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ABSTRACT is defined as the time difference between the true note on-

set and the time that the pitch tracker has computed its es-
In this study, we propose and compare two probabilistic timate. In our point of view, a pitch tracking method might
models for online pitch tracking: Hidden Markov Model have latency due to two reasons. The first reason is that the
and Change Point Model. In our models each note has amethod cannot estimate the note accurately because it has
certain characteristic spectral shape which we call spec-not accumulated enough data yet. The second reason is the
tral templates. Hence the system’s goal is to find the notecomputational burden. With the increase of the computa-
whose template is active given the audio data. The maintional power, the latter can be eliminated by using more
focus on this work is the trade off between latency and ac- powerful computers. Hence, in our work we will focus on
curacy of the pitch tracking system. We present the prob- decreasing the latency by increasing the accuracy at note
abilistic models and the inference schemes in detail. En-onsets rather than trying to reduce the computational com-
couraging results are obtained from the experiments thatplexity. We will test our models on recordings of two low
are done on low-pitched monophonic audio. pitched instruments: tuba and bass guitar. This would be

challenging since estimating low pitches in shortest tisne i

a difficult problem.

1. INTRODUCTION The rest of the paper is organized as follows: in Section

Pitch tracking is one of the most studied topics in the com- 2 and 3 we describe our approach and probabilistic models
puter music field since it lies at the center of many ap- in detail. We describe our inference scheme in Section 4.
plications. It is widely used in phonetics, speech coding, The template learning procedure is described in Section 5.
music information retrieval, music transcription, anceint [N section 6, we present our results on monophonic pitch
active musical performance systems. It is also used as dracking. Finally Section 7 concludes this paper.
pre-processing step in more comprehensive music analysis
applications such as chord recognition systems.

Many pitch tracking methods have been presented in
the literature. Klapuri proposed an algorithmic approach In this study, we would like to infer a predefined set of
for multipitch tracking in []. Kashino et al. presented ap- pitch labels from streaming audio data. Our approach to
plied graphical models for polyphonic pitch trackirg].[ this problem is model based. We will construct two prob-
Cemgil presented generative models for both monophonicabilistic generative models that relate a latent eventllabe
and polyphonic pitch tracking]. Orio et al. and Raphael to the actual audio recording, in this case audio is rep-
proposed Hidden Markov Model based pitch tracking meth-resented by the magnitude spectrum. We defipe as
ods in @] and [5] respectively. On the other hand, using the magnitude spectrum of the audio data with frequency
nonnegative matrix factorization (NMF) methods become index v and time indexr, wherer < {1,2,...,T} and
popular at various audio processing applications. Differe v € {1,2,..., F'}.
types of NMF models were proposed and tested on poly-  For each time frame, we define an indicator variable
phonic music analysis6], [7], [8]. r, on a discrete state spafk, which determines the label

In this study, we propose and compare two probabilistic we are interested in. In our cagk. consists of note labels
models for online pitch tracking. Our probabilistic models such as{C4, C#4, D4, D#4, ..., C6 The indicator vari-
are extensible to polyphonic pitch tracking by using facto- ablesr, are hidden since we do not observe them directly.
rial models P] but we mainly focus on monophonic pitch  For online processing, we are interested in the computa-
tracking of low pitched instruments. The main concern of tion of the following posterior quantity, also known as the
the work is reducing the pitch detection latency without filtering density* :
compromising the detection quality. Here the term, latency

2. APPROACH
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Figure 2. The prior structure of the indicator variable.
Hereatk, sus, andrel refers to the attack, sustain, and
release parts of a note respectively. The first black square
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‘. can be either the silence or a note release state. Similarly
_______________ wh o the second black square can be either a silence or a note
TTe-l L attack state.
computer music applications, HMMs have also been used
in pitch tracking applications], [5].
We define the probabilistic model as follows:
v ro ~ p(ro)
. Lv,r TT|TT—1 ~ p(7"7|7"7—1)
Ur ~ g(v'r; Ay, bv)
Figure 1. The block diagram of the probabilistic models. I 4
The indicator variables;, choose which template to be Ty rlvr,rr ~ [[ PO 7 tiv,) 7=,
used. The chosen template is multiplied by the volume i=1
arametew, in order to obtain the magnitude spectrum,
2 4 g P where the symbolg and PO represent the Gamma and
o the Poisson distributions respectively, where
jectory given all the observations G(v;a,b) =exp((a — 1) logv — bv —logT'(a) + alog(b))

