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Abstract. Speech technology has been playing a central role in enhancing human-machine interactions, especially
for small devices for which graphical user interface has obvious limitations. The speech-centric perspective for
human-computer interface advanced in this paper derives from the view that speech is the only natural and expressive
modality to enable people to access information from and to interact with any device. In this paper, we describe
some recent work conducted at Microsoft Research, aimed at the development of enabling technologies for speech-
centric multimodal human-computer interaction. In particular, we present a case study of a prototype system,
called MapPointS, which is a speech-centric multimodal map-query application for North America. This prototype
navigation system provides rich functionalities that allow users to obtain map-related information through speech,
text, and pointing devices. Users can verbally query for state maps, city maps, directions, places, nearby businesses
and other useful information within North America. They can also verbally control applications such as changing
the map size and panning the map moving interactively through speech. In the current system, the results of the
queries are presented back to users through graphical user interface. An overview and major components of the
MapPointS system will be presented in detail first. This will be followed by software design engineering principles
and considerations adopted in developing the MapPointS system, and by a description of some key robust speech
processing technologies underlying general speech-centric human-computer interaction systems.

Keywords: human-computer interaction, speech-centric multimodal interface, robust speech processing,
MapPointS, speech-driven mobile navigation system

1. Introduction such as distributed meetings, audio-visual browsing,

and multimedia annotations, automatic processing
Speech recognition technology enables a computer of natural, spontaneous speech will collaborate with
to automatically convert an acoustic signal uttered by automatic audio-visual object tracking and other
users into textual words, freeing them from the con- multimedia processing techniques to complete full
straints of the standard desktop-style interface (such end-to-end systems. In addition to the multimedia
as mouse pointer, menu, icon, and window etc.). The applications, the most important role that speech can
technology has been playing a key role in enabling play is in a full range of the devices that demand
and enhancing human-machine communications. efficient human inputs. Since speech is the only
In combination with multimedia and multimodal natural and expressive modality for information access
processing technologies, speech processing will in from and interaction with any device, we highlight
the future also contribute, in a significant way, to the speech-centric view of human-machine interface

facilitating human-human interactions. In applications (HCI).
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Speaking is the most natural form of human-to-
human communication. We learn how to speak in the
childhood, and we all exercise our speaking communi-
cation skills on a daily basis. The possibility to translate
this naturalness of communication into the capability
of a computer is our natural expectation, since a com-
puter is indeed equipped with huge computing and
storage capacities. However, the expectation that com-
puters should be good at speech has not been a reality,
at least not yet. One important reason for this is that
speech input is prone to error due to imperfection of
the technology in dealing with variabilities from the
speaker, speaking style, and the acoustic environment.
The imperfection, in addition to a number of social and
other reasons, raises the issue that speech alone is not
sufficient as the most desirable input to computers. Use
of multimodal inputs in an HCI system, which fuses
two or more input modalities (speech, pen, mouse, etc.)
to overcome imperfection of speech technology in its
robustness as well as to complement speech input in
other ways, is becoming an increasingly more impor-
tant research direction in HCIL.

Major HCI modalities in addition to speech are
related to graphic user interface (GUI). GUI is based
primarily on the exploitation of visual information,
and has significantly improved HCI by using intuitive
real-world metaphors. However, it is far from the ulti-
mate goal of allowing users to interact with computers
without training. In particular, GUI relies heavily
on a sizeable screen, keyboard, and pointing device,
which are not always available. In addition, with more
and more computers designed for mobile usages and
hence subject to the physical size and hands-busy or
eyes-busy constraints, the traditional GUI faces an
even greater challenge. Multimodal interface enabled
by speech is widely believed to be capable of dramat-
ically enhancing the usability of computers because
GUI and speech have complementary strengths.
While speech has the potential to provide a natural
interaction model, the ambiguity of speech and the
memory burden of using speech as output modality
on the user have so far prevented it from becoming the
choice of mainstream interface. Multimodal Intelligent
Personal Assistant Device, or MiPad, was one of our
earlier attempts in overcoming such difficulties by
developing enabling technologies for speech-centric
multimodal interface. MiPad is a prototype of wireless
Personal Digital Assistant (PDA) that enables users to
accomplish many common tasks using a multimodal

spoken language interface (speech + pen + display).
MiPad, as a case study for speech-centric multimodal
HCI application, has been described in detail in our
recent publication [2]. In this paper, we will present a
second case study based on a new system built within
our research group more recently, called MapPointS.

During past several years, many different methods
of integrating multiple modalities (voice, visual, and
others) in HCI have been proposed and implemented,
and some key issues have been discussed [10-13, 16].
Many prototype systems have also been built based on
the use of multiple modalities [1, 2, 7, 9, 14], most
of which have focused on the special advantage of
the speech input for mobile or wireless computing as
in multimodal PDA’s. Both of our prototype systems,
MiPad and MapPointS, have such mobile computing
in the special design consideration. Their design also
takes the speech-centric perspective — fully exploiting
the efficiency of the speech input where other modali-
ties have special difficulties.

