625 67.5%
Wachter (GC, no edges) || 10.9% 4% 0.58 0.55 100%

Table 5.2 Performance of counterfactual generation methods

We report metrics for counterfactuals generated by different methods. The best result (where applicable)
is highlighted. Results are discussed in chapter 6.
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Training generative classifiers for ECINN

We also find that to get high-quality counterfactual generations with ECINN, the underlying
generative classifier must have high generative performance. Figure 5.2.1 shows that the

generative ability keeps improving long after classification performance converges.

Loss Macro F1 score L_X
1.0
0.4 0.4
0.8
0.2
0.2
0.6
0.0
0.0
0.4 0.2
-0.2
0.2 -0.4
-0.4
0.0 —06
0 200 400 600 0 200 400 600 0 200 400 600
Epoch Epoch Epoch

Fig. 5.2 Training progress of the generative classifier

While the classification performance quickly converges, the generative performance keeps improving
for long after.

Controlling ECINN generation

Aside from the offsets oy and ¢ that generate tipping-point and convincing ECINNSs, we also
vary w to create in-between values. Figure 5.2.1 shows how magnitude and correctness can be
traded off.

Magnitude Ratio of true positives Ratio of false positives

0.5 0.00020%
0.50%

0.4 0.40% 0.00015%
03 0.30%

0.00010%
0.2 0.20%

0.00005%

0.1 0.10% 0

0.0 0.00% 0.00000%

1.0 1.5 2.0 2.5 1.0 1.5 2.0 2.5 1.0 1.5 2.0 2.5
w w w

Fig. 5.3 Counterfactual metrics graphed to ECINN intensity

Varying the intensity of ECINN [15] counterfactuals between tipping-point and convincing provides
predictable control. w is a factor that the tipping-point offset vector is multiplied with to generate
convincing counterfactuals. w = 1 are tipping-point counterfactuals and w = 2 convincing
counterfactuals. We see a smooth response in metrics for values between 1 and 2.
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Computational efficiency

Next to the quality of counterfactuals, efficiency of generation is also a factor to consider.
ECINN [15] can create counterfactuals in constant time: it always requires one evaluation
of the flow f and its inverse f ~1 In contrast, Wachter et al. [36]’s method is iterative, with a
variable number of iterations required. Under our set of hyperparameters used for Wachter (GC),
on average 80 iterations are required, with every iteration requiring a forward and backward

pass through the model.

5.2.2 Qualitative evaluation

For a qualitative comparsion, we visually compare counterfactuals generated by the examined
methods in figure 5.2.2.

We see for both variants of ECINN [15] that almost all large feature changes are to
relevant features, while most irrelevant features are left unchanged. As should be expected, the
convincing variant (b) makes larger changes than the tipping-point variant (a).

The two counterfactuals generated with Wachter et al. [36]’s method have similar magni-
tudes whether a feature is relevant or not. The counterfactual created for the generative classifier
(d) makes only small changes to the features, while that created for the discrete classifier (c)

makes large changes upwards and downwards.
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Fig. 5.4 Generated counterfactuals

Counterfactuals generated by the different methods. The y-axis shows each feature value of the original

and modified sample. Relevant features (see 4.2.2) are on the left and irrelevant ones are shown to the

right. True positives are highlighted in and false positives in red. Best viewed in color. Wachter
counterfactuals in the presence of edges are discussed and visualized in Appendix A.1.



Chapter 6
Discussion

In this chapter, we analyze the results of our experiments. We discuss our findings regarding
the efficacy of generative classifiers for classification, and how counterfactuals generated by
the methods of ECINN [15] and Wachter et al. [36] compare.

6.1 Generative classifiers for classification

We find that generative classifiers can be used to obtain comparable performance to discrim-
inative classifiers, as shown in Figure 5.2.1. There are some caveats to replacing a discrim-
inative classifier with a generative one, though. For one, we need to train for more epochs
to match the discriminative classifier’s performance. Additionally, the generative classifier
also needs a higher parameter count: in total, the generative classifier has about twice the
graph-convolutional layers. This slows training down further.

That more training is needed is to be expected since two tasks are being optimized for
simultaneously. The need for a larger model could also be due to our choice of invertible
layers (affine coupling layers), and may be remedied by the use of invertible layers with better

representational power.

6.2 Counterfactual methods

Next, we discuss how the two counterfactual methods by Hvilshgj et al. [15] and Wachter et al.

[36] compare when applied to the same generative classifier.

