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Abstract

In the design of multimedia systems, one of the important
issues is how to deal with “Kansei” of human beings. The
concept of “Kansei” in Japanese includes several meanings
on sensitive recognition, such as “impression,” “human
senses,” “feelings,” “sensitivity,” “psychological reaction”
and “physiological reaction.”

This paper presents a new concept of “automatic
decorative-multimedia  creation” and a semantic
associative computation method. This method realizes
automatic main-media  decoration with dynamic
sub-media data selection for representing main-media as
decorative multimedia. The aim of this method is to create
a new field of “automatically decorative media art” with
“semantic associative computing.”

This paper defines an “automatic media decoration
model” with semantic spaces and media-decoration
functions. Automatic media decoration is realized by
applying the Mathematical Model of Meaning (MMM) to
a media-transmission space for computing semantic
correlations between main-media objects and sub-media.

The process of this dynamic media decoration method
consists of the following functions:

(1) Extraction of semantic “Kansei” features of
“main-media object,” such as music, image and video.

(2) Mapping of the main-media object onto the
media-transmission space between main-media and
sub-media.

(3) Semantic associative computation of correlations
between the main-media object and the features of the
sub-media space by MMM, and creating a vector of
the main-media object with the features of the
sub-media space.

(4) Mapping of the vector of the main-media object to the
sub-media space, and semantic associative computing
between the main-media object and sub-media data.
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(5) Semantic ranking of sub-media objects as the result of
the semantic associative computation, and selects one
of the sub-media objects with high correlation values
to the target main-media object.

(6) Automatic rendering of the target main-media object
with the selected sub-media object for decorating the
main-media presentation.

This paper shows several significant applications of the
semantic associative computation method for “automatic
decorative media creation.”

1 Introduction

In the field of multimedia systems, the concept of “Kansei”
is related to data definition and data retrieval with
“Kansei” information for multimedia data, such as images,
music and video. The important subject is to retrieve
images, music and stories dynamically according to the
user's impression given as “Kansei” information.

The field of “Kansei” information was originally
introduced as the word “aesthetics” by Baumgrarten in
1750. The aesthetics of Baumgrarten had been established
and succeeded by Kant with his ideological aesthetics [5].
In the research field of multimedia database systems, it is
becoming important to deal with “Kansei” information for
defining and extracting media data according to
impressions and senses of individual users. In the field of
“Kansei” database systems, the essential functions for
dealing with “Kansei” in database systems can be
summarized as follows:

(1) Defining “Kansei” information to media data
(metadata definition for media data).

(2) Defining “Kansei” information for user's requests
(metadata definition for user's requests (user's
keywords) with “Kansei” information).

(3) Computing semantic correlations between “Kansei”
information of media data and a user's request

(4) Adapting retrieval results according individual
variation and improving accuracy of the retrieval
results by applying a learning mechanism to metadata
of media data (learning mechanism for metadata).

There are several research projects to realize these
functions. In the design of the “Kansei” information for
media data, the important issues are how to define and



represent the metadata of media data and how to search
media data dynamically, according to user's impression
and media data contents. Creation and manipulation
methods of metadata for media data have been
summarized in [5], [20].

As a semantic associative search method for
multimedia database systems dealing with “Kasei”
information, we have proposed the Mathematical Model of
Meaning (MMM) [10], [11], [13].

The MMM is a basic model for realizing a semantic
associative search method with context recognition
mechanisms for computing semantic distances and
correlations between different media data, information
resources and words. One of the important applications,
we have presented a semantic associative search system
for images [11], [14].

The important feature of this model is that the data
objects in databases are mapped into an orthogonal
semantic space and extracted by a semantic associative
search mechanism [11], [14]. This method realizes the
computational machinery for recognizing the meaning of a
keyword according to a context (context words) and
obtaining the related data objects to the keyword in the
given context.

