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Abstract. In this paper, we address how to generate symbolic expla-
nations for the outputs of recurrent neural networks for real-time data-
stream classification. We discuss how a recurrent neural network could be
interpreted by mapping its neuronal activations to human-defined con-
cepts from a logic-based formalism. Finally, we elaborate on how stream
reasoning could be used in this setting to produce real-time symbolic
explanations for a recurrent neural network’s output.
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1 Introduction

Recurrent Neural Networks (RNNs) are a class of neural network known for its
effectiveness in domains involving sequential data, with successful applications
spanning across multiple areas including text classification, translation, speech
recognition, and music generation, to name a few [18]. RNNs are able to achieve
impressive performance in this kind of tasks by performing parameter sharing
over their input sequences, allowing for generalization across input sequences of
different lengths, and by using feedback connections, where the output of a given
unit in a model may be fed back to that or a previous unit, allowing prior input
elements to influence the way latter ones are processed – simulating memory.

Despite the success of RNNs, they are still considered black boxes. On one
hand, the size and complexity of these models typically renders an explanation
purely based on their internal parameters, e.g., weights, biases, etc., unfeasible.
On the other, these models are subsymbolic in nature, meaning that their inter-
nal representations are generally based on a high-dimensional Euclidean space,
i.e., real-valued tensors, which do not possess an associated declarative meaning
[9], and thus they do not provide any human-interpretable indication regarding
why a given output was produced.

In this work, we discuss how to produce human-understandable explanations
for the outputs of recurrent neural networks, particularly for models which are
fed real-time data from a data stream, e.g, RNNs for real-time intelligent video
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surveillance. In Section 2, we briefly introduce and discuss some of the existing
state-of-the-art methods on interpreting RNNs. In Section 3, we analyze how to
produce symbolical explanations for the outputs of RNNs, and elaborate on how
this might motivate new research directions in Stream Reasoning.

2 On Interpreting Recurrent Neural Networks

Many methods have been developed with the goal of increasing the interpretabil-
ity of neural networks. Current popular approaches include proxy-based meth-
ods, where the model being interpreted is substituted for one that is inherently
interpretable and with similar behavior, and saliency and attribution methods,
which approximate the input features’ contributions for a given prediction.

Most work directed at increasing the interpretability of RNNs focuses on
the development of saliency and attribution methods, where multiple popular
approaches exist. Gradient-based methods, as the ones described in [14] and [17],
compute the contribution of each feature based on the gradient of the output
with respect to the input. Backpropagation-based methods, such as layer-wise
relevance propagation [2], propagate the prediction backwards using a set of
propagation rules to compute the input feature’s relevancy. Perturbation-based
methods, e.g., [11], estimate the features’ contributions by measuring how the
output changes when different parts of the input are masked.

There has also been work on developing specialized proxy-based methods for
RNNs, such as LIMSSE [12], based on LIME [13], but changing the way the
model being interpreted is probed, performing an order-sensitive sampling.

Although all of the above described methods do increase the interpretability
of RNNs, they do so in terms of the inputs of the model being interpreted, with
the explanation consisting only on the input features and their corresponding
contribution values. We argue that this approach is too simplistic, and typically
only useful in settings where the relationship between the networks’ input and
output is simple, intuitive, and well-understood, e.g., identifying familiar objects
in images, or where the input is already symbolic, such as in the domain of natu-
ral language processing. This happens because this kind of explanation is solely
based on the input features of a neural network, and thus, does not explicitly
present any clarification of the underlying phenomena that lead a particular out-
put to being produced from a given input, leaving the burden of understanding
why those contribution values justify the network’s output to the end user.

User studies [1] corroborate our argument, often finding that the explanations
produced by these methods end up being ignored or unhelpful to end users.

3 Symbolic Explanations for Recurrent Neural Networks

Recently, in [16], we explored the use of ontologies as a means to provide the
necessary language and background knowledge, at the appropriate level of ab-
straction, to adequately convey justifications for a neural network’s output. To
establish a mapping between the neural network and the concepts existing in an
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ontology, we found inspiration in the research conducted in the field of neuro-
science, where ensembles of neurons and how they respond to stimuli have been
investigated to comprehend what information they encode [8]. We hypothesized
that if a human-defined concept is relevant to the task of a trained neural net-
work, then we should be able to relate it with the representations encoded in the
model of that network. For instance, if a neural network was trained to identify
mixed trains, then we should be able to relate the representations encoded in
the network’s model with concepts like passenger car and freight wagon, given
that they are generally used to define mixed trains.

