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Abstract

The blackbox problem of machine learning algorithms has been limiting human trust
in deep neural networks’ decisions. While some researchers use clustering analysis
to enhance networks’ transparency, some use attribution method to improve the
interpretability. This raises a question "how it will be if we apply both approaches
on a deep neural network at once". The current study is an exploratory study that
investigates the possibilities of relieving the blackbox problem by combining cluster-
ing analysis and a structural causal modelling-based attribution method. The study
is developed on a conditional [ variational autoencoder (S-VAE). It estimates the
average causal effects (ACEs) of the decoder’s inputs on the hidden layers and recon-
struction layer, then conducts ACE-based and activation-based clustering analysis.
We apply lesion test experiments to identify the clusters that are important to image
reconstruction and answer our question "if there is a non-empty intersection of the
two important clusters that contains neurons which are critical to image reconstruc-
tion". The results show that 1) there is one input neuron carrying the rotation and
scaling roles in image reconstruction, 2) this neuron has positive ACEs on the stroke
of the targeted digit, 3) both of the activation-based and ACE-based clustering anal-
ysis give us at least 5 clusters, 4) there is always one cluster that is important to
image reconstruction, 5) the intersection of the two important clusters is not empty
and contains neurons that are critical to image reconstruction and 6) among those
critical neurons, there are only 4 to 21 hidden neurons in contrast to our decoder
which has 896 hidden neurons. The findings suggest that there may exist the mea-
sure of chance of reducing the cost of training deep neural networks and protecting
networks from being hacked by focusing on the critical hidden neurons.

Keywords: neural networks, conditional variational autoencoder, clustering, struc-
tural causal models
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1

Introduction

1.1 Background

Artificial neural networks (ANNSs) are a subset of machine learning, their name and
structure are inspired by the human brain. They mimick the way that biological
neurons signal to one another [1]. Deep learning, as a part of machine learning
methods that is based on ANNs, inherits their characteristics [2]. They are powerful
tools being used in information processing and pattern recognition which allow them
to serve in various fields such as geotechnical engineering and economics [3, 4].

However, ANNs are also criticised of being opaque and hard to interpret due to the
lack of transparency behind their behaviors [5]. For many domains this drawback
limits the success in deploying deep learning systems. One example is the applica-
tion in medical sector where end-user and healthcare workers must understand the
reasoning behind the prediction models in order to accept or reject the suggested
predictions [6], which is a challenge for ANNs since their algorithmic outcomes, as
well as those from other machine learning methods, are probabilistic and do not
reflect if any causal relationship exists [7].

This limitation is called "the blackbox problem" [8] and motivates research interests
in its properties, interpretability and transparency, which will be introduced below.
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1.2 Transparency

Zachary [9] has stated that transparency is the opposite of opacity or blackboxness
that answers the question of "how does the model work". He considers transparency
at three levels: the level of the entire model (simulatability), the level of individual
components (decomposability) and the level of the learning algorithm (algorithmic
transparency), of which modern deep learning methods that use heuristic optimi-
sation procedures lack algorithmic transparency as it is difficult to figure out how
they work and could not guarantee that they would work on unseen datasets.

Filan et al. [10] have mentioned that modular systems are desirable in terms of
transparency as they allow those analyzing the system to inspect the function of
individual modules so to understand the entire system. On the other hand, Hod et al.
[11] have revealed groups of neurons that are important and coherent through graph-
based partitioning. Both studies demonstrated the clusterability of deep neural
networks, while the latter attested the former’s statement.

Although clustering deep neural networks helps enhancing the transparency, the
clustering is done with mathematical associations between neurons. The lack of
interpretability becomes an obstacle in convincing stakeholders to trust the model’s
decisions, which is particularly important in medical sector [12].

1.3 Interpretability

It is difficult to give a formal technical definition for interpretability. In 2017,
Zachary [9] has stated that post-hoc interpretability presents a distinct approach
to extracting information from learnt models. Although this does do not explain
how a model works, it might give useful information for machine learning engineers
and end users.

Later, Mengnan et al. [5] have differentiated interpretability into two types: local
interpretability which tries to figure out why the model makes the decision it makes
and global interpretability which means that users can understand how the model
works globally by inspecting the structures and parameters of a complex model.
With these definitions, global interpretability can increase models’ transparency,
while local interpretability will help uncover the causal relations between a specific
input and its corresponding model prediction.

