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ABSTRACT

More and more complicated jobs are now being handled by AI systems that perform at least as well as humans, thanks to the

availability of huge datasets and recent advancements in deep learning technique. Some fields that have made remarkable strides

in this direction include picture categorization, sentiment analysis, voice comprehension, and strategy gaming, Unfortunately,

because to their layered non-linear structure, these very effective AI and machine learning models are often implemented in a

way that does not reveal how they arrive at their predictions. The development of ways to visualize, explain, and understand

deep learning models has lately garnered increased interest due to the fact that this lack of transparency may be a significant

negative, for example in medical applications. A need for more interpretability in Al is made in this study, which also summarizes

recent advances in the area. Also included are two ways to break down decisions into their component variables, one that calcu-

lates the prediction’s sensitivity to changes in the input and another that uses deep learning to explain the models’ predictions.

There are three classification tasks that these approaches are tested on.
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INTRODUCTION

Over the last several decades, advancements have been made
in the area of artificial intelligence and machine learning. The
evolution of deep learning techniques and previous advancements
in support vector machines were key motivators for this shift [22].
Important contributing reasons to the success of the project were
the availability of big datasets like ImageNet [9] or Sports1M [17],
the speed-up advantages achieved with powerful GPU cards, and
the great flexibility of software frameworks like Caffe [15] or Ten-
sorFlow [1]. Modern Al systems that rely on machine learning are
very good at many complicated tasks, such as visual object identi-
fication [14], understanding natural languages [8], and processing
voice signals [10]. Furthermore, in highly strategic games like Go
[34] and Texas hold ‘em poker [28], new All systems may even
beat expert human players. These remarkable achievements of Al
systems, particularly deep learning models, demonstrate the revolu-

tionary nature of this technology. It will not only cause significant
changes in enterprises and societies, but will also have far-reaching
effects outside the academic sphere.

Despite these models’ remarkable prediction accuracy, they are very
opaque because to their layered non-linear structure; that is, it is not
obvious which input data points are used to generate their judg-
ments. Consequently, these models are usually seen as opaque enti-
ties. The lack of transparency in AlphaGo, the artificial intelligence
system developed by DeepMind, is highlighted in the 37th move of
the second game of the historic Go match between top Go player
Lee Sedol and the system. In response to AlphaGo’s completely un-
expected move, a Go specialist offered the following analysis:

It was the game-winning move for AlphaGo, even though it was
unclear throughout the match why the system played it. While Al-
phaGo’s black box nature was irrelevant here, the difficulty of com-
prehending and verifying an Al system’s decision-making process is
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a major limitation in many contexts. For example, blindly trusting
a black box system’s predictions in medical diagnosis would be ir-
responsible. Rather, a human expert should be able to review and
approve any major decisions. Additionally, it is crucial to ensure that
the model relies on the proper attributes in self-driving vehicles,
since even one wrong prediction might result in significant costs. To
provide such a guarantee, Al models must be explainable and inter-
pretable by humans. Expanded analysis of the Section 2 outlines the
need for Al that can be explained.

It is not unexpected that there has been a lot of interest in the de-
velopment of methods for “opening” black box models lately [6, 35,
39, 5, 33, 25, 23, 30, 40, 11, 27].

Methods for better understanding the model’s representation (its
learnt information) [12, 24, 29] and approaches for explaining in-
dividual predictions [19, 35, 39, 5, 26] are all part of this. There is
a guide to these two types of approaches in [27]. Beyond neural
networks, other sophisticated machine learning approaches rely on
ex-plainability as well, such as support vector machines [20].

This study aims to raise awareness about the importance of explain-
ability in AT and machine learning, Section 2 does this. Section 3 then
goes on to provide two modern methods for deriving an explanation
for an Al model’s prediction from its input variables: sensitivity anal-
ysis (SA) [6, 35] and layer-wise relevance propagation (LRP) [5]. In
Section 4, we discuss ways to objectively assess explanation quality,
and in Section 5, we show the findings of our picture, text, and video
categorization experiments. In Section 6, the publication wraps off
with a look towards what’s to come.

2. WHY DO WE NEED EXPLAINABLE AI?

The ability to explain the rationale behind one’s decisions to oth-
er people is an important aspect of human intelligence. It is not
only important in social interactions, e.g., a person who never re-
veals one’s intentions and thoughts will be most probably regarded
as a “strange fellow”, but it is also crucial in educational context,
where students aim to comprehend the reasoning of their teachers.
Furthermore, the explanation of one’s decisions is often a prerequi-
site for establishing a trust relationship between people, e.g,, when a
medical doc- tor explains the therapy decision to his patient.

