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(57) ABSTRACT 

In connection with a classification system for classifying 
media entities that merges perceptual classification tech 
niques and digital signal processing classification techniques 
for improved classification of media entities, a system and 
methods are provided for automatically classifying and 
characterizing melodic movement properties of media enti 
ties. Such a system and methods may be useful for the 
indexing of a database or other storage collection of media 
entities, such as media entities that are audio files, or have 
portions that are audio files. The methods also help to 
determine media entities that have similar, or dissimilar as a 
request may indicate, melodic movement by utilizing clas 
sification chain techniques that test distances between media 
entities in terms of their properties. For example, a neigh 
borhood of songs may be determined within which each 
Song has similar melodic movement properties. 
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AUTOMATIC CLASSIFICATION OF MEDIA 
ENTITIES ACCORDING TO MELODC 

MOVEMENT PROPERTIES 

CROSS REFERENCE TO RELATED 
APPLICATIONS 

0001. This application is a continuation of U.S. applica 
tion Ser. No. 09/942,509, filed Aug. 29, 2001, which is 
hereby incorporated by reference in its entirety. 

FIELD OF THE INVENTION 

0002 The present invention relates to a system and 
methods for providing automatic classification of media 
entities according to melodic movement properties. More 
particularly, the present invention relates to a system and 
methods for automatically classifying media entities accord 
ing to perceptual melodic movement properties and melodic 
movement properties as determined by digital signal pro 
cessing techniques. 

BACKGROUND OF THE INVENTION 

0003 Classifying information that has subjectively per 
ceived attributes or characteristics is difficult. When the 
information is one or more musical compositions, classifi 
cation is complicated by the widely varying Subjective 
perceptions of the musical compositions by different listen 
ers. One listener may perceive a particular musical compo 
sition as “hauntingly beautiful” whereas another may per 
ceive the same composition as “annoyingly twangy.” 
0004. In the classical music context, musicologists have 
developed names for various attributes of musical compo 
sitions. Terms such as adagio, fortissimo, or allegro broadly 
describe the strength with which instruments in an orchestra 
should be played to properly render a musical composition 
from sheet music. In the popular music context, there is less 
agreement upon proper terminology. Composers indicate 
how to render their musical compositions with annotations 
Such as brightly, Softly, etc., but there is no consistent, 
concise, agreed-upon system for Such annotations. 
0005. As a result of rapid movement of musical record 
ings from sheet music to pre-recorded analog media to 
digital storage and retrieval technologies, this problem has 
become acute. In particular, as large libraries of digital 
musical recordings have become available through global 
computer networks, a need has developed to classify indi 
vidual musical compositions in a quantitative manner based 
on highly subjective features, in order to facilitate rapid 
search and retrieval of large collections of compositions. 
0006 Musical compositions and other information are 
now widely available for sampling and purchase over global 
computer networks through online merchants such as AMA 
ZON.COMOR, BARNESANDNOBLE.COMR, CDNOW 
.COMOR, etc. A prospective consumer can use a computer 
system equipped with a standard Web browser to contact an 
online merchant, browse an online catalog of pre-recorded 
music, select a song or collection of Songs ("album'), and 
purchase the Song or album for shipment direct to the 
consumer. In this context, online merchants and others 
desire to assist the consumer in making a purchase selection 
and desire to Suggest possible selections for purchase. How 
ever, current classification systems and search and retrieval 
systems are inadequate for these tasks. 
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0007) A variety of inadequate classification and search 
approaches are now used. In one approach, a consumer 
selects a musical composition for listening or for purchase 
based on past positive experience with the same artist or 
with similar music. This approach has a significant disad 
vantage in that it involves guessing because the consumer 
has no familiarity with the musical composition that is 
selected. 

0008. In another approach, a merchant classifies musical 
compositions into broad categories or genres. The disadvan 
tage of this approach is that typically the genres are too 
broad. For example, a wide variety of qualitatively different 
albums and songs may be classified in the genre of "Popular 
Music' or “Rock and Roll. 

0009. In still another approach, an online merchant pre 
sents a search page to a client associated with the consumer. 
The merchant receives selection criteria from the client for 
use in searching the merchant's catalog or database of 
available music. Normally the selection criteria are limited 
to song name, album title, or artist name. The merchant 
searches the database based on the selection criteria and 
returns a list of matching results to the client. The client 
selects one item in the list and receives further, detailed 
information about that item. The merchant also creates and 
returns one or more critics reviews, customer reviews, or 
past purchase information associated with the item. 
0010 For example, the merchant may present a review 
by a music critic of a magazine that critiques the album 
selected by the client. The merchant may also present 
informal reviews of the album that have been previously 
entered into the system by other consumers. Further, the 
merchant may present Suggestions of related music based on 
prior purchases of others. For example, in the approach of 
AMAZON.COMR), when a client requests detailed infor 
mation about a particular album or song, the system displays 
information stating, “People who bought this album also 
bought ... followed by a list of other albums or songs. The 
list of other albums or songs is derived from actual purchase 
experience of the system. This is called “collaborative 
filtering.” 
0011. However, this approach has a significant disadvan 
tage, namely that the Suggested albums or songs are based 
on extrinsic similarity as indicated by purchase decisions of 
others, rather than based upon objective similarity of intrin 
sic attributes of a requested album or song and the Suggested 
albums or songs. A decision by another consumer to pur 
chase two albums at the same time does not indicate that the 
two albums are objectively similar or even that the consumer 
liked both. For example, the consumer might have bought 
one for the consumer and the second for a third party having 
greatly differing Subjective taste than the consumer. As a 
result, Some pundits have termed the prior approach as the 
'greater fools' approach because it relies on the judgment of 
others. 

0012 Another disadvantage of collaborative filtering is 
that output data is normally available only for complete 
albums and not for individual songs. Thus, a first album that 
the consumer likes may be broadly similar to second album, 
but the second album may contain individual songs that are 
strikingly dissimilar from the first album, and the consumer 
has no way to detect or act on Such dissimilarity. 
0013 Still another disadvantage of collaborative filtering 

is that it requires a large mass of historical data in order to 
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provide useful search results. The search results indicating 
what others bought are only useful after a large number of 
transactions, so that meaningful patterns and meaningful 
similarity emerge. Moreover, early transactions tend to 
over-influence later buyers, and popular titles tend to self 
perpetuate. 

0014. In a related approach, the merchant may present 
information describing a song or an album that is prepared 
and distributed by the recording artist, a record label, or 
other entities that are commercially associated with the 
recording. A disadvantage of this information is that it may 
be biased, it may deliberately mischaracterize the recording 
in the hope of increasing its sales, and it is normally based 
on inconsistent terms and meanings. 
0015. In still another approach, digital signal processing 
(DSP) analysis is used to try to match characteristics from 
Song to Song, but DSP analysis alone has proven to be 
insufficient for classification purposes. 

0016 U.S. Pat. No. 5,918,223, assigned to Muscle Fish, 
a corporation of Berkeley, Calif. (hereinafter the Muscle 
Fish Patent), describes one such DSP analysis technique. 
The Muscle Fish Patent describes a system having two basic 
components, typically implemented as Software running on 
a digital computer. The two components are the analysis of 
Sounds (digital audio data), and the retrieval of these sounds 
based upon statistical or frame-by-frame comparisons of the 
analysis results. In that system, the process first measures a 
variety of acoustical features of each sound file and the 
choice of which acoustical features to measure is critical to 
the Success of the process. Loudness, bass, pitch, brightness, 
bandwidth, and Mel-frequency cepstral coefficients 
(MFCCs) at periodic intervals (referred to as “frames') over 
the length of the sound file are measured. The per-frame 
values are optionally stored, for applications that require that 
level of detail. Next, the per-frame first derivative of each of 
these features is computed. Specific statistical measure 
ments, namely, the mean and standard deviation, of each of 
these features, including the first derivatives, are computed 
to describe their variation over time. This set of statistical 
measurements is represented as an N-vector (a vector with 
N elements), referred to as the rhythm feature vector for 

S1C. 

0017. Once the feature vector of the sound file has been 
stored in a database with a corresponding link to the original 
data file, the user can query the database in order to access 
the corresponding Sound files. The database system must be 
able to measure the distance in N-space between two N-vec 
tOrS. 

0018 Users are allowed to search the sound file database 
by four specific methods, enumerated below. The result of 
these searches is a list of sound files rank-ordered by 
distance from the specified N-vector, which corresponds to 
sound files that are most similar to the specified N-vector or 
average N-vector of a user grouping of Songs. 

0.019 1) Simile: The user may ask for sounds that are 
similar to an example sound file, or a list of example Sound 
files. 

0020 2) Acoustical/perceptual features: The user may 
ask for sounds in terms of commonly understood physical 
characteristics, such as brightness, pitch and loudness. 
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0021 3) Subjective features: The user may ask for sounds 
using individually defined classes. For example, a user 
might be looking for a sound that is both "shimmering and 
“rough,” where the classes “shimmering and “rough have 
been previously defined by a grouping. The user can thus 
create classes of Sounds (e.g. "bird sounds”, “rock music'. 
etc.) by specifying a set of Sound files that belong to this 
class. The average N-vector of these sound files will repre 
sent this sound class in N-space for purposes of searching. 
However, this requires ex post facto user grouping of Songs 
that the user thinks are similar. 

0022 4) Onomatopoeia: producing a sound similar in 
Some quality to the Sound you are looking for. For example, 
the user could produce a buzzing Sound into a microphone 
in order to find sounds like bees or electrical hum. 

0023) While DSP analysis may be effective for some 
groups or classes of Songs, it is ineffective for others, and 
there has so far been no technique for determining what 
makes the technique effective for Some music and not others. 
Specifically, Such acoustical analysis as has been imple 
mented thus far suffers defects because 1) the effectiveness 
of the analysis is being questioned regarding the accuracy of 
the results, thus diminishing the perceived quality by the 
user and 2) recommendations can only be made if the user 
manually types in a desired artist or song title, or group of 
Songs from that specific website. Accordingly, DSP analysis, 
by itself, is unreliable and thus insufficient for widespread 
commercial or other use. 

