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Abstract—Due to the contribution to a more natural and 

efficient human-computer interaction style, multimodal 

interactive systems are becoming more and more common-

place and cover a wide range of applicants. Therefore, there 
seems to be an urgent need for an introduction to related 

concepts of multimodal interaction and an analytical review 

of the-state-of-the-art. In this paper, we try to present a brief 

review of some of the significant aspects in multimodal 

interaction. At first, the definition and advantages of 

multimodal systems are discussed, and then a brief 

development history of multimodal interaction is introduced. 

Next, we touch on the recent development in the breadth of 
work on input/output modalities and fusion engine. Finally, 

we provide a personal outlook for the research of 

multimodal interaction. It is our hope for this paper to 

provide a picture of the contemporary state of multimodal 

interaction research and a meaningful outlook for this 

research field.  

Keywords-multimodal; human-computer interaction; 

input/out modalities; fusion engine; human centered 
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I. INTRODUCTION 

Thanks to the great advancement in the manufacture of 
sensors and the breakthrough in the recognition based 
interactive technologies, more and more novel 
communication channels has been employed by human-
computer interactive systems. Unlike traditional WIMP 
interface, the newly interactive systems enable us to 
exchange information with computers by a wide range of 
modalities, such as speech, body movement, haptic 
interaction, bio-electricity signals and so on. 

In recent decades, our comprehension of human-
computer interaction is shifting from computer centered 
interaction to human centered one [1]. Traditionally, 
human is supposed to adapt themselves to the way in 
which machines transmit and receive information. Users 
often have to sit before computers and type our commands 
with keyboard or click the buttons on the screen with 
mouse, which was unnatural to us and inefficient. To 

eliminate or ease such problems, human centered 
interaction style was introduced. Machines are supposed to 
adapt to the communication pattern of human beings. 
Inherently, human interacts with others in a multimodal 
way. We employ different kinds of modalities or 
communication channels to express opinions and perceive 
information. Human centered interactive systems should 
be multimodal and support natural and intuitive 
communication with human beings. 

Multimodal interactive system has been booming in the 
past 30 years. It owes to two main reasons. The first one is 
the widespread of mobile computing devices with rapidly 
growing computing power. It results in more abundant, 
even ubiquitous computing resources, and provides a 
broad application platform for multimodal interaction. 
Secondly, with the great advance in sensor manufacturing 
and recognition based interactive technology, more and 
more communication channels can be applied to 
interactive systems. We can use many different kinds of 
communication methods to interact with computer systems. 
Multimodal interaction has been attracting many attentions 
and covers a wide range of application domains. 

II. DEFINITION AND ADVANTAGES OF MULTIMODAL 

INTERACTION 

With respect to the definition of multimodal interaction, 
the scientific community hasn't yet reach a consensus. In 
some literatures, multimodal interaction is defined as 
“interfaces that use either multiple modalities or multiple 
channels” [2]. In other words, multimodal interaction 
systems leverage different modalities (sight, hearing, touch, 
smell, taste and etc.) and different pathway to exchange 
information with human. According to this definition, 
multimedia systems also belongs to multimodal systems. 
However, multimedia systems do not necessary to extract 
meaning from the information streams they carry. Some 
scientists argue to distinguish multimodal systems with 
multimedia ones [3]. They points out that “both 
multimedia and multimodal systems use multiple 
communication channels,” however, a multimodal system 
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strives for extracting meaning from the information it 
carries while a multimedia system doesn’t. 

Whatever the definition adopted, a multimedia system 
isn’t a multimodal system in the true sense. Information is 
transmit through different communication channels in 
multimedia systems, but the signals in different channels 
are simply and independently processed, and the overall 
meaning is not be strived by the system. The shift from 
single modality to multimodalities does not reflect only in 
an increasement of the number of modalities, in fact, it 
means a leap from machine centered interaction to human 
centered interaction. Multimodal interaction systems 
leverage many different modalities and strive for the 
overall meaning of the information streams, so to better 
understand users’ intention. They aim to provide natural, 
intuitive and efficient interaction methods for human, 
towards the full use of human interaction capabilities. 