The MMM is applied to a semantic image and music
search, as a fundamental framework for representing the
metadata and searching images and music. The main
feature of this model is that the semantic associative search
is performed unambiguously and dynamically in the
orthogonal semantic space. This space is created for
computing semantic equivalence or similarity between
user's impression and image's metadata items which
represent the features of image data.

We point out that context recognition is essentially
needed for multimedia information retrieval. The meaning
of information is determined by the relation between
contents and the context. The machinery for realizing
dynamic context recognition is essentially important for
multimedia information acquisition.

The advantages and original points of the MMM are as
follows:

(1) The semantic associative media search based on
semantic computation for words is realized by a
mathematical approach. This media search method
surpasses the search methods which use pattern matching
for associative search. Users can use their own words for
representing impression and data contents for media
retrieval, and do not need to know how the metadata of
media data of retrieval candidates are characterized in
databases.

(2) Dynamic context recognition is realized using a
mathematical foundation. The context recognition can be
used for obtaining multimedia information by giving the
user's impression and the contents of the information as a
context. A semantic space is created as a space for
representing various contexts which correspond to its
subspaces. A context is recognized by the computation for
selecting a subspace.

Several information retrieval methods, which use the
orthogonal space created by mathematical procedures like
SVD (Singular Value Decomposition), have been
proposed. The MMM is essentially different from those

methods using the SVD (e.g. the Latent Semantic Indexing
(LSI)) method [3]. The essential difference is that our
model provides the important function for semantic
projections which realizes the dynamic recognition of the
context. That is, the context-dependent interpretation is
dynamically performed by computing the distance
between different media data, information resources and
words. The context-dependency is realized by dynamically
selecting a subspace from the entire orthogonal semantic
space, according to a context. In MMM, the number of
phases of contexts is almost infinite (currently 2°°”° in the
general English word space and 2'® in the color-image
space, approximately). For semantic associative
computations of “Kansei” information in MMM, we have
constructed several actual semantic spaces, such as the
general English-word space in 2115 dimensions, the
color-image space in 183 dimensions, and music space in 8
dimensions in the current implementations.

We have applied this method to several multimedia
database applications, such as image and music database
search by impressionistic classification. We have
introduced these research results in [11], [14] and [15].
Through these studies, we have created a new meta-level
knowledge base environment by applying those methods
to data retrieval, data integration and data mining [12],
[16].

A learning mechanism is very important for database
systems dealing with “Kansei” information to adapt search
results according to individual variation and to improve
accuracy of the search results. Generally, multimedia
database systems dealing with “Kansei” information might
not always select accurate and appropriate media data
from databases, because the judgment of accuracy for the
search results is highly related to individual variation. In
the learning process, if inappropriate search results for a
request are extracted by the system, accurate data items
which must be the search results are specified as
suggestions. Then, the learning mechanism is applied to
the system to extract the appropriate retrieval results in
subsequent requests. We have designed several database
systems dealing with “Kansei” information for searching
and extracting media data according to the user's
impression and the image's contents. Those systems
provide learning mechanisms for supporting adaptability
to individual variations in “Kansei” [11], [14].

In this paper, we present a new concept of “automatic
decorative media creation” and a semantic associative
computation method realizing automatic sub-media data
selection and main-media decoration for representing a
main-media object as decorative multimedia, as shown in
Figure 1.

The important features of this method are summarized
as follows:

(1) Main-media representation is automatically decorated
by sub-media data with the semantic associative
computation between a main-media object and
sub-media data. The “Kansei” information of the
main-media object is used as a context to compute
semantic association and selection to the sub-media
data in MMM.

(2) Each main-media object is mapped in the
media-specific semantic space corresponding to the



main-media, and then, it is mapped onto the related
sub-media space by using semantic associative
computation in MMM, through a media-transmission
space. Two semantic spaces and a media-transmission
space are used for computing semantic correlations
between different media data in our automatic
decorative multimedia creation.