The focus of this paper, the prototype MapPointS, is
a speech-centric, multimodal, location-related, map-
query application for North America. The unique
advantage of the system is its full and direct ex-
ploitation of the frequently updated backend database
provided by the existing Microsoft product, Map-
Point (http://mappoint.msn.com). MapPointS essen-
tially adds the “Speech” modality and its interface into
MapPoint, and hence MapPointS. MapPointS provides
rich functionalities to allow the users to obtain map-
related information through speech, text, and pointing
devices. (MapPoint provides the same functionalities
with the inputs of text and pointing devices only).
With MapPointS, the users can verbally query for
state maps, city maps, directions, places (e.g., school
names), nearby businesses, and many other useful in-
formation. They can also verbally control applications
such as changing the map size and panning the map
moving interactively through speech. In the current
system, the results of the queries are presented back to
users through GUI. An overview and the major com-
ponents of the MapPointS system will be presented
in detail in this paper first. Following this presen-
tation, we will describe several key software design
engineering principles and considerations in devel-
oping MapPointS. Finally we will present some key
speech processing technologies underlying the gen-
eral speech-centric HCI systems including MiPad and
MapPointS.
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2. System Overview and Functionality
of Mappoints

MapPointS is a map query application that supports
a large set of map query commands through speech,
text, and pointing devices. These commands can be
classified into the following five categories:

1. Application Control: Application control com-
mands are used to control MapPointS applications.
For example, a user can use speech (as well as other
modalities) to quit the application, to pan the map
towards eight directions, to zoom the maps, or to
open and save the map.

2. Location Query: Location queries are used to search
for the map of a specific location. For example, a
user can query for a map with city names, state
names, joint city and state names, place names (e.g.,
Seattle University), or referenced locations (e.g.,
here; this place; and this area, etc., which are indi-
cated by the mouse click rather than by the speech
input.

3. Route Query: Route queries are used to obtain
directions from one location to another. There
are two types of such queries. The first type
contains both “from” and “to” information. For
example, a user can say “How do I get from
<startlocation> to <endlocation>"to obtain direc-
tions from <startlocation> to <endlocation>. The
<startlocation> and <endlocation> can be any lo-
cation type specified in location query. The second
type of queries contains information about “to lo-
cation” only. “How may I go to <location>" is an
example of such queries. When a query with “to
location” only is submitted by a user, the system
will infer the most probable from location based on
the user’s dialog context.

4. Nearest Query: “Nearest” queries are used to find
the closest or the nearest instance of a specific type
of places to the current location. MapPointS sup-
ports about 50 types of locations including bank,
gas station, airport, ATM machine, restaurant, and
school. For instance, a user can query for the near-
est school, Chinese restaurant, etc. When such a
query is made, MapPointS will infer the most prob-
able current reference location based on the dialog
context.

5. Nearby Query: “Nearby” queries are similar to the
“nearest” queries above. The difference is that all
nearby instances of a type of places, instead of only

Speech-Centric Perspective for Human-Computer Interface

one, are displayed in the nearby queries. For ex-
ample, a user can query for all nearby gas stations.
Similar to the situation of the nearest query, Map-
PointS needs to infer the most probable reference
location before executing the query.

Examples of the above five types of queries are pro-
vided now. Figure 1 is a screen shot where a map of
Seattle is displayed as a result of speech command used
in the location query: “show me a map of Seattle”. A
typical map of Seattle with its surroundings is imme-
diately displayed. All cities in the U.S. can be queries
in the same manner.

Figure 2 gives a multimodal interaction example
where the user makes a location query by selecting
an area with mouse and zooming the picture to just
that part of the map while using the following simul-
taneous speech command: “show me this area”. The
portion of the map selected by the user is displayed in
response to such a multimodal query.

In Fig. 3 is another multimodal interaction example
for the nearest location query. In this case, the user
clicks on a location, and more or less simultaneously
issues the command: “Show me the nearest school”
with speech. MapPointS displays “Seattle University”
as the result based on the location that the user just
clicked on.

In Fig. 4 we show an example of the route query to
find the direction from Seattle to Boston, with a speech
utterance such as “Show me directions from Seattle to
Boston”, or “How may I go from Seattle to Boston”,
etc. If the immediately previous location is Seattle,
then saying just “How may I go to Boson” will give
the identical display as the response to the query.

We provide a further example in Fig. 5 of query-
ing nearby restaurants by speaking to MapPointS with
“show me all nearby restaurants”. The system assumes
the current location of the user based on the previous
interactions, and is hence able to display all nearby
restaurants without the need for the user to specify
where he currently is.

