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Abstract

Speech and other natural sounds show high
temporal correlation and smooth spectral evolu-
tion punctuated by a few, irregular and abrupt
changes. In a conventional Hidden Markov
Model (HMM), such structure is represented
weakly and indirectly through transitions be-
tween explicit states representing ‘steps’ along
such smooth changes. It would be more effi-
cient and informative to model successive spec-
tra astransformationsof their immediate prede-
cessors, and we present a model which focuses
on local deformations of adjacent bins in a time-
frequency surface to explain an observed sound,
using explicit representation only for those bins
that cannot be predicted from their context. We
further decompose the log-spectrum into two ad-
ditive layers, which are able to separately explain
and model the evolution of the harmonic exci-
tation, and formant filtering of speech and sim-
ilar sounds. Smooth deformations are modeled
with hidden transformation variables in both lay-
ers, using Markov Random fields (MRFs) with
overlapping subwindows as observations; infer-
ence is efficiently performed via loopy belief
propagation. The model can fill-in deleted time-
frequency cells without any signal model, and an
entire signal can be compactly represented with
a few specific states along with the deformation
maps for both layers. We discuss several possible
applications for this new model, including source
separation.
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are used with the express purpose of accurately modeling
the full detail of a rich signal such as speech, they require a
large number of states. In [1](Roweis 2000), HMMs with
8,000 states were required to accurately represent one per-
son’s speech for a source separation task. The large state
space is required because it attempts to capture every pos-
sible instance of the signal. If the state space is not large
enough, the HMM will not be a good generative model
since it will end up with a “blurry” set of states which repre-
sent an average of the features of different segments of the
signal, and cannot be used in turn to “generate” the signal.

In many audio signals including speech and musical instru-
ments, there is a high correlation between adjacent frames
of their spectral representation. Our approach consists
of exploiting this correlation so that explicit models are
required only for those frames that cannot be accurately
predicted from their context. In [2](Bilmes 1998), con-
text is used to increase the modelling power of HMMs,
while keeping a reasonable size parameters space, how-
ever the correlation between adjacent frames is not explic-
ity modeled. Our model captures the general properties of
such audio sources by modeling the evolution of their har-
monic components. Using the common source-filter model
for such signals, we devise a layered generative graphi-
cal model that describes these two components in separate
layers: one for the excitation harmonics, and another for
resonances such as vocal tract formants. This layered ap-
proach draws on successful applications in computer vision
that use layers to account for different sources of variability
[3, 4, 5](Jojic 2001,Levin 2002,Jojic 2003). Our approach
explicitly models the self-similarity and dynamics of each
layer by fitting the log-spectral representation of the signal
in framet with a set of transformations of the log-spectra
in framet — 1. As a result, we do not require separate states
for every possible spectral configuration, but only a limited
set of “sharp” states that can still cover the full spectral va-
riety of a source via such transformations. This approach is

Hidden Markov Models (HMMs) work best when only a thus suitable for any time series data with high correlation
limited set of distinct states need to be modeled, as in thetween adjacent observations.

case of speech recognition where the models need only
able to discriminate between phone classes. When HM

t{Sf\’/e will firstintroduce a model that captures the spectral de-



wheret is the time-frame indexk indexes the frequency
-------------------- . bands, Nr is the size of the discrete Fourier transform,

Transformation -

matrixT | X/ H is the hop between successive time-framels;] is the

00100{ |X& ‘VX? Npg-point short-time window, and|r] is the original time-

gggé? - Xl = Xj] domain signal. We use 32 ms windows with 16 ms hops.
’,LX‘ Nc=3 Using the subscripC to designate current ang to in-

dicate previous, the model predicts a patchNgf time-
frequency bins centered at th& frequency bin of frame
as a “transformation” of a patch d&fp bins around thé*"
bin of framet — 1, i.e.