The advantages of multimodal systems differ from 
particular applicants and the particular modalities and 
structure of the systems, therefore it is difficult to draw 
general conclusions. However, many studies has shown the 
great advantages of multimodal systems over unimodal 
ones [4, 5]. Multimodal systems may have the following 
advantages. 
 They may extend the information transmission 

bandwidth and widens the capture range of 
information, so to improve the information 
transmission efficiency; 

 Different transmission channels may provide 
redundant or complementary information. Redundant 
information can attribute to the higher reliability of 
the understanding of users’ intention. Taking 
advantage of the complementary information, the 
systems can perceive much more information which 
cannot be obtained through a single channel alone; 

 They may promote the natural and intuitive 
interaction between human and machines; 

 They may have better adaption and usability to 
different users and application scenarios than 
unimodal systems. 

III. HISTORY 

The "Put that there" system [6] developed by MIT 
Bolt’s team in 1980 is considered to the first multimodal 
system in history. "Put that there" was a spatial data 
management system that users can use voice and gesture to 
interact with. As shown in Fig 1. "Put that there" system 
demonstrated the power of multimodal system to eliminate 
the ambiguity of user’s command and provided a relatively  
natural and intuitive interaction style. 

 
Figure 1. The “Put that there” System.  

Following the "Put that there" system, various human-
computer interactive systems featuring novel 
communication channels had been developed and applied 
in different application domains. Koons’s team [7] 
developed a map-based interactive system integrating 
voice, gestures and eye gaze channels. Cohen’s team 
developed the Quickset system [8] to which voice and pen-
based interactive methods were introduced. To facilitate 
interaction with the visually impaired person, Nikolaos 
Kaklanis’s team [9] introduced sound and tactile feedback 
in a map service application. Mohamad Eid’s team [10] 
developed a shooting game integrating tactile, voice, and 
visual feedback, which greatly improved the sense of 
immersion to users. F. Galán’s team [11] developed a 
smart wheelchair that can be controlled by 
electroencephalogram signal. Multimodal interactive 
systems now cover a wide range of application domains, 
including education, entertainment, medical, military area, 
etc. 

With the development of multimodal interaction, some 
related conferences and journals with internationally 
influence arise, such as ICMI conference (the international 
conference on multimodal interfaces), ISIF conference 
(International Society of Information Fusion), the 
Transactions on Interactive Intelligent Systems, and etc. 

IV. INPUT AND OUTPUT MODALITIES 

Up to now, the modalities having been used in 
multimodal systems can be roughly divided into four main 
directions: vision based [12], sound based, haptic based 
[13] and bioelectricity based. Each direction include some 
input and output channels, as the Table.1 shows. Surely, 
some communication channels utilized in interactive 
systems do not belong to anyone of the four directions, 
such as the olfaction based [14] channels and the 
magnetism based channels. Due to the space limitation we 
do not discuss them in this paper. 

The vision based input channels used in interactive 
systems include facial expression [15, 16], gestures [17-
21], head movement [22], the whole body action [23-26], 
eye gaze [27], and etc. Skin color [28, 29], shape of the 
head, facial features [30, 31] are often used to recognize 
and locate the faces. Then the machine learning technics 
can be employed to recognize the facial expression. Vision 
based motion detection has a lot of advantages. It has small 
interference to human body, and the measurement 
condition is easy to be satisfied. However, the processing 
algorithm for vision based motion detection faces some 
enormous challenges, such as the self-occlusion problem 
and ambiguity problem [32]. The vision based detection of 
head movement is relatively easier than the detection of 
gestures and the whole body action. Because the shape of 
head is rather simple and unchanging, while the geometry 
of hands and the whole body are much more complex and 
changeable [33], and the self-occlusion problem is 
unavoidable in most applications. Image display is one of 
the most common used output channels and can provide a 
great amount of information to users. Recently, 3D display 
is becoming more and more popular and has been applied 
in many interaction systems. Compared with traditional 2D 
screen display, 3D technology can provide the users with 
vivid stereoscopic images which are no longer confined to 
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the screen plane. It improves users’ immersive experience 
greatly. 