0024 Methods, such as those used by the Muscle Fish 
patent, which use purely signal processing to determine 
similarities thus have problems. Another problem with the 
Muscle Fish approach is that it ignores the observed fact that 
often times, sounds with similar attributes as calculated by 
a digital signal processing algorithm will be perceived as 
Sounding very different. This is because, at present, no 
previously available digital signal processing approach can 
match the ability of the human brain for extracting salient 
information from a stream of data. As a result, all previous 
attempts at signal classification using digital signal process 
ing techniques miss important aspects of a signal that the 
brain uses for determining similarity. 
0025 Previous attempts a classification based on connec 
tionist approaches, such as artificial neural networks (ANN), 
and self organizing feature maps (SOFM) have had only 
limited Success classifying Sounds based on similarity. This 
has to do with the difficulties in training ANN's and 
SOFM's. The amount of computing resources required to 
train ANN's and SOFM of the required complexity are cost 
and resource prohibitive. 
0026. Accordingly, there is a need for an improved 
method of classifying information that is characterized by 
the convergence of Subjective or perceptual analysis and 
DSP acoustical analysis criteria to improve the overall 
classification efficacy and ease with which music may be 
retrieved. With such a classification technique, it would be 
desirable to provide a classification chain, initially formed 
from a threshold number of training media entities and 
fine-tuned over time, from which further new media entities 
may be classified, from which music matching may be 
performed, from which playlists may be generated, from 
which classification rules may be generated, etc. 
0027 More particularly, there is a need for a classifica 
tion chain that overcomes the limitations of the art by in part 
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using humans to create a map that allows one to uncover 
relationships between various points in the attribute space. 
In essence, it would be desirable to utilize human experts to 
show a classification chain how two points in attribute space, 
where the attributes are determined by a signal processing 
algorithm, relate in perception-space. For instance, two 
points might be very close in attribute space, but quite 
distant in perception space, and thus a proper Solution 
considers and solves this problem in a cost effective manner. 
In a system that classifies information that is characterized 
by the convergence of Subjective or perceptual analysis and 
DSP acoustical analysis, it would be still further desirable to 
provide a system that automatically classifies media entities 
according to melodic movement properties of at least one 
portion of an audio file represented by the media entities. 

SUMMARY OF THE INVENTION 

0028. In connection with a classification system for clas 
Sifying media entities that merges perceptual classification 
techniques and digital signal processing classification tech 
niques for improved classification of media entities, the 
present invention provides a system and methods for auto 
matically classifying and characterizing melodic movement 
properties of media entities. Such a system and methods may 
be useful for the indexing of a database or other storage 
collection of media entities, such as media entities that are 
audio files, or have portions that are audio files. The methods 
also help to determine media entities that have similar, or 
dissimilar as a request may indicate, melodic movement by 
utilizing classification chain techniques that test distances 
between media entities in terms of their properties. For 
example, a neighborhood of Songs may be determined 
within which each Song has similar melodic movement 
properties. 

0029. Other features of the present invention are 
described below. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0030 The system and methods for providing automatic 
classification of media entities according to melodic move 
ment properties are further described with reference to the 
accompanying drawings in which: 

0031 FIG. 1 is a block diagram representing an exem 
plary network environment in which the present invention 
may be implemented; 

0032 FIG. 2 is a high level block diagram representing 
the media content classification system utilized to classify 
media, Such as music, in accordance with the present inven 
tion; 

0033 FIG. 3 is block diagram illustrating an exemplary 
method of the generation of general media classification 
rules from analyzing the convergence of classification in 
part based upon Subjective and in part based upon digital 
signal processing techniques; 

0034 FIGS. 4A, 4B, 4C and 4D illustrate exemplary 
aspects of a classification chain in accordance with the 
present invention; 

0035 FIGS.5A and 5B illustrate an exemplary calcula 
tion of a distance within which two vectors in classification 
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chain input space are considered to be in the same neigh 
borhood space in accordance with the present invention; 
0036 FIGS. 6A and 6B illustrate an exemplary process 
whereby an entry vector is classified in accordance with 
other vectors in the classification chain located within the 
distance calculated in FIGS.5A and 5B in accordance with 
a classification process of the present invention; 
0037 FIG. 6C illustrates an exemplary flow diagram 
whereby a classification chain input space is trained for 
improved classification in accordance with the present 
invention; 
0038 FIG. 7A illustrates an exemplary formation of a 
Sonic vector according to a Sonic characterization process of 
the present invention; 
0.039 FIG. 7B represents two types of perceptual prop 
erties that the Sonic characterization classification chain 
space of the invention may classify; 
0040 FIG. 8A illustrates an exemplary flow diagram for 
a consonance calculation of the present invention; 
0041 FIGS. 8B and 8C illustrate exemplary flow dia 
grams for a peak detection and interpolation phase and a 
peak continuation phase, respectively, for musical conso 
nance and melodic movement calculations in accordance 
with the present invention; 
0042 FIG. 8D illustrates an exemplary peak intervals 
calculation phase for a musical consonance calculation in 
accordance with the present invention; 
0043 FIG. 9A illustrates an exemplary flow diagram for 
a melodic movement calculation of the present invention; 
0044 FIG. 9B illustrates an exemplary melodic vector 
calculation phase in accordance with a melodic movement 
calculation of the present invention; and 
0045 FIG. 10 illustrates an exemplary process for 
extracting tempo properties from a media entity in accor 
dance with the present invention. 

DETAILED DESCRIPTION OF ILLUSTRATIVE 
EMBODIMENTS 

Overview 

0046) With respect to a classification system for classi 
fying media entities that merges perceptual classification 
techniques and digital signal processing classification tech 
niques, the present invention provides a system and methods 
for automatically classifying and characterizing melodic 
movement properties of media entities. 
0047 Such a method and system may be useful in the 
indexing of a database or other storage collection of media 
entities, such as audio files, or portions of audio files. The 
methods also help to determine songs that have similar, or 
dissimilar as a request may indicate, melodic movement by 
utilizing classification chain techniques that test distances 
between media entities in terms of their properties. For 
example, a neighborhood of Songs may be determined 
within which each Song has similar melodic movement. 
0048. In exemplary embodiments, the invention includes 
a peak detection and interpolation phase, a critical band 
masking phase, a peak continuation phase, a melodic move 
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ment vector calculation, a principal component analysis 
transform stage and a classification phase. The FFT is taken 
of audio data and the audio data is read into the peak 
detection and interpolation stage where the most prominent 
peaks along with their energies are detected and recorded 
into output matrices. These matrices are then fed through the 
critical band masking stage, the peak continuation stage, and 
the melodic vector calculation stage. The Melodic vector is 
then optionally multiplied by the principal component 
matrix, and input to the classification chain, which deter 
mines the melodic movement value for the Sound. 

0049. The operation of the classification chain may be 
broken down into a classification phase and an operation 
phase. Human experts undertake the classification phase to 
provide initial perceptually observed melodic movement 
classification data to the classification chain. These experts 
assign each entry in the data set, to one or more melodic 
movement classes, corresponding to Some relevant percep 
tual melodic movement properties of the data. The classified 
data is then used to construct the initial classification chain. 
Once an initial classification chain is formed, the operation 
of the classification chain may be observed by human 
experts, and further trained for improved performance. Once 
the classification chain is ready for operation, it may be used 
to classify or otherwise relate songs according to their 
melodic movement properties. Principal component analysis 
may be used to reduce the amount of data, and to remove 
redundancy. 

Exemplary Computer and Network Environments 

0050. One of ordinary skill in the art can appreciate that 
a computer 110 or other client device can be deployed as part 
of a computer network. In this regard, the present invention 
pertains to any computer system having any number of 
memory or storage units, and any number of applications 
and processes occurring across any number of storage units 
or Volumes. The present invention may apply to an envi 
ronment with server computers and client computers 
deployed in a network environment, having remote or local 
storage. The present invention may also apply to a standa 
lone computing device, having access to appropriate clas 
sification data and an appropriate playlist generation engine. 

0051 FIG. 1 illustrates an exemplary network environ 
ment, with a server in communication with client computers 
via a network, in which the present invention may be 
employed. As shown, a number of servers 10a, 10b, etc., are 
interconnected via a communications network 14, which 
may be a LAN, WAN, intranet, the Internet, etc., with a 
number of client or remote computing devices 110a, 110b, 
110c. 110d. 110e, etc., such as a portable computer, handheld 
computer, thin client, networked appliance, or other device, 
such as a VCR, TV, and the like in accordance with the 
present invention. It is thus contemplated that the present 
invention may apply to any computing device in connection 
with which it is desirable to provide classification services 
for different types of content such as music, video, other 
audio, etc. In a network environment in which the commu 
nications network 14 is the Internet, for example, the servers 
10 can be Web servers with which the clients 110a, 110b, 
110c. 110d. 110e, etc. communicate via any of a number of 
known protocols such as hypertext transfer protocol 
(HTTP). Communications may be wired or wireless, where 
appropriate. Client devices 110 may or may not communi 
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cate via communications network 14, and may have inde 
pendent communications associated therewith. For example, 
in the case of a TV or VCR, there may or may not be a 
networked aspect to the control thereof. Each client com 
puter 110 and server computer 10 may be equipped with 
various application program modules 135 and with connec 
tions or access to various types of storage elements or 
objects, across which files may be stored or to which 
portion(s) of files may be downloaded or migrated. Any 
server 10a, 10b, etc. may be responsible for the maintenance 
and updating of a database 20 in accordance with the present 
invention, Such as a database 20 for storing classification 
information, music and/or software incident thereto. Thus, 
the present invention can be utilized in a computer network 
environment having client computers 110a, 110b, etc. for 
accessing and interacting with a computer network 14 and 
server computers 10a, 10b, etc. for interacting with client 
computers 10a, 10b, etc. and other devices 111 and data 
base(s) 20. 
Classification 

0052. In accordance with one aspect of the present inven 
tion, a unique classification technique is implemented which 
combines human and machine classification techniques in a 
convergent manner, from which a classification chain, which 
embodies a canonical set of rules for classifying music, may 
be developed, and from which a database, or other storage 
element, may be filled with the classification chain and/or 
classified songs. With such techniques and rules, radio 
stations, studios and/or anyone else will be enabled to 
classify new music. With Such a database, music association 
may be implemented in real time, so that playlists or lists of 
related (or unrelated if the case requires) media entities may 
be generated. Playlists may be generated, for example, from 
a single song and/or a user preference profile in accordance 
with an appropriate analysis and matching algorithm per 
formed on the data store of the database. Nearest neighbor 
and/or other matching algorithms may be utilized to locate 
Songs that are similar to the single song and/or are Suited to 
the user profile. Based upon a distance measurement from 
the mean, median, etc. of a certain class in the classification 
chain, a confidence level for Song classification may also be 
returned. 

