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PERCEPTION BASED MULTIMEDIA PROCESSING

CROSS-REFERENCE TO RELATED APPLICATIONS

[0001] This application claims the benefit of priority to Chinese Patent Application No.
201410320668.4 filed 30 June 2014 and United States Provisional Patent Application No.
62/030,940 filed 30 July 2014, the content of each are hereby incorporated by reference in
their entirety.

FIELD OF THE INVENTION

[0002] Example embodiments disclosed herein generally relate to multimedia processing,
and more specifically, to multimedia data processing based on user perceptions.
BACKGROUND

[0003] A large number of multimedia (audio and/or video) data processing algorithms
have been developed for various purposes. Typically, a multimedia processing algorithm
may have several parameters to be tuned in order to achieve the best performance. At
present, selections of parameter values for a given algorithm tend to be determined by a small
number of algorithm developers. However, it is noted that the parameter value preference of
a given algorithm may be content specific. That is, a fixed parameter value may be suitable
for a certain set of content but not for all the possible multimedia content. As a result,
different multimedia data may need to be processed in different ways. For example, a
dialog enhancement method is usually applied on movie content. If it is applied on music in
which there are no dialogs, it may falsely boost some spectral sub-bands and introduce heavy
timbre change and perceptual inconsistency. Similarly, if a noise suppression method is
applied on music signals, strong artifacts will be audible.

[0004] In light of the above facts, several solutions have been developed to dynamically
adapt the configuration of multimedia processing algorithms as a function of the processed
multimedia content. For example, in the audio field, there has been presented a method to
automatically steer the audio processing algorithms and select the most appropriate parameter
values based on the content categories (such as speech, music, and movie) of the processed
audio signal.

[0005] However, in some cases, steering multimedia processing by classifying multimedia
content into predefined categories may not optimize user experience. It would be
appreciated that these categories such as speech, music, and movie do not necessarily link the

perturbations in the underlying algorithm with the preferred user experience. For example,
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some speech content and music content may have similar or same effects on the human
perceptions and therefore should be processed with similar processing parameters. In this
event, processing them with different parameters may instead put negative impact on the user
experience.

[0006] In view of the foregoing, there is a need in the art for a solution capable of
processing multimedia content with optimized experience in terms of human perceptions.
SUMMARY

[0007] In order to address the foregoing and other potential problems, the Example
embodiments disclosed herein proposes a method and system for perception-based
multimedia processing.

[0008] One embodiment provides a method for processing multimedia data. The method
includes automatically determining user perception on a segment of the multimedia data
based on a plurality of clusters, the plurality of clusters obtained in association with
predefined user perceptions and processing the segment of the multimedia data at least in part
based on determined user perception on the segment.

[0009] Another example embodiment provides a system for processing multimedia data.
The system includes a perception determining unit configured to automatically determine
user perception on a segment of the multimedia data based on a plurality of clusters, the
plurality of clusters obtained in association with predefined user perceptions and a
multimedia processing unit configured to process the segment of the multimedia data at least
in part based on determined user perception on the segment.

[0010] Through the following description, it would be appreciated that in accordance with
example embodiments disclosed herein, the correlation between perceptual
experiences/preferences of human users with lower-level features of the content (such as
dynamic range, cross-correlation, and bandwidth) are modeled and utilized. Perceptually
motivated clusters are generated by using psychophysical testing paired with statistical
clustering techniques. In this way, the common semantic categories such as speech, music,
and movie are replaced with a more direct link between the underlying processing algorithm
and the user experience. Example embodiments also enable automatic dynamic signal
processing in a content/user specific way that would be robust to novel content outside of

previously identified content categories.
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DESCRIPTION OF DRAWINGS

[0011] Through the following detailed description with reference to the accompanying
drawings, the above and other objectives, features and advantages of example embodiments
will become more comprehensible. In the drawings, several embodiments will be illustrated
in an example and non-limiting manner, wherein:

[0012] FIG. 1 is a flowchart of a method for processing multimedia data in accordance
with example embodiments disclosed herein;

[0013] FIG. 2 is a flowchart of a method for determining user perception on a target
segment of the multimedia data in accordance with example;

[0014] FIG. 3 is a schematic diagram of determining user perception based on perceptual
clusters in accordance with an example embodiment;

[0015] FIG. 4 is a schematic diagram of determining user perception based on perceptual
clusters in accordance with another example embodiment;

[0016] FIG. 5 is a flowchart of a method for determining user perception on a target
segment of the multimedia data in accordance with example embodiments;

[0017] FIG. 6 is a schematic diagram of determining user perception based on data
clusters in accordance with an example embodiment;

[0018] FIG. 7 is a schematic diagram of determining user perception based on data
clusters in accordance with another example embodiment;

[0019] FIG. 8 is a block diagram of a system for processing multimedia data in accordance
with example embodiments; and

[0020] FIG. 9 is a block diagram of an example computer system suitable for
implementing example embodiments.

[0021] Throughout the drawings, the same or corresponding reference symbols refer to the
same or corresponding parts.

DESCRIPTION

Principles of the Example embodiments disclosed herein will now be described with
reference to various example embodiments illustrated in the drawings. It should be
appreciated that depiction of these embodiments is only to enable those skilled in the art to
better understand and further implement the Example embodiments disclosed herein, not
intended for limiting the scope in any manner.

[0022]  As used herein, the term “includes” and its variants are to be read as opened terms
that mean ““includes, but is not limited to.” The term “or” is to be read as “and/or” unless

the context clearly indicates otherwise. The term “based on” is to be read as “based at least
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in part on.” The term “one embodiment” and “an embodiment” are to be read as “at least
one embodiment.” The term ‘“another embodiment” is to be read as “at least one other

embodiment.” Other definitions, explicit and implicit, may be included below.

[0023] FIG. 1 shows a flowchart of a method 100 for processing multimedia data in
accordance with example embodiments disclosed herein. Multimedia data may be
represented in any suitable form and may include, but is not limited to, audio, video and/or
any other media content.

[0024] As shown, the method 100 is entered at step S101, where user perception on a
segment of the multimedia data is automatically determined based on a plurality of clusters.
Specifically, in accordance with example embodiments disclosed herein, the plurality of
clusters are obtained in association with predefined user perceptions on training multimedia
data.

