From Information-Centric to Experiential
Environments

Rahul Singh' and Ramesh Jain?

! San Francisco State University, San Francisco, USA
2University of California, Irvine, USA

Summary

With progress in technology, information management systems are transi-
tioning from storing well defined entities and relationships to the challenge
of managing multifarious heterogeneous data. Underlying such data is of-
ten a rich diversity of information with emergent semantics. Recognizing
this characteristic is essential to executing the transition from data to
knowledge. In this context, this chapter presents the paradigm of experien-
tial environments for facilitating user-data interactions in information
management systems. Experiential environments emphasize obtaining in-
formation and insights rather than pure data lookup. To facilitate this aim,
the paradigm utilizes the sentient nature of human beings, their sensory
abilities, and interactive query-exploration-presentation interfaces to ex-
perience and assimilate information.

1. Introduction

In the good old days, just a decade or so ago, to exemplify the require-
ments and structure of a database, we typically considered a corporate da-
tabase. Within it, entities, such as “employee’, “address’, or “salary” con-
sisted of alphanumeric fields. Each such field represented some attribute
that had been modeled. Users would pose queries, for example, to discover
an employee attribute or to find all employees that satisfied certain attrib-
ute-related predicates.

Although in the new millennium users have vastly different expecta-
tions, most databases till retain the design philosophy of yesteryears: Us-
ers ask queries to get answers in an information-centric environment. This
premise holds as long as all users have same or similar requirements. The
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database can then act as a resource that provides a well-defined environ-
ment for articulating queries on a fixed information structure. However,
the emergence of Internet based systems, including the WWW, and pro-
gress in computing and storage technologies has fundamentally changed,
the kind of data that isin common use today. This change is both quantita-
tive and qualitative and has important consequences for paradigms used
for interacting with data. Taken together, the situation contrasts sharply
with the scenario that was common even just a decade ago and creates a
mismatch between existing design paradigms and evolving requirements.
A simple analysis of the nature of the data and expectations of users from
current and next generation systems highlights the emerging issues:

¢ Volume of datais growing by orders of magnitude every year.

¢ Multimedia and sensor data is becoming more and more common.

o Different data sources provide facets of information which have to be
combined to form a holistic picture.

e The goal of data assimilation increasingly requires that spatio-temporal
characteristics of the data are taken into account

¢ Inmany applications, real-time data processing is essential

e Exploration, not querying, is the predominant mode of interaction,
which makes context and state critical.

e The user isinterested in experience and information, independent of the
medium and the source.

In the chapter, we explore the paradigm of experiential computing for
designing information management systems. The idea of experiential com-
puting is built on the fact that humans are sentient observers. Therefore,
this paradigm emphasizes interactivity and support for experiential user
factorsin the quest for information assimilation.

1.1 Issues Motivating the Need for Experiential Computing

Let'slook at some of the basic issues that underlie this change. We moti-
vate our perspective by noting three critical factors that influence the situa-
tion. These include: How the data is modeled and its implications (the data
model), the presence of different data types and their implications (data
heterogeneity), and finally, the expectation of users as they interact with
the data (user requirements).

Data model: A data model can be thought of as an abstraction device
through which a reasonable interpretation of the data can be obtained [53].
Keeping this in mind, we can identify two types of data sources, those that
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are strongly modeled and those that are weakly modeled. Conventional da-
tabases such as an inventory database or a corporate database are examples
of strongly modeled sources of data. In them, data and relationships
amongst data are stored with very specific goalsin mind. Information from
such databases can be retrieved (in the sense of normal queries) only in
terms of the data and relations that are explicitly modeled or derivations
based on them (e.g. joins on tables). Weakly modeled data sources on the
other hand are less specific about the interpretations of the data that are
made available through them. A genera web-page is an example of a
weakly modeled data source. While thematically coherent, a general web-
page, unlike the above examples, does not seek to limit access to informa:
tion present in it through alimited set of entities and relations.

Data heterogeneity: Data in traditional databases is synonymous with
alphanumeric information. However, many contemporary applications are
characterized by the fact that information is represented through different
types of data like text (alphanumeric), images, audio, video, or other spe-
cialized data types. The proliferation of physically different data types (or
data heterogeneity) is driven both by the increasing capabilities of compu-
tational systems as well as the increasing sophistication and ease of use of
digital sensor technologies coupled with their decreasing cost. One of the
important challenges in situations that involve heterogeneous data types
liesin that the semantics associated with complex media (like video or im-
ages) is emergent, i.e. media is endowed with meaning by placing it in
context of other similar media and through user interactions [44]. This has
strong bearing on the systems that are designed to work with such data.
For instance, the emergent semantics of complex mediaimply that such in-
formation is necessarily weakly modeled. To capture such issues, we dis-
tinguish two types of data: alphanumeric and media-based, where the lat-
ter may include aphanumeric data when occurring in conjunction with
other data types.

User requirements: User requirements for the data fall into roughly two
categories. information and insight. For example, in some cases, a user is
just looking for some information, such as the location of a specific restau-
rant. In other cases the user may be interested in more complex insights
such as how cosmopolitan is a particular city. These two types of re-
quirements present completely different set of challenges for the design of
information management systems.
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1.2 Towards a New Paradigm

The matrix in Fig. 1 captures the relationships between the aforementioned
issues. Each cell of this matrix lists the paradigms which can be used to
address requirements at the intersection of these issues.

Experiential Environments
. Visualization (Indirect Direct (heterogeneous data) or
Insight Experiential Environments) | Indirect (alphanumeric data)
Experiential Environments
Data Mining
Information Current Databases Search Engines
Strongly Modeled Sources Weakly Modeled Sources

Fig. 1. Paradigms at the intersection of data modeling, data heterogeneity,
and user requirements

In this matrix, predictably, databases lie in the lower left quadrant at the
intersection of information and strongly modeled sources; they are ideally
suited for obtaining precise information in well specified domains. The
bottom right quadrant is occupied by search engines. They are well tai-
lored for generic searches across weakly modeled information sources.
Such sources may either be alphanumeric or have heterogeneous data typi-
cally with textual annotations. The primary intention of search enginesis
to provide information through responses to specific (keyword-based) que-
ries and not to directly facilitate exploration.

In this matrix, predictably, databases lie in the lower |eft quadrant at the
intersection of information and strongly modeled sources; they are ideally
suited for obtaining precise information in well specified domains. The
bottom right quadrant is occupied by search engines. They are well tai-
lored for generic searches across weakly modeled information sources.
Such sources may either be alphanumeric or have heterogeneous data typi-
cally with textual annotations. The primary intention of search enginesis
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to provide information through responses to specific (keyword-based) que-
ries and not to directly facilitate exploration.

