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Abstract Normally, algorithms which processspeed signalsto estimate quantities
of interest (e.g. pitch) or perform various complex operations (e.g. de-
noising) are designeddirectly, by experts, to computing the nal output
from the input represertation using a seriesof processingsteps. Another
approach is to build a probabilistic genemtive model of the input (wave-
form or short time spectra) in which the quantities of eventual interest
are represerted as hidden or latent variables. Estimation then takesthe
form of statistical inference in these models, for which well known al-
gorithms exist. The model parameters themselves can be learned from
example inputs. Often, the results of such inference can be extremely
informativ e even when the trained model does not capture all of the

complexity in the original input data.

In this chapter, we will give seweral examplesof this paradigm, show-
ing how inference in very simple generative models can be usedto per-
form surprisingly complex speed processingtasks including denoising,
sourceseparation, pitc h tracking, timescale modi cation and estimation

of articulatory movemernts from audio.

Keyw ords: probabilistic generative models, inference, time scalemodi cation, pitch
tracking, FO estimation, denoising, sourceseparation, articulatory mod-

eling

Say you want to perform somecomplex speet processingtask. How
should you dewelop the algorithm that you eventually use? Tradition-
ally, you combine inspiration, carefully examination of previous work,
and arduous trial-and-error to invert a sequenceof operations to apply
to the input waveform or short-time spectral represeniation. But there
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is another approad: dream up a \generative model" {a probabilistic
machine which outputs data in the sameform asyour data{in which the
key quartities that you would eventually like to compute appear as hid-
den (latent) variables. Now perform inference in this model, estimating
the hidden quantities. In doing so, the rules of probability will derive
for you, automatically, a signal processingalgorithm. While inference
is well known to the speed comnunity as a decaling step for HMMs,
exactly the sametype of calculation can be performed in many other
models not related to recognition.

This chapter exploresthe use of inferencein three separate models,
and shows how it can be usedto perform surprisingly complex speed
processingtasks including denoising, source separation, pitch tracking,
timescale modi cation and estimation of articulatory movemeris from
audio.

1. A Factorial-MAX Mo del of Log Spectrograms

In this section, we review the astonishing max approximation to log
spectrograms of mixtures, showv why this motivates a \re ltering” ap-
proad to separationand denoising,and then describe how the processof
inferencein factorial probabilistic modelsperformsa computation useful
for deriving the maskingsignalsneededin re ltering. A particularly sim-
ple model, Factorial-Max Vector Quantization (MAXV Q), is introduced
along with a branch-and-bound technique for e cient exact inference
and applied to both additive denoising and monaural separation. Our
approadc represens a return to the ideasof Ephraim, Varga and Moore
(Varga and Moore, 1990) but applied to auditory sceneanalysis rather
than to speed recognition.

Sparsit y & Redundancy in Spectrograms

The sparse nature of the speed code acrosstime and frequency is
one of the key features exploited by many successfulspeet processing
algorithms. Roughly speaking, most low noise narrow frequency bands
carry substartial energyonly a small fraction of the time and thusiit is
rare that two independen sourcesinject large amournts of energy into
the samesubband at the sametime. (Figure 1.1b shows a plot of the
relative energy of two simultaneous talkers in a narrow subband; most
of the time at least one of the two sourcesshows negligible power.)

The speet code is also redundant acrosstime-frequency Dierent
frequencybandscarry, to a certain extent, independert information and
so if information in somebands is suppressedor masked, even for sig-
ni cant durations, other bandscan Il in. (A similar e ect occurs over
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Figure 1.1. (left) Relationship betweenlog of sum and max of logs; eac function's

value is shown using the color scaleindicated in the middle. Signi cant dierences

occur only when e; e and both are large. (right) Relative energy of two sources
in a single subband; few points appear on the diagonal.

time: if brief sectionsof the signal are obscured, even acrossall bands,
the speed is still intelligible; while also useful, we do not exploit this
here.) This is partly why humans perform so well on many monaural
speet separationand denoisingtasks. When we solve the cocktail party
problem or recognizedegradedspeedt, we are doing structural analysis,
or a kind of \p erceptual grouping” on the incoming sound. There is
substartial evidencethat the appropriate subparts of an audio signal for
usein grouping may be narrow frequency bands over short times.

The Log-Max Appro ximation. When two clean speet sig-
nals are mixed additively in the time domain, what is the relationship
betweenthe individual log spectrogramsof the sourcesand the log spec-
trogram of the mixture? Unlessthe sourcesare highly dependen (syn-
chronized), the log spectrogram of the mixture is almost exactly the
maximum of the individual log spectrograms,with the maximum oper-
ating over small time-frequency regions (g. 1.2). This amazing fact,
rst noted by Roger Moore in 1983, comesfrom the fact that unlesse;
and e, are both large and almost equal,log(e1 + &) max(loges;logey)
(g. 1.1a).