[0025] In some embodiments, the predefined clusters as used at step S101 include a
plurality of perceptual clusters. As used herein, the term “perceptual cluster” refers to a
group of multimedia content or data on which a human may have a similar or same
perception or preference, with regard to one or more specific multimedia processing
algorithms. That is, the perceptual clusters are generated by directly clustering training
multimedia data according to predefined user perceptions on the training multimedia data.
In a specific embodiment, the data in a perceptual cluster may be processed by the same set
of multimedia processing algorithms with the same processing configurations.

[0026] The user perceptions may be obtained in various manners. For example, in some
embodiments, it is possible to invite human users to experience a training set of multimedia
data, for example, listening to audio and/or watching videos. Then the users are asked
specific questions to try to capture subjective preferences or reactions related to the training
multimedia data. For example, the users may indicate their emotion, mood, and/or any other
aspects of perception after experiencing each piece of content in the training set. It is also
possible to collect information about human preference on how to configure specific
multimedia signal processing algorithms, which influence how the multimedia content is
rendered and experienced. Then the training multimedia data is labeled according to the
answers provided by the users. Based on the perception labeling, the training multimedia
data may be clustered to form the perceptual clusters.

[0027] Additionally or alternatively, in some other embodiments, user perceptions in the

form of perceptual properties and/or quality of multimedia data may be detected by applying
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pre-defined objective metrics. Various objective audio quality measurements have been
proposed in international standards and may be applied. Examples include, but are not
limited to, PEAQ (Perceptual Evaluation of Audio Quality), objective speech quality
assessment, objective measurement of perceived audio quality in multi-channel audio
compression coding systems, and the like. Such objective metrics may implicitly reflect the
general user perceptions and may be derived in an automated, computer-based way.
Accordingly, the multimedia data in the training set may be clustered based on one or more of
the objective metrics.

[0028] In addition to or instead of the perceptual clusters, the predefined clusters as used
at step S101 may include a plurality of data clusters. As used herein, the term “data cluster”
refers to a set of multimedia data having similar or the same low-level signal features.
Examples of the signal features include, but are not limited to, dynamic range,
cross-correlation, bandwidth, and the like. Generally, in such embodiments, multimedia
data are first represented by a specific feature(s) derived from a frequency or time domain
representation of the multimedia data (typically frame by frame). Then a data clustering
algorithm is applied to the feature representations to cluster the training multimedia data.
For example, unsupervised clustering algorithms may be used. In clustering, the multimedia
signals that are close in the feature space will be grouped as a data cluster. Specifically, in
accordance with example embodiments disclosed herein, in addition to the low-level signal
features, the user perceptions on the multimedia data are also taken into account, either when
generating the data clusters or after the generation. Example embodiments in this regard
will be discussed later.

[0029] At step S101, for any target segment of input multimedia data, the user perceptions
on the segment is automatically determined based on the predefined perceptual clusters
and/or data clusters. Specifically, it is possible to select one or more of the perceptual
and/or data clusters to which the segment belongs to or relates. Then, the predefined user
perception associated with the selected cluster(s) may be used to derive the perception on the
segment. Example embodiments will be discussed later.

[0030] As shown in FIG. 1, the method 100 then proceeds to step S102 where the segment
of the multimedia data is processed at least in part based on determined user perception on
the segment.  Generally, association between each type of user perception and
corresponding configuration(s) of the processing algorithm is determined and stored in
advance. Specifically, in some embodiment, the predefined user perceptions per se may be

represented by the corresponding processing configuration(s), for example, in the form of a
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set of recommended values for processing parameters.

[0031]  As such, at step S102, the user perception of the target segment determined at step
S101 may be used to retrieve the corresponding configuration(s) for multimedia processing.
For example, in some embodiments, the appropriate processing algorithm may be selected for
the segment based on the determined user perception. Alternatively or additionally, the
determined user perception of the segment is used to configure the processing algorithm, for
example, by selecting most suitable values of one or more parameters, or by selecting
execution mode(s).

[0032] Now some specific examples will be described to illustrate how to determine user
perception on a segment of the multimedia data at step 101. FIG. 2 shows a flowchart of a
method 200 for determining the user perception on a target segment of input multimedia data.
It would be appreciated that the method 200 is a specific implementation of step S101.

[0033] In the embodiments discussed in connection with FIG. 2, the plurality of
predefined clusters as used at step S101 include perceptual clusters P;, ..., Py that are
generated by clustering training data based on user perceptions, as discussed above. In such

embodiments, for a specific target segment x of the input multimedia data, the probabilities

pi, ..., Py, indicating the likelihood that the segment x belongs to each perceptual cluster, are
calculated at step S201.
[0034] The probabilities p;, ..., py may be calculated in various ways. In some

embodiments, the probabilities are calculated in relation to the perceptual clusters, as shown
in FIG. 3. In such embodiments, the data within any perceptual cluster may be represented
by a Gaussian Mixture Model (GMM) in a feature space. Accordingly, each of the

probabilities p;, ... py may be calculated, for example, as the posterior probability as follows:

p(x| P)p(P) (1)
> p(xIP)p(P)

p,=p(P1x)=

where x represents feature representation of the target segment, P; represents the ith
perceptual cluster, p(x|P;) represents the likelihood that the segment x belongs to the cluster P;,
p(P;) represents the prior probability, and p(P;lx) represents the final posterior probability.

[0035] In one embodiment, the likelihood p(x|P;) may be directly calculated in the feature
space. However, it would be appreciated that in some cases, the feature space may not
represent the perceptual similarity well. In other words, similar signals in the feature space

may not mean to share the similar perceptually-preferred parameter values. Therefore, in an
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alternative embodiment, a “perceptual space” is constructed and utilized. As used herein,
the term “perceptual space” refers to a space in which a distance between any two signals
represents the perceptual similarity of these two signals. By transforming the signal of the
segment into the perceptual space and calculating the probabilities in the perceptual space, it
is possible to have a better estimation of the probability p; and subsequently the most
appropriate parameter(s).

[0036] To transform the feature space to the perceptual space, in one embodiment, a

transformation matrix A is determined by minimizing the following objective function:

Z(yi_yj)zwij (2)

where y; = A'x; represents the vector in the transformed space, and W=[w;;] represents a
matrix defining the perceptual similarity of the signal x; and x;. The coefficients w; may be
obtained from the perceptual clusters. For example, in one embodiment, w;is set to 1 if x;
and x; are allocated into the same perceptual cluster and set to 0 otherwise. Alternatively,
the coefficients w; may be also set to a value between 0 and 1 based on the similarity of the
preferred parameter values corresponding to x; and x;.

