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ABSTRACT

This study discusses the application of text retrieval tech-
niques in Shazam-like fingerprinting algorithms. The goal
is to filter query input fingerprints using tf-idf weights as
a measure of relevance in order to reduce the number of
records returned by the database. As accuracy could po-
tentially be affected by this filtering approach, we inves-
tigate these requisites together, by looking for a filtering
threshold τ that produces reduced database response pay-
loads with minimal impact on accuracy. Furthermore, we
also discuss the use of cosine similarity as an alternative
to Shazam’s original scoring method, in order to improve
robustness against time distortions. We apply these tech-
niques on three different datasets and discuss their benefits
over the original method.

1. INTRODUCTION

Acoustical fingerprinting systems are often used in audio
identification tasks. Even though many different systems
have been proposed in the past decade, they commonly de-
rive from one of two seminal works: Haitsma & Kalker
(2002) [1], also known as the Philips fingerprinting algo-
rithm and Avery Wang’s original description of the Shazam
algorithm (2003) [2]. These systems can be compared and
assessed by various requirements such as accuracy, relia-
bility, fingerprint size, granularity, speed, scalability and
robustness.

Robustness is a particularly important requirement in the
context of this work, and it is related to the ability of the al-
gorithm to identify an audio clip after several signal degra-
dations like compression artifacts, environment noise, tempo
changes and others. These systems are known to provide
satisfactory results on detecting identical copies of a same
audio record. Yet, many works [3, 4] discuss the appli-
cability of fingerprinting techniques in other less specific
contexts such as version/cover songs identification.

The current work is part of a series of investigations to-
wards the usage of such techniques for cover song iden-
tification (CSI) tasks, particularly focused in the Shazam-
based family of algorithms, while handling two important
drawbacks regarding the original algorithm’s description
that are responsible to make it unsuitable for CSI as well as
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many other lower-specificity tasks. These two drawbacks
are detailed in the sequel.

1.1 Database response payload size

In the query phase, fingerprints are produced from the sam-
ple audio and then are matched against a database that usu-
ally contains a large amount of audio clips indexed by their
own fingerprints. It means that a same indexed fingerprint
in the database may relate to many different audio clips.
Moreover, fingerprints are extracted by locating and com-
bining local maxima events in the STFT magnitude spec-
trogram.

In the CSI context, it makes sense to use higher-level fea-
tures (such as chroma features or PCP) instead of the spec-
trum directly, since this task regards to musical similarities
rather than spectral ones, as seen in [3]. This approach
may reduce the entropy of generated fingerprints, which
may produce a large amount of candidate audio clips to be
returned from the database. This drawback may not be
readily observable when fingerprints are generated from
the spectrum since the probability of collisions is lower.
When using higher-level features, however, it becomes a
critical drawback.

1.2 Low robustness against temporal distortions

Both Philips and Shazam algorithms offer very low robust-
ness against temporal distortions such as time compres-
sion/stretching [5]. This is specially relevant in the CSI
task context, since two different versions of a same song
are not likely to share the same time patterns.

In the original description of Shazam algorithm, there are
two implementation characteristics that decrease the ro-
bustness against temporal distortions. Firstly, the gener-
ated hashes are based in the time difference between two
local maxima events. As a consequence, the same audio
clip distorted in the time, even slightly, may produce com-
pletely different hashes since the time distance between the
same events will produce a different result. Secondly, at
the scoring phase, the algorithm evaluates the candidate
audio records according to the frequency of time offsets
between query and database samples. For an efficient scor-
ing procedure, the author assumes that both query and the
correct candidate will have the matching hashes in corre-
sponding time-frequency relative positions.

This study investigates the application of tf-idf measure
(described in the next section) as an approach to handle the
previously mentioned disadvantages. Our main goal is to
reduce the response payload of a given query by eliminat-
ing the non-relevant terms, or in other words, by removing
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the hashes that are present into many audio clips, whereas
the hash key relates to many records into the inverted-index
database table; all of these related records figure in the re-
sponse payload (increasing its size) but few of these audio
clips share a significant amount of matched hashes along
with the query, and hence they’re usually dropped off in
the algorithm’s scoring phase because of their low score
values. Tf-idf measure has been already explored to handle
content-based audio retrieval tasks by Riley et al. [4]. In
their work, however, the authors used different approaches,
with Locality Sensitive Hashing over full audio clip queries,
with focus on evaluating robustness rather than the database
response size.

