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ABSTRACT We build these two applications using the RARE (Ro-
L o ) L bust Audio Recognition Engine) AFP system [5], which
Audio fmgerprmt!ng is a.powe'rful tool for ldentlfy!ng flle'. converts a segment of audio to 64 floating-point numbers (a
based or streaming audio, using a database of fingerprintsgingerprint), and identifies clips using a weighted Euclidean
This paper presents two new applications of audio finger- gistance. RARE has been shown to be very robust to distor-
printing: duplicate detection, whose goal is to identify du- jions of the original audio [5]. In the following, “trace” will
plicate audio clips in a set, even if they differ in compres- a4 any kind of fingerprint extracted from audio, and “fin-
sion quality or duration, and thumbnail generation, which gerprint” will mean a reference fingerprint against which

aims to provide a representative short clip of a music track. y5ces are compared to determine the audio identity.
Neither application requires an external database of finger-

prints. Thanks to the robustness of the fingerprinting en-
gine, both applications perform well; the duplicate detector 2. THE RARE DUPLICATE DETECTOR
has a false positive rate that is conservatively bounded abovel_

by 1% on a very large data set, and the thumbnail generatorF.he EQARE dL_Jlelcate detec.tc[Dup:IDetc\j/\./orfI_(ls as shcc)j\{vn Itn
significantly outperforms using a fixed window. 9. 1, Tecursively processing aft audio Hies in a directory
tree. It creates a set of traces for each file, and checks them

1. INTRODUCTION
Audio fingerprinting (AFP) is a powerful method for iden-

tifying audio, either in streams or in files [1]. In this paper, > aﬁ?ﬁ% aam
we explore two new AFP applications: duplicate detection

and audio thumbnail generation. In duplicate detection, we Save best score Ve
aim to identify duplicate audio files based only on the au- e o Incrementd @ -
dio data, even if one is a noisy version of the other, or if fingerprint 1D S -

they have different durations. Duplicate detection is useful
for automatically cleaning large audio collections. In au-

dio thumbnail generation, the task is to find a short (we use No
mode?

Compute trace
at L-W+d

15 seconds) representative section of the music — a “thumb-
nail.” Audio thumbnails can help improve audio browsing,
either in simple plain list interfaces, or in more complex
multidimensional ones [2].

In previous work on thumbnails, in [3] a representa-

Trace matches
any fingerprint
in database?

Tag as duplicate

tive segment is searched for by maximizing similarity to all of F N
other segments in the clip: detailed results are given on four | Beioaiee of
pieces of music. In [4], fixed length segments are clustered, | e
heuristics are used to choose the thumbnail, and results are \ .

. . (o] es
given on 18 Beatles’ songs. Both methods use Mel Cepstral =~ L Ad fingerprint @
features. Here, we instead use a feature set that has been

trained to be robust against a variety of distortions, and we

present results on the overall quality of the thumbnail using
blind testing ona |arger data set. Flg 1. Basic fIOWgraph of the dUplicate detector.



against a set of fingerprints created for the other audio files.
If the normalized Euclidean distané¥ -, -) between a trace

and a fingerprint falls below a fixed threshald- [5], the
associated audio files are declared to be duplicates. For each
file, the fingerprints are computed at a fixed locatiom

the file, and the traces are computed in a search wirdiow
aroundL; L andW are user defined.

DupDetcreates fingerprints and checks for duplicates in
one pass. When the first audio file is read, a 6s fingerprint
at locationL is computed. When the second audio file is
loaded, traces that begin in the windéW — Lto W + L
are computed in intervals of 1/6 s. If one of these traces is
a match, the file is declared a duplicate and added to the list
of duplicates for that fingerprint. No external database of
fingerprints is needed, and the amount of data loaded at run
time is of order 2 MB. If no match is found for the entire set
of traces in the search window, then the fingerprint is saved
in the database, representing a (so far) unique clip. The
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system also uses 6 ‘veto fingerprints, (fingerprints collected
from noise, sound cards with no input, etc.): audio files that
match a veto fingerprint can then be labeled as ‘junk files.’
We ranDupDeton 41,490 audio files comprising the
collections of 15 users, and sét = 40s, W = 5s, and
D7 = 0.1. 436 files were unreadable and 63 were identi-
fied as noise thanks to the veto fingerprints. Of the 21,322

?(lyisncjozrsv;hrfizrggszr?ésr?grzef)/d)uﬂ:f;f;se\i/tv:e:? rgglzgteel(ijr; V\Ilﬁ ness and a measure of spectral energy to decide between
e . 9N Gitferent pieces of the audio that repeat. These measures
the database, or to an error by the duplicate detector. Since

for almost all of these mismatches, the RARE score is well also allowGenThumtto generate a thumbnail even if the
below threshold, the offset is zero (é)r close to zero) seconds audio contains no repeatdsenThumbuses audio finger-
k ‘printing to find repeating sections, since we expect similar

and f[he few we chgcked were mislabels, most mlsmatChesgections of music to generate similar fingerprints. Using the
are likely due to mislabeling rather than true errors, so the

