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Conversational In-Vehicle Dialog Systems

The past, present, and future

utomotive technology rapidly advances with increasing connectivity and automa-
tion. These advancements aim to assist safe driving and improve user travel experi-
ence. Before the realization of a full automation, in-vehicle dialog systems may
reduce the driver distraction from many services available through connectivity.
Even when a full automation is realized, in-vehicle dialog systems still
play a special role in assisting vehicle occupants to perform vari-
ous tasks. On the other hand, in-vehicle use cases need to
address very different user conditions, environments,
and industry requirements than other uses. This
makes the development of effective and efficient
in-vehicle dialog systems challenging; it
requires multidisciplinary expertise in auto-

matic speech recognition, spoken language
understanding, dialog management (DM),
natural language generation, and applica-
tion management, as well as field sys-
tem and safety testing. In this article, we
review research and development (R&D)
activities for in-vehicle dialog systems
from both academic and industrial
perspectives, examine findings, dis-
cuss key challenges, and share our
visions for voice-enabled interaction and
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intelligent assistance for smart vehicles
over the next decade.

Introduction

The automotive industry is undergoing a revolu-
tion, with progress in technologies ranging from
computational power and sensors to Internet connectivi-

ty and machine intelligence. Expectations for smart vehicles
are also changing, due to an increasing need for frequent engage-
ment with work and family, and also due to technological progress of prod-

ucts in other areas, such as mobile and wearable devices.

This article will address human—machine interaction (HMI) and advanced intelli-
gent assistance during the use of smart vehicles with a focus on voice-based technology.
Dratal Objeet Hemier 101 109MSE 2015.259920] Speech is a primary means for human-to-human communication, capable of conveying
Date of publication: 4 November 2016 rich content, colorful emotion, and human intelligence. Therefore, it is the most suitable
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driver—vehicle modality, allowing drivers to keep their eyes
on the road and their hands on the wheel. A strong user need
for a true voice-enabled intelligent assistance will soon make
it possible to perform many daily tasks while driving, which
previously could not be achieved safely. During the transition
from highly manual vehicle operation to highly automated
operation, moving from simple dialog systems to sophisticated
driving assistance is a major trend, and both challenges and
opportunities arise.

Review of past major activities

The results from well-designed driver data collections reveal
useful insights into HMI. Innovations from R&D projects as
well as related assistance systems provide a good foundation
for future developments. An overview for past major activities
is given next.

In-vehicle dialog data collection
In the past two decades, vehicles equipped with both human
and vehicle sensors have been deployed to collect realistic data
on drivers, vehicles, and driving environments for the develop-
ment of human-centered technologies. Among the in-vehicle
data, speech corpora were collected for developing in-vehicle
automatic speech recognition (ASR) and spoken dialog sys-
tems. Speech and audio data collections in cars are necessary
to capture specific driver speech patterns
and in-vehicle noise characteristics. For
ASR, collected data can also be used to
expand natural language coverage in recog-
nition grammars. Video and data from a
variety of sensors (e.g., haptic input, brake
and gas pedal pressure, steering wheel
angle, vehicle position, etc.) were synchro-
nously collected to capture multimodal
interactions between the driver and vehicle,
as well as driver’s states and cognitive loads. Started in 1998,
the SPEECHDAT-CAR effort was the first international pro-
gram to form a multilanguage speech corpus for automotive
applications with 23 research groups from nine European
countries and one U.S. site. A number of additional large-scale
automotive speech data collection were completed [1]-[9].
Some of them are fully or partially open to the public for
research purposes; others are privately owned by companies
for product development. To study naturalistic conversational
speech during driving, most data collection experiments
deployed a Wizard of Oz (WoZ) technique [10], typically
involving a human navigator (wizard) sitting in a separate room
to simulate a dialog system. Another common methodology is
to collect actual driving data with event data recorders. In gen-
eral, these systems only record specific vehicle information
over a short period of time during a crash and usually do not
include audio and video data. However, these data are very use-
ful for investigating accident causes and designing interfaces.
A common finding among most data collection efforts vali-
dated very significant speaker variability across different driv-
ing conditions and maneuver operations. CU-Move focused on

Speech is a primary means
for human-to-human
communication, capahle
of conveying rich content,
colorful emotion, and
human intelligence.

in-car noise conditions across different cabin structures. It found
that having the windows open has more effect on the recognition
accuracy than increasing the vehicle speed. AVICAR showed
that combining both audio and video information significantly
improves the speech recognition over the audio-only informa-
tion under noisy conditions but is less beneficial in quiet condi-
tions. SPEECHDAT-CAR reported that about 50% of collected
speech data in vehicle is from speaker noise such as breathing,
and coughing, while mispronunciation and incomprehensible
speech could contribute up to 5% of data. From the corpus of the
Center for Integrated Acoustic Information Research, it found
that the number of fillers, hesitations, and slips per utterance
unit was 0.31, 0.06, and 0.03, respectively. The Conversational
Helper for Automated Tasks (CHAT) data collection shows that
nearly 30% of proper names were partial names [9], and disflu-
ent and distracted speech was prevalent [10].