Figure 1: TheNs = 3 patch of time-frequency bins out-
lined in the spectrogram can be seen as an “upward” ver-
sion of the markedVp = 5 patch in the previous frame.
This relationship can be described using the matrix shown.
a)

X:t[k—nc,k+nc] ~ ftk .Xgli—lnp,k—&-np] (1)

wherenc = (N¢ — 1)/2, np = (Np — 1)/2, andT}F is

the particulatN¢o x Np transformation matrix employed at
that point on the time-frequency plane. We use overlapping
patches to enforce transformation consistency, [5](Jojic
2003).

Figure 1 shows an example wiflic = 3 andNp = 5 to
illustrate the intuition behind this approach. The selected
patch in framet can be seen as a close replica of an up-
ward shift of part of the patch highlighted in frame- 1.
This “upward” relationship can be captured by a transfor-

¢ ion field of th hh , how how thi mation matrix such as the one shown in the figure. The
ormation field of the speech harmonics, and show how t ﬁnatch in framet — 1 is larger than the patch in frame

can be exploited to interpolate missing observations. The o permit both upward and downward motions. The gen-
we introduce the two-layer model that separately model, e graphical model for a single layer is depicted in
the deformation fields for harmonic and formant resonanccﬁgure 2. Nodest = {X!, X2, .. XF . XX\ repre-

. . . - IR R A AP AR &
components, and s.how that suc_h a separation is necessaly .+ 4| the time-frequency bins in the spectrogram. For
to accurately describe speech signals through examples fibw, we consider the continuous nodésas observed, al-
the missing data scenario with one and two layers. Then Wf’hough below we will allow some of them to be hidden

wil _pres_ent the complete model mclud!ng the two_defor- when analyzing the missing data scenario. Discrete nodes
mation fields and the “sharp” states. This model, with onIyT — (T}T? Tk TK} index the set of transfor-
- 1»+1> tory T

a few states a”f’ both deformation fields, can accurately rEhation matrices used to model the dynamics of the signal.
construct the signal. This paper fully describes the OPErEachN,. x Np transformation matrig’ is of the form:
ation and implementation of this complete model, which

was only described as future work in [6](Reyes-Gomez

frequency

Figure 2: a) Graphical model b) Graphical simplification.

2004).
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Finally, we briefly describe a range of existing applications 0 @ 0 )
including semi-supervised source separation, and discuss 00 @

the model’'s possible application to unsupervised source
separation.

) i.e. each of theV¢ cells at timet predicted by this matrix

2 Spectral Deformation Model is based on the same transformation of cells friom 1,
translated to retain the same relative relationship. Here,

Figure 1 shows a narrow band spectrogram representatiaN- = 3 and is a row vector with lengttiVyy = Np — 2;
of a speech signal, where each column depicts the enisingw = (0 0 1) yields the transformation matrix shown
ergy content across frequency in a short-time window, oiin figure 1. To ensure symmetry along the frequency axis,
time-frame. The value in each cell is actually the log-we constrainNgo, Np and Ny, to be odd. The complete
magnitude of the short-time Fourier transform; in decibels set ofw vectors include upward/downward shifts by whole
ak = 20log(abs( Ny wirlx[r — ¢ - H]e=3277k/Nr)) bins as well as fractional shifts. An example set, containing



eachw vector as a row, is: T} has the following form:

lk—nc,k+n Glk—np,k+n
0 0 0 0 1 g (Rfmekmel el )
o 0 0 .25 .75 g e
0 0 0 75 95 N (Xt[k nc,k+nc]; Ttht[/ilnP,k-&-nP] , E[kfnc,k+nc])
o 0 0 1 o0 4)
0 0 .25 .75 0 ©)
) _ . _ . The diagonal matrix:l*—mc-k+ncl which is learned, has
75 25 0 0 0 different values for each frequency band to account for
1 0 0 0 0 the variability of noise across frequency bands. For the

transformation cliques, the horizontal and vertical transi-

_ _ tion potentialsyy, (TF, TF 1) and e, (TF, TFY), are
The length Ny, of the transformation vectors defines represented by transition matrices.