. . " fingerprints rather than attempting to match the original au-
0,
1.2%figure is a I_oose upper bound on the.fals.e positive rate'dio has two advantages: (1) due to the robustness of RARE
Some statistics oDupDetare shown in Fig. 2. The

| sh hi f1th ber of duoli to distortions, variations of the same segment within a song
1t£op pc)jan_?hslowls_, a |stlo?rar:n 0 :he Su_m ero t up 'Cfattsswill often still give similar fingerprints, and (2) fingerprints
ound. 'he fog finear plot SNows the Foisson hature ot e 5 q 14,y gimensional representations of the original music,
distribution, indicating that the occurrence of duplicates is

. ; '~ so0 handling them instead of the audio is more efficient in
roughly a binomial random process. The center panel is Qtarms of both memory and CPU usag&enThumkcom-
hlstogram of optimal matching scores; 95% ‘?f matches oc- putes three features from the audio to use for chorus detec-
cur with score less than 0.026, and 99% with scores les

Stion: a ‘cluster featureF,, which is a fingerprint and asso-
than 0.067 (the threshold score that RARE uses to identifyCiated normalization aﬁ"energy featur%}; pand a ‘spec-

audio is 0.14[5]). The highegt score was 0'0994.8’ which tral flatness featureF'r (with Fg and Fr computed from
corresponded to the two copies being different mixes of 8he same segment &)

Beatles song. The bottom panel shows a histogram of off- Th Lis t th feat to distinauish voiced
sets, in seconds, where the center bar (of height 8,450) has € goal s fo use hese features fo distinguish voice
been removed for clarity. Here, 95% of matches occur at ab-Choruses from purely instrumental repeated phrases, since

solute offsets less than 0.557s, and 99% at less than 2.045.the former are believe to be more mnemonic, A'Iso, fea-
turesFr and Fr are used when thé. features can't lead

to a good chorus.GenThumhbcomputes fingerprints that
are approximately 3s long by concatenating 16 windows of
372 ms, each overlapping by 50% (the last layer of the DDA
The RARE audio thumbnail generat@enThumlworks as network was retrained for 3 second outputs [5]). All features
shown in Fig. 3. The goal is to find parts of the audio that F, Fg, andFr are computed using these 372-ms frames.
repeat within the audio clip [4]. Thus if a song has a cho- Three seconds was chosen as a good fit for chorus detection.

Fig. 2. Results of duplicate detection on 40,991 audio files.

rus and all chorus instances are similar, the system will be
able to identify the chorus, and use that to construct a good
thumbnail. GenThumlalso uses a measure of spectral flat-

3. AUDIO THUMBNAILS
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3.2. Cluster Computation

Fig. 3. Basic flowgraph of the thumbnail generator. Traces for the whole song are computed, together with their

normalization factors [5]. Traces are then added to ‘cluster
sets’C;. A traceT; is added to a cluster sét if there is a
traceT; that is a member of; and that satisfies two con-
The fingerprints are computed as in [5], with spectral mag- ditions: (1) D(T3,T>) < 6, whered is a threshold, and (2)
nitudes evaluated at each frame. The featdfgsand Fip T1 must be temporally separated frafa by a fixed mini-
both use an average spectral magnitude as a normalizatiomum durationY” (we use 6s). Condition (2) is required to
factor, so they are independent of overall volume. To ob- prevent adding traces that are similar just because they oc-
tain Fz, we compute a normalized energy by dividing the cur nearby. If a trace does not meet both conditions, for all
mean per-frequency-bin energy within the frame by the av- cluster sets created so far, then it is added to a new cluster
erage of that quantity over all frames. This quantity is again set. In this way, the number of cluster sets is grown until
averaged over the 16 frames that contribute to a given fin-all traces are accounted for, and each cluster set contains
gerprint. For the spectral flatness., we compute the log  one or more clusters of traces. A cluster is defined to be a
normalized geometric mean of the magnitudes, where thecollection of traces which is separated from all other such
normalization is performed by subtracting the per-frame log collections by at least”. Once a cluster set has been cre-
arithmetic mean of the magnitudes. The idea is that if the ated, it is added to recursively, until no more traces can be
spectral energy is spread evenly throughout the frequencyadded. Once all traces have been processed, we determine
bins, then this quantity will be much larger than if it is con- the multiplicity m; as the number of clusters .
centrated across a few frequency bins. Finally, just as for  The steps above are performed for an initial value of
the spectral energ¥'s, this quantity is computed per fin- the thresholdd = 6,. If the maximum multiplicity of the
gerprint, by averaging over all frames that contribute to that resulting cluster sets is at least three, then that collection of
fingerprint. ThusFr and Fr measure spectral energy and cluster sets is used; otherwiggis incremented by a small
spectral flatness per fingerprint, respectively. amount, and the above computation is repeated, as shown
We found that high values df usually indicate a full in Fig. 3. This procedure also stopsbif> 6y for a fixed
sound (e.g. when vocals dominate this quantity tends to beupper bound;;. In this way, the search criteria for forming
high). Fig. 4 shows the per-trace quantities computed for clusters is incrementally loosened until either at least three
the song “Buckets of Rain” by Bob Dylan; the top curve clusters are found, or until further search is unlikely to find
is F, the bottom isFz. In this caseF tracks the voice  good clusters.
well: the song consists of 5 verses, and each verse is split
_temporally in two t_)y_a short i_nstrumen_tal. How:_avérp 3.3. Choice of Cluster Set
is not always predictive of voiced music. For this reason
GenThumtprimarily usesF; Fr and Fr are used only  Ifthe clustering procedure finds no cluster sets with> 1,
when F- does not give a clear choice. then we resort to using the energy measures alone: we con-

