











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 M'M 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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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 [8],
[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
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Figure 7: Decoration for music-collections (the Beatles
music collection) with images

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

Main media decorated by Sub-Media data



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,
which correspond to 183 impression word sets, are defined
as color-impression variations by using the 130 basic color
features, as shown in Figure 9. By correlation calculations
between 183 color schemas (183 impression word sets)
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
(183 impression word sets) related to 130 color

variations
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Figure 10: Munsell 130 Basic Colors for extracting
color schemas in impressions

183 Color-Schemas

csl | cs2 | cs3 | CS,,
tl 0.2 0.4 0.2 0.1
- _t2 0.1 0.1 0.0 0.2
g 3 0.1 0.3 0.25 0.4
[¢]
t, 0.43 033 0.11 0.04

Figure 11: The video-media story expressed in 183 color
schemas (183 impression word sets) along the timeline
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Figure 12: Video analysis for expressing 183 color
schemas (183 impression word sets) in each frame
composing the video
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Figure 13: Video analysis with 183 color schemas (183
impression word sets) in each scene
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Figure 14: Video-media decoration with
impression-transition in color schemas (183 impression
word sets) 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.l—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.
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