the supporting coefficients from the previous frame _ _ o
th:nw,kmw] (whereny = (Ny — 1)/2) that can “ex- For ob_s_grved nodesy, mference_ consists in f|nd|r_19
plain” X*. probabilities for each transformation index at each time-

frequency bin. Exact inference is intractable and is ap-

proximated using Loopy Belief Propagation [7, 8] (Yedidia
- 2001,Weiss 2001) Appendix A gives a quick review of
1 transform the loopy belief message passing rules, and Appendix B
Yellow/Orange:

Upward motion presents the specific update rules for this case.

(darker is steeper)
Bloe: _ The transformation map, a graphical representation of the
B e s steepen expectedransformation node across time-frequency, pro-
vides an appealing description of the harmonics’ dynamics
Figure 4: Example transformation map showing corre-2S can be observed in figure 4. In these panels, the links
sponding points on original signal. between three specific time-frequency bins and their corre-
sponding transformations on the map are highlighted. Bin
1 is described by a steep downward transformation, while
bin 3 also has a downward motion but is described by a less
steep transformation, consistent with the dynamics visible
in the spectrogram. Bin 2, on other hand, is described by
a steep upwards transformation. These maps tend to be
robust to noise (see fig 7), making them a valuable repre-
sentation in their own right.

: a)MSignamI C bjTraﬁsforﬁationMab

3 Inferring Missing Data
Figure 5: Graphical representation of the two-layer source- . . . .
filter transformation model. I_f a (_:ertaln region of cells in the spectrogram are missing,
like in the case of corrupted data, the corresponding nodes
in the model become hidden. This is illustrated in figure 3,
For harmonic signals in particular, we have found that awhere a rectangular region in the center has been removed
model using the above set af vectors with parameters and tagged as missing. Inference of the missing values is
Nw = 5, Np = 9 and N¢c = 5 (which corresponds to performed again using belief propagation, the update equa-
a model with a transformation space of 13 different matri-tions are more complex since there is the need to deal with
ces T) is very successful at capturing the self-similarity andcontinuous messages, (Appendix C). The posteriors of the
dynamics of the harmonic structure. hidden continuous nodes are represented using Gaussian

The transformations set could, of course, be learned, but idIStI’Ib.utIO.I’IS, the missing sect_|o_ns on figure 3 .part b.)’ are
llled in with the means of their inferred posteriors, figure

view of the results we have obtained with this predefine part ¢), and d). The transformation node posteriors for

set, we defer the learning of the set to future work. The o : . .

L . o the missing region are also estimated, in the early stages on
results presented in this paper are obtained usindjxad P, . )

. . . the “fill-in” procedure the transformation belief from the
set of transformations described by matrix 3. e .

missing” nodes are set to uniform so that the transforma-

The clique “local-likelihood” potential between the time- tion posterior is driven only by the reliable observed neigh-
frequency binXF, its relevant neighbors in frantgits rel-  bors, once the missing values have been filled in with some
evant neighbors in framee— 1, and its transformation node data, we enable the messages coming from those nodes.



a)Missing Sections b) Fill-in; one layer <) Fill-in; two layers
Figure 6: (a) Spectrogram with deleted (missing) regions. (b) Filling in using a single-layer transformation model. (c)
Results from the two-layer model.