To achieve interpretability in machine learning, Ancona et al. [13] have summarised
three approaches. One of them builds explanation methods on top of existing mod-
els. This allows generating explanations for any existing black-box model without
retraining the models and sacrificing their performances. Attribution methods be-
long to this approach and operate in the scope of local interpretability. One example
is the new attribution method that has been proposed by Chattopadhyay et al. [14]
for neural networks using first principles of causality.
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1.4 Objective

Since studies either use clustering analysis or attribution methods to relieve the
blackbox problem. This raises a question "how it will be if we apply both approaches
on a deep neural network at once". Therefore, the current study is an exploratory
study that aims to investigate the possibilities of relieving the blackbox problem
by the combining the application of clustering analysis and the attribution method
that is based on structural causal modelling [14].

Train the
model

y

Intervene the
representation layer
and run the decoder

Estimate ACEs of Estimate ACEs of z- Extract the
class neurons on entries on hidden activation of all
output neurons and output neurons decoder's layers
ACEs-based Activation-based
clustering analysis clustering analysis
Lesion test

experiment

!

Identify important clusters
(Cacrand Cye¢) and their

corresponding intersection

:

Examine if the
intersection is critical to
image reconstruction

Figure 1.1: Flowchart of the study design
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Methods

2.1 Model and Dataset

In this study, we use a 10-layer conditional Beta variational autoencoder (S-VAE)
as our deep neural network [15]. [-VAE is a generative model that contains an
encoder, a representation layer and a decoder (fig. 2.1). Conditional -VAE allows
us to give additional information to the model for better learning.

!
X Encoder Decoder i

Q(z|X,c) P(X|z,c)

Reconstructed

Input Image e

Sampled
Latent
Vector

Z=p+0-€

e~ N(0,1)

Figure 2.1: Structure of a variational autoencoder

The additional information in this study is the class label of the input image. We
denote it as ¢, a one-hot vector. X is the image being fed into the model, while z is
the latent variable in the representation layer. The encoder learns Q(z|X, ¢) while
the decoder learns P(X|z, ¢), where Q(z|X, ¢) is a function that is used to infer the
prior P(z|c).

Equation 1 shows the loss function of a conditional 3-VAE. The Kullback-Leiber
Divergence in the second term measures the difference between @Q(z|X,c) and the
prior P(z|c). The smaller it is, the better the encoder learns.

The hyperparameter 3 is a regularisation coefficient that balances the reconstruction
accuracy and the degree of disentanglement in latent representations that are learnt
[15]. When § = 1, it is a regular conditional VAE. Note that if no additional
information is provided to the model, the loss function is changed simply by removing
the condition ¢ from the equation.

—max Ellog P(X|z,¢)] + B(Dx1[Q(2] X, ¢) || P(z[c)]) (1)
decoder encoder ~N(0,1)
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In the current study, we reference the study conducted by Chattopadhyay et al. [14]
and use its loss function (eq. 2) with § = 10 and MNIST as our dataset. After
training our model, we use the decoder for our experiments. In other words, we no
longer involve the encoder in the remaining procedures.

10

batch size ,, 4 sm{ —max Eflog P(X|z,c)] + B(Dkr[Q(2| X, c)HP(z|c)})}

+Dk[Q(2[X, o)l P(z|X, )] (2)

encoder’s goal

2.2 Intervening the Representation Layer

The decoder’s input layer contains 20 neurons. We set the first ten as our latent
variables z; for i € {0,1,...,9} and the last ten as the ten entries of an one-hot
vector ¢ for k € {0,1,...,9} representing the class label of the digit that we want
to reconstruct. To examine the reproducibility of the reference study [14], specific
values are assigned to the latent variables. In other words, the representation layer
is intervened.

In each experiment we choose c¢5 = 1 since digit 5 contains horizontal, vertical and
turning strokes that appear in all other digits. In the meantime, we assign a value
a € {=3,-2,...,3} to z such that z; ~ N(0,1) ranges across the three standard
deviations of its distribution [14]. The remaining z-entries are randomised with a
standard Gaussian distribution.

We run the decoder to obtain the reconstructed images. Since the images are static,
we use them to build a GIF file for each z-entry. The GIF file depicts changes in
the reconstructed images when z; is assigned with different a-values.

2.3 Average Causal Effects Estimation

For the estimation of average causal effects of each input neuron on each output pixel,
we reference the attribution method introduced by Chattopadhyay et al. [14]. Since
a neural network’s architecture could be represented as a graph, Chattopadhyay
et al. viewed the neural network as a Structural Causal Model (SCM). SCM is a
mathematical framework that helps discovering causality between objects of interest
[16]. In their study, they developed a new attribution method that could identify
the causal influence of an input neuron on an output neuron. The authors modified
the original ACE formula (eq. 3) such that it fits the neural network’s setting in
which z is not binary but usually continuous (eq. 4). In the current study, we use
this modified equation to estimate the causal relationship.

