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Abstract—Retrieving audio signals by content in large feature generally implies a dense representation of the
repositories require a stable and persistent representatin - audio, and correspondingly a robdisigerprintgenerally
of the audio. Such a representation is called an Audio jmplies a denser representations of a song. On the other

Fingerp_rint _(AFP). A rpbust AFP should be an i_nvariant of_ hand, a dense AFP imply more compute cycles to obtain
the audio signal and it should represent the signal despite the representation.

severe degradations it may suffer. The robustness of the

AFP is inversely proportional to the compute effort put In some appl!catlons. an aUdI_O collection, representgd
in obtaining the AFP from the audio, and hence impose by their AFP, '_S querled_ aga|_nst an unknoyvn audio
limits on the processing throughput. sample. To avoid comparing with all the audio sample

On the other hand the Graphics Processing Unit (GPU) in the collection it is possible to build a metric index to
provides high performance computing through the thread- satisfy proximity queries. There are some applications
ing model. Its main characteristics are high computational where the situation is reversed and the audio collection
power, constant development and low cost. is given on-line and it need to be compared against a

In this work, we propose the use of massive parallel gingle qudio sample. An example application with this

algorithms implemented in the GPU to speedup the com- Lo S . .
puting of a robust AFP. This parallel system will be part of behavior is the monitoring of radio broadcasting. The

a comprehensive system, which will allow to determinate goal is to_“Sten t9 a I_arge _Set of aUd'_o streams (the
the audio fingerprints of several audio signals generated Proadcasting stations in a city) and wait for the appear-
simultaneously. Experimental results on the correspondig ance of a particular audio stream, such as a commercial
speedup are presented. advertising, in any one of the streams. In this case it is
not even possible to obtain all the AFP of all the audio
streams in real time using a single CPU. The Graphics
Processing Unit (GPU) represents a good alternative to
Audio identification consists in the ability to pair audispeedup the AFP process. GPU'’s are portable, affordable
signals of the same perceptual nature, this demandsnaassive parallel devices, originally conceived to speed
object representation stable and persistent to differang online rendering. In present days they can provide up
natural degradation of the objects. Such robust represem&0 times the processing power, compared to the host
tation is called an Audio-Fingerprint (AFP). Two audic@omputer [5].
signals are perceptually similar if they have the sameSince its inception, the GPU was used as a dedicated
AFP. AFP’s are mature technologies used as softwatevice for speeding up graphics processing applications,
commodities by a very large number of applications &D video gaming, rendering, etc. [6], [7]. The progress
economic importance. Among other tasks, AFPs are usgfdthe GPU was faster than for CPU, probably due to
in broadcast monitoring [1], signal identification [2], [3Ja smaller instruction set and single precision arithmetic
and automatic score following [4]. [8], [7]. The GPU is in many senses a portable super
In designing AFPs for such use, there is a tensi@momputer. Certain type of tasks can be solved using
between two competing goals. On the one hand a robastinassive parallel model, with a multi-core processor,
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shared memory and hyper threading support. tonality [18] and chroma values [19]; among others[20].

The GPU programming evolved from hacking grapH21] proposes to compute the audio entropy for every
ics specific settings and programs to a more structurgignal second.

C-like programming environment. The most successful Finally the features obtained froffeature extraction
model is provided by theNvidia graphics card, with module are modeled in a way that best serves the purpose
a driver hiding the low-level details and differencesf the application for which the audio fingerprints have
between different graphics card models. This model lieen designed. Examples of existing audio models are:
dubbed Compute Unified Device Architecture (CUDAJrajectories[2]; Statistics[22]; Codebook$23]; Strings

with a GPU-CPU interface, thread synchronization, daf24]; Hidden Markov Models (HMM]25], [26]; Gaus-
types, etc. [9], [10], [11]. sian Mixture Models (GMM]27], [28].