[0037] In this way, it ensures that if two signals x; and x; are perceptually similar (that is,
with a large wy), their corresponding projected versions y; and y; are close in the perceptual
space. Since the coefficients wy; are derived based on the user perceptions, the original
feature representation of the segment may be transformed into the perceptual space where
neighboring signals have perceptually similar attributes and hence result in similar processing
settings.

[0038] In one embodiment, the solution to minimize the objective function (2) is
addressed by Locality Preserving Projections (LLPP), and more specifically, by solving the

following Generalized Eigenvalue problem:
XIX"a=AXDX"a ®)
where the matrix L and D (a diagonal matrix) are derived from W=[w;] and may be defined

as D= ij qsand L=D-W, X represents the matrix by packing up the features x; in the

original feature space, and the obtained a is a column vector forming the transforming matrix
A, and represents a projection direction. Besides the linear transformation as described

above, kernel LPP may be applied as well to obtain a nonlinear space transformation.
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[0039] Instead of directly projecting the original feature space to a perceptual space, in an
alternative embodiment, large margin nearest neighbor (LMNN) may be used to preserve the
perceptual similarity. LMNN learns a Mahanalobis distance metric specifically for
k-nearest neighbor, with the goal that the k-nearest neighbors always belong to the same class
while examples from different classes are separated by a large margin. In this embodiment,
the optimized distance metric shown in the following equation may be used to calculate the
probabilities defined in equation (1), for example, by replacing the original Euclidean

distance in the Gaussian distribution by the optimized distance.
d(xi,xj)z(xi—xj)TM(xi—xj) )

It would be appreciated that since the learned matrix M is symmetric and may be decomposed
into A"A, it is equivalent to mapping the original feature space to a new space with the
mapping transformation A.

[0040]  Specifically, for those applications with low computational complexity requirement,
the predefined perceptual clusters may be stored in a hash table with a specific hash function.
Generally, hash functions may be used to locate similar data in a database with regard to a
query. That is, a hash function is designed to map similar data to hash values that differ by
at most m, where m is a small integer (for example, 1 or 2), so that similar data can be located
in the same bucket, or in nearby buckets. A typical application of hashing is the
fingerprinting algorithms, which are used to search similar audio signals in a large collection.
It is possible to simplify the calculation of p(P;lx) with hashed cluster data. For example, in
one embodiment, the perceptual clusters located in the same bucket as the multimedia data
being processed or the nearby buckets are considered. That is, the probabilities in relation
to these perceptual clusters are calculated. For the other perceptual clusters, the
probabilities may be directly set to 0. Alternatively, the nearest cluster can be searched in
the bucket where the query is located.

[0041] Given the probabilities py, ..., py, at step S202, the user perceptions on the segment
is determined on the calculated p;, ..., py. For example, in some embodiments, the
predefined user perception associated with the perceptual cluster with the largest probability
may be determined as the perception on the segment being processed. Alternatively, several
perceptual clusters with the largest probabilities may be selected and their associated
predefined user perceptions are combined to derive the perception on the target segment.

[0042] As discussed above, in some embodiments, the user perceptions may be
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represented by a corresponding processing configuration v;.  For example, v; may represent a
set of values for the processing parameters. As a result, each perceptual cluster is also
associated with the corresponding configuration v;, as shown in FIG. 3. In such
embodiments, a steering function g(p;, ... py. Vs, ... vy) may be applied to determine the
optimal configuration v* for the target segment x. For example, in one embodiment, the
configuration corresponding to the largest probability may be selected. That is, the steering

function is defined as:

g(pl""pN;vla'"’VN):Vi* (5)

wherein/* = argmax,(p,). Alternatively, the configuration for the segment being processed

may be determined by a weighted average of v;. In this embodiment, the steering function is

defined as:

N
g(pl,...pN;vl,...,vN)=Zl:pivi ©)
Any other suitable steering functions are possible as well.
[0043] It would be appreciated that it is generally required that there is a compact but
diverse set of training multimedia data when generating the perceptual clusters Py, ..., Py.
The “compactness” is needed to reduce the expensive manual efforts of perceptual labeling,
and the “diversity” is needed to guarantee the data coverage and reduce the risk of unseen
data in the steering process. For example, if the training data set cannot cover a diverse
content, a new signal being processed may not find a proper perceptual cluster it matches.
However, manual selection of a compact but diverse training set is sometimes challenging.
[0044] In order to make better tradeoff between the compactness and diversity of the
training data, in some embodiments, a plurality of data clusters that are generated based on
one or more low-level signal features of the multimedia data are used in combination with the
perceptual clusters. Specifically, suppose that there are M data clusters Cy, ..., Cyr and N
perceptual clusters Py, ..., Py. In training phase, the data clusters and perceptual clusters
may be generated by two independent clustering processes that are executed on respective set
of training multimedia data. In one embodiment, the size of training data set for generating
the data clusters is larger than that of training data set for generating the perceptual clusters.
This would be beneficial since the generation of data clusters may be done without human

intervening and a larger training data set would facilitate achieving better data coverage. As
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a result, in some instances, the number of data clusters may be greater than that of the
perceptual clusters, namely, M > N.

[0045] In such embodiments, at step S201, the probabilities py, ..., py are calculated based
on both data clusters and perceptual clusters. As shown in FIG. 4, for a target segment x of
multimedia data, a set of probabilities /iy, ..., hy indicating the likelihood that the processed
segment x belongs to the data clusters C; (i = 1,..., M) are calculated. For example, these
probabilities may be calculated based on GMM posterior probabilities as shown in equation
(1). Then the probabilities p;, ..., py that the segment x belongs to and the perceptual
clusters Py, ..., Py are calculated at least in part based on the probabilities /i, ..., fuy.