4 Two Layer Source-Filter Transformations  main relatively invariant to high levels of signal corruption;
belief propagation searches for a consistent dynamic struc-

Many sound sources, including voiced speech, can b&ire within the signal, and since noise is less likely to have a
successfully regarded as the convolution of a broad-ban#ell-organized structure, itis properties of the speech com-
source excitationsuch as the pseudo-periodic glottal flow, Ponent that are extracted. Inference in this model is more
and a time-varying resonafitter, such as the vocal tract, complex, but the actual form of the continuous messages
that ‘colors’ the excitation to produce speech sounds ofS €ssentially the same as in the one layer case (Appendix
other distinctions. When the excitation has a spectrum conC). With the addition of the potential function relating the
sisting of well-defined harmonics, the overall spectrum is inSignal X with its transformation component#{ and F}*
essence the resonant frequency response sampled at the fié€ach time-frequency bin:

guencies of the harmonics, since convolution of the source k prk kY _ k. 17k k _k

with the filter in the time domain corresponds to multiply- VX HEFY) = N(XS HE A+ B 07 ®)

ing their spectra in the Fourier domain, or adding in the log-The first row of figure 10 shows the decomposition of a
spectral domain. Hence, we model the log-spe&tras the  speech signal into harmonics and formants components,
sum of variabled” and H, which explicitly model the for- illustrated as the means of the posteriors of the continu-
mants and the harmonics of the speech signal. The sourceus hidden variables in each layer. The decomposition is
filter transformation model is based on two additive layersnot perfect, since we separate the components in terms of
of the deformation model described above, as illustrated imifferences in dynamics; this criteria becomes insufficient
figure 5. Variabled” andH in the model are hidden, while, when both layers have similar motion. However, separa-
as before X can be observed or hidden. The symmetry betion improves modeling precisely when each component
tween the two layers is broken by using different paramehas a different motion, and when the motions coincide, it
ters in each, chosen to suit the particular dynamics of eacls not really important in which layer the source is actu-
component. We use transformations with a larger supporally captured. Figure 6 a) shows the first spectrogram from
in the formant layer §yy = 9) compared to the harmon- figure 10 with deleted regions; notice that the two layers
ics layer (Vi = 5). Since all harmonics tend to move have distinctly different motions. In b) the regions have
in the same direction, we enforce smoother transformatioteen filled via inference in a single-layer model; Notice
maps on the harmonics layer by using potential transitiorthat since the formant motion does not follow the harmon-
matrices with higher self-loop probabilities. An example ics, the formants are not captured in the reconstruction. In
of the transformation map for the formant layer is shownc) the two layers are first decomposed and then each layer
in figure 7, which also illustrates how these maps can reis filled in; the figure shows the addition of the filled-in
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Figure 7: Formant tracking map for clean speech (left panels) and speech in noise (right panels).

3 a) Matching-Tracking Model
Cii Ci2

£l

a) Composed Signall

Figure 8: Left: Graphic model of the matching-tracking model; Right: Entropy Map and Entropy Edges

version in each layer. Q(S;) andQ(C;) are obtained using the belief propagation
rules.Q(C; = 0) is large if egn. 6 is larger than egn. 7. In
5 Matching-Tracking Model early iterations when the means are still quite random, eqn.

6 is quite large, making)(C; = 0) large with the result

Prediction of frames from their context is not always possi-that the explicit states are never used.

ble such as when there are transitions between silence ang prevent this we start the model with large varianges
speech or transitions between voiced and unvoiced speechndo, which will result in non-zero values fa@(C, = 1),

so we need a set of states to represent these unpredictalifd hence the explicit states will be learned.

frames explicitly. We will also need a second “switch” vari- i

able that will decide when to “track” (transform) and when AS We progress, we start to learn the variances by anneal-
to “match” the observation with a state. The first row of INd the thresholds i.e. reducing them at each iteration. We
figure 8 shows a graphical representation of this model. ABt&rt with a relatively large number of means, but this be-
each time frame, discrete variablgsandC, are connected comes much smaller once the variances are reduced; t_he
to all frequency bins in that frame.S; is a uniformly- lower-thresholds then _control the nqmber of states us_ed in
weighted Gaussian Mixture Model containing the meanghe model. The rgsuilt_lng states typically consist of single
and the variances of the states to model. Varigbl¢éakes frames at discontinuities as intended. Figure 9 a) shows
two values: When it is equal to 0, the model is in “tracking 1€ frames chosen for a short speech segment, (the spectro-
mode”; a value of 1 designates “matching mode”. The pogram on f_|gure 3.), the signal can be _regenerate(_j from the
tentials between observation§, harmonics and formants model using the states and both estimated motion fields.