For the system functionalities illustrated in the above
description and examples, MapPointS demonstrates
the following four specific features:

1. Multi-Modal Human-Computer Interaction: As we
discussed in Introduction section, one of the trends
of HCI is the integration of multi-modal inputs,
through which speech recognition is integrated with
various other modalities such as keyboard and
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Figure 1.

mouse inputs. MapPointS is a good show case for
this capability since it includes both location search
(via the name) and location pointing/selection. The
former is most naturally accomplished using voice
command because it is difficult to use a mouse or
a pen to search for one of a very large number of
items (cities, etc). The latter, location pointing and
selection, on the other hand, is relatively easy to
be fulfilled with mouse clicks. For example, a user
may ask the system to “show me a map of Seattle”.
The user can then use the mouse to click on a spe-
cific location or to select a specific area. He/she can
then or simultaneously issue the command “Show
me the nearest school around here” with speech as
the input.

2. Integrated Interface for Speech and Text: In the
MapPointS, a user not only can use speech to query
the application but also can use a natural text input
to ask for the same thing. For example, the user
can say “Where is the University of Washington”
to have the University of Washington be identified

States
e

Navigation using voice command: “show me a map of Seattle”.

oL
J S
| Bellevuel

\
W istand
*\-?Y.“ 0 8
I“-&'rl—z—'I (IIJ K N r

in the map. Alternatively, the user can just type
in “Where is the University of Washington” in the
command bar and obtain the same result.

3. Recognition of a Large Quantity of Names: As

we have mentioned, MapPointS allows its users to
query for all cities and places in the US. Accurate
recognition of all these names is difficult since there
are too many names to be potential candidates. For
example, there are more than 30,000 distinct city
names in the US, and the total number of valid
combinations of “city, state” alone is already larger
than 100,000, not to mention all the school names,
airport names, etc. in all cities.

4. Inference of Missing Information: When a user

queries information, he/she may not specify full
information. For example, when a user submits a
query “How may I get to Seattle University”, Map-
PointS needs to infer the most probable location that
the user is currently at. This inference is automati-
cally performed based on the previous interactions
between the user and MapPointS.
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3. System Architecture and Components
of Mappoints

The major system components of MapPointS are
depicted in Fig. 6. The raw signals generated by the
user are first processed by a semantic parser into the
“surface semantics” representation. For the speech
input, the speech recognizer first converts the raw
signal into a text sequence, with the help from the
Language Model component, before semantic parsing.
Each possible modality, speech or otherwise, has its
separate corresponding semantic parser. However, the
resulting surface semantics are represented in common
Semantic Markup Language (SML) format and is thus
independent of the modality. With this approach, the
input methods become separated from the rest of the
system. The surface semantics from all the input media
are then merged by the Discourse Manager component
into the “discourse semantics” representation. When

User’s mouse selection is seamlessly integrated into the speech command: “Show me this area”.

generating the discourse semantics, the discourse man-
ager integrates the environment information (provided
by the Environment Manager and Semantic Model
components) which includes: (1) dialog context; (2)
domain knowledge; (3) user’s information, and (4)
user’s usage history. Such important environment
information is used to adapt the Language Model,
which improves the speech recognition accuracy and
enhance the Semantic Parsers for either the speech
or text input. (Semantic Model is the component
that provides rules to convert the surface semantics
into actionable commands and to resolve possible
confusibility.) The discourse semantics is then fed into
the Response Manager component to communicate
back to the user. The Response Manager synthesizes
the proper responses, based on the discourse semantics
and the capabilities of the user interface, and plays the
response back to the user. In this process, Behavior
model provides rules to carry out the required actions.
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We have already introduced some components of the
above main architecture in some of our earlier publi-
cations (e.g., [2]). In this paper, we focus on two novel
components of the architecture: Language Model (LM)
and Environment Manager. The design of these two
components has been specific to the MapPointS sys-
tem.

As we pointed out in the previous section, one of
the major difficulties of the task is the recognition of
the very large quantity of names. Including all names
in the grammar is infeasible because the total number
of names is so large that the confusability between
these names is extremely high and the computation for
speech recognition search is very expensive.