0053 FIG. 2 illustrates an exemplary classification tech 
nique in accordance with the present invention. Media 
entities, such as songs 210, from wherever retrieved or 
found, are classified according to human classification tech 
niques at 220 and also classified according to automated 
computerized DSP classification techniques at 230. 220 and 
230 may be performed in either order, as shown by the 
dashed lines, because it is the marriage or convergence of the 
two analyses that provides a stable set of classified Songs at 
240. As discussed above, once Such a database of Songs is 
classified according to both human and automated tech 
niques, the database becomes a powerful tool for generating 
songs with a playlist generator 250. A playlist generator 250 
may take input(s) regarding song attributes or qualities, 
which may be a song or user preferences, and may output a 
playlist, recommend other songs to a user, filter new music, 
etc. depending upon the goal of using the relational infor 
mation provided by the invention. In the case of a song as 
an input, first, a DSP analysis of the input song is performed 
to determine the attributes, qualities, likelihood of Success, 
etc. of the song. In the case of user preferences as an input, 
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a search may be performed for songs that match the user 
preferences to create a playlist or make recommendations 
for new music. In the case of filtering new music, the rules 
used to classify the songs in database 240 may be leveraged 
to determine the attributes, qualities, genre, likelihood of 
Success, etc. of the new music. 
0054. In accordance with the present invention, once the 
classification chain database 240 takes on a critical mass, 
defined as the processing of enough media entities to form 
a reasonably valid rule set and corresponding song database 
240 within a threshold tolerance, playlist generator 250 may 
be a powerful tool for training new humans. For example, if 
a particular human is having difficulty learning a certain 
concept, playlists may be formed that emphasize (or de 
emphasize) the effect to illustrate the concept in greater 
depth to a trainee. Naturally, at the outset, before such 
critical mass is reached, another playlist generator or manu 
ally formed playlists may be utilized. The training process of 
the present invention is described in more detail below. In 
effect, the rules can be used as a filter to supplement any 
other decision making processes with respect to the new 

S1C. 

0.055 FIG. 3 illustrates a process that generates gener 
alized rules for a classification system characterized by the 
convergence of subjective or perceptual analysis and DSP 
acoustical analysis criteria. A first goal is to train a database 
with enough songs so that the human and automated clas 
sification processes converge, from which a consistent set of 
classification rules may be adopted, and adjusted to Sufi 
cient accuracy. First, at 305, a general set of classifications 
are agreed upon in order to proceed consistently i.e., a 
consistent set of terminology is used to classify music in 
accordance with the present invention. At 310, a first level 
of expert classification is implemented, whereby experts 
classify a set of training songs in database 300. This first 
level of expert is fewer in number than a second level of 
expert, termed herein a groover, and in theory has greater 
expertise in classifying music than the second level of expert 
or groover. The songs in database 300 may originate from 
anywhere, and are intended to represent a broad cross 
section of music. At 320, the groovers implement a second 
level of expert classification. There is a training process in 
accordance with the invention by which groovers learn to 
consistently classify music, for example to 92-95% accu 
racy. The groover scrutiny reevaluates the classification of 
310, and reclassifies the music at 325 if the groover deter 
mines that reassignment should be performed before storing 
the Song in human classified training Song database 330. The 
present application describes this training process for train 
ing humans to recognize fundamental properties of media 
entities in greater detail below. 
0056 Before, after or at the same time as the human 
classification process, the songs from database 300 are 
classified according to digital signal processing (DSP) tech 
niques at 340. Exemplary classifications for songs include, 
inter alia, tempo, Sonic, melodic movement and musical 
consonance characterizations. Classifications for other types 
of media, Such as video or software are also contemplated. 
The quantitative machine classifications and qualitative 
human classifications for a given piece of media, Such as a 
Song, are then placed into what is referred to herein as a 
classification chain, which may be an array or other list of 
vectors, wherein each vector contains the machine and 
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human classification attributes assigned to the piece of 
media. Machine learning classification module 350 marries 
the classifications made by humans and the classifications 
made by machines, and in particular, creates a rule when a 
trend meets certain criteria. For example, if songs with 
heavy activity in the frequency spectrum at 3 kHz, as 
determined by the DSP processing, are also characterized as 
jazzy' by humans, a rule can be created to this effect. The 
rule would be, for example: songs with heavy activity at 3 
kHZ are jazzy. Thus, when enough data yields a rule, 
machine learning classification module 350 outputs a rule to 
rule set 360. While this example alone may be an oversim 
plification, since music patterns are considerably more com 
plex, it can be appreciated that certain DSP analyses corre 
late well to human analyses. 
0057. However, once a rule is created, it is not considered 
a generalized rule. The rule is then tested against like pieces 
of media, such as song(s), in the database 370. If the rule 
works for the generalization song(s) 370, the rule is con 
sidered generalized. The rule is then subjected to groover 
scrutiny 380 to determine if it is an accurate rule at 385. If 
the rule is inaccurate according to groover scrutiny, the rule 
is adjusted. If the rule is considered to be accurate, then the 
rule is kept as a relational rule e.g., that may classify new 
media. 

0058. The above-described technique thus maps a pre 
defined parameter space to a psychoacoustic perceptual 
space defined by musical experts. The process whereby 
people are trained to be or certified as “musical experts.” for 
purposes of uniformly applying classification techniques is 
the Subject of the present application. 
Adaptive Media Property Classification 
0059. The present invention relates to a system and 
methods for automatically classifying data according to 
perceptual properties of the data and to methods for gener 
ating and utilizing a classification chain. The classification 
chain is Suited to the searching and sorting of large databases 
of sensory data, including, but not limited to, music, image 
and other media databases. 

0060. The operation of the classification chain is broken 
down into two phases: classification and operation. Human 
experts undertake the classification phase. U.S. Pat. No. 
6,913,466 describes a system and method for training and 
certifying trainees to be groovers, or experts qualified to 
classify data. These experts, who may be first-rate music 
classification experts for maximum consistency, or groovers 
who have been trained by those experts, assign each media 
entity in the data set to one or more classes. Each class 
corresponds to a given Subset of perceptual properties of the 
data. The classified data is then used to construct an initial 
classification chain. 

0061. In an exemplary non-limiting embodiment, the 
fundamental properties of media entities, such as Songs, are 
grouped into three main areas: rhythm, Zing and mood. 
Rhythm may include tempo, time signature, rhythm descrip 
tion, rhythm type and rhythmic activity. In the case of mood, 
the Sub-categories may include emotional intensity, mood 
and mood description. In the case of Zing, the Sub-categories 
may include consonance, density, melodic movement and 
weight. Once a trainee learns the nature of and how to 
recognize distinctions for these terms, a trainee becomes a 
groover and may classify new songs or song segments. 
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0062. In an exemplary non-limiting embodiment for the 
classification of new songs or song segments, a groover 
enters values for attributes for the song or song segment 
including song-level attributes and Voice-level attributes. 
Some of these attributes are similar to the fundamental 
properties described above. Song-level attributes may 
include tempo, weight, harmony, intensity, density, conso 
nance, chordal movement, mood, range, flow, dynamics, 
rhythm description, rhythm type, rhythmic activity, rhythm 
flexibility, rhythm time signature and description. Voice 
level attributes include prominence, melodic movement, 
intensity, ornamentation, cleanliness, rhythm activity and 
whether the song has a Solo. Values may be entered via 
discrete adjective descriptors, via continuous or discrete 
range(s) of numbers, via more Subjective terms like, low, 
medium and high, jagged or Smooth, and the like, as long as 
the classification values used are consistent from segment to 
segment or from Song to Song. 
0063 FIGS. 4A through 4D illustrate exemplary aspects 
of a classification chain as implemented in an embodiment 
of the present invention. FIG. 4A, for instance, illustrates 
that an expert or groover assigns to a media entity ME 
during classification at least one classified-by-human value 
for various categories or classes CH11, CH12, ..., CHMN 
that describe the media entity, such as values for ranges or 
descriptions of song-level and Voice-level attributes (such as 
those noted in exemplary description above). FIG. 4B 
similarly illustrates that computing device(s) also assign at 
least one classified-by-computer value for various categories 
or classes CC11, CC12, . . . , CCMN that describe DSP 
characteristics of the media entity ME. Some of these DSP 
characteristics and techniques for automatically generating 
those characteristics are described in more detail below. 
These include measurements of Sonic characterization, 
musical consonance, tempo and melodic movement and are 
well Suited to describing media entities, such as songs. 
0064 FIG. 4C illustrates an exemplary vector for the 
media entity ME after said at least one classified-by-human 
value(s) are assigned and after said at least one classified 
by-computer value(s) are assigned. The values assigned in 
FIGS. 4A and 4B become part of the vector for the media 
entity ME. The at least one classified-by-human value(s) and 
the at least one classified-by-computer value(s), with any 
other relevant descriptive or classification information or 
values, are placed in a vector VME, which may then be 
accommodated in the classification chain input space. Such 
as classification chain input space IS illustrated in FIG. 4D. 
With the classification chain input space IS, a new unclas 
sified entry vector EV1 may be input to the space IS, and 
various searching, matching and/or analyzing of the entry 
vector EV1 relative to the vectors of the classification chain 
input space IS may be performed. For example, if another 
vector is within a distanced nh of the entry vector EV1, the 
other vector may be considered within the entry vector 
EV1's neighborhood, and further calculations and analysis 
may be based on the vectors contained within EV1's neigh 
borhood. Other distances and/or properties may be useful for 
analyzing the entry vector EV1 relative to the other vectors 
in classification chain input space IS as well. 
0065. A neighborhood is defined as the region in the input 
space that is “close in distance to the point specified by the 
entry vector. In this regard, distance may be defined as the 
Euclidian distance: A-B, where A and B are vectors, 
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although any distance measurement utilized by those of 
ordinary skill in the art may be used. FIGS. 5A and 5B 
illustrate an exemplary calculation of a distance within 
which two vectors in classification chain input space are 
considered to be in the same neighborhood space. FIG. 5A 
illustrates a simplified classification chain input space IS that 
contains nine (9) vectors CCV1 through CCV9. For pur 
poses of operation of the present invention, the distance 
within which two points are considered to be in the same 
neighborhood is determined in the following exemplary 
manner. First, the nearest entries in the classification chain 
to several entry vectors EV1, EV2 and EV3 are determined. 
The several entry vectors EV1, EV2 and EV3 are not 
members of the classification chain, but have been classified 
by the human experts. In the example, EV1 is closest to 
CCV1 at distance d1, EV2 is closest to CCV4 at a distance 
d4 and EV3 is closest to CCV6 at distance of d6. Then, the 
distances d1. d4 and d6 between the chain entries and entry 
vectors EV1, EV2 and EV3 are calculated and/or stored. 
Then, the class(es) of the nearest entries CCV1, CCV4 and 
CCV6 are assigned to the input entry vectors EV1, EV2 and 
EV3, respectively. Then, the classification error, defined as 
the difference between the classification chain's class(es) 
estimate and the entry vectors EV1, EV2 and EV3 class(es) 
as determined by a human expert, are calculated for each 
entry vector. 
0066. Then, as illustrated in FIG. 5B, a histogram is 
generated illustrating the classification error for each of the 
nearest neighbor distances. The maximum distance at which 
the classification error is acceptable is the neighborhood 
distanced inh. In the example shown, e2 is acceptable error 
in classification and e4 is unacceptable error in classifica 
tion. Either of distances d1 and d4 could be chosen as a 
neighborhood distance, or some distance between d1 and d4 
could be chosen as well. For example, in an exemplary 
embodiment, the linear interpolation between the least 
acceptable, but still acceptable classification error and least 
objectionable, but still objectionable classification error is 
determined. In this example, such interpolation means that 
e3 is the threshold error that is allowed for same neighbor 
hood vectors, and d nh is the neighborhood distance, the 
distance within which two separate vectors may be consid 
ered to be within the same neighborhood. 
0067 Thus, once enough vectors describe the classifica 
tion chain input space IS and the neighborhood distance is 
determined, the classification chain is ready for operation. 
Thus, once the classification chain is generated with Sufi 
cient breadth in representation of media entity classification 
information, the operation phase for the classification chain 
may begin. During operation, when presented with an 
unclassified entry such as an entry vector EV, the classifi 
cation chain returns an estimate of the class of the entry, as 
well as a confidence measure that is proportional to the level 
of confidence of the class assignment. For a simplified 
example, a classification chain can be constructed to deter 
mine the tempo of digitally recorded Songs. The new song 
data is presented to the chain and the chain returns an 
estimate of the song's tempo as well as a number corre 
sponding to the degree of certainty of the tempo estimate; 
the larger the confidence number, the more certain the chain 
is of the classification. If the confidence for the tempo 
determination is low, an expert or groover may be called 
upon to find out why. An expert may, for example, determine 
that a new tempo class should be constructed to accommo 
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date music of the type that generated the tempo estimate of 
low confidence. Alternatively, the expert may determine that 
the music may be of a sort that does not lend itself easily to 
tempo characterization, and thus tempo characterization 
may not be suitable for that type of music. Other unforeseen 
aspects oftempo characterization may arise as well. In short, 
a human may have more insight as to why the classification 
chain fell short of determining the tempo class with high 
accuracy or confidence. Over time, as new classes are added 
to the classification chain or as previous classes are modi 
fied, the classification chain becomes a more effective and 
powerful tool for quickly characterizing new and existing 