Key findings from past R&D projects

for in-vehicle use cases

Over the past decade, a number of publicly funded projects
specifically address in-vehicle use cases, e.g., Virtual Intelli-
gent Codriver (VICO), Tools for Ambient Linguistic Knowl-
edge (TALK), and CHAT [9]. In the automotive industry, it is
well known that driver distraction is a major source of fatal
traffic accidents; thus, minimizing driver distraction in auto-
motive HMI has been a key goal. Driving-
related activities have been classified as 1)
the primary tasks of vehicle maneuvering,
which require one’s eyes on the road for
navigation and obstacle avoidance, one’s
hands on the wheel for steering, and one’s
feet on the pedals for moving or stopping
the vehicle and 2) secondary tasks, such as
maintaining occupant comfort and access-
ing infotainment. While these primary
tasks have been stable, increasingly, the secondary tasks are
becoming richer and more diverse, especially as Internet
connectivity and availability of information and services have
become common. Manual controls for such sophisticated sec-
ondary tasks such as buttons and knobs are difficult for driv-
ers to safely operate and are inadequate for complex tasks. As
speech technology has matured, it has become an increasingly
natural choice due to its convenience and robust capabilities.
The CHAT-Auto addresses conversational dialog systems-
related challenges, such as voice-operated multitasking with
imperfect speech input and communicating a large amount of
information content to drivers with limited cognitive capacity.
It further demonstrated the feasibility of speech technology
for representative vehicle use cases such as navigation by des-
tination entry, point-of-interest (POI) finding, and music
search. The European Union (EU) VICO project initiated
voice-enabled assistance system prototyping for navigation-
related tasks such as POIls and address input. The EU TALK
project covered on adaptive multimodal and multilingual dia-
log systems with a main focus on reusability by allowing for
the core dialog system to be separated from specific
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applications, languages, or modalities. It also intends to show
the capability of learning dialog strategies to improve com-
munication with drivers when an ASR engine make errors. A
statistical framework of a partially observable Markov deci-
sion process was used to address uncertainty in speech recog-
nition results [11]. Despite different foci of these research
projects, they share many important building blocks in an
advanced speech dialog system, as shown in Figure 1.
Influential automotive infotainment HMI products on
the market include BMW iDrive, Mercedes
COMAND, Audi MM]I, Ford Sync, GM CUE,

safety risks. Research shows that glancing away from the road
for two seconds or longer may increase the risk of an accident
from four to 24 times [12]. Such research evidence has led some
original equipment manufacturers to prohibit the use of some of
interfaces with hierarchical menu structures during driving. The
voice-based systems have been shown to reduce driver look-away
time and lessen spatial and cognitive demands on the driver. It
is expected that recent advancement in speech recognition tech-
nology; other sensing technologies such as gesture on touch pad,

on steering wheel surface, and in air; as

well as deeper modality fusion technolo-

Lexus Enform, and Acura AcuraLink. In gener- In the past two decades, gies would greatly liberate the designers so
al, these HMI products are used to control mul- vehicles equipped with that many new devices and services can be
tiple in-car functionalities including navigation, hoth human and vehicle incorporated without many physical con-
entertainment, multimedia, telephony, vehicle sensors have heen straints in the cockpit [13], [14].

dynamics, and so on. Existing HMI input tech- deployed to collect

nologies fall into two categories: haptic based
and voice based. Of haptic-based input meth-
ods, the two most common are control knobs
and touch screens. German cars, e.g., BMW
iDrive and Audi MMI, typically use control
knobs. While these control knobs are simple
to operate, it often takes multiple steps to
access a function deep within a menu. Thus,
these interfaces impose cognitive demands on drivers, requiring
them to memorize where menu items are located and navigate
through the menu while driving. In contrast, Japanese cars tend
to use touch screens. Navigating touch-screen interfaces can be
more intuitive and efficient, but they impose a spatial limita-
tion on drivers, as they must reach out to different areas of touch
screen to access predesignated buttons in a shallower but still
hierarchical menu structure. As both knobs and touch screens
require hand-eye coordination, haptic interfaces pose inherent

realistic data on drivers,
vehicles, and driving
environments for the
development of human-
centered technologies.

Knowledge Knowledge
Acquisition |:> Base
Natural
Speech
s |:‘l > Language
> R t
ecognition Understanding
<:| Speech <:| Response
Synthesis Generation

Related intelligent assistant
technologies

Likewise, many efforts were devoted to
the field of general-purpose voice-enabled
intelligent personal assistants (IPAs). The
U.S. Defense Advanced Research Proj-
ects Agency (DARPA) funded a number
of key IPA-related programs. The
DARPA Communicator project was a major early effort in
developing robust multimodal speech-enabled dialog systems
with advanced conversational capabilities for engaging human
users in mixed-initiative interactions. From 2003 to 2008,
DARPA funded the Cognitive Agent that Learns and Organiz-
es (CALO) project. CALO attempted to build an integrated sys-
tem capable of true artificial intelligence’s (AI’s) key features
such as the ability to learn and adapt in adverse situations, and
comfortably interact with humans [15]. The CALO project had
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-

FIGURE 1. A generic block diagram for a typical in-vehicle spoken dialog system.

|EEE SIGNAL PROCESSING MAGAZINE | November 2016 |

51



52

Google Now (2012)
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(Google Assistant)
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—Viv

FIGURE 2. The development of voice-enabled IPAs.

a number of spin-offs, most notably SRI International’s Siri
intelligent software assistant.

