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Foreword

Understanding what the user of a mobile information system plans to do
next — recognizing his or her intentions — is of crucial importance for the
design of location-based services (LBS). Solutions to the mobile intention
recognition problem are especially needed in application scenarios where the
opportunities to interact with the mobile device via a keyboard or a touch-
screen are limited. This is the case for the use of smart-phones in many
outdoor activities such as riding a bike, skiing, or running. Even hikers prefer
not to stop to interact with the device. Ideally, the LBS would analyze the
spatial behavior of the user, identify the user’s intentions to act, select the
currently active intention, and finally provide the information services that
assist the user in achieving the intended goal.

In his thesis, Peter Kiefer provides the first comprehensive treatment of
the field. This includes not only a thorough review of the state of the art but
also a formal characterization of the mobile intention recognition problem as
opposed to the general intention recognition problem. Although the approach
is formal, it is deeply rooted in the practical experience that the author of
this book gained while designing L.BS, especially tourist guides and location-
based games.

The challenge of intention recognition consists in finding an adequate ap-
proach for representing the background knowledge about the structure of the
spatial environment (e.g. the partonomic structure of a city) and the spatio-
temporally constrained set of possible actions of the user. It is far from clear
how to best combine this background knowledge with the behavioral data.
Some obvious research issues are: Which spatial and temporal restrictions
provide the relevant constraints for recognizing intentions in LBS? What is
an adequate representational formalism for these constraints? Which compu-
tational mechanisms permit to solve the recognition problem? Peter Kiefer’s
thesis gives convincing answers to all these questions.

Here are some of the results which I think are particularly interesting: (1) a
generic layered architecture for mobile services that perform intention recog-
nition, (2) an analysis of behavioral pattern which shows that rule-based rep-

vii
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resentation formalisms of different expressive power are needed to handle the
problem, (3) two grammar formalisms, Spatially Constrained Context-Free
Grammars (SCCFGs) and Spatially Constrained Tree-Adjoining Grammars
(SCTAGS) which come with appropriate parsing algorithms that solve the
intention recognition problem, (4) last, but not least, the implementation of
the generic architecture as a framework for evaluating different approaches
to intention recognition.

Peter Kiefer has written this thesis with the idea of presenting his research
results in a larger context. In turns out that he succeeded writing a very read-
able book that is of value to those interested in LBS in general and intention
recognition in particular. Because of the comprehensive and knowledgeable
survey of the state of the art it may also serve as an introductory text to the
field that is accessible not just to computer scientists but also to researchers
from geographic information science.

Christoph Schlieder
Professor of Applied Computer Science, University of Bamberg
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Chapter 1
Introduction

1.1 From Location-Based to Intention-Aware Mobile
Services

1.1.1 Location-Based Services

Location-based services (LBSs), i. e., services that adapt their behavior to the
user’s location, have become a part of many people’s everyday lives. Appli-
cations, such as car, bicycle, and pedestrian navigation systems, GPS-based
city tour guides, and friendfinder services, are getting more and more popular,
and “impact individuals, organizations, and our society as a whole” (Raubal,
2011). Still most, if not all, current LBS products stay far beyond the gen-
eral idea of context-aware services envisioned by the ubiquitous computing
research community in the 1990’s. Dey and Abowd (1999), for instance, in-
troduce primary context as those types of context “that are, in practice, more
important than others. These are location, identity, activity and time” (p. 4).
Secondary are all other types of context, and “they can be indexed by pri-
mary context because they are attributes of the entity with primary context.”
(pp- 4-5). For finding out the weather forecast, for instance, the system needs
the primary context information on location and time.

Simple LBSs typically adapt their behavior only to the primary context
location, thus excluding the three other forms of primary context, identity,
activity and time. A typical mobile tourist guide, for instance, has the same
functionality at any time and for every tourist. This is often much too re-
strictive, and there is a widespread research interest in broadening this focus
to other context information. Identity, for instance, is used by personalized
maps (Meng et al, 2005, 2008) and geographic recommenders (Matyas and
Schlieder, 2009). Approaches that integrate temporal context often use simple
conditions specific for one scenario: a mobile phone might have the option to
mute all sounds at night, and a mobile shopping guide might remind its user
that she has only a limited amount of time left (Bohnenberger et al, 2005).

P. Kiefer, Mobile Intention Recognition, DOI 10.1007/978-1-4614-1854-2 1, 1
© Springer Science+Business Media, LLC 2012
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information service

secondary context region

primary context location

Fig. 1.1 Context-model of a location-based service (left). The enter/leave paradigm of
proactive location-based services (right).

An integrated view of space and time is taken by approaches based on Time
Geography which consider the complex space-time mechanics of moving in
geographic space (Raubal et al, 2007).

However, a critical shortcoming of many systems is that they do not con-
sider the primary context activity: “Activity [...] answers a fundamental ques-
tion of what is occurring in the situation.” (Dey and Abowd, 1999, p.5). If
the system knew exactly what the user is currently doing, or if it even knew
what the user is intending to do in the future, it could adapt to the user’s
needs and offer a perfectly supportive service for the user’s current state of
mind. The sensors of a mobile device are certainly not able to read the user’s
mind. However, the behavioral data measured with those sensors available
can be sufficient to at least build hypotheses on the user’s intentions. These
sensors do not necessarily need to be very sophisticated ones, such as wear-
able sensors or cameras. The combination of location and temporal context is
often sufficient to guess what the user intends to do. Consider, for instance,
a car suddenly decelerating while approaching an exit on the highway. A hu-
man observer would probably hypothesize that the driver has reached her
goal, or stops to refuel or to have a break, and the same kind of inference
could be performed by a mobile assistance system. In general, spatio-temporal
properties of the user’s trajectory, such as speed and acceleration, can be an
important indicator on “what is occurring in the situation” (Dey and Abowd,
1999). This idea to exploit information gathered from trajectory and activity
context to attribute intentions to the user is the idea framing this thesis.
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1.1.2 The Need for Intention-Awareness

1.1.2.1 The on-enter/on-leave paradigm

The need for applications that recognize their user’s intentions can be clari-
fied with the context-model of LBSs displayed in Fig. 1.1 (left): the primary
context location, i.e., a position in 2- or 3-dimensional euclidean space’, is
mapped to the secondary context region, and that region to an according
information service. Regions are typically buffer zones around points of in-
terest (POIs) somehow relevant for the application, but may also include
larger regions, such as, “in Santa Barbara, CA, U.S.”. This simple mapping
is especially popular in proactive LBSs (Kiipper, 2005, p.3) that anticipate
the user’s information needs and trigger services automatically when the re-
gion context changes (on-enter/on-leave paradigm, see Fig. 1.1, right). On
the contrary, reactive LBSs will start only when the user explicitly requests
for it. In scenarios in which the interaction possibilities between user and
device are restricted, proactive LBSs can often assist the user better than
reactive ones. Such resource restrictions on the side of the user with respect
to haptic and cognitive resources (Baus et al, 2002) occur, for instance, in
navigation (Kriiger et al, 2004), location-based gaming (Schlieder et al, 2006),
and maintenance work (Kortuem et al, 1999). One strategy to improve the
human/device interaction in these scenarios is to change the user interface,
for instance, by providing audio (Holland et al, 2002) or wearable interfaces
(Thomas et al, 1998). Still, this will often not help, or is at least only part of
an optimal solution. For instance, audio commands via microphone may not
be socially accepted in quiet places (such as a church or a public library)?,
and hard to process in very loud places (such as a factory or in a traffic
context).

The focus of this thesis are applications that offer intelligent proactive
services. The on-enter/on-leave paradigm of proactive LBSs works well under
two assumptions: 1) the user enters the region only if she is interested in that
region (i. e., she does not enter the region accidentally, or because she needs to
cross the region to reach some other place). 2) There is only one information
service associated with the region (i. e., only on “thing” afforded by the region

1 R? is assumed in the following as the methods developed in the later chapters of this
thesis do not depend on whether the original input data was measured in 2D or 3D. For
outdoor LBSs, the 2D position is derived by projecting the user’s latitude/longitude to
a plane. Services that use indoor positioning are also regarded as LBSs in the context
of this thesis, aware that indoor positioning requires different sensors which implies
different conditions with respect to accuracy and precision. Switching between indoor
and outdoor also requires special attention to the changing reference system. These
issues are not considered here. See Giudice et al (2010) for a current research agenda on
merging indoor and outdoor spaces.

2 The social implications of using location-based technologies in public spaces are a
current research issue (e.g., De Souza E Silva and Frith, 2012).
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motion track partonomy

city

historical  financial museum
city district  district district

market
square

cathedral
hilll

market * i i museum
square city district |district district| poi, poi,

Fig. 1.2 The room-crossing problem of location-based services: a mobile user traverses
a partonomy of regions, triggering several enter-/leave-events (similar to Schlieder and
Werner, 2003, Fig.3).

3). The following discussions reveal why these two assumptions cannot be
made for many mobile assistance scenarios, and why the context-model of
Fig. 1.1 is too simplistic.

1.1.2.2 Spatial context ambiguity: the room-crossing problem

A simple example, discussed by Schlieder and Werner (2003) in the context
of a mobile museum information system, illustrates that the first assump-
tion is often not true: a museum visitor might traverse a number of trigger
regions around exhibits although she is not interested in these exhibits. She
might be searching for the exit or the restaurant. In that case the application
should rather support her with an information service showing her a map
of the whole museum or the museum wing instead of “spamming” her with
information on the exhibits. This problem of determining the relevant spatial
context in a partonomy (exhibit, museum wing, museum) was later called
the room-crossing problem by one of the authors (Schlieder, 2005). Although
it is called room-crossing problem it is also relevant for outdoor LBSs. Fig-
ure 1.2 demonstrates the problem for a mobile city-guide scenario: the tourist
is looking for a museum and gets undesired information on several regions
and POIs she approaches on the way. Navigation instructions would proba-
bly have been more helpful than, for instance, architectural information on a
church on cathedral hill. You can see in Fig. 1.3 that room-crossing behavior
not only occurs in theory, but that there is also empirical evidence: Veron and
Levasseur (1991) describe a number of visitor types they have determined by
observing visitors in the Centre Pompidou museum, Paris: the grasshopper
type, for instance, hops from one exhibit to the next, omitting some exhibits
in between though still coming close to them.

A mobile application implementing proactive LBSs that does not solve the
room-crossing problem satisfactory is likely to annoy its users. Research on

3 See Gibson, 1979, for the theory of affordances, and Jordan et al, 1998, for the role of
affordances in GIScience (Geo Information Science).
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—

R
VR
Fig. 1.3 A museum visitor’s trajectory. Based on Veron and Levasseur (1991, p.85),
titled “Une Sauterelle” = “A Grasshopper”.

human-computer interaction (HCI) has affirmed the intuition that, in general,
intrusive systems that make errors are not accepted by the user. See, for
instance, the empirical studies performed by Schaumburg with the Microsoft
(R) Office (R) assistant (Schaumburg, 2001). This is especially problematic
for ambient intelligent assistance systems?, i.e., for systems that seamlessly
integrate into a user’s indoor environment and support her in performing
some tasks.

1.1.2.3 Affordance ambiguity

The second assumption necessary for an on-enter/on-leave mechanism to be
effective is that there exists only one information service for each region.

4 See, for instance, the workshop titled “Lost in Ambient Intelligence” (Nijholt et al,
2004) at the Computer Human Interaction Conference (CHI’04).
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This is much too restrictive in many mobile assistance scenarios as a region
may have more than one affordance (Jordan et al, 1998). Consider, for in-
stance, one POI in the historical city district of the example in Fig. 1.2 being
a restaurant in a famous baroque building. There will be at least two in-
formation services the tourist might be interested in when approaching the
building: an information service “gourmet review website” for information on
the restaurant, and one information service for “architectural information”.

From these considerations it becomes clear that, in many scenarios, the
on-enter /on-leave paradigm of simple LBSs does not lead to convenient and
adequate mobile assistance. Both mappings in a simple LBS can be ambigu-
ous: for one location there may be more than one relevant region if the spatial
structure allows containment or overlapping (spatial context ambiguity), and
for one region there may be more than one action the user might want to per-
form (affordance ambiguity). To address these ambiguities we need to build
mobile assistance systems that are more intelligent than the simple LBSs
shown in Fig. 1.1. One contribution of this thesis is a framework, consist-
ing of a new context model and architecture, that enables to approach this
problem systematically.

1.1.83 Non-Local Dependencies: The Visit/Revisit
Problem

The room-crossing problem of determining the relevant spatial context has
until now only been considered as a local one: the user is attributed intentions
depending on her behavior in the current spatial context, and on the behavior
in a limited sequence of connected spatial contexts before. For instance, the
intention of the user entering a POI in the museum district (Fig. 1.2) is, first
of all, dependent on her behavior in the current POI. Second, it is dependent
on her behavior in the previous spatial context (museum district without
POI), the spatial context before (financial district), and so on.

This locality restriction on the spatial context that may be used to recog-
nize intentions seriously limits the types of behavior sequences that can be
represented and, consequently, leads to unsatisfactory results when algorith-
mically interpreting a behavior sequence as intentions. The types of behavior
sequences concerned by this restriction occur frequently in mobile assistance
and can prototypically be described by the Visit/Revisit pattern: the user
first visits a region, i.e., shows certain behavior in that region, then behaves
arbitrarily in some other spatial context, and later returns to the visited re-
gion. At the time of revisiting it is not sufficient to regard only a limited
number of connected spatial contexts before. Modeling a dependency of the
whole sequence of spatial contexts, however, leads to a combinatory problem
because of the intermediate “behave arbitrarily”. A mobile assistance sys-
tems engineer may frequently have the requirement to configure a system in



1.2 Contributions 7

a way that it recognizes the visit/revisit pattern, and sometimes also more
than one visit /revisit per behavior sequence. However, the visit/revisit prob-
lem has not yet been considered as an interesting problem in the ubiquitous
computing and mobile GIScience communities.

Patterns similar to the visit/revisit pattern are known in plan recogni-
tion, a sub-field of artificial intelligence (A.I.), as “interleaving” plans. More-
over, the natural language processing (NLP) community has identified simi-
lar structural dependencies in the syntax of natural languages, and developed
representational formalisms and algorithms for them. The similarity of cer-
tain structural dependencies in plan recognition and NLP is a current topic
in A.I. (Geib and Steedman, 2007). However, as the mobile intention recog-
nition problem is a special (and spatial) case of general plan recognition, the
requirements and possible algorithmic solutions differ. This thesis explores
the problem of interleaving intentions for mobile intention recognition, and
develops corresponding new representational formalisms which are specifi-
cally designed for spatio-temporal behavior, and more expressive than those
used in mobile assistance up to now.

1.2 Contributions

This thesis contributes to the increasing interest of the GIScience community
in building mobile systems that provide intelligent assistance. It regards in-
telligent mobile assistance from the perspective of the intention recognition
problem, a well-known problem in A.I. The main contributions are as follows:

e The thesis presents a framework for a class of mobile services that recog-
nize their user’s intentions (Intention Aware Mobile Services). The frame-
work consists of a context-model and an architecture for bridging the
semantic gap between low-level trajectory data and high-level intentions.

e The mobile intention recognition problem is defined as a sub-class of the
general intention recognition problem, and the fundamental differences
between mobile and general intention recognition are analyzed. The prob-
lem of interleaved mobile intentions is identified and explored in the light
of related work from plan and intention recognition.

e Two new representational formalisms based on formal grammars are de-
fined which allow to express interleaved intentions with different degree
of complexity. These formalisms integrate spatial constraints into for-
mal grammars. The principles of interpreting mobile behavior by parsing
spatially constrained grammars are discussed and exemplified with exten-
sions to existing chart-parsers. With an exemplary use case it is shown
that the new formalisms are able to represent a larger and more realistic
class of mobile intention recognition problems than previous formalisms,
and that parsing these higher-expressive grammars will return more plau-
sible results.
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This thesis differs from most research in intelligent mobile assistance
systems by building on a formal and methodological background in inten-
tion/plan recognition, i.e., not on (low-level) activity recognition as most
approaches do. A reader with an A.I. background, however, will probably
be most interested in the implications of space and time on the intention
recognition problem.

1.3 Outline

The rest of the thesis is structured as follows:

e Chapter 2 introduces the mobile intention recognition problem intuitively

and formally. It presents an architecture for Intention Aware Mobile Ser-
vices that helps to cross the semantic gap between low-level trajectory
data and high-level intentions. An excursion on the philosophical back-
ground on the term “intentions” helps to specify more precisely what is
meant with “recognizing someone’s intentions”.
The heart of chapter 2 is a discussion of the implications of space and
time on mobile intention recognition, compared to (non-mobile) intention
recognition. A problem occurring in many mobile intention recognition
domains is identified: the problem of interleaved intentions, more specif-
ically, crossing and nesting long-ranging space-intention dependencies.
The chapter concludes with a summary and a listing of five requirements
for mobile intention recognition.

e Chapter 3 gives an overview on related work in plan and intention recog-
nition. The literature review reveals that the problem of interleaved in-
tentions has already been mentioned in early articles in general plan
recognition, and is increasingly discussed in recent work. Likewise, the
interpretation of human spatio-temporal behavior is a recent topic. How-
ever, mobile approaches typically interpret behavior on a lower semantic
level than intentions. A systematic discussion of the specificities of space
and time in mobile intention recognition is largely missing. The only ex-
ception, a spatial grammar formalism (Spatially Grounded Intentional
Systems, SGIS), does not support interleaved intentions.

e Chapter / contributes two new representational formalisms for inter-
preting mobile behavior in terms of intentions: Spatially Constrained
Context-Free Grammars (SCCFG) and Spatially Constrained Tree-Adjoining
Grammars (SCTAG). Depending on the complexity level of the under-
lying grammar, Context-Free or Tree-Adjoining, different kinds of in-
terleaving intention patterns can be expressed. Certain variants of the
“Visit-Revisit” pattern especially relevant for mobile intention recogni-
tion are shown to be expressable with SCTAGs, but not with SGISs or
SCCFGs. Restrictions of the SCTAG formalism are discussed.
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The principles of parsing spatially constrained grammars are discussed
and exemplified by providing an incremental parsing algorithm for each
of the formalisms. It is explained why the runtime of parsing with spatial
constraints depends on the type of spatial model (partonomic vs. non
partonomic).

e Chapter 5 evaluates the expressiveness of the three formalisms SGIS,
SCCFG, and SCTAG with an exemplary use case. The example of a cus-
tomer in a clothes shop picking and dropping items proves that, given a
realistic spatio-temporal behavior sequence, the SCTAG formalism per-
forms best in terms of disambiguation and recognizable behavior patterns.
The chapter also shortly introduces the software tool INTENSIVE, the
INTENtion SImulation enVironmEnt, a desktop application that allows
to easily build intention models and spatial models. INTENSIVE allows
to analyze a real motion track recorded with a mobile assistance system,
visualizing the intentions a given intention recognition algorithm would
have recognized while the human agent was moving.

e Chapter 6 concludes with the main results of the thesis and presents an
outlook on future research perspectives in mobile intention recognition.



Chapter 2
Mobile Intention Recognition

Chapter 1 has discussed why the restricted context-model and architecture
of simple LBSs do not allow for building intelligent proactive mobile ser-
vices that recognize their user’s intentions. Based on these considerations
this chapter introduces intention-aware mobile services (IAMSs) as an ex-
tension of LBSs, and presents a context-model and architecture for this new
class of services. A short excursion on the philosophical background of “in-
tentions” sheds light on some aspects of intentions an TAMS system engineer
needs to be aware of.

The second contribution of this chapter is a systematic investigation of the
mobile intention recognition problem. The specificities of space and time for
mobile intention recognition, compared to the non-spatial and non-temporal
intention recognition problem, are discussed. At the end of this chapter, sec-
tion 2.3.4 identifies the problem of interleaved intentions as an important
problem in mobile intention recognition. This problem is going to frame the
following chapters.

2.1 Intention-Aware Mobile Services

2.1.1 The Context-Model of TAMSSs

Figure 2.1 shows the context model of TAMSs, again following Dey and
Abowd’s (1999) classification of primary and secondary context. It illustrates
why these services are called “intention-aware”: the information service is se-
lected using the secondary context intention. As we see by comparing the
models shown in Figs. 1.1, 2.1, and the general context model in Kiipper
(2005, Fig. 1.1), TAMSs are an extension of LBSs and a sub-class of context-
aware services. This systematization of TAMSs as an own class between LBSs
and context-aware services is new.

P. Kiefer, Mobile Intention Recognition, DOI 10.1007/978-1-4614-1854-2 2, 11
© Springer Science+Business Media, LLC 2012
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Fig. 2.1 Context-model of an intention-aware mobile service.

An ideal TAMS would always know its user’s current intention, and map
it to an information service. For instance, if the mobile tourist from the ex-
ample in section 1.1.2 approached the restaurant in a historic building an
ideal IAMS would somehow know whether the user’s intention is HaveFood
or RegardBuilding (this “somehow” will be specified later). This intention
can then directly be mapped to “gourmet review website”, or “architectural
information” respectively. We could make this step even more intelligent by
personalizing the information service, i.e., by adding primary context infor-
mation on identity. The “gourmet review website” information service, for
instance, might show personalized dinner recommendations depending on an
online user profile. Accordingly, the “architectural information” service could
select its information with respect to the user’s previous knowledge and pro-
fessional background. Aware that these parameterization and personalization
steps are helpful they are not considered any further as they are out of scope.

As LBSs, IAMSs have location as primary context, but additionally time
and activity (see Fig. 2.1). Dey and Abowd’s (1999) idea of “activity” re-
mains vague!. There is a lot of research titled activity recognition which, for
instance, recognizes activities such as “lie”, “nordic walk”, “walk”, “sit” from
wearable sensors (e. g., Parkké et al, 2006). Other approaches titled “activity
recognition” are dealing with the problem on a semantically higher level and
regard activities such as “toilet usage”, “preparing meals” (e.g., Storf et al,
2009). Some authors recognizing “activity” focus on the health aspect of be-
ing active, as the opposite live style to being inactive (e.g., Anderson et al,
2007). Bobick and Ivanov (1998) choose the similar term “action recognition”
for combining basic gestures to a higher geometry (“drawing a square”). As
these papers focus on methodology and somehow take the notion of “activity”
for granted it seems hard to find a common terminology or precise definition
of “activity”. However, there is a difference between plan and activity recog-

1 See chapter 1: “Activity [...] answers a fundamental question of what is occurring in
the situation.” (Dey and Abowd, 1999, p.5).
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nition which can be described well in the words of Geib and Goldman (2009,
p.1104): “Much of the work on activity recognition can be seen as discretiz-
ing a sequence of possibly noisy and intermittent low-level sensor readings
into coherent actions that could be treated as inputs to a plan recognition
system.” As we will see in section 2.2 the plan recognition problem mentioned
by Geib and Goldman is closely related to intention recognition.

In the context of this thesis, activity is defined based on Montello’s clas-
sification of spatial scales (Montello, 1993): activity is primary context in-
formation about the user’s interaction with the environment or device which
takes place in figural space. According to Montello, a person can haptically
manipulate objects in figural space without locomotion of the whole body.
In contrast, vista and environmental space require a prior relocation before
a haptic manipulation becomes possible. The activity used by an TAMS de-
pends on the kinds of sensors available. For instance, an intelligent sofa in
ambient assisted living (AAL) could have sensors that tell us not only that
the person is located on it but also whether that person is “sitting” or “lying”.
Similarly, a wardrobe could be equipped with sensors that measure activities
“open” and “close”.

On the secondary context level TAMSs use regions, just as LBSs, and a new
secondary context type: behavior. Behavior is regarded as qualitative context
information about the user’s interaction with the environment or device at
any spatial scale, figural, visual, or environmental space (again based on
Moutello, 1993). There are two types of behavior:

e Spatio-temporal behavior is inferred from the user’s locomotion (which
is equivalent to interaction with the environment in visual and environ-
mental space). The qualitativeness of behavior means that a stream of 2D
coordinates is not behavior but its classification as “strolling”, “walking”,
“sitting”, or “running”. The step of behavior recognition from a user’s lo-
comotion is explained in the following section 2.1.2.

e Behavior in figural space is inferred from the primary context activity. An
activity can be interpreted as different behavior depending on location
and time. For instance, some current mobile devices have sensors that
will measure an activity “device is shaken”. This may be mapped to the
behavior “knee bending” if the user is located in a gymnasium, whereas
the behavior “picking” would be more appropriate in a strawberry field.
However, in many situations we will map activities to behaviors indepen-
dent of location and time.

TAMSs are required to use at least spatio-temporal behavior. That means,
an TAMS must always track the user’s locomotion and use it for behavior and
intention recognition. A system does not necessarily need to use behavior in
figural space to be categorized as an TAMS.

From behaviors and spatial information, intentions are inferred. Intentions
are also secondary context, but on a higher level than behaviors. Mapping
behavior and space to intentions is called mobile intention recognition which



14 2 Mobile Intention Recognition

is the central problem of this thesis. This problem is formally defined in
section 2.3.

2.1.2 Crossing the Semantic Gap

An TAMS tries to infer user intentions from sensor measurements. This task
of assigning meaning to raw data is a challenge that appears in several re-
search fields of A.L., such as image recognition or NLP. Henry Kautz, who
was one of the first computer scientists to formally approach the plan recog-
nition problem, identified this semantic gap as one future research issue in
the outlook of his PhD thesis: “The semantic gap between the output of the
low-level processes and the high-level inference engines remains wide, and
few have ventured to cross it.” (Kautz, 1987, p.127). For the interpretation
of mobile behavior the semantic gap occurs especially between 2D position
data and intentions: we cannot map a position directly to an intention. As
discussed in section 1.1.2, the main reasons can be seen in the problems of
spatial context and affordance ambiguity.

An established A.I. strategy for crossing semantic gaps is to cut the gap
into pieces by introducing intermediate layers. This means turning a larger
problem into several small ones, and allows us to remain flexible as we can
easily experiment with algorithms for partial problems while keeping the rest
static. A typical NLP system for speech recognition, for instance, will cut the
semantic gap between an audio stream and its interpretation into layers for
phonology, morphology, syntax, semantics, and pragmatics.

A way of crossing the semantic gap in an TAMS is shown in Fig. 2.2
(which is a modified version of the architecture proposed in Kiefer and Stein,
2008). The 2D position input is accumulated to a motion track with which
the following tasks are performed: data refinement, segmentation, feature
extraction, behavior classification, and intention recognition. The activity
data (such as non-positional sensor readings in AAL) are also classified to
behaviors. All processing needs to be done incrementally, i. e., the system has
to recognize behavior and intentions on-the-fly using only past data.

The challenges and possible approaches for the steps from raw data to be-
haviors are described in the following. Note that these steps are preprocessing
from the perspective of intention recognition and can easily be replaced with
better methods when the related research fields advance. It is as well impor-
tant to keep in mind that the best methods for these steps may (and probably
will) depend on the use case.
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Fig. 2.2 Crossing the semantic gap between input data and intentions.

2.1.2.1 Trajectory and motion track

As the interest of this thesis are scenarios with limited interaction possibil-
ities, such as biking at high speed, the user’s ability to manually interact
with the device and the environment in figural space is restricted. Thus, the
system tries to get as much knowledge as possible out of the user’s locomo-
tion which is derived from primary contexts location and time. The user’s
locomotion history is called a trajectory, defined by Buchin et al (2010) as:
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Definition 2.1. “A trajectory 7 is a continuous mapping from a time interval
[to; tn] to the plane.”

Positioning sensors do typically not provide us with a continuous trajectory
but with space-time positions at discrete time intervals. For instance, we could
configure our GPS device in a way that it triggers a position update once
per second. Thus, the data structure that represents a user’s locomotion is a
timestamped sequence of positions:

Definition 2.2. A motion track u is a sequence of space-time positions ( (¢,
205 Y0); -5 (tn, Tn, Yn)), with t; <t; for all 4 < j. For any two times t, ¢
with 0 < k <1 < n, the motion track segment of p from time ¢; to time ¢; is
denoted with p[tg,].

A motion track segment is also again a motion track. As positioning up-
dates do not necessarily occur at a regular update interval it is not assumed
that the time difference between succeeding space-time positions is a constant
for the whole motion track. TAMSs try to support the user on-the-fly so that
the motion track is built incrementally starting from an empty sequence.

2.1.2.2 Data refinement

In this step the quality of the input data is improved. Depending on the way
position is measured, the data is more or less inaccurate, i.e., the position
measured deviates from the true position. For instance, GPS positioning can
be inaccurate in urban valleys or under closed canopies (see Wing et al, 2005)
due to missing satellites in sight. In extreme cases the GPS position may even
suddenly jump forth and back by several 100 meters or more. In case of total
signal loss most GPS devices will return the last position fix until the user
reaches a position with better reception conditions. Although current exper-
iments suggest that new GPS receivers may, even for indoor usage, perform
not as bad as one might suppose “the environment’s characteristics” [such as]
“signal-to-noise ratios, multipath phenomena or poor satellite constellation
geometries” still lead to low accuracy (see Kjeergaard et al, 2010). A system-
atic overview on typical error sources in positioning is given in Kiipper (2005,
sections 6.4 and 6.5).

Methods that deal with positioning inaccuracy can generally be divided
into four classes:

e Heuristic methods: we may, for instance, assume a maximum speed for
the user and remove those position fixes not possible under this speed
restriction. We could also remove those position fixes which have bad
error indicators, such as number of satellites or horizontal dilution of
precision (HDOP) in GPS.

o Geometric methods: these methods improve the quality of the motion
track by taking into account its geometric properties. The idea is to make
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the curve smoother. See, for instance, the overview on incremental line
generalization algorithms in Stein (2003).

o GIS-GPS wunification methods: these methods add knowledge about the
environment in form of geographic (vector) data. A mobile biking tourist
will, for instance, not cross a river (unless there is a bridge or ferry) and
not move on the roof of buildings. See Taylor and Blewitt (2006) for
GIS-GPS unification methods.

o Probabilistic location estimation methods (Bayesian filtering): these meth-
ods represent the state of a dynamic system, like a moving agent, at time
t as a probability distribution on a number of random variables (e.g., x,
y, speed). Assuming that the Markov condition holds, i.e., that the state
of the system at time t depends only on the state at time t - 1 (first order
Markov assumption), and assuming a motion model, the filter computes
the most probable values for the random variables at points in time for
which no measurement exists. See Fox et al (2003) for an introduction,
and Hightower and Borriello (2004) for a case study.

Methods from these classes may be combined. In many use cases the fine-
grained structure of the motion track is important for the following segmen-
tation and behavior classification steps. Thus, data refinement must be ap-
plied carefully to avoid over-generalization. Besides inaccuracy, an important
challenge in positioning is fusing data from different sensors (especially for
indoor positioning). The above-mentioned Bayesian filters are one method
widely-used for sensor fusion (again, see Hightower and Borriello, 2004).

A completely different strategy for dealing with positioning problems has
been proposed in HCI under the title “seamful design” (Chalmers and Galani,
2004). Positioning problems are called “seams” in this context. In contrast
to the classical design principle of hiding these seams from the user (which
is the strategy of the four methods discussed above), a seamfully designed
mobile system would either reveal them to the user, or exploit them as a core
feature of the system, e.g., by integrating them into the rules of a location-
based game (LBG) (Barkhuus et al, 2005). As TAMSs try to draw as few
user attention as possible the idea of overloading the user by revealing too
much seam information is not viable. However, revealing serious positioning
problems, such as loss of GPS signal for a long period of time, could be an
additional feature of an TAMS.

Formally, the data refinement step maps a motion track u to a new motion
track p/. The number of space-time positions in p and u' is not necessarily
the same, as data refinement may insert (e.g., by smoothening the track
along a road) or remove (e.g., bad signal quality) space-time positions. The
data refinement step is triggered on a motion track pl[t;,tx] for each incoming
position update (¢, xk, yr), where p[t;,tx] is created by appending (¢, 2k,
yk) to the motion track one step before ult;,t;—1] (see Fig. 2.2).
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2.1.2.3 Segmentation

The data refinement step appends space-time positions to a motion track
buffer. The next step, segmentation, decides about the conditions when the
algorithm regards the emerging motion track segment as finished. The seg-
mentation step will typically check the following conditions for finishing a
motion track segment:

e Region segmentation: finish the motion track segment if the user enters or
leaves a region. By doing so the algorithm assumes Schlieder and Werner’s
behavioral specificity assumption to hold:

“The interpretation process is simplified when the conceptualization of geo-
graphic space in thematic regions reflects the way in which spatial behavior
is constrained by the regions. If this is the case, that is, if regions are defined
by what you can do and cannot do there, we will say that the behavioral
specificity assumption holds for the spatio-thematic regions in the applica-
tion domain considered.” (Schlieder and Werner, 2003, p. 7)

This assumption is plausible for most application scenarios of TAMSs.
A mobile tourist guide, for instance, defines its spatial structure around
the POIs in the city (Fig. 1.2). The intentions the user can have, such
as VisitChurch, are specific to these regions. As another example, the
intentions of an AAL system user will usually be associated with the
spatial structure of the home environment, such as rooms, and the areas
around furniture, facilities, and devices these rooms contain.

As the motion track is not continuous, the border of the region will, in
general, segment the motion track between two space-time positions (tg,
Tk, Yr) and (tgy1, Tpr1, Yka1). In that case, the algorithm computes the
space-time position (tg., Ti«, Yr+) between these two which is exactly on
the border of the region (e. g., by using linear interpolation). The motion
track segment pult;,tr.] is forwarded to the next processing step. The
segment buffer is set to p[tr«,tr11] (which will be the start of the next
segment).

e Spatio-temporal criteria segmentation: finish a motion track segment if
the user’s spatio-temporal behavior changes significantly. In the words
of Yoon and Shahabi (2008, p.1116), “[t]rajectory segmentation is the
process of partitioning a given trajectory into a small number of homo-
geneous segments w.r.t. some criteria.” The idea is to detect behavioral
changes from the space-time properties of the user’s trajectory. For in-
stance, if the user has been moving straightly into one direction at a
constant speed for some time, and then suddenly continues moving in
a zig-zag-pattern, we can assume that this behavior change is a good
indicator for a changing intention.

A number of approaches for spatio-temporal criteria segmentation ex-
ists. One of the most recent, Buchin et al (2010), is a framework that
allows to segment a motion track under a list of criteria, such as diame-
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Fig. 2.3 Segmentation of a motion track with respect to criterion heading. Original
motion track (top left), heading (top right), and unfolded visualization of segments
without heading (bottom). Taken from Stein (2003, Fig.12.1)

ter, heading, speed, or curvature. A segmentation approach that converts
the quantitative track data to a qualitative representation (called “qual-
itative motion vectors”) before segmentation is proposed by Musto et al
(2000). In the moving object data mining community trajectories are seg-
mented for solving tasks such as the detection of similar moving objects.
Elnekave et al (2008), for instance, use minimal bounding boxes to rep-
resent segments of spatio-temporal data. An example for segmentation
with respect to the criterion heading is illustrated in Fig. 2.3.
Incremental spatio-temporal criteria segmentation can be described as
follows: let motion track p[t;,tg1] not fulfill a given criterion C, whereas
the motion track one space-time position before, u[t;,t], still fulfilled C.
The motion track segment p[t;,tx] is forwarded to the next processing
step, and the motion track buffer is set to u[ty,tg+1]-

o Activity disruption segmentation: finish a motion track segment if the
system recognizes an activity in figural space (indicated by the vertical
arrow from activity to segmentation in Fig. 2.2). The algorithm ensures
that the end time of the motion track segment is the start time of the
activity, and the start time of the next motion segment is the end time
of the activity (the activity seamlessly integrates into the motion track).

o Fized duration segmentation: finish the motion track segment at least
every r steps, or at the latest if the duration of the segment is longer than
a certain constant d. This ensures that our TAMS remains responsive even
if the user does not enter a new region or change her behavior.

2.1.2.4 Determining interesting behavior

In the next steps the motion track segment is described as behavior. If we
asked a human observer to describe the behavior shown in a motion track
segment verbally, she would probably come up with descriptions like “search-
ing”, “running”, or “strolling”. These descriptions depend on the scenario. For
instance, the behavior “running” will not be applicable for a mobile biking
scenario.