vt = argmax p(ryr| T F L) PO(x; A) = exp(xlog A — A —logT'(z + 1)).
1T

: . . Here we have Markovian prior on the indicator vari-
This latter quantity requires that we accumulate all data .
ables,r, which means-, depends only om,_;. We use

and process in a batch fashion. There are also other quant_hree states to represent a note: one state for the attack par
tities, called “fixed lag smoothers” that between those two b ’ eKDp

extremes. For example, at timave can compute one for the _sustaln pa_rt, and one for the rellease part. We
also use a single state in order to represent silence. Fxgure

p(rr—rlz1:71:7),s shows the Markovian structure in more detail.

. o . . In some recent work on polyphonic pitch tracking, Pois-

whereL is a specified lag and it determines the trade off son observation model was used in the Bayesian non-negative

between the_accuracy and the latency. By .accumulatin.g. 3matrix factorization models (NMP)1]. Since our prob-
few observations from the future, the detection ataspecmcabilistiC models are similar to NMF models, we choose

T;(’tigi;al-r:e?]?::://veen:]g?(leyt:)r?i%rg\ﬁgeb%ilgggg:n?gtgeirfl(l)?g;rthe Poisson distribytion as the observatipn model. We also

o have the optimum results choose Gamm_a prior an- to preserve conjugacy and make
' use of the scaling property of Gamma distribution.

In this probabilistic model we can integrate out analyti-

3. MODELS cally the volume variables;, . Itis easy to check that once

In our models, the main idea is that each event has a certairyve do this, provided the templates; are already known,
characteristic spectral shape which is rendered by a speth® model reduces to a standard Hidden Markov Model
cific volume. The spectral shapes that we denotspes- (HMM) with a Compound Poisson observation model.

tral templatesare denoted by, ;. Ther index is again the

frequency index and the indexndicates the pitch labels. 3.2 The Change Point Model

Here, tz_ikes values between 1 afigwherel is the hum- In addition to the HMM, in the change point model (CPM),
ber of_dlfferent spectral tgmplates. The volgme variables the volume parameter. has a specific structure which de-
v, define the overall amplitude factor, by which the whole pends onv, _; (i.e. staying constant, monotonically in-
te_mplgte i-s multiplied. An overall sketch of the model is creasing or decreasing and etc.). But at certain unknown
given in Figurel. times, it jumps to a new value independently from ;.

We call these times dshange points”and the occurrence

of a change pointis determined by the relationship between
Hidden Markov Models have been widely studied in var- r. andr,_;. If ,_; jumps to a new value at time, in

ious types of applications such as audio processing, natu-other words ifr- is not equal ta-. _1, then a change point
ral language processing, and bioinformatics. Like in many has occurred at time.

3.1 The Hidden Markov Model



The formal definition of the generative model is given 4.2 Inference on the Change Point Model

below: While making inference on the CPM, our task is finding

the posterior probability of the indicator variables,and
volume variables.. If the state space af., D, was dis-

vo ~ G(vo; ao, bo) crete, then the CPM would reduce to an ordinary HMM on
ro ~ p(r0) D, x D,. However whenD,, is continuous, which is our
rrlre—1 ~ p(relr—1) case, an exact forward backward algorithm cannot be im-
S(vr — 0(r)vrr), e = 1o s p!emented in general. This is due to the fact that the pre-
Vr|Ur 1,77y Treq ~ { Gvr: au, bo) vy £ diction densityp(r;, v-|z1.r,r) Needs to be computed by

integrating ovemw,_; and summing over,_;. The sum-
mation overr,_; renders the prediction density a mixture
model where the number of mixture component grow ex-
ponentially withr. In this section we will describe the im-
plementation of exact forward backward algorithm for the
CPM and the pruning technique that we use for real-time
applications.