The goal of this work is to improve the throughput for The technique described here differs to these ap-
online processing of a multi-stream source. The papergaches in that it does not reply on specific domain
organized as follows: in sections II, lll and IV, we revievknowledge, and is therefore more widely applicable.
the characteristics of an AFP, the entropy of a signalI
and how to compare sounds. The section V compares
the CPU and GPU programming. In section VI , we _ .
analyse the characteristic of GPU-CPU system parallel,' "€ €ntropy of a signal is a measure of the amount of

Finally, we show the experiments, obtained results affformation the signal carries. I is a random variable
conclusions representing the signal, and we want a unique value to

identify it, then Shannon’s entropy is a good candidate.
Small perturbations on the sample valuesXofproduce
smaller perturbations on the measured entropy. If the
A good AFP must include the following characterissample values ok are denoted byz;} then entropy is
tics: defined as
« Robust to signal degradations such as noise mixing, H(X) =— Zp(wi)ln(p(xi)),
equalization, cropping and time shifting. -
« Compact and determined with as little computgynere (z;) is the probability for the signak to take
tional effort as possible. value z;.
« Scalable, that is, it should be able to operate with Since the audio signal is additive, we will fix our

very large databases, conditioned by a good indexgention to the modulation (the change) of the entropy
ing technique. over time. If we compute the entropy values in a sliding

An audio-fingerprinting system consists &eature window of the signal, the sequence of values encode the
extraction and Audio-fingerprint modelingnodules. In changes of the audio entropy over time. If the volume
the Feature extractionmodule, the perceptual featuregthe energy) of the audio is increased or decreased, the
of the audio signal are extracted and they are taken &yrresponding entropy curve is also shifted preserving
the Audio-fingerprint modelingnodule with the purpose the relative changes.
of building an AFP, that is adequate fémformation  Adjusting shifts to match signals is an easy task, the
Retrievalpurpose. vertical shift disappears if we take the derivative of the

Therefore, the first thing an audio-fingerprinting syssignal, or even more if only the sign of the derivative is
tem has to do is to extract features from the signaktained. Unfortunately, other interesting distortidike
Most AFP systems however, extract signal features in tr@recording, are not profile invariant. A similar effect is
frequency domain using a variety of linear transformsbserved when the signal is equalized.
such as the Discrete Cosine Transform, the DiscreteThe Time-domain Entropy Signature (TES) is a se-
Fourier Transform, the Modulation Frequency Transforuence of binary values, one per each frame, indicating
[12] and some Discrete Wavelet Transforms like Haarthe sign of the derivative of the entropy profile. This
and Walsh-Hadamard’s [13]. AFP was compared with Haitsma et al AFP [2] in

Looking for more relevant features of audio signalg1] obtaining good results for low pass filtering, lossy
a variety of perceptual features have been assessethpression and volume changes. For re-recording or
such as the Mel-frequency Cepstral coefficients (MFC@Jualization the results were not as good. In this work,
[14]; Loudness [15]; the Joint Acoustic and Modulatiothe entropy calculation is undertaken in the frequency
Frequency (JAMF) [12], [16]; the Spectral Flatness Meaomain, with logarithmic bands used to offset the effect
sure (SFM) [17]; the Spectral Crest Factor (SCF) [17&if equalization and other distortions.

Il. A RELEVANT PERCEPTUAL FEATURE SIGNAL
ENTROPY

Il. CHARACTERISTICS OF ANAFP



A. The Multiband Spectral Entropy Signature all the collection to find the alignment with the smaller

The distortion observed in the time domain for reffamming distance. ,
recording or equalization can be reverted if we divide '"€ sequential scan with the MBSES does not scale
the signal in subbands using for example the logarithmif€!l- As a formative experiment, we used off-the-shelf
Bark scale of 24 critical bands. After the band division, fi€SKIOP hardware to scan a database of pre-computed
we compute the entropy profile of each suband separatfSES- The database comprised of approximately ten
the corresponding bands will have vertical shifts onfjfousand songs from a wide range of genres (from
even for distortions like equalization or re-recordingc.ountry to classic). With these signatures pre-loaded into

Thru this process, we obtain the Multiband Spectri€mory, we are able to scan roughly 17 hours of audio
Entropy Signature X/ BSES) per second when using audio excerpt of 5 seconds, and

This is illustrated in figure 1 where only some of tha0 hours of audio per second with a 10 second excerpt.