The speech recognition task is conducted as an
optimization problem to maximize the posterior
probability:

W =argmax P(A | w)P(w),

User’s latest mouse click input is referenced by voice command: “Show me the nearest school”.

where w is a candidate word sequence, and P(w) is
the prior probability for the word sequence (or LM
probability). This suggests that we can reduce the
search effort through controlling the language model
so that only the most probable names are kept in the
search space. One of the approaches used to better
estimate P(w) is to exploit the user information,
especially the user’s home address, usage history,
and current location. In other words, we can simplify
the speech recognition search task by optimizing the
following posterior probability:

W =argmax P(A | w)P(w | E),

where the general LM P(w) is now refined (i.e.,
adapted) to the Environment-specific LM P(w | E),
which has a much lower perplexity than the otherwise
generic LM. (This environment-specific LM is
closely related to topic-dependent LM or user-adapted
LM in the literature.) How to exploit the user
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Figure 4. Route query to find direction from Seattle to Boston by speaking to MapPointS: “How may I go from Seattle to Boston”, or just

“How may I go to Boston” if the current location is Seattle.

“environment” information to adapt the LM is the job
of the “Environment Manager” component in Fig. 1,
which we describe in detail in the remainder of this
section.

In the current MapPointS system, the PCFG (Prob-
abilistic Context Free Grammar) is used as the
LM. Some examples of the CFG rules are shown
below:

<query> -> <app_query> | <pan_query> | <zoom_query> |
<location_query> |<route_query>|
<nearest_query> | <nearby_query> | ...

<location_query> - show me <location> | show me a map
of <location> |where is <location> | ...

<location> —> <pointed_location> | <named_location> | ...

<pointed_location> —> here | this point | this | this place | ...

<named_location> = <city> | <state> |<city_state> | <well-
known_place> | ...

<city> = New York City | Seattle | Dallas | ...

In order to build the environment-adapted LM based
on the PCFG grammar, the LM probability P(w | E) is
decomposed into the product of the words that make
up the word sequence w and that follow the grammar
at the same time. The majority of the words which

are relevant to LM in our MapPointS system are the
names or name phrases such as “New York City” in
the above CRG rules. (Many non-name words in the
grammar are provided with uniform LM probabilities
and hence they become irrelevant in speech recognition
and semantic parsing.)

We now describe how the conditional probability of
a name or name phrase given the environment (user)
information is computed by the Environment Manager
component of MapPointS. Several related conditional
probabilities are computed in advance based on well
motivated heuristics pertaining to the MapPointS task.
First, it is noted that users tend to move to a city before
querying for small and less-known locations inside
that city. On the other hand, they often move between
cities and well-known places at any time. In other
words, small places (such as restaurants) in a city,
except for the city that the user is looking at currently,
have very small prior probabilities. Cities, well-known
places, and small places in the currently visited city, in
contrast, have much higher prior probabilities. For this
reason, we organize all names into two categories: the
global level and the local level. The global-level name
list contains state names, city names, City+State,
and well-known places such as Yellowstone National
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park. This global-level name list is included in the
recognition grammar at all times. The local-level
name list, on the other hand, contains detailed location
information about a city or a well-known place. When
the current city is changed, the local-level name list is
changed accordingly.

To speed up the loading of the local-level name list,
we pre-built the local list for each of the 2000 major
cities. This is needed because there are usually many
place names in large cities and these lists are slow to
build. For local-name lists of small cities, we build
them when the city is firstly visited and cache the lists
in the hard drive in order to speed up the process when
it is visited again.

Even after adopting this approach, the number of
names is still large. The majority of the names in the
global-level name list are for cite and state combination
(City+State). The simplest way to include these names
in the grammar would be to list them all one by one.
This, however, requires more than 100,000 distinct

S, Seattle, WA 98104f15
i TR

entries in the grammar. Typical recognition engines
can not handle the grammars of such a size efficiently
and effectively. We thus take a further approach to
arrange the cities and states in separate lists and allow
for combinations of them. This approach greatly
reduces the grammar size since we only need 30,000
cities and 50 states. Unfortunately, this will provide
invalid combinations such as “Seattle, California”.
It also increases the name confusability since now
there are more than 30,000x50 = 1,500,000 possible
combinations. To overcome this difficulty, we choose
to list only valid City+-State combinations. To accom-
plish this, we prefix the grammar so that all names
are organized based on the city names, and each city
name can only follow the valid subset of the 50 state
names. The prefixed grammar can be processed by
recognition engines rather efficiently. For some slow
systems where the speed and accuracy may still be in-
adequate, we further pruned the number of City-+State
combinations.
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Figure 6.  Major system architecture and components in Map-
PointS.

The second heuristic adopted by the MapPointS sys-
tem is motivated by the intuition that if a user queries
restaurants a lot, the probability that he/she will query
new restaurants should be high even though they have
not been queried before. With this heuristic, we or-
ganize all names into about 40 classes including gas
stations, schools, restaurants, airports, etc. A complete
list of the classes can be found in Table 1.