Nuance speech technologies are behind many successful
products in different markets. Due to limitations in speech
understanding accuracy and coverage, early Nuance speech
dialog systems in call-center applications strictly followed a
visual menu design, rather than typical human interaction pat-
terns, leading to low user satisfaction in many cases.

After the acquisition of Siri in 2011, Apple’s launch of
the IPA on the iPhone marked a turning point in the mass
acceptance of speech technologies. With the massive com-
putational power available through the cloud, more applica-
tions and Al technologies started to be integrated into dialog
systems; see Figure 2. Consequently, IPAs were developed
that allow users to operate devices, access
information, and manage personal tasks in

Markov with Gaussian mixture model (GMM-HMM)-based
approaches in speech recognition performance. With power-
ful computing resources and advances in learning algorithms
beyond early approaches [17], [18], hidden Markov models with
DNN (DNN-HMM)-based approaches are able to reduce error
rates in speech recognition by 50% [18]. Various studies have
been conducted on noise robustness with DNN. Some focus
on using environmental information via feature enhancement
[19]-[22]. Others include different conditions, such as model
noise, reverberation, or speaker variation, in an end-to-end
speech recognition training with a recurrent neural network
[23]. The latter contrasts with traditional approaches of sepa-
rating ASR optimization into front-end signal processing and
back-end model training. Effective front-end approaches have
been developed to address acoustic echo,
background noises, and multiple sound

a much richer way. Notable IPAs include “_Ie ramu_mcrease of sources with microphone array processing
Apple Siri, Google Assistant, Microsoft [ NOR-Guality cloud-based 541 26 The improved recognition accu-
Cortana, Amazon Echo, IBM Watson, and IPAs has heen partly racy significantly benefits the usability and
Baidu. In addition, the major players in the attrihuted to recent adoption of the general IPAs.

field are building up developer platforms
around these IPAs to enable their own Al
ecosystems. However, these systems typi-
cally do not have much dialog capability
and, in most cases, focus on single-turn
question-answers (Q&A) and simple actions. As a contrast,
text-based chatbots from Facebook, Google, and others make
use of dialog technologies in automating services via Messen-
ger, bypassing the dependency on speech technology.

The rapid increase of high-quality cloud-based IPAs has
been partly attributed to recent advances in deep learning tech-
nologies—especially deep neural networks (DNNs) [16]. With
the exception of speaker recognition in the late 1990s [17],
deep learning methods have only recently surpassed hidden

advances in deep learning
technologies—especially
deep neural networks.

The automotive industry has taken two
different approaches to address the arrival
of cloud-based, voice-enabled assistance
systems from major IT companies. The
shallow integration approach leverages in-
vehicle microphones, loudspeakers, control buttons, or a head
unit screen to enable mobile devices to synchronize the sys-
tems’ look and feel. This approach is represented by the Mir-
rorLink standard from Car Connectivity Consortium, Apple’s
CarPlay, and Google’s Android Auto. The deep integration
approach requires the integration of the embedded and cloud
systems at a component level. Recent experiments have shown
that combining ASR results from embedded and cloud-based
engines can reduce word error rate by up to almost 30% for

IEEE SIGNAL PROCESSING MAGAZINE | November 2016 |



Table 1. Major technical challenges for the in-vehicle dialog system.

Dialog System/Components Features Challenges
ASR Noise robustness Robust ASR under different driving conditions with different types of noise environments,
e.g., road, wind, or traffic noises.
Cognitive state Learning the driver cognitive states from speech for better recognition: what his/her
sensifivity emotional state is, whether he/she is busy with maneuvering the vehicle, drowsy,
listening to radio or music, or thinking about something else.
Addressee defection Discriminate between system-directed from human-directed (or ambient) speech
without using pushHo-alk button. Tracking user conversation with the system for
multiple dialog turns (also DM).
[§] Spoken language Make sense from broken human speech with high level of hesitation, revision,
understanding or wrong word order or high speech recogpnition error rate.
Multimodal understanding  Integration of input from other natural modes (e.g., gesture on surface or in air,
eye gaze) and accurate understanding of user intent.
DM Decision about what system states need fo be communicated fo the drivers and at what

Knowledge management

Natural language generation

conditions in coordination of the requests from the user in the dynamic changing context.
Careful management of driver emotion, and selected content fo the driver for the condition.

Domain knowledge fo be selected based on dynamic context and personal preference
via user modeling and used fo facilitate the IU as well as recommendation and decision
making.

Context-dependent content generation and prioritization. Discourse-aware flexible
expression generation under different driving conditions and requested item
availability as the template-based approach will no longer be sufficient.

Application manager

Fast multidomain infegration

Multiagent integration

Multiple nomadic devices may be brought into the vehicles. To specify devices and
services so fo voice-enable them, integrate devices dynamically (plug and play) or
perform service composition.

Coordination, infegration, and enrichment of the output from multiple assistant agents
brought in primarily through various smart mobile devices, such as Siri, Google Now,
Corfana, or embedded systems.