This method will lead to various applications for
decorative multimedia creation as follows:

(A-1) “decorative music rendering with images, according
to the impression and “Kansei” of the music,

(A-2) “decorative video rendering with color visualization
according to impression transition of a video story”,

(A-3) “decorative text (novel) representation with the
appropriate fonts, according to the impression of a
story.

(A-4) “decorative image presentation with music
according to the impression and “Kansei” of the
image,

(A-5) “automatic decoration of a room with appropriate
room lighting, according to the situation and context
of the room,

(A-6) “automatic Web-page decoration with appropriate
fonts and colors according to the impression of the
page content.

In this paper we show several significant applications of
the semantic associative computation method for
“automatic decorative media creation” related to (A-1) and
(A-2).
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Figure 1: The overview of automatic decorative
multimedia creation

2  The Semantic Associative Search Method

In this section, the outline of the Mathematical Model of
Meaning (MMM) is briefly reviewed. This model has been
presented in [10], [11] and [13] in detail.

In the Mathematical Model of Meaning, an orthogonal
semantic space is created for realizing the semantic
associative search. Retrieval candidates and queries are
mapped onto the semantic space. The semantic associative
search is performed by calculating correlations of the
retrieval candidates and queries on the semantic space.

2.1

To create the semantic space, a dictionary is selected and
utilized. We refer to the basic words that are used to
explain all the vocabulary entries in the dictionary as
features [1]. For example, in a dictionary, an entry term
“beautiful” is explained by the features “good,” “sort,”
“beautiful” etc. as shown in Figure 2.

Creation of the semantic space

beautiful [a.] good of its sort :

beautiful good sort beautiful
small [a.] opp.-greatin size, degree etc. :
small -great size degree small
data matrix (LD)
M reat_good size sort ... woodland
- 0 1 0 o 1 0 1 0
beautiful
small 0o .. 0 1 4 0 1 0 . o0
(LD)

«Items: Basic words in Longman Dictionary of Contemporary English (LD) (2115words)

Figure 2: The matrix M for semantic space
creation in MMM (The matrix is constructed
based on a dictionary.)

When m terms are given as the vocabulary entries in the
dictionary and » features are utilized to explain all these
terms, an m by n matrix M is constructed for the space
creation. Each term in the matrix M is characterized by the
n features.

For example, the term “beautiful” is characterized by
the features “good,” “sort,” “beautiful,” etc. When a
feature, for example, “good,” is used for explaining the
term “small,” the value of the entity at the row of
“beautiful” and the column “good” is set to “1” as shown
in Figure 2.

In the case of “small,” for example, in Figure 2, the
term is characterized by the features “great,” “size,”
“degree,” etc. When a feature, for example, “degree,” is
used for explaining the term “small,” the value of the
entity at the row of “small” and the column “degree” is set
to “1”. If a feature is used as the negative meaning, for
example, the feature “great,” the column corresponding to
this feature is set to the value “-1.” If features are not used
to explain terms, the columns corresponding to those
features are set to “0.” As the features “ability” and
“beautiful” are not used to explain the term “small,” the
characterized value of these two features is “0.”

By using this matrix M, the orthogonal space is created
as the semantic space based on a mathematical method.

2.2 An overview of the Mathematical Model of
Meaning

In the Mathematical Model of Meaning, an orthogonal
semantic space is created for semantic associative search.
Retrieval candidates and queries are mapped onto the
semantic space. The semantic associative search is
performed by calculating the correlation of the retrieval
candidates and the queries on the semantic space in the
following steps:

(1) A context represented as a set of impression words is

given by a user, as shown in Figure 3 (a)..



(2) A subspace is selected according to the given context
as shown in Figure 3 (b).