TABLE I.  INPUT/OUTPUT CHANNELS UTILIZED IN INTERACTIVE 

SYSTEMS  

 Input channels Output channels 

Vision based Facial expression 

Gesture 

Head movement 

Whole body action 

Eye gaze 

2D display 

3D display 

Sound based Speech 

Non-speech audio 

Speech 

Non-speech audio 

Haptic based Touch based location and 

selection 

Touch based gesture 

Force and force moment input 

Force and force 

moment output 

Tactile output 

Bioelectricity 

based 

EEG (electroencephalogram) 

EMG (electromyogram) 

EOG (electrooculogram) 

/ 

 
Sound based interaction is natural, intuitive and easy to 

learn, and has been applied to many interactive systems. 
Sound based interaction can be divided into speech 
interaction [34-36] and non-speech audio interaction [37]. 
Speech interaction has always been the research hotspot in 
the field of human-computer interaction. In the last 3-5 
years, as the Deep Learning Theory [38, 39] being 
introduced to the research of speech recognition, the 
recognition rate of speech increases by big percentages. 
Deep Neural Network has replaced the traditional Hidden 
Markov-Gaussian Mixture Model [40, 41] and become the 
mainstream in the research of speech recognition. Major 
Internet giants such as Google, Baidu, etc., have invested a 
lot of money and research resource to develop their speech 
recognition systems, and bring out more and more mature 
commercial products. 

Haptic is one of the five main senses (sight, hearing, 
haptic, smell, and taste) of human and is the only 
bidirectional transmission modality among. It means that 
human can transmit and perceive information 
simultaneously through haptic modality. Haptic based 
communication channels allow us to push or pull an object, 
to rotate it, and to feel its inertia, damp, shape and surface 
texture. Haptic based input channels, including touch 
based location and selection, touch based gesture, force 
input, and etc. Haptic based output channels can be 
roughly divided into force output [42], and tactile output 
[13, 43]. The first two input channels have been widely 
used in smart phone, tablet PC, and other devices with a 
screen. Force input as well as force and tactile feedback is 
of great importance to interactions in which human has to 
manipulate objects in virtual environment or remote site. 
They allow users to operate intuitively and feel what is 
happening in the environment. 

In recent years, bioelectricity technology has made 
great progress and became accessible to interactive 
systems. Bioelectricity-based input channels including 
EEG [44](electroencephalogram), EMG(Electromyogram), 
EOG (electrooculogram), and etc. EEG signal is of special 
importance to severely paralyzed person or patients with 
neuromuscular disease [45]. Such patients cannot send 
control signals to their limbs so they cannot move their 
legs or arms, while they can generate EMG signals 
normally. By processing their EEG signals, their intended 

motions can be identified and be used to control the 
prosthesis or some smart instruments such as wheel chair, 
as shown in Fig. 2. EMG can also be used to estimate 
users’ action. There is a small time interval between the 
moment EMG signals can be detected and the moment 
muscle is activated. Taking advantage of this time interval, 
human’s action can be estimated before it really happens. 
Comparing with actions estimation with EEG signals, 
estimating actions with EMG signals is more precise. 
Recently, EOG signal has attracted some attentions. EOG 
can be utilized to detect outer retinal disease, and serve as 
control signal to wheelchair or prosthetics. 

 
Figure 2. Brain-controlled Wheelchair. 

V. FUSION ENGINE 

Fusion engine – also referred to as multimodal 
integration – is the critical technic for multimodal 
interaction. Fusion engine aims to combine and interpret 
information from various input modalities. As mentioned 
in previous papers [46], multimodal fusion engine is facing 
a number of challenges: 
 Heterogeneous data – Multimodal systems collect the 

qualitatively different data such as visual, auditory, 
haptic and bioelectric measurements. Both cases have 
to be handled properly by fusion engine. 

 Imperfect or inconsistent data [47] – Data provided 
by input devices is unavoidable to be affected by 
some level of uncertainty and impreciseness. Data 
from different sources may be highly conflicting. 