hidden node&” and fk, respectively, and variableg and The reconstruction is simply another instance of inferring
C, is given by:t ' missing values, except the motion fields are not reestimated

ok ok .k vk since we have the true ones. Figure 9 shows several stages
¥ (wf, he's f£,56,Ce = 0) = N (a5 by + f£,0%) () of the reconstruction.

Inference is done again using loopy belief propagation
Defining ¢ as a diagonal matrix, the M-Step is given by:

_ 22(Q(S = 4)Q(Cr = 0)X4)

6 Applications

1T TSQ(S: = )Q(C, = 0)) We have built an interactive m0(_jel_that |mp!ements f_or-
mant and harmonics tracking, missing data interpolation,
>(Q(Ce = 1)(af — (Jf + hp)))? i iti i i
o = =t ¢ t t (8) formant/harmonics decomposition, and semi-supervised
24 (Q(Cr=1)) source separation of two speakers. Videos illustrating the
2 QS = 1)Q(Cy = 0)( Xy — py))? use of this demo are available ahttp://www.ee.

;= Y (Q(S: = /)Q(Cy = 0)) columbia.edu/"mjr59/def_spec.html



e) Reconstruction; Iter.8

a) States b) Reconstruction; Iter. 1 Q) ‘Iv?ecc:nst:ucti‘;n; |ter.3u d) Regons':ru{;on; fn;,,g’
Figure 9: Reconstruction from the matching-tracking representation, starting with just the explicitly-modeled states, then
progressively filling in the transformed intermediate states.

Figure 10: First row: Harmonics/Formants decomposition (posterior distribution means). Row 2: Harmonics/Formants
tracking example. The transformation maps on both layers are used to track a given time-frequency bin. Row 3: Semi-
supervised Two Speakers Separation. a) The user selects bins on the spectrogram that she believes correspond to on
speaker. b) The system finds the corresponding bin on the transformation map. c¢) The system selects all bins whose
transformations match the ones chosen; the remaining bins correspond to the other speaker.

Formants and Harmonics Tracking: Analyzing a signal  Separation: Examples of these have been shown above.
with the two-layer model permits separate tracking of theFeatures for Speech RecognitionThe phonetic distinc-

harmonic and formant ‘ancestors’ of any given point. The,. ; L
: : tions at the basis of speech recognition reflect vocal tract
user clicks on the spectrogram to select a bin, and the SYSiteri o . .
: L N iltering of glottal excitation. In particular, the dynamics of
tem reveals the harmonics and formant “history” of that
. . . : formants (vocal tract resonances) are known to be power-
bin, as illustrated in the second row of figure 10. . . . )
ful “information-bearing elements” in speech. We believe
Semi-Supervised Source SeparatiorAfter modeling the  the formant transformation maps may be a robust discrimi-
input signal, the user clicks on time-frequency bins that apnative feature to be use in conjunction with traditional fea-
pear to belong to a certain speaker. The demo then masksres in speech recognition systems, particularly in noisy
all neighboring bins with the same value in the transfor-conditions; this is future work.
mation map; the remaining unmasked bins should belong
to the other speaker. The third row of figure 10 depicts an . . .
example with the resultant mask and the “clicks” that gen-/ POte_nUa.l Unsupervised Source Separation
erated it. Although far from perfect, the separation is good  Applications
enough to perceive each speaker in relative isolation.