The sparsity of the speed code is what makes this approximation
useful in practice, sincethe approximation only breaks down when two
sourcesput a large amount of energy into the same narrow frequency
band at the sametime, which rarely occurs.

Masking and Re ltering. To exploit the redundancy of the speedt
code, we will focus on narrow frequency bands over short times and try
to group these\subparts" of the signal together, basedon whether they
belong to the samesourceor not. If we can collect enough parts that
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Figure 1.2. (top) Log spectrogram of a mixture of two sources. (bottom) Elemen-
twise maximum (within ead time-frequency bin) of log spectrograms of original
sources. The two spectrograms are almost identical, although the bottom one is
an approximation of what the top one ought to look like based on a very simple
combination model.

we are con dent belongtogether, we can discard the rest of the signal
and recover the original sourcebasedonly on the grouped parts.

To generatethese parts computationally, we can perform multiband
analysis{ break the original speedt signal y(t) into many subband sig-
nals b (t) ead ltered to cortain only energyfrom a small portion of the
spectrum. The results of such an analysis are often displayed as a spec-
trogram which shows log energy (using color or grayscale) as a function
of time and frequency (Think of a spectrogram like a musical scorein
which the color or grey level of the ead note tells you how hard to hit
the piano key.)

The basic idea of re Itering (Roweis, 2001; Green et al., 2001) is to
separateor denoisesourceshy selectively reweighting the by (t) obtained
from multiband analysis of the original mixed or corrupted recording.
Crucially, unlike in unmixing algorithms, the reweighting is not constart
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over time; it is cortrolled by a set of masking signals Given a set of
masking signals, denoted (t), a clean sources(t) can be recovered by
modulating the corresponding subband signals from the original input
and summing:

tiey MmERkK
Ty = a0 ply e kO gy (1.1)

estimated source sub-band 1 sub-band K

The (t) are gain knobson ead subbandthat we cantwist over time to
bring bandsin and out of the sourceas needed. This performs masking
on the original spectrogram.! This approad, illustrated in gure 1.3,
forms the basisof many CASA systems(Greenet al., 2001; Brown and
Cooke, 1994). The basic intuition is to \gate in" subbandsdeemedto
have high signal to noise and to be part of the sourcewe are trying to
separateand \gate out" subbandswhen they are deemedto be noisy or
part of another source.

For any speci ¢ choice of masking signals ;(t), re Itering attempts
to isolate a single clean source from the input signal and suppressall
other sourcesand badground noises. Di erent sourcescan be isolated
by choosing a di erent set of masking signals. Although, in general,
masking signals are real-valued, positive quartities that may take on
valuesgreaterthan unity, in practice the (strong) simplifying assumption
that (t) are binary and constart over a timescale of roughly 30ms
can be made. This assumption is physically unrealistic, becausethe
energyin eat small region of time-frequencynever comesertirely from a
single source. Howeer, for small numbersof sources this approximation
works quite well(Roweis, 2001), in part becauseof the e ect illustrated
in gure 1.1b. (Think of ignoring collisions by assumingseparatepiano
playersdo not often hit the samenote at the sametime.) (Re ltering can
alsobe thought of asa highly nonstationary Wiener Iter in which both
the signal and noise spectra are re-estimated at a rate 1= ; the binary
assumptionis equivalert to assumingthat over a timescale the signal
and noise spectra are nonoverlapping.) It is a fortunate empirical fact
that re Itering, ewven with piecewiseconstart binary masking signals,
can cleanly separatesourcesfrom a single mixed recording.?

Multiband grouping as a statistical pattern
recognition problem

Sincere Itering for separation and denoisingis indeed possibleif the
masking signalsare well chosen,the essetial statistical problem is: how
can the (t) be computed automatically from a single input record-
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Figure 1.3. Reltering for separation and denoising. Multiband analysis of the orig-
inal signal y(t) givessub-band signals b (t) which are modulated by masking signals

i(t) (binary or real valued between 0 and 1) and recombined to give an estimated
source s(t).

ing? The goal is to group together regions of the spectrogram that
belongto the sameauditory object (and have high signal-to-noise). For-
tunately, natural auditory signals|esp ecially speet|exhibit a lot of
regularity in the way energy is distributed acrossthe time-frequency
plane. Grouping cueshbasedon these regularities have beenstudied by
psydhophysicists and are hand built into many CASA systems. Cuesare
basedon the idea of suspiciouscoincidences:roughly, \things that move
together likely belongtogether". Thus, frequencieswhich exhibit com-
mon onsets, o sets, or upward/downward sweepsare more likely to be
grouped into the samestream. Also, many real world soundshave har-
monic spectra; so frequencieswhich lie exactly on a harmonic \stack"
are often perceptually grouped together. (Musically, piano players do
not hit keysrandomly, but instead use chords and repeated melodies.)
The approat advocated hereto usestatistical learning methods to dis-
cover theseregularities from a large amount of speet data and then to
usethe learned modelsto compute the masking signals for new signals
in order to perform re ltering.