20 2 Mobile Intention Recognition

The domain expert will often be able to identify a finite set B of behaviors
relevant for the respective domain of an IAMS. Alternatively, we might choose
to assist the domain expert in identifying interesting behavior patterns with
methods from spatio-temporal data mining (refer to Dodge et al, 2008; Rod-
dick et al, 2001; Laube and Purves, 2006, as three examples from the huge
amount of literature that exists in this research area). This, of course, requires
that we have collected a sufficient amount of motion track data before.

The task is to map the motion track segment to one element from a given
set of behaviors B. The algorithm divides this task into two steps: feature
extraction and behavior classification.

2.1.2.5 Feature extraction

Feature extraction abstracts from the absolute space-time positions of the
motion track segment p[t;, )] and describes it by features?. This includes very
simple features, such as the average speed of the motion track, but also more
sophisticated features that describe the detailed motion structure. Buchin
et al (2010) define a number of criteria useful for segmenting a trajectory
which can also be used as features (disk, diameter, heading, speed, curvature,
sinuosity, curviness). The three most complex of these features are illustrated
in Fig. 2.4: curvature, sinuosity, and curviness all describe certain aspects of
the micro structure of a motion track segment. Each of them is defined for a
point p on the segment with respect to an environment [p;,p2]. A value that
describes, for instance, the curviness of the whole segment, can be defined
as the medium curviness over all points in the segment, or as the maximum
curviness difference.

Another approach for describing the micro structure of a motion track
(which would relate to Buchin et al’s sinuosity), is described in Stein (2003)
and Stein and Schlieder (2004): they apply a line generalization algorithm
until the minimal distance between any vertex of the original line [ to the
simplified line I’ is less than a given maximal distance e. The integral of a
histogram mapping € to the number of vertices in I can be used to describe
the sinuosity of a line (see Fig. 2.5).

The regions feature is always determined in the feature extraction step.
That is, we find the set of regions from the spatial model of the domain in
which all positions in the motion track segment are located?.

2 If features have been computed for a spatio-temporal criteria segmentation in the
previous step we can, of course, re-use these values.

3 As we always segment according to the entering and leaving of a region we can be
sure that all points of a motion track segment are located in the same set of regions.
Positions on the border of a region (especially those that were added as (tx«, Trx, Ykx)
in the region segmentation step) are not used for computing the regions feature.
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Fig. 2.4 Curvature (top left), curviness (top right), detour sinuosity (bottom left), and
winding sinuosity (bottom right) of a motion track segment (based on Buchin et al,
2010).

2.1.2.6 Behavior classification

In the behavior classification step the feature list computed in the previous
step is mapped to one behavior from B by using a function behcl : Fy X --- X
F,, — B. The function behcl may, for instance, be specified using a decision
tree or an artificial neuronal network (ANN). Depending on the use case
it may be sensible to learn behcl with machine learning methods (Mitchell,
1997). An example for a specification of behcl can be found in Kiefer and
Stein (2008, p.7): the rules described in this paper yield in a decision tree
which is illustrated in Fig. 2.6. The function behclyieferstein

Fspeed X Fcurvature X Fdiarneter — {bra bmbOy b37 bcs}-

maps three features to a set of five behaviors, with domains dom(Fipeed) =
{low,medium, high}, dom(Fgiameter) = RT, dom(Feurvature) = {low, high},
and behaviors riding (b,.), curving (b.), standing (bg), sauntering (bs), and
slow curving (bes). The result, a motion track annotated with behaviors,
is shown in Fig. 2.7. We may also decide to use the feature Fi.cgions and
classify behaviors differently depending on the region in which the motion
track segment is located.
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Fig. 2.5 The e-points curve abstracts from the gross structure of the motion track and
reveals the micro structure: tracks A, B, C, D, and related e-points curves a, b, ¢, d
(taken from Stein, 2003, Fig. 12.2).
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Fig. 2.6 Behavior classification with a decision tree.

As the stream of processing spatio-temporal behavior in Fig. 2.2 shows, the
classified behavior beh,, is annotated with the regions feature, and timestamps
for start and end time. This information is simply copied from the motion
track segment.
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Fig. 2.7 Segmented motion track with classified behavior sequence (the user enters
from the right). Taken from Kiefer and Stein (2008, Fig. 4)

2.1.2.7 Activity recognition and classification

The behavior in figural space (bottom in Fig. 2.2) is derived from the primary
context activity. As mentioned above, there are many approaches in the lit-
erature which recognize user activity in figural space using different sensors,
such as wearable sensors (e.g., Parkké et al, 2006) or sensors embedded in
the environment, like “contact switches, break-beam sensors, and pressure
mats.” (Wilson and Atkeson, 2005, p.63). Application areas are also rather
diverse and not always focused on information services. Examples include the
documentation of a hospital worker’s services (Sdnchez et al, 2008), and the
measuring of the gas usage in a household (Cohn et al, 2010).

As the main focus of this thesis is the spatio-temporal behavior inferred
from the user’s locomotion the details of these methods which can be added
between refined activity data and behavior in the processing model depicted
in Fig. 2.2 are not discussed any further. The output of activity recognition
and classification is annotated with start time, end time, and the location in-
formation on where the activity happened. This location is either determined
by the positioning method used for the trajectory or, for fixed sensors, from
the position of the sensor.
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2.2 Intentions and Intention Recognition

The previous section motivated IAMSs from application scenarios in ubig-
uitous computing, and explored how to retrieve spatio-temporal behavior
descriptions from a user’s trajectory. Mobile intention recognition will at-
tribute intentions to these spatio-temporal behaviors. Before discussing the
mobile intention recognition problem in section 2.3, the focus is expanded to
a broader (not exclusively mobile) context by providing background on the
key concepts “intention” and “intention recognition”. This helps, for instance,
to understand how intention recognition relates to plan recognition, and to
keep in mind the limits of what intention recognition is able to achieve.

2.2.1 Beliefs, Desires, Intentions, and Plans

2.2.1.1 Rational agents

Recognizing a user’s intentions in an IAMS by using observations of her
spatio-temporal behavior is only possible if we have a model of agency for
our domain. This model includes information on what users typically intend
to do when using our system, and a model of how these intentions manifest
themselves as behavior, e. g.: if the user has the intention to visit a museum,
she will move towards the museum, stop in the vicinity of the museum, op-
tionally take a photo of the facade, wait in the entrance queue, and so on.
In general: “if intention I, then behaviors a, b, and ¢”. This simple model of
agency hides away the complex processes that take place in the user’s mind.
Still, it is important for an TAMS engineer to remember that these processes
exist and how they may influence the usability of an TAMS.

Modeling these complex processes is also essential for computer scientists
who try to build rational software agents, i.e., agents that act like ratio-
nal humans. The probably most influential model of rational agents is the
Belief/Desire/Intention (BDI) architecture (see Bratman et al, 1988). It is
specifically relevant for mobile intention recognition because intentions play
a major role in this model. The two other main concepts, belief and desire,
explain why an agent has certain intentions, and how these intentions are
reflected in actions. Figure 2.8 illustrates how beliefs and desires contribute
to the forming of an intention. In the tourist example these concepts can be
identified as follows:

There could be several reasons why the user has the intention to visit
the museum: maybe she desires to get the cultural experience which will
allow her to perceive the world in a new perspective. Or, maybe she feels
that the museum visit is somehow socially compulsory for a typical vacation
in that city, and wants to be able to compare her impressions of, say, the
famous Mona Lisa painting in Paris with those impressions her friends at
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Fig. 2.8 Architecture of a BDI agent. Based on Bratman et al (1988, Fig. 1)

home had during their visits in Paris. Satisfying these desires contributes to
her individual utility function of a fulfilling life, whatever that utility function
may look like.

Besides the user’s desires, there is another factor that impacts the forma-
tion of an intention: the user’s beliefs about the world, i.e., the facts she
assumes or knows to be true. For instance, the user will only intend to visit
the museum today if she believes at least the following facts to be true: “the
museum is open”, “I can afford to pay the entrance fee”, “I will, given some
means of transportation, be able to reach the museum early enough to see the
Mona Lisa before closing time, under the assumption that (as my aunt told
me) you never wait longer than 30 minutes in the queue at the Louvre en-
trance”. As the user of an IAMS moves in environmental space, beliefs about
spatio-temporal constraints constitute a very important part of her beliefs.
From the perspective of Time Geography these are beliefs about authority
constraints (opening times), coupling constraints (seeing the Mona Lisa is
only possible at the Louvre), and capability constraints (maximum speed,
transportation mode) (see Higerstrand, 1970; Miller, 2005)*.

4 See also the discussions in section 6.3.1 of the last chapter.
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2.2.1.2 What are intentions?

The focus of the BDI architecture was primarily to build artificial agents.
We can think of examples that let us doubt whether the BDI architecture is
applicable to human intentions. The fundamental difference is that BDI is as-
suming a rational agent, whereas everyday experience suggests that humans
do not always act rationally. For instance, the philosopher Moya describes the
example of a “drug-addict who believes, on the basis of his previous experi-
ence, that he will take the drug, who desires to take it, has no stronger desire,
etc., but still forms the intention not to take the drug” (Moya, 1990, p. 144).
As another example, consider a student suffering from procrastination who
forms the intention to start with her Master’s thesis “definitely tomorrow”.
As a counter-argument to Moya, one could answer that — although the drug-
addict will probably keep taking the drug — there is a slight chance he will
not. Though interesting, the philosophical discussion whether an impossible
intention can still be called an “intention” (intention-belief inconsistency, see
Bratman, 1987, pp. 37-38) is definitely out of the scope of this research. For
the developer of an IAMS it is impossible to anticipate any irrational inten-
tions the user may have. Remember that IAMSs should assist the user in
some domain-specific tasks. If, for instance, the user of a mobile mapping
system for preservation scientists (Matyas and Schlieder, 2005) suddenly de-
cides to start picking flowers growing along some alley this is out of the scope
of the system and not supported by any information service. However, when
designing an TAMS it is important to keep in mind that there sometimes may
be unforeseen intentions for which a default strategy should be implemented.
The mapping system, for instance, could just show an overview map and wait
until the user returns to explicable behavior. An AAL system supporting peo-
ple with cognitive diseases, such as Alzheimer, could notify the patient (“are
you sure you want to ...?”) or call a nurse.

It seems that, in the scope of TAMSs, sticking to the BDI architecture of
rational agents and practical reasoning is a more target-oriented approach
to discuss the question “what is intention?”. But before, let us consider why
the concept of intention is needed at all: Michael Bratman, one author of
the above-mentioned article on BDI agents, is — in the first instance — a
philosopher. In his more philosophical articles about human intentions he
picks up the basic concepts of the BDI architecture (see Bratman, 1990,
1999) although, as said above, the focus of the BDI architecture was primarily
to build artificial agents. One of his arguments, especially interesting here,
deals with the question why the concept of intention is needed, for human
and artificial agents: “Why bother with future-directed intentions anyway?
Why not just cross our bridges when we come to them?” (Bratman, 1990,
p.18). In other words: why does an agent not decide about her actions by
directly optimizing her utility function (desires), given certain facts (beliefs)?
The reason, according to Bratman, is that agents are resource-limited. The
thinking or computation necessary to optimize the utility function is too time
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consuming to be performed constantly. Thus, for instance, it is more efficient
to commit early to the intention to visit the museum, maybe even before the
vacation, than to walk around Paris, constantly thinking about all possible
actions, their outcomes, and how they contribute to desires. Committing to
an intention frees resources for other things, overall increasing productivity.
For instance, I would have been a rather unproductive PhD thesis writer if I
would constantly have thought about whether it makes sense to write a PhD
thesis or not.

Wooldridge defines intentions using these considerations on resource con-
straints:

“Agents cannot deliberate indefinitely. They must clearly stop deliberating at
some point, having chosen some state of affairs, and commit to achieving this
state of affairs. [...] We refer to the states of affairs that an agent has chosen and
committed to as its intentions.” (Wooldridge, 2000, p. 22-23)

The relation between intentions and plans becomes clear in one of the roles
Wooldridge assigns to intentions: “Intentions drive means-ends reasoning: If
I have formed an intention, then I will attempt to achieve the intention, which
involves, among other things, deciding how to achieve it.” (Wooldridge, 2000,
p- 25). The means-ends reasoning is called planning. Thus, a plan is a “recipe
[...] for achieving the chosen state of affairs” (Wooldridge, 2000, p.22). The
BDI architecture structures intentions into plans. Bratman offers a deeper
insight on the relation between intentions and plans by stating that “plans
typically have a hierarchical structure” and that they play a role in reasoning
“from a prior intention to further intentions” (Bratman, 1990, p.19). This
is plausible for TAMSs. For instance, an agent having the intention to visit
a museum will reason about a possible plan to achieve this state of affairs.
The plan will have a structure, such as “goto the museum”, “wait in line”,
“pay entrance fee”, “see Mona Lisa”, where for each of these steps there
may be another sequence of sub-plans, forming a hierarchy. The intermediate
elements in this hierarchical plan structure are again intentions which finally
lead to behavior at the bottom of the hierarchy. These behaviors are also part
of the plan.

The example shows another principle: a “prior” intention (visit museum)
may lead to “further” intentions which are rather unpleasant (waiting in line).
The museum visitor might argue: “I do not have the intention to wait in line,
I just have to” so that “wait in line” could be neither an intention, nor a
behavior, but some category of its own. This problem has been discussed as
“package deal* by Bratman (1990), and as the difference between “intended
and intentional action” by Moya (1990). Both ask the question whether a
soldier who bombs a village, killing enemy soldiers and children, has only the
intention to kill the soldiers, or can automatically be attributed to have the
intention to also kill the children. This discussion of accountability, again, is
rather an ethical one and out of the scope of this thesis. However, we conclude
that there may be undesired intentions in mobile intention recognition which
come as a package with desired intentions.
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One last aspect about the nature of intentions that a developer of an TAMS
should be aware of is that there are also habitual behavior patterns, which
means that “intentions are not necessarily conscious mental episodes, even
if they sometimes are. If, as I arrive at the University as I do every day,
someone asks me whether I had the intention to come to the University that
day, I will answer yes [...] although I may not remember having gone through
a process of forming that intention” (Moya, 1990, 132). There are many sce-
narios where an TAMS should support these kinds of unconscious intentions.
For instance, Moya’s car navigation system could recognize his intention to
go to the university, and offer appropriate navigation instructions. Behav-
iors, at the bottom of the hierarchical plans, are also usually unconscious.
Moya might, for instance, have a conscious intention to get into his car in the
morning, but will definitely not consciously deliberate about how to change
his spatial position towards the car, including speed, heading, and so on. An
TAMS that recognizes and supports intentions the user is not aware of works
perfectly well as it offers seamless support without the user having to tell the
system her intentions.

This glimpse into the literature on rational agents and philosophy shows
that there are many interesting discussions on the concept of intention. How-
ever, it is not the objective of this section to provide an exhaustive overview.
To summarize the issues about intentions an IAMS engineer should be aware
of:

e Artificial and human agents are resource-limited. Intentions serve as an
intermediate level between beliefs and desires on the one, and actions on
the other side.

e Intentions are pro-attitudes, directed towards some future state of affairs.

e Plans hierarchically structure intentions and behavior. These plan struc-
tures include that the user having an intention may automatically imply
her having further intentions.

e Not all intentions are desired. Some intentions may appear in a “package
deal” with a prior intention.

e Intentions, behaviors, and planning processes are not necessarily con-
scious.

e An TAMS may have to deal with intentions that seam irrational for the
system.

2.2.2 Intention Recognition and Plan Recognition

The BDI architecture can help to build rational agents with mental states,
processes that operate between these states, and processes that produce the
agent’s actions. Intention and plan recognition try to analyse these processes
in reverse. By observing the outcome of the actions (the agent’s behavior)
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they try to find out mental states. Schlieder (2005, p. 43) states that “the fine-
grained models of goal-directed behavior that have been proposed by cogni-
tive psychologists such as the ACT-R architecture (Anderson and Lebiere,
1998) or the BDI architecture used in mulit-agent systems research [...] prove
to be inadequate for describing user intentions in the context of location-
based services.” The reason is the complexity of these models: intention/plan
recognition on the BDI architecture would need (reverse) models for all pro-
cesses shown as squared boxes in Fig. 2.8. It is hard to build a model for
each of these processes, especially if complex reasoning is concerned, but it is
even harder due to the multiple dependencies between the blocks. The role of
perception is particularly hard to handle as we cannot know what the agent
perceives.

On the opposite, we could simplify the BDI architecture by putting beliefs,
desires, and plans into a black box, and caring only about intentions and
behavior (Fig. 2.9, left). Taking the room-crossing problem of section 1.1.2
as an example, we would turn the mapping “approach exhibit — information
about the exhibit” into

approach exhibit at high speed — intention: pass the exhibit — overview
map.

This 1:1-mapping between behavior and intention, however, is still not intel-
ligent enough as it disregards the plan structure. The intention to pass the
exhibit, for instance, might not be the best level of explanation as the inten-
tion to pass the exhibit may come in a package with a number of intentions,
such as searching the restaurant or the exit.

Thus, we need to include more of the agent’s mental state into our con-
siderations. Figure 2.9 (right) shows an architecture that still hides most of
the complexity of BDI while maintaining information on plan structures. The
mapping between behaviors and intentions is now 1:n which allows, for in-
stance, to infer that passing by the exhibit cannot be part of the plan to search
the cafeteria if the agent has visited the cafeteria just a few moments ago. The
way in which plans are represented, the reasoning process assumed between
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intentions and behaviors, and the model of behavior execution, are decisive
specifications in which approaches to plan/intention recognition differ. The
following sections and chapters will call these three together a behavior in-
tention model (BIM).

The difference between plan recognition and intention recognition becomes
clear when combining the definition of “plan” from the previous section with
the illustration in Fig. 2.9 (right): intention recognition only tries to recognize
intentions while plan recognition also strives for recognizing the “recipes” for
achieving those intentions, i.e., finding out the whole plan structure. Thus,
the difference is defined by the output (intentions vs. plan), not by the knowl-
edge used internally. An intention recognition approach may use plan libraries
to structure intentions. However, in the end, the intention recognition per-
forms well if it recognizes the correct intention, not necessarily the correct
plan. This means that plan recognition is the harder problem as there may
be more than one plan structure that explains a certain intention. For the
problem of supporting a mobile user, intention recognition in most cases is
sufficient as it is more important to present the right information services in
any given moment, than to provide a detailed explanation why this intention
occurs.

Carberry (2001) characterizes plan recognition problems according to the
attitude of the agent towards the system (the same characterization applies
to intention recognition):

e Intended plan recognition: the agent knows that she is observed and acts
cooperatively, i.e., chooses her behavior in a way that she thinks the
system will interpret correctly. Examples are frequent in HCI if the user
assumes that the system does not work well enough to recognize, for
instance, her mumbling into the microphone, thus trying to speak ex-
traordinarily clearly. This may appear in an TAMS but is definitely not
the optimum as we want to minimize the attention the user needs to
spend on the device.

e Adversarial plan recognition: the agent knows that she is observed, and
attempts to hinder the system from recognizing the correct intentions
(deception). This kind of situation occurs in security settings, such as
monitoring passengers at the airport for terror prevention, and is rarely
discussed in the literature (see Geib and Goldman, 2001; Mulder and
Voorbraak, 2003). It is not relevant for IAMSs.

e Keyhole plan recognition: the observation of the agent has no impact on
her behavior. This either means the agent does not know being observed,
or she knows but does not care being observed, or — and this is the optimal
case in an TAMS — she knows, cares, and thinks the system is working
quite well.

As another characterization, plan/intention recognition can be divided into
online and offline recognition (Bui, 2003): online recognition works incre-
mentally and on-the-fly. Offline recognition is applied ex-post on previously
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recorded and finished behavior observations. Mobile intention recognition
falls into the former category.

2.3 The Mobile Intention Recognition Problem

The previous sections have introduced TAMSs as mobile assistance systems
which recognize their user’s intentions (section 2.1) and provided background
information on intentions, plans, and intention recognition (section 2.2). In
the following the specificities of mobile intention recognition will be dis-
cussed. The mobile intention recognition problem will be defined as a special
sub problem of the general intention recognition problem. This section also
describes the problem of interleaved intentions which frequently occurs in
mobile intention recognition, and for which new methods are developed in
chapter 4.

2.3.1 Spatio-Temporal Behavior Sequences

The processing architecture introduced in Fig. 2.2 is specifically designed for
intention recognition from motion track data. It describes the steps in which
a user’s trajectory is processed, crossing the semantic gap from position data
to intentions. However, what makes the last processing step — intention recog-
nition — a mobile one is not so much the fact that many of the input behaviors
originate from a trajectory, but rather that all input behaviors are annotated
with temporal and spatial information, independent from whether they were
derived from the trajectory or from activity sensors. The spatial and tem-
poral information in mobile intention recognition have several implications
discussed in the following.

2.3.1.1 Temporal information in mobile intention recognition

One might argue that all human behavior happens at some point in time
(or during a certain time interval), and conclude that the temporal aspects
of mobile intention recognition do not make it special in any way. However,
there are scenarios with incomplete information in which we want to infer
intentions although we have no temporal information. Jarvis et al (2005), for
instance, develop plan recognition methods for finding out whether a person
or group has the intention to carry out a terrorist attack. A knowledge base
might have the information that A) a person has taken flight lessons, and
B) the same person has bought a gun, but — due to the unreliable sources
from which the data was collected — no temporal information on when this
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happened, or even on the ordering of A) and B). Other examples for the
absence of temporal information can be found in research on understanding
discourse semantics which tries to infer human intentions from spoken or
written text, such as “I want you to sing me a song. It’s “Yankee Doodle
Dandy’ in the key of C.” (Sidner, 1985). In many texts like this, temporal
information is missing and, quite often, temporal information is not relevant
to interpret a sentence correctly.

TAMSs use sensors that annotate temporal information to all observations.
Thus, the observations in mobile intention recognition are ordered. The def-
inition of motion track (definition 2.2) also implies that this temporal order
is strict and total. As the motion track is segmented incrementally with no
overlap there is also a strict total temporal order on motion track segments,
leading to a strict total temporal order on those behaviors derived from the
trajectory. The activity disruption segmentation ensures that, finally, there
is a strict total temporal order on all behaviors, including those inferred from
activity, yielding in a behavior sequence:

Definition 2.3. Let B denote a finite set of behaviors. A behavior sequence
is a sequence = (b, ..., b, ) of behaviors from B. A behavior sequence has
an implicit strict total temporal order. The sub sequence (b;, ..., b;) (0 < i
< j < n) is denoted with 4, j].

In case the intention recognition algorithm needs the absolute temporal
information, the timestamps of start and end time can be annotated to each
behavior, resulting in a temporal behavior sequence:

Definition 2.4. A temporal behavior sequence is a sequence By = ((ts0, teo,
bo), .-y (tsn, ten, bpn)) of behaviors by ... b, € B. We say a behavior b;
took place in the time interval [tg;,tei] C T, ts; < tes- A temporal behavior
sequence has a strict total temporal order, i.e., te; < t4(;41), for each two
succeeding elements from [;.

A duration of 0 is not allowed for any behavior. These definitions imply
that, for any moment in time, the user shows at most one behavior. The way
segmentation was described in section 2.1.2 ensures that the end time of any
behavior is the start time of the next behavior. Thus, the behavior sequence
in an TAMS is temporally complete, i. e., there is exactly one behavior for any
moment in time:

Definition 2.5. A temporally complete behavior sequence [i. is a temporal
behavior sequence with fej = t4(;41) for each two succeeding elements from

Bto

Note that temporal completeness does not necessarily imply that the be-
havior sequence is terminated, i.e., more behaviors should be expected. The
temporal completeness contrasts mobile intention recognition from many ap-
proaches in general plan recognition which lay special focus on dealing with
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Fig. 2.10 a. Behavior observations without temporal information; b. Temporally or-
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incomplete observations. Figure 2.10 illustrates the three levels of tempo-
ral information on behaviors in intention recognition for a clothes shopping
example:

a) We know that the user has entered and exited the shop, payed one article,
and exchanged one article.

b) From the ordering of the behavior we can see that the “pay” behavior
was before the “exchange” behavior.

¢) We know the spatio-temporal behavior between “pay” and “exchange”:
the user has searched (for some other articles) and probably exchanged
the article she bought in the “pay” behavior with another article.

It is clear that serious positioning problems that cannot be handled in
the data refinement step may impede temporal completeness: for instance,
if the GPS signal is lost for a long period of time, such as five minutes, the
resulting motion track segment may become meaningless if it does not even
roughly approximate the user’s real trajectory. Due to the fast technological
advancements in positioning technology and data refinement algorithms, it
is not too unsafe to assume that these situations are likely to become more
and more rare in the near future.

To conclude, behaviors in mobile intention recognition come as ordered
and temporally complete sequences. As we will see later this reduces the
problem complexity.

2.3.1.2 Spatial information in mobile intention recognition
“Spatial is special” is one of the main statements of the introductory chapter

in Longley et al’s textbook on GIScience (Longley et al, 2010). The book
lists a number of reasons, two of which can directly be transfered to explain
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why spatial information makes also mobile intention recognition special: first,
“almost all human activities and decisions involve a geographic component,
and the geographic component is important” (Longley et al, 2010, p. 11). It
was already said that the spatial component is important in mobile inten-
tion recognition when arguing that the behavioral specificity assumption is
plausible for IAMSs, that is, the spatial structure in a domain reflects what
you can do and cannot do in certain regions. This is the most obvious and
most important difference between mobile and general intention recognition:
we have spatial information, and it relates to the intentions we can expect
our user to have.

Second, “geographic information is multidimensional, because two coordi-
nates must be specified to define a location” (Longley et al, 2010, p.11). In
the previous sections “region” was used for describing the place where a mo-
tion track segment or a behavior happened. These regions were picked from
a “spatial model”. To be more precise:

Definition 2.6. A spatial model SM = (R, SRT, SR) consists of a finite set
of regions R, a finite set of (binary) spatial relation types SRT, and a finite
set of spatial relations SR C SRT x R x R that specifies whether a spatial
relation type holds for two regions.

Regions are written as capital R with subscript. The geometry geom(Rj)
of a region R; is a polygon in R?. Valid polygons are

e simple polygons

e polygons with holes (if P; and Py are valid polygons with Po C Py, then
P; \ Py is a valid polygon)

e multi-ring polygons (if P; and Ps are valid polygons with P1 N Py = @,
then Py U Py is a valid polygon)®

Sets of regions C R are written as bold R with subscript. It is required
that SRT contains at least the relation types of the RCC-8 calculus (Randell
et al, 1992), see Fig. 2.11: {disjoint, touch, overlap, equals, covers, coveredBy,
contains, containedBy}. A functional notation will be used to specify whether
a relation holds between two regions, i.e.: srt: R x R — {true, false} takes
the value true if (srt, R1, R2) € SR

Every spatial model has an all-encompassing region R, € R, with V R; €
R: contains(Rg, Ri) V covers(Rg, Ri) V equals(R;, R)®. Additional spatial
relation types may include distance and direction relations, such as north-
of or far-away (see Frank, 1992), or other spatial relations from qualitative

5 A multi-ring polygon can also be defined as a polygon with a hole, where the hole cuts
the polygon into two unconnected pieces.

6 Ry, is not an infinite region, and thus the covers relation may hold with its child
regions. Ry, is the top-level region containing all regions relevant for the domain, such
as the city in Fig. 1.2. As we are not interested in intentions outside of our domain we
assume that no behavior happens outside of Ry,. (Without this assumption we could also
say that a user located outside Ry, has the intention GotoR,, and present a navigation
information service accordingly.)



2.3 The Mobile Intention Recognition Problem 35

dISjOInt(R R,) touches(R,R,) overlap(R,,R,)

‘G

equals(R,,R,) covers(R,,R,) contains(R,,R,)
isCovered(R,,R,) isContained(R,,R,)

Fig. 2.11 Spatial relation types in the RCC-8 calculus (Randell et al, 1992).

spatial reasoning (e. g., Skiadopoulos et al, 2007; Deng et al, 2007). Domains
may impose constraints on the spatial model. Three types of spatial models
are especially interesting for TAMSs (see Fig. 2.12):

e Flat POI model: regions (except Ry) may not overlap, cover, or contain
other regions:
V Ri1, R2 € R: = overlap(R1, Ra2) A ((contains(Ri, Ra) V covers(R1, Ra))
— (R1 = Rp))
This is the spatial model type used by simple LBSs which have only
on-enter /on-leave regions around POI (see Figs. 1.1 and 2.12, left).

e Tessellation: as the flat POI model, but with the additional condition
that Ry, is fully covered:

U geom(R;) = geom(R )
Ri€R\{Rp}
Small-sized indoor environments are sometimes structured as a tessel-
lation. For instance, rooms and corridors will fully cover an apartment
whereas, quite often, neither sub-regions (like areas around furniture) nor
super-regions are modeled (see Fig. 2.12; center).
e Partonomy: no two regions are equals or overlap:

vV R1, Re € R: (R; # Ra) — (= overlap(R1, Ra) A — equals(R1, Re))

A partonomy was already used in the city guide example in Fig. 1.2
(left). A graph with regions as nodes, and relations contains and covers
as edges yields in the partonomy tree (see Fig. 1.2, right). Partonomy is
the most relevant spatial model type for intention recognition as many
structured indoor and outdoor domains use this type. Flat POI model
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Fig. 2.12 Types of spatial models: flat POI model (left), tessellation (center), and
general spatial model with overlapping regions (right). A partonomy is shown in Fig. 1.2.

and tessellation are sub types of partonomy (those with partonomy tree
depth 1).

Deciding whether a spatial position (x, y) is in a given polygon (point-
in-polygon problem) can efficiently be solved with algorithms from compu-
tational geometry (e.g., Huang and Shih, 1997). With an appropriate data
processing a modified version of the swath algorithm efficiently computes the
set of polygons which contains (x, y). As explained in section 2.1.2 each be-
havior in an TAMS is annotated with the set of regions in which it happened,
which leads to an extension of temporal behavior sequences (definition 2.4):

Definition 2.7. Let B denote a finite set of behaviors, SM = (R, SRT, SR)
denote a spatial model. A spatio-temporal behavior sequence is a sequence (¢
= ((ts0, teo, R0, b0), - .-, (tsn, ten, Bn, bn)) of behaviors b ... b, € B. We say
a behavior b; took place in the set of regions R; C R during the time interval
[tsistei] C T, tsi < te;. A spatio-temporal behavior sequence has a strict total
temporal order, i.e., te; < t4(;11), for each two succeeding elements from ;.

The property of temporal completeness is defined according to defini-
tion 2.5. If SM is a partonomy ( (tso, teo, Ro, bo), ..., (tsn, ten; Rn, bn)) can
be chosen as a simplified notation for spatio-temporal behavior sequences,
i.e., the region set R; is replaced by the region R; € R; which is furthest
away from Ry in the partonomy tree (the “smallest” region). R; can be
reconstructed by ascending the partonomy tree from R; to R.

The 2-dimensionality of space makes the mobile intention recognition prob-
lem special. The reason is the spatial continuity property that holds if the
sequence is temporally complete: as the user cannot fly she must traverse the
regions in a sequence consistent with the spatial model, i. e., the values that
are allowed for two succeeding region sets R and Rjy1 can be restricted. For
determining the consistency of a transition from R; to Riy1 the tessellation
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Fig. 2.13 Left: turning the general spatial model in Fig. 2.12, right, into a tessellation.
Center: creating a transition graph for the tessellation (loop edges are omitted for reasons
of clarity). Right: a spatio-temporal behavior sequence inconsistent with the spatial
model.

tes(SM) of a spatial model is used: all geometries from R are intersected
until a set of simple polygons remains from which a set of regions Ryes is
created”. The function 7eg: Ries \ {Ro} — 2B assigns each (non-2) region
from the tessellation model tes(SM) the set of regions from the original model
SM which contain it. The transition graph tg(tes(SM)) is a graph with nodes
Ries\{Rp} and edges between those regions between which the user can
travel. Each node in the transition graph has a loop edge to itself because
the user may decide not to cross a region border. Figure 2.13 (left, center)
illustrates how we derive a transition graph from a general spatial model.
With the transition graph we can, finally, define spatial consistency:

Definition 2.8. A spatio-temporal behavior sequence s = ((¢s0, teo, Ro,
bo), -y (tsn, ten, Bn, bn)) is spatially consistent with the spatial model
SM if, for each two succeeding region sets R; and R;;1, there exists an
edge between two regions Ry; and Ry (both € Rys) in the transition graph
tg(tes(SM)), with reg(Rbl) = Rz and reg(Rbg) = Ri+1.

Figure 2.13 (right) demonstrates a spatio-temporal behavior sequence in-
consistent with the spatial model from Fig. 2.12 (right): Bst_inconsistent tra-
verses the transition graph in an inconsistent manner (Rq, Ri4, Ri3, Rig,
R10) which would require the user to fly from Ris to Rig. It depends on the
domain how the edges in the transition graph are determined. If no domain
knowledge about obstacles, such as walls or rivers, is available it may be as-
sumed that the user may transit between two regions in tes(SM) if the touches

7 As, by definition, any spatial model must have an all encompassing region, we add

R to Ries. We also must add the remainder of Ry, after all intersections: R \
R.

RER,R#Rg,
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or the covers relation holds (that is how the transition graph in Fig. 2.13 was
created). With more domain knowledge possible transitions could be mod-
eled explicitly. For instance, it could be specified for the rooms in Fig. 2.12
(center) whether there is a door between them by adding the concept of con-
nectors to the spatial mode. In a broader context, this relates to the idea of
a conceptual map (Kettani and Moulin, 1999), i.e., an abstraction of a real
map in which ways between regions are specified. These spatial models with
connector information are not discussed any further as this is out of scope.

To conclude, behaviors in mobile intention recognition come as ordered
and temporally complete sequences with spatial context information. The
spatial context can help to determine possible intentions, and to predict the
future spatial context by using a transition graph.

2.3.2 Mobile Intention Recognition: A Definition

In the next step intentions are recognized incrementally from the spatio-
temporal behavior sequence. Intention recognition is triggered for each be-
havior that comes in from the preprocessing, i.e., the current intention I;
(from a finite set of possible intentions I) is recognized for each input (tgi, tei,
R, bj). An intention recognition algorithm that considers only current infor-
mation from the time interval [ts;, tei[ will, in general, not work very well. For
instance, the user of an AAL system who is entering the kitchen may have one
of several intentions, such as PrepareDinner, CleanKitchenFloor, and many
others. If it is sure that she had the intention CleanCorridorFloor before,
the plan library may tell that this is part of an intention to clean the whole
apartment and decide for CleanKitchenFloor (see the discussions about plan
and intention recognition in section 2.2.2). Intention recognition needs more
than local information about the spatio-temporal behavior sequence, possibly
the whole f34[0,i] known up to now®. With these considerations the mobile
intention recognition problem can be defined formally:

Definition 2.9. Let B denote a finite set of behaviors, I denote a finite
set of intentions, SM = (R, SRT, SR) denote a spatial model. The mobile
intention recognition problem consists in selecting the current intention I; €
I which explains the current behavior b; in a temporally complete spatio-
temporal behavior sequence s = ((ts0, teo, Ro, bo), ..., (tsiy tei, Ri, bi)),
where (35 is consistent with SM.

8 The notation of partial spatio-temporal behavior sequences between indices i and j,
Bst[i,j], is chosen in analogy to motion track segments (definition 2.2).
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2.3.2.1 Closed world assumption, inexplicability, and ambiguity

Both sets, B and I, are specified by the domain expert. A good strategy for
defining these intentions is to consider the information services the IAMS will
have and specify the intentions supported by these services. As in classical
software development, structured and unstructured interviews with the users
of the system (as part of the use case analysis) can give useful hints to deter-
mine which intentions the users would like to have supported. B and I being
finite implies a closed world assumption: the goal is not to recognize any in-
tention a human might have but only those relevant for the application. The
closed world assumption also comprises that the user of the system exclu-
sively shows behavior consistent with her intentions. As a consequence, when
faced with reality, there may be situations where the user shows inexplicable
behavior, i. e., intention recognition is not able to select a current intention
from I. Inexplicable behavior does not necessarily need to be irrational (see
section 2.2.1.2) but may also just be out of the domain. A spatio-temporal
behavior sequence can also be inexplicable if the preprocessing did, for some
reason, not work correctly.