(3) Each information resource is mapped onto the
subspace and the norm of Al is calculated as the
correlation value between the context and the
information resource, as shown in Figure 3 (c).
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Figure 3: Semantic associative search in MMM

In MMM, the semantic interpretation is performed as
projections of the semantic space dynamically, according
to contexts, as shown in Figure 4.
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Figure 4: Semantic interpretation according to
contexts in MMM

2.3 Metadata structures in MMM

In the MMM, an orthogonal semantic space is defined and
information resources are mapped onto the space for
computing semantic correlations between associated
information resources according to various contexts.

To compute semantic correlations, context words that
represent the user's impression and data contents are given
as a context. According to these context words, a
“semantic subspace” is selected dynamically. Then, the
most related information resource to the context is
extracted by computing semantic correlations in the
selected semantic subspace.

Metadata items are classified into three different kinds.
The first kind of metadata items is used for the creation of
the orthogonal semantic space, which is used as a search
space for semantic associative search. These data items are
referred to as “data-item for space creation.”

The second kind of metadata items is used as the
metadata items of the information resources, which are the
candidates for semantic associative search. These

metadata items are referred to as “metadata for
information resources.”

The third kind of metadata items is used as context
words, which represent user's impression and data contents
in semantic associative search. These metadata items are
referred to as “metadata for contexts.”

The metadata structures in the MMM are summarized

as follows:

(1) Creation of the semantic space:

To provide the function of semantic associative search,
basic information on m data items ("data-items for space
creation") is given in the form of a matrix. Each data item
is provided as fragmentary metadata which are
independently represented one another. No relationship
between data items is needed to be described. The
information of each data item is represented by n features
as n-dimensional vector. The m basic data items are given
in the form of an m by n matrix M. For given m basic data
items, each data item is characterized by n features. Then,
each column of the matrix is normalized by the 2-norm in
order to create the matrix M.

The eigenvalue decomposition of MM is computed.

2,

M'M=0 v o', 0<v<n.

The orthogonal matrix Q is defined by
0=(q1-92>9,)" -

We call the eigenvectors "semantic elements." Here, all
the eigenvalues are real and all the eigenvectors of
{91.95,+,q,} are mutually orthogonal because the

matrix M"M is symmetric.

The orthogonal semantic space MDS is created as a
linear space generated by linear combinations of
{qlan’”'iqv} . We note that {qlan"”’CIV} is an
orthogonal basis of MDS.

The number of the semantic elements is 2", and
accordingly it implies that 2" different phases of meaning
can be expressed by this formulation.

(In this space, a set of all the projections from the
orthogonal semantic space to the invariant subspaces
(eigen spaces) is defined. Each subspace represents a
phase of meaning, and it corresponds to a context.)

(2) Representation of information resources and contexts
in n-dimensional vectors:

Each of the information resources is represented in the
n-dimensional vector whose elements correspond to n
features used in (1). These vectors are used as "metadata
for information resources". The information resources are
the candidates for semantic associate search in this model.
Furthermore, each of context words, which are used to
represent the user's impression and data contents in
semantic associative search, is also represented in the
n-dimensional vector. These vectors are used as "metadata
for contexts."



2.4 The outline of semantic associative search in
MMM
The outline of the MMM is expressed as follows:

(1) A set of m words is given, and each word is
characterized by n features. That is, an m by n matrix
M is given as the data matrix.

(2) The correlation matrix MM with respect to the n
features is constructed from the matrix M. Then, the
eigenvalue decomposition of the correlation matrix is
computed and the eigenvectors are normalized. The
orthogonal semantic space MDS is created as the span
of the eigenvectors which correspond to nonzero
eigenvalues.

(3) Context words are characterized by using the n
features and representing them as n-dimensional
vectors.

(4) The context words are mapped into the orthogonal
semantic space by computing the Fourier expansion
for the n-dimensional vectors.

(5) A set of all the projections from the orthogonal
semantic space to the invariant subspaces (eigen
spaces) is defined. Each subspace represents a phase
of meaning, and it corresponds to a context or
situation.