S1C. 

0068 FIGS. 6A and 6B illustrate an exemplary process 
whereby an entry vector EV is classified in accordance with 
vectors of CCV1 through CCV9 in the classification chain 
input space IS that are located within the distance d inh 
calculated in FIGS. 5A and 5B. When a new media entity 
is input to the classification chain for classification, the 
estimated class returned by the classification chain is deter 
mined by calculating the representative class of the neigh 
borhood in which the entity falls. Thus, in the example, 
CCV2, CCV4, CCV6 and CCV9 are located in entry vector 
EV's neighborhood because CCV2, CCV4, CCV6 and 
CCV9 are within distanced inh, as calculated above. 

0069. The input data of entry vector EV may be treated 
as a vector of N dimensions where N is the number of 
discrete elements in the data. For a digitally recorded Song 
presented to the classification chain as recorded samples in 
PCM format, N could be on the order of several million. In 
many cases, the amount of relevant data can be reduced to 
a small fraction of that number without affecting the per 
formance of the classification engine. For example, as 
described below, digital signal processing measurements of 
Sonic characterization, musical consonance, tempo and 
melodic movement may be made with reduced amounts of 
data. 

0070 When in operation mode, entries such as entry 
vector EV are presented to the classification chain and an 
estimate of the entry class is returned along with a measure 
of certainty. If the classes in the classification chain come 
from discrete sets, the assigned class is the median class 
value of all classification chain entries that fall within the 
input entry's neighborhood, where neighborhood is defined 
above. The confidence value is the number of classification 
chain entries within the neighborhood with the median class 
divided by the number of entries in the neighborhood. In the 
example of FIG. 6B, CCV2, CCV4, CCV6 and CCV9 are 
in entry vector EV's neighborhood and at distances s2, s1, 
s3 and s4, respectively. If CCV2, CCV4 and CCV6 classify 
EV as having a fast tempo, and CCV9 classifies EV as 
having a medium tempo, then the classification chain clas 
sifies EV as having a fast tempo with 75% confidence. If the 
classification chain is used to classify a member of a 
continuous set or range, then the class assigned to media 
entity is the neighborhood mean. The confidence level is 
inversely proportional to the standard deviation of the neigh 
borhood values. For example, if CCV2 classified EV as 
having a tempo of 2, CCV4 classified EV as having a tempo 
of 3, CCV6 classified EV as having a tempo of 3 and CCV9 
classified EV as having a tempo of 4, then the assigned class 
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is a tempo of 3, and the confidence percentage is calculated 
as a function of the variance i.e., the standard deviation of 
the numbers 2, 3, 3 and 4. 

0071. If the confidence level of an input entry is low, the 
input entry is sent to a human expert for classification after 
which, it may be added to the classification chain. In this 
manner, the classification chain adapts to new data. Precisely 
what constitutes low must be determined for an application 
or type of media entity. 

0072 The ratio of the number of entries added to the 
classification chain to the total number of entries presented 
to the chain is tracked during the operation process to 
determine if the classification process is succeeding. Ideally, 
this number should approach Zero asymptotically. This 
assumes that the human classification is without error and 
that the relevant information is contained in each entry so 
that classification can Succeed. In reality, the ratio eventually 
converges to Some number less than one, but greater than 
Zero. The more successful the classification, the lower the 
ratio. 

0073 FIG. 6C illustrates an exemplary flow diagram 
whereby the classification chain input space is trained, and 
“tweaked over time for improved classification. This pro 
cess could be performed for a single property, such as tempo, 
or for a plurality of properties up to the total number of 
classes and Subclasses for the media entity. Having an initial 
classification chain with which to work as a result of human 
expert classification of Songs, an exemplary fine tuning 
process utilizing a plurality of unclassified media entities 
may proceed as follows: At start 600, a first unclassified 
song is presented. If, at 605, it is determined via a fingerprint 
or other identification means that the Song or portion of the 
Song is already in the database, such as database 240, then 
the flow proceeds to 610. If at 610, training is complete 
either because an expert determines that the classification 
chain is working with threshold accuracy or because the last 
of the plurality of unclassified songs has been processed, 
then the process ends at 625. If training is not complete, the 
next song is presented at 615 and the flow returns to 605. If 
at 605, it is determined that the song has not yet been entered 
into the data set or previously classified, a song vector is 
calculated for the desired properties of the song at 620, and 
the vector is presented to the classification chain. The 
classification chain returns a response at 630 i.e., the clas 
sification chain returns a class estimate for the input vector 
and a degree of confidence for the estimate. If there is a high 
level of confidence for the classification chain's ability to 
classify the song, there is no need to tweak the classification 
chain because it worked for its intended purpose, and the 
next song of the plurality of unclassified songs at 645 is 
ready to be processed and the process begins again at 605. 
If the degree of confidence for the classification is low or if 
an expert determines that there is otherwise a problem with 
the classification of the song, then the flow proceeds to 640 
where the expert assigns values to the song, and then adds 
the newly classified song to the classification chain for 
future classifications. In this case, in the future, when an 
unclassified Song is input to the classification chain that is 
similar to the song classified by the expert at 640, the 
classification chain will produce a better response than the 
previous response because it has been further trained to 
recognize songs of that character. 
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0074 The present invention provides a number of clear 
advantages over the prior art. For example, a computing 
device in accordance with the present invention allows a 
user to use digital signal processing methods to determine 
similarities among Sounds as judged by a trained human 
expert. This is in contrast to other methods referenced in the 
background which use purely signal processing to determine 
similarities. As mentioned, the main problem with those 
approaches is that they ignore the observed fact that often 
times, Sounds with similar attributes as calculated by a 
digital signal processing algorithm will be perceived as 
Sounding very different. This is because, at present, no 
previously available digital signal processing approach can 
match the ability of the human brain for extracting salient 
information from a stream of data. As a result, all previous 
attempts at signal classification using digital signal process 
ing techniques alone miss important aspects of a signal that 
the brain uses for determining similarity. 
0075. The classification chain of the present invention 
overcomes this limitation by using humans to create a map 
that allows one to uncover relationships between various 
points in the attribute space. In essence, human experts are 
used to show the classification chain how two points in 
attribute space, where the attributes are determined by a 
signal processing algorithm, relate in perception-space. Two 
points might be very close in attribute space, but quite 
distant in perception space, and the present invention iden 
tifies this distinction because perceptual and attribute space 
are correlated. 

0.076 Current implementations of the classification chain 
show that the correlation mapping is indeed quite complex, 
which in the case of Songs, may require tens of thousands of 
human classified entries to build a reliable classification 
chain. This degree of complexity would be extremely dif 
ficult to implement in a digital signal processing application 
without the aid of human training. The present invention 
also avoids the prohibitively computationally intensive 
training phases of SOFMs and ANNs. Therefore, the clas 
sification chain requires much less processing time before it 
is ready for processing and classifying data. 
0.077 Also advantageously, the structure of the classifi 
cation chain of the invention need not be specified before 
operation. The classification chain of the invention grows in 
accordance with its performance, only modifying entries or 
adding new entries when needed. This is in contrast to 
hit-and-miss approaches used when designing ANNs and 
SOFMS. 

Method and System for Sonic Characterization 
0078. One application for the above-described classifica 
tion chain is with respect to a measurement of perceived 
Sonic properties of Sound. In one aspect, the present inven 
tion thus provides a method for automatically classifying 
and characterizing music according to Sonic properties of the 
media entities. The Sonic properties represent the perceived 
long-term properties of the Sound and include various 
aspects of the sounds timbre, including Such notions as: 
spectral balance, spectral weight of the Sound and the 
perceived spectral density. Spectral balance is a relative 
measurement of bass energy versus treble energy, i.e., does 
the Sound have more bass energy than treble energy? Spec 
tral weight is a relative measurement of the perceived 
quality of the sound i.e., is the Sound perceived as heavy or 
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light? The perceived spectral density is a relative measure 
ment of how much of the spectrum is perceived as being 
used. Thus, Sonic characterization includes measurements of 
various aspects of the information content of media entities. 
Such a method and system may be useful in the indexing of 
a catalog of Sounds, which could be, for example, a collec 
tion of Sound effects or a music database, such as database 
240. The method also helps to determine the sonic similarity 
between different sounds by utilizing the above-described 
classification chain techniques. For example, a neighbor 
hood of Songs may be determined within which each song 
has a similar Sonic characterization. 