24 bands are shown to avoid overcrowding the ﬁgure.Nevertheless, to scale to collections with millions of

songs—as is the case with iTunes for instance, with
an ever growing set of users—a more efficient indexing

%WWWM WWWW method is needed. This motivates the use of a general

e m e index to speed up searches.

(RN I LR om0 A. Probabilistic Pairing Pseudo Metric

WMWMWW “MWMW Lets assume we have hase distanced(z,y)! to

WWMMW compare similar sized audio samplesand y of sizes

MWWW’W m andn respectively withm ~ n. It can be the case

) ' the base distance require = n, as for example the

Bt | L N Hamming distance. If the case of tedit distance, sizes
D ey ey m andn need to be just comparable.

The probabilistic pairing pseudo metric(PPPM)
Fig. 1. Entropy profiles for individual bands in the Bark scal é)éﬁr’]g()j Izsa%og:;r\;\z_a:lfrzlagonr;_()f the base distante: y)
D(z,y) = min_d(a(i,i +n),y(L,n)V1<i<m
B. Binary Encoding the Signature @(ii+n) @
For each frame we keep only an indication of wheth@jtherwise:
the spectral entropy is increasing or not for each band.
Equation (1) states how the bit corresponding to band D(z,y) = D(y,z)
and framen of the AFP is determined using the entropy
values of frames: andn — 1. The same property of I_n other words we use a sliding window (_)f_the smaller
compactness noted in TES is retained in the spectfdliect over the larger one and use the minimum as the

version. Only 3 bytes (i.e., 24 bits) are needed for ea¥flue of the distance.
frame of audio signal. The function defined in Equation 2 does not strictly

satisfy the triangle inequality, although it does satisfy
, it with high probability since the case where it is not

F(n,b) = { Lif [hb(”_) ~ho(n=1]>0 (1) satisfied is rarely found.
0 Otherwise

V. GPUAND CPU RROCESSING

. A single PC with one or multiple cores cannot be

h lection. The H ing dist bet ; IEBmpared in performance with CUDA, because hundreds
1€ coflection. The Hamming distance bEWeen two Saigey, ., \sands of threads can be attended simultaneously.
sized excerpts accounts for the percgptua_l S|m|Iar|8ur proposal is to used CUDA to boost the throughput in

bgtween them. The sma_lle_r the Hammlng dlst_ance tQ dio processing. One possible application is to monitor
higher the perceptual similarity, as it was discusse
above. If we want to know if an excerpt occur in some d(x,y) is a distance between bit vectors, to fix ideas we can think

song in the collection we need to scan, in principlé the Hamming distance between bit vectors

IV. COMPARING AUDIO SIGNAL

So far we have a binary array for each song or audio



simultaneously, with a single PC, the hundreds of radio V1. PARALLEL MULTI-MBSES
broadcastings in a large city, or to listen for hundreds , _

of simultaneous queries for query by content in audio F_|gur§ 2 illustrate the parallel archﬂgcture for the
databases. Audio databases and audio monitoring di@/tal signature dubbed/BSES,. As said before the
specially suited for the massive parallel model providdfoPlem is particularly well suited for massive parallel

by CUDA. processing.
A GPU can be considered as a multicore processor out Sianal
allowing a large number of fine grained threads [29]. v

The GPU is different from other parallel architectures in seqmenaion

the flexible local resource assignment, either memory or 8 28 8
register, for the threads. Each stream multiprocessor can >

execute a variable number of threads, it is a programming VO - Pvi T w

decision the resource assignment. Performance can be

boosted by optimizing the assignment of resources. 1 \ ‘
The whole model consist in a traditional CPU based fit 828 : fit 8223

station and one or more coprocessors, the massive par- ‘ !