(6) A subspace of the orthogonal semantic space is
selected according to the user's impression expressed
in n-dimensional vectors as context words, which are
given as a context represented by a sequence of
words.

(7) The most correlated information resources to the
given context are extracted in the selected subspace
by applying the metric defined in the semantic space.

3  Semantic Associative Search for Image
Media

The MMM can be used to realize a semantic associative

search system for image media.

The basic function of semantic associative search is
provided for context dependent interpretation. This
function performs the selection of the semantic subspace
from the semantic space. When a sequence s* of context
words for determining a context is given to the system, the
selection of the semantic subspace is performed. This
selection corresponds to the recognition of the context,
which is defined by the given context words. The selected
semantic subspace corresponds to a given context. The
metadata item for the most correlated image to the context
in the selected semantic subspace is extracted from the
specified image data item set. Semantic associative search
is performed by the following procedure:

1. When a sequence of the context words for
determining a context (the user’s impression and the
image’s contents) are given, the Fourier expansion is
computed for each context word, and the Fourier
coefficients of each context word with respect to each
semantic element are obtained. This corresponds to
seeking the correlation between each context word
and each semantic element.

2. The values of the Fourier coefficients for each
semantic element are summed up to find the

correlation between the given context words and each
semantic element.

3. If the sum obtained in the step 2 in terms of each
semantic element is greater than a given threshold, the
semantic element is employed to form the semantic
subspace. This corresponds to recognizing the context
which is determined by the given context words.

4. By using the norm calculation as a metric in the
semantic subspace, the metadata item for the image
with the maximum norm is selected among the
candidate metadata items for images in the selected
semantic subspace. This corresponds to finding the
image with the greatest association to the given
context.

4  An automatic media-decoration model

In this section, we present a new concept of “automatic
decorative multimedia creation” by applying the MMM to
automatic sub-media data selection for decorating a
main-media object. To realize this concept, we define an
“automatic media decoration model” with semantic spaces
and media-decoration functions. The overview of this
model is shown in Figure 5.

4.1 Basic semantic spaces and a

media-transmission space

We define two semantic spaces and a media-transmission
space (matrix) for computing semantic correlations
between main-media objects and sub-media.

(1) M-Space (Main-media semantic space)
Each main-media object or each impression word

expressing impression of a main-media object is defined as
an M-Space vector with m main-media-features.
(2) S-Space (Sub-media semantic space):

Each sub-media object or each impression word
expressing impressions in a sub-media object is defined as
an S-Space vector with n sub-media-features. In this space,
various sub-media objects are mapped in advance, as
retrieval candidates, in S-Space for decorating the
main-media object.

(3) MS-Space (Main-media and Sub-media transmission
space):

Each of m features of Main-media is expressed in the n
features of Sub-media in the MS space. The MS-space is
defined as a (m, n) matrix for transmitting an M-space
vector into its corresponding S-space vector.

4.2 Basic functions for media decoration:

In this method, basic functions for decoration of a
main-media object with sub-media are defined:,

Step-1: maps a target main-media object onto the M-Space
as the M-space vector for the decoration target, by
expressing the object as an m-dimensional vector with the
m features.

Step-2: computes correlation values between the M-space
vector and each sub-media feature in the MS-Space
(Main-media and Sub-media transmission space) by the
Mathematical Model of Meaning (MMM), and creates an



S-Space vector (target-S-Space vector) as the transmitted
vector of the main-media object.

Step-3: maps the target S-Space vector expressing the
main-media object onto the S-Space.

Step-4: executes the semantic associative search processes
by the MMM between the target S-Space vector and the
candidate sub-media objects which have been mapped
onto the S-Space in advance. (In MMM, the target S-Space
vector is mapped as a context vector in S-Space, and
candidate sub-media objects are mapped as retrieval
candidates in S-Space.)

Step-5: outputs semantic ranking of sub-media objects as
the result of our semantic associative search processes, and
selects one of the sub-media objects with high correlation
values to the target main-media object.