MAXV Q: Factorial-Max Vector Quan tization. It is often ad-
vantageousto model complicated sensoryobsenations using a humber
of separatebut interacting causes.One generalway to pursuethis mod-
eling ideais to have a xed number M of vector quartizers (or mixture
models), eat of which proposesan output, and then have someway of
conmbining the output proposalsinto a nal obsenation. We can think
of this as a bank of quartizers, which feedtheir chosenprototypesinto
a nonlinear combination box that computesthe nal output. 3

Motiv ated by the obsenation above regarding the max approxima-
tion to log spectrograms of mixtures, we proposesud a model, called
Factorial-Max Vector Quantization (MAXV Q), which usesthe Max op-
eration to combine outputs from the various causes. The model has a
bank of M independen vector quartizers, ead of which stochastically
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selectsa prototype with which to model the obsenation vector. The -
nal output vector is a noisy composite of the set of proposedprototypes,
obtained by taking the elementwise maximum of the set and adding
nonnegative noise. This generative model is illustrated in gure 1.4.
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Figure 1.4. Generative model for the Factorial-MAX model. Each of M quantiz-
ers selectsits z! codebook vector m;, and these are combined using elemertwise
maximum to produce the nal output

The MAXV Q model is useful in situations where there are multiple
\ob jects”, \sources" or \causes" in the world but there is somekind of
occlusion or sparsenesgjoverning how the sourcesinteract to produce
obsenations. For example, as noted above, in clean speet recordings,
the log spectrogram of a mixture of spealers is almost exactly the ele-
mentwise maximum of the log spectrograms of the individual speakers.
For noisy mixtures of speet signals, ead clean speaker and ead noise
source can be thought of as an independent causecontributing to the
obsened signal. We will usethe short-time log power in linearly spaced
narrow frequencybands as our vectors when analyzing speed with this
model. (As another example, in range nding using laser or acoustic
sensors,the distance reading in any direction is the minimum of the
distancesof all objects from the sensorin that direction.)

Formally, MAXV Q is a latent variable probabilistic model for D-
dimensional data vectors x. The model consistsof M vector quartizers,
eah with K, codebook vectors vkm. Latent variableszy, 2 f1:::Knhg
control which codebook vector ead vector quartizer selects. Giventhese
selections,the nal output x is generatedas a noisy version of the el-
emertwise maximum of the selectedcodewords. If we assumethat the
ead vector quartizer choosesits codebook entries independerily with
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xed rates K, then the model can be written as:

P(zmn=Kj ) = Y,‘; m2fl::Mgk2fl:::Kmg

p(z) = P(zm); z=(Z1;::52Zm)
m
ag = argmaxy(vim)
p(Xgjag;Vv; ) = )I\<I+(xdjv;z; ad)
p(xjv; ;) = p(zj )p(xjz;v;)

z

werez, are latent variables,vﬁ1 are the codebook vectors, g arenoise
variances (shared acrossk), and M ; K, are structural size parameters
chosento cortrol complexity. The distribution N * is the positive side
of a Gaussian.

MAXV Q canbe thougat of as an exponertially large mixture of pos-
itive Gaussianshaving ( ~ , Km) componerts, with the mean of eah
componert constrained to be the elemenwise max of someunderlying
parametersv. This technique, of represetting an exponertially large
codebook using a factorial expansionof a small number of underlying
parameters has beenvery in uential and successfulin recert machine
learning algorithms (Jojic and Frey, 2000;Rossand Zemel, 2003).

This model canalsobe extendedthrough time to generatea Factorial-
Max Hidden Markov Model (Roweis, 2001; Varga and Moore, 1990).
There are some additional complexities, and the details of the heuris-
tics used for inference are slightly dierent but in our experiencethe
frame-independert MAXV Q model performs almost as well and so for
simplicity, we will not discussthe full HMM model.

Parameter Estimation from Isolated Sources. Given some
isolated (clean) recordingsof individual speet or noise sources,we can
estimate the codebook meansv, noise variances ¢ and the selection
probabilities ¥ assaiated with the source'smodel by training a mixture
density or a vector quantizer on the columns of a short-time narrowband
log spectrogram. Somecare must be taken in training to properly obey
the nonnegativity assumption on the noiseand to avoid too many code-
book entries (mixture componerts) represening low energy (silent) seg-
ments (which are numerousin the data). Also, it is often advantageous
to represen two or more adjacert (in time) columns of the spectrogram
asa singleinput vector to allow the model to take somesmall advantage
of temporal cortin uity.

