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Abstract—With HRI experiencing a huge increase in interest
over the last years, we have to think of ways how to improve
our coexistence with robots. Since service robots are now applied
in areas, where HRI has never played a major role before, new
paradigms need to be developed to establish a more natural
interaction with robots. Despite the fact that natural language
is considered to be one of the best and most natural ways to
communicate with robots, there are certain situations where a
merely verbal interaction might fail. However, making use of the
possibilities that a robot provides, it might be able to supplement
a verbal conversation with nonverbal modalities. In this paper we
will examine how and to which extent a dialog system in HRI
can be enhanced by applying a multimodal system, providing
additional information and a sense for semantic context.

I. INTRODUCTION

The idea of robots supporting humans in their everyday life
has a long-standing historic background. One of the earliest
concepts was designed by Hero of Alexandria, 85 A.D., who
created an operative machine that is capable of automatically
pouring wine for party guests [1]. Ever since then, several
attempts have been made in order to imitate human abilities
with the help of dedicated machines, which we usually refer
to as robots.

In general a robot can be defined as an embodied artificial
intelligence, that is capable of sensing its environment and
automatically makes useful work [2]. Especially from an
ethical point of view, an essential demand to robotic systems
is that they should always act non-destructive and to the
advantage of the human race. (cf. Three laws of robotics) [3]:
1) A robot may not injure a human being or, through
inaction, allow a human being to come to harm.
2) A robot must obey the orders given it by human beings
except where such orders would conflict with the First
Law.
3) A robot must protect its own existence as long as such
protection does not conflict with the First or Second
Laws.

Traditional applications of robots are often situated in indus-
trial contexts and thus require very little human interaction.
Hence industrial robots are usually controlled remotely by
human supervisors with the aim to accomplish results-oriented
tasks. This often requires a technical expertise on the supervi-
sor’s side. More recently robots have expanded their usage in
industry into a collaboration with humans in civil and domestic
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Figure 1. The Uncanny Valley describes the phenomenon that a higher level
of human likeness does not automatically result in greater affinity in society.
Referring to [9].

spaces [4]. Characterised as service robots, most of them are
designed for convenient purposes — think of vacuum cleaning
robots — but can also act as social companions and service
providers [5]. Those, typically having a human-like appear-
ance, are commonly referred to as Humanoids or Androids.
As they are designed to engender confidence, Humanoids are
often applied in social services such as caregiving, healthcare,
elder care [6] or even security [7]. Thus it is inevitable
that society accepts these robots as peers. However, studies
have proven that the affinity towards entities only increases
with their human likeness until a specific point is reached.
Thenceforward the majority of people rather rejects entities
that are to close to their own appearance. Simply put, humans
tend to favour robots with “cute”, human-oriented looks over
robots that eerily imitate human attributes [8]. Figure 1 shows
the phenomenon which is called the Uncanny Valley and was
first described by Mori in 1970 [9].

With regard to overcome the Uncanny Valley, there are sev-
eral approaches that concentrate on improving the interaction
between humans and robots [10]. Goodrich (2007) comprises
them within a dedicated research area, commonly referred to
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Figure 2. Basic architecture of a conversational interface
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as Human-Robot Interaction (HRI), and defines it as follows
[11]:
“Human-Robot Interaction is a field of study
dedicated to understanding, and evaluating robotic
systems for use by or with humans.”

A long-term goal of HRI is it to allow a more natural inter-
action between humans and robots, imitating human-human
interaction [6]. Since the latter often requires communication,
one has to think of ways on how to enable a natural dialog
between humans and robots. Dependent on the respective
field of application, we have to distinguish between differ-
ent layers of communication. For instance, in an industrial
context command based instructions are sufficient in order
to control a machine remotely. For assistance systems that
might not longer be the case. Thinking of robots as intelligent
service providers, they should at least implement some kind of
Question answering system. In more sophisticated applications
robots should be able to interpret utterances, understanding
what the intention was and consequently perform certain tasks.
Furthermore this so called Task-oriented dialogue might be
extended to a Chat-oriented dialogue, assuming that the robot
is actively contributing to the dialogue rather than passively
reacting to the user’s input [12], [13].