Step-6: renders the target main-media object with the
selected sub-media object for decorating the main-media
presentation with the selected sub-media data.
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mapping sub-media objects
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Main-media Semantic Space
for mapping a target main-
media object (mm-i)

Figure 5: Automatic decorative multimedia creation
by the semantic associative computation method

5. Applications of “automatic decorative

multimedia creation”

In this section, we present several applications of the
automatic decorative multimedia creation by our semantic
associative computation method.

(1) Music decoration with images:

This application is automatic “music decoration with
images,” as shown in Figures 6 and 7. This decoration
process consists of 6 steps.

Step-1: generates the metadata (in a form of a vector in the
“music semantic space”) of music-media object, as a
main-media object.

Our research project has proposed several automatic
impression metadata generation methods for music [§],
[21]. In this step, we use the metadata generation method
to create impression metadata of music data [8]. This
method applies the music psychology by K. Hevner [6],
[7] to automatic extraction of music impression.

Step-2: generates the metadata (in a form of a vector in the
“image semantic space”) of each image-media object in
the image collection, as the collection of sub-media object.

Our research project has also proposed several
automatic impression metadata generation methods for
images. In this step, we apply one of the metadata

generation methods to create metadata of image data [11],
[14].

Step-3: maps the metadata of the music-media object to
the metadata in the image-media space, by using the
MS-space (“Main-media and Sub-media transmission
space”).

In this step, we apply a main-media and sub-media
transformation space by using the relationships between
the features of music and those of images in colors, which
are created by artists and psychologists. This space
consists of the correlations between the impression words
of music and images.

Step-4: calculates semantic correlations between the
music-media object and image-media objects in the
“image semantic space.”

In this step, we apply the MMM to calculate the
impression correlation between music and images.

Step-5: outputs the semantic ranking of image-media
objects as the result of our semantic associative
computation process, and selects image-media objects
with high correlation values to the target music-media
object.

This step outputs the correlation values of image data in
ascending order.

Step-6: renders the music-media object with the selected
images as the music-media decorated with images.

This step is a rendering process for music decorated
with images.
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Figure 6: Music decoration with images by automatic
decorative multimedia creation

[Ask Me Why |

[Anna) [T am the Walrus) [Good Morning|

Time

Figure 7: Decoration for music-collections (the Beatles
music collection) with images

(2) Color-based impression analysis for video and
decoration with “Kansei” information



We have designed an experimental system for video
analysis in terms of “Kansei” information expressed by the
color-impression, as shown in Figure 8. This system
realizes a color-based impression analysis for video-media.
This system creates a story-line in impressions by
analysing colors in each frame composing a video stream
[19].
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Figure 8: Video analysis in colors for decorating video
with “Kansei” information

In this system, we have created the color-impression space
using 120 chromatic colors and 10 monochrome colors
defined in the “Theory of Colours” [4] and “Color Image
Scale” [17] based on the Munsell color system. We used
183 words, which are also defined as cognitive scales of
colors in the Color Image Scale, as impression words in
the process of construction of color-impression space,
shown in Figure 9. To generate a color histogram of each
frame composing video, we used 130 colors in Figure 10,
the same number of colors used in the color-impression
space. This system converts RGB values to HSV values
per pixel of each image, clusters them into the closest color
of 130 colors, and calculates the percentage of each color
to all pixels of the image [18]. The 183 color schemas are
defined as color-impression variations by using the 130
basic color features, as shown in Figure 9. By correlation
calculations between 180 color schemas and 130 basic
colors, this system extracts the color-impression for each
frame composing a video, and creates a sequence of
color-impressions of the video along the timeline, as
shown in Figures 11, 12, 13 and 14.