Inference for Re ltering. The key idea in this section is that
the processof inference(i.e. deducingthe valuesof the hidden variables
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given the parametersand obsenations) in a MAXV Q model performs a
computation which is extremely useful for computing the masking sig-
nals required to perform re Itering for denoisingor separation. Because
the number of possiblejoint settings of the hidden selection variables
Z is exponertially large, we are usually only interested in nding the

single most likely (MAP) setting of z given x or the N-best settings.
(For unsupervisedlearning and likelihood computations we may also be
interested in e cien tly summing over all possiblejoint settings of z to

compute the marginal likelihood of a given obsenation x.) Computing

theseViterbi settings (or the sum) is intractable either by direct summa-
tion or by naive dynamic programming becauseof the factorial nature of
the model. We must resort to branch-and-bound algorithms for e cien t

decding or elseapproximations (e.g. variational methods) to estimate
likely settings of z.

Once we have computed the MAP (or approximate) setting of z, we
can use this to estimate the re ltering masking signals as follows: for
ead (overlapping) frame of the input spectrogram, set the masking sig-
nal to unity for every frequency at which the output proposedby the
model corresponding to the sourceto be recoveredis the maximum pro-
posal over all models. Other frequencieshave their masksset to zero.
Actual re ltering isthen performedby retaining the phasefrom the spec-
trogram of the original (noisy/mixed) recording, applying the (binary)
masking signalsto the log magnitude of ead frequency and reconstitut-
ing the clean signal using overlap-and-add reconstruction. The window-
ing function usedto compute the original spectrogram must be known
(or estimated) in order to remove its e ect properly during re ltering.

Branc h-and-Bound for E cien t Inference. As discussedabove,
naive computation of the MAP joint settings of the hidden selection
variablesin MAXV Q is exponertially expensiwe. Fortunately, there is a
clever branch and bound trick which can be used,basedon the following
obsenation: if z, = k, we can upper bound the log likelihood we can
achieve on a data casex, no matter what valuesthe other z,05,, take
on. The bound logp(Xjzm = k)  Bmk is constructed as follows (using
constart  for simplicity):

1X D, .
Bmk= 5 [xa Vvmglt logj j log (1.2)
d

where [r]+ takesthe max of zeroand r. The intuition is that either
vK is greater than x along a certain dimensiond of the output, in which
casethe error will be at least (x4 vr';d)2 or elseit is lessthan x along



106 Speech Segregation

dimensiond in which casethe error on that dimension could potertially
be zero.

This bound can be usedto quickly seart for the MAP setting of z
given x as follows. For eadq m 2 f1:::Mgand eathh k 2 f1:::Kng,
compute the bound B k. Initially setthe guessof the bestcon guration
to the settings with the best bounds: z,, = argminy B« and compute
the true likelihood achieved by that guess:” = logp(xjz ). Now, for
eati m 2 f1:::Mg, we can eliminate all k for which B < . In
other words, we can de nitiv ely say that certain codebook choicesare
impossiblefor certain models, independert of what other models choose
becausehey would incur a minimum error worsethat what has already
beenadieved. Now, for eadr m, and for all possiblesettings of k that
remain for that m, systematically evaluate logp(xjz) and if it is lessthan
°, eliminate the setting. If the likelihood is greater than ~ , we accept
it asthe new best setting and resetz and ~ ; we also re-eliminate all
settings of k that are now invalid becauseof this improved bound, and
repeat until all settings have been either pruned or chedked explicitly.
This method is guaranteedto nd the exactMAP setting, but it comes
with no guaranteesabout its time complexity. In practice, however, we
have found it to prune very aggressiely and almost always nd the MAP
con guration in reasonabletime. This technique is illustrated in gure
1.5.

Exp erimen ts with Factorial-MAX VQ

As anillustration of the methods preserned above, we performed sim-
ple denoisingand separation experiments using TIMIT prompts read by
a single speaker and noise (babble) from the NOISEX database. Nar-
rowband spectrogramswe constructed from isolated, clean training ex-
amplesof the speaker and noise. (Signalswere downsampledto 12.5kHz,
frames of length 512 were usedwith Hanning windows and frame shifts
of 64 samples,resulting in one 257-vector of log energiesead 5ms rep-
reserning the signal over the last 40ms.) A simple vector-quartization
codebook with 512 codewords was trained on the speed and one with
32 codewords was trained on the noise. Approximately 5 minutes of
speet (with low energy frames eliminated) and 100 secondsof noise
were used for training. A modied k-meansalgorithm which includes
split-and-merge heuristics for nding good local optima was used. (We
have also experimented with training \scaled" vector quartizers which
cluster onto rays in the input spacerather than on points, although
this technique was not usedin the results below.) The trained models
were then usedto perform MAXV Q inferenceon previously unseentest
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Figure 1.5. Branch and bound inference trick for a factorial-max VQ model with
M = 2 quantizers. For eat codebook selection that quantizer i could make, it is
possibleto compute a bound on the error (lik elihood), regardlessof the choice made
by quantizer j. Similarly, for ead codebook selection that j can make a bound
(independert of i's choice) can be calculated. The current best joint selection of i
and j is instantiated (shown by an x in the diagram), and its true error (lik elihood) is
computed. Any choicesfor either quantizer which are worsethan this already achieved
value are eliminated sincethey cannot possibly be involved in the MAP con guration.