allel compute devices. Each coprocessor apply the saméando A 23! Lot T 23!
model of Simple Instruction Multiple Data (SIMD). All
computing units execute the same code (not necessarily ¢ ‘ ‘ ‘ ‘ ‘
synchronized) over the different set of data. The threads
share the same gIobaI memaory. f(E,O) f(s,l) f(!),23) f&,O) f(;,l) f(;,23)

CUDA is a computing environment allowing software .
developers to create isolated programming componeritd; 2= Architecture oM/ BSES,
Each component solve a problem in a dedicated GPU
device applying massive parallel data processing. CUDAMulti - signal processing is sketched irMulti-

provides a programming model facilitating applicatiod! BSE.S,, where additionally to parallel processing of a
development on the GPU. single signal, multiple signals can be processed at once,

A CUDA program is a C/C++ extended with a segach one of them performing the same task with different
of instructions. This instructions specify parallel codgata. Figure 3 illustrates.
and data structures to be executed in the device. Those
computing units are naméernels A kernel describe the Input Sionaft
work of a single thread and can be executed by hundreds | a0 ‘.
of them. There are some restrictions on the kernels, they ~~~_~~ '

cannot execute recursive calls, static variables cannot v
MBSES-P
be declared and the number of arguments cannot be
variable. i
A complete CUDA program have different phases to MBSES-P

be executed either on the CPU or the GPU. When the v
phase have low or null parallelism it is assigned to the b

Input Signal n

T
e

CPU. If the phase is massively parallel it is implemented T~ Answer ¥ | Query
as a kernel and executed over the GPU. ' [N “

At the beginning and end of a program the host make a ~ Answer _ Anver
transfer from/to the global data or the GPU data space. Sigral

Threads are organized in a three level hierardByid

the top level consisting in a block of threaddpckmid Fig. 3. Multi signal M BSES, system

level consisting in a group of threads stablished by the

software developer, and the lower leviireadswhich In both schemal/ BSES, and Multi-M BSES, the

can synchronize the task and share data inside the sanassive parallel architecture can be applied. Several
block. The number of grids, blocks and threads affect tiparameters need to be adjusted. In this work we discuss
performance of the tasks, each application have an opkiree crucial parts of the processing, computing: the Han-
mal selection for these parameters. As a rule of thuming window, the fast Fourier transform and computing
these parameters are determined by experimentationthe signature entropy based on histograms.



A. The Hanning Window fraction of the data. In figure 8(b) the procedure is

Computing the Hanning window is an inner producgketched for each iteration.
and hence is suitable for massive parallel processing. All
the threads will perform the same operation and the finél
algorithm is a pure data parallel procedure with no cross-
talk between threads. The usual consideration should b&omputing the entropy of a signal requires some
applied, if the number of threads is smaller than the datatimation of the Probability Density Function (PDF).
size, then each thread will take care of a subset of tBeich estimation may be accomplished using parametric
vector. methods, non parametric methods and histograms. Para-
metric methods [31] are advisable when the distribution
is known a priori and the amount of data involved is not

_ _ ) large. In non parametric methods, no assumptions are
In the CUDA repository there is a library for parallely,;qe ahout what distribution the PDF belongs to, the

computing the FFT, this routine is called the CUFFT. WBE g shaped by the data which is in turn smoothed by
implemented the FFT from scratch based on the origingyme kernel. Non-parametric methods are computation-
algorithm of Cooley and Tukey [30]. The inverse and;y expensive and so not frequently used for realtime
direct FFT can be computed changing a single paramegtyen recognition applications. The histogram is the
The sample is divided in two subsets of size half t&eiag of choice, it is a simple and fast approach to
original size, using the Danielson Lanczos theorem. Thigimate entropy. In this case, the confidence of the
process is repeated recursively or iteratively until the Sgs¢9ram method is ensured by the fact that thousands of
is of cardlnallty two. _ audio samples will be used to compute the histogram.The
We fixed 512 threads to be executed in para”eérobability p; for value v; to be a sample read from

computing the bit-reverse vector in a first stage and {Re audio stream is computed using Laplace’s formula
a second stage we properly computed the FFT. For the_ #