Although these social aspects may be of less importance for techni-
cal Al systems, there are many arguments in favor of explainability
in artificial intelligence. Here are the most im- portant ones:

Verification of the system: As mentioned before in many applica-
tions one must not trust a black box sys- tem by default. For in-
stance, in health care the use of models which can be interpreted and
verified by medical experts is an absolute necessity. The authors of
[7] show an example from this domain, where an Al system which
was trained to predict the pneumo- nia risk of a person arrives at
totally wrong conclu- sions. The application of this model in a black
box manner would not reduce but rather increase the num- ber of
pneumonia-related deaths. In short, the model learns that asthmatic
patients with heart problems have a much lower risk of dying of
pneumonia than healthy persons. A medical doctor would immedi-

ately rec- ognize that this can not be true as asthma and hearth
problems are factors which negatively affect the prog- nosis for
recovery. However, the Al model does not know anything about
asthma or pneumonia, it just in- fers from data. In this example,
the data were system- atically biased, because in contrast to healthy
persons the majority of asthma and heart patients were under strict
medical supervision. Because of that supervi- sion and the increased
sensitivity of these patients, this group has a significant lower risk
of dying of pneu- monia. However, this correlation does not have
causal character and therefore should not be taken as basis for the
decision on pneumonia therapy.

Improvement of the system: The first step towards improving an
Al system is to understand it’s weak- nesses. Obviously, it’s more
difficult to perform such weakness analysis on black box models
than on mod- els which are interpretable. Also detecting biases in
the model or the dataset (as in the pneumonia exam- ple) is easier
if one understands what the model is do- ing and why it arrives at
it’s predictions. Furthermore, model interpretability can be helpful
when comparing different models or architectures. For instance, the
au- thors of [20, 2, 3] observed that models may have the same clas-
sification performance, but largely differ in terms of what features
they use as the basis for their decisions. These works demonstrate
that the identi- fication of the most “appropriate” model requites
ex- plainability. One can even claim that the better we understand
what our models are doing (and why they sometimes fail), the easier
it becomes to improve them.

Learning from the system: Because today’s Al sys- tems are trained
with Millions of examples, they may observe patterns in the data
which are not accessible to humans, who are only capable of learn-
ing with a limited number of examples. When using explainable Al
systems we can try to extract this distilled knowl- edge from the
Al system in order to acquire new in- sights. One example of such
knowledge transfer from Al system to human was mentioned by
Fan Hui in the quote above. The Al system identifies new strate- gies
to play Go, which certainly now have also been adapted by profes-
sional human players. Another do- main where information extrac-
tion from the model can be crucial are the sciences. To put it simple,
physi- cists, chemists and biologists are rather interested in identify-
ing the hidden laws of nature than just predict- ing some quantity
with black box models. Thus, only models which are explainable are
useful in this domain (c.£,, [37, 32]).

Compliance to legislation: Al systems are affecting more and more
areas of our daily life. With that also le- gal aspects, e.g., the assign-
ment of responsibility when the systems makes a wrong decision,
have recently re- ceived increased attention. Since it may be impos-
sible to find satisfactory answers for these legal questions when re-
lying on black box models, future Al systems will necessarily have
to become more explainable. An- other example where regulations
may become a driv- ing force for more explainability in artificial in-
telli- gence are individual rights. Persons immediately af- fected by
decisions of an Al system (e.g, persons re- jected for loan by the
bank) may want to know why the systems has decided in this way.
Only explainable Al systems will provide this information. These
concerns brought the European Union to adapt new regulations
which implement a “right to explanation” whereby a user can ask
for an explanation of an algorithmic deci- sion that was made about

her ot him [13].
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These examples demonstrate that explainability is not only of im-
portant and topical academic interest, but it will play a pivotal role in
future Al systems.

3. METHODS FOR VISUALIZING, INTER-
PRETING AND EXPLAINING DEEP LEARNING MODELS

This section introduces two popular techniques for explain- ing pre-
dictions of deep learning models. The process of ex- planation is
summarized in Fig. 1. First, the system correctly classifies the input
image as “rooster”. Then, an explanation method is applied to ex-
plain the prediction in terms of input variables. The result of this
explanation process is a heatmap visualizing the importance of each
pixel for the prediction. In this example the rooster’s red comb and
wattle are the basis for the Al system’ decision. for the prediction
“rooster”. The presence of yellow flowers is certainly not indicative
of the presence of a rooster in the image. Because of this property
SA does not perform well in the quantitative evaluation experiments
presented in Section

5. More discussion on the drawbacks of sensitivity analysis
can be found in [27].

3.2. Layer-Wise Relevance Propagation

In the following we provide a general framework for de- compos-
ing predictions of modern Al systems, e.g, feed- forwards neural
networks and bag-of-words models [5], long-short term memory
(LSTM) networks [4] and Fisher Vector classifiers [20], in terms of
input variables. In con- trast to sensitivity analysis, this method ex-
plains predictions relative to the state of maximum uncertainty, i.e., it
iden- tifies pixels which are pivotal for the prediction “rooster”. Re-
cent work [26] also shows close relations to Taylor de- composition,
which is a general function analysis tool in mathematics.