System level

Testing

Specification/validation

Systematic testing of whole-system behavior with respect to system latency, response
appropriateness, and task-completion rate.

Develop a detailed specification with many different possible combinations of scenarios,
and validate the resulting system according to system specification based on standards,

e.g., 15O 26262.

limited in-vehicle domains [27]. These gains will likely carry
over to other modules in the future.

While these general IPAs benefit from leveraging huge com-
puting resources in the cloud, they are highly dependent on Internet
connectivity. However, many remote loca-

most well known in-vehicle dialog system products include those
from Ford Sync (2007-2012). The GM CUE system took a major
step in 2012 by incorporating natural speech beyond restricted
grammars into its embedded dialog system, resulting in a notice-

ably improved user experience [28]. In the

tions, where drivers need navigation systems While many forward- meantime, cloud-based intelligent assistance
the most, do not have Internet connectivity. looking huilding hlocks systems have popularized in-vehicle speech
This crucial limitation provides a strong jus- in dialog systems have use, due to their relatively high language-
tification for the role of an embedded global - - - understanding accuracy and rich applications
positioning system and associated embedded heen IIWGS“g_amII fn not available in embedded in-vehicle systems.
speech interface. reseaml_l ﬂrﬂlem_s. the However, the impact of cloud-based speech

In summary, menu-structured multimodal conversion rate into technologies is mostly limited to the ASR
interaction is the current state-of-the-art tech- in-vehicle emhedded accuracy and text-to-speech (TTS) natural-
nology for operating in-vehicle infotainment products has heen slow. ness for a dialog system development. Despite

products. Embedded voice interface solu-

tions are less popular, due to limited recognition accuracy and
lack of natural language capability. Cloud-based IPAs provide a
good alternative for in-vehicle uses but with only a shallow inte-
gration. While many forward-looking building blocks in dialog
systems—such as disfluency detection and content manage-
ment—have been investigated in research projects, the conversion
rate into in-vehicle embedded products has been slow. Among the

all the technology and product limitation, it is
clear that a general direction for the in-vehicle interaction is con-
versational and intelligent dialog (CID) systems.

Challenges

In many ways, the technical challenges for in-vehicle intelligent
dialog systems bear similarity to those intended for general-pur-
pose dialog systems, especially in the context of hands-busy and
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eyes-busy scenarios. Because of the special nature of in-vehicle

use, however, additional challenges are apparent from in-vehicle

data collection efforts and in-vehicle dialog system development
activities mentioned in the section “Review of Past Major Activ-

ities.” Some important challenges are summarized in Table 1.
One may look at these challenges as arising from the three

interdependent factors: 1) the driver, 2) the environment, and 3)

the automotive industry.

m The driver. Drivers typically have short attention spans dur-
ing interaction with in-vehicle dialog systems, as driving is
their primary task. From 2020 to 2030,
drivers will begin to be exposed to auton-
omous driving technologies, freeing them
from constant attention to vehicle control.
However, according to projections by
McKinsey [39], the adoption of self-driv-
ing vehicles will likely be less than 15%
by 2030. HMI while driving will continue
to be important challenge. As a result,
CID systems have to handle challenges
on many different levels [9]. Drivers’ speech may be frag-
mented, disfluent, and repetitive. Drivers may need to hear
shorter or simpler responses; they may expect the system
to provide straightforward recommendations instead of a
potentially overwhelming number of choices. When sys-
tems make recommendations, the systems should antici-
pate driver’s contextual needs to the point that the driver
has the feeling that she or he doesn’t need to state the
obvious, so driver behaviors and personal preferences
need to be taken into consideration to avoid excessive con-
versational turns. Additionally, in one vehicle, there may
be multiple passengers, each requiring a separate prefer-
ence profile. A sophisticated dialog system should be able
to coordinate requests from different users, know when to
not interrupt human—-human conversations, and come up
with an optimized response for the group.

m The environment. The in-car environment is generally
more dynamic and has higher stakes than the contexts in
which other dialog systems are deployed. Inside the vehi-
cle, information from sensors reflects vehicle status
changes, some of which need immediate attention (an
engine breaking down), while others can be handled at a
later time (an oil change warning). Differences in design,
interior materials, and mechanics create different acous-
tic environments and background noises inside vehicles.
Outside the vehicle, the physical environment is also
diverse and dynamic. A vehicle may be on a highway or a
city road, accelerating or decelerating, on gravel or
asphalt—creating significantly different background
noises. Traffic conditions can vary significantly: the driv-
er may be stuck in stop-and-go traffic, or may be travel-
ing unimpeded at high speed. Harsh weather, such as
wind, rain, hail, or thunder, typically requires additional
attention from the driver and alters the in-vehicle acous-
tics. In such cases, the dialog system may need to use dif-
ferent dialog strategies with respect to taking the initiative

The automotive industry
has taken two different
approaches to address
the arrival of cloud-hased,
voice-enabled assistance
systems from major

IT companies.

to engage the driver. Available services (e.g., gas station,
or parking) via TTS from users’ mobile devices add
another dimension of complexity and are competing for
drivers’ attention. Managing multiple assistance systems
from different devices will become an important develop-
ment consideration.