Besides inexplicability, there is the problem of ambiguity which occurs if a
given spatio-temporal behavior sequence has more than one possible interpre-
tation, i. e., a whole set of intentions I; C I can be considered as hypotheses for
the current intention. The kitchen example above, without the background
knowledge about the corridor cleaning, is one example. In previous sections
it was mentioned that the behavior sequence is generally not terminated: the
user is still on her way and expected to show more behavior in the near future.
As a consequence an IAMS tries to recognize intentions even if g consists of
only one element. It is intuitively clear that a one-elementary input sequence,
such as (tso, teo, Rkitchens Dentering), Will very often be ambiguous as there
are plenty of possible continuations. Thus, ambiguity is a central problem of
mobile intention recognition and requires special attention.

2.3.2.2 Mobile intention recognition algorithms

A perfect mobile intention recognition algorithm, applied to a perfect behav-
ior sequence, given a perfect model of the world, would solve the intention
recognition problem perfectly in any incremental step for the whole runtime
of the application, thus mapping each f¢[0,i] (0 < i < n, where n is the to-
tal number of behaviors that occur during runtime) to one intention I;. This
would yield in an intention sequence t[0,n] = {(ts0, teo, Ro, o), ..., (tsn, ten,
Ry, In)). However, any real intention recognition algorithm will have to deal
with inexplicability and ambiguity. Thus, in any time slice i the algorithm
will return a set of hypotheses I;, where each element in I; could explain { (tg;,
tei, Ri, bi)). The result of the algorithm over the whole runtime is then an



40 2 Mobile Intention Recognition

algorithm mobileIntentionRecognition(
spatio-temporal behavior sequence B /0,n],
domain model DM = (B, I, SM, BIM) ) returns
an intention hypotheses sequence p[0,n]
begin
initialize(DM)
p < an empty intention hypotheses sequence

for (inti=0; i<n; i++) do
(t57 te7 Rirn b) — ﬂst [171]
Thypotheses < recognize( (ts, te, Rin, b) )

p-append( (ts, te, Rin, Ihypotheses) )
select AndShowInfoService(Inypotheses; Rin)
end for

return p
end algorithm

abstract procedure initialize( domain model DM )

abstract function recognize( space-time behavior (ts, te, Rin, b) ) returns

Ihypotheses

abstract procedure selectAndShowlInfoService( intentions Icyrr, regions Reyrr )

Fig. 2.14 The general structure of mobile intention recognition algorithms.

intention hypotheses sequence p[0,n] = ((tso, teo, Ro, Io), -+, (tsn, ten, Rn,
I1,))°.

Figure 2.14 illustrates the general structure of a mobile intention recogni-
tion algorithm. B, I, SM, and behavior intention model BIM are combined
to a domain model DM. One important task when specifying a mobile inten-
tion recognition algorithm is to define the representational formalism for the
BIM. In the initialize() procedure the algorithm prepares all internal data
structures it needs to be ready for the first behavior input. For instance, the
computation of a transition graph could be performed in initialize(). The
recognize() function is the heart of the algorithm and incrementally deter-
mines intention hypotheses. Although it takes only the current space-time
behavior as input, it may keep track of all previous space-time behaviors in
its internal data structures. Procedure selectAndShowInfoService() triggers
the information service.

9 Two succeeding intentions I; and Ij41 in an intention sequence ¢ may be the same.
As the intention has not changed, the TAMS will in most cases also not change the
information service. If the intention has not changed, but the region sets R; and Riy1, it
will sometimes make sense to choose a new information service. Same applies accordingly
to succeeding hypotheses sets in an intention hypotheses sequence p.
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Fig. 2.15 Partitioning of observations to intentions in general intention recognition
(left). Composition of a behavior sequence in mobile intention recognition (right).

The algorithm shows that each set of hypotheses I; in p[0,n] is computed
with the restricted knowledge available at time slice i (i.e., B[0,i]). Even
though the knowledge gained later (i.e., Sst[i+1, n]) may help to reduce
the ambiguity of I in retrospect, and even though this ambiguity reduc-
tion may (and will) be used to improve later hypotheses (p[i+1,n]), from
the perspective of evaluating an algorithm, the degree of ambiguity at time
slice i is decisive as this is the moment when the TAMS needs to choose an
information service. |I;| is called the degree of ambiguity for the space-time
behavior at time slice i, where |I;| = 0 is called inexplicability, |I;| = 1 means
no ambiguity, and |I;| > 1 means ambiguity (with higher values for higher
ambiguity). |Ij| will be used in chapter 5 for evaluating the performance of
different algorithms.

2.3.3 Behavior Sequence Compositions

2.3.3.1 From partitioning to composition: the influence of
ordering

Consider the non-mobile intention recognition problem displayed in Fig. 2.15
(left): the system has recorded a set of three behaviors (called “observa-
tions” for the non-mobile problem): {buyGun, buySkis, buyTicket}. One of
the hardest challenges for intention recognition is to build subsets of these
observations in a manner that: 1) all observations are used, and 2) the group-
ing is consistent with the BIM. For now it is assumed that the BIM does not
imply any restrictions, i.e., all subsets of behaviors can be grouped together.
Figure 2.15 (left) shows an example in which explanations for all subsets of
behaviors exist. If it is further assumed that no behavior is used to explain
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more than one intention (disjunct subsets) the problem is equivalent to the
partitioning problem (Audibert, 2010). In the example five possible behavior
partitionings can be created with according explanations:

1. {{buyGun}, {buySkis}, {buyTicket}}
KillCoyotes A GoSkiing A PlanBusinessTrip

2. {{buyGun, buySkis}, {buyTicket}}
PracticeBiathlon A PlanBusinessTrip

3. {{buyGun}, {buySkis, buyTicket}}
KillCoyotes A PlanSkiVacation

4. {{dbuyTicket, buyGun}, {buySkis}}
HijackPlane A GoSkiing

5. {{buyGun, buySkis, buyTicket}}
PlanWinterOlympics

In general, the number of possible partitionings for a set with cardinality
n is equal to the n*® Bell number By (see Audibert, 2010; Sloane, 2010). The
Bell number B,, can be calculated recursively from all previous Bell numbers
(where By = 0):

Buy1 = ZE:O (E)Bk

or using the Dobinski formula:

_ 1xhoo kKM
Bn - ngzoﬂ‘

Bell numbers grow extremely fast, e.g., Bs = 52, Bjp = 115 975, Bog =
5.172-10'3.

Spatio-temporal behavior sequences fs¢, on the other hand, are ordered.
Let us now assume that the user does not have any interleaved plans, which
means behaviors can only be grouped into an explanatory sub sequence if
they are neighbors in f4. Separated behaviors, such as stoopDown and open-
Cabinet in the example of Figure 2.15 (right), cannot be part of one intention
if the intermediate behavior (walking) does not explain the same intention.
This leads to four possible explanations for the example:
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1. {{stoopDown ), (walking), ( openCabinet))
(FondleDog, SearchGlasses, GetCereals)

2. ((stoopDown, walking), ( openCabinet))
(TryNewShoes, GetCereals)

3. ({stoopDown), {walking, openCabinet))
(FondleDog, DropPullover )

4. ({stoopDown, walking, openCabinet))
(CleanUpFlat)

The number of such explanations possible for a sequence of length n can be
determined with simple combinatorics: there are (n - 1) positions at which
the sequence can be cut, and the number of cuts is an integer between 0 and
(n - 1). This yields in

Co = T4y () = 20

which is still exponential but growing much slower than the Bell sequence,
e.g., Cs; =16, Cig = 512, Cog = 524 288. C,, is called the number of possible
compositions in number theory. It is the number of ways in which an integer
n can be represented as a sum of positive integers (where the order of the
summands matters). To be more precise about the different growth of By

and C,, consider B]g::l, and Cé—::l respectively, which express the percental

=2, i.e., the sequence C,, is logarithmically
linear. In contrast, Asai et al (2000) have shown that By, is logarithmically
convex, i.e., B]gj]'l is not a constant, but grows with the sequence: B]g—l'l >

BB“ for all n > 0. Strict convexity, i.e., Bﬁil > BBnl, has not been proved

yent but verified for n < 1500 computationally (Boi‘uroubi7 2007). It is clear
that, for realistic input sequence lengths in mobile intention recognition, By,
grows much faster than C,.

Though a worst case scenario has been considered in which no additional
grouping restrictions from the BIM are available, and in which the algo-
rithm tries out all groupings in a (somehow stupid) bottom-up manner, this
tremendous difference in number of possible explanations is intrinsic to the
two problems of general and mobile intention recognition. It influences the
degree of ambiguity one can expect. Section 3.2.2 will show that Kautz (1991)
has already identified this as one problem about his general plan recognition
approach. An additional source of ambiguity for general and mobile recog-
nition arises from observation/behavior groupings for which more than one
intention exists. For instance, the behavior openCabinet could be the only
part of several intentions as the user may want to get a number of differ-
ent things from the cabinet. This kind of ambiguity is relevant for intention

growth of the two sequences: %
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Fig. 2.16 Spatial composition of a spatio-temporal behavior sequence in a partonomy
(left) and a spatial model with overlap (right).

recognition in practice but, as the set of all intentions I is finite, when esti-
mating the complexity in terms of possible partitionings/compositions this
kind of ambiguity would appear as a constant factor.

2.3.3.2 Spatial composition restrictions: the room-crossing
problem revisited

Let us now integrate grouping restrictions from the BIM. At this point, we are
not interested in those grouping restrictions that come from pre- and post-
conditions in the plan library, such as, “the user must fill water into the bucket
before he can clean the floor”. We rather consider spatial grouping restrictions
by disallowing all those compositions for a spatio-temporal behavior sequence
Bst[0;n-1] in which one or several sub sequences cross a region boundary, i. e.,
all spatio-temporal behaviors in each sub sequence must have the same set
of regions: Bt [p;q'l] = <(tsp7 tep, quv bp)’ LR (ts(q—1)7 te(q—l)a qua bq-1)>'

Figure 2.16 (left) shows an example in a small partonomy: the regions R;
and Rq cut B5¢[0;n-1] into five pieces. The number of compositions for Sg[0;n-
1] without spatial restrictions is C,, = 2", and with spatial restrictions

Cp . Cq—p . Cr—q . Cs—r 3 Cn—s — 2p—1 . 2q—p—1 . 2r—q—1 . 25—r—1 . 2n—s—1 _ 2n—5

It is easy to show that, in general, the number of possible compositions for a
spatio-temporal behavior sequence of length n crossing k region boundaries
is C,_j, = 2"~ F~1 if the intention changes at each boundary.

However, as illustrated in the room-crossing example in section 1.1.2 the
user’s intention does not change at every region boundary as the correct
interpretation for a behavior sequence is not necessarily determined by the
smallest current region. In Fig. 2.16 (left) the correct interpretation could
also be found only in Ry which means the sequence could be cut at positions
p and s (instead of cutting at p, g, r, and s). In the worst case, the correct
interpretation for the whole sequence could be in Ry, which means that a
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Fig. 2.17 Connecting plan library and spatial model.

composition at region boundaries cannot be assumed. For this worst case the
maximum complexity of 2% cannot be avoided. Because of the room-crossing
problem no further statements from a bottom-up perspective are possible.
However, we can say that, the more closely the BIM connects regions and
behaviors the more ambiguity is reduced (in terms of possible groupings) by
powers of two. A close connection between regions and behaviors means that
the behaviors (b ... bg.1) in a sequence fg¢[p;q-1] can only be interpreted
in one region R, € Ry (and not in overlapping, parent or child regions). If
there is no close connection, a room-crossing problem will probably appear.

One remark about overlapping regions (see example in Fig. 2.16, right):
if we again assume that no behavior is interpreted in parent regions we can
either cut at p and r, or at q and s, i. e., the behavior sequence in the middle
Blr;q-1] can be interpreted as part of the intention in either region Ry or Rao.
When calculating the number of possible groupings we must subtract this
middle part once (as it has been counted in both cuts), yielding

Cp + (Cop  Cox + Cap - Coq ~ Cap + Crogq - Cop) - Cpg = 2 - 2074 905

The 2 is a constant factor so that the complexity in this case is 2°%. This
relates to Cy_x when crossing three region borders with three times chang-
ing intentions (see above). (In a partonomy k = 3 appears if the relations
touches or covers hold.) We conclude that overlapping regions have a higher
complexity than partonomic structures. The amount of increase depends on
the way the regions overlap and how the user crosses them.
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2.3.3.3 Adding top-down knowledge: plan libraries and behavior
sequence composition

The above considerations about the influence of ordering and space took
a strict bottom-up perspective for pointing out the conceptual differences
between general and mobile intention recognition. However, in the worst case
there is still an exponential number of compositions, and an algorithm that
tries out all these compositions is certainly not very efficient, and will suffer
from high ambiguity.

Disambiguation is achieved by adding top-down information: it was dis-
cussed in section 2.2 how human behavior is driven by intentions, and how
intentions are structured as plans. Models of agency that describe these re-
lationships were called behavior intention models (BIM). Also recall that an
intelligent BIM will not just map behavior to intentions, but induce a plan
structure. This structural information restricts the number of possible be-
havior compositions. There were several examples in this chapter, like “the
user must fill water into the bucket before he can clean the floor” or the steps
necessary for seeing Mona Lisa.

We will see in chapter 3 that BIM are often called “plan libraries” in the
related problem of plan recognition, and that types of plan libraries differ in
the structural complexity they can represent. This influences the number of
possible behavior compositions. For instance, Schlieder (2005) pointed out for
mobile intention recognition that “[t]he representational formalism describing
the behavior-intention mapping must be more expressive than a finite state
mechanism”, i. e., it must support behavior sequences such as enter” leave™
(entering and leaving of nested regions in a partonomy).

For now, the complexity of the plans that can be represented is not the
focus but the connection of these plans with space: plan libraries and space
do not only individually restrict the number of possible compositions, but can
also be related to each other. These spatial behavior and intention constraints
define which behaviors/intentions are possible in which regions. This idea
was referenced to as “behavioral specificity assumption” in section 2.1.2. For
instance, we do not only know that the Mona Lisa visitor will show a queuing
behavior before entering the exhibition but also that this will happen in
the spatial region Rgueuingarea- A queuing behavior outside of Rqueuingarea
will not be interpreted as intention BuyTickets but maybe as BuyFood (for
the spatial region Rgnackbar)- Thus, the BIM in mobile intention recognition
consists of a plan library, a spatial model, and constraints that connect these
two models (see Fig. 2.17). This fundamental idea is independent from the
way in which plans are represented, and from the type of spatial model in a
certain domain.
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Fig. 2.18 A behavior sequence composition with interleaving intentions.

2.3.4 The Problem of Interleaved Intentions

The previous sections assumed that the user does not have any interleaved
intentions. This allowed us to reduce the bottom-up worst case complexity for
behavior grouping from B, (partitioning) to 2" (composition). This section
explains why this assumption is often too restrictive, and illustrates with
examples that long-ranging space-intention dependencies appear as problems
in many TAMS scenarios. Handling these dependencies is the main focus of
the formalisms developed in chapter 4.

2.3.4.1 Examples

Consider the AAL example in Fig. 2.18 (which is an extension of the ex-
ample in Fig. 2.15, right): the user switches on the stove, does some other
household stuff, and is finally standing. As a cook usually checks the cooked
meal after some time, adding spices or other ingredients, we may assume that
this standing is part of the PrepareMeal intention. This pattern (doXi, do-
SomethingCompletelyDifferent, doXs ), where X1 and X5 are related to the
same intention, can be found quite frequently in TAMSs. A tourist in Santa
Barbara (California, U.S.), as another example, might reserve tickets for a
whale watching tour in the morning, go for lunch and shopping at noon, and
join the whale watching tour in the afternoon.

Both examples show that space is an important indicator for deciding
whether an interleaving intention exists or not. For instance, the standing
behavior can only be part of the PrepareMeal intention if the user is stand-
ing in front of the stove (more precisely: in front of the same stove), which
means — due to spatial consistency — that the cabinet opened in the previous
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behavior must be in the same region as the stove. Accordingly, the tourist
in Santa Barbara will only have the intention EnterBoat in the afternoon if
she is located on a dock Rgock1, where Rqock1 is in a relation sameCompany
with the ticket counter Ryiickets1 Where she bought the ticket in the morning.
Alternatively, if ticket counters are always on the associated dock, the spatial
requirement can be modeled we as contains(Raock, RticketCounter)-

Figure 2.19 shows four examples illustrating a variety of IAMS scenarios
in which distant behavior sub sequences are related to each other:

e Top left: a tourist shows the behavior “photo in direction south-west” in a
place from where she can see a POI she has visited before. An appropriate
information service would provide a reference to the visiting experience,
e. g.,“you have just taken a photo of the cathedral. From this perspective,
you can perfectly recognize the cathedral’s strategic location between two
rivers which I explained this morning.”

e Top right: the whalewatching tour example. The tourist has bought a
ticket in Rijckets1i- Thus, her entering behavior in Rgocke is not inter-
preted as EnterBoat intention, but her entering of Rgock1 some time later.
It may be unusual to call the sameCompany relation a spatial relation.
However, we could easily adjust the example by adding a multi-ringed
parent region Reompany1 Which contains Rqock1 and Ryjckets1- The spatial
relation sameCompany could then be translated into hasSameDirectPar-
ent. The spatial relation contains between dock and ticket counter is also
possible.

e Bottom left: a tourist reaches a city by bus, does some sightseeing or
shopping, and later tries to find the way back to the bus terminal. The
FindBus intention is recognized if she shows a searching behavior in a re-
gion which touches the target region. This is an example for the pattern
“find way back” found in many scenarios, and illustrates that a depen-
dency between behavior sub sequences may range over the whole behavior
sequence.

e Bottom right: an example from an ambient shopping environment in
which regions are defined around shelves, with sensors at the clothes
hangers for behavior pick. The shopper picks an article from Rgpeifz, pos-
sibly more articles from other shelves, enters the fitting rooms, and later
returns to Rgneirz. We can now assume that he is not satisfied with the
article and tries to grab a different size.
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In each of these examples the user’s behavior could be interpreted differ-
ently if no knowledge about her previous behavior was available, and about
the space in which this previous behavior happened. Ambiguity also was
higher because if, for instance, the tourist stood on a dock, the algorithm
could not distinguish her intention to enter the boat from other intentions,
such as BuyPostcard.

We can add an arbitrary number of possible behavior sequences and in-
tentions at the positions marked with “etc.” in Fig 2.19. Hence, these depen-
dencies are called long-ranging. Figure 2.19 also shows that a dependency is
always caused by higher level intentions in the plan structure (e.g., BuyT-
ickets and EnterBoat combine to Join Whalewatching Tour).

2.3.4.2 Nesting and crossing dependencies

Detecting long-ranging space-intention dependencies is an important problem
for mobile intention recognition. One property of these dependencies is that,
in many scenarios, they may cross with, or nest into each other. Imagine, for
instance, a tourist arriving by bus, then visiting the cathedral, buying a boat
ticket, photographing from the panorama view, taking the boat trip, and
finally trying to find her way back to the bus terminal (see Fig. 2.20, top). In
the clothes shopping example it becomes particularly clear that long-ranging
dependencies may appear with many crossings (see Fig. 2.20, bottom). In
addition, the tourist example shows a ternary dependency in which three
behavior sub sequences belong together: buy ticket at counter, enter boat at
dock, come back at the same dock.

It is clear that arbitrary nesting and crossing, with an arbitrary number of
participating sub sequences, would lead us back to the partitioning problem
with its Bell number worst case complexity. However, this kind of unrestricted
partitioning is unrealistic for mobile intention recognition.

The main argument against unrestricted partitioning is that, as human
are resource-limited agents (see section 2.2), it is safe to assume that there
is a fixed maximum number of plans one can have in mind at the same time,
i.e., human are not able to perform unrestricted multi-tasking. It is not so
important now whether this number is Miller’s “magical number seven, plus
or minus two” (Miller, 1956), but we can assume that there is such a constant
number that does not grow with the length of the sequence. Thus, one realistic
restriction on nesting and crossing is that, at any moment, there may not be
more than a certain number ¢ of plans (in Fig. 2.20: not more than ¢ “dotted
lines” in any moment).

Alternatively, it could be argued that crossing plan structures are cog-
nitively more complex, and thus use a higher constant for nesting than for
crossing plans. A third approach would be to restrict the number of depen-
dencies involving more than two behavior sub sequences, or to even forbid
these ternary or higher degree dependencies. This section does not settle on
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Fig. 2.20 Nesting and crossing of long-ranging space-intention dependencies.

one fixed assumption now. It rather concludes that in mobile intention recog-
nition, spatio-temporal behavior sequences are not always strictly composed
into groups with their temporal neighbours, but that long-ranging space-
intention dependencies exist with a limited amount of nestings and crossings.
Chapters 3 and 4 will discuss the kinds of nesting and crossing supported
by different formalisms.
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2.4 Summary and Requirements for Mobile Intention
Recognition

This chapter has introduced TAMSs as a sub class of context-aware services.
We have seen that LBSs do not support their users sufficiently well if in-
teraction possibilities are limited. Thus, this chapter suggested that proac-
tive mobile assistance systems should implement TAMSs instead of LBSs by
integrating their user’s intentions as secondary context. The semantic gap
between sensor acquisition and intentions is wide, with position data as the
most important sensor data for TAMSs. This chapter has proposed a pro-
cessing architecture for crossing this gap which converts a trajectory into a
spatio-temporal behavior sequence. Mobile intention recognition crosses the
last step in this processing architecture, and interprets the spatio-temporal
behavior sequence as intentions. All these steps need to be performed incre-
mentally and online. This yields in a first requirement for mobile intention
recognition'?:

Requirement 1 Mobile intention recognition algorithms should run effi-
ciently on the limited ressources of a mobile device.

This chapter also discussed “intention”, “intention recognition”, and re-
lated concepts in a general (non-mobile) context. The discussion revealed
that intention recognition needs a model of agency. An argument was made
that cognitive architectures, such as the BDI architecture, are too complex,
and a simplified model with intentions and plans as key concepts was intro-
duced. The connection between behaviors, intentions, and plans is specified
in a BIM. The BIM is domain dependent and must be customized for a given
system, especially with respect to the geographic setting.

Requirement 2 The representational formalism used for the BIM should
support easy geographic portability.

As argued in Kiefer et al (2009), in many real world scenarios we would
like the domain expert to carry out this customizing. For instance, an AAL
system for supporting handicapped people should be customizable by the
nurse as she knows better which intentions and behaviors may appear for her
patient, and which behavior sequences are definitely irrational and require
medical intervention.

Requirement 3 The representational formalism used for the BIM should be
cognitively understandable, i. e., modifiable by a domain expert.

Requirement 4 The representational formalism used for the BIM should
support the formulation of exclusive, definite assertions, i.e., behavior se-
quences that should definitely be interpreted as one intention, or be classified
as irrational.

10 Requirements are not ordered by importance.
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A large part of this chapter was dedicated to the specificities of mobile
intention recognition, compared to general intention recognition. The funda-
mental difference is that, in the mobile case, each observation is annotated
with spatial and temporal information. These spatio-temporal behavior se-
quences are temporally complete and ordered, and consistent with region
neighbourhood in a spatial model. A bottom-up worst case consideration
revealed that the ordering information tremendously reduces the problem
complexity compared to general intention recognition, because grouping be-
haviors to intentions in the mobile case is equivalent to composition, not
partitioning.

This last statement was shown to be valid only if intentions do not inter-
leave. A discussion of IAMS scenarios showed that this is not true in general
as there may be long-ranging dependencies that nest into, and cross each
other. Handling these dependencies with the goal of avoiding ambiguity and
inexplicability is the main focus of the following chapters.

Requirement 5 The representational formalism used for the BIM should
allow us to express long-ranging space-intention dependencies which may —
to a certain degree — nest into and overlap with each other.



Chapter 3
Related Approaches in Plan Recognition

This chapter provides an overview on related work in plan and intention
recognition. Related approaches are explored with respect to solving the mo-
bile intention recognition for TAMS, i.e., in the light of the requirements
introduced in section 2.4. Note that an understanding of the spatial gram-
mar formalism in section 3.4.2 will help to get familiar with basic ideas used
in chapter 4.

Related work in activity recognition is not the focus of this chapter but
mentioned if it results from the discussion. Other fields of research more
distantly related to this thesis, like ambient environments, mobile, pervasive,
and ubiquitous computing, were touched on in the previous chapters and are
not deepened here.

3.1 Finite State Machines

Finite state machines (FSMs) have, to the best of the author’s knowledge, not
been proposed with the claim to approach the problems of plan or intention
recognition, but in related areas on a semantically lower level.

For instance, models with the expressiveness of FSMs have gained some
popularity in the mobile computing community under the title “behavior
interpretation”. Ashbrook and Starner’s (2002; 2003) research had probably
the highest impact in this direction. They detect the places important in
someone’s daily life from a trajectory recorded over several days or weeks by
clustering locations of GPS loss. From the transition history between these
places they build a Markov model which expresses the probability that the
user is going to visit a certain place, given the history of previously visited
places (where the size of the history depends on the order of the Markov
model). Although unsupervised learning makes this approach attractive the
semantic level of interpretation is very low. The intentions that can be pre-
dicted are of the form GotoX, where X are places of daily life, such as Gro-
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ceryStore or Work, but the system does not hypothesize about the reason
for going to these place. We have seen in the previous chapter (section 2.2)
that intentions are structured hierarchically by plans. The “GotoX-level” of
recognizing intentions is on a very low level in the plan hierarchy. It may be
sufficient for systems that offer only navigational assistance but not for more
complex use cases in which the assistance system should support high-level
intentions.

The representation of transitions between locations in a weighted graph
can also be used for the interpretation of behavior aggregated over plenty
of users which may open up new opportunities for researchers in the social
sciences. See, for instance, Girardin et al (2008)’s study with photographers’
footprints in the city of Rome.

Dee and Hogg (2004) try to detect inexplicable behavior in video surveil-
lance settings (like, e.g., a car park). The motivation behind this approach
is not assistance but the detection of interesting behavior through (unob-
strusive) surveillance where inexplicability is assumed to be a good measure
for interestingness. Similar as Ashbrook and Starner they restrict intentions
to GotoX goals, whereas in their approach these goals are structured hi-
erarchically: if X is not visible from the current position the GotoX goal
is assumed to be split up into several Goto subgoals along the way. If the
observed person does not follow the path with the least cost (typically the
shortest path) through a weighted graph of goals her behavior is labeled as
inexplicable. Although these goals are more structured than in Ashbrook and
Starner’s approach the splitting of Goto goals into other Goto goals is still
semantically not sufficient for intelligent mobile assistance.

Higher-level intentions, such as VisitMonalLisa, BuyTickets, or Waitin-
Queue, could in principle also be recognized with FSMs. As one possible
modeling, we could choose intention and region information as states (nodes),
and behaviors as transitions (directed edges). By choosing a finite set of in-
tentions for each FSM-state (with the meaning that the user has all these
intentions at the same time, as parent and child intentions) instead of only
one current intention we could account for hierarchical intentions (as long as
the hierarchy is bounded). However, FSMs are not able to recognize nested
sequences, such as a"b" (e. g., Schlieder 2005’s enter™leave™), and also not se-
quences in which several dependencies overlap, like those occurring in many
mobile intention recognition scenarios (see examples in Figs. 2.19 and 2.20).
If, for instance, the tourist in the example from Fig. 2.19 (top left) enters
Rpanorama, and the system should distinguish between whether the tourist
has shown a certain behavior in the cathedral before or not, an FSM would
need to “remember” an arbitrarily long sequence of spatio-temporal behav-
iors which would either lead to an infinite number of states (which contradicts
FSM) or, with assumptions on maximum sequence length, hierarchy depth,
and restrictions on the spatial model, at least to an immense number of states
with complicated state variables. Thus, FSMs do not fulfill requirement 5
from section 2.4.
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3.2 Early Approaches to Plan Recognition

This section summarizes two selected approaches to plan recognition from
the 1970’s and 1980’s. The first one, Schmidt et al (1978), demonstrates why
researchers in those days have started to discuss the plan recognition problem.
The second one, Kautz (1987), with his claim and aim to treat the problem
on a very general level, is particularly characteristic for many approaches,
not only from the early days but also today.

3.2.1 Hypothesize and Revise

Schmidt et al (1978) are generally cited as the first authors who identified
the plan recognition problem as a problem in its own right: “The problem
of plan recognition is to take as input a sequence of actions performed by
an actor and to infer the goal pursued by the actor and also to organize the
action sequence in terms of a plan structure” (Schmidt et al, 1978, p.52).

Their focus was on how to use A.I. for the construction and testing of a
psychological theory. They incrementally presented textual descriptions of an
agent’s actions in an evolving small story, and asked a human observer what
she thinks the agent is planning. They described how an observer would start
with a single hypothesis for a plan which she would later incrementally revise
and make more detailed. Even observations of actions that do not fit with
the initial hypothesis would often be “explained away” with explanations
like “the agent did not know that precondition X was not true” or “the agent
changed her initial plan because of Y”. This hypothesize and revise paradigm
was then implemented in a system called BELIEVER.

The hypothesize and revise algorithm is described rather informally in
the paper and complexity is not discussed. Many decisive details remain
open: “We have yet to define a Rule Applying Algorithm (RAA) which will
select and try suitable revisions among [the above-mentioned] suggestions”
(Schmidt et al, 1978, p. 70). The reason for the informality can be seen in the
different focus: while Schmidt et al. aim at describing the plan recognition
process in the mind of a human observer psychologically plausible, the focus
of most later plan and intention recognition approaches (including this thesis)
is to develop methods that create the correct output, without the claim of
reproducing the interna of the human plan recognition process realistically.
Geib and Goldman (2009) about Schmidt et al (1978): “The earliest work in
plan recognition [...] was rule-based; researchers attempted to come up with
inference rules that would capture the nature of plan recognition. However
without an underlying formal model these rule sets are difficult to maintain
and do not scale well” (p.1103)
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3.2.2 Event Hierarchies

Whilst Schmidt et al (1978) are criticized for their lack of formality, a very
formal approach to plan recognition has been developed by Kautz in the
context of his PhD research (Kautz and Allen, 1986; Kautz, 1987, 1991). His
theory is appreciated by Geib and Goldman (2009) to have “framed much of
the work in plan recognition to date”. The theory is especially remarkable for
its generality.

Plans in Kautz’s theory are represented as so-called event hierarchies
which are first-order logic (FOL) representations that encode two types of
relationships between plans: specialization and decomposition. The plan Vis-
itLouvre, for instance, could be defined as a specialization of the plan Vis-
itMuseum. The VisitMuseum plan could be decomposed into GotoMuseum,
BuyTicket, TourMuseum. A circumscription process transforms these event
hierarchies, and other general domain-dependent background knowledge, into
a graph representation, and plan recognition is turned into a problem of graph
covering: find the part of the graph that contains the minimum of indepen-
dent explanations, given the observations. The graph of the winter Olympics
example in section 2.3.3 (Fig. 2.15, left), for instance, is a graph similar to
those of Kautz (with only decomposition relationships), and determining the
minimum of independent explanations for this example would yield in the in-
tention Plan WinterOlympics. Woods (1990) criticizes the minimum covering
criterion as not applicable for all domains, and as “encoded into the basic
representation of the problem in such a way that the entire formalization
needs to be scrapped if one wants to consider any other criterion” (p.137).
In our example, the observed person in Fig. 2.15, left, could just as well have
the intentions HijackPlane A GoSkiing.

Especially important in the context of this thesis: decomposition in event
hierarchies does not necessarily imply ordering. For instance, formally, the
GotoMuseum, BuyTicket, and TourMuseum plans could appear in any or-
der if not explicitly specified. The previous chapter discussed the differences
in complexity between general and mobile plan/intention recognition which
arise from the number of possible observation groupings (Bell numbers vs.
2"). Kautz has already identified this as one major problem of his approach:

“Some of the most intimidating complexity results arise from the group-obser-
vations algorithm. The non-dichronic algorithm finds all consistent partitions of
the set of observations. In the worst case, all partitions are possible — any subset
of the observed events could be part of the same End event. Then Hypoths will
contain1 B(n) hypotheses, where n is the number of observations.” (Kautz, 1987,
p.122)

The algorithmic part of Kautz’s approach is also deemed critical by Woods
(1990):

L 1t seems that Kautz uses the term “partitioning” in the same sense as section 2.3.3
introduced “composition”.
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“My major disappointment with Kautz’s paper is that he doesn’t give the same
care and rigor to presenting and proving the capabilities of his algorithm that he
gives to the formal model theory.” (p.137)

To conclude, Kautz’s event hierarchies are too general for the special case
of mobile intention recognition which leads to unnecessarily complex algo-
rithms (too complex algorithms violate requirement 1). It is also question-
able whether predicate calculus statements are cognitively understandable
for domain experts (requirement 3): “the embedding of the ideas within the
notations of the predicate calculus seems consistently to make them less clear
and less intuitive than the corresponding English statements of the princi-
ples” (Woods, 1990, p. 136).

3.3 Probabilistic Networks

The previously discussed approaches to plan recognition were soon criticized
for their inability to handle the likeliness of plans. For instance, Charniak
and Goldman (1993) argued that “the problem of plan recognition is largely
a problem of inference under conditions of uncertainty” (p.54). In the winter
Olympics example (Fig. 2.15, left), for instance, a Bayesian theorist might
argue that the interpretation GoSkiing A HijackPlane is much less likely
than KillCoyotes A PlanSkiVacation as there are (luckily) more people in this
world who plan a ski vacation than a hijack. He might add that this likeliness
will change if we had some other evidence in favor of the observed person
being a terrorist, or general context information (such as, the destination
location of the plane ticket is not a ski region in summer). It is clear that this
kind of inference needs special approaches for reasoning under uncertainty.

The rest of this section summarizes the most relevant approaches to plan
recognition with probabilistic networks. As the focus of this thesis are for-
mal grammars those approaches that reason under uncertainty with formal
grammars are treated separately (sections 3.4 and 3.5).

3.3.1 Static Probabilistic Networks

3.3.1.1 Bayes networks and Dempster-Shafer

The first authors to propose a Bayesian approach to plan recognition were
Charniak and Goldman (1993). As Kautz (1987), they start with a predicate-
calculus-like representation of plans. From these rules they create a plan
recognition Bayesian network which is a certain class of Bayesian networks.

A Bayesian network is a directed acyclic graph (DAG) with nodes corre-
sponding to random variables and arcs representing probabilistic influence.
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An arc is directed in a way that mirrors the causality between the two ran-
dom variables in the domain. A conditional probability distribution at each
node gives the probability of the random variable taking certain values for
all combinations of the values of its parent nodes. The specific strength of
Bayesian networks is that nodes between which no (transitive) connection
through arcs exists are assumed to be conditionally independent. Thus, a
much fewer number of conditional probabilities must be determined than en-
tries would be necessary in a complete probability table. Bayesian networks
are textbook knowledge in A.IL (see, for instance, Pearl, 1988).

The plan recognition Bayesian networks used by Charniak and Goldman
(1993) have nodes which represent random variables on “thing being of in-
stance type”. A set of seven rules defines the preconditions for adding these
nodes to the network, with information on actions, slot-filler constraints, and
observed objects. The network grows with every new observation and by cre-
ating new hypotheses. For instance, the observation of a going-action could
lead to a hypothesis that this is part of a GoTo-LiquorShop action. As the
observed agent could go to an almost arbitrary number of places, the hypoth-
esizing may lead to explosive network growth: “As with most Al problems,
then, we find that a formal description of the problem is only the first step.
We also need to specify a way to restrict our attention” (Charniak and Gold-
man, 1993, p.67). Their solution is a marker passing technique (a kind of
spreading activation) for reasoning that restricts the creation of hypotheses
(Carroll and Charniak, 1991). As we have seen in section 2.3.3, “restricting
our attention” is also a problem in mobile intention recognition, and using
knowledge about the relationships between space and intentions is one way
of doing this.