2. METHODOLOGY

This study proposes to explore two different approaches
supported by tf-idf calculations over the original Shazam’s
algorithm description. In the first approach, the goal is
to eliminate non-relevant hashes from the database results
and evaluate how it impacts in the response time and size,
as well as the accuracy. In the second approach, the goal is
to evaluate the applicability of the cosine similarity method
to score the candidate results in place of the original method
mentioned by Wang. Detailed procedures for both approaches
are described below:

2.1 Applying tf-idf weights over fingerprints

Tf-idf (Term Frequency-Inverse Document Frequency) is a
statistical measure that is intended to represent the relation
between the relevance of a term in a given document in
comparison to its relevance in a collection of documents
or corpus [6]. This technique is widely used by search
engines as they need to rank results by their relevance to
a query phrase or expression; in this scenario we can ex-
pect that the search engine handles an enormous document
collection and that some terms in the query might be very
common among the whole collect (for example the article
“the” or the pronoun “it”). Term frequency tft,d denotes the
number of occurrences of a term t in a document d [7]. The
document frequency dft defined to be the number of doc-
uments in the collection that contain a term t. The inverse
document frequency, idft, represents the frequency of term
t in all documents in the collection. Also, this measure can
be weighted by many approaches, and by the purposes of
this study, the formula used is:

idft = log
N

dft
(1)

where N is the total number of documents in the corpus.
We calculate tf-idf as the product of these two measures:

tfidft,d = tft,d × idft (2)

Firstly, the database has to be adapted to compute tfh,d
and dfh for each incoming hash h (the fingerprint hashes
will be the terms, and the audio clips will be interpreted
as documents). Then, a threshold τ is added as a parame-
ter, and its value is expected to be received along with the
query; any occurrence of h with tfidfh,d ≤ τ will be ig-
nored by the database and hence these terms will not com-
pose the query results.

2.2 Scoring query results with cosine similarity

Cosine similarity is widely used along with tf-idf to rank
text results, and we will test its behavior in this particular
scenario. It is worth mentioning that this ranking measure
do not consider the time offsets; instead, this is based in the
terms relevance, despite of their order of occurrence within
an audio clip. Our expectation by changing the original
algorithm’s scoring method is to overcome one of the im-
plementation characteristics that turns the original Shazam
algorithm unfit for searching audio clips with time distor-
tions. Given two documents d1 and d2 the cosine similarity
of their vector representations V (d1) and V (d2) is stated
by:

sim(d1, d2) =
V (d1).V (d2)

‖V (d1)‖‖V (d2)‖
(3)

where the numerator represents the dot product of V (d1)
and V (d2) [7], while the denominator is the product of
their euclidean lengths.

Four different scoring strategies are applied to provide a
better comparison: the original Wang’s scoring strategy [2]
(WNG), the cosine similarity (COS), the simple matching
hashes count (CNT) and combination of the first two strate-
gies (WNG+COS). The simple hash count is not a good
strategy in practice since neither the hash positions nor rel-
evance are considered, and hence CNT will be used for
a lower-bound analysis of the scores. On the other hand,
a combination of WNG and COS can produce better out-
comes than each one separately, since these measures re-
late to different similarity aspects. This combination was
done by re-scoring the outcomes from WNG and COS us-
ing borda count [8].

3. EXPERIMENT

The methods described in the previous section were ap-
plied in Audfprint fingerprinting algorithm [9], an imple-
mentation of the original Shazam’s description. Three dif-
ferent datasets were used in this experiment, GTZAN [10]
and FMA (Free Music Dataset) [11] and an extended ver-
sion of Youtube Covers dataset [12] (henceforth YTC+).
The first two datasets consist in 30 seconds music clips
of various genres; The YTC+ is composed by full-length
songs extracted from Youtube music videos. The dataset
sizes are presented in Table 1. The experiment was per-
formed using Python and the inverted index was imple-
mented in a Redis database 1 .