The forward backward algorithm is a well known algo-
rithm for computing the marginals of forpir,, v |x1.p,+).
We define the following forward messages:

I

2y rlvr, 7 ~ [[ PO(@ 7 toivr) =1

i=1

Here, §(x) is the Kronecker delta function which is de-
fined byd(z) = 1 whenz = 0, andd(xz) = 0 elsewhere.
The 6(r,) parameter determines the specific structure of
the volume variables. Our selection@if-, ) is as follows:

0., if r,is attack
O(r:) =< 6y, if r, is sustain aojo(ro,v0) = p(ro,v0)
03, if r.isrelease rjr—1(T7,07) = p(T7, V7, T1.F7,1:7 1)
047—\7—(7"77 U‘r) - p(T'm Ur, ‘Tl:F,lt‘I’)7
0(r,) gives flexibility to the CPM since we can adjust
it with respect to the instrument whose sound would be
processed (i.e. we can seleélt,) = 1 for woodwind
instruments.by assuming the voI.ume qfasﬁngle note would Arpr_1(rryvr) = Z dvr_1 p(re, ve|rr—1,vr—1)
stay approximately constant). FiguBeisualizes example
templates and synthetic data which are generated from the

wherer € {1,2,...,T}. These messages can be com-
puted by the following recursion:

Tr—1

047-71\771(7“7'—17 vr_1)

CPM.
O‘T\T(rTa UT) = p(xliF-,T|T7‘7 UT)aTlT—l(TT7 UT)'
We also define the backward messages and recursions
4. INFERENCE similarly:
4.1 Inference on the Hidden Markov Model Brir(rr,vr) = p(zrerlre,vr)

As we mentioned in Section 3.1, we can integrate out an- Brir41(rr,vr) p(@1Frtr|rr, vr)
alytically the volume variables;.. Hence, given that the
t,; are already known, the model reduces to a standard

Hidden Markov Model (HMM) with a Compound Poisson

= Z /dv7+1 p(TT+17UT+1|rT5v7)

Tr+1

observation model as shown below: 5T+1|T+1(7’r+1, Urt1)
/8T|T(TT7UT) = p(ml:F,T:T|TT; 'UT)
(@R e |rr =) = pl@upsre, UT)ﬁT\TJrl(TTz Vr),

4 a log PO _ wherer € {1,2,...,T—1}. Moreover, the posterior marginals
= [ dv, eXp(Z:1 0g PO(y,73v7t0:) can simply be obtained by multiplying the forward and

backward messages:
+ 1Ogg(1}7—; Ay bv))
p(T‘rvUT|'T1:F,1:T> X p@l:F,l:Tﬂ’n”r)

F
» Tor
F(XT—FGU) bva Hltv,i = p(mle,l:T—larﬂvr)

F
L(ay) [] T(xp,r +1)

v=1

(Tz+bv Xr4a, P(ml:F,T:T|7"7—;'U7—7«T B —1)
= O‘T|T—1(TT7 U‘r)ﬂﬂq—(r‘r, v‘l')'

) ) Due to the fact that is discrete and) is continuous
Since we have standard HMM from now on, the infer- gndom variables, in the CPM, we have to storand 3
ence algorithm can be made to run very fast without any messages as mixtures of Gamma distributions. In order

approximation. We can run the well-known forward al- 1o achieve ease of implementation, we can represent the
gorithm in order to compute the filtering density or fixed Gamma mixture

lag versions with a few backward steps for real-time ap- o
plications. Also we can estimate the most probable state o-lr =i _ exp(w, )G(vr: .. b
sequence by running the Viterbi algorithm. p(orlrr =1,.) mz_l P(wn)G(vr; am, bm)



Figure 3. Spectral templates and synthetic data generated fromPih& @ can be observed that the templates implicitly
capture the harmonic structure of the signals. The topngistfigure shows a realization of the indicator variablesnd
the second topmost figure shows a realization of the volurmahblasv, . Here we set.5 = {1.10,0.99, 1.00}. With this
parametrization, we force the volume variables to increlasmg the attack parts, slowly damp at the sustain partstayd
constant during the release parts of the notes. ffparameters should be determined by taking the audio steuito
account (i.ef(r,) should be different for higher sustained sounds, percessiunds, woodwinds, etc.).

aS{(al, by, w1, i)7 (ag, bo, wo, i)7 ey (aM, bar, was, Z)} This we copy fromr = 1. Note that we would haVéT + 1)[
will be simply M x 4 array of parameters. Gamma potentials at time frame Figure4 visualizes the

forward procedure.
4.2.1 Forward Pass Derivation of the prediction step at timeis as follows:

To start the forward recursion, we define
a'r\'rfl(v7'7 TT)

coplro,ve) = 2070, 7Z/dv 10(Vr, 72 V721,70 21)
= T— Ty T |Ur—1,Tr—

Tr_1"
_ ZCXP(li)g(U();a(),bo), aT*l‘T*l(UT—larT—l)
: = Z /dvr—l P(vr |7, 1, 1 —1)P(r7 |17 —1)
where,l; = logp(ro = i). As we mentioned earlier, we 1
represent this message with the array representation of the Qr_1jr—1(Vr—1,77-1)
Gamma mixtures:
= Z /dUT_l ([7“7— =+ TT—l]g(U7—§av7bv)
(alg\O?bg\O?CS\O’dlg\O) - (a(),b(),lk,k), Tr—1

wherek =1, 2, 3, ...,] denotes the index of the components e = r7-1)6(0r = 8(rr)vr—1))p(rrlre—1)
in the Gamma mixture. ar_1j7—1(Vr—1,7r-1)-

In the forward procedure, we hafeGamma potentials The first] potentials that handle the change point case
attimer = 0. Since we are dealing with the CPM, ateach pacome
time frame, we would have two possibilities: there would
be a change point or not. Hencerat 1, we would have (@¥ 08 g dE ) = (g, by, & F)
newly initialized Gamma potentials for the possibility of a
change point and Gamma potentials which we copy from
the previous time frame; = 0, in order to handle the case
when a change point does not occur. Similarlyrat 2, , !
again we would havé newly initialized Gamma potentials ¢ = 108 Z Qi
to handle a change point aBd Gamma potentials which j;}{

fork=1,2,..,I. Herea;; = p(r. =ilr,—1 = j) and

71

Z [d:-n—lh-—l =] eXP(CT—uT—l)

m=1
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Figure 4. The forward procedure for the CPM where the
number of templates] is 3. The empty circles repre-

fork=1,2,..(r+1)I. Here

F
P
v=1
I F
k k .
b/ = b.,-|.,-,1 + Z[dr\rfl - 7’] Z tu,i
i=1 v=1
I
k k i k k
cl = chT—l +Z[d7\7’—1 = ]g(ar\r—l’br\r—l’m’t)
i=1
k
dl = dT\T—l'

4.2.2 Backward Pass

The backward pass is initialized as follows:

1
(17 Oa 07 k)a

ﬁT\T+1(UT, rT)

L ik ki 5k
(aT|T+1a bT\T+1v CT|T+1> dT|T+1)

fork =1, 2,...,I. Here the Gamma potentidl,, 0, 0, k) is
the improper Gamma distribution where

(a7 b7 C7 k) X (17 07 07 k)

(a7 b7 C7 k)?

sent the Gamma potentials that handle the occurrence of a
change point and the filled ones handle the other case. Thdor anya, b, andc.
inheritance structure between the time frames are shown Similar to the forward pass, we derive the backward re-

with arrows.

We also have I Gamma potentials which are inherited
from the time frame- — 1:

k k k k
(aT\T—D b7'|7'—17 C7'|7'—17 dT\T—l)

bk—]
k=1 7171 rogk—1
- (a‘rfl\'rfl’ o(dk—l )’C’d7'71|‘rfl)
T—1]7—1

fork=1+1,1+2,...,(1 + 1)I, where

I

o= (3t

Z] 10g a“—> —+ 65:{\771
i=1

Once we compute the predictive distributions, we have

cursion as follows:

/8T|T+1(UT7 TT)

>

Tr+1

dv‘r+1 p(UTJrl; Tr41 |U7'7 TT)

/8T+1|T+1 (UTJrlv TTJrl)

Z / dvr i1 p(Ur1|rr g1, U, T )P(rr g1 |7r)
Tr+1

/8T+1|T+1 (UTJrlv TTJrl)

Z / dU‘,—+1 ([TT+1 ?é TT]Q(UT+1; Ay, bv)

Tr+1
+rrt1 = r-]0(vrg1 — 0(rr)vr))

p(’l‘7—+1 |TT)/8T+1|T+1(UT+17 Tr41)-

to update the Gamma potentials as we acquire the observa-

tions:

aT\T(UT; rr = ’L)
=p(T1.p 17, Ur, 77 = 1)
= O‘T\T—I(UTJ"T = Z.)p(xl:F,'rh)‘ryT'r = Z)