An approach to plan recognition with reasoning under uncertainty that
uses the Dempster-Shafer theory of evidential reasoning was suggested by
Carberry (1990). Dempster-Shafer was also used for mobility prediction by
Samaan and Karmouch (2005) who argue that “[t|he main advantage of the
underlying theory of evidence over other approaches is its ability to model
the narrowing down of a hypothesis with the accumulation of evidence and
to explicitly represent uncertainty in the form of ignorance or reservation of
judgement” (p.539). The basic difference to traditional probability theory is
that the probabilities are not assigned to single elements of the universe of
discourse but to subsets. The Dempster-Shafer rule of combination defines
how evidence from independent sources can be combined. The theoretical
background of Dempster-Shafer can be found in Shafer (1990). The details
are ommitted here as we are more interested in Bayes and Dempster-Shafer on
an abstract level (see the following discussion), and on dynamic probabilistic
networks (section 3.3.2).
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3.3.1.2 Some general remarks on reasoning under uncertainty in
mobile intention recognition

Dempster-Shafer and Bayes both have the benefit of reducing ambiguity by
weighting hypotheses with probabilities, or evidence respectively. However,
the notes that were imagined to be made by a Bayesian theorist on the terror-
ist /ski vacation example at the beginning of section 3.3 reveal the drawbacks
of reasoning under uncertainty for plan/intention recognition:

1. Probabilities are conditional on a number of context variables (weather,
season, time of day, ... ). Even for an expert it is often difficult to consider
them all.

2. Probabilities are often hard to determine, especially for very rare in-
cidents, such as terror attacks. It is also well-known that humans are
particularly weak in estimating conditional probabilities.

3. Besides estimating probabilities themselves, humans are also typically not
very good in interpreting probabilities that were determined automati-
cally through some kind of learning (which collides with requirement 3).

4. Probabilities are dependent on the person observed (terrorist/no terror-
ist), and very often it is not possible to train a personal model. A mobile
tourist assistance system, for instance, is required to be ready for use
immediately.

5. It does not make sense to model something with probabilities if we know
it for sure. It may be even dangerous: not noticing a terror plan because
of low probabilities is one obvious example.

In addition, remember the motivation for requirement 4 in section 2.4: a
nurse who customizes an AAL system for mentally handicapped people,
for instance, knows for sure that not switching off the stove before going
to bed is an inconsistent behavior sequence, and no “magic black box”
probability mechanism should ever be able to override this definite expert
knowledge.

The spatial specificity assumption typically holding in mobile intention
recognition (see section 2.1.2) also imposes fixed knowledge-based con-
straints which are not dependent on probabilities: you can play baseball
in the baseball field but not on the plane. We know this for sure and can
save the overhead of probabilistic modeling and reasoning.

The discussion in the 90s between authors in favor of Dempster-Shafer and
Bayes respectively was mostly centered around some of these fundamental
arguments. For instance, Carberry (1990) argues against Bayes’ rule that
“complex probability computations are extremely difficult to explain and
justify to a lay person. Yet if an information system is to be viewed by users
as intelligent and cooperative, it must appear rational and must be able to
explain its reasoning” (p.472). Charniak and Goldman (1993) answer that
“we have yet to see an argument that Dempster’s role of combination is more
intuitively comprehensible than Bayes’ rule” (p. 56).
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In a later paper Carberry (2001) argues that “it appears that Charniak and
Goldman’s system is not sensitive to the order in which actions are observed,
something that should affect plan recognition in longer stories” (pp. 37f). This
missing of ordering is, of course, a major counter-argument against Bayes
networks, not only for Carberry’s use case of story understanding, but as
well for mobile intention recognition. Indeed, both approaches described in
this section are not designed for the number of observations we find in mobile
intention recognition. The plan recognition Bayesian networks, for instance,
maintain every observation in the system which makes the network grow
quickly, and inference increasingly hard over time as new observations may
be combined with old observations in an arbitrary way.

We will see in the following that many recent approaches in mobile behav-
ior interpreation prefer dynamic probabilistic networks over static ones due
to their computational attractiveness in dynamic scenarios.

3.3.2 Dynamic Probabilistic Networks

3.3.2.1 The basic idea

Dynamic Bayes Networks (DBNs)? are Bayes networks which consist of sev-
eral time slices, where the internal structure of the network for each time slice
over time is the same. The partial network at time slice t contains random
variables (and dependencies between them) which describe the state of the
world at time t. The world dynamics is modeled as inter-slice dependencies.
For each new observation at t;, a time slice is added and connected to the
random variables in the previous time slice t;.; via inter-slice dependencies.
Note that this process of adding new time slices implies a 1st order Markov
assumption: “the future is conditionally independent of the past given the
present” (Kjaerulff, 1992).

Inside of each time slice the nodes are typically structured into layers.
Especially in behavior interpretation there is always an observation layer
at the bottom to which values are assigned from the sensor readings. The
observation is conditionally dependent on the unobserved random variables
on top of the observation layer. With this structure, DBNs are a special type
of Hidden Markov Models (HMM): “[DBNs] generalize HMMs by allowing the
state space to be represented in factored form, instead of as a single discrete
random variable.” (Murphy, 2002). Many approaches use the dependencies
between observation layer and world state for coping with the problems of
uncertainty, noisy sensors, and sensor fusion (e. g., Brandherm and Schwartz,
2005).

2 Also called dynamic belief networks or dynamic probabilistic networks.
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A whole family of approaches for the interpretation of mobile behavior us-
ing layered DBNs has been published by Patterson, Liao et al.: a first variant
of their system uses a DBN with seven nodes in each time slice for recognizing
a person’s mode of transportation (€ {bus, car, foot}) from GPS readings
(Patterson et al, 2003). One year later they presented an extended version of
this DBN which additionally recognizes trip segments and goals (Patterson
et al, 2004; Liao et al, 2004). Finally, the journal version of this research
adds nodes which recognize the novelty of the behavior on top of the DBN
(Liao et al, 2007). The aim of their system, called OpportunityKnocks, is to
help cognitively-impaired people use public transportation safely. The prob-
abilities in the network have been trained with previously recorded mobile
behavior of a specific person so that it is able to recognize behavior untypical
for that person like, e. g., getting on the wrong bus. Detecting transportation
routines is also the goal of Gogate et al (2005) who use Hybrid Dynamic
Mixed Networks which are another kind of DBNs.

As explained in section 3.1, the recognition of GotoX goals is not suffi-
ciently semantically rich. Likewise, the recognition of transportation mode is
rather a recognition of activities than one of plans or intentions. Other related
applications of DBNs include the recognition of a player’s quest in a multi-
user dungeon game (Albrecht et al, 1997), sensor validation and attribution
of actions to several agents (Nicholson and Brady, 1994), autonomous vehicle
driving (Forbes et al, 1995), and wheelchair maneuver assistance (Demeester
et al, 2008). None of these uses plan structure information, and none recog-
nizes intentions on a sufficiently high semantic level. Even Tahboub (2006),
who calls his approach “intention recognition”, is on a rather low semantic
level and quite restricted with exactly four intentions: move to an object,
move away from an object, move parallel to an object, do nothing regarding
an object.

3.3.2.2 DBNs for mobile intention/plan recognition

The main reason why standard DBNs do not recognize complex and hierar-
chical intentions has been mentioned above: the 1st order Markov assump-
tion (Kjaerulff, 1992). With all the background information about intentions,
plan hierarchies, and nested/intersecting dependencies that was introduced
in chapter 2, it should be clear that the future is not independent of the past,
given the present. Even if we would assume an n-th order Markov assump-
tion for DBNG, i. e., if we would allow for longer inter-slice dependencies, these
would not cover an arbitrary past, but be bounded by n. Besides the Markov
assumption, also “[t]ypically for these dynamic networks |[...] a temporal win-
dow is imposed to constrain the state space to some extent” (Albrecht et al,
1997). Slices falling out of the window can be combined to a compact belief
state representation via “backward smoothing” (Kjaerulff, 1992). This belief
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state of the past cannot capture an arbitrary long region/behavior sequence
which would be necessary for long-ranging space-intention dependencies.

To cope with the problem of missing hierarchies, Bui et al (2002) propose
the Abstract Hidden Markov Model (AHMM) for “policy” recognition which
allows for hierarchies in the policies. One interesting aspect about this ap-
proach, at least in the context of this thesis, is that AHMMSs were applied to
behavior in spatial regions in a partonomy:

“the analysis [...] shows that policy recognition can be carried out more efficiently
if the domains of the intermediate abstract policies form a partition of the state-
space [...], due to fact that the belief state of the DBN can be represented more
compactly in this case.” (Bui et al, 2000)

As we will see later, this is a similar intuition as followed by the spatial
grammars in this thesis. However, the AHMM approach is not optimal. The
authors themselves criticize AHMM in a successor paper:

“The AHMM is equivalent to a special class of PSDG [(Probabilistic State De-
pendent Grammar)?®] where only production rules of the form X — YX and X
— @ are allowed. The first rule models the adoption of a lower level policy Y by a
higher level policy X, while the second rule models the termination of the policy
X (Bui, 2003, p. 1310)

Bui (2003), now titled “plan recognition”, proposes a way out of this sim-
ple expressiveness: the Abstract Hidden Markov Memory Model (AHMEM).
This model allows the policy to have an internal memory, i.e., additional
nodes in the DBN, which is updated in a Markov fashion. Although the
AHMEM can recognize production rules of the form X — Y1 ... Yy, X it
was argued in Kiefer (2009) that it is not able to capture long-ranging de-
pendencies between regions. The memory compensates the 1st order Markov
assumption to some degree but not totally. The argument is similar to that
discussed in section 3.1 in the context of FSMs: the global state variable
in an AHMEM would need to “remember” an arbitrarily long sequence of
spatio-temporal behaviors, just as in FSMs.

Finally, an approach strongly related to Bui’s work should be mentioned:
the Cascading Hidden Markov Model (CHMM) (Blaylock and Allen, 2006).
CHMMSs allow for faster inference than AHHMSs, but lose expressiveness
which makes them impractial for our requirements. However, the motiva-
tion behind CHMM is interesting as it concerns the efficiency of AHMM
inference: Blaylock and Allen (2006) doubt that Bui’s AHMM would still run
efficiently if there was no partonomy:

“only certain policies are valid in a given state (location), which helps reduce
the ambiguity. The domain was modeled such that lower-level policies become
impossible as the agent moves to another room, which makes it fairly clear when
they then terminate. Although the algorithm was successful for this tracking task,
it is unclear how effective estimation of policy termination would be in general”
(Blaylock and Allen, 2006)

3 PSDGs will be explained in section 3.5.1.
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Besides the limited expressiveness, the other drawbacks of using a proba-
bilistic approach for mobile intention recognition listed in section 3.3.1 apply
accordingly to DBNs and HMMs: it is difficult to capture all necessary ran-
dom variables and their dependencies for a domain-specific DBN (structural
aspect), and probabilities are hard to determine if no corpus of (individual)
training data exists (probabilistic aspect). The last argument, “why use prob-
abilities if we know something for sure?”; applies even more for DBNs as only
approximate inference on DBNs works efficiently (Murphy and Paskin, 2001;
Murphy, 2002)*.

3.4 Parsing Formal Grammars

Formal grammars are generally well-suited for the description and recognition
of patterns (Gonzalez and Thomason, 1978). Starting with Chomsky (1959)
one of their main fields of application was NLP (Jurafsky and Martin, 2000)
where they are used to describe structural regularities, especially in syntax.
However, the interest for using grammars in pattern recognition fields out-
side of NLP has grown as “they are intuitively simple to understand, and
have very elegant representations.” (Chanda and Dellaert, 2004). This dis-
tinguishes them from FOL representations (section 3.2.2) and probabilistic
networks of realistic size (section 3.3); recall also requirement 3 that the rep-
resentational formalism for an BIM should be cognitively understandable.
In addition, efficient parsing algorithms for formal grammars exist which fa-
vors the fulfillment of requirement 1. This section introduces related work on
human behavior interpretation with formal grammars.

3.4.1 (Probabilistic) Context-Free Parsing

3.4.1.1 Intentional systems: a context-free grammar for
representing hierarchical plans

We have seen in sections 2.3.3 and 3.1 that the expressiveness of a formalism
for mobile intention recognition should be higher than that of an FSM, i.e.,
higher than the expressiveness of a type-3 grammar (regular grammar) in
the Chomsky hierarchy (Chomsky, 1959). A type-2 grammar that recognizes
intentions from behaviors can be defined similar to Schlieder (2005, p. 11) as:

4 Algorithms for DBNs inference are not discussed here as this is out of scope. See Mur-
phy (2002) for an elaborate discussion on DBN inference. The same applies to algorithms
for learning the parameters of a DBN/HMM. This is typically done with Expectation-
Maximization, see Bilmes (1998) for a tutorial.
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Definition 3.1. An intentional system (IS) is a production system (B, I,
P, S) with terminals B denoting behaviors, non-terminals I denoting inten-
tions and start symbol S € I called the highest-level intention. P is a set of
productions from I to (IUB)T. All three sets are finite.

An IS is a normal Context-Free Grammar (CFG) with intentions as non-
terminals and behaviors as terminals. It is one possible representational for-
malism for the BIM in a mobile recognition algorithm (see section 2.3.2), but
a very simple one as the connection between intentions and space is ignored
(Fig. 2.17).

In line with textbooks on formal grammars, the letter P is chosen to
denote the set of production rules (because “production” starts with a “P”).
However, the letter P could also mean plan library as the rules in P are
plans that structure intentions and behaviors hierarchically. More precisely,
P contains the structural information on “mini-plans” which are necessary
for building larger plans (see the discussion on the relation between plans and
intentions in section 2.2). These larger plans are the parse trees created by
applying the production rules. The plan hierarchies that can be created with
ISs are, in principle, not depth-bounded as recursive productions rules are
possible. This allows for rather complex and high-level plan representations,
in opposite to many of the formalisms presented in the previous sections. An
assumption on a maximum plan depth is not required.

The plan recognition problem for an IS consists in finding the correct parse
tree, given a behavior sequence S. If 5]0,i] is unfinished (which it is most of the
time in mobile intention recognition) the plan recognition problem consists
in finding the correct incomplete parse tree, where these parse trees must be
separable in a fully-expanded left hand side with 3[0,i] as terminals in the
leaf nodes, and a non-expanded right-hand side. The intention recognition
problem of finding the correct current intention I; which explains the current
behavior b; (see definition 2.9) is solved by selecting the intention which
is label of the parent node of the i-th leaf node (labeled as b;) in a parse
tree. If there are several possible parse trees that could create S[0,i] plan
recognition will return an ambiguous result, whereas the same set of trees is
not necessarily ambiguous for intention recognition as all possible parse trees
might have the same current intention.

Intention recognition with an IS yields in an incremental parsing prob-
lem. Simple variations of the well-known Earley parser (Earley, 1970) will
incrementally parse CFG sequences in O(n?) (with n denoting the number of
behaviors). For a description of incremental parsing techniques for CFGs see,
e. g., Jurafsky and Martin (2000, p. 377ff) or one of the many other textbooks
on formal grammars or NLP. Although intention recognition is less ambigu-
ous than plan recognition, ambiguity for intention recognition with ISs is still
a major problem.
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3.4.1.2 Probabilistic context-free grammars

Probabilistic Context-Free Grammars (PCFGs) address these ambiguity
problems by assigning each production rule a probability (Ellis, 1970). Ef-
ficient parsers for PCFGs exist (Stolcke, 1995), grammar structures can be
learned (Carroll, 1995), as well as probabilities (Prescher, 2004). A PCFG
parser will not just return a set of possible parse trees but also the likeliness
of each. By assuming that the most likely parse tree is the correct one we can
reduce ambiguity, and in most cases even avoid it completely. However, as we
saw in the hijacking example in section 3.3 this assumption may lead to total
failure. Requirement 4, which was fulfilled by normal CFGs and ISs, is not
fulfilled by PCFGs any more. In general, the same considerations about using
probabilities as stated about probabilistic networks in section 3.3.1 apply to
PCFGs.

PCFGs have, not very surprisingly, been applied in NLP (Suppes, 1970),
but also in activity recognition (Ivanov and Bobick, 2000; Minnen et al, 2003;
Lymberopoulos et al, 2006). These approaches are related to mobile intention
recognition as they can be used in the preprocessing (see Fig. 2.2). A non
context-free probabilistic grammar formalism that has been proposed for plan
recognition is discussed in section 3.5.1.

3.4.1.3 A note on Vilain (1990) and Sidner (1985)

Schlieder (2005) was not the first to phrase the intention/plan recognition
problem as parsing (and, as we will see in section 3.4.2, the parsing itself was
not his main argument). Fifteen and twenty years before Schlieder there were
two other noteworthy papers on this topic with conclusions supporting the
motivation of this thesis:

Vilain (1990)’s starting point are Kautz’s event hierarchies (section 3.2.2)
and their algorithmic complexity:

“Finally, since general plan recognition in Kautz’ framework is intractable, there
is intrinsic interest in identifying those aspects of his approach that cause this
intractability, and those that avoid it.” (p. 190)

His conclusion comes pretty close to what should be clear after the discussion
of partitioning vs. composition in section 2.3.3: “There is a O(n?®)-time plan
recognition algorithm for hierarchies with ordered, unshared steps, and for
disjunctive or abstract observations” (p.196), i.e., for behavior sequences
without interleaving intentions, and he concludes that Kautz’s algorithm “is
computationally much more onerous, but may turn out to be unavoidable
if one wants to allow for sharing and interleaving of steps” (p.197). This
thesis’ argument, however, is to choose a way in between: allowing for some
interleaving while still avoiding Kautz’s complexity.

Sidner (1985) is an article that does not provide an algorithm or formalism,
and thus reads much less technically. Still, Sidner makes an interesting point.
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He discusses on a general level how a human-machine discourse interpreter
can make sense of a user’s utterances by means of parsing. He approaches
the problem of determining the relationship between intentions in several
utterances, like creating a sub-plan, delaying an old plan and creating a
new one, or finishing a plan. He identifies the interleaving problem and the
insufficiencies of CFGs:

“The parsing scheme described so far may be modeled by a context-free parser,
but a context-free parser will not be usable in general because the plan parser
must also be able to deal with plans that are interleaved” (p.4)

It is not clear which concrete grammar formalism the article proposes to
solve this problem. However, it suggests a discourse marker mechanism which
should perform a preprocessing before the actual plan parsing:

“Parsing the speaker’s intention as part of a plan requires information that can
be provided by discourse markers. They are needed to reduce the processing load
in parsing the intentions conveyed in utterances.” (p.10)

Discourse markers are selected phrases humans typically use to indicate a
relationship between intentions in voice commands, e.g., the words “First”
(delaying a plan) and “OK” (end of a plan) in the following discourse between
user and system (S):

“User: 1. I want to add a new definition to the knowledge base.
2. First, give me a list of all the users and systems.
S: 3. Do you want to know which systems each user uses?
User: 4. Yes, but just list one if there are several.
S: 5. (System prints information out.)
User: 6. OK, now I want to define a system user as a person who uses
any of these systems.
7. Then assert that all the people above are system users.” (p.5)

Due to the “OK” at the beginning of sentence 6, for instance, the system
can assume that the previous plan has successfully ended. These dedicated
segmentation points at which the parser knows that the intention changes
are “a way to restrict our attention” (Charniak and Goldman, 1993, p.67).
This idea is similar to the spatial composition restrictions which were shown
to reduce the worst-case number of possible groupings in section 2.3.3. In
other words: the segmentation points that Sidner (1985) needs to identify
algorithmically for discourse understanding come for free in mobile intention
recognition if the spatial specificity assumption holds.
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3.4.2 Spatially Grounded Intentional Systems

3.4.2.1 The idea of spatial disambiguation

As mentioned in the previous section the main contribution of Schlieder
(2005) was not the IS formalism but a “spatialized“ version of it:

Definition 3.2. A spatially grounded intentional system SGIS = (B, I, P, S,
SM, G) is an intentional system (B, I, P,S) enhanced by a spatial model SM
= (R, SRT, SR) (see definition 2.6), and a relation G C P x R describing
the regions in which a production rule is applicable. SM is a partonomy.

An SGIS restricts the applicability of production rules to certain regions
which enables spatial disambiguation for mobile intention recognition. Re-
gions in the SGIS formalism are structured partonomically. This representa-
tional formalism for the BIM in a mobile recognition algorithm (section 2.3.2)
connects intentions and space, as illustrated in principle in Fig. 2.17. The
input of an SGIS parser is a spatial behavior sequence, for instance a spatio-
temporal behavior sequence g from definition 2.7 (in which the temporal
information is ignored). A production rule p is only applicable if all behaviors
in the parse tree that occur as leaf nodes of the partial tree headed by the
left-hand intention of p happen in a region consistent with the grounding:

Let px = (I = o | Rx) be a production rule from intention I € I to a right-hand
side, a sequence o of behaviors from B and intentions from I, grounded in regions
Rx C R. An SGIS parse tree using px is valid if there exists a region Rx € Rx
which is element of all region sets Rxo ... Rxi of the spatio-temporal behavior
sequence (s [x0,xi] headed by the node with label I.

An example for the idea of spatial disambiguation is presented in Kiefer
and Schlieder (2007). It is reproduced in the following because of its simplicity
and clarity. Imagine, we observe a car driver on her way from start (Rg) to
destination (Rp), with Rg located in Rarea1 and Rp located in Rareaz. Our
sensors allow us to discriminate only two behaviors, parking and driving. We
know that the driver is going to give another person a ride who is traveling
between the same two areas. She will pick up that person in Ry, and drop
her in Ro. However, the start and the pick location, as well as destination
and drop location, may coincide, i. e., the passenger may start from the same
place and/or have the same destination. An IS for this example, and the four
options for identical regions are given in Fig. 3.1 (top, center). The bottom
part of Fig. 3.1 shows that, without spatial knowledge, there are two parse
trees for the behavior sequence of length five.

An SGIS that resolves this ambiguity is listed in Fig. 3.2 (top): as we know
that the passengers are traveling between the same areas we can “ground”
the Pick rules in Rarea1, and the Drop rules in Rarea2. Figure 3.2 (bottom)
shows the disambiguation effect: rule (5) is not applicable, given the behavior
sequence with spatial information. The pick/drop-example is, of course, a
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Production Rules P

Trip — Pick driving Drop (1)
Pick — parking (2)
Pick — parking driving parking (3)
Drop — parking (4)
Drop — parking driving parking (5)
Start Destination Observed Behavior Sequence
Rs # R1 Rp #Ra parking driving parking driving parking driving parking
Rs=R1 Rp #Re parking driving parking driving parking
Rs # R1 Rp =Ra parking driving parking driving parking
Rs =R1i Rp =Ro parking driving parking
Trip Trip

e N

Pick driving Drop chk driving Drop

/’\ parkmg parkmg /’\

parking driving parking parking driving parking

Fig. 3.1 A very simple intentional system (top), the language it defines (center), and
ambiguity for a behavior sequence (bottom). Taken from Kiefer and Schlieder (2007),
Figs. 1 and 2.

very simple one with low-level intentions, and in no way realistic for mobile
assistance systems. However, it clearly illustrates the basic principle of spatial
disambiguation. A more complex and realistic example is presented in Kiefer
et al (2010). A further example, including an analysis of the disambiguation
effects of SGISs, is discussed in chapter 5.

3.4.2.2 SGIS for mobile intention recognition

Schlieder does not formally specify a parsing algorithm but proposes to use
a variant of the Earley algorithm, and argues about the runtime that “By
exploiting the spatial specificity of intentional behavior there is a simple way
to reduce rule conflicts and thereby speed up the parsing process” (Schlieder,
2005). Thus, requirement 1 is met. A parsing algorithm for SGIS is specified
in chapter 4.

As any CFG, SGISs are cognitively easy to understand (requirement 3) and
allow for exclusive/definite assertions (requirement 4). The SGIS formalism
is also the first one in this chapter which definitely fulfills requirement 2
(spatial portability): the rules in an SGIS are connected with qualitative
regions, and thus independent of the absolute coordinates in a certain spatial
environment. A domain expert can model the spatial behavior and intention
constraints in an BIM independently from the spatial model (see Fig. 2.17).
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Production Rules P with Spatial Grounding G

Trip — Pick driving Drop (1) {Rn}
Pick — parking (2) {Rarea1r}
Pick — parking driving parking (3) {Rarea1}
Drop — parking (4) {Rarea2}
Drop — parking driving parking (5) {Rarca2}
Trip
/ \
Pick Drop

parking driving parking parking

Pick Drop

parking driving parking parking Rareaz

Fig. 3.2 SGIS (top) and spatial disambiguation (bottom) for the example from Fig. 3.1.
Taken from Kiefer and Schlieder (2007), Fig. 3.

This is very intuitive as we can often state general rules, like “you can play
baseball only in the baseball field”, independent of the absolute geographic
position of the baseball field. This is also the reason why we formulated the
rules in the pick/drop-example (Fig. 3.2) independent from whether Rg and
Ry coincide or not. We could simply use the same SGIS rule set for another
spatial environment in which, for instance, the four regions Rg, R1, Ro, and
Rp do not coincide. However, some of the spatial relations must hold in the
spatial model as they are intrinsic to the pick/drop use case (e.g., it would
not make much sense to place Rg outside of Rayea1)-

The expressiveness requirement is not fulfilled (requirement 5). As de-
scribed above, the grounding of a rule p leads to a whole partial spatio-
temporal behavior sequence [4[x0,xi] being restrained to a certain region,
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robBank

openBag —» putOnMask plckGun —» enterBank

Fig. 3.3 Crossing dependencies in a non-mobile plan recognition scenario (based on
Geib and Steedman, 2007, Fig. 2).

and no region set between Ryg and Ry; may not contain that region. Thus
the pattern described in section 2.3.4, (doX1, doSomethingCompletelyDiffer-
ent, doXs ), where X; and X5 are related to the same intention I, cannot be
expressed with an SGIS. Either this sequence is headed by the same inten-
tion I in the parse tree so that doSomethingCompletelyDifferent in between
must be in the same region as doX; and doXs, or we cannot make sure that
doX1 and doXs are located in the same region. The context-freeness of CFGs
inhibits dependencies between “inside of context of intention I” and “outside
of context of intention I”, unless for dependencies between parent and child
intentions, and parent and child regions. An unbounded nesting of space-
intention dependencies is possible, but only in connection with a partonomic
nesting of regions. Consider, for instance, the following SGIS production
rules for a partonomically structured apartment with contains(Rapartment,
Rkitchen) and Contains(Rkitchen7 Rkitchen—areal):

p1: IPrepareMeal — switchOnStove ICleanUp standing | {Rkitchen}

P2a: Icleantp — stoopDown walking openCabinet | {Ryitchen }

P2b: Icleantp — stoopDown walking openCabinet | {Rapartment }
p2c: Icleantp — stoopDown walking openCabinet | {Riitchen-arcal }

In this example, only p2, and p2. can be inserted in the Igieanup nOn-terminal
of p1 because the spatial grounding of pap, (Rapartment) is not a sub region
of Ryitchen- Thus, our rules bind the agent to clean up in the kitchen, not
outside. (Although it may be sensible to constantly keep an eye on the cooking
we should not force her to stay in the kitchen.)

This nesting-property makes SGISs so efficient and intuitive on the one
hand, but restricts their expressiveness on the other hand. Crossing depen-
dencies and dependencies of different type than contains are not possible with
an SGIS.

3.4.3 Towards More Context-Sensitivity

The need for modeling crossing dependencies in general plan recognition has
recently been identified in Geib and Steedman (2007). The example in Fig. 3.3
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is taken from this paper: entering the bank depends on two preconditions
(putting on a ski mask, and picking up the gun), whereas each of the two
depends on opening the bag. The paper draws a parallel to NLP where similar
dependencies occur in syntactic structures, and proposes to have a closer look
at the family of Mildly Context-Sensitive Grammars (MCSGs) which are
typically used in NLP for these kinds of structures. The paper is a position
paper that emphasizes parallels between NLP and plan recognition, but does
not propose one specific formalism.

As the parallel between plan/intention recognition and NLP is also the
basis of one of the grammar formalisms proposed in chapter 4, the class of
MCSGs is discussed in section 4.3.1.

3.5 Combining Formal Grammars and Bayes

This section reports on two approaches which combine formal grammar mod-
els with Bayesian inference. Plans are formalized as grammar rules, thus
adopting the cognitive understandability advantage of grammars. These plans
are then converted into a Bayesian representation for inference to get the dis-
ambiguation advantages of reasoning under uncertainty.

3.5.1 Probabilistic State-Dependent Grammars

The discussion of SGISs in section 3.4.2 has revealed that an agent’s behavior
in a realistic mobile scenario is not context-free. This is also the motivation
of Pynadath and Wellman (2000) who propose Probabilistic State Dependent
Grammars (PSDGs). A PSDG is a PCFG with a state variable q € Q, and
more elaborate probability definitions:

q describes the state of the environment, e.g., the lane of a car on the
highway {left, center, right} (Pynadath and Wellman, 2000), or the number
of books currently carried by the user of a public library {0, ..., 5} (Kiefer
et al, 2009). q is time-indexed, i. e., qo describes the initial state of the envi-
ronment, q; the state after the first terminal is parsed, and qt the state after
the t" terminal. For all non-terminals in the parse tree its time is defined
as the time of its leftmost child terminal. Production probabilities for each
rule are not constant but a function p(q) of the state (where the state g1 is
used for a given non-terminal with time t). For instance, if the library user
is already carrying five books, the probability of another pickBook behav-
ior is smaller than if she was carrying only one book. The state variable is
hidden like in an HMM, i.e., the agent has a belief about the state of the
environment. The initial value of q follows the probability distribution mg,
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and the probability distribution 7y describes the state transition probability
from q¢.1 to q¢ caused by a certain terminal.

The expressiveness of an PSDG heavily depends on the domain Q. In
general, no specific constraints apply so that Q may be a complex multidi-
mensional set of states. In a realistic scenario we would have to model more
than one feature of the environment. For instance, the probability that the
user picks another book may be influenced by the time of the day, the weight
of the books carried, her spatial closeness to a book shelf, the number of
books in that book shelf, the thematic closeness between the books on the
shelf and those carried, her currently being in a conversation or not, and so
on. The more features we include in Q, the more probabilities will have to
be determined for p(q), o, and 1. In the worst case, the features of Q are
not independent of each other so that a full probability distribution must be
specified. The understandability of such a model will probably be low (re-
quirement 3). As discussed in section 3.3.1 it is also often difficult to acquire
probabilities at all.

Pynadath (1999) describes a method for efficiently answering intention
recognition queries by converting a given PSDG description into a DBN and
exploiting the particular independence properties of the PSDG language.
Bui (2003) claims that “the existing exact inference method for the PSDG in
[Pynadath, 1999] has been found to be flawed and inadequate [Bui, 2002]"°. In
addition, Pynadath and Wellman (2000) restrain themselves to examples with
finite domains, and say that for more general languages “although inference
[...] is possible, it is impractical in general”. However, we would need an infinite
domain to express long-ranging space-intention dependencies: by choosing R
as domain for Q it is possible to create a dependency of the current region. A
dependency of the region history would be expressed by an infinite cartesian
product over R which would lead to an explosion of the state space. And
even this is not enough to express long-ranging space-intention dependencies
because the productions that were chosen along the region history are also
relevant (see also Kiefer, 2009)

Thus, a PSDG will either have a finite domain and not be able to express
long-ranging space-intention dependencies (violating requirement 5), or have
an infinite domain and be cognitively and algorithmically complex (violating
requirements 3 and 1).

3.5.2 Plan Tree Grammars and Pending Sets

Geib and Goldman (2009) have recently presented an algorithm for plan
recognition called PHATT. It adds the algorithmic approach to an idea which
was published in prior work ten years before: “We do not pretend to provide a

5 Bui’s technical report in which he provides detailed information on this issue (Bui,
2002) was not available at the time of writing this thesis from the URL specified by Bui.
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solution to either the algorithmic or implementation problems, only an under-
standing at the ‘knowledge level’” (Goldman et al, 1999). A short summary
of the PHATT algorithm can be found in Goldman et al (2010). PHATT is
especially relevant as it addresses the interleaving of plans.

Plans in PHATT are represented as partially ordered trees. These trees can
be written like CFG rules, with the difference that the right hand symbols are
not ordered by definition. Ordering constraints must be specified explicitly
between right-hand symbols of the rules. This plan representation follows the
idea of hierarchical task networks (Ghallab et al, 2004). Start symbols are
denoted “top-level goals™ All other nodes in the trees are called “actions”,
terminals are specialized as “basic actions”.

PHATT is based on a model of plan execution: first, the agent commits
to a number of top-level goals, and to a set of methods for achieving these
goals. In terms of formal grammars, committing to a method means building
a (partially-ordered) parse tree by choosing a rule application for each non-
terminal on the right-hand side of a production rule. The algorithm is cen-
tered around so-called pending sets. A pending set contains all basic actions
which can be chosen next. Initially, all basic actions without preconditions
are in the pending set. For the fully ordered case of CFGs, the initial pend-
ing set would contain the left-most terminals of all possible parse trees for
all top-level root goals. In each time step the agent chooses one action from
the pending set, which changes the pending set by removing that action and
adding new ones (those which are successors of the executed action accord-
ing to the ordering constraints). This process continues until the agent stops
performing actions.

A Bayesian model is used for inference: in an HMM-fashion, the performed
actions are treated as observations, and the pending sets, method choices, and
root-level goals as hidden states. “We assume that our input plan library is
augmented with probabilities, specifically prior probabilities of root goals,
method choice probabilities, and probabilities for picking elements from the
pending sets” (Geib and Goldman, 2009, p. 1106). A uniformity assumption is
made for these probabilities. “However this is in no way an inherent feature of
the model; had one good reasons to choose different probabilities, they could
easily be incorporated” (Goldman et al, 2010). It is not discussed where these
probabilities come from in realistic use cases, and how they would influence
the cognitive understandability of the model.

As the pending set may contain basic actions for several top-level goals,
PHATT supports an arbitrary crossing and nesting of top-level goals. This
makes the approach very general but, not surprisingly, also algorithmically
complex. In a theoretical complexity evaluation Geib and Goldman (2009)
state:

“Previous results in the complexity of plan-recognition demonstrate that the PH-
ATT algorithm must be at least NP-Hard [...]. PHATT must be at least as hard as
approaches like Kautz’ which use heuristic methods to find a single approximately
optimal explanation for a set of observations. However, if we also ask PHATT to
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.al, bl, a2, b2, b3, a3, cl, c2, c3, b4, a4, c4
.al, bl, a2, b2, b3, a3, cl, c2, b4, c3, a4, c4
.al, bl, a2, b2, b3, a3, cl, b4, c2, c3, a4, c4
.al, bl, a2, b2, b3, a3, b4, cl, c2, c3, a4, c4
.al, bl, a2, b2, b3, b4, a3, cl, c2, c3, a4, c4

Ut W N =

Fig. 3.4 Five abstract test cases for the early plan closing test (see Geib and Goldman,
2009, p.1126).

compute the posterior probability of explanations, given the set of observations,
then there is an additional NP-complete computation to compute the posterior
probabilities. This is essentially a Bayes net probabilistic inference problem, which
has also been shown to be NP-complete.” (Geib and Goldman, 2009, p. 1120)

This causes them to “turn away from universal claims about PHATT’s perfor-
mance and focus on the actual performance encountered in particular cases.”
(p-1122). An empirical evaluation of the key parameters on PHATT’s per-
formance reveals that the depth of the plan tree influences run times expo-
nentially. The authors argue that “application experience suggests that the
depth of hierarchical plans in most real world applications is limited to a
relatively small value” (p. 1124). This application experience may be true for
the examples in their paper (a computer network security domain) but not
in general. The SGIS-rules for the location-based game CityPoker listed in
Kiefer et al (2010, Fig.2), for instance, have a depth of eight which is already
out of the scale of the authors’ statistics in (Geib and Goldman, 2009, Fig. 7)
which show only values for depths three to six.