[0046]  To this end, in one embodiment, a space defined by the plurality of data clusters is
used as an “anchor space.” It would be appreciated that in the space defined the data
clusters, the probabilities #y, ..., iy may be considered as the representation of the segment x.
That is, the vector (hy, ..., hy) represents the coordinate of the segment x in the space. In
the meantime, the plurality of perceptual clusters Py, ..., Py are mapped into the anchor space.
By using the feature representation of the multimedia signals in each of the perceptual
clusters, the mapping is straightforward and the same GMM posterior probability may be
applied again. For each perceptual cluster, a set of mapped value ¢;, ..., gy may be
obtained. As such, the perceptual cluster P; may be represented as the vector (g, ..., gu) in

the anchor space. Then the probability p; that the segment x belong to the perceptual cluster

P; may be calculated based on the similarity between the vectors (%, ..., hy) and (g, ..., gu).
[0047] Various approaches may be utilized to derive the similarity between (%, ..., hay)
and (q;, ..., qu). For example, in one embodiment, it is possible to use a Gaussian-based

similarity which is defined as follows:

1 (h,—q,)’
exp{_Z,( i —4q;) | (7)

b= N27o 207

Alternatively, a sigmoid-based function may be used which is defined as:

1
Zj(hj _q]')z}
20°

pi= (8)

I+expf{-

In the above equations (7) and (8), the variance o may be manually tuned, and the obtained

probabilities p; may be further normalized, for example. Furthermore, the Euclidean
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distance (2;(h; —q j)z) as applied in the exponential component may be replaced by any

other distance metrics. For example, the symmetric KL divergence as follows may be used:

h, |
DKL(h’” Q):Z(hjlog—1+qjlog%) (9)
q; i

J

As another alternative, it is possible to use the Dirichlet-based distance as follows:

ﬁf(hj) ’ IMIF(CJ,-) ’ r[iml

J Jj=1 j=1 2

M (hitg,
HF[ 2 ] (10)

j=1

D(h,g)=2-2x

[0048] Instead of using the space defined by the data clusters as an anchor space, in
alternative embodiments, the cluster similarities between the data clusters Cy,...,Cy and the
perceptual clusters Py, ..., Py are calculated. For example, the similarity between a data
cluster and a perceptual cluster may be derived from the data (or the corresponding features)
within these two clusters, for example, by using a Gaussian function defined by equation (7)
or a sigmoid-based function defined by equation (8), with h; and g; replaced by the
corresponding data features. Again, in order to have a better distance metric, in one
embodiment, the LLLP and LMNN as described above may be applied to transform the

original feature space to a perceptual space or to learn a better metric in the original space.

[0049] Then the probabilities py, ..., py are calculated based on the probabilities hy,..., hy
and the cluster similarities according to a probabilistic model. For example, in one

embodiment, the probabilities p; may be calculated based on Bayesian model as follows:
M M
p=pBI0=3" p(B1C)Hp(C;1x)=3" p(BIC)h, ab

where p(C; Ix) represents the probability that the segment x belongs to data cluster C; (that is
hj), and p(P; |C;) represents the probability that the data cluster C; correlates to perceptual
cluster P;.  The p(P; IC)) is calculated from the similarity between P; and C;, for example, as

follows:

5(P.C,))

_ Ve (12)
> SR C))

p(FIC))=

11
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where s(P;, C;) represents the similarity between the perceptual cluster P; and the data cluster
C;.

[0050] By defining a matrix W with w;j= p(P; IC;) and two vectors h = (A, ... )t and p
=psy -ees pN)T, calculation of probabilities p;, ..., py may be done by a simple matrix

multiplication:

p=Wh (13)
[0051] It can be seen that in the embodiments discussed in connection to FIG. 2, the
perception on the given segment is determined at least in part based on predefined perceptual
clusters. Alternatively, in other embodiments, the perception may be determined based on
data clusters that are injected with the user perceptions in the training phase. FIG. 5 shows a
flowchart of such a method 500. It would be appreciated that the method 500 is another
kind of implementations of step S101 of the method 100.

[0052] In the embodiments discussed in connection with the method 500, the plurality of
predefined clusters as used at step S101 includes a plurality of data clusters that are obtained
at least in part based on a signal feature(s). For example, in the training phase, a large
training set containing a lot of diverse multimedia data may be established to guarantee the
diversity/coverage. 'Then, data clusters may be generated, for example, by unsupervised
clustering.

[0053] At step S501, probabilities £y, ..., hy that the segment x belongs to the plurality of
data clusters Cj, ..., Cy based on a signal feature(s) of the segment. The probabilities may
be calculated, for example, based on GMM posterior probabilities as defined in equation (1).
Optionally, LLP and LMNN as described above may be applied as well in order to transform
the original feature space to a perceptual space or to learn a better metric in the original space.
Additionally, in some embodiments, the hash table may be used to speed up the search
process.

[0054]  The probabilities hy, ..., hy with respect to the data clusters are capable of guiding
the perception based multimedia processing because in the embodiments discussed with
reference to FIG. 5, the data clustersCy, ..., Cy are each injected with predefined user
perceptions (for example, in the form respective processing configurations) in the training
phase. The information about user perceptions may be injected into the data clusters in
various manners. Two example embodiments will be discussed below with reference to

FIGS. 6 and 7, respectively.
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[0055] With reference to FIG. 6, in some embodiments, each data cluster resulted from
the data clustering process is explicitly assigned with predefined user perceptions. In one
embodiment, after the data clusters are generated, one or more representative signals may be
selected from each data cluster for perceptual labeling by human users. The obtained label
and/or the preferred processing configuration v; for the selected representative signal is
assigned back to the whole data cluster. As a result, as shown in FIG. 6, the data clusters
Cy, ..., Cy are associated with the perception-based processing configurations vy, ..., vy,
respectively. Additionally or alternatively, the data clusters that are labeled by the same
label may be further merged to generate a larger cluster. 'That is, in the embodiment shown
in FIG. 6, the user perception information is injected after the data clusters are generated.
[0056] Alternatively, in other embodiments, the predefined user perceptions may be
combined into the data clusters in the data clustering procedure. In such embodiments, the
data clusters are generated based on not only the signal feature(s) but also one or more
perceptual constraints derived from the prior knowledge of the wuser perceptions.
Specifically, in one embodiment, the perceptual constraint may be derived from a plurality of
perceptual clusters that are generated based on the predefined user perceptions such as
perception labeling. 'That is, perceptual clustering may be utilized to facilitate generating
the perceptual constraints.

[0057]  As shown in FIG. 7, in one embodiment, perceptual clustering may be applied on a
relatively small training set of multimedia data (“Data Set 17 in FIG. 7) to obtain perceptual
knowledge in the form of perceptual clusters. Then semi-supervised clustering may be
applied on a separate, large training set (“Data Set 2” in FIG. 7) to generate the data clusters,
with the available perceptual clusters as constraints. In this way, the data clusters are
generated by taking the predefined user perceptions into account. Each resulting data
cluster is thus correlated with one or more perceptual clusters. For example, if the signals x;
and x; are allocated into the same data set C; because these two signals are allocated into the
same perceptual cluster P;, then the data cluster C; is correlated with the perceptual cluster P;.
Accordingly, the user perception knowledge (for example, the perception labeling) associated
with P; may be delivered to C;.

