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Abstract—Deep neural networks have achieved near-human
accuracy levels in various types of classification and prediction
tasks including images, text, speech, and video data. However,
the networks continue to be treated mostly as black-box function
approximations, mapping a given input to a classification output.
The next step in this human-machine evolutionary process ?
incorporating these networks into mission critical processes such
as medical diagnosis, planning and control ? requires a level
of trust association with the machine. To establish this trust,
neural networks should provide greater visibility and humanunderstandable justifications for their decisions leading to better
insights about the inner workings. We call such models as
interpretable deep networks.
There are a multitude of dimensions that together constitute
interpretability. In addition, the interpretation itself can be
provided either in terms of the low-level network parameters,
or in terms of input features used by the model. In this
paper, we outline some of the dimensions that are useful for
model interpretability, and categorize prior work along those
dimensions. In the process, we perform a gap analysis of what
needs to be done to improve model interpretability.

of the human brain, a critical distinction, that has often been
made between the two, is attributed to the human ability to
“think” [4]. Informally, it is this ability to think, that allows
humans to not only make a prediction, but also justify or
rationalize it through a series of logically consistent and
understandable choices leading up to the prediction. This
justification, in turn, enables the decision maker to implicitly
or explicitly associate a measure of confidence to the prediction aiding the decision making process. The counterpart to
the human thought process in deep learning models is often
referred to as interpretability [2].
In fact, as observed in [2], the notion of interpretability is
not even a monolithic concept but reflects several different
dimensions which are summarized below:
•

I. I NTRODUCTION
Advances in machine learning and deep learning have had
a profound impact on many “low-level” tasks such as object
recognition and behaviour monitoring. Recently, researchers
have begun to explore how these approaches can be used
in “high-level” domains such as healthcare, criminal justice
system, finance, and military decision making [1]. As the
importance of the decisions aided using machine learning
increases, it becomes more important for users to be able
to suitably weight the assistance provided by such systems.
A key property is interpretability — users should have the
ability to understand and reason about the model output.
However, despite several years of research effort, progress
in this area remains limited [2]. For example, multi-layer
neural networks, in spite of the their tremendous success in
achieving near-human accuracy levels in certain prediction
and classification tasks [3], operate as black boxes, and offer
little to no explanation/visibility into why specific features are
selected over others during training, or how are the correlations
in the training data represented in the choice of the features,
or why a specific pathway in the network (e.g., transforming
raw data to classification output) is selected over others.
While deep learning based models are motivated by neuroscientific advancements in the understanding of the working

•

Model Transparency: This is defined in terms of three
parameters: (i) simulatability – whether a human can
use the input data together with the model to reproduce
every calculation step necessary to make the prediction.
This allows the human to understand the changes in the
model parameters caused by the training data; (ii) decomposability – whether there is an intuitive explanation
for all the model parameters; and finally (iii) algorithmic
transparency – which is essentially an ability to explain
the working of the learning algorithm. For example, the
choice of a hyperplane in the Support Vector Machine
(SVM) can be explained in terms of the marginal points
and the decision boundary. However, for a deep neural
network, the non-linearities added into the features at
each layers makes it difficult to explain the features being
used for the output.
Model Functionality: This is defined in terms of (i)
textual description – providing a semantically meaning description of the model output. To do so, one
might use a composition of models, one for prediction
and another one to generate a textual explanation; (ii)
visualization – another common means of explaining
the working of a model is through visualization of the
parameters. One popular approach to visualize highdimensional distributed representations is using the t-SNE
mechanism [5]; and finally (iii) local explanation – where
instead of explaining the entire mapping of a model, local
changes introduced by a specific input vector for a given

output class is computed. Gradient of the output is used
to identify specific weights and the local changes that are
influenced by the input vector.
In this paper, we provide a brief exposition of a coalition
setting in which we want to train an interpretable deep
neural network and conclude by identifying challenges that
are unique to this setting and their influence on model interpretability.
II. S UMMARY OF PRIOR ART
Please refer to the extended version of this paper for a
summary of prior work [6].
III. A COALITION PERSPECTIVE
We consider the problem of model interpretation within
a coalition setting in which multiple disparate parties come
together to forge an ad-hoc coalition geared towards achieving
a common mission. Each party owns a slice of data but
has policy-based constraints that places restrictions on the
information that it can share with other coalition members.
The success of the mission is thus contingent upon maximum
utilization of this distributed data to build a common model
shared among all the parties.
As is evident from the above setting, any decision made
using the common model has to be adequately justified for it
to be accepted by all the coalition members. Such a justification can only be generated using an interpretable model.
In addition, it is quintessential that the common model is
established as fair (i.e., unbiased), accountable and transparent
to the coalition members. Finally, the policy-constraints within
a coalition together with the non-homogeneity between the
model architectures might make it difficult to use techniques
such as layer-wise relevance propagation for interpretation.
IV. D ISCUSSION AND C HALLENGES
We now discuss in detail challenges unique to coalition and
possible alternative approaches to providing interpretability.
A. Fairness and Accountability
With rapid adoption of machine learning techniques there
has also been a growing recognition that the same techniques
also raise novel ethical, policy, and legal challenges. In particular, policymakers, regulators, and advocates have expressed
fears about the potentially discriminatory impact of data-driven
learning approaches, especially the dangers of inadvertently
encoding bias into automated decisions. At the same time,
there is an increasing alarm that the complexity of machine
learning and opaqueness of data mining processes may reduce
the justification for consequential decisions to ”the algorithm
made me do it” or ”this is what the model says.”
Accountability may be viewed as the ability to inspect
a model in post hoc, and make it available for human or
algorithmic inspection. Many important decisions historically
made by humans are now being made by algorithms, whose
accountability measures and legal standards are far from
satisfactory [7].

B. Interpretability versus Explainability
Computational models that impart reasoning behind their
decisions, often use the terms “interpretability” and “explainability” synonymously [8], [9], [10]. This is true, even when
the community acknowledges the need for clear taxonomy [2].
We would like to propose a differentiation between these terms
and in doing so, we are able to clarify the process of forming
testable metrics within the problem space.
When talking about the explainability of a model, we suggest that this refers specifically to the type and completeness
of the output given when a model is queried for reasoning
behind its decision. This means that explanations of the same
type can be compared using a metric without need for any
further context [11]. However, explanations of different types
(saliency map images [12] and text captions for example [13])
can’t be compared using a metric.
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