In the color-impression space used as the main-media
space, this system creates a sequence of color-impressions
of the video and applies it to decorate the video with
sub-media, such as music or images, by using the semantic
associative computation method.
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Figure 9: Image-media features in 183 color schemas
in impressions related to 130 color variations
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Figure 10: Munsell 130 Basic Colors for extracting
color schemas in impressions
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Figure 11: The video-media story expressed in color
schemas along the timeline
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Figure 12: Video analysis for expressing 183 color
schemas in each frame composing the video
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Figure 14: Video-media decoration with
impression-transition in color schemas along the
timeline

(3) Music-media decoration with tonality-transition in
colors

The experimental system realizes music-media
decoration with colors along tonality-transition in music.
This system renders music with the visualization of
tonality-transition in colors [9]. Figure 15 shows a
music-media decoration with tonality-transition in colors
for 15 music compositions, J.S.Bach’s Invention
No.1—No.15. The system analyses a MIDI file as a data
source for each music composition and generates music
features extracted by tonality-analysis, musical segment
analysis and tempo analysis. For analysing tonality
transition of music, we have applied the
Krumhansl-Schmuckler algorithm to MIDI files as a
tonality-finding method. Figure 16 represents the tonality
transition of music “Sarabande” in colors. Those music
features of tonality are automatically extracted and
mapped to the music-media space along the timeline. Then,
our semantic associative computation method is applied to
music rendering for decorating it with colors.

Figure 15: Music-media_decoration for J.S.Bach’s
Invention No.1—No.15 with tonality-transition in
colors along the timeline
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Figure 16: Music-media decoration with tonality
transition of “Sarabande” in colors along the timeline

5 Conclusion

In this paper, we have presented a new concept of
“automatic decorative multimedia creation” and a
semantic associative computation method. This method
realizes automatic main-media decoration with sub-media
data selection for representing a main-media object as
decorative multimedia.

We have reviewed the Mathematical Model of Meaning
(MMM) applied to automatic decorative multimedia
creation as a basic model for semantic associative
computing for multimedia creation. This model is used as
a basic computational model for computing semantic
correlations between different media data with context
computation mechanisms.

This paper has also defined an ‘“automatic media
decoration model” with semantic spaces and
media-decoration functions. This model defines several
functions for realizing automatic decorative multimedia
creation by semantic associative computations for images,
music and video.

We have implemented several experimental decorative
multimedia creation systems for music, images and video
media to clarify the feasibility of “automatic decorative
multimedia creation” and a semantic associative
computation method. As our future work, we realize
automatic decorative multimedia creation environments
for various application fields. We also create an on-the-fly
automatic decorative multimedia creation system for
dynamic video representation decorated with various
media data.



Acknowledgments

We would like to thank Prof. Takashi Kitagawa
(University of Tsukuba) as a co-designer of the
Mathematical Model of Meaning (MMM). We would also
like to thank our MDBL project members in Keio
University for valuable experiments in multimedia
database systems.

6  References

[1] “Longman Dictionary of Contemporary English”,
Prentice Hall College Div, 2006.

[2] Chen, X. and Kiyoki, Y., “4 Visual and Semantic
Image Retrieval Method Based on Similarity
Computing with  Query-Context  Recognition,”
Information Modelling and Knowledge Bases, Vol.
XVIII, pp.245-252, May 2007.

[3] Deerwester, S., Dumais, S. T., Landauer, T. K.,
Furnas, G. W. and Harshman, R. A., “Indexing by
latent semantic analysis,” Journal of the American
Society for Information Science, Vol.41, No.6,
pp-391-407, 1990.

[4] Goethe, W. J., “Theory of Colours,” trans. Charles
Lock Eastlake, Cambridge, Massachusetts: The M.I.T.
Press, 1982.

[5] Harada, A. (eds.), “Report of modeling the evaluation
structure of KANSET”, 1997.

[6] Hevner, K., “Expression in Music: A Discussion of
Experimental Studies and Theories,” Psychological
Review, Vol.42, pp.186-204, 1935.