A recent technique called Layer-wise relevance propagation (LRP)
[5] explains the classifier’s decisions by decompo- sition. Mathemati-
cally, it redistributes the prediction f (x) backwards using local redis-
tribution rules until it assigns a relevance score Ri to each input varia-
ble (e.g;, image pixel). The key property of this redistribution process
is referred to as relevance conservation and can be summarized as
3.1. Sensitivity Analysis

The first method is known as sensitivity analysis (SA) [6, 35] and ex-
plains a prediction based on the model’s locally evalu- ated gradient
(partial detivative). Mathematically, sensitivity analysis quantifies the
importance of each input variable i (e.g., image pixel) as This propet-
ty says that at every step of the redistribution pro- cess (e.g;, at every
layer of a deep neural network), the total amount of relevance (i.c.,
the prediction f (x)) is conserved. No relevance is artificially added
or removed during redistri- bution. The relevance scores Ri of each
input variable de- termines how much this variable has contributed
to the pre- diction. Thus, in contrast to sensitivity analysis, LRP truly
decomposes the function value f (x).

In the following we describe the LRP redistribution process for
feed-forward neural networks, redistribution procedures

This measure assumes that the most relevant input features are those
to which the output is most sensitive. In contrast to the approach

presented in the next subsection, sensitivity analysis does not explain
the function value f (x) itself, but rather a variation of it. The follow-
ing example illustrates why measuring the sensitivity of the function
may be subop- timal for explaining predictions of Al systems. have
also been proposed for other popular models [5, 4, 20].

Let xj be the neuron activations at layer I, Rk be the rele- vance
scores associated to the neurons at layer 1 + 1 and wijk be the weight
connecting neuron j to neuron k. The simple LRP rule redistributes
relevance from layer 1 + 1 to layer | in the following way:

4. EXPERIMENTAL EVALUATION

This section evaluates SA and LRP on three different prob- lems,
namely the annotation of images, the classificationof text docu-
ments and the recognition of human actions in videos.

5.1.
In the first experiment we use the GoogleNet model [38], a state-
of-the art deep neural network, to classify general ob- jects from the
ILSVRC2012 [9] dataset.

Fig, 2 (A) shows two images from this dataset, which have been cor-
rectly classified as “volcano” and “coffee cup”, re- spectively. The
heatmaps visualize the explanations obtained with SA and LRP. The
LRP heatmap of the coffee cup im- age shows that the model has
identified the ellipsoidal shape of the cup to be a relevant feature
for this image category. In the other example, the particular shape

Image Classification

of the mountain is regarded as evidence for the presence of a vol-
cano in the image. The SA heatmaps are much noisier than the ones
computed with LRP and large values Ri are assigned to re- gions
consisting of pure background, e.g., the sky, although these pixels
are not really indicative for image category “vol- cano”. In contrast
to LRP, SA does not indicate how much every pixel contributes to
the prediction, but it rather mea- sures the sensitivity of the classifier
to changes in the input. Therefore, LRP produces subjectively better
explanations of the model’s predictions than SA.

The lower part of Fig, 2 (A) displays the results of the per- turba-
tion analysis introduced in Section 4. The y-axis shows the relative
decrease of the prediction score average over the first 5040 images
of the ILSVRC2012 dataset, i.e., a value of

0.8 means that the original scores decreased on average by 20%. At
every perturbation step a 9x9 patch of the image (selected according
to SA or LRP scores) is replaced by ran- dom values sampled from
an uniform distribution. Since the prediction score decrease is much
faster when perturbing the images using LRP heatmaps than when
using SA heatmaps, LRP also objectively provides better explana-
tions than SA.

More discussion on this image classification experiment can be
found in [31].