0079 The operation of sonic characterization may 
include a construction phase and a classification phase. 
During the construction phase, human experts classify a 
representative set of Sounds according to their perceptual 
qualities. The experts assign to each entry in a representative 
set of media entities a value or set of values for the perceived 
spectral qualities of the media entities. After the classifica 
tion is completed, each Sound in the representative data set 
is reduced to a set of characteristic numbers, referred to as 
the sound's characteristic vector. When the characteristic 
vectors of the representative media entities are added to the 
classification chain input space, new unclassified media 
entities may be classified based upon media entities found in 
their neighborhood of the classification chain input space. 
0080. The characteristic vector(s) are calculated in the 
following manner: The Sound is first broken up into a 
plurality of frames, each frame comprised of a fixed number 
of pulse code modulation (PCM) values, each value repre 
senting a sample in the frame. PCM is a digital scheme for 
transmitting analog data. The signals in PCM are binary and 
thus represented either by logic 1 (high) and logic 0 (low). 
Using PCM, it is possible to digitize all forms of analog data, 
including full-motion video, Voices, music, telemetry, Vir 
tual reality (VR) and others. 
0081. While the present invention works with any format 
of music data Such as wav, .mp3.rp, etc., it should also be 
understood that the invention works with analog data as well 
since analog data may be converted to digital data. For 
example, as one of ordinary skill in the art can appreciate 
that to obtain PCM from an analog waveform at the source 
(transmitter end) of a communications circuit, the analog 
signal amplitude is sampled (measured) at regular time 
intervals. The sampling rate, or number of samples per 
second, is generally chosen to be several times the maximum 
frequency of the analog waveform in cycles per second, or 
hertz. The instantaneous amplitude of the analog signal at 
each sampling is rounded off to the nearest of several 
specific, predetermined levels. This process is called quan 
tization and is generally achieved with a power of 2 for 
example, 8, 16, 32, or 64 quantization levels with respective 
3, 4, 5 and 6 quantization bits. The output of a pulse code 
modulator is thus a series of binary numbers, each repre 
sented by some power of 2 bits. 
0082) Additionally, it can be appreciated that any digital 
format may be converted back to analog format. For 
example, in the case of a PCM signal, at the destination 
(receiver end) of the communications circuit, a pulse code 
demodulator, having the same number of quantum levels as 
possessed by the modulator, may convert the binary num 
bers back into pulses. These pulses may be further processed 
to restore the original analog waveform. 
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0.083 Thus, in accordance with an exemplary embodi 
ment describing the calculation of a media entity's charac 
teristic Sonic vector, the Sound is first broken up into a 
plurality of frames, with each frame comprised of a fixed 
number of PCM values, and with each PCM value repre 
senting a sample in the frame. For each frame, the energy of 
the frame is calculated by calculating the root mean squared 
(RMS) value of the frame. An FFT of that frame is then 
taken. The entropy content of the frame is then calculated by 
normalizing the sum of the magnitudes of the bins of the 
FFT to unity for each frame, and then calculating: 

S = -Xplog, (P) 

where S is the entropy of the frame, p is the normalized 
magnitude of bin w of the FFT, and log2(p) is the log base 
2 of (p). The energy in each of several critical bands is also 
calculated by Summing the value of the square of the 
magnitude of each FFT bin that falls within a given critical 
band. Measurements are also taken of the derivative of each 
of the critical band filtered waveforms to gain information 
about the amount or rate of change of the frequencies 
represented by the frames of the media entity. The entropy 
content, derivative and the energy values are calculated for 
each frame of the media entity. This information then 
becomes the bases for the Sonic characterization vector. 

0084 As mentioned, the human auditory system has a 
limited, frequency-dependent resolution and thus Sonic char 
acterization that includes a filter to account for this fact 
yields better results. This is known generally as critical band 
filtering. A more perceptually uniform measure of frequency 
may thus be expressed in terms of the width of the critical 
bands. These critical bands have less than a 100 Hz width at 
the lowest audible frequencies, and a width of more than 4 
kHz at the high end of the perceptually observable frequency 
spectrum. The audio frequency range for purposes of per 
ceptual human analysis, for example, can be partitioned into 
about 25 critical bands. 

0085 FIG. 7A illustrates an exemplary formation of a 
Sonic vector according to the Sonic characterization process 
of the present invention. At 745, a media entity is received 
by the system and the data is converted from the time 
domain to the frequency domain via a Fast Fourier Trans 
form (FFT). The FFT is performed on the frame data to 
produce a raw digital representation of the spectral charac 
teristics of the media entity. Subsequently, each frame may 
be processed in the following manner. For each frame of 
data, at 750, critical band filtering is performed on the data, 
and the average of the data is calculated at 765. The 
derivative of the critical band filtered data is also taken at 
760, and the derivative data is also averaged at 765. In 
parallel to 750 and 760, at 755, an entropy calculation 
according to the above-described equation is performed for 
each frame. These values too are averaged at 765. In an 
exemplary embodiment, 12 values result from 12 critical 
band filtering data sets, 12 values result from a correspond 
ing 12 derivative calculations from the 12 critical band 
filtering data sets, and 1 value for the entropy form the 
feature vector at 770. Principal Component Analysis (PCA) 
may optionally be performed at 775 on the feature vector 
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data in order to extract the orthogonal or most salient 
features from the data in terms of what it represents. The 
feature vector may then be added to the classification chain 
at 780. Once enough feature vectors are added to the 
classification chain, the classification chain is ready for 
operation. 

0086. In addition to the calculation of the mean of each 
value at 765, the standard deviation of each value may also 
be calculated. The resulting values are the numbers that 
comprise the characteristic vector for the Sound data pre 
sented. These values are then stored in a classification chain 
for use as described above in the Adaptive Media Property 
Classification section. 

0087 Thus, during operation of the classification chain, 
when an unknown Sound is presented to the device for 
classification, its characteristic vector is calculated and pre 
sented to the classification chain mentioned above. The 
classification chain then returns an estimate of the spectral 
properties of the sound data, as well as confidence level for 
those spectral properties. 
0088. The described system and method allows the user 
to employ digital signal processing methods to determine the 
perceived Sonic properties, in a manner that simulates the 
results that would be assigned by a trained human expert. 
This is in contrast to other approaches that use more tradi 
tional digital signal processing techniques to classify Sonic 
attributes of a particular sound. By using a large collection 
of data that has been classified by trained experts, an 
approximation to the complex processing function per 
formed by the brain is obtained. As more data is presented, 
the system and techniques improve their ability to classify, 
as results that are returned from the classification chain with 
a low confidence are categorized by humans and then 
entered into the classification chain. This results in a 
dynamic system that is able to improve performance over 
time. 

0089 FIG. 7B represents two types of perceptual prop 
erties that the Sonic characterization classification chain 
space may classify: mood and emotion. Intuitively, when 
listening to a song, a listener or expert can assign a relative 
happiness or sadness to the music. This describes the mood 
of the song. Similarly, even within a mood class, a listener 
or expert could assign an intensity to the happiness or 
sadness from low to high. For the same reason, an emotion 
ally intense song could range anywhere from sad to happy. 
The Sonic characterization classification chain input space 
correlates well to these properties. It is of import in this 
regard that spectral changes weigh into Sonic characteriza 
tion. 

Method and System for Musical Consonance Classification 
0090. One application for the above-described classifica 
tion chain is with respect to a measurement of perceived 
consonance of Sound. Consonance is a measurement of the 
perceived harmony or agreement among components of an 
audio entity, and generally relates to the correspondence or 
recurrence of Sounds. In one aspect, the present invention 
thus provides a method for automatically classifying and 
characterizing musical consonance. 
0091 Such a method and system may be useful in the 
indexing of a catalog of Sounds, which could be, for 
example, a collection of Sound effects or a music database, 



US 2006/011 1801 A1 

such as database 240. The method also helps to determine 
Songs having similar or dissimilar consonance by utilizing 
the above-described classification chain techniques. For 
example, a neighborhood of Songs may be determined 
within which each song has a similar consonance. 
0092. As illustrated in FIG. 8A, after performing an FFT 
on a data entry at 800, the invention includes a peak 
detection and interpolation phase 802, a scalable critical 
band masking or filtering phase 804, a peak continuation 
phase 806, an intervals or consonance calculation phase 808 
and a classification phase 814. A feature vector 810 is 
extracted from the consonance calculation phase 808, and 
optionally PCA may be performed on the feature vector at 
812 to extract the salient information represented by the 
vector data. An audio entity, Such as a song represented by 
raw PCM audio data, is read into the peak detection and 
interpolation stage where the most prominent peaks in the 
frequency domain along with their energies are detected and 
recorded into output matrices. These matrices are then fed 
through the Scalable critical band masking stage, the peak 
continuation stage, and then into the intervals calculation 
stage where the frequency of ratios between peaks are stored 
into a final output vector for each sound. This vector is then 
fed into the classification chain which interprets the output 
vector and which may assign a consonance value for the 
Sound. 

0093) Peak detection 802 is performed on a frame-by 
frame basis of an audio file by recording the locations and 
energies of the peaks in the spectrum for each frame. The top 
P number of most energetic peaks are selected for each 
frame and recorded with their respective energy into outputs 
vectors for each frame, where P is a pre-defined parameter. 
These peak energies and locations are then Nth-order inter 
polated to increase precision. The final output is two PXF 
matrices, where F is the number of frames: one holding the 
P maximum peak locations (frequency in HZ) for each 
frame, and the other holding the respective energy value for 
the peak location in each frame. 
0094. The peak detection and interpolation phase 802 
may be described in more detail with reference to FIG. 8B 
illustrating a flow diagram of Some exemplary non-limiting 
pseudocode which one of ordinary skill in the art might 
implement among many different software or firmware 
realizations of the present invention. At 816, a loop is set for 
a current frame number to run from the first to last frame for 
the audio segment. At 818, Zero-padding is performed as 
necessary to create uniform frame length, and the FFT of the 
data is performed. At 820, an estimate of the derivative of 
the FFT frame is calculated by storing the value of the 
difference between adjacent bins in the given frame. This 
frame is referred to as the difference frame. At 822, a new 
loop from 1 to the number of bins in the difference frame is 
started. For each location in the difference frame, if the value 
at that location is greater than Zero, as determined at 824, 
and the value at the next location is less than Zero, as 
determined at 826, then the bin at the location and its energy 
is recorded into the output matrices at 828. If either the value 
at that location is not greater than Zero, as determined at 824 
or the value at the next location is not less than Zero, as 
determined at 826, then the loop is repeated for the next 
location in the difference frame without recording into the 
output matrices, until the loop is performed for the last bin 
in the difference frame. 
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0095 Thus, this determination is repeated for each bin in 
the difference frame until the last bin is reached at 830, at 
which point all peaks in the FFT frame have been identified. 
At 834 the number of requested peaks are identified. Then, 
at 836, another loop is set to run from 1 to the number of 
peaks requested. At 838, an Nth order interpolation of the 
peaks positions and heights is performed to increase the 
accuracy of these values until the number of peaks requested 
is reached at 840. When all of the peaks for the number of 
peaks requested have been Nth order interpolated, the pro 
cessing for the next frame begins at 842 until all of the 
frames have been processed. 
0096. The scalable critical band masking phase 804 filters 
and removes any peaks that are masked by Surrounding 
peaks with more energy. The amount of masking is scalable, 
and this feature can be turned off completely. Thus, this is a 
technique whereby the significance of peaks having less 
energy than Surrounding peaks with greater energy can be 
eliminated or reduced. 