m The automotive industry. Two key issues are critical to
automotive companies’ decisions about whether or not to
adopt new technologies. One is safety. Improper imple-
mentation of certain technologies could lead to fatal acci-

dents. The other is the reliability. When a

component is installed in a vehicle, it must

work properly for a long time. Vehicle
parts and features installed are typically
required to function properly for at least
ten years. For the safety and reliability rea-
sons, this industry is highly regulated by
the government. Relevant regulations and
guidelines include ISO 26262 [29], ISO

15504 (Automotive SPICE), and IEC
61508 [30]. Due to such requirements, common practice
in the consumer electronics or Internet world of fast prod-
uct development cycle may not be directly applied in this
industry. In the automotive industry, a rigorous process
covering design specification, development, testing, and
validation is followed to ensure the resulting product qual-
ity meets requirements. For example, to develop a CID
system, one needs to specify the system coverage and per-
formance by listing many phrasal and interactive varia-
tions under different noise conditions by speakers from
different dialect regions, leading to a huge number of
combined testing cases. A complete testing of these cases
against various requirements becomes more and more chal-
lenging, especially with increasing coverage needs from
the users.

The combination of these three factors causes many techni-
cal challenges. We next highlight some critical ones that have
long-term impact in the areas of speech recognition and under-
standing, multiple speaker conversation coordination, the effect
of driver behaviors and states for safety, as well as the integration
of general intelligent assistance systems.

Challenges in speech recognition and understanding

From a historical perspective, speech recognition in the car
started with small vocabulary systems primarily for com-
mand and control, along with optimization of either micro-
phone placement or multimicrophone array processing to
suppress the diverse noise sources present for in-vehicle
scenarios [31]. More recent efforts have focused on
expanding speech recognition coverage to additional in-
vehicle domains.

The in-vehicle acoustic environment is complex and dynam-
ic. Factors in this acoustic environment include noise from
air conditioning units, wiper blades, the engine, external
traffic, the road surface, wind, open windows, and inclement
weather. The level of background noise while windows were
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open 1-2 inches traveling at 65 miles/hour can be very close
to speech level in the frequency band 0—1 kHz. Noise is not
only intrusive and reduces the drivers’ concentration but also
degrades the ASR performance and interrupts the dialog flow.
While some noise conditions are quite similar across vehicle
types, some in-vehicle noise conditions

vary significantly across vehicles such as

One basic challenge is determining the addressee of an
utterance, since a driver (or passenger) may be speaking to
the system, or to another person, or to a person outside the
car (e.g., on a call), or even to an automatic assistant on,
e.g., his or her mobile phone. A system needs to know when

it is being addressed, and respond only
then and not in other contexts. In addi-

noise produced by engines, turn signals, Another challenge for tion, the interruption of conversation will
or wiper blades. Within the same vehicle, in-vehicle speech generally need to put another “on hold”—
noise levels can vary from very low when recognition and something that people are used to doing
the engine is idle and windows are closed, understanding with other people, but generally not with
to very high when traveling at high speeds comes from imperfect systems. Addressee detection will need
with open windows. Similar to other dialog speech input. to scale to be able to suspend as well as

systems, environmental noise also impacts
how speakers speak, affecting a wide range
of speech characteristics (including task stress, emotion, and
Lombard effects).

Another challenge for in-vehicle speech recognition and
understanding comes from imperfect speech input. When
drivers are under stress, their speech can be less fluent and
predictable. Their speech tends to contain more word frag-
ments, restarts and repairs, hesitations, and alternative phras-
ings. These deviations from standard speech result in degraded
speech recognition performance as a result of variation in
acoustics and language.

For acoustic modeling, the classical cross-word model-
ing approach becomes less effective due to word fragmen-
tation and hesitation. Similarly, speech endpoint detection
becomes very difficult as the engine does not know wheth-
er a silence is a long pause or the end of a request, espe-
cially in the presence of noise. For language modeling,
word fragments pose a challenge since there are often many
proper names to cover and names can be interrupted leav-
ing only a fragment. The more word fragments are includ-
ed in the system, the more confusability is added, and it is
harder to build a low-perplexity language model to con-
strain search space.

Initial attempts have been made to improve the detection of
disfluent speech [32]. As DNN-HMM and Connectionist Tem-
poral Classification (CTC) are overtaking GMM-HMM [18],
[33], DNN-based technologies are predicted to better handle
disfluent speech although their potential benefits need to be
validated through real-world in-vehicle uses.

Challenges in coordinating conversations

Beyond the challenges of word recognition itself, interact-
ing with increasingly capable voice technologies in the car
will require more sophisticated coordination of human—
machine conversations. Drivers freed from lower-level
driving tasks will have more opportunity for social interac-
tions both inside and (via mobile) outside the car. And the
systems in the car that they do communicate with will have
advanced knowledge and complexity. As a result, conversa-
tion management presents challenges and new opportuni-
ties even if one assumes that high-quality word recognition
is available.

resume conversations. It is worth noting

that the current practice of “hot” words
(wake-up words that are used to engage with a system)
serves to initiate an addressee, but not to effectively sus-
pend, resume, or close these interactions.