The top half of Fig. 1 consists of paradigms, many of which demonstrate
characteristics that are partially or wholly experiential. This transition is
reflected in the top left quadrant which consists of approaches that support
gaining insights from precise sources. Techniques commonly employed for
this goal include data mining and visualization. The latter is of specid in-
terest to us as it seeks to transform and present data in a manner that allow
users to gain insights by “seeing” the patterns and relationships that may
be present. This attribute, where the human senses are involved directly, as
the reader will see from the ensuing sections, is a key characteristic of the
experiential paradigm.

Finally, the top right quadrant addresses the intersection of insight and
imprecise data sources. This intersection produces challenges which can be
addressed through experiential environments, a new way of interacting
with data that will become increasingly common in most data-intensive
applications: In such cases, users encounter immense volumes of multi-
farious data from disparate, distributed, sometimes even unknown, data
sources. To gain insights from such data, one must be immersed in it, just
as onewould be immersed in areal life situation to experience it first hand.
Humans are sentient observers. They want to explore and experience in-
formation. Furthermore, they typically prefer to directly interact with the
data without complicated intervening metaphors. This tendency probably
stems from the fact that we — humans are al immersed in the real world —
where the real world is realy different attributes at different points sur-
rounding us. We use our senses to measure or infer the various attributes.
For example, our visual system is a powerful mechanism that allows us to
infer different kinds of attributes about the environment surrounding us.
Similarly, tactile senses allow us to measure other characteristics of the
environment that are in close proximity to us. As these examplesiillustrate,
we have complementary sensors to facilitate our explorations and experi-
ences. Vision and sound are our sensors to infer about the world without
the constraint of close proximity and we use these for experience as well as
for communications. Other sensors, like touch, are used in situations
where a certain amount of proximity and intimacy is required.

We develop the ideas initially proposed in [28] to point out two types of
experiential environments that may be contemplated: The first of these is
the indirect experiential environments. Within these environments, data is
transformed to present it in manners where users can involve their senses
to discern patterns and relationships. Techniques in information visualiza-
tion as well as more evolved and integrated approaches such as the busi-
ness activity monitoring application covered in Section 4.2 of this chapter
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fall in this category. The second type of experiential environment is called
adirect experiential environment. The fundamental difference of such en-
vironments from those in the first category liesin their ability to deal with
data types such as imagery or audio that can be directly presented to users.
Therefore there is no interpretation or selection of transformations in-
volved (Section 4 describes an example of such a system directed at the
problem of personal multimedia information management). Finaly, user-
information interactions are also direct in that they do not use any interme-
diate metaphors or transformations.

1.3 From Data to Information and now to Insights: The Etudes
of Experiential Computing

There is avery clear trend in the evolution of computing approaches from
databases to search engines. Belew [2] presents this trend by comparing
the key characteristics of these systems. In Table 1, we extend Belew's
observations to include experiential environments. Our extension high-
lights the trend from data to information and now to insights.

Table 1. Datato Information (and now) to insights

Database Information Experiential

Retrieval Environment

Basic goal Provide data Provide Provide
information Insight
sources

Data Type Alphanumeric Text Multimedia

User Query Specific Generd Emergent

System Dataitem Pointer Heterogeneous

Provides data

Retrieval Deterministic Probabilistic Hybrid

Method

Success Efficiency Utility User

Criterion Satisfaction

Traditional databases were designed to provide an environment where
user could articulate their information needs using precisely specified logi-
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cal relationships. The database would then respond by providing the in-
formation. On-Line-Analytical-Processing (OLAP) and visualization-
based approaches are based on the same systems, but go farther by pulling
out a volume of data and then using visualization tools to allow explora-
tion of the retrieved dataset. Search engines directly adopted the basic con-
cept of query from databases. Thus, in most of the current systems, a user
articulates a query and gets an answer for it. If further information is
needed, a new query must be articulated. Current information environ-
ments actually work against the human-machine synergy. Humans are very
efficient in conceptual and perceptua analysis and relatively weak in
mathematical and logical analysis, computers are exactly the opposite. In
an experiential environment, users directly use their senses to observe data
and information of interest related to an event and they interact naturally
with the data based on their particular set of interests in the context of that
event. Experiential environments have the following important characteris-
tics:

e They are direct: These environments provide a holistic picture of the
event without using any unfamiliar metaphors and commands. Within
them, users employ intuitive actions based on commonly used opera-
tions and their anticipated results. In experientia environments, a user
is presented data that is easily and rapidly interpreted by human senses
and then the user interacts with the dataset to get a modified dataset.

o They provide the same query and presentation spaces. Most current in-
formation systems use different query and presentation spaces. Con-
sider popular search engines. They provide a box to enter keywords and
the system responds with a list of thousands of entries spanning over
hundreds of pages. A user has no idea how the entries on the first page
may be related to the entries on the last, or how many times the same
entry appears, or even how the entries on the same page are related to
each other. Contrast this to a spreadsheet. User articulates a query by
changing certain data that is displayed in context of other data items.
User's action results in a new sheet showing new relationships. Here
the query and presentation spaces are the same. These systems are called
What-Y ou-See-Is-What-Y ou-Get or WY SIWY G.

e They consider both the user state and context: Information system
should know the state and context of the user and present information
that is relevant to this particular user in the given state and context.
People operate best in known contexts and do not like instantaneous
context switching. Early information systems, including databases, were
designed to provide scalability and efficiency. These considerations led
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to designs that were state-less. The efficiency of relational databasesis
the result of this decision. This is also the reason why Internet search
engines, which do not store user states, can be dissatisfying, as users
seek to drill-down on information obtained from previous queries.

¢ They promote perceptual analysis and exploration: Experiential systems
promote perceptual analysis and exploration. Because users involve
their senses in analyzing, exploring, and interacting with the system,
these systems are more compelling and understandable. Text based sys-
tems provide abstract information in visua form. Video games and
many simulation systems are so engaging because they provide power-
ful visual environment, sound, and in some cases tactile inputs to users.