Another finding of their empirical evaluation especially interesting here is
that an early closing of plans significantly reduces runtimes. They test the
abstract action sequences listed in Fig. 3.4 which differ only in b4 moving to
the front. Each token in this listing denotes a basic action, where actions with
the same letter belong to a common top-level goal, and each top-level goal
consists of four basic actions. The earlier closing of plan b leads to a decreased
amount of overlap (if we define overlap as the sum of the number of concurrent
active plans over all time slices). The runtimes decrease significantly, from
approx. 21 seconds for sequence 1, to approx. four seconds for sequence 5.

A key feature of PHATT is that it gets evidence from actions it does
NOT observe (Peot and Shachter, 1998). Consider, for instance, a temporal
version of the hijacking example from section 2.3.3: if we observe a buyGun
behavior one day, a buySkis behavior just the other day, but no buyTicket be-
havior for a very long time interval, we may assume that the interpretations
PracticeBiathlon or KillCoyotes A GoSkiing are more probable than Plan-
WinterOlympics. In other words: the probability of an explanation for which
observations are missing decreases over time. Although this is an interesting
feature for many domains we have seen in the examples in section 2.3.4 that,
in many mobile intention recognition scenarios, interleaving intentions may
frame the whole behavior sequence, e.g., when a tourist returns to the bus
stop where she has entered the city (Fig. 2.19, bottom left). Giving the in-
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tention FindRestaurant a higher probability than FindBus, just because the
GetOffBus intention was very long ago, would return a wrong result. The
spatial closeness of Rearpark2 t0 Rbusterminal should be a more convincing
indicator.

Interesting is also the article’s discussion on the assumption that all root
goals are equally likely:

“For some goals, this is absurd: for example the pairs ‘brewing tea’ and ‘making
toast’; and ‘bungee jumping’ and ‘brewing tea’ are unlikely to be independent.
The former are probably positively correlated, and the latter negatively. Positive
correlations can be handled relatively easily by introducing new top-level goals
that activate combinations of the original goals. For example, one might have an
‘afternoon tea’ goal with a method that involved both brewing tea and making
toast.” (p.1112)

TAMSs are always focused on one specific use case. A mobile mapping sys-
tem for preservation scientists (Matyas and Schlieder, 2005), for instance,
will not support a tourist looking for a restaurant, and vice versa for the mo-
bile tourist guide. This is why ISs and SGISs assume that there is only one
highest-level intention. This is comparable to introducing the “afternoon tea”
goal on top of two initially independent goals “making toast” and “brewing
tea”. In contrast to the general PHATT approach, the context of an TAMS
is known. Even interleaving intentions can be seen as part of a top-level in-
tention. For instance, the BusTransfer intention, which combines GetOffBus
and FindBus, is part of a top-level intention VisitCity, just as all behaviors
between bus arrival and departure (Fig. 2.19, bottom left). Still, the spatial
context identifies the two framing behavior sequences as belonging together.
Regarding context, Geib and Goldman (2009) continue:

“PHATT’s model is much less friendly to negatively correlated goals. In order to
accommodate them, one could make a more elaborate version of the approach
for positively correlated goals. In this more elaborate version, one would specify
probabilities for combinations of subgoals, that we call contexts. For example,
one might have an ‘extreme sports’ context and a ‘quiet afternoon’ context, that
would turn on (resp. off) goals like ‘bungee jumping’ and off (resp. on) goals like
‘afternoon tea’” (p.1112)

This “turning on/off” of intentions by using definite, non-probabilistic, knowl-
edge about spatial context is the key idea of formalisms like SGIS and the
grammar introduced in the next chapter.

3.6 Summary

This chapter has discussed related approaches in plan and intention recogni-
tion under the perspective of the requirements for mobile intention recogni-
tion given in section 2.4.
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We have seen that very general approaches that allow for arbitrary inter-
leaving of plans, incomplete behavior sequences, temporally unordered obser-
vations, or complex context models have often knowledge representations that
are cognitively difficult to understand, and always suffer from high algorith-
mic complexity. Assumptions are necessary to reduce the search space, such
as the temporal ordering, temporal completeness, and spatial consistency in-
trinsic to the mobile intention recognition problem. Probabilistic approaches
are, in general, a good choice for disambiguation but probabilities are often
hard to determine, especially for TAMSs which need to be ready to use for
new users immediately. In addition, algorithms for probabilistic approaches,
like DBNS, are either not efficient or only approximate. In particular, any
current approach that approximates the past, e. g., as a compact belief state,
will not be able to capture the long-ranging space-intention dependencies we
need to model for realistic mobile intention recognition use cases.

Spatial grammars, such as the SGIS formalism (section 3.4.2), are a cog-
nitively appealing representational formalism to model knowledge about the
connection of space and intentions. This allows for spatial disambiguation
which is an elegant way “to restrict our attention” (Charniak and Goldman,
1993, p.67) while parsing these grammars. Geib and Goldman (2009) argue
against parsing in their related work section:

“The major problem with parsing as a model of plan recognition is that it does
not treat partially-ordered plans or interleaved plans well.” (p. 1104)

Although this applies to SGIS we will see in the following chapter this is not
generally true.



Chapter 4

Mobile Intention Recognition with
Spatially Constrained Grammars

Extending the idea of spatially grounded grammars of section 3.4.2; this
chapter introduces two new spatial grammars which extend SGISs: Spatially
Constrained Context-Free Grammars (SCCFGs), and Spatially Constrained
Tree-Adjoining Grammars (SCTAGs). These grammars have higher expres-
siveness than SGISs which allows for modeling long-ranging space-intention
dependencies frequently occurring in mobile intention recognition, like those
illustrated in the examples in section 2.3.4.

Parsing algorithms for all three spatial grammars, SGISs, SCCFGs, and
SCTAGs, are provided. The algorithms in this chapter use a partonomy as
spatial model. Section 4.4 then discusses the implications of relaxing this
assumption by allowing regions to overlap.

4.1 Parsing Spatial Behavior Sequences

4.1.1 A State Chart Parser for SGISs

SGISs were introduced in section 3.4.2 of the previous chapter as a context-
free grammar enhanced by spatial grounding constraints (Schlieder, 2005).
Mobile intention recognition with an SGIS yields in an incremental parsing
problem which can efficiently be solved with variants of standard CFG pars-
ing algorithms. However, no parsing algorithm for SGISs has been published
yet. This section introduces a simple extension of the Earley algorithm (Ear-
ley, 1970) for SGIS parsing. The new algorithm exemplifies the main ideas
of spatial parsing which also apply to the algorithms in later sections of this
chapter: the clear separation of hypotheses generation and behavior pars-
ing, efficient spatial constraint propagation, and the exploitation of certain
invariants that hold for partonomically structured spatial models.

P. Kiefer, Mobile Intention Recognition, DOI 10.1007/978-1-4614-1854-2_4, 79
© Springer Science+Business Media, LLC 2012
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4.1.1.1 Earley chart entries with spatial grounding

The Earley parser is a dynamic programming algorithm which works on a
state chart. States in this chart consist of a dotted production rule, and two
indices [i, j]. A dotted production rule p, is a production rule p € P with a e
between two symbols on the right-hand side of the rule. The algorithm applies
rules to these states which moves the e step-by-step through the right-hand
side. Dotted rules in the SGIS parser extend the standard dotted rules by
spatial information:

Pe = (I — 00001 | GC)

oo and o7 are sequences of symbols from B U I, where at most one of the two
may be empty. g has already been recognized, o1 is yet to be reconized. GC
is the set of regions Rgc € R for which a (p, Rgc) in the spatial grounding
constraints G of the SGIS exists. We say, “p is grounded in GC”. As short
notation the spatial grounding is written behind the rule, separated with a
vertical line. Examples for spatially grounded SGIS rules have been given in
section 3.4.2 (Fig. 3.2, top).

The indices [i, j] in a chart entry indicate the part of the input behavior se-
quence subsumed by og. The SGIS parser extends the standard Earley chart
entries by a set GCI C GC, the grounding constraints instantiation. It in-
dicates in which regions the remaining behavior sequence, i. e., the behaviors
subsumed by o1, may happen. Thus, the SGIS parser works on chart entries

(pes [i, j], GCI) or, as full notation: (I—o09e01 | GC, i j], GCI)

4.1.1.2 Turning the recognizer into an incremental parser

Most descriptions of Earley introduce the algorithm as a recognizer that
checks whether a given input sequence is part of the language. For mobile
intention recognition the algorithm needs to be adapted to the general mobile
intention recognition algorithm introduced in Fig. 2.14 so that it returns
intention hypotheses (see Fig. 4.1):

e In method initialize() the normal Earley initialization is performed, i.e.,
all rules with S as left symbol are added to the chart. In addition, ini-
tialize() runs a first prediction step on all chart entries. This creates new
hypotheses for left-most derivations until all unprocessed entries have the
e in front of a terminal.

e Method recognize() takes an incoming spatialized behavior (Rin, bin), and
scans those entries which have a e in front of terminal b;,. Time stamps
ts and te are ignored in the SGIS-parser!. If the input region complies

! In fact, the timestamps are used by none of the algorithms presented here. However,
they were defined for the general mobile intention recognition algorithm because spatial
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// The spatial model SM is a partonomy.
// The behavior intention model BIM is an SGIS= (B,I,P,S,R,G) (definition 3.2).

int n;
statechart|] chart; // (time-indexed): an array of sub-charts.

procedure initialize( domain model DM )
begin
for each ((S— o | GC) € BIM) do
Add ((S — e o | GC), [0,0], GC) to chart[0]
end for
n<+0
predictAll(0)
end procedure

function recognize( space-time behavior (ts, te, Rin, bin) ) returns Inypotheses
begin
Ihypotheses — @
for each (entry = (Ip — 09 @ bin 01 | GC, [i,n], GCI) € chart[n]) do
boolean recognized <— scan(entry, Rin)
if (recognized) then Iypotheses-add(Ip)
end for
n<n+1
completeAll(n)
predictAll(n)
return Ihypotheses
end function

Fig. 4.1 An incremental SGIS parser based on Earley’s state chart parser: methods
initialize(), and recognize(), implementing the abstract methods from Fig. 2.14. Methods

scan(), completeAll(), and predictAll() are given in Fig. 4.2.

with the spatial constraints, method scan() returns true. The left-hand

intention of the rule currently processed is then the parent in the parse
tree, i.e., the current intention. If more than one entry is successfully

scanned there may be ambiguity.
e Finally, the rest of the recognize() method prepares the internal data
structures for the incoming of the next behavior. The steps completeAll()
and predictAll() can be performed in the background while the user is

moving. In the foreground the system could already show an information

service that fits to the recognized intention(s).

By structuring the algorithm in a way that predictAll() and completeAll()

are running concurrently in the background the runtime requirements for

the SGIS parser become apparent: scan() is the time-critical operation while
predictAll() and completeAll() have time until the next behavior comes in.

Predicting and completing in the background while the user continues to use

parsing in its general form easily integrates timestamps (see also section 6.3.1 in the

outlook chapter)



82 4 Mobile Intention Recognition with Spatially Constrained Grammars

the application may slow down computations. This depends on the kind of
information service provided: a mobile hotel guide will need less resources
than, e. g., a mobile geo information system.

The chart used as data structure in the algorithm is an array of sub-charts.
The index of the sub-chart in the array is equal to the index j of all entries
in that sub-chart (that is why some descriptions of the Earley algorithm
use only one index i). The sub-charts are used as sets in the algorithm.
However, an efficient implementation would impose indexing structures that

YW

enable an efficient look up of “scannable”, “completable”, and “predictable”
entries (each entry falls in either of these three categories). Thus, the “for
each” selection in recognize(), and in the outer loops in completeAll() and
predictAll() (see Fig. 4.2) do not iterate over the whole sub-chart.

function scan( chartentry entry, region Rin ) returns boolean
begin
// entry is of the form (I — o¢ ® by, 02 | GC, [i,j], GCI)
Rg < The region from GCI which is equal to or contains Rin
if (Rg == null) then return false
Add (I — o9 bin ® 02 | GC, [i, j+1], {Rg}) to chart[j+1]
return true
end function

procedure completeAll( int k )
begin
for each ((Ichila — 03 ® | GC, [j, k|, {R}) € chart[k]) do
for each ((Iparent — 00 ® Ichila 01 | GCp, [i, jl, GCI) € chart[j]) do
Rp ¢ The region from GCI which is equal to or contains R.
Add (Iparent — 00 Ichila ® o1 | GCp, [i, k], {Rp}) to chart[k]
end for
end for
end procedure

procedure predictAll( int j )
begin
for each (((Iparent — 00 ® Ichila 01 | GCparent), [i, j], GCI) € chart[j]) do
for each ((Ichild — 03 | Gcchﬂd) S SGIS) do
GClIhew < All R € GC.pj1q which are equal to or contained by a region
in GCI
if (GClyew is not empty) then
Add (Ichilg — ® 03 | GCehilas [Js j], GClnew) to chart[j]
end for
end for
end procedure

Fig. 4.2 Methods scan(), completeAll(), and predictAll() for the SGIS parser.
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4.1.1.3 The valid prefix property

All algorithms for mobile intention recognition in this chapter are variants
of Earley-like state chart parsers. The original recognizer is turned into an
incremental parser, and the parser is enhanced with spatial constraints. Spa-
tial constraint resolution is then added to the parser operations (see sec-
tion 4.1.2). Though not explored in this thesis this principle is generalizable
to many other parsers that use dynamic programming.

However, any parser must have one important property to be useful for mo-
bile intention recognition, the Valid Prefix Property (VPP) (see, e.g., Joshi
and Schabes, 1997, p. 50). That means, it must detect errors in an incremen-
tally processed input sequence as early as possible. Consider, for instance, the
language L = {a”b™ | n > 1} = {ab, aabb, aaabbb, ...}. A recognizer that
only decides that ‘aaabbb’ is a valid word of the language, whereas ‘aab’ and
‘aba’ are not, is not sufficient for mobile intention recognition. It must further
be able to decide whether an input sequence is a valid prefix of any word in
the language. For instance, no sequence can be added to ‘aba’ such that the
resulting word will be part of L, whereas ‘aab’ is an incomplete sequence,
and adding a ‘b’ will fix the issue. A parser that maintains the VPP must
detect immediately that the current input is wrong, e. g., that appending an
‘a’ to ‘ab’ is not allowed. Otherwise, it might accept an arbitrary number of
wrong behaviors, such as ‘abacdefghijklmn’, and recognize wrong intentions
for each of them although the sequence was flawed from the very beginning.

The original Earley recognizer maintains the VPP, so there is no problem

for SGISs.

4.1.2 Spatial Constraint Resolution

The previous explanation of an incremental Earley algorithm for mobile inten-
tion recognition did not treat the spatial aspects. The only spatial adaptation
up to now was method initialize() copying the GC of the rule to the GCI of
the according initial chart entry. The three modified Earley operations listed
in Fig. 4.2, scan(), predict(), and complete(), resolve spatial constraints?.

The parser exploits the knowledge that SGISs are defined only for spatial
models of type partonomy. Each pair of regions from R in a partonomy is
either disjunct or in a contains/isContained relation. The parser can assume
that the regions in each grounding constraint set GC are disjunct. If they
were not disjunct we could just remove the child regions because that infor-
mation would be redundant. Accordingly, regions in each GCI are disjunct.
This leads to the following invariant for all chart entries (I — o¢ e 01 | GC,
i, j], GCI):

2 predict() and complete() denote the inner loops of completeAll() and predictAll().
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p:S—>L LI, |R,
pil,—>Lls  |R,
Ps:ls—>b,b, |R;
Pe: Is = b, | Rg

Fig. 4.3 Interpreting SGIS rules as a constraint satisfaction problem (CSP) on a parse
tree.

p = predict

S = scan d:c
¢ = complete . &
kA

n

c c
8 R R
| in, | | in, | | in, | | in,

Fig. 4.4 Simplified CSP, and order of constraint propagation in the Earley parser.

(GCIC GC) and ((og is not empty) = (JGCI| == 1))

As soon as the first symbol is recognized, exactly one element from GC is
selected as GCI, and this element is the spatial constraint for all following
symbols in 0.

Resolving spatial constraints in mobile intention recognition relates to the
general constraint satisfaction problem (CSP) (see, e. g., Russell and Norvig,
2010, chapter 6). A CSP consists of a number of variables, a domain for each
variable, and a set of constraints that specify which combinations of variable
values are allowed. A parse tree of SGIS rules can be interpreted as a spatial
constraint system (see Fig. 4.3): first, one grounding variable gr(symbol) is
added for each right-hand symbol of the starting rule p;. Their domain is
R, i.e., the grounding of p;, and the three variables are connected with
“=" which means that they must happen in the same region. In the next
step, p2 is applied to Iz. This adds a new set of variables, again one for
each right-hand symbol. These are again connected with “=” among each
other, and their domain is taken from the grounding of p2. They are further
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connected with “C” constraints with their parent node gr(I2) which means
they must take a value that is equal to, or contained by gr(I2). In this way,
the constraint system takes the form of a parse tree. At the leaf node level,
each constraint variable of a behavior gr(b) is connected with an additional
variable representing the input region at the respective position in Sg;. These
input variables have domain R as they may, in principle, happen in any
region. By merging those variables that are connected with “=" the constraint
system can be simplified (see Fig. 4.4, left). The variables in this simplified
figure are the grounding constraint instantiations used by the parser.

Parsers treat inputs sequentially. This is why parsing is well-suited for
temporally ordered sequences in mobile intention recognition. Because of the
sequentiality, constraint resolution in spatial parsing is rather a constraint
propagation problem than a general constraint satisfaction problem, i.e., the
order of constraint resolution is given (see Fig. 4.4, right): predict() propa-
gates the spatial constraints from parent to child nodes until the behavior
node level is reached. Then, a scan() operation resolves the input region with
the behavior node constraint. In the example of Fig. 4.4 (right), the next scan
(in7) is symbolized with a white arrow which means that the constraint is
only checked for consistency but will not modify GCI(ps) because it already
contains only one value (see the invariant above, non-empty o¢). complete()
then propagates the result of the children-parse back to the parent, and so
on. Constraint propagation problems are known to be solvable in polynomial
time. Details for the three operations are provided in the following.

4.1.2.1 Scan

Method scan() checks whether the region Ry, of the input?® is equal to, or
contained by any of the regions in GCI. As we know that regions in GCI
are disjunct, there may be either exactly one region Ry € GCI containing
Rin, or none. In the latter case, false is returned. In the former case, a new
chart entry is created, just as in the original Earley. The GClI,,ey of this new
entry is a set with only R as element.

Consider, as an example, a rule for an intention IyigitMovies Which is
grounded in several cinemas. As soon as the first behavior happens, like
the entering or the ticket queuing, we know which cinema the agent is visit-
ing and can exclude the other cinemas. Even if two cinemas touch, the way
SGISs were introduced in section 3.4.2 disallows that the part of the behavior
sequence subsumed by one IyigitMovies €xtends spatially to the neighboring
cinema. And this also makes sense as crossing the border to the second cin-
ema would either mean two sequential intentions of type IvisitMovies, O that
the first cinema was not visited but only crossed.

3 Recall that, in partonomies, we choose the smallest region Ri, as short notation for
Rin
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Determining R, is easy (O(1)) if og is not empty: GCI then contains
exactly one potential candidate region Rgci, and we just check equals and
contains for (R, Rgci) in the spatial model (refer also to the white arrow 4:s in
Fig. 4.4, right). For an empty ¢, we need to iterate over all elements of GCI
and check their spatial relation to R. This increases the runtime of scan()
by |GC| which depends on the BIM. In the worst case, the spatial model
is a flat POI model, and the rule is grounded in all regions but Rg: |GC]|
= |R| - 1. However, this is unrealistic as you cannot have every intention
everywhere. Assuming a flat POI model and the rule being grounded in a
certain percentage of regions (e. g., “20% of our POIs are cinemas”), we would
still have a complexity increase of O(|R|). However, in “real” partonomies,
i.e., those with more than one parent and one child level, not all rules will
be grounded on the bottom level. For instance, IyisitMovies 1S not grounded
in the entrance or the queuing area. Other examples are intentions to cross a
certain area. Thus, in an average scenario, the runtime increase is dependent
on the branching factor and depth of the partonomy. In any case, the runtime
increase is a constant depending on the spatial structure (more specifically:
on the connection of space and intentions in the BIM) but not dependent on
the length of the input sequence.

4.1.2.2 Complete

Method complete() is called when the dot is at the end of a rule, i.e., all
non-terminals and terminals of the right-hand side have been recognized. We
know that, as no e (empty string) is allowed as terminal, at least one input
(Rin, bin) must have been recognized by the rule. Thus, there is exactly one
element R in the grounding constraint instantiation of the completable chart
entry. Just as in the original Earley, the algorithm looks for each parent chart
entry with the e in front of the correct non-terminal, and correct indices [i, j].
The GCI of that parent chart entry is now matched against R by selecting
the region from GCI which is equal to, or contains R. We know that there
is exactly one region because the consistency of the region input has been
checked by all scans of behaviors subsumed by 3. If o of the parent rule is
not empty, we trivially know that this only element of GCI is R so that no
spatial constraint resolution is necessary (refer also to the white arrow 8:c in
Fig. 4.4, right). Otherwise, we look for Ry, just as for Ry in scan().
In the movies example, consider the following rules:

IVisitMovies — IQueuing a0 | {RCinemal RCinemaE)O}
IQueuing — 03 | {RQAreal—l RQAreaBO—4}

Consider now, the e being after o3, i.e., the parsing of Iqucuing being fin-
ished, and GCI = {RQAreas1-2}- The complete() method now decides that,
if queuing was in RQArea41-2, the visit movies intention must be happening
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in the parent region Rcinema41- This, in turn, restricts the happening of all
symbols in 0.

4.1.2.3 Predict

The predict() method generates hypotheses about possible rule applications
for each chart entry with a e in front of a non-terminal I.njq by looking up
fitting child rules with I.hjq as left-hand symbol. The spatial version restricts
the possible regions for each of these fitting child rules such that they adhere
to the parent GCI.

In the example, there might be a higher-level intention IgooutinTown,
grounded in {Rrowni, ---, RTowns}- From some previous behavior, like vis-
iting a bar, we know that IgooutinTown happens in Rrowng. After the bar
visit, we hypothesize an intention IyisitMovies, and predict() selects those cin-
emas as grounding constraint instantiation which are located in Rpowns, €- g,
{RCinema5s ---» RCinema17}. This is, like in scan() and complete(), an oper-
ation on one region and a set of regions. However, in the next step we run
predict() on IvisitMovies — ® IQueuing 01, and must select all queuing areas
located in one of the pre-selected cinemas.

Thus, in general, the algorithm operates on two sets, €. g., {Rcinema5s -« »
Reinema17}, and {RQAreat-1 --- RQAreas0-4}- A nested loop that compares
each two elements of the two sets is one possible solution if the sets are small.
As R is finite, another option would be to represent region sets as bit strings,
and to compare the two sets with an AND operation. A third option would be
a look up table for P x 2GCparent » P — 2GCenild (from parent production
rule, parent GCI, and child production rule to GClyey ). This is, because of
the size of the power set 2GCparent  not space-optimal. Luckily, not all sets
are possible for GCI, but only those that correspond to one parent region
in the partonomy, just as set {Rcinemas; -+, RCinemal7} 1S N0t an arbitrary
collection, but determined by the parent region Rrowng. Thus, the worst case
space complexity of the look up table is O(|R]| - [P|?).

4.1.2.4 Conclusions on the runtime of the SGIS parser

The runtime increase for spatial constraint resolution for all three parser oper-
ations does not depend on the length of the input sequence n, but is a constant
depending on the structure of the BIM. Thus, the worst case complexity is
not worse than the O(n?) of the original Earley algorithm. In addition, if o
is empty, spatial constraint resolution is only constraint checking for scan()
and complete(), and very efficient for predict(). The number of chart entries
with empty og depends on the branching factor of the production rules. As
plans usually structure an intention into more than one sub-intention, the
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branching factor will typically be at least 2. In that case, already half of the
operations work on non-empty og.

The unchanged worst case complexity is complemented with an expected
hypotheses reduction for the average case because scan() and predict() ex-
clude hypotheses from the search that are not consistent with the spatial
grounding. In the worst case, all rules are grounded in Ry, in which case
spatial parsing is identical to non-spatial parsing. However, this worst case
is only a theoretical one (see also the behavioral specificity assumption in
section 2.1.2).

4.2 Non-Local Constraints: A Generalization of Spatial
Grounding

One important restriction of SGIS is that the regions are propagated hierar-
chically through the parse tree. This allows only a restricted subset of spatial
configurations to be expressed. For instance, the pattern (doX;, doSome-
thingCompletelyDifferent, doXs ), where sub sequences (doX;) and (doXs)
belong to the same intention, cannot be expressed with SGIS rules (see sec-
tion 3.4.2). This section introduces a new grammar which allows for express-
ing long-ranging dependencies like these.

4.2.1 Spatially-Constrained Context-Free Grammars

Definition 4.1. A Spatially Constrained Context-Free Grammar is defined
as SCCFG = (SGIS, NLC), where

e SGIS = (B, I, P, S, SM, G) is a Spatially Grounded Intentional System
(see definition 3.2)

e NLC is a set of spatial non-local constraints. Each spatial non-local con-
straint (p, index;, indexs, type) € NLC has a spatial relation type €
SRT, and is defined for two intentions of the right-hand side of the same
elementary production rule p € P (index; # indexs).

We identify the left and right member of a non-local constraint with their
indices as an intention may occur more than once in a production rule. Non-
local constraints are notated behind the rule as (indexy, indexg, type) triples.
A rule system for the “return to bus” example in Fig. 2.19 (bottom left), for
instance, could look as follows:

IVisitTown — IGetOHBus IGoShopping IFindBus ‘ {RQ}a {(0, 23 touches)}
IGetOffBus — 00 | {Rbusterminalla ceey RbusterminalS}, { }

IGoShopping — 01 | {RQ}7 { }

IfindBus  — 02 | {Rcarparkis Rearpark2, R2o, ..., R3o}, { }



4.2 Non-Local Constraints: A Generalization of Spatial Grounding 89

The first rule has a non-local constraint which frames the whole behavior
sequence: the Ipinqpus intention must happen in a region that touches the
region of IgetofBus- 1The second rule states that there are five bus terminals
at which the user may get off. The third rule is the shopping intention and will
probably have a sophisticated hierarchy of sub-intentions. The fourth rule,
the returning to the bus terminal, is grounded in all regions that touch any of
the five bus terminals (the two car parks from Fig. 2.19, and plenty others).
However, it depends on the bus terminal selected at runtime for IgetofBus,
which subset of {Rcarpark1, Rearpark2, R20, - .., R0} is possible. The selecting
of one bus terminal will disable those regions that do not touch that region.

SGISs can be seen as a special case of SCCFGs, i. e., the language expressed
by an SGIS can also be expressed with an according SCCFG. An SGIS is
converted into a corresponding SCCFG by simply choosing NLC = ().

The example above has illustrated that the SCCFG formalism allows
for modeling of long-ranging space-intention dependencies, like those occur-
ring when the user returns to a certain region. By inserting multiple rules
with non-local constraints into each other arbitrary nesting relations can be
achieved. In the clothes shop example from Fig. 2.19 (bottom right), for in-
stance, a basic rule set that expresses the user picking a number of pullovers,
and returning some of them later, might look as follows:

IBuyPullovor — IPick IContinucShopping IDrop | {RQ}7 {(0, 27 equals)}
IBuyPullover — IPick ICOntinueShOpping | {RQ}’
IContinueShopping — ITryOn | {RQ}
IContinueShopping — Ipick IContinueShopping IDrop | {RQ}7 {(07 2, equals)}
IContinueShopping — IPick IContinueShopping | {RQ}

All right-hand intentions, of course, need to be specified in additional rules
which would be grounded in the regions around shelves, in the fitting area
queue, and in the fitting rooms. The expressiveness of this rule set is equiv-
alent to axb™ (in the example: pick™ try drop™), with n > m. It is known
that patterns like these can be expressed with CFGs. SCCFGs, however, addi-
tionally identify which picks and drops belong together. The sequence (pick,
pick, pick, drop, drop), for instance, could yield in three possible SCCFG
interpretations,

(picky, picks, picks, drops, drop; ),
(picky, picks, picks, drops, dropz ),
(picky, picke, picks, dropg, drop; ),

where the indices indicate that tokens belong together?. This nesting with
SCCFGs is unrestricted, i.e., the n and m in (pick® try drop™) have no
theoretical upper bound.

4 Note that this is the inverse notation of that chosen by Geib and Goldman (2009) in
the early-closing example of Fig. 3.4 where identical letters indicate that tokens belong
together.
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P S— L Ll |R;, (0,2rel)

pZ: IZ - |5 |6 | RZ
pil,—>L1l |R,
ps: s> b, b, |R;
Ps: ls > b, | R

Fig. 4.5 CSP for an SCCFG parse tree.

Unfortunately, a crossing of long-ranging space-intention dependencies
cannot be expressed with an SCCFG. In the example, this would be the
sequences

(picky, picke, picks, dropy, drops),
(picky, picks, picks, dropi, drops),
(picky, pick, picks, dropa, drops).

The only way to express crossing dependencies is to define them statically in
the rule set but this is not possible in an unrestricted way because the rule
set would blow up dramatically.

As the crossing of long-ranging space-intention dependencies is essential
for many mobile intention recognition scenarios (e.g., we cannot force the
customer to return the pullovers in a certain order) a formalism with higher
expressiveness becomes necessary. This is the aim of section 4.3.

4.2.2 A State Chart Parser for SCCFGs

The spatial constraint resolution in SGISs described in section 4.1.2 is exclu-
sively local: from parent intention to child intention (predict), from behavior
to its sibling (scan), and back to the parent intention as soon as the child
intention is finished (complete). The non-local constraints in SCCFGs allow
for another kind of spatial constraint resolution in a parse tree: from node
with index; (left node) to the node with indexs (right node)®. As these nodes
are parsed sequentially, resolving non-local constraints is again a constraint
propagation problem (see Fig. 4.5).

5 In the following, it is assumed that the spatial relation is directed from non-terminal
with index; to that with indexs. If the relation in the grammar is modeled in the other
direction, it can be replaced by the inverse relation if available in SRT. If not, the
order of arguments in the algorithm while checking SR. could be made dependent on
the direction of the relation. These details are left out for reasons of clarity.
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// The spatial model SM is a partonomy.
// The behavior intention model BIM is an SCCFG = (sgis, NLC), with sgis = (B, I,
P, S, R, G) (definitions 3.2 and 4.1).

int n;
statechart[] chart; // (time-indexed): an array of sub-charts.

procedure initialize( domain model DM )
begin
for each ((S — o | GC, NLC) € BIM) do
Add ((S — e 0 | GC, NLC), [0,0], GC, NLI,, /,,..) to chart[0]
end for
n+«0
predictAll(0)
end procedure

function recognize( space-time behavior (ts, te, Rin, bin) ) returns Inypotheses
begin
Ihypotheses — 0
for each (entry =
(Ip — 00 ® bin 01 | GC, NLC, [i,n], GCI, NLI) € chart[n]) do
boolean recognized < scan(entry, Rin)
if (recognized) then Inypotheses-add(Ip)
end for
n<n+1
completeAll(n)
predictAll(n)
return Ihypotheses
end function

Fig. 4.6 An incremental SCCFG parser based on Earley’s state chart parser: methods
initialize(), and recognize(), implementing the abstract methods from Fig. 2.14. Methods
scan(), completeAll(), and predictAll() are given in Fig. 4.7.

There are two decisive moments for parsing a non-local constraint:

1. The e “jumps” over the intention with index; during the execution of
complete(). In this moment, we put the region in which the child intention
happened into memory.

2. The e starts to parse the intention with indexs with predict(). In this
moment, the spatial constraint is resolved.

This “memory” for storing the non-local constraint is modeled as an ad-
ditional element in the chart entry, the non-local constraint instantiations
NLI. The NLI contains one region for each non-local constraint. NLI(nlc)
denotes the non-local constraint instantiation for the non-local constraint
nle. A special value n/spec indicates that the non-local constraint has not yet
been instantiated. This yields in the following chart entries for the SCCFG
parser:

(p.’ [i7 j:l? GCI7 NLI)
or, as full notation: (I = 09 e 01 | GC, NLC, [i, j], GCI, NLI)
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Figure 4.6 lists the basic structure of the SCCFG parser which is almost
the same as that for SGISs in Fig. 4.1. NLI,, /.. denotes an NLI initialized
with n/spec for all non-local constraints. Method scan() is exactly the same
as for SGIS because it does not use the non-local constraints. The Earley
methods complete() and predict() are modified as follows (see Fig. 4.7).

function scan( chartentry entry, region Rin ) returns boolean
// same method as scan() in Fig. 4.2

procedure completeAll( int k )
begin
for each ((Ichila — 03 ® | GC, NLC, [j, k], {R}, NLI;) € chart[k]) do
for each (Iparent — 00 ® Ichilg 01 | GCp, :[V]—_:Cp7 [i, ‘]}, GCI, NLIp)
€ chart[j] do
Rp ¢ The region from GCI which is equal to or contains R.
NLI,ew < NLIp.clone()
for each (nlc € NLCp, with index; == index of Ichiiq) do
NLI,ew(nle) <+ R
Add (Iparent = 00 Ichila ® 01 | GCp, NLCyp, [i, k], {Rp}, NLIsew)
to chart[k]
end for
end for
end procedure

procedure predictAll( int j )
begin
for each (((Iparent — 00 ® Ichila 01 | GCp, NLCyp), [i, j], GCIp, NLI,)
€ chart[j]) do
for each ((Ichilq — 03 | GCe, NLC.) € SGIS) do
GClhew < AllR € GC which are eq. to or contained by a region in GCI,
if (GClhew is not empty) then
for each (nlc € NLCp, with Ichiq as right node) do
Remove those regions from GClyew not consistent with nle.
end for
Add (Ichiza — @ 03 | GCc, NLCy, [j, j], GCIuew, NLI,L/SPE,:) to chart|j]
end if
end for
end for
end procedure

Fig. 4.7 Methods scan(), completeAll(), and predictAll() for the SCCFG parser.

4.2.2.1 Complete

A call of complete() means that the child intention Ichjq has been fully parsed.
Thus, we know the region in which Ig,;q happened. As in the SGIS parser,
that must be exactly one region (R in Fig. 4.7). All non-local constraints
nlc in the rule for the parent intention Iparent Which have the Ichjg node as
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left node are now instantiated by assigning R to NLIyew(nlc). This simple
assignment does not increase the runtime noteworthily as the number of non-
local constraints starting at one node is very limited.

4.2.2.2 Predict

The predict() method in the SCCFG parser first resolves the constraint from
parent to child, just as in the SGIS parser. Then, the set GCl,ey, is further
reduced by removing those elements which contradict any of the non-local
spatial constraints ending at the predicted node. The algorithm in Fig. 4.7
implements this as loop over NLC,,, containing another loop over the re-
maining GCley (“Remove those...”). Note that, if og is empty (e at the
beginning), the non-local constraints have not been initialized and are not
relevant. On the other hand, if non-local constraints may be relevant (i.e.,
oo is not empty) there is only one region in GCI,, so that resolution from
parent to child is a loop on only one set.

4.2.2.3 Conclusions on the runtime of the SCCFG parser

The worst case runtime complexity is, as in the SGIS parser, O(n?) with n
denoting the length of the input sequence. Following the same line argumen-
tation as for the SGIS parser, in an average case there will be even more
hypotheses that are thrown away which further reduces the search space.