ACE () = Elyldo(x = 1)] = E[y|do(x = 0)] (3)
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ACE, (4. —0y = Ely|do(z; = )] — baseline,, (4)

where z; here represents either z; or ¢, while « is a value assigned to x;. Recalling
our input layer which is a concatenation of a 10-dimensional real vector z and a 10-
dimensional one-hot vector ¢, their corresponding baseline is computed differently.

The baseline for ¢ is simply E[y|do(cy # «)]. This is done by excluding all images
that belong to the selected class label from the training set, such that we obtain an
updated distribution of data points for further sampling. For z, we take the average
of the expectation of the reconstructed images with z; = {a € Z| — 3 < « < 3} as
its baseline.

We estimate the ACEs of ¢, on the reconstructed images of our decoder for the
reproducibility of our reference study. For z;, we estimate their ACEs on the re-
constructed images and each hidden layer for clustering analysis as described in the
following section. We show the results by plotting the matrices that hold the ACE
values as a heat map.

2.4 Clustering Analysis

We divide the clustering analysis into two parts. The first is to cluster the decoder
by the estimated ACE of z; on each hidden layer. The second is to cluster the
decoder by the activation of its neurons.

We use Spearman coefficient as the similarity matrix, as it assesses how well the
relationship between two variables can be described using a monotonic function, and
linear relationships between neurons’ activation values are not expected [17]. The
same applies on the ACE values. Then we use affinity propagation as our clustering
algorithm. Both of the clustering results are used for lesion test experiment.

Affinity propagation is a clustering algorithm that performs clustering according to
message passing between data points [18]. It can use different general similarity
notions such as negative Euclidean distance between data points (e.g. neurons’
activation values) as the similarity s(i, k) [19]. If data point k& has a large value of
s(k, k), it is more likely to be an examplar of others. Thus s(k, k) alters the number
of identified examplars. Since the authors calls s(k, k) as "preference" [18], we will
use this term instead of s(k, k) in the following sections.

Different from other popular clustering algorithms such as k-means clustering, affin-
ity propagation doesn’t require a pre-specified number of clusters as it considers
all data points as candidate centers at once and gradually identifies clusters. This
makes affinity propagation capable to avoid many of the poor solutions that are
caused by unlucky initialisation and hard decisions [18].
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2.5 Lesion Test Experiment

After obtaining the results from clustering analysis, we proceed with lesion test
experiment [? |. Lesion test is done by dropping out a cluster or subcluster of
neurons that is of interest. In each test, we remove one cluster of neurons from
the model by setting their activation values to zero. Then we run the decoder with
zi ={a €Z| —3 < a <3} and ¢; = 1 to obtain the reconstructed images.

The reconstructed images are used to generate the described animation. Then we
check if the reconstruction succeeds or fails. Here we define failed reconstruction as
images which digit cannot be recognised by visual inspection or are reconstructed
as digit other than digit 5. The failed reconstruction indicates that the removed
cluster is important to the reconstruction.

Since neurons that are important to image reconstruction have activation values and
ACE values that change significantly with different a-values, they should be similar
and clustered in the same cluster. We expect that in each of the two results of the
clustering analysis, there is one cluster that fails the reconstruction task. We call
it "important cluster" with a notation Cscr and Cacr, of which Cycg represents
the important cluster from the clustering analysis on the ACEs, while Cycr is the
important cluster from the clustering analysis on the activation.

We know that if the clustering analysis is perfectly optimised, Cycp and Cacr
should only contain neurons that are important to image reconstruction. However
we do not conduct optimisation in this study, so each of them contains both the
neurons that are important to the reconstruction task and those that are not.

Since the important neurons in the two sets are correctly clustered by the algorithm,
we want to know if the two sets share common important neurons. To answer our
question, one way is to find out the intersection of Cycr and Cucr, then conduct
lesion test experiment on it.

If the model fails to reconstruct images in the corresponding lesion test experiment,
the intersection of the two sets contains neurons that are critical to image reconstruc-
tion. We name these neurons as "critical neurons' and this intersection as "critical
cluster".
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Results

3.1 Reconstructed Images

Figure 3.1 shows the reconstructed images generated by the decoder. The images
are a bit blurry, because the decoder serves for image reconstruction and we set
B = 10 such that the model weighs the encoder’s loss more than the decoder’s loss
during the training phase.

Looking into each column of figure 3.1, all grids except z; appear to be static. When
we use these images to build a GIF file, we could see that z; shows a digit rotating
clockwise. In addition, the reconstructed digit in z; = —3 is bigger than that in
z1 = 3. This suggests that, in our trained model, the neuron z; carries both rotation
and scaling roles in image reconstruction.