The following section gives an introduction to Natural Lan-
guage Processing, considering traditional and more advanced
concepts. In the third section we will examine the possibilities
a service robot can provide, having a special focus on the
concept of Robot-as-a-Service. Finally we will see how both
fields can be combined in order to obtain a more natural dialog
between humans and robots.

II. FUNDAMENTALS OF NATURAL LANGUAGE
PROCESSING

Natural Language Processing describes the process of
computationally understanding and manipulating human
language [14]. Comparing machine language with human
language, there are several differences. While human
language has evolved over the years and is consequently
rather unstructured, machine language is synthetic and
structured. With human language one can express simple
observations together with abstract concepts. Machine
language by contrast is limited and often tailored to the
respective purpose [15]. That is, a system is needed to
translate one into the other.

Basically, such a system is composed of five components.
The Automatic Speech Recognition (ASR) converts raw audio
signals into a textual representation. This representation is then
used as an input for the Natural Language Understanding
(NLU) component, which interprets the utterance, for
instance by matching it with a predefined set of rules,
and finally converts it into a semantic representation. A

Dialog Management (DM) component processes the semantic
representation and uses some kind of knowledge base, that
might be for example a task model, to put out a suitable
response. Thereby the DM decides whether all preconditions
for a certain task are satisfied or if there is any need for
clarification. Based on that decision a respective textual
response is generated by the Natural Language Generation
(NLG) module. Finally, the Text-to-Speech component
converts the textual output into an audio signal [16].

In the following we will focus on the NLU component
since it represents one of the core components for creating
a common ground between humans and robots or generally
speaking embodied agents [17]. We will observe different
methods for NLU, outlining advantages and disadvantages
for their application in HRI.

A. Grammar-based NLU

In a grammar-based approach, the NLU component uses
phrase spotting techniques that largely rely on syntax rules
[18]. Due to performance reasons - one requirement to Natural
Language Processing is that it should work in real time -
these rules strictly follow the principles of a context-free
grammar [19], meaning that there is only one nonterminal
symbol S per rule, from which an arbitrary sequence of
terminal and nonterminal symbols can be derived [20]. In a
real-word scenario one could think of nonterminal symbols
as abstract slots, that can be filled with concrete values [21].
Listing 1 shows a basic example, where a request for the
weather can be applied to different cities and times. Note
that rules are usually nondeterministic, so that a nonterminal
symbol can be derived into multiple terminal values.

Listing 1. Basic example of a context-free grammar
$Loc — New York
$Loc — London
$Loc — Mainstreet
$Time — today
$ROOT — How is the weather in $Loc $Time ?

Grammar-based approaches are applicable whenever user
utterances can be easily transformed into syntactic representa-
tions [22]. Unfortunately, in HRI that is not always the case.
Service robots often have to deal with elderly people or people
with cognitive restraints, who might face problems when pre-
cisely formulating a request [6]. Since a grammar-based NLU
is not capable of anticipating all linguistic constructions that
might occur, communication can fail and HRI can be felt as
unsatisfactory. To overcome the shortcomings of a grammar-
based approach one could either use external modalities to
support the dialogue (as discussed in section III) or implement
more sophisticated approaches to NLU, such as using Machine
Learning methods.

B. Deep Learning for NLU

Ambiguous utterances are a huge problem when it comes to
Natural Language Understanding [19]. Rather than squeezing

in $Loc



potentional utterances into a tightly tailored syntactic skeleton,
one could think of ways to classify utterances and, based on
that, approximating the users intention. Kim (2014) introduced
Convolutional Neural Networks (CNN) to perform feature ex-
traction on sentences in order to perform such a classification
[23]. Being a specialisation of neural networks, CNNs consist
out of multiple processing units (neurons), that are attached
with a learnable weights. In consideration of a given activation
function they produce an output by somehow computing a
result given the weight and an input vector v [24]. This input
vector is usually assembled from the calculation that previous
neurons produce. Given the fact that there are multiple layers
of neurons such a network is also called a feedforward neural
network.