The first step of this experiment consisted in adding new
entries from the dataset to the database and calculating
tfh,d, dfh and tfidfh,d for every incoming hash h of an
audio clip d. In the next step, we perform searches in the
fingerprint system using query samples extracted from the
same dataset. Each query is composed by the hashes ex-
tracted from the sample audio clip (Hq) and a threshold
value τ between 0 and 30. When submitted to the system,
we expect to receive the response R containing all candi-
dates retrieved from the database, each candidate consist-
ing of a tuple with an audio clip identification r and the
set of timestamped hashes Hr that matched hashes in the

1 The code is available in the URL https://github.com/
arthurtofani/icmc2021-fingerprinting-evaluation
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query. Then, by iterating over different values of τ , we per-
form searches passing (Hq,τ ) (i.e, all hashes in Hq,τ such
that tfidfh,q ¿ τ ) and receive a set R of candidates (r,Hr).
For each candidate, we calculate a score sr through a given
score function. The elements inR are ordered by this score
value. The accuracy can be measured by picking the re-
sponse in the first position, thus the record with greater
score. For this experiment, we used queries of different
sizes (3, 6, 9, 12 and 15 seconds), each group composed of
120 queries (40 of each size) per value of τ , all queries cor-
responding to one (and only one) audio clip in the database.

In the evaluation step, we addressed the two approaches
described in the previous section separately. First, we eval-
uate the impact of different values of τ over the amount of
results returned by the system |R|. It is expected that as τ
is increased, the system returns less candidates by filtering
those ones whose relevance of the matched terms are be-
low the threshold value. Also, this procedure can impact in
the system accuracy. To observe this impact, we also eval-
uate the average of top-1 scored audio clips that correctly
match the query sample for each value of τ . Our goal is to
find τ̂ such that we have the best average accuracy with the
smaller |R|. It is worth mentioning that the comparison of
the results with the original algorithms (without tfidf cal-
culations) can be achieved by setting τ = 0 (henceforth
τ0), since no hashes will be ignored in the database for this
setting.

The second approach investigates the substitution of the
scoring procedure originally presented [2] by the cosine
similarity between Hq and Hr, since this method is based
in the term’s relevance instead of the term’s time position
in the audio clip. After querying, for each candidate in R,
we compute sr by using the cosine similarity method. In
order to move towards a better understanding of the role of
the scoring function, four methods to rank results in R will
be evaluated: (a) the original histogram of time-offsets [2],
(b) the cosine similarity, (c) a simple hash count method
(|Hr|) and also the combination of a and b methods, con-
sidering that they classify the same input over different per-
spectives (temporal alignment and relevance), and that they
could be combined to increase accuracy.

4. RESULTS

4.1 Filtering hash occurrences according to tf-idf
values

We can observe that the database response size decreases
abruptly as the value of τ gets around the maximum idf
value, after some oscillations with respect to a baseline,
and finally resting in very low values for any τ > 15, as
seen in Figure 1. In this figure, each line indicates, for dif-
ferent query sizes, the amount of results and the average
number of hashes per result given a value of τ . All values
fall abruptly at about the same position. An attempt to ex-
plain the reason for this behavior can be found at the end
of this section.

As expected, the accuracy of the system is also affected
by increasing the τ parameter value. The Figure 2 shows
that the accuracy follows a similar behavior as compared to
the payload size. However, only values close to the maxi-
mum accuracy interest us, which leads us to consider what
would be the best τ where accuracy is maximal and the
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Figure 1. Average results returned by DB in terms of τ for different query
sizes.
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Figure 2. Accuracy in terms of τ (query sizes from 3 to 15 seconds)
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Figure 3. Payload size and accuracy values for different values of τ (for
all queries up to 9 seconds in the FMA dataset. Red line indicates the
selected τ = 7.0, and gray line represents the maximum idf value (8.28))

response size is minimal. Figure 3 combines these two as-
pects within the same view: the blue line represents the
accuracy while the orange line represents the payload size
as long as queries are filtered by τ . The red line represents
the chosen τ , while the gray one indicates the maximum
idf in the database.

4.2 Evaluating cosine similarity and other methods as
alternative scoring strategy

The outcomes show that cosine similarity measure can in-
deed be used as an alternative to the original measure. In
a scenario where τ = 0 (where amount of results and pay-
load size are not filtered), the COS scoring method was
shown to preserve accuracy (as compared to WNG). Ta-
ble 1 shows the overall results for τ̂ on the three datasets
used. It is noticeable that in most of the cases the accu-
racy obtained with Wang’s original alignment method [2]
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Figure 4. Results comparison for GTZAN dataset

is preserved when using the cosine similarity. In the YTC+
dataset, the original WNG alignment still outperforms the
other methods (see also Figure 5), but we argue that this
small loss of accuracy might be worth it, since the original
method compromises the algorithm’s robustness against
time distortions. Still, a lower, more conservative value
of τ could also be selected, granting best accuracy values
for a small price in the payload size.