-
& | & £ F "l al - F
4 _— o o o o / #
T N E| & i F ’ 4 "ol I 4
- r o o . #
i - F s i i F o £ i
] ill i i ¢ i # -
E
!E

Figure 3.1: Reconstructed images generated by the decoder. Each column refers
to z; for i € {0,1,...,9}. Each row has an a-value ranges between -3 and 3 with an
interval of 1
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3.2 ACE Estimations

Recalling section 2.3, after running decoder and obtaining reconstructed images, the
average causal effects of ¢, and z; are estimated as our next step.

3.2.1 ACE of ¢

Figure 3.2 illustrates the heat maps of the ACE matrices with ¢, = 1. All average
causal effects are positive. At each k-value, the ACE matrix forms an image that
looks like digit k. This indicates that ¢; has higher ACE on the strokes of digit &
and controls which digit the model is going to reconstruct. This matches our setting
for the current S-VAE model in which we provide the class label such that the model
learns better.
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0
I |
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ACE of class neuron 4 ACE of class neuron 5

0.0

ACE of class neuron 6 ACE of class neuron 7

ACE of class neuron 8 ACE of class neuron 9

Figure 3.2: Heat maps of the ACE matrices with ¢, = 1 for k£ € {0,1,...,9}
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3.2.2 ACE of z;

According to the results above, we consider the z-entries to be two types: the one
that carries the rotation and scaling roles on reconstructed images (i.e. z;) and the
one that doesn’t show any significant role (e.g. z). In this study, we estimate the
ACE of z; and z; instead of all z-entries due to time limitation.

Figure 3.3 shows the heat maps of the ACE matrices when z; is assigned with
different a-values. Same as the ACE matrices of ¢5, z; has causal effects on the
stroke of the digits. The corresponding ACE values range between -0.4 and 0.5. The
positive ACE values form the digit alike that reconstructed by the decoder. When
we use these static images to build a GIF animation, we find that the positive ACE
values construct a rotating digit just like the decoder.

However, the ACE matrices of z; do not guarantee to construct a proper digit. As
shown in figure 3.4, the ACE values do not form a digit at zg = 2. Its range of ACE
values varies when it is assigned with different a-values.

On the other hand, it is also difficult for us to find a sequence of changes along the
change of the a-value in zy. All of these show that when the z-entry does not carry
a rotation or scaling role on image reconstruction, it has causal effects on the stroke
of the digit only when it is assigned with particular values.

12
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Figure 3.3: Heat maps of the ACE matrices with z; = {a € Z| =3 < a < 3}
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3.3 Clustering Analysis

For each a-value assigned to z, the number of clusters is stable when the preference
value falls in particular range, so we run the algorithm multiple times for the prefer-
ence value. Figure 3.5 shows the number of clusters identified by the algorithm with
different preference values. The preference value for this sample should be lower
than 0.1 in order to obtain a stable clustering result.

Number of Clusters vs Preference Values of Affinity Propagation

111 ]

10 [ ]

MNumber of Clusters
w0
1
o

71 @ L] ® L] L]

T T T
le-05 0.0001 0.001 0.01 0.1 0.2 0.3 0.4 0.5
Preference

Figure 3.5: Number of clusters is determined when the algorithm suggests a min-
imum number of clusters over a range of preference

Generally, the clustering results based on activation values and ACE values are
similar. For each a-value being assigned to z1, both of them have at least 5 clusters.
While the clustering that is based on activation values has at most 11 clusters, the
clustering that is based on ACE values has at most 9 clusters (table 3.1).

z1 | Activation | ACE
-3 8 9
-2 8 8
-1 9 9

0 11 6

1 10 9

2 5 8

3 7 5

Table 3.1: Number of clusters suggested by the clustering analysis at different
a-values being assigned to z;
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3.4 Lesion Test Experiment

3.4.1 Important Cluster

The results of the lesion test experiment show that each set of clustering results has
at least one cluster that significantly alters the reconstructed images. Among those
clusters, one is significantly more influential. If it is removed, the reconstructed
images become hard to be recognised by visual inspection or a wrong digit is recon-
structed.

Each row of figure 3.6 illustrates the reconstructed images when a cluster is removed
from the decoder. When cluster 2 (row 3) is removed, the network fails to reconstruct
digit 5 and appears to reconstruct digit 3. Therefore we identify cluster 2 as an
important cluster.