In CNNss there is no direct connection between the input layer
and the output layer. Instead the output is calculated by using
convolutions over the input layer. Thinking of the input as a
matrix, one could imagine a convolution as a sliding window
or a filter that is applied to the matrix. Figure 3 shows the
concept for the given example of a 5x5 matrix and a 33
filter. Typically, a CNN comprises multiple convolution layers.
During the training phase a CNN automatically learns the
values of its filters. In Image Processing that could be for
example the detection of edges in the first layer, then using
these edges to recognise shapes in the second layer and so on
[25].

Exactly like image pixels are represented by the input matrix
in Image Processing, sentences serve as input in Natural
Language Processing. Each row of the input matrix typifies
a token in the sentence. That is usually a word but could also
be a character. Consequently the filter is also a whole row
having the same width as the input matrix [26]. With the aim
to extract words, we can think of the filter as a vector of words,
referring to the height of the vector (i.e. the amount of words)
as the region size. For learning complementary features from
the same regions, the CNN might use n filters of the same
region size. As a result we obtain n vectors, containing the
filtered words from the original sentence matrix. These vectors
are also called feature maps as they represent the extracted
features [27]. Based on the retrieved feature maps, another
layer in the CNN performs a /-max pooling in order to record
the n largest numbers from each feature map. In a simple
example that could be the words with the highest occurrence
rates. In a next step the penultimate layer concatenates the
vectors gained from the 1-max-pooling and finally classifies
the sentence using a softmax function [28].

The overall goal of using CNNs in text classification is to
get a basic idea of what the text is about. As described in
the preceding paragraph this is done by detecting the most
“important” words of a sentence. However, this approach does
only work to some extent. In fact it is only applicable in
chat situations where the exact wording of an utterance does
not matter. Indeed, the topic extraction allows building up
a common ground between dialog partners in HRI. Other
Machine learning techniques, namely Sequence-to-sequence
learning, aim to understand a specific intention but allow the
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Figure 3. Functionality of a convolution. The matrix on the lefthand side is
applied to the matrix in the center. The number of matches is than registered
within another matrix.

utterance to contain a certain amount of noise [29].

III. MULTIMODALITY

When comparing Human-Robot Interaction (HRI) with
Human-Computer Interaction (HCI), there are various
similarities. Many algorithms that work for HCI are also
applicable in HRI, for instance a speech recognition
component is independent from the platform it is running
on [30]. A major difference between both areas is that
robots, and especially service robots, usually provide a
great diversity on modalities, allowing a broader way of
interaction. Next to several input channels, such as voice,
gesture recognition, facial recognition and touch sensors,
there are multiple output channels, some of which are motors,
joints or LED displays [31]. Usually one would speak of
Degrees of Freedom considering the ability of a robot to make
movements, gestures or other expressions [32]. In traditional
applications a degree of freedom corresponds with the joints
of the robot. A robot arm for instance has five to six degrees
of freedom, since it uses its joints (shoulder, elbow, wrist,
fingers) to navigate trough a three-dimensional space and can
additionally perform yaw, pitch and roll movements [33].
Furthermore, one could consider a robot’s connection to
the internet to be another input modality [34]. In order
to perform tasks like perception, planning, control and
particularly natural language understanding, robots need to
have some kind of knowledge base. By querying large-scale
knowledge systems, examples include the Google knowledge
graph or IBM Watson, it is possible to conceptualise a
dialogue manager that uses information from the semantic
web. For this purpose contextualisation achieved by using
information enrichment techniques [6]. To this extent we can
embed a robotic system into a Service-Oriented Architecture
(SOA), that comprises multiple services, such as knowledge
bases or also cloud based cognition providers (cf. Microsoft
Project Oxford ). Referring to the well-known concepts of
Software-as-a-Service or Hardware-as-a-Service one could
also speak of Robot-as-a-Service [35], meaning that the robot
is designed and implemented to serve as a all-in-one SOA
unit, requiring the robot operate as a client. That is, the robot
needs to implement several interfaces to communicate with
other, loosely coupled components and services.