5.2.
To categorize text articles from the 20Newsgroup dataset2, this

Text Document Classification

experiment trained a convolutional neural network based on word
embedding,

The document, labeled as “sci.med” (meaning it is presumed to be
about a medical issue), is superimposed on top of SA and LRP heat-
maps (e.g., a relevance score Ri is given to every word) in Fig. 2 (B).
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The SA and LRP explanation approaches both point to terms like
“sickness,” “body,” and “discomfort” as the foundation for this cat-
egorization. Unlike sensitivity analysis, LRP differentiates between
positive (red) and negative (blue) terms. For example, “sci.med”
would be words that support the classification conclusion, while “sci.
space” would be words that call for a different category. Words, of
course Here is the link to the newsgroups: 2http://qwone.com/[] -
jason/20Newsgroups.

FEINY3

Space-related terms, such “ride,” “astronaut,” and “Shuttle,” are
more indicative of the subject space than the topic medicine. Even
if the classifier chooses the right “sci.med” class, the LRP heatmap
shows that there is textual evidence that goes against this judgment.
There is no way to distinguish positive evidence from negative evi-

dence using the SA approach.

The quantitative evaluation’s outcome is shown in the figure’s bot-
tom half. A reduction in the relative accuracy of predictions across
4154 documents in the 20News-group dataset is shown on the y-ax-
is. At each perturbation step, the input values corresponding to the
most significant words (as determined by SA or LRP score) are set
to 0. Because these heatmaps produce a bigger drop in classification
accuracy than SA heatmaps, this finding also quantitatively shows
that LRP gives more informative heatmaps than SA.

In [3], we find more explanation of this text document categoriza-
tion experiment

5.3.
The last examples demonstrates the explanation of a Fisher Vector
/ SVM classifier [16], which was trained for predict- ing human ac-
tions from compressed videos. In order to re- duce computational

Human Action Recognition in Videos

costs, the classifier was trained on block- wise motion vectors (not
individual pixels). The evaluation is performed on the HMDB51 da-
taset [18].

Fig. 2 (C) shows LRP heatmaps overlayed onto five exemplar frames
of a video sample. The video was correctly classified as showing
the action “sit-up”. One can see that the model mainly focuses on
the blocks surrounding the upper body of the person. This makes
perfectly sense, as this part of the video frame shows motion which
is indicative of the action “sit-up”, namely upward and downward
movements of the body.

The curve at the bottom of Fig. 2 (C) displays the distribution of
relevance over (four consecutive) frames. One can see that the rele-
vance scores are larger for frames in which the person is performing
an upwards and downwards movement. Thus, LRP heatmaps not
only visualizes the relevant locations of the action within a video
frame (i.e., where relevant action happens), but it also identifies the
most relevant time points within a video sequence (i.e., when rele-
vant action happens).

More discussion on this experiment can be found in [36].
5. CONCLUSION

The challenge of Al explainability was the focus of this work. We
spoke about how black box models couldn’t be used in the medical
field, for example, since the system’s mistakes might have serious
consequences. Legal concerns, such as how to allocate blame in the

event of a system failure, are emerging with the widespread use of
Al systems, and explainability was posited as a necessary condition
for their resolution. European law now includes the “right to ex-pla-
nation,” therefore it may be

Fig. 2. Explaining predictions of Al systems. (A) shows the appli-
cation of explainable methods to image classification. The SA heat-
maps are noisy and difficult to interpret, whereas LRP heatmaps
match human intuition. (B) shows the application of explainable
methods to text document classification. The SA and LRP heatmaps
identify words such as “discomfort”, “body” and “sickness” as the
relevant ones for explaining the prediction “scimed”. In contrast
to sensitivity analysis, LRP distinguishes between positive (red) and
negative (blue) relevances. (C) shows explanations for a human ac-
tion recognition classifier based on motion vector features. The LRP
heatmaps of a video which was classified as “sit-up” show increased
relevance on frames in which the person is performing an upwards
and downwards movement. anticipated that it would also significant-
ly enhance Al systems’ explainability.

Aside from serving as a bridge between Al and society, explain-abil-
ity is a potent tool for discovering model errors and data biases,
validating predictions, improving models, and ultimately, obtaining
fresh perspectives on the current issue (for instance, in the scientific
realm).

Our next steps will involve delving into the theoretical underpin-
nings of explainability, specifically exploring the relationship be-
tween explainability built into the model’s structure and post-hoc
explainability, wherein a trained model is provided with the objective
of deducing more information about its predictions. Finally, we will
investigate novel approaches to elucidating the learnt representation,
with a focus on the connection among gener-alizability, compact-
ness, and explainability. Lastly, we’re going to use LRP and other
explanatory techniques and apply them to other domains, including
communications, and look for further uses for these approaches be-
yond what’s in this article.
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