In this chapter, we begin by discussing the data engineering challenges
that underlie the development of experiential environments in Section 2.
Thisis followed by a description of event-based modeling in Section 3. In
this section, we discuss how event-based organization and management of
data facilitates development of contextual and personalized experiential
environments. In Section 4, we present descriptions of two experiential
systems in the areas of personal information management and business ac-
tivity monitoring respectively. These examples illustrate how the ideas es-
poused in the previous sections can be realized in designing real-world
systems. We conclude this chapter in Section 5 by reiterating the funda-
mental ideas behind the paradigm of experiential environments and outlin-
ing its broad applicability in the evolution of the next generation informa:
tion and data management systems.

2. Data Engineering Challenges for Designing
Experiential Environments

Experiential computing environments require supporting user interactions
such as browsing, exploration, and queries on information represented
through different media. The direct nature of experiential environments
implies that the results of such interactions are expressed in the native
format(s) of the underlying data. The data engineering challenges that are
encountered in designing such systems span issues related to modeling and
representation of heterogeneous data as well as design of user-data inter-
faces that support interactions that are direct and user context aware.

In experiential computing, the problem of heterogeneity, arises in many
forms, including: infrastructural heterogeneity (due to different types of
hardware and software platforms that may be involved), logical heteroge-
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neity (arising out of different data models or schemata used for providing a
logical structure to the data), and physical heterogeneity (owing to the
presence of fundamentally distinct types of data such as text, audio, im-
ages, or video). Amongst these, the problem of logical heterogeneity has
typically been considered in traditional database research, while that of
physical heterogeneity has been the focus in multimedia data modeling.

It can be postulated that physical heterogeneity leads to logical hetero-
geneity, since the need to capture specificities of each media would result
in the development of different data models and schemata, which ulti-
mately need to be integrated. Thisis reflected in the similarities that can be
discerned between the approaches to addressing heterogeneity in database
and multimedia research. For example, the idea of using local-as-view and
global-as-view approaches [25] for specifying the correspondences be-
tween data at the source and in the global schema bears parallels to the
principles of autonomy and uniformity suggested in [51] for mediaintegra-
tion. However, till date, the issue of integration, when the heterogeneity is
due to different media, has typically remained unaddressed both in multi-
media and database research, as techniques have tended to concentrate on
issues that arise in media-specific management. The result of this research
focus manifests itself today in alarge number of media specific solutions,
such as those for images, audio, or video, but hardly any, that span differ-
ent media.

Our emphasis in this chapter is on the problem of dealing with hetero-
geneity by starting from the physical level. Consequently, the following
sections explicitly deal with issues that arise when information is repre-
sented using multiple and distinct media. As explained above, such a for-
mulation subsumes the problem of dealing with logical heterogeneity. Fur-
thermore, this approach allows us to address issues that occur due to the
increasing availability of sensor-based data in applications varying from
persona information management, to ubiquitous computing and sensor
networks. We refer readers who are specifically interested in the issues of
managing logical heterogeneity to introductory material well codified in
textbooks such as [15, 38] aong with the reviews [27, 31] and references
therein. In this context, we also emphasize that the principles of Experien-
tial Computing are not limited to the availability of multimedia informa-
tion and are equally applicable to domains where the data is a phanumeric.
In Section 4 this is illustrated through two examples, one of which deals
with multimedia data in the domain of Personal Information Management
and the other, with alphanumeric data, in Business Intelligence.
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2.1 Understanding (Physical) Heterogeneity

Fundamentally, multimedia data has a gestalt nature. Thisimpliesthat it is
comprised of more than one mediathat are semantically correlated and that
the complete semantics conveyed in the data can not be discerned by con-
sidering the data streams individually. The classical example of capturing
an explosion using image-based data (video) and sound (audio) is often
forwarded to underline this aspect. In the case of this example, either of the
media (a flash of light or aloud sound) taken in isolation, is insufficient to
determine that an explosion occurred. A unified data model is thus essen-
tial not only for preserving the semantic integrity of the information, but
also for conveying the same by supporting query-retrieval and user interac-
tions with the data. The principal characteristics of multimedia data that
have influence on its modeling and subsequent usages include:

e Semantic correlations across media: As briefly described above, repre-
senting the semantic correlations across different media is fundamental
to storage, processing, query-retrieval, and utilization of multimediain-
formation. How do we represent heterogeneous multimedia data in a
general and unified way that emphasizes the semantic correlations be-
tween the media? Different media, such as audio and images, have dif-
ferent form and characteristics. A unified data model needs to address
these issues. This issue also expresses itself in terms of the problem of
multiple representations where a single object, entity, or phenomenon
may be captured and represented in different media formats. For exam-
ple, the state of a patient’s health may be recorded using bio-medical
imagery data including time-varying imaging, alpha-numeric data de-
tailing blood pressure, body-temperature, or patient-weight, and audio-
transcripts. A data model should be capable of seamlessly resolving
across the various representations.

e Temporal characterigtics of the data: From surveillance videos, to per-
sonal photographs, to biomedical imagery (for example, tracking of
synaptic activation in the brain), temporal and dynamic phenomena are
commonly represented through multimedia data. The aforementioned
applications and many others are characterized by data in which the
time of occurrence or changes over time denote valuable information. A
multimedia data model, therefore, should be able to represent, query,
and reason about time and time-based rel ationships. Directly using tradi-
tional data models, such as the entity-relationship paradigm, to reason
about dynamic data is complicated because such an approach is primar-
ily designed to reflect a set of static relationships between entities. In
dynamic environments not only the attributes associated with entities,
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but also the relationships between entities change with time. In model-
ing multimedia data, an additional challenge is faced in situations that
require integrating semantically related dynamic and static media. This
can happen for example, when information about a sporting event is
available through a video-recording and a text-report.

e Spatial characteristics of the data: Much of multimedia data has inher-
ent characteristics that can be correlated with location. For example,
automated traffic monitoring at intersections provides video footage dis-
tinct from those taken at highways. In bio-medical imaging the location
(organ or tissue) is of critical importance for analysis and interpretation
of the images. Personal videos of trips can be categorized by the geo-
graphical locations visited. These examples indicate that the semantics,
the form, and the relationships expressed in multimedia data are often
influenced by location and relationships such as adjacency, connectivity,
proximity, or containment that can be defined over space.

e User interactions with the data: Current multimedia systems typically
consider information in a manner that is independent of the user and
context. Further, they make an implicit assumption that acquisition of
knowledge by the user (based on the media) is a linear process and can
be adequately represented by the rendering of the media aone. There-
fore, they support limited interactions between the user and the data.
This causes a significant loss in the totality of information being com-
municated between creation of the media and its consumption by users,
as the media is presented in isolation from the context of its creation
[49] as well as the context of the user. For instance, the rendering of a
video is typically from a single perspective and users have little or no
control in interactively exploring a scene using multiple perspectives.
Additionally, in true multi-media settings, disparate data sources need to
be united for presentation, query, and exploration in manners where the
users are free to state their requests in natural form based on objects and
event relationships of interest. The entire set of aforementioned issuesis
complicated by the fact that the semantics associated with complex me-
dia (like video or images) is emergent. Developing user-data interaction
paradigms that address such issues requires support from underlying
data models to impart the appropriate structure to the information.