We denote the probability that a class of names is
queried as P([Class]|History) or P([C]|H). The esti-
mate for this probability is provided as in the Map-
PointS system:

Yo exp (=Ap(T —ti))

P(Cil1| H)= > cexp (AT — 1)

where f;; is the time the names in class C; was queried
the k-th time (as the “History” information), T is the
current time, and 1, is the forgetting factor. We further
assume that [C;] is independent of other factors in the
environment. This particular form of the probability
we have adopted says that the further away a past class
query is, the less it will contribute to the probability of
the current class query.

The third heuristic we have adopted is motivated
by the intuition that even though names in the global-
level name list are likely to be queried by users, the
probabilities that each name would be queried will be

Speech-Centric Perspective for Human-Computer Interface

Table 1.  Full list of location classes in MapPointS.

Class ID Class Type

1 State

2 City

3 ‘Well-known Places

4 Galleries

5 ATMs and banks

6 Gas stations

7 Hospitals

8 Hotels and motels

9 Landmarks

10 Libraries

11 Marinas

12 Museums

13 Nightclubs and taverns
14 Park and rides

15 Police stations

16 Post offices

17 Rental car agencies
18 Rest areas

19 Restaurants—Asian
20 Restaurants—Chinese
21 Restaurants—delis

22 Restaurants—French
23 Restaurants—Greek
24 Restaurants—Indian
25 Restaurants—Italian
26 Restaurants—Japanese
27 Restaurants—Mexican
28 Restaurants—pizza
29 Restaurants—pizza
30 Restaurants—seafood
31 Restaurants—Thai

32 Schools

33 Shopping

34 Casinos

35 Stadiums and arenas
36 Subway stations

37 Theaters

38 Airports

39 Z00s

different. For example, large cities such as San 458
Francisco and Boston are more likely to be queried 459
than small cities such as Renton. For this reason, 460
we estimated the prior probabilities of all cities and 461
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462 well-known places in advance. The estimation is based Table 3. Top 10 cities queried by users of MapPoint.NET and
463 on the MapPoint.NET (http://mappoint.msn.com/) their estimated probabilities.
464 1IS (Internet Information Server) log data. The IIS Occurrence Relative
465 log records raw queries users of the MapPoint. NET Top#  Name in IIS log Frequency
466 submitted (The log, however, does not contain any
467 user identification information). ! Houston, Texas 309246 0.014637
468 We processed more than 40GB of the log data 2 Chicago, Illinois 202948 0.009605
469 to obtain statistics of states, cities, and well-known 3 Dallas, Texas 169710 0.008032
470 places that users have queried. We found that for the 4 Los Angeles, California 166005 0.007857
471 cities, the probability computed by the log data is quite 5 San Diego, California 141622 0.006656
472 similar to that estimated based on the city population. 6 Atlanta, Georgia 140637 0.006656
473 We denote the probability for each name in the 7 Orlando, Florida 135911 0.006433
474 class given the class label as P(N|[C]; examples are 8 San Antonio, Texas 122723 0.005809
475 P(Name|[Class]="City’) and P(Name|[Class]="Well- 9 Seattle, Washington 115550 0.005469
476 KnownPlace’). For local-level names, we assume a 10 Las Vegas, Nevada 113927 0.005392
477 uniform distribution for P(N|[C]). Tables 2 and 3
478 show the most frequently queried 10 States and cities
479 respectively: ) )
480 The fourth heuristic implemented in the MapPointS and djy is the dlstapce between N; € Ck a}nd 489
481 system uses the intuition that location names related the user’s home. 2, is the corresponding decaying 490
482 to the user are more likely to be queried than other parameter. 91
483 names. Forexample, if a user lives in the Seattle, he/she The fifth heuristic uses the intuition that locations 492
484 is more likely to query locations in or close to the close to the currently visite.d city are - likely to 493
485 Seattle. We calculate this probability class by class. be queried than other locations. Following the same 494
486 We denote this probability as P(Name|[Class],User) or exampl.e, if the user lives in Seattle, not oply is he/she 495
487 snnply P(Nl[C],U) and estimate it according to: more hkely to query Bellevue than Sprlngﬁeld, but 496
he/she is also more likely to query for “Everett, Wash- 497
SN; | [C. U) ington’i t.han “Everett, Massachusetts”. We denoFe this 498
P(N; | [Ci],U) = . probability as P(Name|[C],CurrentLocation) or simply 499
Z.i:N/E[Ck] SIN; | 1G], U) P(N|[C], L) and estimate it as: 500
488 where S(N; | [Ck]. L)
P(N: | [C). L) =
> ivec, SINj 1G], L)
S(Ni | [Cl, U) = exp (—Audiv) P(N; | [Ci]),
where 501
Table 2. Top 10 States queried by users of MapPoint.NET and
their estimated probabilities. S(N; | [Ci], L) = exp(—Ad;L)P(N; | [Ci]),
Top no. Name Occurrence in IIS log  Relative frequency
and d;; is the distance between N; € C; and the 502
1 California 2950295 0.127832 current location. A; is the corresponding decaying 503
2 Texas 1791478 0.009605 factor. 504
3 Florida 1512045 0.065515 The final, sixth heuristic we adopted is based on the 505
4 New York City 1117964 0.048440 intuition that if a user queries a location often recently, 506
5 Pennsylvania 1074052 0.046537 he/she is likely to query the same location again in the 507
6 Illinois 1024543 0.044392 near future. For example, if the user lives in Seattle, 508
7 Ohio 1006874 0.043626 but he/she queried for “Everett, Massachusetts” 509
8 New Jersey 780871 0033920 several times recently, we would expect that he will 510
9 Michigan — 0.033660 more likely to query for “Everett, Massachusetts” 511
10 Georgia 138660 0.032005 than .“Everett', Washington” even though Everett, 512
Washington” is more close to his home. We denote 513
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this probability as P(Name|[C],History) or simply
P(N|[C],H) and estimate it as:

S(N; | [Cy], H)
Zj:N‘,-eC,, S (Nl | [Cn] s H)

P(N; | [Ch]. H) =

where
S(N; 1 [C.], H)= ZeXp(—?»h(T —tiK))P(N; | [Cr])
k

and #;; is the time when the name N; € C,, was queried
the k-th time. T is the current time, and A, is the
forgetting factor.

With the above assumptions and heuristics based
on well founded intuitions, we obtain the conditional
probability P(Name | Environment) as:

P(N; | E) = ZP(Ni | [Cal, E)P(ICW] | E)
C/I

= ZP(Ni [ [Cal, U, L, H)P(ICy] | H)
C

Cni
C,:

ni

P(NianLvH | [Cn])
PWU,L,H|[Cs]

P, L,H | N, [C,)P(N; | [Cnl)
PU,L,H|[C.])

x P([Cy] | H)

P(Cyx]l | H)

We further assume that U, L, and H are independent
of each other. This leads to the approximation of

Speech-Centric Perspective for Human-Computer Interface

the environment-specific name probability of:

P(N; | E)
PN | U, [C,DP(N; | L, [C,DP(N; | H,[C,))
- PX(N; | [Cu])
xP([C,] | H),

where N; € C, and where all the probabilities at the
right hand side of the equation have been made avail-
able using the several heuristics described above.

In the previous discussion, we normalize probabil-
ities for each individual conditional probability in the
above equations. However, the normalization can be
done at the last step. We also noted that the system
is not sensitive to small changes of the probabilities.
With this in mind, in the MapPointS implementation,
we only updated the probabilities when the probability
change becomes large. For example, when the current
location is 10 miles away to the previous location, or
there are 20 new queries in the history. For the same rea-
son, the decaying parameters and forgetting parameters
are determined heuristically based on the observations
from the IIS log.

Another important issue in the MapPointS system’s
LM computation is smoothing of the probabilities since
the training data is sparse. In the current system im-
plementation, the probabilities are simply backed up
to the uniform distribution when no sufficient amounts
of training data are available.

With all the above environment or user-specific
LM implementation techniques provided by the

P | Ni,[C,]) P(L | N;, [Chl) P(H | Ni, [Co]) P (Ni | [Ch])

P([Cul | H)

P(N; | E) ~ CZ PU |[C.D)P(L|[Ca])P(H |[Ch])
¥ P(N; |U,[C,]) P (N; | L,[C,) P (N; | H, [C"])P([C 11 H)

Chi

We can further simplify the above equation by as-
suming that each name belongs to one class. This is
accomplished by using the location in the map—the
semantic meaning of the name as the unique identi-
fier of the name. For example, Everett can mean “Ev-
erett, Washington”, “Everett, Massachusetts”, “Everett
Cinema”, and somewhere else. In our MapPointS sys-
tem’s grammar, we allow for several different kinds of
Everett’s; each of them, however, is mapped to a dif-
ferent location in the semantic model with a different
probability. This treatment removes the class summa-
tion in the above and we have the final expression of

P2 (N; | [C,])

Environment Manager component in the MapPointS
system, most ambiguities encountered by the sys-
tem can be resolved. For example, when a user asks:
“Where is Everett”, the system will infer the most prob-
able Everett based on the different LM probabilities for
the different Everett’s. In most cases, the most probable
Everett is either the closest Everett or the frequently
visited Everett. In case the system’s guess is incorrect,
the user can submit a new query which contains more
detailed information in the query. For example, he/she
can say “Where is Everett, Washington”.
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Table 4.  Four conditions under which the LM of the MapPointS
system is constructed and the LM perplexity associated with each
condition.