] | . ] i = ., where f; is the number of times that valug
bit-reverse, each even index element in the first part 9f . (s in the sequenae= z1, s, .., zy, N is the frame
the vector is swapped with a corresponding even indgx e

element in the se_\cond part of the vector. Each swap 'SThe Bark scale defines 25 critical bands, the first 24
computedbe a different th_read. For a vector of size corresponding to the bands of hearing. The last band,
we need threads. IT.V is larger than the numﬂberthe 25th band, is discarded since only the youngest and
of available threadd’, then each thread will swag- healthiest ears are able to perceive it. For any given band

Entropy Signature

B. Fast Fourier Transform

elements. b, the elements of the time-domain frame of the signal
rorotons nes (after computing the FFT) correspondingitare used to

i el el build two histograms, one for the real parts and another

[oJsl2[s[=[=]e]"7] one for the imaginary parts of these elements. The his-

Iteration=2 ¢

tograms are used to estimate the probability distribution
‘ ‘ ‘ ‘ functions. The entropy for real and imaginary parts are
\ ] \ ] computed separately and operated together to obtain the
y i-component of TES. Figure 5 illustrates.

thread 2

remar ——— | Signature
thread 1

inal R N ¢ thread 3
KRN *

Fig. 4. GPU based FFT computation FFT(Signal) |

The second phase is where the FFT computatiot
takes place properly. Since it is not possible to apply *
recursive calls, the solution is iterative. Each thread, in
each iteration, makes the proper computation with the
corresponding pair. If the number of threads is smallgrg_ 5

. . Entropy computation
than the vector size each thread will take care of a



Shared memory per block 16KB GeForce 8500 GT | 9500 GT | 9500M GS
Registers per block 8KB Global Memory 512MB 256MB 512MB
Max. number of threads per block 512 Multiprocessors 2 4 4
Max. sizes of each dimension of a blodk 512 x 512 x 64 Central Clock || 450 MHz | 500 MHz | 475 MHz

Max. sizes of each dimension of a grid| 65535 x 65535 x 1

Fig. 7. Differences among Three GPU
Fig. 6. Common Characteristics among Three GPU

The results shown for the speedup are the average

In the next paragraph, we describe the necessary stepsr several runs. Figures 8(a), 8(b) and 8(c) show the
to compute the entropy signature with histograms @peedup for the Hanning window computation, the FFT
GPU. and Histogram for differents frame sizes. In all the cases
1) Histogram: Computing the histograms is trickywe used the maximum number of available threads. We

and involve many tasks, the first is the discretization 68n observe a significant improve respect to sequential
the current signal frame, the continuous values have to@cess, independent of GPUs characteristics.
converted to discrete values. This task implies obtaining
the max and minX/_m) over all frame component (real
and imaginary parts)M_m employs the max number
of threads, 512, to obtain the max and min value of a
subset of the frame. Each thread works over the same 800
number of data points. After that, half of the threads
are dedicated to calculate theax and the other half
compute thenin. Once acquirednin andmax, every
signal elements are transformed to a value between them. e
This task is similar to computing the Hanning window, 4KB  BKB  16KB 32KB 64KB 128KB 256KB

Hanning SpeedUp
1200

1000

- - 9500 GT
—9500M GS
----8500 GT

600

Sp

the threads will perform the same operation over a subset S

of frame data, without communication among them. We (a) Hanning

use 8 bits to represent each data element of the frame, fft SpeedUp

hence each discrete data element will take one value

between 0 and 255. The second task is to properly

compute the histogram. In this process, the distribution

of the computation between multiple execution threads 5 ' AR -
is made by subdividing the frame data between them, o
processing of the subset by each dedicated execution

thread, and storing the result into a certain number of 0 Mm -
sub-histograms. Finally all the sub-histograms need to size

be merged into a single histogram. Between each inner
step it is necessary to synchronize the threads.