2.2 Previous Research in Multimedia and Databases

In recent years, a number of data models have been developed to address
the structure and semantics of media data like images and video [9, 10, 11,
12, 16, 20, 21, 33, 37, 46, 50] or sound [7, 55]. Such research has typically
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focused on the development of powerful features to describe the corre-
sponding media and the use of similarity functions to answer queries based
on these features [43]. This approach simplifies the general multimedia da-
tabase problem, because a database is assumed to contain only a specific
type of media data[13]. A related line of research has focused on devel op-
ing models that support the structure of media data and the syntactic opera-
tions that are typically performed on them. For example [19] proposes as a
basic abstraction the notion of “timed streams’ of media elements like
video, audio samples, and musical notes. This model considers issues like
the temporal nature of media data (defined in terms of real time presenta-
tion constraints and media synchronization) along with operations like me-
dia derivation and media composition. Similarly [34] considers temporal
access control issues like reverse, fast-forward, and midpoint suspen-
sion/resumption in their model. An object-relationa model that builds
upon [19] is proposed in [13] where a three-layered structure is defined.
The lowermost layer consists of raw data (byte sequences). The middle
layer consists of multimedia entities, called multimedia type, which can be
images, image stacks, sound, video, or text. The top layer consists of logi-
cal entities that model the domain semantics and interact with entities rep-
resenting multimedia types. Additionally, speciaized entities, containing
visual and spatial information can be defined at the top layer to be used for
content-based querying. Layered architectures such as [56] or the one de-
scribed above, break down the complexity of multimedia modeling by
seeking clear distinction between raw data modeling, conceptual modeling,
and presentation management.

The Garlic project at IBM [8, 24], uses an object-oriented data model as
middleware to integrate multiple (potentially multimedia) databases.
Trandations of data types and schemas between individual repositories and
Garlic are accomplished using repository wrappers. A repository of com-
plex objectsis provided for integration of multimedia data and legacy data.
Query processing and data manipulation are supported through the Garlic
system.

The papers reviewed above catalog a rich diversity of research ap-
proaches towards modeling information represented through multimedia
data. However, to the best of our knowledge, no research till date has at-
tempted to address within a single framework, the problem of multimedia
information management, in context of all the issues we enumerated early
on in this section. Towards this, in the following section we introduce the
rudiments of event-based modeling that form the basis of our research in
designing experientia systems.
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3. Event-Based Unified Modeling of Multimedia Data

3.1 The Conceptual Model

The fundamental idea underlying the data model being considered by usis
the notion of an event which may be defined as under [47]:

Definition 1: An event is an observed physical reality parameterized by
space and time. The observations describing the event are defined by the
nature or physics of the observable, the observation model, and the ob-
server.

Certain key issues in this definition need to be highlighted. First, events
are treated as a fundamental physical reality and the observations (or data)
that describe them are defined to depend on the observation model and the
observer. The observation model may include among others, the observa-
tion method (e.g. audio, video, images, or other data types such as apha-
numeric data), sasmpling model (e.g. video-rate), and sampling period. The
role of the observer is fulfilled by users involved in creation or consump-
tion of the information. Events thus constitute the unifying notion that
brings together heterogeneous data that is semantically correlated. This
ideaisillustrated in Fig. 2. Using events as the central semantic notion, a
conceptual model can therefore be developed. As part of the conceptua
model, the specification of an event covers three primary aspects:

o Event information: The information component of the event may consist
of specific attributes. Since events are spatio-tempora constructs, the
event information component necessarily contains the time period of the
activity and its spatia characteristics, e.g. its location. Additionaly, in-
formation required to uniquely identify an event are also stored here.
Further, entities like people or objects that participate in an event may
be described here along with other types of domain specific information.

o Event relations. Events (and the activities underlying them) may be re-
lated to other events (activities) that occur in the system. Examples of
such relations can be temporal and spatial co-occurrences, temporal se-
guencing, cause-effect relations, and aggregations of events. This in-
formation is modeled and described in the event relations component.

e Media Support: Each event is a unifying point for the various observa-
tions that describe it. These observations are available to us through dif-
ferent types of media data. Specific media data is said to support an
event, if it captures (describes) that event. We note that the exact form
of the description depends on the characteristics of the media. For ex-
ample, a basketball game may be described by video, photographs, and
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mixed text-image new article. Each of these descriptions exemplifies
specific media that have different characteristics, while supporting the
same event. Such media data may reside as multimedia files in a file
system or in media specific databases. In the media support component,
information such as media types, resource locators, or indexes corre-
sponding to specific media that support the given event are stored. It
should be noted that the conceptual model imposes no restrictions on the
same media simultaneously supporting multiple events.

3.2 Multi-Level Events

For broad usability, in the context of media-rich data, a data model and its
physical implementations need to incorporate domain-level semantics so
that users can interact with the information at the semantic level rather
than at the level of non-intuitive media-specific features. This requires a
model to span and seamlessly transition between low-level signal-centric
modeling to high-level concept and semantic modeling. As an example of
this, consider the problem of mapping an image with large number of
“red” colored pixels to an entity with clear semantics associated with it,
such as “tomato” or “sunset”. This issue is synonymous with the problem
of bridging the signal-to-symbol gap (the gap between the signal-level de-
scription of the content and the symbolic meaning associated with it).

One of the primary goals of event-based modeling is to relate media to
semantically meaningful entities and concepts. This requires bridging the
signal-to-symbol gap. To assist in building models that encompass such a
transition, we distinguish between three types of events. We call the first
of these data events, the second elemental events, and the last semantic
events.