4.3 Intersecting Spatial Dependencies

4.3.1 Towards More Context-Sensitivity: A Parallel to
NLP

Intersecting dependencies are a well-known problem in NLP. They occur in
the syntax of natural languages, such as Dutch, when the words of differ-
ent constituents appear interleaved in a sentence. Consider, for instance, the
Dutch sentence in Fig. 4.8 (top left): “ik” and “zag” make up one constituent
(“I saw”), “Cecilia” and “voeren” another one (“Cecilia feeding”). The gram-
matical form of one word, e.g., first person singular, must be reflected by
the other part of the constituent. Thus, a formal grammar for modeling such
languages must be able to represent interleaved syntactic structures, and a
parser that validates or interprets a sentence must maintain the knowledge
between the different words. An investigation on how much interleaving may
appear in the syntax of a given natural language both, in theory and in
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omdat ik Cecilia de nijlparden zag voeren a. On the one hand, John loves Barolo.
| I | b. So he ordered three cases of the '97.
c. On the other hand, because he's broke,
(... because | saw Cecilia feed the hippopotamuses) d. he then had to cancel the order.
omdat ik Jan het lied probeer te leren zingen lose start start end gain end
revolt-A  revolt-B  revolt-A revolt-B

e I

(... because | try to teach Jan to sing the song) |

Fig. 4.8 Crossing dependencies in NLP and beyond: syntax in Dutch (left top: de la
Clergerie, 2008; left bottom: Geib and Steedman, 2007), discourse semantics (right top:
Webber et al, 1999), and argument construction (right bottom: Sprado and Gottfried,
2008).

practice, is beyond the scope of this thesis. However, it is clear that NLP
faces problems in which interleaving is not restricted to two overlapping con-
stituents, as becomes apparent in the example given by Geib and Steedman
(2007) (see Fig. 4.8, bottom left).

On a higher semantic level, overlapping dependencies occur in discourse
semantics when sentences (or clauses) that make up a story refer to other
sentences further away in the same text. As an example, consider the con-
struct “On the one hand ...on the other hand” (see Fig. 4.8, top right).
This comes close to the discussion of Sidner’s (1985) human-machine dis-
course interpreter in section 3.4.1 although discourse semantics in general is
not restricted to recognizing plans. A third area with structural interleaving
has been identified by Sprado and Gottfried (2008): they consider argument
construction in historical theories which can be seen as the problem of as-
signing meaning to a temporally ordered sequence of events, just as in mobile
intention recognition. A historicist might, for instance, have access to docu-
ments about the changing wealth of a given person (events “gain” and “lose”),
and about revolts that started at that time. The explanations for the wealth
gain and lose are typically unknown. The example in Fig. 4.8 (bottom right)
shows an argument construction for a sequence of events which explains that
a person’s loss of wealth caused him to participate in revolt-A, and the end
of revolt-A made him richer, whereas revolt-B had nothing to do with that
person.

As mentioned in section 3.4.3, NLP has addressed the problem of inter-
leaving by extending the Chomsky hierarchy (Chomsky, 1959) with grammars
that are more expressive than CFGs and less expressive than CSGs (Context
Sensitive Grammars), see Fig. 4.9: the first grammar in between, but closer
to type 1 grammars, are Indexed Grammars developed by Aho (1968). In
Indexed Grammars a stack is attached to each node in the parse tree and
handed on to all children when a production rule is applied. Production rule
application may trigger push and pop operations that modify the stack. In-
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A Type 0: Unrestricted Grammars

Anjqeyoelt

Type 1: Context-Sensitive Grammars
Indexed Grammars

Mildly-Context-Sensitive Grammars

Type 2: Context-Free Grammars

ssouaAlssaldx]

Type 3: Regular Grammars v

Fig. 4.9 Extended Chomsky hierarchy.

dexed Grammars can express crossing dependencies but the parsing problem
for Indexed Grammars is NP-complete.

A restricted type of Indexed Grammars are Linear Indexed Grammars
(LIG). They were first used, but not yet designated as LIG, in Gazdar (1988).
In contrast to Indexed Grammars, the stack in LIGs is handed on only to
one child node. This allows them to be parsed in polynomial time. Other
grammatical formalisms falling in between Indexed Grammars and CFGs
are Tree Adjoining Grammars (TAG, Joshi and Schabes, 1997), Head Driven
Phrase Structure Grammars (HDPSG, Sag and Pollard, 1987), and Combina-
tory Categorial Grammars (CCG, Steedman, 1985). Vijay-Shanker and Weir
(1994) have shown that these formalisms are weakly equivalent to LIGs, i.e.,
their expressiveness allows them to produce the same languages. Thus, LIG,
TAG, HDPSG, and CCG can be subsumed under a common class of language
formalisms which was called Mildly Context Sensitive Grammars (MCSG) by
Joshi (1985). He defined four common properties for MCSGs: containment of
context-free languages, limited crossing dependencies, constant growth, and
polynomial parsing:

o Containment of context-free languages: all MCSGs have higher expres-
siveness than CFGs. Thus, the nesting dependencies which appear in
mobile intention recognition, and which are already captured by SGISs
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(with respect to partonomial containment), and SCCFGs (with respect
to arbitrary spatial relations), will also be captured by an MCSG.
Limited crossing dependencies: in addition to nested dependencies, a lim-
ited number of crossing dependencies can be expressed.

This is one of the requirements stated in section 2.4 (requirement 5), and
the one which was not fulfilled by SGISs and SCCFGs, as well as not
by those approaches from chapter 3 for which efficient algorithms exist.
This property makes MCSGs a good candidate for mobile intention recog-
nition. However, the limitedness of crossing dependencies needs further
discussion: are the kinds of expressible crossing dependencies really suf-
ficient for mobile intention recognition, or are they too restrictive? This
is discussed in section 4.3.3 for Tree-Adjoining Grammars.

Constant growth: The sentences of the string language expressible with
an MCSG may not grow unboundedly. If we order all valid sentences of
an MCSG according to their length there must be a constant K by which
the lengths of two consecutive sentences maximally differ. For instance,
the language L = {a?® | n > 1} = {a, aa, aaaa, aaaaaa, ...} cannot be
expressed with an MCSG (Joshi, 1985) as the length of one sentence in
L is a function of the previous sentence.

For mobile intention recognition problems, this relates to the question
whether, given a fully expanded plan P (i.e., a parse tree), it is possible
to create an acceptable plan from P by appending only a limited number
of behaviors to the behavior sequence. Consider, for instance, one possible
behavior sequence for the intention IgieanUpFiat consisting of k behaviors
(bo, ..., bi.1) for cleaning only the kitchen. If afterwards cleaning the
corridor is also a valid expansion for IcieanUpFlat, We could append an-
other sequence (by, ..., bi.1), and maybe another one for cleaning the
bathroom (by, ..., by.1 ), and so on. It is clear that cleaning the second
room (or third room respectively) does not take more behaviors just be-
cause there was another room before. In other words, the order of cleaning
the rooms does not influence the number of behaviors needed. Thus, this
mobile intention recognition domain fulfills the constant growth property.
Although this is only an example, it seems intuitive that most mobile in-
tention recognition domains are structured this way.

Polynomial parsing: MCSGs can be parsed in polynomial time. This
makes them attractive for mobile intention recognition (requirement 1).

To conclude, the class of MCSGs seems to be a good candidate for mod-

eling mobile intention recognition problems. In the following, a formalism
based on TAGs is proposed as TAGs allow for an intuitive modeling of plans
(requirement 3).
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Fig. 4.10 Identification of nodes in an elementary tree of a TAG.

4.3.2 Spatially Constrained Tree-Adjoining Grammars

4.3.2.1 Tree-Adjoining Grammars

With slight notational modification of the definition given in Joshi and Sch-
abes (1997), TAGs can be defined as follows:

Definition 4.2. A Tree-Adjoining Grammar is defined as TAG = (X, NT,
IT, AT, S), where

e Y are terminals, NT are non-terminals, S € NT is the starting symbol.

e IT is a finite set of initial trees. In an initial tree the root and inte-
rior nodes are labeled with non-terminals. Leaf nodes are either labeled
with terminals, with €, or with non-terminals marked for substitution.
Substitution nodes are marked with a downarrow ().

e AT is a finite set of auziliary trees. An auxiliary tree has exactly one
special leaf node, the foot node, which must have the same label as the
root node. The foot node is marked with an asterisk (*).

All trees are finite. Initial and auxiliary trees together are the elementary
trees of a TAG. As in CFGs non-terminals are typically written in upper case,
terminals in lower-case. Trees are identified with small greek letters®. Each
node in the grammar is identified by node = (o, nodeid), where « is the tree,
and nodeid is determined as follows: the root node is referred to as nodeid
= 0, child nodes of the root are numbered from left to right starting with 1,
and all other child nodes are identified by appending a number to the nodeid
of their parent node (see Fig. 4.10).

6 The notation introduced in the previous chapters and sections is not changed: 7
trajectory, p: motion track, f: behavior sequence, ¢: intention sequence, p: intention
hypotheses sequence, o: sequence of non-terminals and terminals. All other small greek
letters are used to denote elementary trees.
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Fig. 4.11 Example for substitution and adjunction in a TAG with two initial trees («,
x) and one auxiliary tree (7).

« X i : X
ANV
5 v i 7

4 (bottom)

Fig. 4.12 Schematic visualization of substitution (left) and adjunction (right) (similar
to Joshi and Schabes, 1997, Fig. 2.2)

The label of a certain node of tree «, which may be a behavior, intention,
or ¢, is referred to as symbol(node) or symbol(c, nodeid). The terms “label”
and “symbol” are used as equivalent. Figure 4.11 (left) displays a simple
example TAG with three elementary trees. The operations defined on a TAG
are substitution and adjunction: a substitution node F| may be replaced by
a tree whose root node has the same non-terminal F as symbol (see ¢ in
Fig. 4.11, right). This operation is equivalent to rule application in CFGs.

The second operation, adjunction, causes the additional expressiveness of
TAGs: an auxiliary tree v headed with non-terminal H (and footed with H*)
may be adjoined into a tree (§ in the example) at an inner node with the
same non-terminal H. Adjunction first cuts off the partial tree d (bottom)
below H and attaches it to the foot node H* of «. The resulting tree is then
attached to the inner node H of 6 (top). An example is illustrated in Fig. 4.11,
right. Root and foot node cut an auxiliary tree into two parts. The way from
root to foot node of an auxiliary tree is called spine, and the two parts of the
tree are refered to as “left of the spine” and “right of the spine”. Figure 4.12
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(right) illustrates how the two parts left and right of the spine “embrace” the
cut-off part of the original tree.

Joshi and Schabes (1997) further introduce three types of adjunction con-
straints that can hold for any inner node: a selective adjunction constraint
SA(T) states that only auxiliary trees from T C AT may be adjoined into
the node. An obligatory adjunction constraint OA(T), on the contrary, forces
to adjoin a tree from T C AT into the node. Of course, all trees in T must
have a fitting non-terminal as symbol of their root node. A null adjunction
constraint NA disallows any adjunction on the node. Joshi and Schabes use
their TAGs sometimes with an implicit one adjunction constraint, i.e., one
may perform at most one adjunction operation on a node.

The set of trees that can be created from a TAG by starting from all initial
trees rooted with the start symbol and performing substitution and adjunc-
tion defines the tree language of a TAG. The according string language is
defined as all strings that yield from a tree in the tree language by perform-
ing a left-to-right tree-traversal. For instance, the string language defined by
the TAG in Fig. 4.11 (assumed a one-adjunction constraint) is {dgi, dgjik}.
The string language of a TAG is relevant when using a TAG for intention
recognition as it defines the set of behavior sequences we can recognize. The
tree language, however, defines the representable plans.

4.3.2.2 Adding Spatial Constraints to TAGs

The definition of TAGs (definition 4.2) is extended by including spatial con-
straints (similar to the definitions given in Kiefer, 2008b,a):

Definition 4.3. A Spatially Constrained Tree-Adjoining Grammar is defined
as SCTAG = (TAG, SM, GC, NLC), where

e TAG = (B, I, IT, AT, S) is a Tree-Adjoining Grammar with behaviors
B as terminals, and intentions I as non-terminals.

e SM = (R, SRT, SR) is a spatial model (see definition 2.6)

e GC C (IT U AT) x node x R is a set of grounding constraints. Each
grounding constraint is defined for one node in one initial or auxiliary
tree.

e NLC is a set of spatial non-local constraints. Each spatial non-local con-
straint («, nodeid;, nodeids, type) € NLC has a spatial relation type €
SRT, and is defined for two nodes in the same elementary tree from IT
U AT (nodeid; # nodeids, no e-nodes).

SCTAGs combine the idea of SCCFGs (non-local spatial constraints) with
the mild context-sensitivity of TAGs. Any SCCFG can be converted into
an according SCTAG by simply writing one initial tree for each context-
free rule, and turning each right-hand intention into a substitution node.
These initial trees created from a SCCFG would have a depth of 1. In an
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Fig. 4.13 An SCTAG for the clothes shop example.
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Fig. 4.14 Derivation of P; P2 P3 T Dy Dg with the SCTAG of Fig. 4.13.

SCTAG written from scratch the modeler will typically build larger initial
trees. If there is only one tree that can be substituted for a given intention
these trees will typically be merged already while modeling. In an SCCFG,
it is not possible to merge rules as this would remove the semantics of the
intermediate intention. Thus, a fewer number of primitive structures is needed
in an SCTAG than in context-free formalisms, making them cognitively easier
to understand.

Re-building the expressiveness of an SGIS or SCCFG with a cognitively
understandable formalism is, of course, not the main idea of SCTAGs. In-
teresting are especially those SCTAGs which allow for adjunction as this op-
eration allows to express crossing dependencies. Consider, for instance, the
SCTAG in Fig. 4.13 which models the picking and dropping in the clothes
store (see also sections 2.3.4 and 4.2.1): derivation always starts with the ini-
tial tree «v as it is the only tree headed by start symbol S. Because trying on
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clothes (T) without picking is not a sensible plan, an obligatory adjunction
constraint on node («, 1) ensures that at least one tree will be adjoined in the
node with label C. The auxiliary trees 7, §, and x are adjunction candidates.
Each of these auxiliary trees itself contains nodes with label C in which fur-
ther adjunctions can take place, with further (instances of) ~, 4, and x, just
as a recursive application of rules in a CFG. In principle, an infinite number
of adjunctions is possible. A one-adjunction constraint is not assumed.

The derivation in Fig. 4.14 illustrates how three adjunctions can generate
a tree for the string P; P2 P3 T Dy Do (three pickings, then a try on, and
finally two droppings with crossing dependencies) which is a sequence that
could not be expressed with the SCCFG in section 4.2.1. The notation ¢ =
v adj (@, 1) means that tree v is adjoined into tree « at node with id 1, and
the resulting tree is called ¢. Node ids in derived trees are assigned using
the same scheme as in elementary trees. Figures 4.13 and 4.14 illustrate the
basic idea of creating crossing dependencies. A full SCTAG would contain
trees that can be substituted in P, T, and DJ, and grounding constraints
GC for all nodes.

In contrast to SGISs and SCCFGs, SCTAGs allow for € terminals. These
e-terminals are skipped during parsing. This does not make much sense for
trees like o in the simple TAG example in Fig. 4.11 in which the ¢ node
(id 1.2) could just be left out. However, € helps to model that an adjoinable
intention has no children of its own: consider the pick/drop example without
an Iyyon. This can easily be modeled by replacing the T| by € in tree a of
the SCTAG in Fig. 4.13.

4.3.3 SCTAGSs and the Mobile Intention Recognition
Problem

We have seen in the clothes shop example (Figs. 2.19, 4.13 and 4.14) that it
is possible to express crossing dependencies of the form P; Py P3 T Dy Do
between picks and drops in the language pick™ try drop™ (n > m). However, it
is yet unclear which general types of crossing dependencies SCTAGs allow for,
which not, and whether the expressiveness is sufficient for typical scenarios
in mobile intention recognition.

In a first step, let us consider a generalization of the pick/drop example
in which a pick/drop pair may occur behind one of the drops before. This
is similar to the “Visit-Revisit” pattern occurring very frequently in mobile
assistance. The examples given at the end of chapter 2 in Fig. 2.19 are of
that kind, where Revisit does not necessarily mean the identical region but a
region with a certain spatial relation, like the region with a good view on the
cathedral. Figure 2.20 (top) has also illustrated how these plans could appear
nested in, and crossing with each other. This pattern can be modeled with
the SCTAG shown in Fig. 4.15. It is very similar to that in Fig. 4.13, with
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Fig. 4.15 An SCTAG for the “Visit-Revisit” pattern.

additional parent nodes for V] and R.| which give more freedom for adjoining.
This, for instance, allows to express V1 VsR1V3R3Re. For a certain scenario,
such as the mobile tourist guide, there will be one triple of (v, J, x), for each
possible plan, e.g., one triple of auxiliary trees for visiting the cathedral,
and one for joining the whale watching tour. The bus transfer plan, however,
must be treated extra because it may not interleave arbitrarily with the other
plans, but embrace the whole sequence. This can simply be integrated into
tree a, or there may be several initial trees headed with S, one for arriving by
bus, one for arriving by car, and so on. To conclude, TAGs are not restricted
to patterns in which all Visits must occur before all revisits, V* R™ (n > m),
but allows some Visit-Revisit plans to close before others start.

Following the expressiveness discussions given by Joshi (1985), the set of
all V-intentions, and the set of a R-intentions are called “dependent sets”
because a V must always appear with an R. Without loss of generality, let
us now ignore the case that a single V may appear; it can always simply be
added with an auxiliary tree like y in Fig. 4.15. For one pair of dependent sets
(such as the set of all Visits, and the set of all Revisits), mixed dependencies
can be expressed with a TAG, some nested, some crossing (see also Joshi,
1985, p. 222). But what will happen for a triple of dependent sets? Consider,
for instance, a whale watching customer who first checks the ticket price, but
does not buy the ticket yet as she is unsure whether the price is appropriate.
Later, she might return, buy the ticket, and again leave the ticket counter,
before she finally enters the boat: (IcheckTicketPrice, Continue, IuyTicket,
Continue, IgpterBoat )- This could easily be modeled with an auxiliary tree
containing two spatial relations, and it would be possible to adjoin other plans
into the “Continue” place holders. However, it is not possible to arbitrarily
interleave other three-elementary plans around this one, unless by blowing
up the number of auxiliary trees (see also Joshi, 1985, p.223). The same
applies, of course, to plans with more than three dependent sets. This is
the first restriction of SCTAGs for mobile intention recognition: no arbitrary
interleaving with more than two dependent sets can be expressed.
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The second restriction concerns cases with more than one pair of dependent
sets:
“however, any two pairs of such dependent sets are either disjoint or one is properly

nested inside the other. Thus, we have either

.al a2 b1 b2 .. ¢1 ¢c2 ¢c3 d1 d2 d3

— | ]

or

.al a2 ... c1 c2 c3 dl d2 d3 .. b1 b2 ..

T |

” (Joshi, 1985, p. 223)

Following Joshi’s argumentation, this excludes crossing dependencies between
two pairs of dependent sets:

.al a2 .. cl ¢2 c3 .. bl b2 ..dl d2 d3

In contrast to four dependent sets, the relations in this example are binary.
And, in contrast to the binary “Visit-Revisit” pattern in Fig. 4.15, the four
sets may not interleave arbitrarily, but all “a” elements must happen before
the “c” elements, “c” before “b”, and “b” before “d”. In mobile intention
recognition this kind of structure is very rare. A tourist, for instance, may
decide freely about the order in which she visits (and revisits) POIs. As a
counter-example we could require the customer in the clothes shop to first
pick all pullovers (“a”), then pick all jeans (“c”), and later first drop all
pullovers (“b”), then all jeans (“d”). However, most customers will not stick
to this fixed order which would, from a formal point of view, merge the “a”-set
and the “c”-set, and “b”/“d”-sets accordingly.

To conclude, there are restrictions on the expressiveness of SCTAGs. This
is not very surprising as an arbitrary interleaving, i.e., no restrictions on
the number of sets participating in one dependency, and no restrictions on
crossing, would lead to an explosion of the state space (see also the parti-
tioning/composition discussion in section 2.3.3) and obviate efficient parsing.
Although these restrictions of SCTAGs are not very severe in most mobile
intention recognition domains, the type of grammar for a certain domain
should be chosen with the restrictions of the respective formalism in mind.
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4.3.4 A State Chart Parser for SCTAGs

The SCTAG-parser is again based on an Earley-like parsing algorithm. As
only parsers that maintain the VPP are useful for mobile intention recognition
(see section 4.1.1) the algorithm proposed by Joshi and Schabes (1997, pp. 36—
53) is no option. The recognizer has a O(n%) worst case runtime complexity. It
is based on the same concepts as the algorithm presented by the same authors
in previous work (Schabes and Joshi, 1988). This previous parser maintains
the VPP, for the sake of a O(n?) worst case runtime complexity. However, as
the VPP is fundamental for mobile intention recognition, the parser proposed
in this section is based on the parser in Schabes and Joshi (1988). An opti-
mization of the runtime is not the main argument of this section (at least as
long as it is polynomial), and parsers with better worst case complexity than
O(n?) exist (e.g., Nederhof, 1999). This section rather demonstrates how the
main ideas of the SGIS and the SCCFG parsers, i.e., spatial grounding and
non-local constraints, are combined by a parser for SCTAGs. TAG parasers,
in general, are much harder to comprehend than CFG parsers. The parser
of Schabes and Joshi (1988) is used as it most closely resembles the original
Earley algorithm. Notational conventions are sometimes adapted from Joshi
and Schabes (1997) if they seem more comprehensible.

The SCTAG-parser is developed in three steps: first, a review of the orig-
inal TAG recognizer is provided. Second, the recognizer is turned into an
incremental parser that returns the current intention for each behavior. Fi-
nally, spatial constraints are integrated for the parsing of SCTAGs.

4.3.4.1 The original TAG recognizer (Schabes and Joshi, 1988)

The algorithm in (Schabes and Joshi, 1988) follows the idea of Earley’s (1970)
chart parser: a predictive bottom-up parser that uses top-down information.
Like the original parser it consists of rules that work on entries in a chart. As
the basic constructs of TAGs are trees, the chart entries for the TAG parser do
not consist of “dotted rules” but “dotted elementary trees”. The dot position
pos € {la,lb,rb,ra} indicates whether the dot is left above, left below, right
below, or right above of the node. Ib and rb are not allowed for terminals and
substitution nodes. There is always exactly one dot in a dotted elementary
tree. The dot “separates a tree into two parts: a left context consisting of
nodes that have been already traversed and a right context that still needs
to be traversed.” (Joshi and Schabes, 1997, p. 38).

A tree traversal in depth-first, left-to-right manner defines a linear order
on all dot positions in an elementary tree. The algorithm moves the dot along
this linear order, as displayed in Fig. 4.16 (left). Succeeding dot positions with
different nodes are equivalent (see Fig. 4.16, right), i. e., the dot automatically
“jumps” from one dot position to the next along the double-arrows. As an
extension to the description in Schabes and Joshi (1988) this section proposes
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Fig. 4.16 Elementary tree traversal (left), and equivalent dot positions (right) in the
TAG recognizer.
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Fig. 4.17 Types of dot positions distinguished by the TAG-recognizer (top). Interpre-
tation of indices on an initial tree (left right), and an auxiliary tree (bottom right).

to combine equivalent dot positions and categorize them into six classes as
follows (see Fig. 4.17, left)7:

7 The automatic dot jump was modeled as extra rules MOVE DOT UP and MOVE DOT
DOWN in Schabes and Joshi (1988). These rules are left out, and the automatic dot jump
is ensured by the data structure used for dotted trees.
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@ The dot is left above of a non-terminal® which is not a substitution node
(i.e., either la of an inner non-terminal, or la of a foot node).

@@ The dot is left above of a terminal or e.

The dot is right below of a non-terminal.

@ The dot is left above of a substitution node.

@ The dot is left below of a foot node.

@ The dot is at the end position (i.e., ra of the root node).

In addition to a dotted tree, a chart entry in Schabes and Joshi (1988)
consists of five indices [, f;, fr, ¢, b, and a nodeid dan (the nodeid of the
“deepest adjunction node™). Versions of the algorithm that use substitution
further need a flag subst?. Substitution, as equivalent operation to rule ap-
plication in CFGs, is a very useful operation for mobile intention recognition
as it allows to reduce the number of trees needed. For reasons of clarity, this
section adds another index 7 to the chart entry, yielding in an 11-tuple:

entry = (o, nodeid, pos, I, fi, fr, dan, t], b}, subst?, i)

It is important to keep in mind that the algorithm works only on the
elementary trees (o € IT U AT); no chart entry will ever contain a tree in
which substitution or adjunction was actually performed (such as § and ¢
in Fig. 4.11, right). Executing an adjunction or substitution rather means
changing the dot position and the indices. This is similar to the original
Earley for CFGs where chart entries consist of dotted rules without ever
merging one string into another.

The additional elements of the chart entry are interpreted as follows

e “[is an index in the input string indicating where the tree derived from

«a begins.

fi is an index in the input string corresponding to the point just before

the foot node (if any) in the tree derived from a.

e f. is an index in the input string corresponding to the point just after
the foot node (if any) in the tree derived from a. The pair f; and f, will
mean that the foot node subsumes the string ay , ... af,.

e [dan]: is the address in « of the deepest node that subsumes the dot on
which an adjunction has been partially recognized. If there is no adjunc-
tion in the tree v along the path from the root to the dotted node, [dan]
is unbound.

e {7 is an index in the input string corresponding to the point in the tree
where the adjunction on the [deepest adjunction node] was made. If [dan]
is unbound, then ¢ is also unbound.

8 More precise, “left above of a node n with symbol(n) € NT”. In the following, the
node and its symbol are sometimes used interchangeably if the meaning is clear.

9 dan is called “star” in Schabes and Joshi’s (1988) chart entries. They called the node
with id dan the “starred” node. As the denotation “star” collides with modern notational
conventions for TAGs (the star symbolizes the foot node), star is replaced by dan here.
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Let G = (¥, NT, IT, AT, S) be a TAG.
Let ag,...,an be the input string (ag,...,an € X).
begin

for each a € IT with symbol(a, 0) = S do

for (i=0; i<n; i++4) do
Process the states of C(i), performing the operations (1) to (12) from
Figs. 4.19/ 4.20 until no more items can be added.

if (C(i+1) is empty and i < n) then
return rejection
end for

with o € IT and root node S
return acceptance
else
return rejection
end

Fig. 4.18 A TAG recognizer (Schabes and Joshi, 1988).

e b} is an index in the input string corresponding to the point in the tree
just before the foot node of the tree adjoined at the [deepest adjunction
node]. The pair ¢; and b} will mean that the string as far as the foot node
of the auxiliary tree adjoined at the [deepest adjunction node] matches
the substring T of the input string. If [dan] is unbound, then

; is also unbound.” (Schabes and Joshi, 1988, p.261)

e “subst? is a boolean that indicates whether the tree has been predicted
for substitution” (Schabes and Joshi, 1988, p.267)

e The ¢ index denotes the number of terminals recognized up to the dotted
node. It is equivalent to the j index in the CFG Earley algorithm. And,
also as the CFG Earley algorithm, the TAG recognizer works on a chart
C' which is an array indexed by 7. The sub chart at index ¢ is refered to
as C(1).

Figure 4.17 illustrates the interpretation of the indices for an initial and
an auxiliary tree. The subst? flag is always false for auxiliary trees as they
cannot be substituted into another tree. It is false for chart entries created
during initialization, and the rules of the algorithm ensure that it is true for
all other chart entries with initial trees as these must have been created by
a substitution.

The TAG recognizer is listed in Fig. 4.18. The algorithm starts with an
initialization loop that creates one chart entry for each initial tree with start
symbol S in the root node. The initial chart entries have dot position left
above the root node, (0, la), indices [ and ¢ = 0 (we are expecting input
terminal at index 0), and all other indices unbound. After the initialization
the algorithm applies the rules (1) to (12) and creates new chart entries until
no more rules are applicable. Finally, the algorithm checks if one of the chart
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entries contains an initial tree with S as root node and dot position type @.
The rules (Figs. 4.19 and 4.20) are the core of the algorithm. They are stated
as inference rules

ChartEntries

Wntr}’new , conditions

meaning that if the chart entries above the line are present, and if the condi-
tions are true, the algorithm creates the new chart entry specified below the
line, and adds it to the chart C. The index 7 of ChartEntryyeyw is the index
of the sub chart C(7) to which the entry is added.

The following notations are used: Adj(«, nodeid) is the set of auxiliary
trees that can be adjoined into node (o, nodeid)'?. OA(«a, nodeid) is true if
there is an obligatory adjunction constraint on node («, nodeid). isFoot(c,
nodeid) specifies whether (o, nodeid) is a foot node. Substit(a, nodeid) is
the set of initial trees that can be substituted into («, nodeid). Figures 4.19
and 4.20 show each rule with a schematic description. The roman numbers
in grey circle refer to the type of dot position according to Fig. 4.17 (left).
The new chart entries after the arrow do not have grey circled numbers as
most of them have a dot that will automatically jump to an equivalent dot
position which is not unique.

10 Where Adj(a, nodeid) = 0 if there is a null adjunction constraint on (e, nodeid).



109

4.3 Intersecting Spatial Dependencies

(,prapou X)j00,151 j0u
v ‘(.propou X)lpy 30 *
v <— v/ ® ﬂ(M ® ‘(prapou ‘0)100.751

(2, 595qns 0 prapou 1 f* 1< g1 prapouX) (1)
(¢ orsqns*, lq*, b uop i f e 1oy propousX) (stospoft Iq* latump —24‘q)propou ‘o)

(:prapou X)g00,q51
14, 598qNs14)¢ prapou —<1¢ 1q)¢, prapou‘X
< prapou X)fpy > © ¢ (¢4 5asqns 2y’ prop v1°91 prap ) (9)

v v, AL ¢ s1sqnst 1g¢ 16 upp—<—¢ 1¢pp¢ prapouX) (1‘asinf* lgt latunpt—<14y¢q)‘prapouto
< : § A V@ (prapou ‘0)0051 (1°,615qns* , [q°, ;2 uvp 01 prap ) (2‘9s10f* [q° ;3 upp‘—‘1¢)q)‘prap )
\4

HLATANOD) LAHT

(prapou ‘0)100,151
‘(propou 0)yO sou ¢
v ‘LN > (prapou ‘0)joquifis

(2'aspof* lq* Ja unp s — 249 qpprapouso) (©)

(1tospof* lq* latuvp—<— < v prapou‘o)

@Sﬁoﬁwdeoo&&poz NN
: . (g1sqns* L@t g tunp [t 1Y g prapou o)
{(propou “0)y0 sou N ¥)

4 ‘LN > (p1apou “o)joquifis (x1sqns* lq* Jgtuop 4f 14 1 *0) ‘propou o)

oo — 010X
(2¢518qns* lq* lcuvpif < 1f < o) prapouto)

(propou ‘0)py > X "IN > (propou 0)joquifis ¢ (€)

G <

1OIAdY J LA

L @srsqns lq¢ ltuvp af <1 vaprapou o) @

¢ 1q¢

3 = (prapou ‘0)joquifis -
(prop neq (2 s35qns* 1q* latuop 4 144 vy propouo)

¢ [ TN ¢
_ ¢ ((T42515qns* Q¢ 3 upp L[ 1f | ‘Di‘prapou ‘o)
'e = (p1apou ‘0)joquifis e (T
e=e e, (2°215qns* (q° (2‘unp 4 1f ) v)‘prapou ‘)

N
1

NVOS

Fig. 4.19 Rules of the TAG recognizer, part 1 (see Schabes and Joshi, 1988).



4 Mobile Intention Recognition with Spatially Constrained Grammars

110

(¢ 595qns, Jq¢, la¢ uop sty e Ly < pvac prapousx)

(.prapou ‘X)psqng > o ¢ (e1)

HLATdNO) NOILNLILSANS

T i
(prapou “©)msqng 3 X ¢ (¢ &3 +01°0°X)
e (24515qns® [q° (3 uop [ L[ ) ‘v]‘prapou‘©)

(11)

IDIddY d NOILLALLLSENS

v

¢

v, 0 ® ‘({4 9} > ¢) oyess oppprut oy ur punoqun st ?/ jr ‘enyea Lue oavy ued ?f pue
v ‘(e ¢ ,prapou ‘X) oye3s o[pprIt BY3 UL punoq st P/ j1 ¢f = ?[ aroym
(propou )fpy 5 v OV
(4,695qns° .00 o quop ¢ [ j1oat prapouX)
(4 grsqns 1 1* propous [f* [ 't propousX) (1 gasqns*, 1q* J3* uop* s f < [ 101 propouX) (s1osinft—t— — 1) Dat0 o)

HLATdNOD) LHDIY

sasqns‘ lqt fycuop af < 1f < vacprapou o) ©)

upp # propou G

(14s95qns* 1q* lytuvp 4 1) qu prapou ‘o)
q < @

(prapou ‘©)lpy > X | (ospof, Lot lat uop et lg* Lytque propousX) (8)
clgel «lge lq¢

. -
AI\N A\N nﬁdwu = propou Awmc,mid\,\‘mah\hﬁ\:dﬁ,\ £ x3q1¢ propouX) (2z35qns‘ q° (3 unp [ 1[<)‘qu prapou ‘o)
v S v ® ©

IOIAAY J LHOIY

Fig. 4.20 Rules of the TAG recognizer, part 2 (see Schabes and Joshi, 1988).
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(M A1z

id input chart entry dot pos created by operation from
0 («,0,la,0,-,-,-,-,-,false,0) @ init

1 (a,1,la,0,--,-,- -, false,0) @ (4), LEFT PREDICT 0
2 (,1.1,10,0,- - - - - false,0) @@ (4), LEFT PREDICT 1
3 d (,1.2,10,0- - - -~ false,1) @ (1), sCAN 2
4 (0, 1,75,0, - - - - false,1) (2), SCAN 3
5 (@,2,10,0,- - - - - false,1) @ (9), RIGHT PREDICT 4
6 (a,2.1,la,0,- - - ,-,-,false,1) @ (4), LEFT PREDICT 5
7 (x,0,la,1,- - ,-,-, true,1) @ (11), SUBST PREDICT 6
8 O61,a,1 - - - true, 1) @ (4), LEFT PREDICT 7
9 g (x,2,la,1,- - -~ true,2) @ (1), scaN 8
10 (7,0,1a,2,- - - -~ false,2) @ (3), LEFT PREDICT 9
11 (x,2.1,1a,2,- - -,-, false,2) @ (4), LEFT PREDICT 9
12 (v,1,1a,2,- - -~ - false,2) @ (4), LEFT PREDICT 10
13j (v,2,0,2,- - - - - false,3) @ (), scan 12
14 (7,2,1b,2,3,-,-- -, false,3) @ (5), LEFT PREDICT 13
15 (x,2.1,la,1,-,-,2,2,3,true,3) @ (7), LEFT COMPLETE 14,9
16 i (x,2,7b,1,--,2,2,3, true,4) (1), SCAN 15
17 (7,2,70,2,3,4,-,-,-,false,4) (8), RIGHT PREDICT 16, 14
18 (7,3,1a,2,3,4 - - -, false,4) @ (9), RIGHT PREDICT 17
19 k (7,0,76,2,3,4,- - - false,5) (1), SCAN 18
20 (v,0,ra,2,3,4,-,- .-, false,5) () (9), RIGHT PREDICT 19
21 (x,0,7b,1,- -~ ,-,-, true,5) (10), RIGHT COMPLETE 20, 9, 16
22 (x,0,7a, 1, - - - - true,5) @  (9), RIGHT PREDICT 21
23 (a,2,rb,0,--,-,-,-,false,5) (12), SUBST COMPLETE 22, 6
24 (,0,75,0,- - - - false,5) (9), RIGHT PREDICT 23
25 (,0,70,0, - - - -, false,5) @ (9), RIGHT PREDICT 24

Fig. 4.21 An example for the TAG recognizer (see Figs. 4.18, 4.19, and 4.20) running
on the example TAG from Fig. 4.11. Bottom: the algorithm creates new chart entries
until the final state (id 25) is reached. Top: the trees visualize how rule applications move
the dot along the trees. The example only demonstrates non-recursive applications of
adjoin (i.e., a null-adjunction constraint is assumed on (v, 0) and (v, 2))
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The rules (1) to (12) perform operations of different types. Figure 4.21
visualizes the principle of the recognizer for a small example with three trees
and helps to understand how the rules work together:

e SCAN is the operation working on the input string. Rule (1) reads the next
terminal and checks whether any chart entry is expecting that terminal.
The dot is moved over the terminal, and the index 7 is incremented. Rule
(2) just skips any e.

e LEFT PREDICT creates hypotheses for dot position type (@. Rule (3)
hypothesizes that an adjunction might take place on the dotted node. It
creates a new chart entry for each auxiliary tree that can be adjoined
into that node. In Fig. 4.21 this is visualized with an arrow leaving tree
x and starting with (a new instance of) 4. The indices of the new chart
entry indicate that the new chart entry does not subsume any recognized
terminals yet, but is expecting the terminal with the same index as the
original tree had been expecting last.