0097. The peak continuation phase 806 is performed by 
keeping track of peaks that last for more than a specified 
number of frames, and by filling in peaks where they may 
have been missed for one or more instances in time. An 
exemplary implementation of a peak continuation process in 
accordance with the present invention is performed at 868, 
described in more detail below. This is accomplished by 
using peak guides that are initially set to the peak locations 
in the first frame, and then on a frame-by-frame basis, 
finding a suitable guide for each peak within the frame. If a 
guide is found, then the peak-energy data is saved and 
continued, otherwise the data is discarded. 

0098. The peak continuation phase 806 may be described 
in more detail with reference to FIG. 8C illustrating a flow 
diagram of some exemplary non-limiting pseudocode which 
one of ordinary skill in the art might implement among many 
different software or firmware realizations of the present 
invention. At 846, initial guides are set in place based on the 
peaks found in the first frame. Then, a loop is started at 848 
to cycle through the number of frames set for the media 
entity, Such as a song. At 850, a peakmatched vector is 
initially set to a null set, and guidematch is set to Zero. At 
852, another loop is started to cycle through the number of 
peaks in the current frame. Next, at 854, a variable MiniDiff 
is defined as a constant k times the Nyquist Frequency, 
corresponding to the signals sampling rate. Matched is 
initially assigned Zero. A ThisPeak value is set to the bins 
matrix values at the current frame number and current peak 
number. A ThisEnergy value is set to the energy matrix 
values at the current frame number and current peak number. 
Then, at 856, another loop is started to cycle through the 
guide numbers. At 858, a variable ThisGuide is set to the 
guide frequency for the current guide number and a variable 
ThisGuideEnergy is set to the guide energy of the current 
guide number. Once these values are set for a given frame 
number, a given peak number and a given guide number, at 
860, (i) if the ThisPeak matrix value is within /, step of 
ThisGuide, where a value is within /, step when that value 
is within ThisGuidex2'', (ii) the This Energy matrix value 
is within a threshold logarithmic distance, such as 6 dB, of 
ThisGuideEnergy and (iii) ThisGuide was not just contin 
ued, then flow proceeds to 862. In this regard, in an 
exemplary non-limiting embodiment, if the state of This 
Guide is 2, then ThisGuide was just continued. If, at 860, the 
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ThisPeak matrix value is not within /, step of ThisGuide or 
the ThisEnergy matrix value is not within the threshold 
distance of ThisGuideEnergy or ThisGuide was just contin 
ued, then flow proceeds to 864. 

0099. At 862, Guidematch is assigned to the current 
guide number to record the matched guide number as 
determined at 860. At 864, the current guide number is 
increased and 858 to 864 are performed until the guides have 
been tested against the current peak in the frame. Thus, if a 
guide corresponded to the current peak during the cycle, at 
866, guidematch will be non-zero and 868 will be per 
formed. If, however, no guides corresponded to the peak 
during the cycle, the flow proceeds to 870 to move on to the 
next peak, and processing thereof beginning at 854. At 868, 
the peak that corresponded to the guide has its frequency and 
energy recorded into an output matrix. In addition, any 
possibly missed peaks in the previous frame are recorded if 
ThisGuide was just started. The PeakMatched array is 
assigned 1 at the peak number position. Also, a GuideState 
array and GuideEnergy array for the guide number position 
are assigned to the number of times the guide has continued 
and to the ThisEnergy value, respectively. At 870, if all of 
the peaks for the frames have been processed, the flow 
proceeds to 872, where unused guides and unmatched peaks 
are located and recorded. If, at 874, there are any unused 
guides or unmatched peaks, then, at 876, new guides are 
started at the unmatched peaks with the largest energy and 
the flow proceeds to 878. If not, flow proceeds directly to 
878. At 878, the next frame is made ready for processing to 
repeat the procedure beginning at 850, until all frames have 
been processed and the algorithm finishes at 879. 
0100. An alternative procedure for implementing the 
peak continuation process represented by 868 includes (i) at 
the current frame, recording this peak and energy into an 
output matrix, (ii) if this guide was just started, e.g., guide's 
active state equals Zero, then search for a peak match, e.g., 
similarly to 860, at some pre-specified number of frames 
previous to the current frame, for instance, 2 frames previ 
ous to the current frame and (iii) if there is a match, then 
record this peak and energy in all frames between the current 
frame and the frames that have been gone back over, i.e., the 
previous frames that have been analyzed for missed peaks. 

0101 The peaks intervals calculation stage 808 creates a 
vector, e.g., a 1x24 output vector, containing the mean 
energy of the ratio between peaks for all frames. This vector 
is created by binning the number of occurrences of ratio 
(when less than two octaves, or 25) in the following equa 
tion: 

ratio=nearest integer(12*log2(peak 1 ?peak2)) 

0102 All peaks within each frame are compared to others 
in that frame, and this is done for all frames. Finally, the 
“intervals' vector is divided by the number of total frames 
to get the mean value for each ratio. Additional values 
beyond two octaves may be wrapped to the two octaves as 
if within the two octaves for purposes of calculation. 

0103) The peak intervals calculation phase 808 may be 
described in more detail with reference to FIG. 8D illus 
trating a flow diagram of some exemplary non-limiting 
pseudocode which one of ordinary skill in the art might 
implement among many different software or firmware 
realizations of the present invention. At 880, a FrameNum 
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variable is set to loop from 1 to the number of frames. At 
882, a PeakBottom variable is set to loop from 1 to the 
number of peaks in the frame. At 884, a denominator value 
is set to the peak location matrix value at the current frame 
and PeakBottom value. At 886, if the denominator value is 
non-zero then, at 888, a PeakTop variable is set to loop from 
1 to the number of peaks as well. If the denominator is Zero, 
then the flow proceeds to 900. At 890, a numerator value is 
set to the peak location matrix value at the current frame and 
PeakTop value. In an exemplary embodiment, at 892, if the 
numerator value is non-zero, then, at 894, a ratio value is 
assigned to the nearest integer to the expression 12 times 
the log base 2 of (the numerator value over the denomina 
tor). If the numerator value is zero, then the flow proceeds 
to 900. At 896, if the ratio value is between 0 and 25, then 
at 898, an intervals array keeping track of cumulative values 
for a given ratio value is incremented by the expression the 
square of the energies at the current frame number and 
current PeakBottom value and the square of the energies at 
the current frame number and current PeakTop value. At 
900, it is determined whether the last PeakTop value has 
been processed. If not, the flow returns to 890 for further 
processing of the next ratio based upon the new numerator 
value. If so, then, the flow proceeds to 902 where it is 
determined whether the last PeakBottom value has been 
processed. If not, the flow returns to 884 for processing of 
the next ratio based upon the new denominator value. If so, 
then the flow proceeds to 904 where it is determined whether 
the last frame has been processed. If not, the flow proceeds 
to 882 where processing of the next frame according to steps 
882 to 902. If the last frame has been processed, then the 
flow proceeds to 906 wherein the means of the interval array 
values are calculated. At 908, the interval array or vector is 
normalized and the flow completes at 910. 
0.104) Then, operation of the classification chain 814 may 
be performed. Operation of the classification chain 814 may 
include two phases: classification and operation. Human 
experts, as described above, may undertake the classification 
phase. These experts assign each entry in the data set, to one 
or more musical consonance classes, corresponding to some 
relevant perceptual consonance properties of the data. The 
classified data is then used to construct the initial classifi 
cation chain. With the initial classification chain, the clas 
sification may be “tweaked.” for example, in accordance 
with the process illustrated in FIG. 6C. Once the classifi 
cation chain is ready for operation, it may be used to classify 
or otherwise relate songs according to their consonance 
properties. 
Method and Process for Melodic Movement Classification 

0105 The present invention also provides a system and 
methods for automatically quantifying and classifying 
melodic movement in a media entity. 
0106. As illustrated in FIG. 9A, the automatic quantifi 
cation and classification of melodic movement of a media 
entity may include a peak detection and interpolation phase 
905, a critical band masking phase 910, a peak continuation 
phase 915, a melodic movement vector calculation 920 and 
925, a principal component analysis (PCA) transform stage 
930 and a classification phase 935. 
0.107 Sound, such as PCM audio data, after taking the 
FFT at 900 is read into the peak detection and interpolation 
stage 905 where the most prominent peaks along with their 
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energies are detected and recorded into output matrices. 
These matrices are then fed through the critical band mask 
ing stage 910, the peak continuation stage 915, and the 
melodic vector calculation stage 920. The Melodic vector of 
925 is then optionally multiplied by the principal component 
matrix at 930, and fed into the classification chain at 935, 
which finally determines the melodic movement value for 
the Sound. 

0108. With the peak detection and interpolation phase 
905, peak detection is performed on a frame-by-frame basis 
of an audio file by recording the maximum peak locations 
and energies in the frequency spectrum for each frame. The 
top P, a user specified parameter, number of peaks are 
selected for each frame and recorded with their respective 
energy into output vectors for each frame. These peak 
energies and locations are then Nth-order interpolated to 
increase precision. The final output is two PxF matrices: one 
holding the Pmaximum peak locations (frequency in HZ) for 
each frame (F total frames), and the other holding the 
respective energy value for the peak location in each frame. 
An exemplary implementation of the peak continuation 
phase 915 may be the peak continuation phase as described 
above in connection with FIG. 8B. 

0109 The critical band masking stage 910 filters and 
removes any peaks that are masked by Surrounding peaks 
with more energy. The amount of masking is scalable, and 
this feature may be turned off completely and thus is 
optional. 
0110. The peak continuation phase 915 is performed by 
keeping track of peaks that persist for more than a specified 
number of frames, and by filling in peaks where they may 
have been missed. This is accomplished by using peak 
“guides that are initially set to the peak locations in the first 
frame, and then on a frame-by-frame basis, finding Suitable 
guides for each peak within the frame. If a guide is found, 
then the peak energy data is recorded and continued, other 
wise the data is discarded. An exemplary implementation of 
the peak continuation phase 915 may be the peak continu 
ation phase as described above in connection with FIG. 8C. 
0111. The melodic vector calculation stage 920 creates a 
1x24 output vector containing the standard deviation of the 
pitch-class-movement vectors for each frame. This pitch 
class-movement vector is created by binning and Summing 
the energy in the first 24 pitch classes (two octaves) for each 
peak in a frame. After all frames have been calculated, the 
approximate first derivative is taken with respect to time, 
and finally the standard deviation to give the 1x24 melodic 
vector for the entire sound. 