Missing Data Interpolation and Harmonics/Formants ~ The right hand of figure 8 illustrates trentropy of the
distributions inferred by the system for each transforma-



Figure 12: Factor Graph

8 Conclusions

We have presented a harmonic/formant separation and
tracking model that effectively identifies the different fac-

tors underlying speech signals. We show that this model
has a number of useful applications, several of which have

) o already been implemented in a working real-time demo.
Figure 11: First pane shows the composed spectrogramfpe model we have proposed in this paper captures the de-

second and third spectrograms correspond to the individejis of 4 speech signal with only a few parameters, and is

ual sources, vertical lines correspond to the frames learnegd ,romising candidate for sound separation systems that do
as states. Notice how the model captures the switches @fy; rely on extensive isolated-source training data.
dominant speaker.

9 Appendices

A: Loopy Belief Propagation

tion variable on a composed signal. The third pane showél:he sum-product algorithm [9](Kschischang 2001) can be

‘entropy edges’, boundaries of high transformation uncer_used to approximate inference on graphical models with

tainty. With some exceptions, these boundaries corresporl§©PS- The algorithm update rules applied to the factor
to transitions between silence and speech, or when odaPh representation of the model are:
clusion between speakers starts or ends. Similar edgeéiable tolocal function:

are also found at the transitions between voiced and un-

voiced speech. High entropy at these points indicates that Mo () = H My ()
the model does not know what to track, and cannot find a hen(@)\f

good transformation to predict the following frames. These| o4 function to variable:

“transition” points are captured by the state variables when

the M_atching-Tracking model is applied to a composed s_ig- My () = Z f(X) H my—;(y) (10)
nal, figure 11, the state nodes normally capture the first ~z ven(F\e

frame of the “new dominant” speaker. The source sepa-

ration problem can be addressed as follows: When multiwhereX = n(f) is the set of arguments of the functign
ple speakers are present, each speaker will be modeled
its own layer, further divided into harmonics and formants
layers. The idea is to reduce the transformation uncertaintiFigure 12 depicts a section of the factor graph represen-
at the onset of occlusions by continuing the tracking of thetation of our model. Function nodeg® and vF repre-
“old” speaker in one layer at the same time as estimatingent respectively the potential cliques (transition matrices)
the initial state of the “new” speaker in another layer — aty,o, (T, TF ) and .. (TF, TF~1). Function nodep¥,
realization of the “old-plus-new” heuristic from psychoa- which represents the local likelihood potential defined in
coustics. This is part of our current research. eq. 4, is connected ¥ “observation” variables in frame

©)

B Update Rules for the Spectral Deformation Model



t ([xf_"c..xf+"c], nc = (N¢g - 1)/2) and toNp “obser-  The values displayed by the missing data application are
vation” variables in frame — 1. these mean values. The means of the variable to local func-
tion nodes MesSages, ;. (z¥), have the same form as
in equation 13, just subtracting the numerator and denom-
inator factor corresponding to the incoming message from
the corresponding function. Since we use diagonal vari-
ances, parameteys, andy, in 12 are found by concate-
nating the means of the relevant messages . (zh).
" (TF) = (Z hf(TfaTt’&)mT&l—»hhl(Tﬁl)) When using the two Iaygr model, an extra message comes
i ! from the other layer adding extra factors in the numerator
and denominator of equation 13.

When variablesr? are actually observed, only discrete
messages between function nodes vF and variable
nodesT} are required by the algorithm. Applying recur-
sively the above update rules, we obtain the following for-
ward recursion for the horizontal nodes on the grid:

Ttkfl
(XEmekenel glneknel gbyg()
(11)  Acknowledgements

where g(TF) = mx_ 1+ (Ttk)mleHTk (TF). A similar This work was supported by Microsoft Research and by
backward recursion can also be found. The messages f§€ NSF under grant no. 11S-0238301. We want to thank
the vertical chains can be updated through analogous upumit Basu for insightful feedback on this research. Any

ward/downward recursions. opinions, findings and conclusions or recommendations ex-
S _ pressed in this material are those of the author(s) and do not
The message from function nodé to variablex} has the
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