Even given the correct addressee, another challenge is
how to handle interruptions to fluency of incoming speech
for the timely determination of system responses. As just
noted, speech contains pausing and disfluencies [34], and
the task of driving only enhances opportunities for distrac-
tion and coping with sudden changes in the car or surround-
ing environment. Such fluency breaks cause important
ambiguities for turn-taking. For example, even a simple
pause to a navigation system, as in “which road do I turn
onto (long pause) after I cross the bridge” produces differ-
ent results pre- (incorrect) versus post- (correct) pause that
matter to timely interaction. Waiting induces system latency
if the speaker was actually done. Work using acoustic-pro-
sodic features of prepause speech [35], as well as incremen-
tal content [36], can be used to better determine whether a
user is suspending versus finishing an utterance. Additional
challenges exist for handling self-repairs [37] in the driver’s
speech in real time.

Future challenges in conversational management also
include the system production of “conversational grounding,”
which becomes more necessary as utterance length and com-
plexity increases. In natural conversation, partners employ
speech back channels such as “uh-huh,” as well as visual cues
such as gaze and head nods, to convey to each other that they
are “still listening.” Mobile interfaces currently display visual
information to ground users, but as autonomy increases, audio
rather than visual grounding offers the benefit of an eyes-free
option. Research on system-produced back channeling [38]
offers promise for the future of natural interactive systems, but
scaling to grounding in the safety and multiconversation envi-
ronment requires a better understanding of how users interact
with system-produced grounding mechanisms in real time and
under cognitive load.

For all of these conversational management tasks, the
in-vehicle environment offers unusually rich opportunities
for speaker-dependent modeling. With fewer lower-level
driving tasks to attend to, drivers are expected in particular
to vary dramatically in use of voice for reasons unrelated
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to driving, including phone calls. Systems can learn driver
behaviors over time to achieve better performance and safe-
ty outcomes.

Challenges in incorporating driver behavior

and driver states within a vehicle assistance system

for enhancing system and safe driving

A further set of challenges for in-vehicle dialog systems con-
cerns driver behavior and cognitive state in the context of
additionally available input from in-vehicle sensors, Internet
content, and Internet services, and their impact on dialog sys-
tem design and development.

Driving is a highly dynamic process in which the level
of environmental demands can change rapidly, while human
cognitive resources are limited. Therefore,
the most important goal in designing any

to avoid negative experience of users from system errors,
as well as nurture the positive experience.

Challenges to integrate general intelligent
assistance fechnolggies
As the demand for general cloud-based IPAs continues to
increase, drivers will bring them into vehicles while driv-
ing. The general cloud-based IPAs have been designed
primarily for uses other than in-vehicle; for example,
responses are mostly displayed on the screen. Significant
adaptation will be necessary to accommodate in-vehicle
uses. Another challenge for the in-vehicle use of general
IPAs would be to address different types of noises effec-
tively to achieve high understanding accuracy with drivers
and passengers. Yet another one will be
about how well the general IPAs will be

in-vehicle driver—vehicle interaction sys- Driver hehavior is a integrated into embedded spoken dialog
tem is to optimize information processing crucial factor in traffic systems with overlapping functionalities
of drivers while operating such systems. safety and interaction and different personalities. For such
Driver behavior is a crucial factor in traffic with in-vehicle cases, one needs to decide which IPA
safety and interaction with in-vehicle intel- intelligent systems. will take the task and provide a solution.

ligent systems. Intelligent dialog systems

that minimize driver distraction require a

thorough analysis and a good understanding of driver behav-
ior. In addition, dialog systems should operate together with
vehicle Advanced Driver Assistant Systems such as Driver
Inattention Monitoring Systems and Driver Alert Control Sys-
tems [36]. In future autonomous vehicles, drivers may engage
in many tasks other than driving. Accurate identification of
driver state and behavior plays an important role in deciding
hand over of vehicle control.

Two basic challenges are how to accurately observe
driver behavior using different kinds of sensors and then,
based on the observations, how to objectively identify driv-
er behavior and cognitive states, which are highly subjec-
tive. Previous studies have used nonintrusive techniques
combining eye movements, gaze variables, head orienta-
tion, heart rate, CAN-bus signal, vehicle position, and
road geometry to capture driver-behavior signals. These
approaches could be enhanced by integrating personal
characteristics such as gender, age, and medical condi-
tions. Earlier attempts monitored the behavior of driver
and vehicle separately, whereas recent attempts focused
on monitoring driver, vehicle, and driving environment
simultaneously to effectively associate driver’s behavior
and states corresponding to contextual information. To
infer the driver behavior from sensor data, recent common
approaches perform some kind of probabilistic techniques
to capture both static and dynamic behavioral character-
istics. The challenge is how to define to normal versus
abnormal driving status. Nevertheless, drivers possess an
ability to manage their workload capacities and adjust their
behavior to the environment under hazardous situations—
but not in every situation. In addition to safety, monitor-
ing driver behavior is important for a dialog system to
dynamically adapt itself to the driver state (e.g., emotion)

If multiple IPAs are used, the integra-
tion of multiple solutions for a task is
rather challenging and has to be resolved to offer consis-
tent user experience. This would be especially important
if different IPAs keep different user profiles with different
learned preferences.
Taking into the consideration of all these factors and their
possible combinations in a dialog system realization, we sum-
marize some major technical challenges in Table 1.