Rule (4) hypothesizes that no adjunction takes place on the dotted node.
This is the standard predict operation that moves the dot down inside
the tree. If the dot is moved down along the left side of foot node, rule
(5) is used instead of rule (4). The indices f; and f, must then yet be
unbound. Rule (5) sets index f; to .

Rule (3) and one of (4)/(5) can be applicable at the same time. In
Fig. 4.21, for instance, the algorithm creates two hypotheses starting
from (x, 2, la), one with rule (3), and one with rule (4). If there is an
obligatory adjunction constraint on the dotted node only (3) is applica-
ble. Also, (3) and (5) would both be applicable in position (v, 2, la).
However, the example assumes a null adjunction constraint on node (v,
2).

e After rule (5) we end up in dot position (). This dot position makes LEFT
COMPLETE, rules (6) and (7), applicable. As you can see in Fig. 4.21, the
dot at position ) in tree v has finished the left context of the spine
between root and foot node. This is the moment when the algorithm
continues with the lower part of the original tree (the terminal ¢ in tree
X in Fig. 4.21). LEFT COMPLETE looks up fitting entries with @ in C({)
and creates an according new chart entry with pushed down dot. Rules
(6) and (7) differ in whether the dot in the old chart entry was at the
foot node or not, which implies different index values.

e RIGHT PREDICT is applicable for dot position type @. Rule (8) corre-
sponds to rules (6) and (7): the processing returns to the auxiliary tree,
this time on the right side of the foot node, as soon as the middle part of
the tree in which we adjoin has been traversed (e. g., as soon as terminal
i in Fig. 4.21 has been recognized). Rule (9) is the standard operation
pushing the dot upwards without adjunction, thus corresponding to rule
(4). This is the point when the value for dan is needed: the algorithm
uses it to decide whether rule (8) or (9) is applicable.
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// The spatial model SM is a partonomy.
// The behavior intention model BIM is an SCTAG = (tag, SM, GC, NLC), with tag
= (B, I, IT, AT, S) (definitions 4.2 and 4.3).

int n;
statechart|[] chart;

procedure initialize( domain model DM )

begin
for each («a € IT with symbol(a,0) =S) do
add (e, 0, la, O, -, -, -, -, -, false, 0) to the chart C.
applyRules(C(0))

inputinder < 0
end procedure

function recognize( space-time behavior (ts, te, Rin, bin) ) returns Inypotheses
begin

Thypotheses — scan(inputIndex, bin)

inputIndex <« inputlndex + 1

applyRules(C(inputIndex))

return Ihypotheses
end function

Fig. 4.22 An incremental SCTAG parser (part 1): methods initialize(), and recognize(),
implementing the abstract methods from Fig. 2.14.

e RIGHT COMPLETE, rule (10), is applied as soon as the auxiliary tree has
been fully traversed. The adjunction is now finished, and the algorithm
continues ra of the node in which adjunction has taken place (the H in
node (x, 2) in the example).

e SUBSTITUTION PREDICT and SUBSTITUTION COMPLETE hypothesize/finish
a substitution. Rule (11) creates a chart entry with a new instance of an
initial tree, similar to rule (4) for auxiliary trees. The subst? flag is set
to true. The according complete rule (12) looks up, and “jumps back” to
the old entry.

Schabes and Joshi (1988) have proven the correctness of the parser. For
further discussions refer to the original paper.

4.3.4.2 Turning the recognizer into an incremental parser.

All rules in the TAG recognizer produce chart entries with an index ¢ greater
or equal to the 7 indices of their input entries. More precisely, the index ¢ of
the output is always equal to the index 7 of the first input, except for the
SCAN rule (1). Thus, instead of trying to apply all rules to all entries in each
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procedure applyRules( set chart entries )
begin
queue <— chart entries

while (queue is not empty) do
current < queue.removeFirst()
Apply those rules (2) to (13) which are applicable in the dot position type of
current.
If the resulting chart entries are not yet in C' add them to queue and to C.
end while
end procedure

function scan( int generation, behavior b ) returns set of intentions
begin
Ireturn <~ 0

for each (entry € C(generation) with symbol(a, nodeid) = b) do
Apply rule (1) to entry and add the result to C.
Add symbol(entry.tree, parent(entry.nodeid)) to Lreturn-
end for
return Lty
end function

Fig. 4.23 An incremental SCTAG parser (part 2): methods scan(), and applyRules().
Rules (1) to (13) are given in Fig. 4.24 for SCTAG, and (1) to (12) for normal TAG
parsing in Figs. 4.19 and 4.20.

step, chart entries can be partitioned into generations with increasing 7. This
leads to a search strategy equivalent to that of the SGIS parser:

a. Apply rules (2) to (12) on generation 0 until no more entries can be
added. 7 = 0. The algorithm is now ready for the first terminal.

b. Apply rule (1) on all entries in generation i with dot position (@ and
correct behavior as terminal.

c. Apply rules (2) to (12) on generation i+1, goto b.

The incremental SCTAG parser in Figs. 4.22 and 4.23 uses this search
strategy. It is specified similar to the SGIS and the SCCFG parser, separated
into initialize() and recognize(). Again, scan() recognizes the intentions, and
the other operations could be performed in the background while the user
continues to use the application. The algorithm can also be used for a normal
TAG by applying the rules from Figs. 4.19 and 4.20. The rules for SCTAG
are described in the following, and illustrated in Fig. 4.24.

4.3.4.3 An incremental parser for SCTAG

The incremental TAG parser is now modified to a spatial version for SCTAGs
with a partonomy as spatial model. The approach is analog to that of the
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SGIS and SCCFG parsers (sections 4.1.1 and 4.2.2). Spatial constraints are
again attached to the chart entries:

entry = (o, nodeid, pos, I, fi, fr, dan, t], b, subst?, i, GCI, NLI, res?),
differing from the TAG parser by the following items:

o res? € {true, false} indicates for dot position la whether the spatial con-
straints of the dotted node have been resolved. Moving a dot to a new
node with dot position la automatically sets the flag to false. Spatial
constraints are then resolved and the flag is set to true. The flag res? is
always true for dot positions {ib,rb,ra}. Operations (1) to (12) can only
be applied if res? = true. Operation (13) changes the flag from false to
true. In other words, the flag res? splits dot position la into two states:
(la, unresolved), (la, resolved). The three dot position types @, @, and
@ from Fig. 4.17 (left) are now extended with according unresolved dot
position types: @, @, and @.

e GCI C GC is the instantiation of a grounding constraint, just as in the
SGIS- and SCCFG-parser. It relates to the dotted node for res? = true
and dotpos # ra, and to the parent node for res? = false or dotpos = ra.
It lists the regions in which the behaviors subsumed by the node may
happen. Each element in GCI must be a region from the grounding
constraints GC modeled in the SCTAG for the node!!.

e NLI is a set of non-local constraint instantiations, just as in the SCCFG-
parser. Each non-local constraint nlc € NLC of the tree o has one nli €
NLI, denoted as NLI(nlc). Again, non-local constraint instantiations
are initialized with n/spec for “not specified”. It gets specified as soon
as we know in which region node; (i.e., the left node) of the according
nlc happened. This occurs when the dot is moved to ra. If all leaf nodes
subsumed by the dotted node are ¢, the nli remains n/spec.

Figures 4.24, 4.25 and 4.26 define the rules of the SCTAG parser by ex-
tending the TAG parser operations, and introducing a new operation, (13).
The rules are modified as follows:

e LEFT PREDICT: the “standard” LEFT PREDICT operations, (4) and (5),
which move the dot down in one elementary tree do not change the spatial
constraints. For operation (4) the successor chart entry will be in dot
position la, switching res to false, and leading to constraint resolution
with rule (13). If the dotted node is a foot node (operation 5) the res?
flag remains true as the dot is then in position b (the two cases are not
distinguished in Fig. 4.24 as flag res? is assumed to adapt automatically
during the dot jump).

Operation (3) creates a new auxiliary tree with all elements of INLI
initialized with n/spec. The GCI of the parent tree is inherited, and

1 As notational convenience, the modeler will only specify grounding constraints for
some nodes which are inherited by those child nodes without an own spatial grounding.
If the root node has no grounding constraint it is grounded in Ry,.
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resolved with the grounding of node (x, 0) in the next step (operation
13).

PREDICT RESOLVE (13): this new operation resolves the spatial con-
straints for dot position la and res? = false (function predictResolve()).
It is the only way to move the dot from “- dot position types” to the
according dot position type without “-”. Resolving the constraints during
predict means: select those regions from the grounding constraints mod-
eled in the grammar for the dotted node (GC(«, nodeid)) which are con-
sistent with the grounding constraint instantiation of the parent (GCI,,),
and the non-local constraint instantiation (NLI). This is the same spatial
constraint resolution as in SCCFG (section 4.2.2).

SUBSTITUTION PREDICT, (11): from the perspective of spatial constraints,
hypothesizing a substitution works exactly as hypothesizing an adjunc-
tion (see rule (3)).

LEFT COMPLETE, (6) and (7): the left spine of the auxiliary tree « is
finished, and we “jump” to the cut-off part of the original tree y. In
the resulting tree of an actually performed adjunction this cut-off part is
headed by the foot node, so GCI,, is relevant. The grounding constraints
of the node in tree y in which we adjoin have previously been considered
in operation (3) and are automatically obeyed by GCI,. As we “jump
back” to tree x we now need the non-local constraint instantiations NLI, .
The flag res? is set depending on the dot position of the next node in .
RIGHT PREDICT: if the “standard” RIGHT PREDICT operation (9) is ap-
plicable all spatialized behaviors subsumed by the node have been rec-
ognized, and these are consistent with the grounding constraint instan-
tiation determined when starting with the dotted node in dot position
type (. All behaviors happened in exactly one region R;. Moving the dot
from rb to ra means to resolve this region with the grounding constraint
instantiation GCI’ of the parent node, just as complete() in the SGIS
parser. This information on the parent is contained in the related chart
entry with dot position type @. Thus, operation (9) in the SCTAG parser
looks up the according entry which differs to the original TAG parser in
which rule (9) takes only one chart entry as input. The according entry
has the same dotted node, and the same [ index. In a partonomy there
must be exactly one region R, € GCI’ which contains or is equal to R;
(function completeResolve() selects that region).

In the special case that all terminal nodes subsumed by the dotted node
are € we cannot resolve the grounding constraint. In that case, nothing
really “happened” below the dotted node so that we cannot select one
single region but forward the original GCI’. To identify this special case,
the function completeResolve() needs the number of behaviors scanned
below the dotted node as input (which is computed using indices ¢ and
).

Besides resolving the grounding constraints, completing a node means
that the non-local constraints having the dotted node as left node can
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be specified. Function instantiateNLI() sets the nli for each of these non-
local constraints to the region in which the dotted node “happened”, just
as complete() in the SCCFG parser. If the special e case occurs the nli
remain n/spec.

In operation (8), the cut-off part of an adjunction is finished, and we now
continue with the right spine of the auxiliary tree (rb of the foot node).
As in any “tree jump” the new chart entry gets the NLI of the old chart
entry (NLI, ). As GCI must always contain regions from the grounding
constraint of the dotted node, a completeResolve() becomes necessary.

e SCAN: the spatialized behavior (b, R;) is scanned. GCI of the old entry
contains the regions in which b may happen. As in the other parsers, the
region R; of the incoming behavior can either be disjunct with all regions
€ GCI, or contained by/equal to exactly one region Rgei € GCI. The
function scanResolve() determines Rgei, or returns null if there is none
(in which case operation (1) immediately stops).

Although this dot position does not exist we can now imagine the dot
to be 7b of the terminal node. Moving the dot to ra means that the
region Rg; of the terminal must be resolved with GClIparent of the parent
node (which is a complete): we get this GCIparent from the chart entry
with dot position type that belongs to the current chart entry (@
(there is a 1:1 relationship between them). That is why (1) in the SCTAG
takes two entries as input. We then apply function completeResolve() as
described above. As a terminal node may also be the left node of a non-
local constraint instantiate NLI() is also called. The scan() operation is
different to scan() in SGIS and SCCFG as a behavior leaf node in an
SCTAG may have its own GC and be part of a non-local constraint.

A node with e (rule (2)) is not connected with any spatial information.
GCI and NLI remain unchanged. As an € node never has any ground-
ing constraints in an SCTAG, GCI of @ and @@ are the same, and no
completeResolve() is necessary. The res? flag is set depending on the dot
position of the next node.

e SUBSTITUTION COMPLETE (12): completing a substitution moves the dot
at the substitution node to dot position ra which means constraints must
be resolved with respect to the parent node: GCl ey is computed from
the GCI resulting from the substitution tree, and GCI’ of the parent
node which we get from the chart entry with dot position type @. As
the substitution node may be the left side of an nlc, we also call instan-
tiateNLI().
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Fig. 4.24 Operations of the SCTAG parser. Unmodified chart entries are listed in short

notation (GCI, NLI, res?), enhancing operations from Figs. 4.19/4.20.
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function scanResolve( region R,
set of regions GCI ) returns a region
begin
for each (R’ € GCI) do
if (contains(R’, R) V equals(R, R’)) then
return R’
end for
return null
end function
function predictResolve( elementary tree «,
node id node,
set of regions GCIp,
non-local constraint instantiation NLI ) returns a set
of regions

begin

// Resolve grounding constraints from parent (as in the SGIS parser).

GCI. + All R € GC of («, node) which are equal to or contained by
a region in GCI,,

// Resolve non-local constraints.
for each (nlc € NLC with nlc = (¢, nodei, node, type)) do
// All nlc ending at node.
nli <~ NLI(nlc)
if (nli # n/spec) then
T < {R: € Rltype(nli,R;)}
GCI. +~ GCI. N T
if (GCI. =0) then
return GCI.
end if
end for

return GCI.
end function

Fig. 4.25 Resolving spatial constraints in the SCTAG parser (scan and predict).
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function completeResolve( int behaviorSpan,
set of regions GC1.pj14,
set of regions GCl,arent ) returns a set of regions
begin
if (behaviorSpan ==0) then
// All terminals subsumed by the dotted node are €.
return GClparent
end if

// At least one terminal subsumed by the dotted node was # €:
// GCI, pi1q has 1 element.
Re « firstElement(GClehilg)
for each (R, € GClIparent) do
if (contains(Rp, Re) V equals(Rp, Re)) then
return {Rp}
end for

return ()
end function

function instantiateNLI( int behaviorSpan,
elementary tree av
node id node,
non-local constraint instantiation NLI;,
region set GCI ) returns an NLI
begin
NLIyut < NLI;,

// Change nli only if at least one behavior was # e.
// In that case, GCIL.size() must be 1.
// Otherwise, nli remains n/spec.
if (behaviorSpan # 0) then
for each (nlc € NLC with tree o and left node node) do
NLIous(nlc) < firstElement(GCI)
end for
end if

return NLIoy¢
end function

Fig. 4.26 Resolving spatial constraints in the SCTAG parser (complete and instanti-
ateNLI).

e RIGHT COMPLETE (10): finishing an adjunction works, from the perspec-
tive of spatial constraint resolution, similar to that of rule (12) for substi-
tution. For the grounding constraint resolution the GCI,, of the second
entry is relevant (dot position type @), as this refers to the parent node
which is relevant for dot position 7a in x to which rule (10) moves the
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Fig. 4.27 An SCTAG parsing example (grammar).

dot. For the non-local constraint resolution, the NLI,, of the third entry
(dot position type @@ is relevant as this is the last position in which the
algorithm left x in rule (8). Everything that happened below the dotted
node is already incorporated in NLI, .

4.3.4.4 Example

An example for an SCTAG parse is shown in Figures 4.27, 4.28 and 4.29:
the abstract grammar that guided us throughout the SCTAG section is now
annotated with regions from {Rj, ..., Rasi2}. A partonomic structure is
assumed in a way that Ry is parent of Rjx, and so on. Ry and Ry are, of
course, children of Ry;. The “NA” denotes a null-adjunction constraint on (v,
0).

4.3.4.5 Conclusions on the runtime of the SCTAG parser

The worst case runtime complexity of the original TAG parser is O(n?) (Sch-
abes and Joshi, 1988). Although the chart entries and the parser operations
are more complex than for SGISs and SCCFGs the spatial constraint reso-
lution does not differ from that in SCCFGs, i.e., they add to the runtime
as constant factors that depend on the structure of the partonomy. Thus,
following the same line of argumentation as for the SGIS and SCCFG parser,
the worst case complexity is also O(n?), and, in an average case, the SCTAG
parser will be faster than the TAG parser as it considers less hypotheses.
As said at the beginning of this section, TAG parsers with lower complexity
exist, and the main argument of this section was rather the spatial constraint
resolution than an optimal runtime complexity.
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Fig. 4.28 An SCTAG parsing example (chart part 1).
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Fig. 4.29 An SCTAG parsing example (chart part 2).
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Fig. 4.30 Parsing with overlapping regions: the invariants ((o¢ is not empty) = (|GCI|
== 1)) (left) and (GCI C GC) (right) do not hold any more.

4.4 Beyond Partonomies

SGISs, SCCFGs, and SCTAGs assume a partonomy as spatial model as most
mobile intention recognition environments are structured that way. However,
there may be rare cases in which this is not true. This section provides an
idea of how the parsing algorithms would change if spatial models with over-
lapping regions would be allowed for. It complements the discussion about
the bottom-up worst case complexity of grouping behavior sequences in sec-
tion 2.3.3 by providing the top-down perspective of a parsing algorithm.

The fundamental difference for spatial models with overlapping regions is
that the following invariant introduced in section 4.1.2 does not hold any
more (chart entries (I — o¢ @ 01 | GC, [i, j], GCI)):

(GCIC GC) and ((op is not empty) = (|JGCI| == 1))

The second part of the invariant, “as soon as the first symbol is parsed, the
rest of the string is constrained to only one region”, does not necessarily hold
because the parsed symbol, or string of symbols (oq), may have happened in
several regions from GC. Thus, all these regions must stay in the set GCI.
For instance, consider the abstract example in Fig. 4.30 (left). The agent has
shown behavior oy in the overlapping regions R; and Rg. As it is yet open
in which of the two regions the rest of the sequence (o1) is going to happen
both need to stay in GCI, and only R3 can be excluded.

The first part of the invariant, “a grounding constraint instantiation is al-
ways a subset of the grounding constraint”, does not necessarily hold because
the grounding constraints of the child rule may overlap with the ground-
ing constraints of the parent rule so that an intersection becomes necessary.
Again, an abstract example clarifies the principle (Fig. 4.30, right): the agent
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has entered R and is hypothesized to have intention I, next which may hap-
pen in regions Ry and Rgs, both overlapping with R;. We cannot just assign
Rz and R3 to GCI of the child rule because the agent is not supposed to leave
R (as everything is headed by intention I which is grounded in Ry). Thus,
an intersection R; N Ra (R1 N Rg respectively) becomes necessary. Through
further predicts, this intersection may grow so that, in general, an element
of GCI will be a set of intersected regions Ry N ... N Ry,. The number of
elements m may, in the worst case when all regions overlap, grow to |R| - 1.

The missing invariant for spatial models with overlap affects the opera-
tions of the SGIS parser (Fig. 4.2). The first effect is that none of the three
operations, scan(), predict(), complete(), can ever assume that GCI is one-
elementary for non-empty og. While in the partonomy algorithm parsing a
chart entry with non-empty o is always more efficient than with empty oy,
which improves the average complexity, this is not true for spatial models
with overlapping regions.

The second effect is caused by the necessity for intersections during pre-
dict(). Intersecting the geometries of the polygons (possibly with multi-rings
and a huge amount of points) on-the-fly is not very efficient, especially be-
cause most of the predicted chart entries will be thrown away as they were
only hypothetical. Another option is to not compute the intersection, but to
keep each intersection Ry N ... N Ry, asset {Rq, ..., Ry} in the GCI, and to
evaluate them in scan() with the input region set R;,. However, this would
keep many empty intersections, thus unnecessarily blowing up the GCI sets.
Thus, we should check each newly intersected region Ry,41 with each region
in {Rq, ..., R} for overlap in the spatial model to avoid empty intersec-
tions. The spatial constraint resolution in all methods would then need three
nested loops in the worst case. Another possibility, which requires more com-
plex data structures, is to pre-compute all intersections before runtime and
create a tessellation with an according partially ordered set (regions with con-
tains relation). Spatial constraint resolution is then mapped to operations for
finding the supremum/infimum of regions in this partially ordered set.

4.5 Summary

This chapter has offered four new contributions to mobile intention recog-
nition with formal grammars: first, general issues on using parsing for mo-
bile intention recognition were discussed, in particular the requirement to
maintain the VPP, and the separation of hypotheses creation (predict() and
complete()) from the input processing (scan()), which relaxes the runtime
requirements for mobile intention recognition as the former can be computed
in the background while the agent is moving.

Second, the principles of integrating spatial constraints into chart parsers
have been provided. As parsing is performed sequentially, spatial constraint
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resolution for spatial parsers is not a problem of general constraint satisfac-
tion, but one of constraint propagation. As constraint propagation adds to the
runtime as constant factors depending on the structure of the BIM the worst-
case runtime complexity of the original parsers is not changed, whereas the
average runtime is decreased by hypotheses reduction through spatial con-
straints. Parsers that work on spatial models of type partonomy can exploit
the structure of space which makes them more efficient than parsers working
on spatial models with overlap.

Third, SCCFG, a new formalism with non-local spatial constraints has
been proposed. This formalism allows to express the long-ranging space-
intention dependencies of the form (doX1, doSomethingCompletelyDifferent,
doXsy) (with doX; and doX32 belonging to the same intention) that occur in
many mobile intention recognition scenarios. The SCCFG formalism exploits
that doXs can be identified as belonging to doX; by the spatial information
connected with the behavior sequences. The long-ranging space-intention de-
pendencies in an SCCFG can be nested arbitrarily into each other. The parser
for SCCFGs performs long-distance constraint propagation.

Fourth, SCTAG, a spatially-constrained MCSG based on TAGs has been
introduced. The mild context-sensitivity adds new expressiveness by allowing
long-ranging space-intention dependencies to intersect. These intersections
are not possible in an unrestricted way but with respect to the expressive-
ness of the TAG formalism. An argument, based on the “Visit-Revisit” pat-
tern, has been made that frequently occurring patterns in mobile intention
recognition are not severely affected by these limitations.



Chapter 5
Evaluation and Discussion

Long-ranging space-intention dependencies arise as a frequent problem in mo-
bile intention recognition (see section 2.3.4). Approaches to mobile intention
recognition which are not capable to formally represent these dependencies
will suffer from ambiguity or inexplicability. Chapter 4 has introduced two
new representational formalisms, SCCFGs and SCTAGs, and claimed that
these are able to represent long-ranging space-intention dependencies typi-
cally occurring in mobile intention recognition. This chapter evaluates the
formal expressiveness and disambiguation capabilities of SCCFGs and SC-
TAGs by parsing exemplary behavior sequences.

As a further contribution, section 5.4 presents the INTENSIVE software
tool which can be used to evaluate the different steps of mobile intention
recognition as introduced in section 2.1.2.

5.1 The Clothes Shop Example

The clothes shop example was used throughout the thesis to demonstrate
how pairs of behaviors (picks and drops) that belong together may embrace
a long behavior sequence (see also sections 2.3.4, 4.2.1, and 4.3.2). The clothes
shop example is interesting as crossings between picks and drops occur very
frequently.

This section evaluates a more sophisticated version of the pick/drop ex-
ample than used previously (see Fig. 4.13): one that does not hide all details,
and that specifies a complete BIM from top-level intention to behaviors. Fig-
ure 5.1 lists intentions, behaviors, and gives a decision tree that can be used
to classify spatio-temporal behaviors from the speed and curvature of a tra-
jectory. To keep the example simple only a small number of behaviors is used:
standing, sauntering, walking, and searching. It is assumed that there exists
an indoor positioning technology that is able to deliver data of sufficient qual-
ity to distinguish these behaviors. Additionally, the picking and dropping of
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Intentions Behaviors
B BuyPullovers Spatio-temporal (from trajectory)
SS  SearchShelf se  searching

GP  GetPullover wa  walking

C ContinueShopping sa  sauntering

SE  SearchExit st standing

DP  DropPullover

Try TryClothes Activity (from RFID sensors)
SFR SearchFittingRooms pick pick item from shelf

GFR GetFittingRoom drop drop item to shelf

DU DressUndress
LFR LeaveFittingRoom

Q Queue
EFR EnterFittingRoom

standing sauntering walking searching

J 12N 2

Fig. 5.1 Intentions and behaviors in the clothes shop example.

articles at the shelves is measured as an activity, e. g., with RFID technology.
For notational convenience behaviors are not notated as b with suffix, but
as tokens starting with lowercase letter (as terminals in formal grammars),
and the same applies to intentions accordingly (in uppercase). The example
assumes a pullover shop although it does not matter what kind of clothing
items is sold.

The spatial model of the clothes shop (see Fig. 5.2) is an extended version
of the one presented in chapter 2 (Fig. 2.19): the fitting room area Ry, now
contains three fitting rooms Rgq, ..., Rfz. The number of shelves (nine) and
fitting rooms (three) could be chosen arbitrarily. In the following, four BIMs
for a customer in this shop are presented: IS, SGIS, SCCCFG, and SCTAG.
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1
RQ Rshelf1 Rshe|f2
IQshelf3 R
shelf4 R
shelf5
RQI
Rfr-ar_ea IQsheIfG IQs;helf?
4 &
Rfr1
Rfr2 IQsheIfS RShe|f9

Fig. 5.2 Spatial model of the clothes shop example.
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Production Rules with Spatial Grounding

B

B

B

SS
GP
DP
IS

C

C

C

C

SE
Try
SFR
GFR
GFR
Q
EFR
LFR
DU

N A A

SS GP C SE

SS GP C SS DP SE
SS IS C SE

{se, wa, sa} "

IS pick

IS drop

{sa, st}

Try

SS GP C

SS GP C SS Dp
SSIS C

{se, wa} "

SFR GFR DU LFR
{se, wa} ™"

Q EFR

EFR

{st, sa} "

fwa}*

fwa}*

{st}*

{Re}
{Ra}
{Re}
{Re}
Rsh
Rsh
Rsh
{Ra}
{Re}
{Ra}
{Ra}
{Ra}
{Ra}
{Ra}
{Rfr-area}
{Rfr-area}
{Ra}
{Rfr-area}
{Rfr—area}
Rfr

(20) ... (23)

(24)

(25) ... (28)

(29)
(30)

(31) ... (34)
(35), (36)
(37), (38)
(39), (40)

Rsh: {Rshelfl e

Rshelfg}

Rfr: {Rfr2 RfrB}

Fig. 5.3 An SGIS for the clothes shop example (top-level intention: B).

5.2 Formalizing the Example with Spatial Grammars

5.2.1 IS and SGIS

Figure 5.3 lists the SGIS rules for the clothes shop example. The according
IS is, of course, the same set of rules without the spatial grounding column.
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The notation I — {behy, ..., behy}T is a short form for “intention I is a
sequence of one or several behaviors from behy, ..., behy” which yields in 2-k
rules:

I — beh;, I— beh;I

I — behy, I — behy I

The SGIS describes how a customer visits a number of shelves, then enters
the fitting room to try on the pullovers, leaves the fitting room again, drops
some of the items, and finally leaves the shop. The pairing of pick and drop
is realized in rules (2) and (18) in which GetPullover (GP) and DropPullover
(DP) occur together. However, the customer may also keep items (GP with-
out DP), see rules (1) and (17), and the customer may visit a shelf without
picking, see rules (3) and (19). Rules (16), (24) to (40) describe the trying
on, and all intentions connected with it. Rules (29) and (30), for instance,
distinguish whether the customer has to wait in queue or not. The termi-
nalization, i.e., the assignment of behaviors to intentions at the bottom, is
chosen closely to the behavior of a typical shopper. For instance, searching
a shelf may include searching, walking, and sauntering, whereas sauntering
will not occur in SearchExit (SE) as searching the exit is more goal directed
than checking out clothes. In a realistic scenario, these terminalizations would
need to be revised using empirical data. It is also assumed that the customer
always buys at least one article, and that the customer will not enter the
fitting rooms twice.

5.2.2 SCCFG

The SCCFG is created by modifying rules (2) and (18), see Fig. 5.4: a long-
ranging dependency enforces that GP and DP must happen in the same shelf
region.

5.2.3 SCTAG

The step from SCCFG to SCTAG (see Fig. 5.5) is not as simple as from
SGIS to SCCFG: the grammar has « as only initial tree with start symbol.
An obligatory adjunction on C ensures that the customer visits at least one
shelf before Try. The auxiliary trees 1, 72, and 9’ are variants of the trees
v, 6, and x in Fig. 4.13. By adjoining these three tress, the overlap of picks
and drops is created. An additional auxiliary tree (y3) represents Inspect-
Shelf without pick. Although not necessary, the rules for GP and DP are
directly substituted into the trees. The terminalization rules are converted
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into according terminalization initial trees (¢1..6, ¢1..4, N1..4, K1...4, 01...4,
¥1..9, (1.2, w1..2), with an according short notation using e. The grounding
of nodes is annotated as sets of regions in boxes.

5.3 Results and Discussion

The expressiveness of the four BIMs (IS, SGIS, SCCFG, SCTAG) is evalu-
ated by processing two spatio-temporal behavior sequences (Ss¢,1, Bst,2) with
the parsers from chapter 4 (the original Earley algorithm is used for ISs,
Earley, 1970). The beginning of both sequences is identical: fg,1[0;28] =
Bst,2[0;28] (see Fig. 5.6), the ending of the sequences differs; refer to Fig. 5.7
for fBs,1[29;49], and Fig. 5.8 for By 2[29;47]. The figures list the intention
hypotheses sets I; grv for each BIM. These are the intentions the algorithm
considers as hypotheses at time i.

5.3.1 Ambiguity Reduction with SGISs

The first part of the sequence (Fig. 5.6) is equivalent to picks in Rgpeirs,
Rghelfs, and Rghelfs, and a succeeding try on. This part of the sequence is well-
suited to demonstrate the disambiguation capabilities of SGIS. Positions in
the behavior sequence in which parsing with SGIS (I; gqrg) is less ambiguous
than with IS (Ij 1s) are highlighted. SGIS, SCCFG, and SCTAG do not differ
in this part of the sequence. In detail:

e 0...2: the customer crosses Rgpelf1 - From the type of behavior (searching)
the algorithm infers that the customer is not interested in Rgpeir1, but
still has the intention SearchShelf (SS). Thus, in this case, the type of
behavior solves the room-crossing problem.

e 3...5: the customer picks an item in Rgpelfs-

e 6...10: the customer enters Rgpei¢7 slowly (sauntering). As it is yet unclear
whether the customer is really interested in that shelf, or whether this is
just a slow variant of SS, the SGIS parser keeps two hypotheses (IS, SS)
until the standing indicates that Rgpeif7 is really the target. The IS parser,
however, does not know where the standing occurs. As at least one pick
has already occurred the IS parser must consider the hypothesis that the
standing could be a sign for a queuing intention (Q). The customer has
found no article in Rgpelf7, so she leaves the region without picking.

e 11...13: a pick in Rgpeirs- The Q hypothesis stays in the hypotheses sets
of the IS parser during all behaviors sauntering and standing, until it
is refused when the pick occurs. At this point, the parser could ex-post
correct its wrong hypotheses Ig 1s...I12 15 but, due to the incrementality
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Production Rules with Spatial Grounding and Non-Local Constraints
B — SSGPCSSDPSE | {Ra}, {(1,4, equals)} (2)
C — SSGPCSSDP | {Ra}, {(1,4, equals)} (18)

Fig. 5.4 An SCCFG for the clothes shop example, modifying the SGIS rules from
Fig. 5.3.

a Y4 c
/I
SSV  GP c*

ISV pick

equals 1SV drop ISt pick

3 Try
SFRI GFRY DW LFRY EFR{ Ql EFRY
¢1 6 /SS\ T]I 4 /SE\
e{se,wa,sa} {SS|, ¢} e{sa,st} e{ISl, &} e{se,wa} {SE, ¢}
K4 /SF\ e! 4 W\ 2 EFR ;
e{se,wa} €{SH, ¢} e{st,sa} {Ql, &} wa e{EFRI, &}

Q!z

wa e{LFRY, ¢} st e{DU, &}

Fig. 5.5 An SCTAG for the clothes shop example.

of mobile intention recognition, it is too late and they remain in the
results table.
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i bi Ry I 1s I; sais Ii sccra  Ii, scrac
0 wa Ro ISy 1SS 155 1SS

1 se Rghapn {SS} {Ss} {SS} {Ss}

2 s Ro {sS} {sS} (ss} {ss}

3 sa  Repars {IS,SS) (15,3} (1,88}  {IS.,8S}
4 st Rshelts {IS} {IS} {IS} {IS}

5 p Rshelts {GP} {GP} {GP} {GP}

6 se Reners |SFR,SS} {SFR,SS}  {SFR,SS} {SFR.SS}
7 se Ro {SFR,SS} {SFR,SS}  {SFR,SS} {SFR,SS!
8 sa Renarr {1S,Q,5S} {1s,sS}  {I1S,SS}  {IS,SS}
9 st Reparr {1S.Q} {1s} (1S} {15}

10 sa Rp {15,Q,5S} {ss} {SS} (sS})

11 sa  Rgpets {IS’stS} {IS7SS} {IS7SS} {IS,SS}
12 st Ranes  {IS,Q} {18} {1s} {IS}

13 p Rsnelts {GP} {GP} {GP} {GP}
14 se Ruopers {SFR,SS} {SFR,SS}  {SFR,SS} {SFR.SS}
15 se Rg {SFR,SS} {SFR,SS}  {SFR,SS} {SFR.SS}
16 wa Repes {EFR,SFR,SS} {SFR,SS} [SFR,SS} {SFR,SS}
17 wa Rg {EFR,SFR,SS} {SFR,SS} {SFR,SS} {SFR.SS}
18 sa  Repars  115,Q.9S) {IS,sS}  {IS,sS}  {IS,8S}
19 p Rsherts {GP} {GP} {GP} {GP}
20 wa Rg {SFR,SS} {SFR,SS}  {SFR,SS} {SFR.SS}
21 se Rg {SFR,SS} {SFR,SS}  {SFR,SS} {SFR.SS}
22 sa Rq {18,Q,8S} {Q,sS}  {QsSSy  {Q.ss)
23 st Rgq {IS,Q} {Q} {Q} {Q}

24 sa Rq {1S,Q,SS} {Q} {Q} {Q}

25 wa Rparea {EFR,SFR,SS} {EFR}  {EFR}  {EFR}
2 wa Reo {EFR,SFR,SS} {EFR} {EFR}  {EFR}
27 st Rge  {DUIS,Q} {DU} (DU} {DU}

28 wa Rearea {EFR,LFR,SFR,SS} {LFR} {LFR}  {LFR}

Fig. 5.6 Clothes shop example: disambiguation with SGIS, Sst,1[0;28] = fst,2[0;28]
(picks, picks, picks).

e 14...19: a crossing of Rgpelfs, and a pick in Rgpei3. This time, the walking
behavior causes the IS parser to hypothesize that the customer has an
EnterFittingRoom intention (EFR) which may appear if the customer
did not have to wait in queue.

e 20...28: the customer searches the fitting room, stands in the queue,
enters fitting room 2, tries on the article, and leaves the fitting room
again. Once more, the IS parser cannot decide whether the customer
is still searching and inspecting shelves, or whether she is now trying
on clothes. At the end of the sequence, the IS parser has a very high
ambiguity of Isg1s = 4, compared to deterministic parsing with spatial
grammars Iog sars = 1.