. - - - - - = = - =

i - o - - = ) - - -

E I E | E | E|E|E|E ||| E

- - - o - - ¥ " M -

- ' i - i il e o+ 2
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- F #
§\§\ 555|555 5[5

Figure 3.6: Visualisation of the results of lesion test experiments. Each row rep-
resents a cluster, while each column represents an z-entry
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3.4.2 Critical Cluster

For each a-value being assigned to z;, we identify the common neurons that exist
in Cacrg and Cyor. This new set of neurons is our critical cluster. We remove it
from the network and conduct the lesion test experiment as described.

The results are shown in figure 3.7. When the neurons in the critical cluster are
removed from the network, the network is unable to reconstruct digit 5 as well as
a complete decoder regardless of the a-value being assigned to z;. This proves that

the critical cluster contains neurons that are essential for reconstructing the digits
correctly with good quality.

j— - - - -
- 'n L} r L}
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- -
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Figure 3.7: Results of lesion test experiment on the critical cluster. Each row
represents z; = {a € Z| — 3 < o < 3}, while each column represents an z-entry

17



3. Results

18



4

Conclusion

The current study produces results that to some degree match the reference study
conducted by Chattopadhyay et al. [14] since both models have neurons carrying
out the rotation and scaling roles in image reconstruction. While there are two input
neurons being responsible for the rotation and scaling roles in the reference study,
our model has only one input neuron carrying the roles.

For the ACE estimation, our study reproduces same results for the latent neurons z;
and the class neurons ¢;. In addition, we find that for z-entries that carry rotation
and scaling roles, their ACE heat maps reconstruct recognisable digits in sequence,
such that the corresponding GIF animation shows a rotating digit similar to the
reconstructed images. In contrast, the ACE heat maps of z-entries that do not
carry any role in image reconstruction, cannot reconstruct a recognizable digit at
particular a-values. It is also difficult to find a sequence of changes along their ACE
heat maps.

The results of clustering analysis based on activation values and ACE values are
similar. The decoder could be clustered into at least 5 clusters. While the number of
clusters is similar between the activation-based and ACE-based clustering analysis,
it differs significantly at z; = 0.

The lesion test experiments show that there is at least one cluster being influential
to image reconstruction in both of the activation-based and ACE-based clustering
analysis. We believe that this is due to the lack of optimisation in the clustering
analysis, so some important neurons are clustered wrongly. Among those influential
clusters, there is always one cluster reconstructing images that appear to be digit
3. This matches our expectation that there is only one important cluster in both
clustering analysis.

Since the intersection of the two important clusters Cycg and Cycr is not empty and
the model fails to reconstruct images in the corresponding lesion test experiment,
we successfully identify the critical cluster and its critical neurons.

We also compare the number of neurons in the important clusters and critical cluster.
The number of important neurons identified in activation-based clustering analysis
ranges from 65 to 650, while that in ACE-based clustering analysis ranges from 114
to 895.
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4. Conclusion

Nonetheless, our study shows that the number could further be lowered by iden-
tifying the critical cluster. The orange line in figure 4.1 represents the number of
critical neurons. It is significantly lower than the two important clusters.

A highlight is that the critical neurons include input neurons, output neurons and
the hidden neurons based on our setting. If we exclude input and output neurons
from the critical clusters, we will find that the number of hidden neurons that we
are interested ranges between 4 and 21 inclusively.

These findings show that the combined application of clustering analysis and the
SCM-based attribution method helps enhancing a network’s transparency and in-
terpretability, so makes contributions to the problem of blackboxness. They suggest
that if we want to study deep neural networks, we could focus on hidden neurons
that are critical to the tasks instead of the entire networks.

In other words, there may exist the possibility of reducing the cost of deep neural
networks, enhancing networks’ performance by tuning the parameters of the critical
hidden neurons and encrypting critical hidden neurons for protecting the networks
from being hacked [20].

However, since the lesion test experiment for the intersection uses only one set of
samples, there is no sufficient evidence to prove its repeatability and consistency.
Therefore, more studies are needed for the findings and suggestions above.
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Figure 4.1: Number of neurons identified in important/critical clusters
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4.0.1 Future Work

Due to time limitation, it has two drawbacks that are anticipated to be handled
in future studies. The first is the lack of optimisation in clustering analysis. In
the current study, the preference is selected through repeated experiments. The
selection of this parameter could be improved by different algorithms such as the
improved fruit fly optimisation suggested by Zhou et al. [21]. Another drawback is
the insufficient amount of samples used in the lesion test experiment, so the current
study is incapable to show the consistency of the results.

As an exploratory study, the current study answers our research questions. It also

reveals findings that need further investigations. We anticipate more studies could
be conducted on the modification and the observations of the current study.
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