Remaining valid choices are explored, ordered by their bound values (indicated by ?
in the diagram). Once all choices have either been explored or eliminated, we are
guaranteed to have found the MAP con guration.

data, using the branch-and-bound technique. Based on this inference,
re ltering was performed as described above to recover clean/isolated
sources. In the denoising experimert, a 6 secondspeet segmemn was
linearly mixed with 6 secondsof babble noiseat 0dB SNR (equal power).
Figure 1.6 shows the results of denoisingwith MAXV Q and also with
a simple spectral subtraction trained on the sameisolated noise sample
as usedfor the VQ model. For the separation experimert, two di erent
utterances, spoken by the samespeaker, were mixed at equal power and
the speeth model was used (symmetrically) to perform MAXV Q infer-
ence. The results of this monaural separation are showvn in gure 1.7.
Of course,theseresults do not represen state of the art performanceon
either denoisingor separation tasks; they are merely a proof of concept
that the marriage of re Itering and inferencein factorial models can be
usedfor powerful speet processingtasks.
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Figure 1.6. Denoising using MAXV Q. Top row: noisy input, original clean source.
Middle row: spectral subtraction estimate (trained on isolated noise), MAXV Q es-
timate after exact branch-and-bound inference and re ltering (trained on isolated
speedr and noise). Bottom row: proposed codebook output sequencefrom noise
model, proposed codebook output sequencefrom speedi model.

MAXV Q: Discussion, Related & Future Work

We have arguedthat the re Itering approacd to separationand denois-
ing can be successfullyachieved by using the inferencestep in a factorial
model to provide the masking signals. Varga and Moore (Varga and
Moore, 1990) proposeda factorial model for spectrograms (focusing on
the factorial nature and using the log-max approximation) asdid Gales
and Young (Gales and Young, 1996) (focusing on the combination oper-
ation) but thesemodelswere usedfor speed recognition in the presence
of noise only, and not for re ltering to do separation and denoising.
In a seriesof papers, Green et.al. (Green et al., 2001) have studied
masking (re ltering) for denoising, but do not employ factorial model
inferenceas an enginefor nding masking signals. There have alsobeen
seweral approadiesto monaural separation and denoising that operate
mainly in the time domain, without using re ltering or factorial mod-
els. Cauwerberghs (Cauwerberghs, 1999) investigated separation based
on maximizing periodic coherence;Wan and Nelson (Wan and Nelson,
1998) use nonlinear autoregressie networks and extended Kalman |-
tering.
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Figure 1.7. Monaural separation using MAXV Q. Top row: narrowband spectrogram
of mixed input containing two di eren t utterances spoken simultaneously by the same
speaker. Secondrow: original isolated utterances. Third row: MAXV Q estimates of
original utterances after exact branch-and-bound inference and re ltering (trained on
isolated speed, not including this test example). Bottom row: proposed codebook
output sequencefor eact stream.

Our work here and previously(Roweis, 2001) is closestin spirit to
that of Ephraim et.al. (Ephraim et al., 1989) who model speet using a
HMM and noiseusing an AR model and then attempt to approximately
infer the cleanspeed by alternating betweenWiener Itering to nd the
noiseand Viterbi decading in the HMM. Logan and Moreno (Logan and
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Moreno, 1998) also investigated the useof factorial HMMs for modeling
speet and found standard HMMs to be just as good, but they did not
composetheir model using the max of two underlying models; rather
they learned separateparametersfor ead combination of states. Reyes
et.al. (Reyeset al.,, 2003) investigated factorial HMMs for separation
but using multi-c hannel inputs.

The main challengefor future work is to dewelop techniquesfor learn-
ing from only mixed/noisy data, without requiring clean, isolated exam-
ples of individual sourcesor noisesat training time. In a maximum like-
lihood formulation of this purely unsupervisedlearning setup, we would

assumedto bellD, and we attempt to adjust the model parameterssoas
to make the obsened data more likely. Using the view proposedabove,
in which MAXV Q is seenas a very large mixture of Gaussianswith pa-
rameter tying on the means,we can learn the parametersof a MAXV Q
model using the standard EM algorithm for maximum likelihood. How-
ever, this requiressumming over all KM possiblesettings of z explicitly .
If KM is small enoughfor this to be feasible, then this is one possible
way to do learning. Otherwise, approximate inferencetechniques must
be usedto allow tractable computations.