Future trends and CID system outlook

Looking toward the future, voice-enabled in-vehicle assis-
tance technologies will be influenced by two major trends
on the horizon: increased automation in driving, with inde-
pendent sensing and artificial intelligence capabilities; and
increased vehicle connectivity to online IPAs, with driving-
related services enhanced by traffic infrastructure and sen-
sor advancement.

CID systems in the context of autonomous driving

Because the average American drives alone nine times as
often as he or she drives or rides in a car with someone else,
the primary emphasis regarding in-car speech systems has
been and today still is on such systems’ interactions with
drivers and mitigating driver distraction. As technological
advances push automotive design toward increasing autono-
my in coming years, perhaps eventually culminating in fully
self-driving cars, drivers will become increasingly like pas-
sengers. The nature as well as the risks of distraction vary
along this spectrum of automotive autonomy. Even as driv-
ing becomes increasingly automated, the modality of
speech retains essential advantages over other modalities
for several reasons: listening does not detract from the
visual attention needed for driving, language has richest
expressive capability, speech technology is very flexible
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with respect to form factor, and the speech channel is little
utilized in single-occupant vehicles.

At all points on the vehicle autonomy spectrum, drivers
and passengers can avail themselves of Internet connectiv-
ity to rich content and services only recently accessible in-
vehicle. Time in the car can be used to entertain oneself or
complete useful tasks, to the extent that these activities do
not interfere with driving responsibilities. Audio channel is
preferable to visual for these activities because reading in
cars causes motion sickness for many people and because
vehicle vibration caused by road conditions interferes with
reading but listening is much less affected. Therefore, CID
systems will remain a desirable interface channel for content
and service consumption.

When drivers have greater responsibility for control-
ling their vehicles, CID systems hold the potential to
reduce distraction and increase safety by, for example,
communicating information about vehicle health and
road conditions in natural language instead of with cryp-
tic warning lights or not at all. When autonomous cars take
over greater responsibility for control-
ling vehicles, the drivers’ trust or sense
of a safe ride need to be built up over

The increasing automation of driving may allow cars to
contain larger screens. Virtual reality or mixed reality could
make use of this screen space to present content, possibly as
a three-dimensional (3-D) virtual world. CID systems may
play a special role in navigating such 3-D worlds while driv-
ing; for example, one may, with a speech request, switch the
display to a place not shown on a screen and preview
its surroundings.

Recognizing that CID technology can both increase driv-
ing safety and improve user experience allows one to see new
useful opportunities for in-car speech systems. These, how-
ever, require more conversational intelligence than is cur-
rently available to ensure that drivers’ and passengers’ voice
interactions with systems are natural and not cognitively
demanding or distracting.

CID systems in the context of the Internet of Things

Today, a single car can contain more than 100 sensors, sup-
porting various vehicle functionalities and detecting occupant
states. As vehicle technology advances, increasing numbers
and types of sensors will appear in cars.
Some of these will improve vehicle auto-
mation and safety, some will sense the

time. This trust-building process for the a“_m“omv spectrum, external environment, for example, mea-
adoption of autonomous vehicles can be drivers and passengers sure air quality, and others will sense occu-
facilitated by the CID systems through can avail themselves pants’ physical states and actions, such as
communicating information about vehi- of Internet connectivity posture or alertness. Such sensors can pro-
cle controlling capability together with to rich content and vide much of the information needed for
vehicle health and road conditions. services only recently improving the conversational intelligence

Further along the autonomy spectrum,
where smarter cars and intelligent traf-
fic systems provide ever greater driver
assistance, the temptation for drivers to pay less attention
to driving and more to unrelated content and services will
naturally grow as the primary driving tasks diminish. The
potential for boredom increases drivers’ risk of becoming
inattentive and occupying themselves with nondriving activ-
ities. Smarter cars equipped with smarter speech systems
can reduce this risk of distraction by keeping drivers engaged
to an appropriate extent, and preparing them to take over
greater vehicle control as necessary. For instance, such cars
could explain aloud their automated responses to signifi-
cant changes in driving circumstances. When approaching
a complex intersection, encountering difficult vehicle or
pedestrian traffic, or upon detecting an unexpected road
closure, cars can announce pertinent information preparing
the driver to handle the situations.

When fully autonomous driving becomes available, transi-
tions from autonomous-driving mode to human-driver mode
and vice versa will need to be very intuitive and natural
without any additional training. When the vehicle requires a
driver to take over the control, the most natural way for driv-
ers will be for the alert to come via speech request. Like-
wise, allowing drivers to request the vehicle to take over
control using speech commands will be natural and conve-
nient for drivers.

accessihle in-vehicle.

of CID systems.

With the increase of connectivity in
the Internet of Things (IoT), devices
and sensors will increasingly become more diverse
with much richer information-exchange functionalities,
expressing additional device status, features, operating
instructions, or maintenance needs, etc. With new form
factors of devices and sensors, the success of touch screens
on smart phones for information exchange may not be eas-
ily repeated in cars where physical spaces are limited or
design flexibility is required. As the screen size decreas-
es, speech will become a more preferred information ex-
change modality.