To test this hypothesis, in [16] we explored the path of establishing mappings
from the activations produced in the neurons of a feedforward neural network
to concepts from a chosen logic-based ontology. These mappings are established
through the so-called mapping networks, i.e., small neural networks each built
to predict a single human-defined concept from the activations of a given neu-
ral network, dubbed main network. Through the use of the mapping networks,
when input is fed to the main network, it is possible to observe whether their
corresponding concepts were identified, and thus acquire additional knowledge
about the main network’s input. While these mappings would allow the interpre-
tation of a neural network’s internal representations in human-understandable
symbolical terms, the ontology would provide background knowledge about the
domain of task of the neural network.

The outputs of the main network could then be explained by providing justi-
fications, i.e., minimal sets of axioms from the ontology that, together with asser-
tions made for a given input regarding each mapped concept, entail the output
of the main network. These justifications can be obtained through the use of an
axiom pinpointing algorithm to identify the sets of axioms in a knowledge base
responsible for a given entailment, such as the one described in [10]. The justifi-
cations so obtained are symbolic and declarative, hence human-understandable,
while providing a useful bridge between a neural network’s sub-symbolic be-
haviour and the symbolic world of ontologies and reasoning.

The results obtained in [16] were very promising, indicating that it is possi-
ble to leverage on the knowledge existing in a neural network’s model, and to
use that knowledge to establish mappings to human-defined concepts. For the
dataset and ontology used, the resulting justifications, were correct in 90% of
the cases. Additional experiments carried out in [16] attest to the validity of the
proposed method, e.g., by providing evidence that the extracted concepts were
instrumental to determine the output of the network, and that the mapping
networks were correctly localizing the concepts they were trained to identify.

Towards adapting the method of [16] to deal with sequential data and justify
the outputs of RNNs, we performed some preliminary experiments using a video
classification task. Based on the Explainable Abstract Trains Dataset [15], we
built a dataset containing 60-frame animations of trains transversing the canvas
from right to left, with varying speed and angle. Our experiments, performed
on three different long short-term memory networks trained to identify anima-
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tions containing trains with different visual characteristics indicate that mapping
networks can successfully be applied to RNNs.

In this new setting, where RNNs are fed with data streams, i.e., where the
input is an unbounded sequence of data elements, the outputs of both the RNNs
and the mapping networks can also be seen as data streams. Unlike with feedfor-
ward neural networks, here the temporal aspect becomes central. To fully extend
our method to this new setting, we need a logic-based formalism that supports
the representation of knowledge with a temporal dimension – to represent the
background knowledge such as, for example, that a train is of some specific type
if a passenger car precedes a cargo wagon – but also reasoning mechanisms that
are able to deal not only with such temporal knowledge, but also with the data
streams produced by both the main RNN network and the mapping networks,
to generate the justifications, which should themselves also be streams.

This is where stream reasoners come into play. Expressive stream reasoners
already allow for the representation of knowledge with a temporal dimension,
and can certainly deal with the kind os symbolic data streams produced by the
RNNs and the mapping networks. One of the most well-known stream reason-
ers, C-SPARQL [3], provides a language for continuously querying data streams
with the ability to incorporate background knowledge expressed in RDF which
allows for the representation of ontologies. One of the state-of-the-art stream rea-
soners, LASER [4], builds upon LARS [5], a rule-based language that extends
Answer Set Programming (ASP) [7] with temporal operators. LASER allows
one to declaratively encode a query over data streams as a set of LARS logic
programming rules, which can also be used to encode background knowledge.

However, for a stream reasoner to be able to deal with the problem at hand,
additional work is required. Besides the adoption of optimizations to render the
production of justifications in a timely manner feasible, they would have to be
extended with the sort of reasoning underlying axiom pinpointing. This would
certainly be the case with C-SPARQL. As for LASER, it might be the case that
the expressiveness afforded by its ASP-based rules is enough [6].

4 Conclusions

As we witness novel results stemming from the research area of neural-symbolic
AI, new opportunities arise for the use of older and newer logic-based reasoners,
while posing new challenges and opportunities for their development. Our goal
with this paper was to illustrate one such case, namely the need for expressive
stream reasoners to help produce symbolic justifications for the output of RNNs,
following the methods developed in [16] for feedforward neural networks.
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