Along this line, we are investigating a technique which gives approx-
imate rather than exact answers but hasa xed and known time com-
plexity. This idea is to introduce a factorized variational distribution
which tries to approximate the true (joint) posterior aswell as possible.
In this setup, we approx&nate the true posterior p(zjx) with a factor-
ized posterior q(zjx) = ~, d(zmjx) and proceedto nd the functions
d(zmjx) which maximize a lower bound on the data likelihood.

2. A Segmental HMM for Speech Waveforms

4

In the following section, we turn our attention to another simple gen-
erative model, this time onewhich operatesdirectly on the speet wave-
form. Pursuing inferencein this model leadsto a purely time domain
approad to pitch processingwhich identi es waveform samplesat the
boundaries between glottal pulse periods (in voiced speed) or at the
boundaries between unvoiced segmets. An e cient algorithm for in-
ferring these boundariesis derived from a simple probabilistic genera-
tive model for segmets, which givesexcellert results on pitch tracking,
voiced/unvoiced detection and timescale modi cation.
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Speech Segments in the Time Domain

Processingof speet signalsdirectly in the time domain is commonly
regardedto bedicult and unstable, dueto fact that perceptually very
similar utterances exhibit very large variability in their raw waveforms.
As aresult, by far the most common preprocessingstep for most speed
systemsis to corvert the raw waveform into a time-frequency represen-
tation, using a variety of spectral analysisand lterbank techniques. In
this sectionwe explore a purely time domain approad to speed process-
ing in which we identify the samplesat the boundariesbetween glottal
pulse periods (in voiced speedt) or at the boundaries betweenunvoiced
segmers of similar spectral shape.

Having identied these segmem boundaries, we can perform a vari-
ety of important low level speed analysis and manipulation operations
directly and corveniertly. For example, we make a voiced/unvoiced de-
cision on eath segmen by examining the periodicity of the waveform
in that segmem only. In voiced segmems we can estimate the pitch as
the reciprocal of the segmen length. Timescale modi cation without
pitch or format distortion can be achieved by stochastically eliminating
or replicating segmetts in the time domain directly. More sophisticated
operations, such as pitch modi cation, genderand voice corversion, and
companding (volume equalization) are also naturally performed by op-
erating on waveform segmeis oneby onewithout the needfor a cepstral
or other such represettation. In e ect, our model chops up the origi-
nal speet wave into natural \atomic" units which can be examinedor
manipulated in very exible ways.

The computational challenge with this approad is in e cien tly and
robustly identifying the segmen boundaries, across silence, unvoiced
and voiced segmems. In this section we describe a segmemal Hidden
Markov Model(Achan et al., 2004), de ned on variable length sectionsof
the time domain waveform, and show that performing inferencein this
model allows us to identify segmem boundaries and achieve excellern
results on the speedt processingtasks described above.

A probabilistic generativ e model of time-domain
speech segments

The goal of our algorithm is to break the time domain speet sig-
a glottal pulse period or a segmemn of unvoiced colored noise. Let

b denote the time index of the beginning of the kth segmen and
Sk = (Sp.;:::;Sh,, 1) denotethe waveform in the kth segmem, where
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elad as a time-warped, amplitude-s@led and amplitude-shiftad version of
the previous sggment We denote the transformation usedto map seg-
mernt sk 1 into segmenm si by Ty.

the previous segmen and the transformation for that segmeit in other
words we assumethe segmetts are generatedby rst order Markov chain:

= P(sdsk 1 10 b Ti): (1.3)
k=1

Each segmen is modeled as a noisy copy of the transformed version
of the previous segmen These assumptionssimplify the inferenceand
estimation algorithm described below. Of course,number of segmets
and the segmem boundariesare unknown and must be inferred from the
speet wave: this inferenceis the main computation performed by our
algorithm.

For concretenesswe assumethat ead successie segmen sy is equal
to a transformed version of the previous segmem, plus isotropic, zero-
mean normal noisewith variance 2. Denoting the transformed version
of segmemn k 1 by Tysk 1, the conditional probability density of sy is:

. 1
P(skisk 10 1001 Ti) = 2) (B BoD) 2
k

(2
1 T :
exp Z—E(Sk Tksk 1) (Sk TSk 1) - (1.4)
The noiselevels 3;:; 2 are estimated automatically by the inference
procedurealong with the segmem boundaries

(As the boundary condition of the Markov chain, we assumethat the
segmen beforethe rst is a vector of all zeros(sg = 0) and hencethe
probability density of the initial segmenisgivenby (2 %) 272 exp( s]s;=2 ?).
We alsoset # equalto the variance of all time-domain samples,since
a priori we do not know what the content of the initial segmen should
be.)