[0058] It would be appreciated that generation of the data clusters under perceptual
constraints may be considered as a semi-supervised clustering procedure.  Various
approaches may be applied. In one embodiment, a similarity-adapting method is utilized.
An existing clustering algorithm using some similarity measure is employed, with the

similarity measure adapted to take available perceptual constraints into account. For
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example, if two sample signals x; and x; belong to the same perceptual cluster, then a
perceptual constraint may specify that these two signal samples should be clustered into a
same data cluster. As an example, the LPP and LMNN as described above may be
considered as two adapting methods.
[0059] In another embodiment, a search-based method may be adopted. In this
embodiment, the clustering algorithm per se is modified so that the labeled perceptual data
can be used to bias the search for an appropriate clustering. This can be done in several
ways, for example, by including in the cost function a penalty for lack of compliance with the
specified constraints. As an example, in one embodiment, a method of semi-supervised
clustering based on local and global consistency may be used. A n-by-c label matrix Y is
defined, with Y;; =1 if x; is labeled as y; =j and Y;; = 0 otherwise. Additionally, a estimation
matrix F = [F;] is defined, where x; will be labeled as a label y; = argmax;F;;, where n
represents the number of data and ¢ represents the number of clusters. The clustering may
be done, for example, through the following steps:
1. Form the affinity matrix W defined by W;; = eXp(—|xi — xj|2/202) if i #j and
W =0;
2. Construct the matrix S = D~Y?2WD~%/2 in which D is a diagonal matrix with its
(i, 1)-element equal to the sum of the ith row of W;
3. Tterate F(t+ 1) = aSF(t) + (1 — @)Y until convergence, where a is a parameter
in (0,1);
4. Let F* denote the limit of the sequence {F(t)}. Label each point x; a label
y; = argmax;Fj;.
After convergence, F* = (1—a)(I —aS)~'Y is a direct matrix operation without any
iterations. Optionally, in some embodiments, the transformation matrix obtained by LLP or
the new metric learned by LMNN can be intuitively applied in the first step above.
[0060]  Still with reference to FIG. 5, the method 500 then proceeds to step S502, where
the user perceptions on the segment are determined on the calculated probabilities Ay, ..., hy.
It would be appreciated that given the probabilities £y, ..., iy and the perceptual knowledge
associated with the data clusters, the user perceptions on the target segment may be
determined, for example, in a similar manner as discussed above with reference to step $S202
in the method 200.
[0061] FIG. 8 shows a block diagram of a system 800 for processing multimedia data in

accordance with embodiments of the example embodiments disclosed herein. As shown,
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the system 800 comprises a perception determining unit 801 configured to automatically
determine user perception on a segment of the multimedia data based on a plurality of
clusters, the plurality of clusters obtained in association with predefined user perceptions.
The system 800 further comprises a multimedia processing unit 801 configured to process the
segment of the multimedia data at least in part based on determined user perception on the
segment.

[0062] In some example embodiments, the plurality of clusters at least include a plurality
of perceptual clusters that are generated at least in part based on the predefined user
perceptions. The system 800 may further comprise: a first probability calculating unit
configured to calculate a first set of probabilities that the segment belongs to the plurality of
perceptual clusters. The perception determining unit 801 is configured to determine the user
perception on the segment based on the first set of probabilities.

[0063] In some example embodiments, the system 800 further comprises a signal
transforming unit configured to transform a signal of the segment into a perceptual space in
which a distance between signals represents perceptual similarity of the signals. In such
embodiments, the first probability calculating unit is configured to calculate the first set of
probabilities based on the transformed signal of the segment in the perceptual space.

[0064] In some example embodiments, the plurality of clusters further include a plurality
of data clusters that are generated based on a signal feature. The system 800 further
comprises a second probability calculating unit configured to calculate a second set of
probabilities that the segment belongs to the plurality of data clusters based on the signal
feature of the segment. In such embodiments, the first probability calculating unit is
configured to calculate the first set of probabilities at least in part based on the second set of
probabilities.

[0065] In some example embodiments, the system 800 further comprises a mapping unit
configured to map the plurality of perceptual clusters into a space defined by the plurality of
data clusters to obtain a set of mapped values, the set of mapped values being representations
of the plurality of perceptual cluster in the space. In such embodiments, the first probability
calculating unit is configured to calculate the first set of probabilities based on similarity
between the second set of probabilities and the set of mapped values.

[0066] In some example embodiments, the system 800 further comprises a cluster
similarity determining unit configured to determine a set of cluster similarities between the
plurality of data clusters and the plurality of perceptual clusters. In such embodiments, the

first probability calculating unit is configured to calculate the first set of probabilities based
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on the second set of probabilities and the set of cluster similarities according to a probabilistic
model.

[0067] In some example embodiments, the plurality of perceptual clusters are generated
from a first training set of multimedia data, and the plurality of data clusters are generated
from a second training set of multimedia data, where a size of the second training set being
greater than a size of the first training set.

[0068]  Alternatively, the plurality of clusters include a plurality of data clusters that are
obtained at least in part based on a signal feature in association with the predefined user
perceptions.  The system 800 further comprises a third probability calculating unit
configured to calculate a set of probabilities that the segment belongs to the plurality of data
clusters at least in part based on the signal feature of the segment. In such embodiments, the
perception determining unit 801 is configured to determine the user perception on the
segment based on the set of probabilities.

[0069] In some example embodiments, the predefined user perceptions are associated with
the plurality of data clusters upon generation of the plurality of data clusters. Alternatively,
in some example embodiments, the plurality of data clusters are generated based on the signal
feature and a perceptual constraint, the perceptual constraint derived from the predefined user
perceptions.

[0070] In some example embodiments, the system 800 further comprises a configuration
retrieving unit configured to retrieve a processing configuration based on the determined user
perception on the segment. In such embodiments, the multimedia processing unit 802 is
configured to process the segment of the multimedia data using the retrieved processing
configuration.