Conditions LM perplexity

Uniform probability for all city/place names 5748528

Two-level structure for cities and places, but 98810
using uniform probabilities for city names

Same as above but using prior probabilities 5426
of city names

Same as above but including user-specific 241

information

Further, in addition to providing useful environmen-
tal or user information to infer the probabilities of
queries in LM, the Environment Manager component
of MapPointS also permits the inference of missing ele-
ments in users’ queries to obtain the complete discourse
semantic information. This aspect has been discussed
in [17] in detail and will not be described here.

We now present some quantitative results to show
how the user modeling strategy discussed so far in this
section has contributed to the drastic improvement of
the LM. In Table 4, we list the perplexity numbers of
the LM with and without the use of the user-specific
information. These perplexity numbers are based on
four ways of constructing the MapPointS system with
and without using the probabilities and using user
modeling. A lower perplexity of the LM indicates
a higher quality of the LM, which leads to a lower
ambiguity and higher accuracy for speech recognition.
We observe from here that the system utilizing
the user-specific information gives a much lower
perplexity and better LM quality than that otherwise.

4. Software Engineering Considerations
in Mappoints System Design

MapPointS involves its input from multiple modalities,
its output in map presentation, and a large set of data
for training the various system components we have
just described. Without carefully architecting the sys-
tem, the application would be inefficient and difficult
to develop. In designing the MapPointS system, we
have followed several design principles and software
engineering considerations. In this section, we briefly
describe these principles and considerations.

The first principle and consideration is separation
of interface and implementation. Following this princi-

ple, we isolated components by hiding implementation
details. Different components interact with each other
through interfaces that have been well defined in ad-
vance. This allowed us to develop and test the system
by refining components one by one. It also allowed us
to hook MapPointS to different ASR engines without
substantially changing the system.

The second principle and consideration is separa-
tion of data and code. MapPointS can be considered as
a system whose design is driven by data and grammar.
In the system design, we separated data from code and
stored the data in the file system. The size of the data
stored is huge since we need to maintain all the city
names, place names, and their associated prior proba-
bilities. By isolating the data from the code, we freely
converted the system from one language to another by
a mere change of the grammar, the place names, and
the ASR engine for a new language.

The third principle and consideration is separation
of modalities. We separated modalities of the speech
input, text input, and the mouse input by representing
their underlying semantic information in a common
SML format. This allowed us to debug modalities one
by one, and also allowed us to integrate more modal-
ities in the future for possible system expansion by
simply hooking the existing system to a new semantic
parser.

The fourth principle and consideration is full ex-
ploitation of detailed user feedback. MapPointS pro-
vides detailed feedback to users in all steps that are
carried out in processing the users’ requests. In doing
so, the users become able to know whether the sys-
tem is listening to them and whether the ASR engine
recognizes their requests correctly.

The final principle and consideration is efficient de-
sign of the application grammar. One of the signif-
icant problems of a large system like MapPointS is
the creation of the specific application grammar, or
grammar authoring. A good structured grammar can
significantly reduce the effort in interpreting the re-
sults of speech recognition. In our implementation, we
organized the grammar so that the semantic representa-
tion of the speech recognition results can be interpreted
recursively.

5. Robust Processing Techniques
for Speech-Centric HCI Systems

Robustness to acoustic environment, which allows
speech recognition to achieve immunity to noise and
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channel distortion, is one key aspect of any speech-
centric HCI system design considerations. For exam-
ple, for the MiPad and MapPointS systems to be ac-
ceptable to the general public, it is desirable to remove
the need for a close-talking microphone in capturing
speech. The potential mobile application of MapPointS
for navigation while traveling presents an even greater
challenge to noise robustness. Although close-talking
microphones pick up relatively little background noise
and allow speech recognizers to achieve high accuracy
for the MiPad-domain or MapPointS-domain tasks, it
is found that users much prefer built-in microphones
even if there is minor accuracy degradation. With the
convenience of using built-in microphones, noise ro-
bustness becomes a key challenge to maintaining de-
sirable speech recognition and understanding perfor-
mance. Our recent work on speech processing aspects
of speech-centric HCI systems has focused on this
noise-robustness challenge in the framework of dis-
tributed speech recognition (DSR).

There has recently been a great deal of interest
in standardizing DSR applications for a plain phone,
PDA, or a smart phone where speech recognition is
carried out at a remote server. To overcome bandwidth
and infrastructure cost limitations, one possibility is
to use a standard codec on the device to transmit the
speech to the server where it is subsequently decom-
pressed and recognized. However, since speech rec-
ognizers only need some features of the speech sig-
nal (e.g., Mel-cepstrum), the bandwidth can be further
saved by transmitting only these features. Our recent
work on noise robustness has been concentrated on the
Aurora2 and 3 tasks [8, 15], an effort to standardize
a DSR front-end that addresses the issues surrounding
robustness to noise.