0112 The melodic vector calculation phase 920 may be 
described in more detail with reference to FIG. 9B illus 
trating a flow diagram of some exemplary non-limiting 
pseudocode which one of ordinary skill in the art might 
implement among many different software or firmware 
realizations of the present invention. At 940, a FrameNum 
variable is set to loop from 1 to the number of frames. At 
945, a PeakNum variable is set to loop from 1 to the number 
of peaks in the frame. At 950, a numerator value is set to the 
peak location matrix value at the current frame and 
PeakNum value. At 955, if the numerator value is between 
or equal to either of k (a constant) times the minimum 
frequency and k times the maximum frequency, then at 960, 
the PitchClass is determined according to a mathematical 
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expression, such as: round (24 times the log base 2 of (the 
numerator value divided by k times the minimum fre 
quency)) minus floor (the log base 2 of (the numerator value 
divided by k times the minimum frequency)). If the numera 
tor value is outside the boundaries of k times the minimum 
frequency and k times the maximum frequency, then the 
flow proceeds to 975. At 965, if the PitchClass is between 0 
and 25, then at 970, the Melodic matrix value for that 
FrameNum and PitchClass cumulatively receives the value 
of the Energies matrix for that FrameNum and PeakNum. If 
the PitchClass is not between 0 and 25, then the flow 
proceeds to 975. At 975 and 980, either the PeakNum or 
FrameNum loop values are updated until 950 to 970 have 
been performed for each of the frames and each of the peaks. 
At 985, a first order difference vector matrix is formulated 
from the melodic vector matrix. At 990, the standard devia 
tions of the first order difference vector matrix values are 
calculated and the flow ends at 995. 

0113. With the optional principal component transform 
phase 930, the melodic vector is concatenated and the matrix 
is multiplied by a principal component matrix. This trans 
forms the vector into a principal component coordinate 
system defined by the classification chain in order to extract 
the salient features of the information represented thereby. 
0114. The operation of the classification chain 935 may 
be broken down into a classification phase and an operation 
phase. As described in more detail above, human experts 
undertake the classification phase. These experts assign each 
entry in the data set to one or more classes corresponding to 
the relevant perceptual properties of the melodic movement 
of the data. The classified data is then used to construct the 
initial classification chain for classification of media entities 
according to their melodic movement properties. As men 
tioned, principal component analysis may be used to reduce 
the amount of data, and to remove redundancy in the chain. 
System and Method for Tempo Classification 
0115 One application for the above-described classifica 
tion chain is with respect to a measurement of perceived 
sound tempo. Tempo is the “pulse' or the “heartbeat' of a 
musical performance. In essence, the tempo conveys the 
perceived velocity of the performance. Tempo may be 
described as the rate of motion or activity, or as the rate of 
speed of a musical piece or passage indicated by one of a 
series of directions e.g., largo, presto, or allegro. In one 
aspect, the present invention thus provides a system and 
method of determining tempo given a data representation of 
a musical performance. This may be used in an automated 
system, for example, to classify a large database of music 
according to its tempo properties, as described above in 
connection with the adaptive media processes of the inven 
tion. It can be used independently to give a reliable tempo 
determination of a given piece of music. 
0.116) The input to the tempo classification system is a 
media entity, Such as a song. A media entity, Such as a song, 
may be represented in variety of digital formats, whether or 
not converted from analog. Such formats include a computer 
data file, such as a "...wav' file extracted from a music 
compact disc or an “.mp3.” Using the tempo classification 
methods of the invention, as described below, this data is 
distilled to a more compact representation that is Suited to 
addition to a classification chain. The output of the classi 
fication chain, after training of the classification chain, thus 
provides a reliable estimate of the tempo. 
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0117 The data used is generally in the form of mono 
phonic “raw' digital data, such as PCM data. To form such 
raw data, various components of a data stream may require 
stripping. For example, a track ripped from a CD may be 
stripped of any header information and converted to raw 
mono 44 kHz, 16 bit data. An “mp3’ may be converted to a 
“wav' file and converted to mono, along with removing any 
header information. Any format, however, may be processed 
to provide for uniform data representation. Thus, the present 
invention can also work with data of other sampling rates 
and resolutions provided the audio quality is not noticeably 
compromised. 

0118. In accordance with the tempo measurement of the 
invention, for a 44 kHz Sampling rate, the data is decimated 
to a representative envelope 1024 times smaller than its 
original size. For other sampling rates the decimation factor 
is adjusted to yield approximately a 43 HZ sampling rate. 
This sampling rate in conjunction with the rest of the 
processing, while not a non-limiting design choice, provides 
an ideal resolution for tempo determination. In the case of 44 
kHZsampled media entity, the decimation may be performed 
by taking the square root of the Sum of the squares of the 
1024 samples, although other well known Sub-sampling or 
averaging techniques may be used. 
0119). In an exemplary implementation, the method for 
determining tempo properties of a media entity exaggerates 
and accentuates the tempo characteristics of an envelope 
generated by processing the raw data. At the same time, the 
method also smoothes the envelope and removes from the 
envelope biases and trends. This includes performing a first 
order difference calculation followed by performing half 
wave rectification. A median filter may be applied to smooth 
out aberrations, biases and/or trends. Then, after the mean 
value is subtracted, the data may be half wave rectified 
again. Then, another first order difference calculation may be 
performed, followed again by half wave rectification. 
0120) The resulting waveform from the above processing 

is used to generate the final data that may be input, for 
example, to a classification chain. The final data consists of 
130 values or “bins' reflective of the different correlation 
strengths at different time periods or frequencies. The final 
data is generated by looping through the decimated wave 
form and accumulating the base two logarithm of the 
product of pairs of points located at a fixed offset from each 
other. This is done 130 times for offsets spanning from 1 to 
130 samples. 

0121 The 130 values of the final data are fed into a 
classification chain that is built upon an existing database 
classified by humans. Then, the overall distance between the 
input data vector and each individual point in the database 
is computed. First, the distances between each of the 130 
individual dimensions of the input vector versus each indi 
vidual point in the database are measured. The distances for 
each dimension are squared and added together. The square 
root of the sum of these values gives the overall distance 
between the input vector and each individual point in the 
database. If this value is below a given threshold for a given 
input vector and database point pair, this distance value, 
along with the tempo value associated with the specific point 
from the database are added to a table. 

0122). After cycling through the entire list of points in the 
database, a table of distance and tempo values is generated. 
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The distance values are translated into confidence values 
which are proportional to 1/distance 4. The tempo values 
are translated into a class and octave component by dividing 
by 10 and taking the base 2 logarithm of the result. The 
integer portion represents the octave component and the 
fractional part represents the class component. 
0123 The tempo components are then averaged in a 
manner to find the best tempo representation for the input 
vector. First, each class component value in the table is 
mapped to an angular representation by multiplying by 2it. 
The sine and cosine of the resulting values are separately 
taken and multiplied by the corresponding confidence value. 
All of the generated sine values are accumulated together 
and all of the generated cosine values are accumulated 
together. The sum of the sine values is divided by the sum 
of the cosine values and a four quadrant inverse tangent is 
taken. The resulting angle, ranging between 0 and 2L is 
mapped back to a value between Zero and one, determining 
the overall class component estimation for the input vector. 
0.124. The class component estimation is used to deter 
mine a threshold to help generate the overall octave com 
ponent estimation of the input vector. Each class entry in the 
table has an associated octave component. If the overall 
class component estimation is greater than 0.5, each class 
entry is compared to this value minus 0.5, and if it is less, 
the corresponding octave component is decremented. 
Inversely, if the overall class component estimation is less 
than 0.5, each tempo entry is compared to this value plus 0.5, 
and if it is more, the corresponding octave component is 
incremented. 

0.125 The octave components may be used as indexes 
into an accumulative array. The array is initialized to Zeros 
and for each table entry, and the octave component deter 
mines the index to which the corresponding confidence 
value is accumulated. By cycling through all of the table 
indices, the table index with the largest value is assigned to 
the overall octave component estimation for the input vector. 
0.126 This process returns two values. The first value is 
the final tempo estimation. In an exemplary calculation, this 
value is obtained by calculating the result of the expression: 
2 (overall tempo component estimation plus overall har 
monic component estimation) multiplied by 10. The second 
value returned is the overall confidence. In an exemplary 
calculation, this value is obtained by calculating the result of 
the expression: the square root of the Sum of the square of 
the accumulated sine values and the square of the accumu 
lated cosine values. 

0127. The tempo calculations may be described in more 
detail with reference to FIG. 10 illustrating an exemplary 
non-limiting flow diagram that one of ordinary skill in the art 
might implement in choosing among many different real 
izations of tempo calculation in accordance with the present 
invention. At 1020, audio data is received in 16 bit 44 kHz 
mono PCM format. Various other formats may be accom 
modated as well. At 1030, the audio data is decimated, 
Sub-sampled and/or averaged to a 43 HZ sampling rate by 
collapsing 1024 samples into 1 sample. As mentioned, this 
may be done by taking the square root of the Sum of the 
squares of blocks of 1024 samples. At 1040, the data is 
processed to generate an envelope of data that accentuates 
tempo characteristics while Suppressing biases and/or 
trends. This may be done by taking the first order difference, 
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then half wave rectifying, then applying a median filter, then 
Subtracting the mean value, again half wave rectifying, then 
taking the first order difference and once again half wave 
rectifying. At 1050, 130 bins of data are generated, with each 
bin being defined as the “correlation strength” for the period 
defined by the bin number times /43. For example, bin 
number 43 corresponds to a period of 1 second or 60 beats 
per minute. The calculation is similar to an autocorrelation 
function, except, interalia, that the log base 2 of the product 
of the data is accumulated. 

0128. At 1060, the data may be fed into the classification 
chain. Then, for every calculated distance that is below a 
defined threshold, the corresponding classified tempo along 
with the distance is added to a table. In an exemplary 
implementation, the distance values in the table are trans 
lated into confidence values by taking 1/(distance 4). Each 
tempo value is divided by ten and the log base 2 of the result 
is taken. The integer portion is the “harmonic component' 
entry and the fractional portion is the “tempo component' 
entry. At 1070, the tempo components are translated into 
vector representation. The range from 0 to 1 is mapped to the 
range from 0 to 27t. The sine and cosine of the angles are 
taken and multiplied by the corresponding confidence value. 
These sine and cosine components for the entire table may 
be accumulated separately to create an overall representative 
vector. The angle of this vector is mapped back to a range 
from 0 to 1 to give an overall confidence of the tempo 
classification. At 1080, the harmonic component of each 
table entry is evaluated. If the corresponding tempo com 
ponent meets one of the following criteria, the harmonic 
component is modified. If the tempo entry is less than the 
overall tempo classification minus 0.5, the harmonic com 
ponent entry is decremented. If the tempo entry is greater 
than the overall tempo classification plus 0.5, the harmonic 
component is incremented. Each harmonic component table 
entry “votes” for its value with a weight proportional to the 
corresponding confidence value. The most prominent value 
is used as the overall harmonic component. At 1090, the 
overall tempo is calculated by evaluating the expression: 10 
times 2 (overall harmonic component plus overall tempo 
component). 