(b) fit
Histogram SpeedUp

450
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For a comparative analysis we selected a sequential zzz / - 8500GT
CPU implementation of the algorithms, the fastest ma- & 200 / 9500 o
chine available for experiments has the following char- Yy e
acteristics: Intel core 2 Duo E8400, with 3GB of RAM. 12‘;: e
We used three different GPU models for comparison. o e
The 8500 GT, 9500 GT and 9500 GS. They had the 4B 8KB 16KB ;j:B 64KB 128KB 250K8
following common characteristics (see table in Figure
6). (c) Histogram

Fig. 8. Speedup of Hanning, FFT and Histograms computation

With the following differences (see table in Figure 7). _ _ _
We compared our implementation with the state GPU

based library CUFFT, available in the CUDA showroom.



2500

We used the CUFFT as a black box. Our implementation

surpass the efficiency of the state of the art. Figure 9 2000
. . I Sig-270
shows the comparison to four frame size. = sig 260
1500 [ Sig-180
P M Sig-170
£ M Sig-160
[

1000 O Sig-150
M fft-9500GT m sig.140
B cufft-9500GT & Sig-130
O fft-9500MGS 500 M Sig-40
H cufft-9500MGS

M ffi-8500GT
_————. I e

0.05 O cufft-8500GT 0
Sec 8500GT 9500GT 9500GS

0,04

0,03

0.02 Fig. 11. Sequential vs parallel GPU times of nine signals
0,01

0,00

4KB

16KB 64KB 256KB

Time

The signal is processed in frames of 370 ms, this
frame size ensures an adequate time support for entropy
computation according to our experiments. The frame

In all cases our implementation was faster tha3{zes normally used in audio-fingerprinting ranges from
CUFFET, which is the state of the art. 10 ms to 500 ms according to [20]. The frame size used

Finally, we analyzed the overall speedup. At th [2], [3] is precisely 370 ms.
moment of writing this note, thé/ BSES, is mixed
implementation, we used a CPU/GPU model, the first
three tasks were resolved over GPU (findlBSES) CONCLUSIONS AND FUTURE WORK
, the last task was computed in the CPU. When the
third task ends, the data had to be moved from theln this work, we sketched the basic characteristics of
GPU to the main CPU memory. Although, data transfef@e M BSES,, system. This system describe the Multi-
impose a severe restriction on the performance, thand Spectral Entropy Signaturé/(BSES) following
results are good. Figure 10 shows the overall speedig CUDA programming model. We presented results
when frame size is 16KB, this size is equivalent to gUpporting about a 2.5 speedup to compute a single
frame duration of 370ms. In the conclusions and futufeame, this accounts for the overall time needed to
work section we discuss the expected speedup in a ptignsfer a single frame to the GPU RAM, computing the
GPU implementation when no data transfers are madeT and the entropy and transferring the result to the

Fig. 9. FFT vs CUFFT

for intermediate results. CPU. If the whole audio signal can be accommodate in
the GPU RAM then the time to compute a single frame
16KB-Frame Overall Time will be in the same order of magnitude of computing all

the frames signatures for the audio without transferring
partial results to the GPU. In a conservative estimation
moeq if an audio signal of 1462 frames of 16Kb length (a
B 9500M Gs standard song) can be computed in 4165,63 milliseconds
in the sequential model, the corresponding GPU imple-
mentation will use 0,055 accounting to a speedup of 4
to 5 orders of magnitude (considering the memory and

bus and thread arbitration).

Fig. 10. Overall Time ofV/ BSES, Of independent interest is our FFT implementation
that is faster than the CUDA implementation of the
FFT (CUFFT), a more thorough comparison to detect
Figure 11 displays the sequential and parallel GPtle weak points of the CUFFT is needed to recommend
times of nine different audio signals. The selected signalar implementation over the CUFFT. The FFT is widely
have diverse durations (in seconds, they are are indicatesgtd in many areas of application and we believe our
in the label:Sig — #second). The frame size is 16KB. implementation can be of interest to practitioners. We
We can observe a significant improvement with respeste also implementing a massive parallel version of
to the overall time of computing the audio signaturthe metric indexes suitable for audio indexing. We are
implemented on three different GPU boards. aiming a pure GPU implementation of the system.

Time
w
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