[0071] It should be noted that for the sake of clarity, some optional units of the system 800
are not shown in FIG. 8. However, it should be appreciated that the features as described
above apply to the system 800. Moreover, the units of system 800 may be hardware
modules or software modules. For example, in some example embodiments, the system 800
may be implemented partially or completely with software and/or firmware, for example,
implemented as a computer program product embodied in a computer readable medium.
Alternatively or additionally, the system 800 may be implemented partially or completely
based on hardware, for example, as an integrated circuit (IC), an application-specific
integrated circuit (ASIC), a system on chip (SOC), a field programmable gate array (FPGA),
and so forth. 'The scope of the example embodiments disclosed herein are not limited in this

regard.
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[0072] FIG. 9 shows a block diagram of an example computer system 900 suitable for
implementing example embodiments disclosed herein.  As shown, the computer system 900
comprises a central processing unit (CPU) 901 which is capable of performing various
processes in accordance with a program stored in a read only memory (ROM) 902 or a
program loaded from a storage unit 908 to a random access memory (RAM) 903. In the
RAM 903, data required when the CPU 901 performs the various processes or the like is also
stored as required. 'The CPU 901, the ROM 902 and the RAM 903 are connected to one
another via a bus 904.  An input/output (I/O) interface 905 is also connected to the bus 904.
[0073] The following components are connected to the I/0O interface 905: an input unit 906
including a keyboard, a mouse, or the like; an output unit 907 including a display such as a
cathode ray tube (CRT), a liquid crystal display (LLCD), or the like, and a loudspeaker or the
like; the storage unit 908 including a hard disk or the like; and a communication unit 909
including a network interface card such as a LAN card, a modem, or the like. The
communication unit 909 performs a communication process via the network such as the
internet. A drive 910 is also connected to the I/O interface 905 as required. A removable
medium 911, such as a magnetic disk, an optical disk, a magneto-optical disk, a
semiconductor memory, or the like, is mounted on the drive 910 as required, so that a
computer program read therefrom is installed into the storage unit 908 as required.

[0074]  Specifically, in accordance with example embodiments disclosed herein, the
processes described above may be implemented as computer software programs. For
example, example embodiments disclosed herein comprise a computer program product
including a computer program tangibly embodied on a machine readable medium, the
computer program including program code for performing methods. In such embodiments,
the computer program may be downloaded and mounted from the network via the
communication unit 909, and/or installed from the removable medium 911.

[0075]  Generally, various example embodiments disclosed herein may be implemented in
hardware or special purpose circuits, software, logic or any combination thereof. Some
aspects may be implemented in hardware, while other aspects may be implemented in
firmware or software which may be executed by a controller, microprocessor or other
computing device. While various aspects of the example embodiments of the example
embodiments disclosed herein are illustrated and described as block diagrams, flowcharts, or
using some other pictorial representation, it will be appreciated that the blocks, apparatus,
systems, techniques or methods described herein may be implemented in, as non-limiting

examples, hardware, software, firmware, special purpose circuits or logic, general purpose
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hardware or controller or other computing devices, or some combination thereof.

[0076] Additionally, various blocks shown in the flowcharts may be viewed as method
steps, and/or as operations that result from operation of computer program code, and/or as a
plurality of coupled logic circuit elements constructed to carry out the associated function(s).
For example, example embodiments disclosed herein include a computer program product
comprising a computer program tangibly embodied on a machine readable medium, the
computer program containing program codes configured to carry out the methods as
described above.

[0077] In the context of the disclosure, a machine readable medium may be any tangible
medium that may contain, or store a program for use by or in connection with an instruction
execution system, apparatus, or device. The machine readable medium may be a machine
readable signal medium or a machine readable storage medium. A machine readable
medium may include but not limited to an electronic, magnetic, optical, electromagnetic,
infrared, or semiconductor system, apparatus, or device, or any suitable combination of the
foregoing. More specific examples of the machine readable storage medium would include
an electrical connection having one or more wires, a portable computer diskette, a hard disk,
a random access memory (RAM), a read-only memory (ROM), an erasable programmable
read-only memory (EPROM or Flash memory), an optical fiber, a portable compact disc
read-only memory (CD-ROM), an optical storage device, a magnetic storage device, or any
suitable combination of the foregoing.

[0078] Computer program code for carrying out methods of the example embodiments
disclosed herein may be written in any combination of one or more programming languages.
These computer program codes may be provided to a processor of a general purpose
computer, special purpose computer, or other programmable data processing apparatus, such
that the program codes, when executed by the processor of the computer or other
programmable data processing apparatus, cause the functions/operations specified in the
flowcharts and/or block diagrams to be implemented. The program code may execute
entirely on a computer, partly on the computer, as a stand-alone software package, partly on
the computer and partly on a remote computer or entirely on the remote computer or server.
[0079] Further, while operations are depicted in a particular order, this should not be
understood as requiring that such operations be performed in the particular order shown or in
sequential order, or that all illustrated operations be performed, to achieve desirable results.
In certain circumstances, multitasking and parallel processing may be advantageous.

Likewise, while several specific implementation details are contained in the above
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discussions, these should not be construed as limitations on the scope of any example
embodiments disclosed herein or of what may be claimed, but rather as descriptions of
features that may be specific to particular embodiments of particular example embodiments
disclosed herein. Certain features that are described in this specification in the context of
separate embodiments may also be implemented in combination in a single embodiment.
Conversely, various features that are described in the context of a single embodiment may
also be implemented in multiple embodiments separately or in any suitable sub-combination.
[0080] Various modifications, adaptations to the foregoing example embodiments
disclosed herein may become apparent to those skilled in the relevant arts in view of the
foregoing description, when read in conjunction with the accompanying drawings. Any and
all modifications will still fall within the scope of the non-limiting and example embodiments
disclosed herein. Furthermore, other example embodiments disclosed herein set forth herein
will come to mind to one skilled in the art to which these e example embodiments disclosed
herein pertain having the benefit of the teachings presented in the foregoing descriptions and
the drawings.

[0081] The example embodiments disclosed herein may be embodied in any of the forms
described herein. For example, the following enumerated example embodiments (EEEs)
describe some structures, features, and functionalities of some aspects of the example
embodiments disclosed herein.

[0082] EEE 1. A method to steer multimedia processing algorithms comprising perceptual
clusters of multimedia signals where a vector of parameters is assigned to each cluster.

[0083] EEE 2. The method in EEE 1 where the perceptual clusters are found through
psychophysical test or using objective perceptual metrics, and where multimedia signals that
are close in relation to a perceptual label/metric are considered as belonging to the same
perceptual cluster.

[0084] EEE 3. The methods in EEEs 1 and 2, where both the vector of parameters and the
perceptual metric may contain or be derived from the values describing at least one of the
following: information about human preference on how to configure specific multimedia
signal processing algorithms, which influence how the multimedia content is rendered and
experienced; subjective information of humans when experiencing the multimedia signals,
such as their emotions or mood; automated and computerized tests using specific metrics to
derive perceptual properties of multimedia signals.