3.1. Feature Computation



sider only fingerprints whos€ is in the top third of the  3.4. Results

values of ' for the whole song, to avoid quiet parts of the .
song. For the traces that survive this test, that trace WhOSETO testGenThumbwe wrote a testing tool that presents two

surrounding 6s has the highegt is taken to be the opti- thumbnails to a user, who then rates them each on a scale of

mal trace. If the clustering did result in at least one cluster g'tt|0 ’5:F;:orrestpon<\nl/|n_g tg \t/t\;e ;hgrp:nagfﬁnt?}nln? ,VE)||ced
set withm; > 2, the remaining tasks are (1) to choose a ; €. tepleg ||ng R0|ce i o,r T " ny tr—.;roolca;, trll?-
good cluster set (which is likely to contain a fingerprint in- S ru?ner} and nOyth (rapea mgA: TS rum,eng In\X/’ ro re-
dex corresponding to a chorus or repeat instrumental), an cal (? at' ¢ ?1. (s'g' FI)? atl;se)t.) 'IO,TP? € fsco €s
(2) to use that fingerprint to pick a suitable 15s thumbnail. are indicative ot a higher quality thumbnail. The reterence
] o ] j thumbnail generation method for comparison was to take
The quality of the clustering in a given cluster geis

4 usi led ) in ord ¢ the 15s starting 30s into the song, which was found to work
measured using a scaled Renyi entrépyin order to favor o 1in many cases. For any given song the user is presented

clusters that are evenly spread in time over clusters that argyith the two thumbnails blindly, to prevent bias; the objec-
not. R is computed by normalizing the duration of the entire tive scoring method descibed here was chosen since users
song to 1, and then scaling the center of each cluster to "emay not be familiar with the music.

in the intervall0, 1]. Lgt the time position pf théth cluster GenThumbwas tested on 68 songs, with lengths greater
bet;, and letC contain N clusters. Settingy = 0 and 54 305 GenThumtachieved an average score of 1.0, and
ty+1 =1, thenRis defined as the reference method had an average score of 1.38. A signed

rank test (Wilcoxon) on the scores indicates BanThumb

_N+1 (1 B NZH(t . 1)2> performs better than the reference method at a confidence

R N level 0f99.9%.

=1

. . . 4. NCLUSION
Since M t!(t; —t;_1) = 1, and since; > t;_,, the dif- CONCLUSIONS

ferences; —¢;_, can be interpreted as probabilities,8%  Aydio fingerprinting has uses beyond the simple identifica-
linearly related to the Renyi entropy for the corresponding o of music. We have shown that it can be used to de-
distribution. The offset and scaling factor have been chosen;q duplicate audio files in large databases, even if the du-

so thatr takes the maximum value of 1 and minimum value pjicates are compressed differently, or have different dura-
of 0, for any number of clustery'. This allows us to com-  ions: in fact in the latter case, by aligning the matching fin-
pare the quality of the spread of sets of clusters even whengerprints, the locations where the two files differ can be au-
those sets contain different numbers of clusters. tomatically detected (and if necessary checked with further
Sometimes the spectral flatness featliredoesn’t pre-  fingerprint matching). We have also shown that by search-
dict voice sections well. In those casés tends to notvary  ing for repeated musical phrases within a single piece of
much through the clip. Thus, we weight tif§- feature  music, representative sections of the music can be found
by its standard deviation: I&t,.x andsyi, be the maxi-  automatically, which can then be used to create thumbnails
mum and minimum standard deviations of a set of valida- that greatly facilitate browsing.
tion songs (only the central part of each song is used, to

skip quiet introductions and fades). Define the linear map- 5. REFERENCES
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