Another interesting observation is that the combined method
WNG+COS didn’t provided good results on any dataset,
with performance always between COS and WNG but still
preserving WNG’s temporal restrictions. As expected, the
CNT method had the worst performance in all scenarios.

Figures 4 and 5 provide a comparison of the results for
different datasets. Notice that in both the normalized aver-
age amount of results (orange) and the normalized average
payload size (green), all attained values are a fraction of
the corresponding values of Shazam’s original algorithm
(τ = 0 and scoring method WNG).

4.3 Investigating the sudden decrease of response sizes

Additional analysis was conducted in order to better under-
stand the sudden decrease of response size when τ exceeds
a certain value. The Figure 6 represents the rank-frequency
distribution of the indexed fingerprints. In a classical natu-
ral language text-retrieval scenario, we would expect to see
a Zipfian distribution in this graphic, where the relation of
frequency between two adjacent ranking positions corre-
spond to a power law, and hence a linear behaviour would
be seen in this log-log representation. However, the differ-
ent nature of musical fingerprints show a very different be-
havior, with stable plateaus followed by steeper decreases.
Figure 7, in turn, shows the frequency of fingerprints in the
database grouped by their tf-idf values (blue dots) and the
accumulated sum of these occurrences in the corpus (or-
ange line). The initial plateau in the first figure suggests
that less than one hundred fingerprints are accountable for
the most expressive part of the corpus. By observing the
second figure, we also notice that most fingerprints in the
corpus present low tfidf values. It indicates that there is a
relatively small set of very common, non-relevant finger-
prints that are spread across the indexed songs. As long
as we remove these elements from the query, many docu-
ments that share these less informative fingerprints are not
considered as candidates for the query. The τ̂ chosen for
this dataset (7.0) is marked with the red line, whereas about
88% of the fingerprints in the corpus are below this line. It
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Figure 5. Results comparison for YTC+ dataset
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Figure 6. Rank-frequency distribution of hash occurrences

is also noticeable that a very small amount of fingerprints
in the database has tfidf values greater than max(idf),
which suggests that τ̂ should not exceed this value.

GTZAN FMA YTC+
Total Records 961 7963 1534
τ̂ 5.8 7 5.5
Accuracy (WNG, τ̂ ) 0.96 0.98 0.99
Accuracy (COS, τ̂ ) 0.96 0.98 0.95
Avg. payload size τ0 759 6438 949
Avg. payload size τ̂ 2 100 80
Payload size reduction 99.68% 98.45% 91.49%

Table 1. Overall results for different datasets

5. CONCLUSION

Filtering query fingerprints by tf-idf values is an effective
approach to reduce the response’s payload size with mi-
nor or null impact in the system’s accuracy, and it brings
many performance advantages to the system (network traf-
fic, memory usage, database availability, etc). It is worth
mentioning that many approaches could be used in order
to select the best τ̂ , and this choice depends on how tol-
erant the use-case is to loss of accuracy in exchange of a
minimal payload size. In the special use case where the
database will no longer receive new entries (i.e., it will
only respond to queries), all the hash occurrences under
the selected threshold value τ could be deleted, producing
a considerable reduction of the database’s size.

We conclude that cosine similarity can be used as an alter-
native of the original Shazam’s scoring method, producing
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Figure 7. The blue line shows the log-scaled frequency of hash occur-
rences in the database such that tfidfh,d = x. The orange line shows the
accumulated sum of hash occurrences at the same position. The red line
indicates the selected t value for this instance, while the gray one shows
the maximum idf value in the dataset.

better results when associated with tf-idf filtering (τ > 0),
and we also conclude that this approach is more suitable
for projecting systems where robustness against time dis-
tortions is part of the requirements. With the exception of
some extra calculations at the input phase (e.g., when in-
serting new audio clips) and the need of storing tfh,d val-
ues, no other disadvantages of using such techniques were
found. Automatically determining the optimal τ , specially
in dynamic scenarios where new audio clips are constantly
indexed over time, is a subject to be addressed in further
work.
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