[0085] EEE 4. The methods in EEEs 1-3, where multimedia signals being processed are

assigned to one or more a perceptual cluster with an algorithm calculating probabilities that
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the signal belongs to a specific perceptual cluster, and where an optimal parameter vector is
estimated to dynamically steer and configure multimedia processing algorithms.

[0086] EEE 5. The method in EEE 4, where the probabilities are computed in a
transformed space, for example, by locality preserving projection (LLP), and/or with a
perceptual metric based on the perceptual clusters, for example, by large margin nearest
neighbor (LMNN).

[0087] EEE 6. The method in EEEs 4-5, where the search of the best parameter values and
the probability computation can be simplified by a hash search.

[0088] EEE 7. A method to steer multimedia processing algorithms comprising data
clusters of multimedia signals where a vector of parameters is associated to each cluster.
[0089] EEE 8. The method in EEE 7, where the data clusters are found through
unsupervised learning algorithms analyzing the feature representation of the multimedia
signal.

[0090] EEE 9. The methods in EEEs 7 and 8 where the vector of parameters may contain
or be derived from the values describing at least one of the following: information about
human preference on how to configure specific multimedia signal processing algorithms,
which influence how the multimedia content is rendered and experienced; subjective
information of humans when experiencing the multimedia signals in a specific data cluster,
such as their emotions or mood; automated and computerized tests using specific metrics to
derive perceptual properties of multimedia signals.

[0091] EEE 10. The methods in EEEs 7-9 where multimedia signals are assigned to one or
more data cluster with an algorithm calculating probabilities that the signal belongs to a
specific data cluster, and where the optimal parameter vector is estimated to dynamically
steer and configure multimedia processing algorithms.

[0092] EEE 11. The method in EEE 10, where the probabilities are computed in a
transformed space, for example, by locality preserving projection (LLP), and/or with a
perceptual metric based on the data clusters, for example, by large margin nearest neighbor
(LMNN).

[0093] EEE 12. The method in EEEs 10-11, where the search of the best parameter values
and the probability computation can be simplified by a hash search.

[0094] EEE 13. A method to steer multimedia processing algorithms comprising both data
clusters and perceptual clusters, and a mapping function which maps data clusters of
multimedia signals to perceptual clusters of multimedia signals.

[0095] EEE 14. The method in EEE 13 where the data clusters are found through
20
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unsupervised learning algorithms analyzing the feature representation of the multimedia
signal.

[0096] EEE 15. The method in EEE 13 where multimedia signals that are close in relation
to a perceptual metric are considered as belonging to the same perceptual cluster.

[0097] EEE 16. The method in EEE 15 where the perceptual metric measures a distance
between some or all of the following values: information about human preference on how to
configure specific multimedia signal processing algorithms, which influence how the
multimedia content is rendered and experienced; subjective information of humans when
experiencing the multimedia signals, which further includes social tags provided by humans
such as their emotions or, and learnings from the crowd including collaborative filtering
techniques for identifying typical audio pieces for a given perception cluster, or vice versa;
automated and computerized tests using specific metrics to derive perceptual properties of
multimedia signals.

[0098] EEE 17. The methods in EEEs 13-16 where specific parameters are assigned to
perceptual clusters, and the specific parameters may contain or be derived from the values as
listed in EEEs 16.

[0099] EEE 18. The method in EEE 17 where the specific parameter values can be used to
dynamically steer multimedia processing algorithms.

[00100] EEE 19. The method in EEE 18 where multimedia signals are assigned to one or
more data cluster using an algorithm calculating probabilities that the signal belongs to a
specific data cluster, and mapped to one or more perceptual clusters through the defined
mapping function in EEEs 13, and where the optimal parameter vector is estimated to  steer
multimedia processing algorithms.

[00101] EEE 20. The method in EEEs 13 and 19, where a mapping function is computed in
the space spanned by the data clusters.

[00102] EEE 21. The method in EEEs 13 and 19, where a mapping function is computed
based on probabilistic models and a set of cluster similarities between the plurality of data
clusters and the plurality of perceptual clusters

[00103] EEE 22. The method 20-21, where the mapping function can be simplified by a
hash search.

[00104] EEE 23. A method to steer multimedia processing algorithms comprising
perceptual clusters/labels of a set of multimedia signals and comprising learning algorithms
to generate data clusters based on the signal feature and a perceptual constraint, with the

perceptual constraint derived from the known perceptual clusters/labels.

21



10

15

20

25

30

WO 2016/003735 PCT/US2015/037484

[00105] EEE 24. The method in EEE 23 where multimedia signals that are close in relation
to a perceptual metric are considered as belonging to the same perceptual cluster.

[00106] EEE 25. The method in EEE 24 where the perceptual metric measures a distance
between some or all of the following values: information about human preference on how to
configure specific multimedia signal processing algorithms, which influence how the
multimedia content is rendered and experienced; subjective information of humans when
experiencing the multimedia signals, which further includes social tags provided by humans
such as their emotions or mood, and learnings from the crowd including collaborative
filtering techniques for identifying typical audio pieces for a given perception cluster, or vice
versa; automated and computerized tests using specific metrics to derive perceptual
properties of multimedia signals.

[00107] EEE 26. The methods in EEEs 23-25 where specific parameters that can be used to
steer and configure audio processing algorithms are assigned to perceptual clusters, and the
specific parameters may contain or be derived from the values as listed in EEEs 25.

[00108] EEE 27. The method in EEEs 23-26 where the learning algorithms are
semi-supervised clustering.

[00109] EEE 28. The methods in EEEs 23-25 where multimedia signals are assigned to a
perceptual clusters using a learning algorithm calculating probabilities that the signal belongs
to a specific perceptual cluster, and where the optimal parameter vector is estimated to
dynamically steer and configure multimedia processing algorithms.

[00110] EEE 29. The method in EEEs 28, where the probabilities are computed in a
transformed space, for example, by locality preserving projection (LLP), and/or with a
perceptual metric, for example, as learned by large margin nearest neighbor (LMNN).

[00111] EEE 30. The method in EEEs 28-29, where the search of the best parameter values
or the probability computation can be simplified by a hash search.

[00112] It will be appreciated that the example embodiments disclosed herein are not to be
limited to the specific embodiments as discussed above and that modifications and other
embodiments are intended to be included within the scope of the appended claims.
Although specific terms are used herein, they are used in a generic and descriptive sense only

and not for purposes of limitation.
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WE CLAIM:

1. A method for processing multimedia data, the method comprising:

automatically determining user perception on a segment of the multimedia data
based on a plurality of clusters, the plurality of clusters obtained in association with
predefined user perceptions; and

processing the segment of the multimedia data at least in part based on determined

user perception on the segment.