0129. In addition to the advantage of merging perceptual 
or human classified tempo properties with the DSP tempo 
properties of media entities, the above-described methods of 
tempo classification are significantly faster than the tech 
niques utilized in the prior art. Using a classification chain 
built from at least 100,000 songs, for example, the accuracy 
is comparable or better. The method also returns a confi 
dence factor, which flags input data that cannot be classified 
reliably. The same classification chain can simultaneously be 
used to determine other parameters, such as time signature 
and any other property described above. Other advantages 
inherent in the use of a classification chain in accordance 
with the present invention are described in more detail 
above. 

0130. The media entities contemplated by the present 
invention in all of its various embodiments are not limited to 
music or Songs, but rather the invention applies to any media 
to which a classification technique may be applied that 
merges perceptual (human) analysis with acoustic (DSP) 
analysis for increased accuracy in classification and match 
ing. While various embodiments of the present invention 
have been described in connection with Sonic, consonance, 
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tempo, melodic movement properties of media entities, it is 
to be understood that any combination or permutation 
thereof is considered when classifying a media entity for a 
set of properties for a classification chain, and that additional 
properties may be adapted to the classification chain as well. 
For example, by performing automatic DSP processing of a 
media entity for a property to be adapted, wherein human 
experts have previously classified the corresponding percep 
tual characteristic(s) Suited to the property, and then forming 
a vector for inclusion in the classification chain, an initial 
classification for the adapted property may be formed. Then, 
as new unclassified media entities are included in the 
system, the classification chain can be "tweaked,” as 
described above, to improve the number of successful 
responses when classifying new, unclassified music for that 
adapted property. 

0131 The various techniques described herein may be 
implemented with hardware or software or, where appropri 
ate, with a combination of both. Thus, the methods and 
apparatus of the present invention, or certain aspects or 
portions thereof, may take the form of program code (i.e., 
instructions) embodied in tangible media, Such as floppy 
diskettes, CD-ROMs, hard drives, or any other machine 
readable storage medium, wherein, when the program code 
is loaded into and executed by a machine, such as a 
computer, the machine becomes an apparatus for practicing 
the invention. In the case of program code execution on 
programmable computers, the computer will generally 
include a processor, a storage medium readable by the 
processor (including Volatile and non-volatile memory and/ 
or storage elements), at least one input device, and at least 
one output device. One or more programs are preferably 
implemented in a high level procedural or object oriented 
programming language to communicate with a computer 
system. However, the program(s) can be implemented in 
assembly or machine language, if desired. In any case, the 
language may be a compiled or interpreted language, and 
combined with hardware implementations. 
0.132. The methods and apparatus of the present invention 
may also be embodied in the form of program code that is 
transmitted over some transmission medium, Such as over 
electrical wiring or cabling, through fiber optics, or via any 
other form of transmission, wherein, when the program code 
is received and loaded into and executed by a machine. Such 
as an EPROM, a gate array, a programmable logic device 
(PLD), a client computer, a video recorder or the like, the 
machine becomes an apparatus for practicing the invention. 
When implemented on a general-purpose processor, the 
program code combines with the processor to provide a 
unique apparatus that operates to perform the indexing 
functionality of the present invention. For example, the 
storage techniques used in connection with the present 
invention may invariably be a combination of hardware and 
software. 

0.133 While the present invention has been described in 
connection with the preferred embodiments of the various 
figures, it is to be understood that other similar embodiments 
may be used or modifications and additions may be made to 
the described embodiment for performing the same function 
of the present invention without deviating therefrom. For 
example, while exemplary embodiments of the invention are 
described in the context of music data, one skilled in the art 
will recognize that the present invention is not limited to the 
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music, and that the methods of tailoring media to a user, as 
described in the present application may apply to any 
computing device or environment, such as a gaming con 
sole, handheld computer, portable computer, etc., whether 
wired or wireless, and may be applied to any number of Such 
computing devices connected via a communications net 
work, and interacting across the network. Furthermore, it 
should be emphasized that a variety of computer platforms, 
including handheld device operating systems and other 
application specific operating systems are contemplated, 
especially as the number of wireless networked devices 
continues to proliferate. Therefore, the present invention 
should not be limited to any single embodiment, but rather 
construed in breadth and scope in accordance with the 
appended claims. 

What is claimed: 
1. A method for automatically classifying melodic move 

ment properties of audio data, comprising: 
applying audio data to a peak detection process; 
detecting the location of at least one prominent peak 

represented by the audio data in a frequency spectrum 
and determining the energy of the at least one promi 
nent peak; 

storing the location of the at least one prominent peak and 
the energy of the at least one prominent peak into at 
least one output matrix: 

applying data stored in said at least one output matrix to 
critical band masking filtering: 

applying data stored in said at least one output matrix to 
a peak continuation process; and 

applying data stored in said at least one output matrix to 
a melodic movement vector calculation process that 
determines pitch class movement data corresponding to 
the audio data for the melodic movement vector. 

2. A method according to claim 1, wherein the audio data 
is divided into frames, and the method is performed frame 
by frame. 

3. A method according to claim 2, wherein the frame by 
frame approach includes frame differencing. 

4. A method according to claim 2, wherein the number of 
peaks detected in said application of the peak detection 
process is limited by a pre-defined parameter. 

5. A method according to claim 1, further comprising 
performing Nth order interpolation on at least one of the 
location of the at least one prominent peak and the energy of 
the at least one prominent peak to increase precision. 

6. A method according to claim 1, further comprising 
applying the melodic movement vector to a classification 
stage which determines at least one of (1) at least one 
melodic movement value and (2) at least one melodic 
movement class that describes the audio data. 

7. A method according to claim 1, wherein the pitch class 
movement data is stored into a melodic movement vector 
that is 1x24. 

8. A method according to claim 2, wherein the peak 
continuation process keeps track of peaks that last more than 
a predetermined number of frames. 

9. A method according to claim 8, wherein the peak 
continuation process fills in peaks where a peak has been 
missed in a predetermined number of frames. 
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10. A method according to claim 1, wherein said critical 
band masking filtering removes a peak that is masked by 
Surrounding peaks with more energy. 

11. A method according to claim 10, wherein said critical 
band masking filtering removes a peak when a lower fre 
quency peak and a higher frequency peak have greater 
energy. 

12. A method according to claim 10, wherein said critical 
band masking filters are scalable so that the amount of 
masking is scalable. 

13. A method according to claim 1, wherein said storing 
includes providing an output of the peak detection and 
interpolation stage in two matrices, one holding the location 
of the at least one prominent peak, and the second holding 
the respective energy of the at least one prominent peak. 

14. A method according to claim 1, wherein the audio data 
is formatted according to pulse code modulated format. 

15. A method according to claim 14, wherein the audio 
data is previously in a format other than pulse code modu 
lated format, and the method further comprises converting 
the audio data to pulse code modulated format from the other 
format. 

16. The method of claim 1, further comprising converting 
the input audio data from the time domain to the frequency 
domain. 

17. A method according to claim 16, wherein said con 
verting of the input audio data signal from the time domain 
to the frequency domain includes performing a fast fourier 
transform on the audio data. 

18. A modulated data signal carrying computer executable 
instructions for performing the method of claim 1. 

19. At least one computing device comprising means for 
performing the method of claim 1. 

20. A method to quantify and classify the melodic move 
ment in a digital audio file, comprising: 

detecting and interpolating the maximum peak locations 
and energies in the spectrum for each frame of a digital 
audio file; 

calculating the melodic vector of the digital audio file; 
transforming the melodic vector into the principal com 

ponent coordinate system, thereby generating the 
melodic movement principal components; and 

classifying the principal components using a classification 
chain formed from melodic movement classification 
data classified by humans and melodic movement clas 
sification data classified by digital signal processing 
techniques. 

21. The method of claim 20, further including masking 
critical bands by a scalable amount. 

22. The method of claim 20, further including the step of 
continuing peaks which last for more than a pre-specified 
number of frames. 

23. A method of classifying data according to melodic 
movement properties of the data, comprising: 

assigning to each media entity of a plurality of media 
entities in a data set to at least one melodic movement 
class; 

processing each media entity of said data set to extract at 
least one melodic movement class based on digital 
signal processing of each media entity; 
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generating a plurality of melodic movement properties 
vectors for said plurality of media entities, wherein 
each melodic movement properties vector includes said 
at least one melodic movement class and at least one 
melodic movement class based on digital signal pro 
cessing; and 

forming a classification chain based upon said plurality of 
feature vectors. 

24. A method according to claim 23, further comprising: 
processing an unclassified media entity to extract at least 

one melodic movement class based on digital signal 
processing of the unclassified media entity; 

generating a vector for the unclassified media entity 
including said at least one digital signal processing 
melodic movement class; 

presenting the vector for the unclassified media entity to 
the classification chain; and 

classifying the unclassified entry with an estimate of the 
melodic movement class by calculating the represen 
tative melodic movement class of the subset of the 
plurality of vectors of the classification chain located in 
the neighborhood of the vector for the unclassified 
entity. 

25. A method according to claim 24, further including 
calculating a neighborhood distance that defines a distance 
within which two vectors in the classification chain space 
are in the same neighborhood for purposes of being in the 
same melodic movement class. 

26. A method according to claim 24, wherein said clas 
Sifying of the unclassified entry includes classifying the 
unclassified entry with a median melodic movement class 
represented by the neighborhood. 

27. A method according to claim 24, wherein said melodic 
movement class is described by a numerical value and said 
classifying of the unclassified entry includes classifying the 
unclassified entry with a mean of numerical melodic move 
ment properties values found in the neighborhood. 

28. A method according to claim 24, wherein said clas 
Sifying includes returning at least one number indicating the 
level of confidence of the melodic movement class estimate. 
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29. A computer readable medium bearing computer 
executable instructions for carrying out the method of claim 
23. 

30. A modulated data signal carrying computer executable 
instructions for performing the method of claim 23. 

31. At least one computing device comprising means for 
performing the method of claim 23. 

32. A computing system, comprising: 
a computing device including: 

a classification chain data structure stored thereon 
having a plurality of classification vectors, wherein 
each vector includes data representative of a melodic 
movement class as classified by humans and melodic 
movement characteristics as determined by digital 
signal processing; and 

processing means for comparing an unclassified media 
entity to the classification chain data structure to 
determine an estimate of the melodic movement 
class of the unclassified media entity. 

33. A computing system according to claim 32, wherein 
said determining of an estimate of the melodic movement 
class includes returning at least one number indicating the 
level of confidence of the melodic movement class assign 
ment. 

34. A method according to claim 33, wherein the perfor 
mance level of the classification chain improves over time 
due to the examination of unclassified media entities that 
have a low confidence level associated with the melodic 
movement class assignment. 

35. A classification chain data structure embodied in a 
computer readable medium utilized in connection with the 
classification of melodic movement properties of new 
unclassified media entities, comprising: 

a plurality of classification vectors, wherein each vector 
includes: 

melodic movement properties data as classified by 
humans; and 

melodic movement properties data determined by digi 
tal signal processing techniques. 
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