Only ECINN reliably identifies relevant features, while Wachter’s method fails to dis-
tinguish between relevant and irrelevant features, which can be seen in the close true and false
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positive rates. ECINN, on the other hand, finds relevant features, indicated by the very low

false positive rate and low magnitude of irrelevant feature changes.

ECINNSs are not sparse and tend to modify all relevant features, with larger changes to
"deactivate" features than to "activate" them (see 5.2.2b) ). The lack of sparsity can also be
seen in the true positive rate. That said, the magnitude of irrelevant feature changes is very low

compared to the over all magnitude.

Wachter et al. [36]’s method is sensitive to hyperparameters. Even small changes to
one of the three parameters Ajn;, f or 1 used for optimization can further degrade the quality
of generated counterfactuals. While we are able to use the ground truth to finetune these for our
task, this would not be possible on a real-world dataset. We think it could prove challenging to
find a suitable set of hyperparameters and in turn create meaningful counterfactuals with the
method by Wachter et al. [36].

ECINN [15], on the other hand, exposes a single hyperparameter w we can use to control
the feature changes of an ECINN. We show in Figure 5.2.1 that varying w provides a predictable

control to trade off magnitude and correctness.

ECINN is computationally efficient. We detail in Chapter 3 that ECINN generation has
constant complexity, as it always requires a single evaluation of both f and f~!. We find that
in our case, generating high-quality Wachter counterfactuals requires, on average, 80 iterations,
and each iteration consists of a forward and a backward pass.

One must also consider, though, that ECINN requires a generative classifier to be used,
which Wachter et al. [36]’s method does not, and a generative classifier takes longer to train.
These considerations in mind, we can say that generative classifers with ECINN are a way to
build interpretable models, while black-box methods like Wachter et al. [36]’s let us explain

existing models.



Chapter 7
Conclusion

We apply generative classifiers and counterfactual methods to the problem of graph node
classification. We show that the normalizing flow-based generative classifiers can be used
as an alternative to regular, discriminative classifiers. We study the task of generating node
counterfactuals that change the model’s predicted class by only modifying a node’s features.
To do so, we propose a synthetic node classification dataset with ground truth labels of relevant
node features that allows us to quantitatively evaluate counterfactuals. We compare two methods
for generating counterfactuals: ECINN [15] (Efficient Counterfactuals from Invertible Neural
Networks), which uses the generative classifier’s structure to efficiently create counterfactuals,
and the model-agnostic method proposed by Wachter et al. [36]. We find that counterfactuals
with Wachter et al. [36]’s method are not of usable quality, especially in the context of a
node with many neighbors. On generative classifiers, ECINN [15] counterfactuals reliably
identify relevant features and have a well-structured latent space. ECINN counterfactuals are
also efficient to compute, while Wachter counterfactuals require an expensive optimization
process with hard-to-tune hyperparameters. To conclude, we find that generative classifiers and
ECINNSs allow for building interpretable models for graph node classification.

7.1 Future work

The next step to improve the explanation power of ECINN counterfactuals may be to incorporate
edges and edge features. Modeling a graph’s adjacency as part of the flow is already done in
[38], though only on small-scale molecular graphs. Scaling this approach to larger graphs is not
straightforward since an adjacency matrix grows with |V'|?, though memory bottlenecks could be
remedied to some degree by using the memory-efficient backpropagation algorithm [11] that the
flow’s invertibility allows for. With a different approach, Liu et al. [24] learn a low-dimensional

representation of the adjacency matrix with an autoencoder. In any case, successfully tackling
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this problem would allow us to apply generative classifiers to link prediction and in turn ECINN
[15] to create much richer counterfactuals.

The structured latent space afforded by generative classifiers could also be used for more
fine-grained control of ECINN [15] counterfactuals. For example, one could search within the
known class boundary of the target class for more sparse counterfactuals. If sparse solutions

can be found, this could also enable us to find more diverse counterfactuals.
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Appendix A

A.1 Wachter node counterfactuals in the presence of edges

While generating counterfactuals for graph-convolutional classifier, using Wachter’s method,
we find that the counterfactuals have extremely high magnitudes. Figure A.1 shows an example
of such a counterfactual.

We assume this to be the case because the counterfactual is not allowed to change the
features of neighboring nodes. Since these nodes will by construction mostly have features
indicative of the original class, this makes it very hard to change to model output to a target
class.

We control for this by removing all edges from the dataset, retraining the classifier and
applying the Wachter method. The resulting counterfactuals are of much lower magnitude and
we report the results in chapter 5.
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