2. The method of Claim 1, wherein the plurality of clusters at least include a
plurality of perceptual clusters that are generated at least in part based on the predefined user
perceptions, and wherein automatically determining the user perception on the segment
comprises:

calculating a first set of probabilities that the segment belongs to the plurality of
perceptual clusters; and

determining the user perception on the segment based on the first set of probabilities.

3. The method of Claim 2, wherein calculating the first set of probabilities
comprises:

transforming a signal of the segment into a perceptual space in which a distance
between signals represents perceptual similarity of the signals;

calculating the first set of probabilities based on the transformed signal of the

segment in the perceptual space.

4. The method of Claim 2, wherein the plurality of clusters further include a
plurality of data clusters that are generated based on a signal feature, and wherein calculating
the first set of probabilities comprises:

calculating a second set of probabilities that the segment belongs to the plurality of
data clusters based on the signal feature of the segment; and

calculating the first set of probabilities at least in part based on the second set of

probabilities.
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5. The method of Claim 4, wherein calculating the first set of probabilities at least
in part based on the second set of probabilities comprises:

mapping the plurality of perceptual clusters into a space defined by the plurality of
data clusters to obtain a set of mapped values, the set of mapped values being representations
of the plurality of perceptual cluster in the space; and

calculating the first set of probabilities based on a similarity between the second set

of probabilities and the set of mapped values.

6. The method of Claim 4, wherein calculating the first set of probabilities at least
in part based on the second set of probabilities comprises:

determining a set of cluster similarities between the plurality of data clusters and the
plurality of perceptual clusters; and

calculating the first set of probabilities based on the second set of probabilities and

the set of cluster similarities according to a probabilistic model.

7. 'The method of any of Claims 4-6, wherein the plurality of perceptual clusters
are generated from a first training set of multimedia data, and wherein the plurality of data
clusters are generated from a second training set of multimedia data, a size of the second

training set being greater than a size of the first training set.

8. The method of Claim 1, wherein the plurality of clusters include a plurality of
data clusters that are obtained at least in part based on a signal feature in association with the
predefined user perceptions, and wherein automatically determining the user perception on
the segment comprises:

calculating a set of probabilities that the segment belongs to the plurality of data
clusters at least in part based on the signal feature of the segment; and

determining the user perception on the segment based on the set of probabilities.

9. The method of Claim 8, wherein the predefined user perceptions are associated

with the plurality of data clusters upon generation of the plurality of data clusters.
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10. The method of Claim 8, wherein the plurality of data clusters are generated
based on the signal feature and a perceptual constraint, the perceptual constraint derived from

the predefined user perceptions.

11. The method of Claim 1, wherein processing the segment of the multimedia data
comprises:

retrieving a processing configuration based on the determined user perception on the
segment; and

processing the segment of the multimedia data using the retrieved processing

configuration.

12. A system for processing multimedia data, the system comprising:

a perception determining unit configured to automatically determine user perception
on a segment of the multimedia data based on a plurality of clusters, the plurality of clusters
obtained in association with predefined user perceptions; and

a multimedia processing unit configured to process the segment of the multimedia

data at least in part based on determined user perception on the segment.

13. The system of Claim 12, wherein the plurality of clusters at least include a
plurality of perceptual clusters that are generated at least in part based on the predefined user
perceptions, the system further comprising:

a first probability calculating unit configured to calculate a first set of probabilities
that the segment belongs to the plurality of perceptual clusters,

wherein the perception determining unit is configured to determine the user

perception on the segment based on the first set of probabilities.

14. The system of Claim 13, further comprising:

a signal transforming unit configured to transform a signal of the segment into a
perceptual space in which a distance between signals represents perceptual similarity of the
signals,

wherein the first probability calculating unit is configured to calculate the first set of

probabilities based on the transformed signal of the segment in the perceptual space.
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15. The system of Claim 13, wherein the plurality of clusters further include a
plurality of data clusters that are generated based on a signal feature, the system further
comprising:

a second probability calculating unit configured to calculate a second set of
probabilities that the segment belongs to the plurality of data clusters based on the signal
feature of the segment,

wherein the first probability calculating unit is configured to calculate the first set of

probabilities at least in part based on the second set of probabilities.

16. The system of Claim 15, further comprising:

a mapping unit configured to map the plurality of perceptual clusters into a space
defined by the plurality of data clusters to obtain a set of mapped values, the set of mapped
values being representations of the plurality of perceptual cluster in the space,

wherein the first probability calculating unit is configured to calculate the first set of
probabilities based on similarity between the second set of probabilities and the set of

mapped values.

17. The system of Claim 15, further comprising:

a cluster similarity determining unit configured to determine a set of cluster
similarities between the plurality of data clusters and the plurality of perceptual clusters,

wherein the first probability calculating unit is configured to calculate the first set of
probabilities based on the second set of probabilities and the set of cluster similarities

according to a probabilistic model.

18. The system of any of Claims 15-17, wherein the plurality of perceptual clusters
are generated from a first training set of multimedia data, and wherein the plurality of data
clusters are generated from a second training set of multimedia data, a size of the second

training set being greater than a size of the first training set.
19. The system of Claim 12, wherein the plurality of clusters include a plurality of

data clusters that are obtained at least in part based on a signal feature in association with the

predefined user perceptions, the system further comprising:
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a third probability calculating unit configured to calculate a set of probabilities that
the segment belongs to the plurality of data clusters at least in part based on the signal feature
of the segment,

wherein the perception determining unit is configured to determine the user

perception on the segment based on the set of probabilities.

20. The system of Claim 19, wherein the predefined user perceptions are associated

with the plurality of data clusters upon generation of the plurality of data clusters.

21. The system of Claim 19, wherein the plurality of data clusters are generated
based on the signal feature and a perceptual constraint, the perceptual constraint derived from

the predefined user perceptions.

22. The system of Claim 12, further comprising:

a configuration retrieving unit configured to retrieve a processing configuration
based on the determined user perception on the segment,

wherein the multimedia processing unit is configured to process the segment of the

multimedia data using the retrieved processing configuration.

23. A computer program product for processing multimedia data, the computer
program product being tangibly stored on a non-transient computer-readable medium and
comprising machine executable instructions which, when executed, cause the machine to

perform steps of the method according to any of Claims 1 to 11.
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