Data events model the physical characteristics of the information. For
example, a photograph or video clip consists of pixels that contain illumi-
nation-intensity information of the scene. Similarly, an (digital) audio-clip
consists of samplings of a sound wave. These are examples of data events.
As these examples illustrate, the media support for each data event is a
non-empty singleton set, consisting of a specific media instance. The
reader will note that given the signal-level nature of data events, issues
such as the nature or physics of the observable and the observation model
have a strong bearing on their definition of data events.
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Physical
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Fig. 2. Intuition behind the event-based unified multimedia data model

An elemental event on the other hand is a conceptual entity and reflects
an interpretation or analysis of information that is partially inspired by
domain semantics while retaining the dependence on signal-level informa-
tion (data events). For example, detecting a “person speaking” based on
audio-visua data is an example of an elemental event. While being inde-
pendent of data characteristics per-se, the formulation of elementa events
draws on detection of data features and may form the focal point for mul-
timedia unification. In context of the earlier example, detecting that a per-
son is speaking may be done by analyzing the sound-level (pure audio-
based), analysis of lip movements (pure video-based), or through an analy-
sis involving both audio and video. An elemental event therefore, may
have either homogeneous or heterogeneous media support based on the
constituent data events.

Finally, a semantic event captures the conceptual (or semantic) interpre-
tation of the data and is based on the underlying elemental events. For in-
stance, “giving a speech” is an example of a semantic event. This event
may be based on the elemental event “person speaking” and be temporally
related with other elemental events such as “coming to the podium”. Thus,
semantic events do not have direct media support, but function as a unify-
ing point for all the underlying media.

The reader may note that denotation of data, elemental, and semantic
levels in the multi-level event model does not imply that implementations
are restricted to have only three levels in the transition from a signal-
centric to a semantics-centric modeling of the information. Indeed, in an
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implementation, one or more of the levels defined above may consist of
sub-levels to assist in the transition. This will especially be true for the
highest level where semantic events are represented. Conversely, an im-
plementation may choose to collapse these three levelsinto a single layer.
This could occur, for example, in situations where users directly annotate
media to endow high-level semantics to it. In such a case the signal-to-
symbol gap is bridged using cognitive input. The system described in Sec-
tion 4 for persona multimedia information management takes this ap-
proach.

3.3 Modeling Time and Space

Time and Space are two of the fundamental attributes of the event model
and how they are represented significantly impacts our ability to reason
with the proposed model. It may be noted that modeling of time and space
has received significant attention in both database and knowledge repre-
sentation communities (see [54] and references therein) and our approach
draws significantly from prior results in the area. In the context of tempo-
ral representation, a simple approach isto tag each attribute (or tuple) with
a discrete timestamp. Its deficiency lies in that common algebraic opera
tions like addition, multiplication, and division are not applicable to time-
stamps. Further, information that is not explicitly represented becomes dif-
ficult to query.

Research in temporal databases has also explored interval-based models
of time. Such representations are ideally suited to describe events (such as
a game or a meeting) that occur over a period of time. However, the mod-
eling problem we are considering is significantly more complex and can
not be sufficiently addressed through interval-based models only. As an il-
lustration, consider the example of parents taking a digital photograph of
the “first smile” of their child. The photograph isin itself an event (a data
event, in the three-layered hierarchy), that has an infinitesimal duration
(manifested using a single timestamp). Further, based on that single photo-
graph, an interval can not be defined for the (semantic) event “first smile”.
In such cases either the fundamenta nature of the event or lack of domain
semantics precludes the use of interval representations. We therefore pro-
pose two tempora data types:. infinitesimal time points and time intervals
to temporally characterize events. In the following, we denote time points
with a lowercase |etter, potentially with subscripts (e.g.7,,#,) and timein-

tervals with upper case letters T =[ ¢, ,¢,). Algebraic operators can be used

to convert information among these types. For example, time intervals can
be added or subtracted from time points to yield new time points. Further,
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time points can be subtracted to determine time intervals. Three classes of
relationships can then be defined to reason about temporal data. These in-
clude:

e Point-Point Relations: Assuming a complete tempora ordering, two ar-
bitrary time points 7 and ¢, can be related as: ¢, <t,(Before);

t, =t, (Simultaneous); ¢, > ¢, (After), and the negations ¢, >¢, (Not
Before); and ¢, < ¢, (Not After).

o Point-Interval Relations. The relations between an arbitrary time point
t;and an arbitrary time interval T= [¢,,1,), are. t, <T =1 <t,(Be-
fore); 4 el=t,<ty<t, (During), >T=1t>1, (After),

t, 2 t,(Not Before); and ¢, <¢, (Not After).

o Interval-Interval Relations: Given two intervals T= [z, ,7,) and U =
[u,,up), the possible relations between them are [1]: ¢, <u, (Before);
t,= ugand #,= uy(Equal); ,=u, (Meet); ¢t,< uzand ¢, <u,and
u, <t,(Overlap)t, >u,and ¢, <u, (During); ¢, =u,and t, <u,
(Start); ¢,>u,and t,=u,(Finish); and the corresponding symmetric
relationships (excluding the case for Equal).

These relations allow us to deal with relative position of intervals and
are necessary to reason about effects that may influence the occurrence of
each other (causality) or manifest themselves with delay. A graphical de-
scription of these relationsis shownin Fig. 3.

The ability to reason about space, analogous to reasoning about timeisa
key component in a model that seeks to describe data collected in dynamic
settings. Multimedia data, like photographs and videos have obvious spa-
tial (geographic location) characterization associated with them. A wide
range of examples from application areas can also be observed. For in-
stance, in biomedical imaging, the location of a tumor in the body is a
critical piece of information for diagnostics and treatment. Similarly, in
weather forecasting, the localization of severe weather phenomenais criti-
cal.
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Fig. 3. lllustration of the three types of temporal relationships in the event-based
model: The point-point relations are shown at the top, the point-interval relations
are shown in the middle, and the interval-interval relations are shown at the bot-
tom

Research in spatial databases suggests two alternative ways of repre-
senting space. The first involves describing space itself, i.e. describing
every point in space. The second involves representing distinct entities.
However, such a bifurcation introduces the problem of reconciling spatial
granularity. This can potentially be resolved [23], by supporting concepts
for modeling single objects (represented as points, lines, or regions) and
spatially related collection of objects (represented as partitions or net-
works). One unified representation that can support this is the concept of
realm, introduced in [22], where a realm is defined as a constrained finite
set of points and line segments over a discrete grid, and conceptualy
represents the complete underlying geometry of one particular application
space. The constraints ensure the necessity and sufficiency of the grid
points for spatial representation. Abstractions such as points, lines, regions,
partitions, and networks can either be described either as elements of a
realm or represented on top of such elements. This approach appears to
hold promise for modeling spatia attributes, by layering eventsin a hierar-
chy such that eventsin each layer share the same semantics of space. Other
representations like TIN (triangulated irregular networks) [45] or con-
straint databases [30] can al so be used to address such problems.