We assumethat the boundariesand transformations are independert,
and that the prior distribution over transformations is uniform on some
bounded set. In our experiments, we parameterize the transformation
by Tk( «; «k; «), where , xand y aretime-warp, amplitude-scaling
and amplitude-shift. We usea prior that is uniform over a 3-dimensional
hypercube that includes all reasonablevaluesfor these parameters.
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Generally the joint prior probability massfunction on segmen bound-

complexity of the inferencealgorithm will depend on the number of al-
lowed con gurations of segmeim boundaries,we usea prior that is non-
zeroonly on an appropriate subsetof con gurations. In particular, we
exploit a very simple heuristic ( rst suggestedoy John Hop eld in 1998)
by restricting segmentsto begin and end only on zerm crossingsof the
signal (or possibly only on upward or downward going zero crossings).
This restriction also allows arbitrary segmets to be relocated beside
ead other and still presene waveform cortinuity, which will be impor-
tant in our later applications. To further restrict the range of inferred
segmehn lengths, we requirethat nmin b bk 1 max, Where nmin
and max are the minimum and maximum segmen lengths, satisfying

max > min > 0. Theseminimum and maximum segmem lengths are
chosento represen the widest possible range of pitch periods we ex-

is otherwise uniform, subject to the above constraints. The number of
segmeis K is alsounknown, and its optimal value is inferred automat-
ically aswell. We assumethat b; = 1 (the rst segmemn beginson the
rst signal sample) and that bc+1 = N + 1 (the last segmen ends on
the last signal sample).

The joint distribution over segmelts, segmen boundariesand trans-
formations can now be written as:

P(TWP(skisk 150 1;b+1:Tk);  (1.5)
k=1

straints on the allowable limits of the time domain scals, amplitude-
domain scaleand amplitude-domain shift are enforcedby {le P(Tk)
although these constraints rarely a ect the optimization.

Using dynamic programming to e cien tly infer
segment boundaries and transformations

Given a time-domain signal, the computational task now at hand is to
determine the segmem boundaries and transformations. Of course,the
number of valid con gurations of the boundary variables is exponertial
in the length of the waveform, soexhaustive seard would be intractable.
Fortunately, the optimal segmemation (which maximizes likelihood, or
equivalertly, minimizes the mismatch penalties) can be found using a
generalizeddynamic programming algorithm.
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Figure 1.8. (top) Input signal; notice the transition from unvoiced to voiced region.
(bottom) Inferred maximum likelihood segmenation found using generalizeddynamic
programming. The upward arrows are usedto mark the inferred segmen boundaries.

First, note that accordingto 1.5, given the boundary variables, the
MAP estimatesof the transformations can be computed locally:

= argrqakle(Tk)P(SkjSk 1, 150G b Tr): (1.6)

In particular, the time-warping is unique and is given by ¢ = (bc+1
b)=(b« b 1). The warpedversionof sy ; is denotedby 8 1 and can
be obtained using standard signal processingiechniquesfor time-domain
interpolation or decimation. Note that whereassy 1 contains by by 1
samples,8¢ ; contains b+1 b samples. The amplitude-domain scale

x and shift  are obtained by performing a least-squaresregressionof
8, 1 onto sy, i.e. by solving

besy b
agmin (8 10)+ G @)
; i=1

where (j) indexesthe elemens of sy and & ;. After optimizing
and |, the estimate of the variance E is set to the argumert in the
above minimization, divided by bc+; b¢. For a given con guration
of by 1;b¢;b+1, we denote the optimal transformation obtained in the
above fashionby T .

Thus, the seart is one over boundary segmen positions, which for
e ciency we constrain to lie only at (just after) zero crossingsof the
waveform. Finding the optimal segmetmation requires performing dy-
namic programming, using a table indexed with two adjacert boundary
points. In order to make the optimization Markovian, we must actually
consideradjacent pairs of boundary points (bx 1;h¢) asthe statesin the
dynamic programming. In particular, we Il in a table C whoseenry
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C(m; n) holds the best possiblelog likelihood of the segmemation end-
ing with the segmen de ned by the m™ zero crossingat its left edge
and the n!" zero crossingat its right edge. We caniteratively Il in this
table forwards for all valuesm < n, by using the following recursion:

C(m;n) = argmiaX[C(m;i) + logP(skjsk 1;0¢ 1= m;be = i; beer = n; Tyl
(1.8)

Segmental HMM Exp erimen ts

We have applied our segmetal inference procedureto clean, wide-
band recordings of single-talker speet, from both males and females
taken from the the Keelepitch referencedataset (Plante et al., 1995)and
from the Wall Street Journal (WSJ) corpus. Dynamic programming was
applied with segmem length thresholds of min=3ms and max=25ms
(corresponding to pitch range of 40Hz-333Hz)to nd the optimal seg-
mertation of the raw waveforms directly.