The example demonstrates how, in general, the spatial grounding of
context-free production rules in SGIS reduces ambiguity. One might argue
that a simple LBS also performs spatial disambiguation and could, for in-
stance, decide that intention Queuing is not possible in Rgpeir7. However,
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i b Ry Ii 1s Ii, sais Ii, sccra Ii, scrac
20 wa Rq [EFR,LFR,SE,SFR,SS] {LFR,SE,SS} {LFR.SE,SS] {LFR,SE,SS}
30 wa Rp  {EFR,LFR,SESFR,SS} {SE,SS} [SE,SS} (SE,SS}
31 sa Repers {15,Q,SS} {18,588} (15,58} {15,551
32 st Rghelfs {Ist} {IS} {IS} {IS}
33 d  Rspars {DP} {DP} {DP} {DP}
34 wa Rp  {SE,SS} {SE,SS} [SE,SS} {SE,SS}
35 sa Ruprr {1S,9S) (18,58} {ss} (S}
36 se Ropn {SS} {sS} (sS} (sS}
37 se Ro  {SS} {ss} {sS} {sS}
38 sa Ryperra {1S,5S) (15,55} {ss} (S}
39 wa Renars {SS} {sS} {sS} {SS}
40 se Ro  {SS} {ss} (sS} (sS}
41 sa  Repars {15,599} (18,58} {ss} {ss}
42 sa Reo  {IS,SS) {ss} {ss} (SS}
43 sa  Repas {15,99) {18,5S} {18,5S} (15,35}
44 st RshelfS {IS} {IS} {IS} {IS}
45 d  Rgners {DP} {DP} {DP} {DP}
46 se Rgo  {SE,SS} (SE,SS} (SE,SS} (SE,SS}
A7 sa Reners {1599} {18,5S} {18,5S} (15,8}
48 d Rshelfs {DP} {DP} {DP} {DP}
49 wa Ro  {SE} {SE} {SE} {SE}

Fig. 5.7 Clothes shop example: disambiguation with SCCFG, fs,1[29;49] (drops,
drops, drops). Continuation of the behavior sequence in Fig. 5.6.

SGISs not only disambiguate spatially but have the additional capability to
account for the type of behavior in the current region, the behavior shown
previously, and the partonomic structure in which the current region is em-
bedded. Although the SGIS formalism is not a contribution of this thesis,
as it has previously been published in Schlieder (2005), the disambiguation
capabilities have not been evaluated in the original paper.

5.3.2 Ambiguity Reduction with SCCFGs

In the first behavior sequence, [, 1, the customer leaves Rp_area through
the northern door and drops the pullovers in the order drops, dropg, drops,
which is the shortest way of revisiting the shelves from that door. The listing
in Figure 5.7 specifically shows that, in contrast to the SGIS parser, only
shelves that have been visited before are considered as candidates for a revisit
by the SCCFG parser. The hypotheses sets for SCCFG and SCTAG do not
differ.

e 29...33: the customer searches Rgpeir3 and drops a pullover. As soon as
the drop occurs, the IS parser knows that the phases of picking and trying
on are over.
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e 34...42: looking for Rgpelrs the customer has somehow lost her way, and
crosses a number of regions. The SCCFG parser has less ambiguity than
the SGIS parser because it has maintained the information that no items
were picked in Rgphelf1, Rshelts, and Rgpeits-

e 43...49: the customer drops pullovers in Rgpeirs and Rgpelss, and finally
searches for the exit. All formalisms, including IS, are able to count the
number of picks and drops, so that the SearchExit (SE) is unambiguous
after three drops. Not listed here is a variant of the BIM for regular
grammars in which the counting of picks and drops is not possible. A
parser for regular grammars (both, spatialized and not) would expect
another drop (I49 Regularc = {SS,SE}).

The SCCFG example demonstrates the additional disambiguation capabil-
ities of SCCFGs, compared to SGISs. The non-local spatial context informa-
tion on regions visited previously is used for further disambiguation which, in
this case, better solves the room-crossing problem. The spatial relation used
by the non-local spatial constraints in this example (equals) could easily be
replaced by other relations, such as touches or hasCommonParent. Examples
that require such relations have been discussed in section 2.3.4. This is the
second advantage of SCCFGs, for SGISs are restricted to contains or equals
relations between parent and child intentions (refer to the CSPs in Figs. 4.3
and 4.5). Furthermore, SCCFGs allow for more than one non-local constraint
to be defined in one rule — nested or crossing — which is also not demonstrated
here.

5.3.3 Avoiding Inconsistency with SCTAGs

In this behavior sequence, Bst,2, the customer leaves Rfrarea through the
southern door and drops the pullovers in the order dropg, drops, drops. The
parsing results in Fig. 5.8 show that the SCCFG parser is not able to recognize
the drops in this order. The reason is that the pattern picks, picks, picks try
dropg, drops, drops of [2 contains crossings, whereas picks and drops in
picks, pickg, picks try drops, dropg, drops of 51 are nested.

e 29...32: a drop in Rgpeirs- Although a start with pickg is not a sign for
the reverse order of picks, picks, picks, the SCCFG correctly recognizes
the DropPullover (DP) intention. The reason is that the SCCFG parser
hypothesizes picks to appear alone, yielding either in picks, pickg, picks
try dropg, drops, or in picks, picks, picks try dropg which are both nested
sequences.

e 33...39: the customer crosses Rghelts and drops in Rgperrs. As in S 1,
the SCCFG and SCTAG parsers know for sure that the customer crosses

Renelfs-
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i bi Ri I 1s I sais I sccra I, scTac
29 wa Ry [EFR,LFR,SESFR,SS] {SE,SS} {SE,SS} {SE,SS}
30 sa  Repers {15,Q,5S} {1s,S} {IS,SS}  {IS,SS}
31 st Rsnes {IS,Q} {18} {Is} {IS}

32 d  Rshars {DP} {DP} {DP} {DP}
33 se Ro  {SE,SS} (SE,SS} {SE.SS}  {SE,SS}
34 sa Reperrs {1S,5S) (1S,SS}  {SS} (S}
35 sa  Renars {15,595} (1s,8S}  {ss} {sS}
36 wa Ro  {SS} {ss) (sS} (SS}
37 sa  Renerrs {15,955} (1s,SS}  {I1S,8S}  {IS,SS}
38 st Reneirs {IS} {18} {18} {18}

39 d  Rsnes {DP} {DP} {DP} {DP}
40 se Rgp  {SESS} {SE,SS}  {SE} {SE,SS}
41 wa Repera {SE,SS} {SE,SS}  {SE} {SE,ss}
42 sa Rshelf4 {IS,SS} {IS,SS} {} {SS}
43 wa Ro  {SS} {SS} ! {ss}
44 sa Reperrs {1S,5S} (1sssy  { {18,588}
45 st Rgners {IS} {Is} {} {18}
46 d  Repes {DP} {DP} O {DP}
A7 wa Ro  {SE} {SE} 0 {SE}

Fig. 5.8 Clothes shop example: inconsistency avoidance with SCTAG, fst,2(29;47]
(drops, drops, drops). Continuation of the behavior sequence in Fig. 5.6.

e 40...41: as the SCCFG parser can only recognize nested pick/drop pat-
terns, no drop can be added to picks, picks, picks try drops, drops, and
the SCCFG parser has only one hypothesis, SearchExit (SE). Although
this is less ambiguous than I49 sqis and Lig scTag, the result of the SC-
CFG parser is wrong because, certainly, the customer may decide to drop
in Rgpelf3-

e 42...47: the SCCFG parser cannot map the sauntering behavior to the SE
intention, and no other intention is possible after SE. Thus, the SCCFG
parser rejects any further behaviors (indicated with {}). The SCTAG
parser, in contrast, correctly disambiguates the crossing in Rghelfs, and
accepts the drop in Rgpelfs.

We see in this simple example that SCTAGs are at least as expressive
as SCCFGs (which is no surprise as there exists an according SCTAG for
each SCCFG, refer to section 4.3.2): they also use non-local information on
previously visited regions for better disambiguation. However, the comparison
of the results for SCCFG and SCTAG shows that the SCCFG formalism
fails to recognize behavior sequences with crossing dependencies. This failing
appears as a false classification of a valid behavior sequence as inexplicable.

For practical mobile assistance systems, this false inexplicability is gener-
ally worse than high ambiguity as the system may try to handle ambiguity
on the level of mapping the intention hypotheses set to an information ser-
vice: in the clothes shop example, for instance, the system might map the
intention SearchShelf to an information service “overview map”, the inten-
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tion SearchFittingRooms to “navigate to fitting rooms”, and the set of both
({SFR,SS}) to “overview map with highlighted fitting rooms”. Alternatively,
the user interface could arrange the possible information services in a queue
of screens through which the user could easily switch with a minimal atten-
tion interface. Intention recognition would then at least reduce the number
of screens in that queue.

Thus, the system designer of an TAMS needs to consider carefully whether
non-local constraints definitely appear only in a nested pattern, and should
better decide for SCTAGs if there are major doubts.

5.4 INTENSIVE: A Simulation and Testing
Environment for the IAMS Framework!

The previous sections have evaluated SCCFGs and SCTAGs, the main con-
tribution of this thesis. The second contribution, a framework for IAMSs, has
not been evaluated yet. It is difficult to evaluate a framework as it cannot
just be compared to another framework by assessing the ambiguity of the
output intention hypotheses. The outcome of the whole processing hierarchy
(refer to Fig. 2.2) is dependent on a number of factors, and optimizing all of
them at the same time yields in searching a multi-dimensional solution space.
Even worse, the search space is doubled because the compared framework,
such as a DBN, would need to be configured perfectly as well.

Anyway, it is not the aim of a framework to perform better than any other
framework for any scenario in terms of hypotheses results, but rather to pro-
vide an TAMS engineer or mobile intention recognition researcher a guideline
on how to approach and structure the complex problem of interpreting a mo-
bile user’s spatio-temporal behavior and activity. Thus, an evaluation of the
framework would require empirical user studies with system engineers that
are given a certain task, e. g., “use the framework F; to structure the mobile
intention recognition problem P;”. The quality of the resulting model, if such
a quality measure can be defined at all, could be compared with the results of
other frameworks and other mobile intention recognition problems. A study
like that is very hard to perform as it is difficult to find a sufficient number of
test persons with enough background knowledge. Additionally, a number of
influence factors may spoil the study, especially the background knowledge
(for instance, a dedicated Bayes theorist would probably perform best in the
Bayes framework). Because of these difficulties, this section presents a soft-
ware system that supports the framework (INTENSIVE), and which could
be used to evaluate the algorithmic approaches chosen within the framework.

L The following presentation of the INTENSIVE tool extends the short introduction of
the beta-version of INTENSIVE that was presented at the BMI’08 workshop (Kiefer
and Stein, 2008).
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Fig. 5.9 Hierarchical DBN (Liao et al, 2007, p. 313).

The section also gives practical advise on how to use INTENSIVE to improve
the software engineering process for TAMSs.

The TAMS framework from chapter 2 cuts the semantic gap between low-
level input data and high-level intentions into pieces by introducing the inter-
mediate layers motion track, motion track segment, feature list, and behavior.
This not only simplifies the task of assigning meaning to the user’s trajectory
by means of abstraction which, for instance, allows researchers to concentrate
on the level of processing they are mostly interested in (such as most of the
discussions so far have concentrated only on the step of intention recognition),
but also introduces a high degree of flexibility:

e The algorithm chosen for each of the processing steps can be changed
without touching the neighboring steps. For instance, the data refinement
step could use a probabilistic location estimation method (Bayesian filter-
ing), whereas intention recognition could still choose a non-probabilistic
approach, such as the spatial grammars introduced in chapter 4. This dis-
tinguishes the framework from other approaches that claim one kind of
approach to be the universal solution for all processing steps, such as the
multi-layer DBNs discussed in section 3.3.2 of the related work chapter
(see Fig. 5.9 for an example from Liao et al, 2007).

e The parameterization of each algorithm can be adapted individually. For
instance, there is not necessarily a connection between the criteria chosen
for segmentation and the features extracted for behavior classification.

e The framework can easily be adapted to a number of mobile intention
recognition scenarios because the data objects handled in the framework,
behaviors B and intentions I, can be defined new for each scenario. This
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again is, for instance, different to many approaches discussed in chapter 3
which use hand-made and fixed models for one specific scenario (again,
refer to the DBN in Fig. 5.9).

e The framework enables easy spatial portability as all processing steps
can share a common spatial model, e.g., the same set of regions can
be used for segmentation, behavior classification, and mobile intention
recognition?.

Although the framework structures the search space that needs to be ex-
plored when looking for an optimal configuration the flexibility still implicates
a number of non-trivial configuration decisions. Some of these decisions can be
made analytically, e. g., regarding the complexity of the formal grammar (see
the discussions in the previous section), others require an empirical analysis
of real motion track data. This concerns, for instance, the types of behaviors
a typical customer in the clothes shop shows, and the parameters for classify-
ing these behaviors (refer to the decision tree in Fig. 5.1). A “prototype and
revise” software engineering approach that tries a set of parameters on the
mobile system with real users, then adjusts these parameters, and continues
with user studies until the best set of parameters is found would probably
produce the best results. However, this is not feasible because of the high
effort connected with the real world testing.

The desktop application INTention SImulation enVironmEnt (INTEN-
SIVE) addresses this problem. It takes the prototyping offline by allowing
to configure the steps of the TAMS model in the desktop tool, and test it by
playing back motion tracks recorded previously. The system reads a GPS log
(currently only outdoor TAMSs are supported), processes the data with the
configured IAMS model, and outputs and visualizes the behaviors and inten-
tions the model would recognize. Thus, the system engineer or researcher can
perform detailed tests on the desktop before implementing and deploying the
algorithms on the real device.

INTENSIVE is a flexible simulation environment whose processing model
consists of algorithm blocks encapsulating the computations. Algorithm
blocks exchange information with other blocks through typed input and out-
put ports. The type of the port, e. g., “spatio-temporal behavior”, defines the
type of data accepted (or produced respectively), and defines which blocks
can be connected with each other. INTENSIVE comes with a graphical user
interface that allows the user to add, connect, and parameterize these blocks
(Fig. 5.10). Blocks are defined in plugins, thus allowing a developer to inte-
grate her own algorithms. The meta-data of a block defines the parameters
of the algorithm, such as the features used for classification (Fig. 5.13). Ge-
ographic models are imported from external files in standard formats (e.g.,
in the Keyhole Markup language format, KML). The system automatically
extracts the spatial relations between the regions in the spatial model which

2 Spatial portability is further discussed in section 6.2.
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are, for instance, used by the SCCFG and SCTAG algorithms (see Figs. 5.11
and 5.12).

Having completed the configuration of a model the user of INTENSIVE
starts the simulation and switches to the geo visualization screen which con-
tains a zoomable and scrollable map loaded dynamically from Open Street
Map3. Certain types of blocks, called visualization blocks, define the objects
visualized as dynamic overlays on the map. For instance, an AgentVisualiza-
tionBlock takes GPS positions as input and uses them to visualize a moving
agent on the map. Other visualization blocks show behaviors (see Fig. 5.14)
and intentions, where different tokens are distinguished by their color. Thus,
the INTENSIVE user can comfortably check the behaviors and intentions
recognized at different positions in the motion track.

Since the first beta version of INTENSIVE in 2008 and the time of writing
this thesis, the emulators that come with the development tools for mobile
platforms, such as Android®, have developed rapidly. A similar desktop pro-
totyping approach by testing previously recorded motion tracks could as well
use an emulator, with the advantage that it runs the real application, includ-
ing the look-and-feel of the information services. However, emulators are still
not completely stable and, for instance, the KML replay feature of Android’s
DDMS (Dalvik Debug Monitor Server) screen in Eclipse® does currently not
support timestamps which would be mandatory for analyzing spatio-temporal
behavior:

“Note: DDMS does not support routes created with the (MultiGeometry) (LineString)
lat1, longl, lat2, long2, .... (/LineString) (/MultiGeometry) methods. There is also
currently no support for the (TimeStamp) node inside the (Placemark). Future
releases may support timed placement and routes within a single coordinate ele-
ment.” (Google, 2011)

As additional advantage, INTENSIVE is written in J2SE v.6 which enables
to load plugins that contain code from algorithms programmed for some other
purpose. Open Source Libraries for J2SE are still much more widespread than
for mobile platforms, and the integration of J2SE libraries into Android is
often not possible. The third advantage of INTENSIVE is that it also sup-
ports the simulation of several agents at the same time, opening up research
perspectives for multi-agent intention recognition (see section 6.3.5).

Plugins for the spatial grammar parsers from chapter 4 exist. For the pre-
processing steps (data refinement, segmentation, feature extraction, behavior
classification) currently only a selected number of processing blocks is avail-
able.

3 http://www.openstreetmap.org/
4 http://developer.android.com/
5 http://www.eclipse.org/
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Fig. 5.10 An IAMS processing model in INTENSIVE.
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Fig. 5.11 Loading a spatial model into INTENSIVE.
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Fig. 5.12 Visualization of a spatial model in the geo visualization screen (map from
Open Street Map, http://www.openstreetmap.org/).
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Chapter 6
Conclusion and Outlook

6.1 Mobile Intention Recognition

This thesis has started with the observation that simple proactive LBSs are
not able to assist their users adequately as the user’s presence at a certain lo-
cation is not sufficient to unambiguously decide about her information needs.
On the other hand, most general context-aware services interpret human be-
havior on a low semantic level (activity, behavior) which is often not sufficient
to fulfill the user’s information needs adequately.

Driven by these insufficiencies, chapter 2 has developed the first contri-
bution of this thesis: a framework for mobile services which choose an infor-
mation service dependent on the user’s intention (IAMSs). The framework
includes a context-model with primary context location, time, and activity,
and secondary context region, behavior, and intentions. The context-model
was further developed to a processing architecture that crosses the semantic
gap between sensor input and intentions. The architecture specifically focuses
on the processing of trajectory data with which the steps data refinement,
segmentation, feature extraction, behavior classification, and mobile inten-
tion recognition are performed. The challenges and possible approaches for
each of these steps have been discussed.

As second contribution of this thesis, chapter 2 has formally defined the
mobile intention recognition problem (which is the most important step of any
TAMS), and compared it to general intention recognition — a systematic com-
parison which was missing in the previous literature. As the main feature of
mobile intention recognition, the availability of spatial and temporal informa-
tion on each input has been identified. More specifically, the spatio-temporal
behavior sequences used by mobile intention recognition are temporally or-
dered, temporally complete, and spatially consistent. These properties of mo-
bile intention recognition had implications on all discussions, formalisms, and
algorithms presented in the following chapters. To get a first estimate on the
different problem complexity of general and mobile intention recognition,

P. Kiefer, Mobile Intention Recognition, DOI 10.1007/978-1-4614-1854-2_6, 145
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chapter 2 has considered the worst case number of possible groupings for a
behavior sequence of length n. This number can be estimated by the n-th Bell
number for the general case, and 2"! for the mobile case (where the latter
is growing much slower). This difference is due to the temporal ordering in
mobile intention recognition. Restricting behavior groupings at the borders
of regions further reduces the number of possible groupings. In this context,
the concept of BIMs has been introduced which formalize how intentions,
behaviors and space are interconnected in a given mobile assistance scenario.
Different representational formalisms can be used for an BIM, two of which
have been newly introduced in chapter 4, and are revisited in the following
section 6.2.

Section 5.4 in the evaluation chapter has briefly introduced the software
tool INTENSIVE. This desktop application allows an TAMS designer or mo-
bile intention recognition researcher to test different algorithmic solutions for
all steps of the processing architecture using previously recorded trajectory
data. The tool features a flexible plugin architecture which makes it easy to
integrate new algorithms into the tool, and a graphical user interface with
which the developer can create her own combination of algorithms easily, and
trace the output of the algorithms in a geo visualization screen. An evalua-
tion of each single processing step in the framework with empirical data using
INTENSIVE is one interesting direction of future research, but was out of
focus as this thesis concentrated on the last step in the framework, mobile
intention recognition, with emphasis on spatial disambiguation.

6.2 Spatially Constrained Grammars

Chapters 3, 4 and 5 were concerned with the main contribution of this thesis:
the development of new representational formalisms that capture a larger
class of mobile intention recognition problems than previous approaches. In
this larger problem class, a user’s spatio-temporal behavior sequence cannot
be interpreted correctly using a limited sequence of connected spatial con-
texts, but only under consideration of non-local information, as motivated
with the Visit-Revisit pattern in chapter 1. Chapter 2 has described this
problem class further and discovered that non-local information, in terms of
long-ranging space-intention dependencies, may occur nested and/or cross-
ing, depending on the use case.

A literature review in chapter 3 has shown that the problem of inter-
leaved intentions is a topic of ongoing interest in general plan recognition.
However, no approach addresses the spatial aspects of mobile intention recog-
nition. The exception, SGIS, is a context-free formal grammar restricting the
applicability of rules to spatial regions. As SGISs are not able to represent
long-ranging space-intention dependencies, chapter 4 has introduced two new
representational formalisms: SCCFGs and and SCTAGs.
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SCCFGs are, just as SGISs, context-free but additionally feature non-local
spatial constraints which may be typed by an arbitrary (spatial) relation, such
as touches or hasSameParent. The evaluation of the SCCFG formalism with
an exemplary behavior sequence of a customer picking and dropping articles
in a clothes shop (chapter 5) has affirmed the claim that SCCFGs suffer from
less ambiguity than SGISs due to their ability to maintain information on pre-
viously visited regions over a long sequence of behaviors. However, if several
long-ranging dependencies occur in the sequence they must be either nested,
or statically defined as crossing in the rules. The generation of crossings by
rule application is not possible.

SCTAGs are built on the mildly context-sensitive TAG formalism that has
proven well for overlapping dependencies in NLP. The adjunction operation
of TAGs causes an additional expressiveness which allows to capture a limited
number of crossing dependencies. The clothes shop example in chapter 5 has
affirmed that SCTAGs are able to represent a richer class of mobile intention
recognition problems. Chapter 4 has also discussed the principles of parsing
spatial grammars, and how the type of spatial model (partonomic vs. non
partonomic) influences the number of operations performed by the parser.
Extensions to existing algorithms have exemplified how spatial constraints
can be integrated into chart parsers. Returning to the requirements formu-
lated at the end of chapter 2, the contributions of this thesis can mainly seen
in SCCFGs and SCTAGs fulfilling the spatial expressiveness requirement:

Requirement 5 The representational formalism used for the BIM should allow
us to express long-ranging space-intention dependencies which may — to a certain
degree — nest into and overlap with each other.

The other requirements are met as follows:

Requirement 1 Mobile intention recognition algorithms should run efficiently on
the limited resources of a mobile device.

This requirement has not been fully evaluated in this thesis as the algorithms
were not tested on a mobile device. However, it has been shown that the
runtime complexity of the parsers for spatially constrained grammars is not
higher than that of the according parsers for the original grammars. As both,
CFGs and TAGs, can be parsed in polynomial time the same applies to
spatially constrained grammars. Spatial constraints reduce the number of
hypotheses that need to be considered. The exemplary parsers presented
were not intended to be the most optimal solution, especially for SCTAGs,
but to demonstrate the general principles of integrating spatial constraints
into chart parsers.

Requirement 2 The representational formalism used for the BIM should support
easy geographic portability.

Grounding constraints, as the basis of all spatial grammars, are formulated
using sets of regions. The constraints are independent of the geometry of
these regions. In many scenarios, the logical connections between intentions,
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behaviors, and regions formalized in an BIM can easily be ported to a new
geographic area just by defining new geometries for the regions. Consider, for
instance, the clothes shop company having several subsidiaries with similar
arrangements of shelves, fitting rooms, and so on. The portation of an intelli-
gent shopping assistant from one subsidiary to another then basically means
to edit the geometries, and possibly to change the number of shelves.

Non-local constraints, as the essential idea of SCCFGs and SCTAGs, are
formulated completely independent of the spatial model. For instance, a rule
or elementary tree stating that two intentions must happen in regions that
touch poses only the restriction on the spatial model that it must support the
spatial relation type touches. The spatial model does not even have to contain
regions that touch, as in that case the rule would simply not be applicable in
this geographic area, but possibly somewhere else. Thus, the spatial model
can easily be changed, allowing for easy portability to new regions.

Requirement 3 The representational formalism used for the BIM should be cog-
nitively understandable, i. e., modifiable by a domain expert.

Approaches based on formal grammars are, in general, cognitively appealing.
CFG and SCCFG rule sets, such as the ones from figures 5.3 and 5.4, are
intuitively easy to understand as they follow the human way of describing
hierarchical plans. SCTAGs, with their explicit tree representation, describe
hierarchies even better. However, modeling sets of auxiliary trees that al-
low to express a certain type of dependency pattern requires some practice.
This can be overcome by providing the knowledge engineer with a set of de-
sign patterns, consisting of abstract structures of auxiliary trees. The general
pick/drop grammar in Fig. 4.13 is one example for such a design pattern. An
in-depth evaluation of cognitive understandability, however, would require
extensive HCI studies and is not the main focus of this thesis.

Requirement 4 The representational formalism used for the BIM should sup-
port the formulation of exclusive, definite assertions, i. e., behavior sequences that
should definitely be interpreted as one intention, or be classified as irrational.

This requirement is fulfilled by approaches based on non-probabilistic formal
grammars. It has been introduced especially for those assistance scenarios in
which certain behavior sequences should trigger an alarm, such as assisting
Alzheimer patients with AAL. The outlook in section 6.3.3 discusses the
implications of removing this requirement.

To conclude, the two main subjectives of this thesis were achieved, namely
the development of a formal framework for mobile intention recognition, and
the development of new representational formalisms that allow to represent
long-ranging space-intention dependencies with a limited amount of crossings.
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6.3 Future Research

6.3.1 Temporal Constraints

Chapter 2 has identified the availability of temporal information on each be-
havior as one of the main advantages of mobile intention recognition over
general intention recognition, and discussed the implications of temporal
ordering on the number of possible behavior groupings. The algorithms of
chapter 4 have exploited the ordering to parse behavior sequences, and to
efficiently propagate spatial constraints along a parse tree. However, as the
focus of this thesis was spatial ambiguity resolution, the absolute time stamps
for start and end of each behavior in a spatio-temporal behavior sequence
Bst have been ignored throughout chapter 4.

One possible extension to the proposed parsing approach is to exploit
the absolute temporal information for further ambiguity reduction. As men-
tioned in section 2.2.1 a rational agent’s beliefs about space-time mechanics
of locational presence, as formalized in the Time Geographic framework (see
Hégerstrand, 1970; Miller, 2005), constitute an important part of her beliefs
about the world. For instance, an agent will not have the intention to visit
the museum if she believes that it is definitely impossible to arrive there
before closing time, given her maximum travel speed. The mobile intention
recognition algorithm could thus exclude the hypothesis IgearchMuseum- For-
mally, the agent’s future space-time path has to lie within the space-time
prism resulting from two intersecting cones whose apexes are given by her
current space-time position, and the space-time position of the latest accept-
able arrival time at the museum. The slope of the cones is determined by her
maximum speed. The space-time prism for an agent currently located at a
hotel with a possible intention to visit a museum is illustrated in Fig. 6.1.
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Fig. 6.2 Spatial continuity for spatial constraint satisfaction on the parse tree (refer to
the original Fig. 4.3).

If the two cones did not intersect, the agent would not be able to arrive at
Rinuseum in time.

A formal grammar that integrates temporal and spatial information for
mobile intention recognition has been published in Kiefer et al (2010) (Tem-
porally Restricted and Spatially Grounded Intentional Systems, TR-SGIS).
TR-SGISs enhance the SGIS formalism by authority, coupling, and capability
constraints that allow to

a. temporally restrict the applicability of a rule (e.g., the agent will not
have intention IprepareBreakfast it the afternoon).

b. temporally restrict certain regions (e.g., the region Rfairground is not ac-
cessible in the morning, at least with the affordances of a fairground).

c. temporally restrict a combination of rules and regions (e. g., the intention
IHaveDinner is not available at the bistro Rgjtyinn in the afternoon, but
possibly in other bistros).

TR-SGISs are currently based on SGISs. They allow no overlapping con-
straints, neither statically defined in the rules, nor as product of a grammar
operation. However, there are scenarios in which temporal constraints may
overlap with each other, and possibly also with spatial constraints. A mildly
context-sensitive approach that combines spatial and temporal constraints
could lead to even better ambiguity reduction.
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6.3.2 Look-Ahead Parsing

Besides temporal completeness, chapter 2 has identified spatial continuity
as one important property of mobile intention recognition. Spatial continu-
ity holds if two succeeding behaviors in S are located in regions that have
an edge in the transition graph of the tessellated spatial model (refer to
Fig. 2.13). The following chapters have not exploited this property as it triv-
ially holds for spatio-temporal behavior sequences and needs not be checked
for past data.

However, an incremental look-ahead parser could exploit the property by
hypothesizing at time i about the next incoming behavior(s). If, for instance,
a hypothesis requires the next behavior to happen in Ry, and the last known
behavior happened in Ry, this hypothesis is only possible if Ry and Ry touch
in the tessellation. As a first step towards a formalization, we could consider
extending the CSPs introduced in chapter 4 (see Figs. 4.3 and 4.5) by a
constraint transges (there exists a transition in the tessellation of SM) which
must hold between neighboring nodes that are not already connected via
“=" (see Fig. 6.2). Algorithms for look-ahead parsing exist; for instance, the
algorithm originally described in Earley (1970) has an integrated look-ahead
which is ignored in most implementations, including those of chapter 4.

An algorithm with look-ahead parsing is also necessary for capability dis-
ambiguation in TR-SGIS (section 6.3.1) as predicting whether an agent can
reach a certain location in time requires a look-ahead into the future.

6.3.3 Probabilistic Spatially Constrained Grammars

The overview on related work in plan recognition (chapter 3) included a
number of approaches that considered “the problem of plan recognition [...]
largely [as] a problem of inference under conditions of uncertainty” (Charniak
and Goldman, 1993, p. 54). Section 3.3.1 has listed some challenges connected
with these probabilistic approaches. These include, for instance, the problem
of acquiring (conditional) probabilities, the training phase required for per-
sonalization, and the problem to assert that an assistance system will not
enter an undesired state. These arguments, and the focus of this thesis on
space as means of disambiguation, were the reasons not to include proba-
bilities into the representational formalisms. Thus, the aim of the intention
hypotheses tables in chapter 5 was not to show how often the algorithms were
able to return a non-ambiguous hypotheses set (|I;| = 1) but to highlight the
possibilities of spatial disambiguation by comparing the degree of ambiguity
achieved by the different representational formalisms.

Section 5.3.3 has discussed possibilities to resolve ambiguity during the
step of mapping intentions to information services. However, these solutions
are not perfectly satisfying, especially if the domain is highly ambiguous.
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Enhancing the spatial grammar parsing approach with probabilities is def-
initely an issue worthwhile considering for future work. Probabilistic ver-
sions of both, CFGs and TAGs, are known in NLP (Suppes, 1970; Schabes,
1992; Resnik, 1992) and could provide valuable ideas in addition to those
approaches discussed in chapter 3 that combine grammars and Bayes (see
section 3.5). A specifically mobile aspect in this probabilistic approach could
be to integrate transition probabilities between regions (following the Markov
idea of Ashbrook and Starner, 2002, section 3.1) into spatial constraint reso-
lution along the transies edges in Fig 6.2 that were explained in section 6.3.2.

6.3.4 Grammar Acquisition and Behavioral Corpora

The discussion on probabilistic approaches in section 3.3.1 has also suggested
that definite expert knowledge is, in general, superior to learning probabili-
ties. The same applies also to manual modeling vs. learning the structure of
a grammar for which approaches exist for both formalisms, CFGs and TAGs,
using corpora of natural language (Stolcke and Omohundro, 1994; Chiang,
2000; Xia, 1999). For mobile assistance systems there will hardly be a situa-
tion in which the system is supposed to be engineered automatically without
a domain expert. It is also not sufficient to identify non-terminals that seem
to be somehow structurally relevant for a given dataset, as it is also necessary
to assign a meaning to them (in terms of intentions), and to identify those
intentions that are relevant for a certain TAMS. This problem of identify-
ing relevancy is especially critical as a behavioral dataset may also feature
intentions that are irrelevant for the mobile assistance scenario (refer to sec-
tion 2.2). However, an expert system might try to help the domain expert
to identify typical behavior sequences and plan structures that are relevant
for the system, but which the expert is not aware of herself. It is an open
question whether grammar learning algorithms tested on corpora of natural
language, such as the Penn treebank (Marcus et al, 1993), would perform
comparably well for corpora of behavioral data.

Anyway, a sensible evaluation of grammar learning algorithms would re-
quire annotated corpora of behavioral data which, up to now, scarcely exist.
While other communities have quasi-standard corpora on which a compa-
rable evaluation of approaches is possible, no such standard corpora have
yet been established in the plan/intention recognition community. A discus-
sion of the difficulties of acquiring such corpora is given in Blaylock and
Allen (2005). Challenges identified by Blaylock and Allen include expensive-
ness, and confusion between top- and low-level intentions. Indeed, letting a
human record her own intentions while she is performing her tasks is time-
consuming on the one, and error-prone on the other hand. For the mobile
intention recognition problem, recording motion track data with GPS is a
rather cheap way of collecting behavioral data. However, publicly available
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corpora of GPS tracks, such as the GeoLife corpus (Zheng et al, 2008, 2009),
are unlabeled. Volunteered Geographic Information (VGI, Goodchild, 2007)
may be one solution for the problem of expensiveness: people are acting as
voluntary sensors to record geographic data for projects, such as Open Street
Map (http://www.openstreetmap.org/), so maybe they are also willing to
label their spatio-temporal behavior with intentions.

Besides expensiveness, the discussion in section 2.2 on unconscious and
undesired intentions reveals more systematic problems of self-recorded inten-
tion data: an agent may not be aware of her intentions at all or, for instance,
not regard the unpleasant queuing as an intention, and thus not label her
data that way. One way to deal with these problems is to choose a very well-
structured domain in which it is clear which intentions the agent can have
which at least reduces the likeliness of unforeseen intentions. The rules of
a LBG are one way of defining such a well-structured domain (Kiefer et al,
2008). A combination of VGI and LBGs has been proven useful for the se-
mantic labeling of POIs (Matyas, 2007), and could as well for annotating
behavioral data with intentions.

6.3.5 Multi-Agent Intention Recognition

Another current research question in plan/intention recognition is the recog-
nition of a common intention of several agents who act cooperatively (see,
for instance, Burghardt and Kirste, 2007; Devaney and Ram, 1998; Kaminka
et al, 2002; Sadilek and Kautz, 2010). These approaches introduce a new
recognition level on top of the individual agent’s intentions, mostly referred
to as “team intention”. An according enhancement could also be added to
the architecture for IAMSs proposed in section 2.1.2. For instance, a thesis
defense can be seen as a team event in which all actors follow a common
intention. Although it is not the primary task of the thesis committee mem-
bers to act cooperatively with the PhD candidate under all circumstances,
the non-spoken activity, such a closing the door, switching on the projector,
opening the session, and so on, could be interpreted as indicators for a com-
mon intention IpiscussResearch- However, the thesis defense example illustrates
that a discussion on the implications of assigning a common intention to a
group of agents is needed.

The special case of mobile team intention recognition in which agents move
in geographic space is especially interesting: the Time Geographic constraints
discussed in section 6.3.1 then apply to each member of the team and if, for
instance, some team intention I eeto78 Tequires two agents to meet either in
region Rg, R7, or Rg, the potential path space of both actors (i. e., the interior
of the space-time prisms, see Fig. 6.1) must intersect with each other, and
with one of the three space-time stations determined by the regions (see
Espeter and Raubal, 2009).



154 6 Conclusion and Outlook

An interesting question is also how to cast multi-agent intention recogni-
tion as a parsing problem. Grouping the intentions of a group of agents to
team intentions yields in yet another combinatory problem: which agents col-
laborate, which do not? Is there a team intention at all? Another challenge is
to keep the balance between expressiveness (e.g., can intentions of different
semantic levels be combined to a team intention?) and tractability.
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