[71 Hevner, K., “Experimental Studies of the Elements of
Expression in  Music,” American Journal of
Psychology, Vol.48, pp.246-268, 1936.

[8] Ijichi, A. and Kiyoki, Y., “A Kansei Metadata
Generation Method for Music Data Dealing with
Dramatic Interpretation,” Information Modelling and
Knowledge Bases, Vol.XVI, IOS Press, pp. 170--182,
(May, 2005).

[9] Imai, S., Kurabayashi, S. and Kiyoki, Y., “4 Music
Retrieval System Supporting Intuitive Visualization by
the Color Sense of Tonality,” Proceedings of the 24th
IASTED International Multi-Conference
DATABASES AND APPLICATIONS (DBA2006),
pp-153-159, Feburary 2006.

[10]Kitagawa, T. and Kiyoki, Y., “4 mathematical model
of meaning and its application to multidatabase
systems,” Proc. 3rd IEEE International Workshop on
Research Issues on Data Engineering: Interoperability
in Multidatabase Systems, pp.130-135, April 1993.

[11]Kiyoki, Y., Kitagawa, T. and Hayama, T., “4
metadatabase system for semantic image search by a
mathematical model of meaning,” ACM SIGMOD
Record, Vol.23, No. 4, pp.34-41, Dec. 1994.

[12]Kiyoki, Y. and Kitagawa, T., “A semantic associative
search  method for knowledge acquisition,”
Information Modelling and Knowledge Bases (IOS
Press), Vol. VI, pp.121-130, 1995.

[13]Kiyoki, Y., Kitagawa, T. and Hitomi, Y., “4
Sfundamental framework for realizing semantic

interoperability in a multidatabase environment,”
International Journal of Integrated Computer-Aided
Engineering, Vol.2, No.l(Special Issue on
Multidatabase and Interoperable Systems), pp.3-20,
John Wiley & Sons, Jan. 1995.

[14]Kiyoki, Y., Kitagawa,T. and Hayama, T., “4
Metadatabase System for Semantic Image Search by a
Mathematical Model of Meaning,” Multimedia Data
Management -- using metadata to integrate and apply
digital media --," McGrawHill(book), A. Sheth and W.
Klas(editors), Chapter 7, March 1998.

[15]Kiyoki, Y., “A Semantic Associative Search Method
for WWW Information Resources,” Proceedings of
IST International Conference on Web Information
Systems Engineering, (invited paper), 2000.

[16]Kiyoki,Y. and Ishihara, S., “A Semantic Search Space
Integration Method for Meta-level Knowledge
Acquisition  from  Heterogeneous  Databases,”
Information Modelling and Knowledge Bases
(IOS Press), Vol. 14, pp.86-103, May 2002.

[17]Kobayashi, S., “Color Image Scale” (The Nippon
Color & Design Research Institute ed., translated by
Louella Matsunaga, Kodansha International, 1992).

[18]Sasaki, S., Itabashi, Y., Kiyoki, Y. and Chen, X., “An
Image-Query Creation Method for Representing
Impression by Color-based Combination of Multiple
Images,” Proceedings of the 18th European-Japanese
Conference on  Information  Modelling  and
Knowledge Bases, pp. 105-112, June 2008.

[19]Sato, Y. and Kiyoki, Y., “4 semantic associative
search method for media data with a story,”
Proceedings of the 18th IASTED International
Conference on Applied Informatics, pp., Feb., 2000.

[20]Sheth, A. and Klas, W, (eds.) “Multimedia Data
Management - Using Metadata to Integrate and Apply
Digital Media,” MacGraw-hill, March 1998.

[21] Yara, F, Yoshida, N., Sasaki, S. and Kiyoki, Y., “4
Continuous Media Data Rendering System for
Visualizing Psychological Impression-Transition,”
The 10th TASTED International Conference on
Internet and Multimedia Systems and Applications
(IMSA2006), pp. 32 - 40, Aug. 2006.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