To facilitate reasoning with space, spatial algebras or spatial data types
need to be defined, so that they capture the fundamental spatial abstrac-
tions, the relationships between them, and possible operations on them. In
the spatial database community a variety of such approaches have been
suggested (see [22, 23, 45] and references therein). Based on these we de-
fine the different types of spatial operations that are needed to reason about
spatial characteristics of events to include: intersections of spatia types,
topological relationships (containment, intersection, adjacency, and enclo-
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sure), operators defining numeric spatia attributes like distance, area,
arithmetic operators on spatial types (addition, subtraction) that could be
useful in aggregation relationships, operators returning atomic spatial data
types (e.g. intersection of lines returning points, union of regions defining
regions), operators defining directional relationships like above, below,
north_of, and operators defining numeric relationships like distance < 5.
Researchers in spatial databases have identified various topological rela
tions that may possibly exist. A simplification of these results was sug-
gested in [23] which proposed the following five basic topological rela-
tionships derived from intersection of boundaries and interiors; touch
(defined over line-ling, point-line, point-region, line-region, and region-
region), in, cross, overlap, and digoint.

4. Putting it all Together: Experiential Environments for
Real World Problems

In this section we consider two application domains where issues related to
data heterogeneity, the importance of exploration, and the role of user-data
interactions in information assimilation play a significant role. These ap-
plication domains are: multimedia personal information management, and
business activity monitoring. We also discuss the design of two systems
based on the principles of experiential computing for these domains.

4.1 Application 1: Multimedia Personal Information
Management

With advances in processing, storage, and sensor technologies over the last
few decades, increasingly digital media of different typesis being used to
capture and store information. In the specific context of personal informa-
tion, this trend has significantly accelerated in the recent past with the in-
troduction of affordable digital cameras, portable audio recorders, and cel-
lular phones capable of supporting, capturing, and storing text such as e
mails or instant messages, images, videos, and sound clips. These devices
are setting a trend with people capturing increasing amounts of multimedia
information to chronicle their day-to-day activities [4]. The emerging area
of personal information management seeks to study challenges associated
with management, presentation, and assimilation of such information.



Rahul Singh and Ramesh Jain

4.2 Specificities of Personal Information Management in
Media Rich Environments

The very nature of personal information management, especially in media
rich environments, introduces specificities that need to be accounted for in
a solution methodology. In this context, some key tendencies and require-
ments that can be gleaned from studies and prior research in the area in-
clude:

e Support for context: Personal information management systems have to
serve the twin functions of finding and reminding. Rich contextual cues,
such as time, space, thumbnails, or previews have been shown to help in
search and presentation of persona information [3, 14, 52]. Addition-
aly, user state and context can also be used as powerful aids, as dis-
cussed earlier in this chapter. Further, presentation of personal informa
tion is typically done not just in terms of isolated media, but by making
it part of a specific personal context. Recent systems have attempted to
provide support for this notion through the use of concepts such as
landmarks (birthdays, deadlines, news events, holidays) [14] and story-
lines[16].

e Co-location of related information: The necessity of co-locating related
information in a system, regardless of their format, can significantly re-
duce the cognitive load on users [14] and help them in assimilating the
information by providing a holistic picture [28].

e Query versus exploration: Short (in terms of word length) and simple
(in terms of Boolean operators involved) queries have typically been the
norm in persona information management systems [14]. It has aso
been noted, that users of such systems tend to favor navigation and
browsing over the use of powerful (but complex) search capabilities [6].
In [28], areview of media-rich applications including personal informa-
tion, sports, and situation monitoring supports the importance of explo-
ration over pure syntactic querying in forming insights based on the
data.

e Flexible information organization: Specific media may simultaneously
be part of different conceptual organizations defined by a user on the in-
formation space [17, 41, 40, 18]. Models, like directories or tables, that
enforce rigid data categorization may constrain the way people like to
structure and explore information. Such problems can be ameliorated by
supporting flexible information organization.

¢ Interactive interactions. Given the multi-modal nature of the available
information and the observed user tendencies to eschew complex que-
ries, highly interactive and iterative query strategies are essential for
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supporting fruitful user interactions with such systems. Recent efforts
have moved in this direction. For example, in [14] and [48] interactive
systems for managing persona information is proposed. In [52] the au-
thors propose query-retrieval of digital images using spatial information
and interactive queries. In all these cases, the systems emphasize inter-
active queries, direct presentation of results, and use of contextual cues
such as time, participants [14, 48] and location [48, 52]. Evaluations of
such systems indicate their efficacy both in terms of quantitative metrics
aswell asinterms of user satisfaction [14, 48].

4.3 An Experiential Approach to Managing Personal
Information: The eVITAe Project

An analysis of the aforementioned problem specificities demonstrates a
close relationship between the challenges that pervade personal multime-
dia information management and the emphasis areas of the experiential
computing paradigm. For instance, issues such as context-support and co-
location of related information are intimately tied to characteristics of ex-
periential systems such as media independent information modeling and
presentation and/or description of spatio-temporal relationships in the data.
Similarly, the preference of users for interactive queries and flexible in-
formation organization observed in personal information management set-
tings eminently fit the emphasis on interactivity that is central in experien-
tial environments. The goal of the eVITAe (electronic-vitae) project [48] is
to research the synergy amongst these issues and develop experiential sys-
tems for management of personal multimedia data. The prototype consists
of three primary components namely event entry, event storage, and event
guery and exploration environment each of which are described below.

4.4 Event Entry

The role of event entry isto acquire all necessary information to create the
event model. For example, such information may include time, location,
participants, or any other domain specific event attribute. As has been
pointed out [52], the primary ways of acquiring such information include
(1) manua entry, (2) from data or data capture devices such as image
headers and GPS enabled cameras [42], (3) from a digital calendar, (4)
from surrounding information, and (5) by media analysis and association.
Currently, eéVITAe supports the first two approaches. To do so, batch proc-
essing scripts have been written to assimilate the media into the database.
These scripts acquire the metadata about the media files and obtain the in-
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formation such as authors (file owner), file name, creation time and a link
to the actual media into the database. The reader may note that techniques
such as clustering [36] and Bayesian networks [35] can aso be applied to
this problem.