(r+1)I

oI

=1

m —
Tlr—1 —

.]e(c:"“.,l)g(vT; a:-rT‘rfl’ bﬁ"'fl)

I
PO(zy r; tl,_,jvf)[” =]
J=1

m
F
v=1j

The backward recursions works very similar to the forward
recursions, where we havepotentials at timd". At time

T — 1, we would have2] Gamma potentials where the
first I potentials handle the case of a change point and the
remaning/ potentials handle the opposite case which is the
same case in the forward pass. Note that, in the backward
pass we would havel Gamma potentials at tim@" — 7)

as opposed to the forward pass.

4.2.3 The Pruning Procedure

One disadvantage of this model is that the need for the
computational power increasesascreases and exact in-

Hence the update equation requires multiplication of Gammf{grence becomes impossible after a couple of steps. In or-
and Poisson potentials. A nice property is that the productder to eliminate this problem we developed a pruning tech-
is also a Gamma potential, as derived in the Appendix. TheNique for the CPM as an approximate inference scheme. In

updated Gamma potentials are as follows:

= (a/’b/7cl7dl)

k k k k
(a‘r|‘r7 b‘r|7" Cr|r d'r\'r)

the standard pruning algorithms, at timgwe would sort
the Gamma potentials with respect to their mixture coef-
ficientsc® _, keep theN best potentials, and discard the

T|T?



rest of them. However, with this scheme, we may discard compared our estimates with the ground truth which is ob-
the first, immature potentials in the mixture since they have tained from the MIDI file. In both our models we used 46
been recently inserted to the mixture. ms. long frames at 44.1 kHz sampling rate.

In this study we propose a different pruning scheme for  In our point of view, the main trade-off of these pitch
the CPM. As opposed to the standard pruning methods,tracking models is between the latency and the accuracy.
we always keep the firsWVi.., Gamma potentials with- ~ We can increase the accuracy by accumulating the data, in
out taking into account their mixture coefficients, where other words increasing the latency. However after some
0 < Nieep << N. Then we apply the standard pruning point the pitch tracking system would be useless due to the
algorithm to the rest of the potentials, i.e. we select the high latency. Hence we tried to find the optimum latency
(N — Nieep) best Gamma potentials. and accuracy by adjusting the “lag” parameter of the fixed-

lag viterbi path which is defined as:

5. TRAINING AND PARAMETER LEARNING vt = argmax p(ri 4 L|o1F L))
Since we have constructed our inference algorithms with TT
the assumption of the templatgs; to be known, we have  where L is the number of audio frames to be accumulated.
to train the spectral templates at the beginning. In this  As evaluation metrics, we used the recall rate, the preci-
study we utilized the EM algorithm for this purpose. This sion rate, the computational complexity and the note onset
algorithm maximizes the log-likelihood iteratively asfol latency. The recall rate, the precision rate and the compu-
lows: tational complexity are defined as:

E-step: recall = num. of correct notes
1 - ’
Q(Ul:Tv Tl:T)(n) = p(vl:T; rl:T|$1:F,1:T7 tgilpyl;)]) num. of true notes
num. of correct notes
num. of transcribed notés
running time of the method

duration of the test file ’

M-step: precision =

R —
t1p1:T q(vi:r,r1.7) ™

complexity =

where
and we define the note onset latency as the time difference

between the pitch tracker’s estimate and the ground truth,
without considering the label of the estimate. The evalua-

The E-step can be computed via the methods which wetion results are shown in Figube .
described in Section 3.1 and 3.2. The M-step for the mod-  We also compared the performance of our models with

B(n) = p(vl:T;rl:Tvxle,1:T|t§T:L}71:[)-

els is computed as follows: the YIN algorithm [LO]. We used theaubio implementa-
tion and tuned the onset threshold parameter. The results
) Zil ([ry = i]>(n) Tyr are shown in Tablé.
wio T T — ()
2= (e = iJvr) Rec. (%) Prec. (%) Lat(ms) Comp.
Intuitively, we can interpret this result as the weighted YIN 43.43 9.40 58.74 1.33
average of the normalized audio spectra with respect.to HMM 91.72 85.02 54.89 0.02