The IoTs will also bring in much more content and many
more services for drivers to access. One may receive a sce-
nic spot description or hotel vacancy advertisement along a
highway not through traditional billboards but rather from
the Internet in real time. The general IPAs may intend to
support people for these needs. However, given the typically
fast-changing environment involved in driving, the in-vehi-
cle use cases add much more dynamic and context-sensitive
requirements for such assistance. In-vehicle CID systems
have the potential in using in-vehicle sensors, such as gas-
tank level, to find better solutions for the drivers. One will
expect a tight integration of the general IPAs and embedded
CID systems to offer the drivers synergized benefits from
both systems.
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Expectation for better in-vehicle CID systems
In smarter cars with high autonomy and connectivity, speech
systems need more conversational intelligence, as we have
seen. Fortunately, the popular demand for
better IPAs and mobile voice technology is

advisories, and communicate properly based on their cognitive
and emotional state (Figure 3).

A successful deployment of sophisticated in-vehicle CID
systems in the future would require a break-
through in the system development process

driving improvements in conversational erv ?Sllec_l with from specification, development, testing,
agents by increasing conversational intelli- in-vehicle dialog and validation in the automotive industry to
gence in many of the ways previously men- systems is that the ensure high-quality but low-cost software.
tioned in this article to be necessary for interaction is often The complexity in introducing many addi-
in-vehicle CIDs. Integrating developments carried out while a driver tional sensors into the vehicle combined
in safety-optimized autonomy and conver- is operating a vehicle with much more content and many more
sational intelligence offers much promise services from the cyberworld should not be
as a secondary task.

for the CIDs that can meet automotive
requirements for naturalness, ease of use,
low cognitive demand on users, and minimal distraction from
interacting with the CID itself. Of course, automobiles consti-
tute a unique environment for speech in a multimodal setting,
and additional research is needed specific to the automotive
milieu, as discussed previously.

Moving forward, we foresee that CID systems would in-
creasingly offer explanations about the vehicle itself, including
functional operations, vehicle status, maintenance require-
ments, or even recommended driving styles for extended uses
or environmental impact. CID systems will further act as a
mediator to synchronize the content and services from different
IPAs and integrate them with in-vehicle information. They will
collaboratively support drivers on various activities with expert

Queries About
Operating Car

Harness for
Conversational
Intelligence \

\

Multimodal Sensing, Internet of Things

Safety-Optimized Autonomy

Speech Recognition

Annunciation
(Voice Alerts)

Explanations
from Car

Coordination of Conversation
(Addressee Detection, Fluency,
Turn-Taking, and Grounding)

underestimated. It is quite possible that addi-
tional new layers will be introduced in the
infotainment architecture to simplify the development and test-
ing process. New standards may need to be introduced to facili-
tate industry-wide collaboration and incentivize the adoption of
new technologies with affordable cost. Additional features may
be also introduced to support the privacy and security in both
the physical or cyberworlds by using CID systems to recognize
and track drivers’ identity and set up proper access or operation
restrictions while driving.

Condlusions

An in-vehicle dialog system is a complex system that involves
broad interdisciplinary knowledge and technologies from
automatic speech recognition, spoken language understanding,

Coordination with Driver's ‘
Current Activities, Cognitive,
and Emotional State

e

Two-Way interactive,
Collaborative, Natural,
Intelligent Communication

Gap: Ecologically Valid Data for Studies of
Behavior and for Computational Models
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Personal Assistants and Mobile Voice Technology
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FIGURE 3. Future directions of CID systems.
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DM, natural language generation, and TTS
synthesis. In addition to challenges in
development of other spoken dialog sys-

To ensure driving safety
and intelligent interaction,

award-winning project for drowsiness detec-
tor product. He organized and served as the
general cochair of the Biennial Workshop

tems, a key aspect with in-vehicle dialog itis !lecessa", m. for Digital Signal Processing for In-Vehicle
systems is that the interaction is often car- provide an effective Systems and Safety in 2015.

ried out while a driver is operating a vehi- and user-friendly Elizabeth E. Shriberg (elizabeth.
cle as a secondary task. To ensure driving interaction hetween shriberg@sri.com) is a principal scientist
safety and intelligent interaction, it is the driver and vehicle. at SRI International. She is also affiliat-

necessary to provide an effective and

user-friendly interaction between the driv-

er and vehicle. The development of such a system requires
the support of both the automotive and high-tech industries.

As sensors have become more reliable and accurate, the
incorporation of multimodal interaction beyond audio itself
allows the dialog system to detect additional nonverbal com-
munications such as the intention and emotion of drivers. This
information is advantageous for the dialog system to manage
its interaction toward accomplishing its task based on the state
or status of the driver, vehicle, and environment. Design of the
intelligent in-vehicle dialog system also exploits such informa-
tion for modeling behavior and usage patterns of a driver to
adapt itself toward more effective interaction with an individ-
ual driver.

In the context of autonomous driving and the IoT, we
expect to see more integration of speech-enabled technology
with general IPAs fully connected with in-vehicle systems. We
believe that in-vehicle dialog system technology will remain
on demand with much more enriched features in the future for
both the current human-centric driving paradigm and autono-
mous driving paradigm.
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