 The temporal issue [48] – Different modalities may 
be employed sequentially or in parallel. Fusion 
engine has to handle the problem of representing 
temporal knowledge and temporal reasoning. 

… 
The existing multimodal interactive systems have 

provided experience worthy of learning in dealing with 
above issues. To address the problem of heterogeneous 
data fusion, Cohen’s team employed the Feature Structure 
[49] and integrated information from pen-based input and 
voice through unification in Quickset system. Nigay’s 
team employed the Melting pot [50] and integrated data 
from different modalities in a tabular form. Multimodal 
parse tree [51] was utilized by Milota’s team. The Finite 
State machine [52] was utilized by Bourguet’s team. 

As reviewed by Bahador Khaleghi [47] et al, a number 
of mathematical theories have been introduced to the 
fusion engine research to tackle the issue of imperfect or 
inconsistent data. The probability theory [53], possibility 
theory, Dempster-Shafer evidence theory [54], fuzzy set 
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theory, rough set theory and random finite set theory [55, 
56] are all useful tools to deal with the problem of 
imperfect or inconsistent data. However, all of these 
theories have their limitations and are only capable of 
addressing specific aspects of this issue. A more powerful 
theory is still in urgent need. When the information 
received is inconsistent, some useful policies have also 
been used, such as defining priorities amongst the input 
channels in advance [8], or iterative testing the “N-best” 
fusion results. 

Representing temporal knowledge is of great 
significance in fusion engine. As summarized by Lalanne 
[3] et al., the time representation can be divided into two 
levels: quantitative and qualitative. Quantitative time 
means to attach a given amount of time or a precise 
moment in time to the event, while qualitative time pay 
attention to the order of the events, such as precedence, 
simultaneity and succession.  

VI. OUTLOOK 

Multimodal interaction is still in a rapidly developing 
phase and it is difficult to forecast what will happen in 
multimodal interaction research community. Here, we just 
try to give personal opinions about the meaningful and 
promising issues in the field of multimodal interaction. 

Integrating with user’s implicit information as well as 
the context of use [57] - according to the Relevance 
Theory, the speaker only conveys as much information as 
needed in any given context, so that the audience has to 
recover their intended meaning taking into account what 
was said/written as well as the context. In order to realize 
human-centered interaction, computer systems are 
supposed to capture not only what the user explicitly 
conveys but also the user’s implicit information 
(preference, emotion, fatigue, and etc.) as well as the 
context of use. Fusion engine could take advantage of the 
overall information to get a more reasonable and consistent 
interpretation. 

Taking advantage of the domain knowledge – as 
mentioned in previous studies [58], it is difficult or 
infeasible to collect a sufficiently large dataset for classical 
machine learning algorithms due to the high variability of 
complex patterns. Therefore, it is obligatory to make use of 
additional domain knowledge to better integrate the input 
streams. 

Arranging the outputs – while most of attention has 
been paid to input modalities and their fusion, the 
arrangement of the output channels attracts less attention 
[59]. In fact, the arrangement of output channels is of great 
importance to realize a seamless and efficient human-
computer interaction. Multimodal systems are supposed to 
take advantage of their multiple output modalities to 
convey information in a more natural and efficient way. 

Paying attention to the role of human in interactive 
systems – in some recent research, the concept of hard/soft 
sensors [60] has been introduced. The hard sensors 
represent the traditional electronic devices, which soft 
sensors represent human. Human is regarded as a special 
kind of sensor and plays an irreplaceable role in some 
scenarios (such as a judgment of the relationship). Human 
computer interactive system is a man-in-loop system. In an 
interactive system, human may act as a sensor, actuator, 
decision maker, audience, and etc. Considering human’s 

role in a different angle may open up a novel research 
direction in the field of multimodal interaction. 

VII. CONCLUSIONS 

The present paper gives a brief survey of multimodal 
interaction, including the definition, advantages, and 
history of multimodal interaction, discussion about the key 
technical issues of input/output modalities and fusion 
engine, as well as a personal outlook. It is our hope for this 
paper to provide a picture of the contemporary state of 
multimodal interaction research and a meaningful outlook 
of this research field. 
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