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(57) ABSTRACT 

In connection With a classi?cation system for classifying 
media entities that merges perceptual classi?cation tech 
niques and digital signal processing classi?cation techniques 
for improved classi?cation 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 ?les, or have 
portions that are audio ?les. The methods also help to 
determine media entities that have similar, or dissimilar as a 
request may indicate, melodic movement by utilizing clas 
si?cation 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 MELODIC 

MOVEMENT PROPERTIES 

CROSS REFERENCE TO RELATED 
APPLICATIONS 

[0001] This application is a continuation of US. applica 
tion Ser. No. 09/942,509, ?led 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 classi?cation 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 dif?cult. When the 
information is one or more musical compositions, classi? 
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.COM®, BARNESANDNOBLE.COM®, CDNOW 
.COM®, 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 classi?cation systems and search and retrieval 
systems are inadequate for these tasks. 
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[0007] A variety of inadequate classi?cation 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 signi?cant 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 classi?es 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 classi?ed 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.COM®, 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 
?ltering.” 
[0011] HoWever, this approach has a signi?cant 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 ?ltering is 
that output data is normally available only for complete 
albums and not for individual songs. Thus, a ?rst 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 ?rst album, and the consumer 
has no Way to detect or act on such dissimilarity. 

[0013] Still another disadvantage of collaborative ?ltering 
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-in?uence 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 classi?cation purposes. 

[0016] Us. 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 ?rst measures a 
variety of acoustical features of each sound ?le 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 coe?icients 
(MFCCs) at periodic intervals (referred to as “frames”) over 
the length of the sound ?le are measured. The per-frame 
values are optionally stored, for applications that require that 
level of detail. Next, the per-frame ?rst derivative of each of 
these features is computed. Speci?c statistical measure 
ments, namely, the mean and standard deviation, of each of 
these features, including the ?rst 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 
music. 

[0017] Once the feature vector of the sound ?le has been 
stored in a database With a corresponding link to the original 
data ?le, the user can query the database in order to access 
the corresponding sound ?les. 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 ?le database 
by four speci?c methods, enumerated beloW. The result of 
these searches is a list of sound ?les rank-ordered by 
distance from the speci?ed N-vector, Which corresponds to 
sound ?les that are most similar to the speci?ed N-vector or 
average N-vector of a user grouping of songs. 

[0019] 1) Simile: The user may ask for sounds that are 
similar to an example sound ?le, or a list of example sound 
?les. 

[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 de?ned 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 de?ned by a grouping. The user can thus 
create classes of sounds (e.g. “bird sounds”, “rock music”, 
etc.) by specifying a set of sound ?les that belong to this 
class. The average N-vector of these sound ?les 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 ?nd 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. 
Speci?cally, 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 speci?c Website. Accordingly, DSP analysis, 
by itself, is unreliable and thus insu?icient 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 classi?cation using digital signal process 
ing techniques miss important aspects of a signal that the 
brain uses for determining similarity. 

[0025] Previous attempts a classi?cation based on connec 
tionist approaches, such as arti?cial 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 
classi?cation ef?cacy and ease With Which music may be 
retrieved. With such a classi?cation technique, it Would be 
desirable to provide a classi?cation chain, initially formed 
from a threshold number of training media entities and 
?ne-tuned over time, from Which further neW media entities 
may be classi?ed, from Which music matching may be 
performed, from Which playlists may be generated, from 
Which classi?cation rules may be generated, etc. 

[0027] More particularly, there is a need for a classi?ca 
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 classi?cation 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 classi?es 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 classi?es media entities 
according to melodic movement properties of at least one 
portion of an audio ?le represented by the media entities. 

SUMMARY OF THE INVENTION 

[0028] In connection With a classi?cation system for clas 
sifying media entities that merges perceptual classi?cation 
techniques and digital signal processing classi?cation tech 
niques for improved classi?cation 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 ?les, or have portions that are audio ?les. The methods 
also help to determine media entities that have similar, or 
dissimilar as a request may indicate, melodic movement by 
utilizing classi?cation 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 
classi?cation 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 classi?cation 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 classi?cation 
rules from analyzing the convergence of classi?cation 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 classi?cation 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 classi?cation 
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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 classi?ed in accordance With 
other vectors in the classi?cation chain located Within the 
distance calculated in FIGS. 5A and 5B in accordance With 
a classi?cation process of the present invention; 

[0037] FIG. 6C illustrates an exemplary ?oW diagram 
Whereby a classi?cation chain input space is trained for 
improved classi?cation 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; 

[0039] FIG. 7B represents tWo types of perceptual prop 
erties that the sonic characterization classi?cation chain 
space of the invention may classify; 

[0040] FIG. 8A illustrates an exemplary ?oW diagram for 
a consonance calculation of the present invention; 

[0041] FIGS. 8B and 8C illustrate exemplary ?oW 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 ?oW 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 classi?cation system for classi 
fying media entities that merges perceptual classi?cation 
techniques and digital signal processing classi?cation 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 ?les, or portions of audio ?les. The 
methods also help to determine songs that have similar, or 
dissimilar as a request may indicate, melodic movement by 
utilizing classi?cation 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 classi?cation 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 classi?cation chain, Which deter 
mines the melodic movement value for the sound. 

[0049] The operation of the classi?cation chain may be 
broken doWn into a classi?cation phase and an operation 
phase. Human experts undertake the classi?cation phase to 
provide initial perceptually observed melodic movement 
classi?cation data to the classi?cation 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 classi?ed 
data is then used to construct the initial classi?cation chain. 
Once an initial classi?cation chain is formed, the operation 
of the classi?cation chain may be observed by human 
experts, and further trained for improved performance. Once 
the classi?cation 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 
si?cation 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, 
1100, 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 classi?cation 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, 
1100, 110d, 110e, etc. communicate via any ofa 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 ?les may be stored or to Which 
portion(s) of ?les 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 classi?cation 
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. 

Classi?cation 

[0052] In accordance With one aspect of the present inven 
tion, a unique classi?cation technique is implemented Which 
combines human and machine classi?cation techniques in a 
convergent manner, from Which a classi?cation 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 ?lled With the classi?cation chain and/or 
classi?ed 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 pro?le 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 pro?le. Based upon a distance measurement from 
the mean, median, etc. of a certain class in the classi?cation 
chain, a con?dence level for song classi?cation may also be 
returned. 

[0053] FIG. 2 illustrates an exemplary classi?cation tech 
nique in accordance With the present invention. Media 
entities, such as songs 210, from Wherever retrieved or 
found, are classi?ed according to human classi?cation tech 
niques at 220 and also classi?ed according to automated 
computerized DSP classi?cation 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 classi?ed songs at 
240. As discussed above, once such a database of songs is 
classi?ed 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, ?lter 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, ?rst, 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, 


