4.5 Event Storage

The implementation of the event model in eVITAe can be described
through the entity-relationship diagram shown in Fig. 4. The key element
in this diagram is the entity Event which, as its name suggests, corresponds
to the key notion of the event-based conceptual model. It should be noted
that the notion of an event here compresses the three-layered event model
into a single layer. The Event name is a surrogate for a unique identifier
that is generated for each event when it is created. An event is further de-
scribed by a set of entities that are shown on the left side of Fig. 4. In the
following, we briefly describe each of these entities in terms of the role
they play in the event model:

Spatial Characterization: The entity Space is used to describe the spa-
tial characteristics associated with events and is stored as latitude and lon-
gitude. The location information can be used in visualization and querying
using map-based interfaces (see following section for details). Since, di-
rectly working with latitude-longitude information is cumbersome to most
users, alook-up mechanism is created to map the latitude-longitude data to
names of established places, such as cities along with their associated in-
formation like zip code, state and country. This helps users to interact with
location-based information naturally and obviates the complexity associ-
ated with direct usage of latitude/longitude information

Representation of media: The entity Media is used to denote the media
data which supports a given event. The media data may be referred to by a
URL, aforeign key, or an index into a media-specific database (e.g. an im-
age database). Further, additional information such as the media type may
also be part of the description of this entity. It may be noted, that the model
allows multiple media to support a given event as well as alowing a spe-
cific mediato support different events.
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Fig. 4. ER-Diagram describing the event-model used for personad multimedia
modeling

Representation of participants: In the context of personal media, social
information, such as presence of an individual, can play an important role
in information organization. This is emphasized by studies such as [32],
where it was found that users associate their personal photographs with in-
formation on events, location, subject (defined as a combination of who,
what, when, and where), and time. The entity Participantsis used to depict
such information. It allows, for instance, retrieval of all events (and associ-
ated media) where a specific person was present.

Temporal Characterization: The entity Time is used to model the tem-
poral context of an event. Each event, in the ER-diagram is associated with
a start-time and an end-time. In the case of point events, the start-time
equals the end-time. It should be noted, that the physical implementation
as described by the ER-model implicitly stores the valid time associated
with events. This is because of the fact that in the contemporary setting
many devices used for capturing personal information such as digital cam-
eras (both for still photography and video capture), time-aware audio re-
corders, and electronic communications such as e-mails and instant mes-
sages allow direct and immediate information capture as an event occurs.
However, if the domain semantics require keeping track of the transaction
time, for instance, to have data available only for a specific time period af-
ter it has been published, the model can be extended in a manner similar to
that used for valid time.



Rahul Singh and Ramesh Jain

4.6 Event Presentation and Interaction Environment

In eVITAe, an integrated multimodal interaction environment is used as a
unified presentation-browsing-querying interface. Two views of this envi-
ronment are presented in Fig. 5 and depict its main components. The sys-
tem employs direct manipulation techniques [26] to facilitate a natural
user-system interaction. In this paradigm, users can directly perform dif-
ferent kinds of operations on items (events) of interest. Furthermore, com-
bining the query and presentation space alleviates the cognitive load from
the user’s part unlike traditional query environments. Time and space are
the primary attributes of the event definition, and hence are depicted as the
primary exploration dimensions. Auxiliary panels are used to show the de-
tails of the events, and their attributes. Options for zooming, filtering, ex-
traction, viewing relations, and details-on-demand are provided to help us-
ers interact with the information space. In the following, we discuss in
greater details, the key aspects of the presentation and exploration envi-
ronment:

Event representation: In the eventCanvas pane, events are represented
through a recursive graphical representation called an event-plane. It con-
sists of a rectangle which spans the duration of the event. The media, sup-
porting an event, are represented by icons on the event-plane. Within an
event-plane, the icons representing the media are chronologically ordered
in terms of their capture times. The recursive nature of the event-plane is
used to capture aggregate relationships where an event may comprise of
other events. Such relationships, when they exist, are depicted using nested
event planes. The primary purpose of such a representation is to provide
users with a high-level view of the information that is independent of me-
dia specificities. When an event is selected, details about information asso-
ciated with it such as the supporting media or alphanumeric attributes are
automatically brought up in the mediaDetail Canvas and the attributeCan-
vas respectively. When a user needs to explore a specific event in detail,
the media supporting an event is displayed in the mediaDetailCanvas by
clicking on the event-plane icon of the corresponding event. When an
event is thus selected, any available non-media attributes or a phanumeric
meta-data related to it are simultaneously displayed in the attributeCanvas.
Users have the option to see the actual media by clicking on a media icon
in the eventCanvas. Selection of a specific media instance via clicking
spawns a window which triggers the appropriate application for that par-
ticular kind of media.
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Fig. 5.Two views of the event presentation and exploration environment in eVi-
TAe: The screenshot on the left shows the overview of the information. The one
on the right shows details of the event on spatial and temporal zoom-in. In both
the views the top left pane is the eventCanvas where a chronologically ordered
view of eventsis presented. The top right pane is used for visualization and inter-
actions with the spatia aspects of the data. The bottom left pane is called the me-
diaDetailCanvas. Here, details of the specific media instances supporting an event
are shown. Finally, the lower right pane, called the attributeCanvas, shows the
non-media data, such as participant names or event descriptions, associated with a
selected event.

Interactions with the temporal aspects of information: Events are de-
fined over space and time. The eVITAe system not only captures this no-
tion through event modeling, but also provides intuitive ways to visualize
the spatio-temporal dimensions of the data. With respect to time, in the
eventCanvas (see Fig. 5), a temporal distribution of events is presented
with the events being ordered chronologically from left to right. A key op-
eration supported in the eventCanvas is tempora zooming. Through it, us-
ers can zoom into a particular time interval to find more details about that
time period (Fig. 5, right screenshot) or zooming out to see the overall dis-
tribution of events on the temporal axis. Support for local zooming (zoom-
ing within a specific interval) is also provided to allow focusing on a spe-
cific period for details, without the display getting cluttered by details over
the entire timeline. Further, the semantic fisheye-view technique [29] is
used to highlight the objects of current focus in the timeline while the user
moves the slider across the timeline and zooms into a particular time inter-
val. User can also select multiple intervals in the timeline, thereby creating
multiple foci of the fish eye view.