Thttps://azure.microsoft.com/en-us/services/cognitive-services/



In order to combine both worlds — Natural Language
Processing and Multimodality —, we have to leverage
Natural Language Processing as an input modality, defining
an architecture which processes inputs to actuate output
modalities. In what follows we will introduce a basic concept
for such an architecture.

IV. EMBODIED COGNITIVE ARCHITECTURE FOR HRI

As an engaging social interaction is of great significance
in most fields of application where service robots are
situated in, a cognitive understanding is crucial for them
to show appropriate, adaptive and contingent behaviours
[36]. Using domain-general structures and processes as
well as flat semantics, Cognitive Architectures can model
the concept of cognition. Corresponding implementations
are typically comprised of three layers. A knowledge base,
usually specified as long-term or short-term memory, stores
all the information that the agent has been given. That
might be predefined concepts (beliefs, goals) or current
information received from the input modules. Next, there is
some semantic representation of the concepts that are stored
in the knowledge base, allowing them to be gathered in a
data structure. Based on this structure the agent can draw on
the concepts received during interaction in order to perform
a suitable reaction [37]. There are several implementations
of cognitive architectures including ACT, Soar, ICARUS and
Prodigy [38]. Since it mainly focuses on its usage in HRI,
we will have a comprehensive look at ACT or more precisely
the consecutive successor called ACT-R/E.

With the aim to produce human-like intelligence in an
embodied context, ACT-R/E (Adaptive Character of Thought-
Rational / Embodied) consists of five loosely coupled modules
that represent a part of human recognition each [39]:

A. Declarative Module

The declarative module represents the knowledge base in
the ACT-R/E architecture. Information is stored in chunks
and managed by the module. Moreover additional meta data,
such as the access frequency or situational contexts, helps
the module to activate certain chunks, providing contextual
information.

B. Intentional Module

The intentional module is responsible for controlling a task-
oriented interaction. For instance, in task-oriented dialogue
situations, the module ensures the appropriate response for
the incoming request.

C. Imaginal Module

Particularly appreciable in ad-hoc interruptions of a dia-
logue, the imaginal module is capable of storing intermediate
information, i.e. the system can revert to information that was
gained in a former interaction.

D. Temporal Module

The temporal module serves the purpose to establish some
sense of time within an interaction. That is, the system can
distinguish between recent and past events and react corre-
spondingly.

E. Procedural Module

The procedural module conjuncts the aforementioned mod-
ules by querying their current state and processes the in-
formation using its procedural knowledge. The procedural
knowledge is mainly represented by production rules and can
either be predefined or learned using reinforcement learning
[40].

V. CONCLUSION

While there are myriads of approaches to HRI, Natural Lan-
guage can be considered as one of the most wanted and most
applied techniques, especially in the area of service robots. Yet
one has to rethink the traditional methods of Natural Language
Processing in order to adjust them to the needs of human
dialog partners. We have seen that traditional approaches to
Natural Language Understanding might confront a lack of
coverage considering the broad diversity of slightly modified
utterances a user can make. Machine Learning algorithms
can provide a solution to this since they can recognise user
intentions independent from their syntactic shape.

Moreover we can make use of the various modalities a
robot supplies in order to support a dialog with additional
information. For instance a robot can use its sensors to interact
with a user, utilise its links and joints to visually explain
things or even display images on a monitor or a projector.
When connected to a cloud service, a robot can query semantic
knowledge bases, enabling it to build a common ground with
the user during conversation. That works particularly well in
conjunction with things like topic extraction.

Combining both, the ability to understand natural language and
the possibility to react sensibly (either verbal or nonverbal),
we need to implement a cognitive architecture on the robot,
allowing the robot to receive information in different input
channels, process them and produce a corresponding output.
We introduced ACT-R/E as one of the most advanced archi-
tectures in an embodied context.

Future challenges in combining Natural Language Processing
with HRI will include further research in deep learning meth-
ods to improve semantic segmentation [41], a more precise
representation of real world scenarios [42], as well as scaling
the system to the complex structure of human language to
cover more domains within a single conversation [43].
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