In DSR applications, it is easier to update software
on the server because one cannot assume that the client
is always running the latest version of the algorithm.
With this consideration in mind, while designing noise-
robust algorithms, we strive to make the algorithms
front-end agnostic. That is, the algorithms should make
no assumptions on the structure and processing of the
front end and merely try to undo whatever acoustic
corruption that has been shown during training. This
consideration also favors noise-robust approaches in
the feature rather than in the model domain.

We have developed several high-performance
speech feature enhancement algorithms on the Au-
rora2 and 3 tasks and on other Microsoft internal tasks
with much larger vocabularies. One most effective

Speech-Centric Perspective for Human-Computer Interface

algorithm is called SPLICE, short for Stereo-based
Piecewise Linear Compensation for Environments
[3-5]. In a DSR system, the SPLICE may be applied
either within the front end on the client device, or on
the server, or on both with collaboration. Certainly a
server side implementation has some advantages as
computational complexity and memory requirements
become less of an issue and continuing improvements
can be made to benefit even devices already deployed
in the field. Another useful property of SPLICE in
the serve implementation is that new noise conditions
can be added as they are identified by the server. This
can make SPLICE quickly adapt to any new acoustic
environment with minimum additional resource.

6. Summary and Discussion

Recent progress in signal processing and speech recog-
nition technologies has created a promising direction
for speech-centric multimodal HCI research. These
HCI modalities include speech, vision (e.g., gesture),
pen, mouse, keyboard, screen display, and other GUI
elements. The speech-centric perspective for HCI ad-
vocated in this paper is based on the recognition that
speech is a necessary modality to enable a pervasive
and consistent user interaction with computers across
a full range of devices—large or small, fixed or mo-
bile, and that speech has the potential to provide a
natural user interaction model. However, the ambigu-
ity of spoken language, the memory burden of using
speech as output modality on the user, and the lim-
itations of current speech technology have prevented
speech from becoming the choice of mainstream inter-
face. Multimodality is capable of dramatically enhanc-
ing the usability of speech interface because GUI and
speech have complementary strengths. Multimodal ac-
cess will enable users to interact with an application in
a variety of ways—including input with speech, key-
board, mouse and/or pen, and output with graphical
display, plain text, motion video, audio, and/or synthe-
sized speech.

Two prototype systems, MiPad and MapPointS, de-
veloped at Microsoft Research take the speech-centric
perspective in their design. They fully exploit the effi-
ciency of the speech input, while using other modalities
to enhance the interaction and to overcome imperfec-
tion of the speech recognition technology. This paper
provides a detailed account for the design of the Map-
PointS system. The system adds the “Speech” modality
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into the existing Microsoft product of MapPoint, which
provides a comprehensive location-based database
such as maps, routes, driving directions, and proxim-
ity searches. MapPoint also provides an extensive set
of mapping-related content, such as business listings,
points-of-interest, and other types of data that can be
used within applications. In particular, it is equipped
with highly accurate address finding and geo-coding
capabilities in North America, and contains finely
tuned driving direction algorithms using blended in-
formation from best-in-class data sources covering 6.7
million miles of roads in the United States. Loaded with
the speech functionality, the value of MapPointS to the
users is the quick, convenient, and accurate location-
based information when they plan a long-distance trip,
want to find their way around an unfamiliar town or try
to find the closest post office, bank, gas station, or ATM
in any town in North American. The MapPointS system
has implemented a subset of the desired functionalities
provided by MapPoint, limited mainly by the com-
plexity of the grammar (used for semantic parsing),
which defines what kind of queries the users can make
verbally, possibly in conjunction with the other input
modalities such as the mouse click and keyboard input.

We in this paper provided an overview of the Map-
PointS system architecture and its major functional
components. We also presented several key software
design engineering principles and considerations in de-
veloping MapPointS. One useful lesson we learned in
developing MapPointS is the importance of user or
environmental modeling, where the user-specific in-
formation and the user’s interaction history with the
system are exploited to beneficially adapt the LM. The
drastically reduced perplexity of the LM not only im-
proves speech recognition performance, but more sig-
nificantly enhances semantic parsing (understanding)
which acts on all types of input modalities, speech or
otherwise. Some quantitative results we presented in
Table 4 substantiated this conclusion.

Our current work is to apply the lessons learned
from the MapPointS case study, user modeling in
particular, as presented in detail in this paper to
other speech-centric HCI tasks. For the extension of
the prototype MapPointS system, we perceive the
following future work:

e Port the system into mobile devices such as Pocket
PC.

e Incorporate GPS information into the existing Map-
PointS functionality.

e Include new system functionalities such as direct
address searching through speech.

e Improve the dialog system component in order to
provide the speech response (instead of only the
GUI response as is now), and to resolve confusability
using speech interaction.
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