Interactions with spatial information; Spatial information isdisplayed in
the top-right panel of the eVITAe interface (see Fig. 5) and shows the over-
all distribution of events over space. The spatial display supports option to
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zoom down to a particular location by dragging a rectangle which contains
that location (Fig. 5, right screenshot), and options to zoom out by clicking
on the zoom out icon to get an overall picture of the information space.
Furthermore, panning of the entire space is also supported. The spatial
canvas in eVITAe has been implemented using an open source JavaBeans
package called OpenMap [5]. A Mercator projection [39], in which me-
ridians and parallels of latitude appear as lines crossing at right angles and
areas farther from the equator appear larger, is used to display the various
maps.

Interactions with alpha-numeric information: The presentation of al-
phanumeric information such as names of participantsin an event or event
descriptions is done using the attributeCanvas. Queries on events with re-
spect to aphanumeric information can aso be issued here. For example, to
find all events having a specific participant a user would select the attrib-
ute “participants’ in the attributeCanvas and type the name of the desired
participant. The database is then queried for this information and the query
results are displayed by highlighting the pertinent events in the eventCan-
vas.

Dynamic and Reflective User Interface: In a system having multiple si-
multaneous views of the data, such as eVITAe it isimportant to be able to
establish relationships between different views of the dataset, such that any
activity in one view is reflected in all the others. Such a capacity is essen-
tial for maintaining context as users interact with the information in differ-
ent manners within each view. In eVITAe al the views of the data are
tightly coupled through the database. For example, selecting an event in
the timeline view leads to that event getting highlighted in the spatial view.
Simultaneously, the details of that event are displayed in the mediaDetail-
Canvas and different attributes of the events are brought-up in the attrib-
uteCanvas. This in conjunction with support for rapid, incremental, and
multi-modal interactions enables users to explore and “experience’ the in-
formation from different perspectives.

4.7 Application 2: Business Activity Monitoring Application

Applications such as business activity monitoring (BAM) and homeland
security must draw from a large network of disparate data sources, includ-
ing databases, sensors, and systems in which datais entered manually. The
goal of BAM isto alow a unified interface so that a manager can use it to
monitor the status of activities at different locations and to analyze the
causes of past events. In al such applications, rea time data analysis must
be combined with real time data assimilation from all sources to present a
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unified model of the situation in an intuitive form. Techniques and tools
developed for traditional database applications, such as payroll databases,
are not adequate for this problem because a typical user is interested in ex-
ploratory formulations, such as understanding what could be the problem
situations and why did they occur. In this context we note that data mining
techniques are suitable when a hypothesis has been formed, but tools must
first help in generating that hypothesis.

A cornerstone of our approach to this problem has been to create an en-
vironment that provides a holistic picture of al available information. By
looking at the holistic picture, hypothesis can be formulated and then stud-
ied. Towards this we have developed an approach for implementing BAM
systems that uses event-based domain model and the metadata to construct
a new index that is independent of the data types and data sources. Spe-
cific event models have been developed for saes, inventory, and market-
ing domains. These models draw information from different databases, of-
ten from across the world, and unify this data around the domain events for
each specific case. The reader may note that data in this problem does not
display significant physical heterogeneity. However, the information as-
similation challenges remain acute owing to the complexity and logical
heterogeneity of the information.

All the events are stored in a database that is called eventbase. Similar
to the problem of personal information management, the links to al origi-
nal data or data sources are very important. These links are used to present
appropriate media in the context of corresponding events. A strong inter-
active environment has been developed for users to interact with this sys-
tem and gain insights through observations and analysis. The advantages
of the approach include: (a) pre-processing important information related
to events and objects based on domain knowledge, (b) presenting informa-
tion using domain based visualization, and (c) providing a unified access
to all information related to an event in terms of valid time. As an interac-
tive environment for the system, an interface called the EventViewer has
been developed which offers multidimensional navigational and explora-
tion capabilities. An application screen of the EventViewer for the BAM
applicationis shownin Fig. 6.
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For an event three basic characteristics are its name and class, the loca
tion, and the time. As shown in the top left part of the screen in Fig. 6, a
user can navigate through the class ontology hierarchy. Navigation through
the location and time dimensions is either through zooming or by moving
along different directions using simple natural controls. These traversals
are very similar to those in video games. One can select parts of a map
ranging from part of a room to the map of the world. Similarly, on the
time line, one could be in the range of microseconds to centuries, or even
larger scales when required. Once a user selects specific event classes, a
region on the map, and atime interval, the system responds by presenting
al events (and their selected attributes), satisfying these constraints. This
information is presented by using the following three representations: (1)
as alist in the space provided for event lists, (2) as symbols displayed on
the location map, and (3) as symbols displayed at appropriate time points
on the time line. These three representations are tightly linked. For in-
stance, if an item in the list is selected, it gets simultaneously highlighted
in the location and time displays. Such an approach to information search
isaquintessential example of the WY SIWY G search philosophy.
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A mgjor goal of the BAM environment, as mentioned earlier, is to pro-
vide an intuitive feel of what events may have occurred and how they are
related to other events and information. By presenting events on a map as
well as on a time line, the context of the events is maintained and dis-
played to auser. A user can then refine the search criteria and as the crite-
ria are refined, the results change appropriately. This instantaneous feed-
back allows users to experiment with the data set and develop insights and
form hypotheses. When a user is interested in knowing more about a spe-
cific event, he or she can explore that event by double clicking on its rep-
resentation in any of the three display areas. The system then provides all
the data sources (like audio, video, or text) related to the selected event.

5. Conclusions

Traditional interface to database systems have been designed under the as-
sumption that their role is to provide precise information as a response to
precise queries. This model implicitly assumes that exact queries can be is-
sued to obtain all relevant information. Therefore, such interfaces are not
required to be interactive. Homogeneity in data, relatively small data vol-
umes, and strongly structured application domains ensure the success of
such information centric approaches. However, the volume and nature of
the data being stored in databases today is significantly different than what
was common a decade or more ago. Moreover, databases are being used
for different roles now; the evolution in technology has put databases in
the heart of systems where people seek not just data but information and
insights. Dealing efficaciously with this new scenario requires query envi-
ronments to become more exploratory and interactive.

Towards this, in this chapter, we have presented the idea of experiential
environments for facilitating user-data interactions. In this paradigm, in-
formation is presented in a manner that seeks to take advantage of the sen-
tient nature of human beings along with their cognitive and sensory abili-
ties to experience and assmilate information. As examples, two
experiential systems for supporting user interactions in different applica-
tion contexts are presented. With the ever increasing availability of hetero-
geneous, media-rich data and requirements for supporting information as-
similation across them, we believe, that the ideas of experientia
environments will find active use in both research and development.
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