CPM  97.37 93.59 49.09 0.05

6. EXPERIMENTS AND RESULTS Table 1. The comparison of our models with the YIN algo-

In order to evaluate the performance of the probabilistic rithm. Here,Rec Prec Lat andCompstand for the recall
models on pitch tracking, we have conducted several ex-rate, the precision rate, the latency and the computational
periments. As mentioned earlier, in this study we focus on complexity respectively. The CPM performs better than
the monophonic pitch tracking of low-pitched instruments. the others. Moreover, the HMM would also be advanta-
In our experiments we used the electric bass guitar andgeous due to its cheaper computational needs.
tuba recordings of the RWC Musical Instrument Sound
Database. We first trained the templates offline, and then
we tested our models by utilizing the previously learned
templates. At the training step, we run the EM algorithm
for each note where we use short isolated recordings. Onin this study we presented and compared two probabilistic
the whole, we use 28 recordings for bass guitar (from E2 models for online pitch tracking. The main focus was on
to G4) and 27 recordings for tuba (from F2 to G4). The the trade off between the latency and the accuracy of the
HMM's training phase lasts approximately 30 seconds and proposed pitch detection models.
the CPM’s lasts approximately 2 minutes. At the testing  Apart from the previous works that aimed to develop
step, we rendered monophonic MIDI files to audio by us- instrument-independent pitch tracking systems, our agugro
ing the RWC recordings. The total duration of the test files is based on modeling of a specific musical instrument’s
are approximately 4 minutes. At the evaluation step, we spectral structure. Our systems can be optimized for any

7. DISCUSSIONS AND CONCLUSION



8. APPENDIX

100

f ol ﬁ’_v The update step of a single Gamma potential is derived as
g follows:
00 5‘0 160 léO 2(;0 25‘0 360 3’:":0 460 o
Lag (ms)
_ 00 ________ — 1Og (eXP(C)g(UT§ a, b) H Po(xv,‘r; tu,ivr)>
s _
= 50 v=1
& F
% 50 100 150 200 250 300 350 400 = c+log g(”T? a, b) + Z log Po(zu,r; tv,iv‘r)
Lag (ms) v=1
z o e = ¢+ (a—1)logv, —bv, —logT'(a) + alog(b)
& 50 F
5 40 L L L . . L L ! + Z (xv,‘r 1Og tu,iv‘r - tu,iv‘r - 10g F(xy,‘r + 1))
0 50 100 150 L 200 250 300 350 400 1
ag (ms) v=
= (a+X,—-1)logv, — (b+T})vr + ¢
(a) HMM performance F
—logI'(a) + alog(b) + Z Ty logty
= 00 - _ _ _ _ v=1
g
c F
2 50
8 —Zlogl"(mu,T +1)
00 5‘0 160 1\;)0 260 ZéO 360 3é0 460 v=1
0o tea (9 = (a+X;—1)logv, — (b+ T;)v,
€ wof —logT(a+ X,) + (a + X;)log(b + T;)
+e+g(a,b,2,t)
40 5‘0 160 1éD Lag“)(?ns) 25‘0 360 3‘50 460 — Cl + log g(UT; a/, b/),
g where
v
46 : : : : : : : ; _
50 100 150 Las(z?ns) 250 300 350 400 XT — ; J:l,ﬂ-
(b) CPM perf o
rrormance.
pe anc T, = Z ths
. e . =1
Figure 5. The overall performance of the probabilistic o = Z 'S
models on low-pitched audio. The dashed lines represent , n 4
the offline processing results. The total latency of the sys- b = b+T;
tem is the sum of the lag and the latency at the note onsets. d = c+gla,bmt)
and
. _ . o . _ g(.) = logT(a+ X;)— (a+ X;)log(b+T;)
instrument with a quick training procedure. Besides, this e
flex_lble template mats:hmg framework can als_o be used for —logT'(a) + alog(b) + Z 2. logty
various types of applications such as acoustic event detec- =
tion. r
. . I . — logI'(x, 1
Despite testing our probabilistic models on monophonic ; ogl'(zyr +1)

data, the models are extensible to more complicated sce-

narios such as_polyphony. This kind of extensions require 9 ACKNOWLEDGEMENTS
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One limitation of the CPM is that it has the same damp- (TUBITAK).
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