We can apply the results of our segmen inferencealgorithm to a wide
range of speed processingtasks, as discussedbelown. By replicating
or deleting someor all of the inferred segmens, we can easily achieve
high quality timescalemodi cation without changingthe perceived pitch
or formant structure of the utterance. By examining the periodicity
of eath segmem, we can attempt to distinguish voiced from unvoiced
portions of the waveform. In voicedregions,we candirectly estimate the
pitch by taking the reciprocal of the segmen length. Below, we presen
results on timescale modi cation, voiced/unvoiced discrimination, and
pitch tracking. Other applications such as genderand voice corversion,
compandingand concerthall e ects are alsopossible. We emphasizethat
all the experiments were performed in time domain using the inferred
pitch periods.

Voicing Detection and Pitc h Tracking. For voicing detection
and pitch tracking, we evaluated the estimates obtained using our al-
gorithm using the Keele dataset, since it has ground truth values for
these quartities. (In particular, the Keele data has utterances spoken
by both male and female speakers and includes a referenceestimate for
the fundamental frequency at a resolution of 10ms. Each utterance is
approximately 30 secondslong and the sampling frequencyis 20kHz.)

Once the waveform segmeis are inferred by the algorithm, we can
estimate the periodicity of each segmen in a simple way by comput-
ing the discrete Fourier transform of the segmen waveform and then
reconstructing it using a limited number of Fourier coe cien ts. (This is
illustrated in gure 1.9.)
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Figure 1.9. Simple voicing detection given waveform segmeration. Each segmen
is reconstructed using a small number of Fourier coe cien ts. Segmens whose re-
construction error is below some threshold (and whose energy is above the silence
threshold) are tagged as voiced. Examples above show typical voiced (left) and un-
voiced (right) segmerts and their reconstructions.

Pitch (Hz)

Frequency (kHz)

° |
4
Time (seconds)

Figure 1.10. (top)Pitch estimates using segmertal HMM for a female speaker in
the Keele dataset. Notice that the inferred pitch(red circle) consistertly agreeswith
the referenceprovided (blue plus mark). Further, our approach clearly discriminates
betweenvoiced/unvoiced regions (samples without referenceestimates are unvoiced).
(center) input time domain signal (bottom) spectrogram of input

Since unvoiced regionstend to be much lessperiodic, they will have
a substartially larger reconstruction error than voiced regions and by
selectingan appropriate threshold, we can discriminate between voiced
and unvoiced segmets. Our method was able to correctly identify 87.2
% of the voiced segmelts averagedover all the 10 utterances of males
and femalesin the Keele dataset. In Fig.1.10, the true unvoicedregions
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Figure 1.11. (Midd le and Top)Time domain signal and the corresponding spectro-
gram (Bottom) The spectrogram of the signal is marked with the pitch estimates
obtained using our algorithm (blue marker); for clarity we have marked only the rst
10 integer multiples of the fundamental frequency

are the segmers without any referencepitch showvn, and the unvoiced
regionsdetected by our algorithm are those without estimated pitches.

Pitch tracking is trivially achieved by taking the reciprocal of the seg-
mert lengthsin the voicedregions. Results for a single utterance in the
Keele dataset spoken by a female speaker is shown in Fig.1.10. Pitch
estimatesobtained using our approacd are very consistert with the ref-
erenceestimates; similar performancewas obtained on other utterances
in the datasetaswell. Averagedover 10 utterancesthe median absolute
pitch error was 9Hz.

It is well known that excitation for voiced speet manifests as sharp
bursts at integer multiples of fundamenal frequency In Fig.1.11, we
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Figure 1.12. The spectrogram of time scalemodi ed faster and slower versions of a
signal are shown. The actual time domain operation is shawn on top for a particular
time instant in the spectrogram.

have showvn a few integer multiples of the fundamental frequency of
a signal on its spectrogram using pitch estimates obtained from the

application of our algorithm.

Time Scale Mo di cation. For timescale modi cation experi-
mernts, we have used utterances from the WSJ corpus. Once the seg-
ments are identi ed by our algorithm, we can play the signal twice as
fast by deleting every other segmen and concatenating the remaining
ones;similarly by replicating eat segmemn we can achieve the e ect of
playing the at half the speed(two times slower); this is further illustrated
in Fig.1.12. This approad is substartially di erent from methods suc
as (S. and Wilgus., 1985) that manipulate spectrograms. By doing all
of our operations directly in the time domain we never needto worry
about inconsistert phaseestimates.

Segmental HMM: Discussion & Conclusions

We have presenied a simple segmetal Hidden Markov Model for gen-
erating a speed waveform and derived an e cien t algorithm for approxi-
mate inferencein the model. Applied to an obsened signal, this inference
algorithm operatesertirely in the time domain and is capable of iden-
tifying the boundaries of glottal pulse periods in voiced speet and of
unvoicedsegmets. Usingtheseinferred boundarieswe are ableto easily
and accurately detect voicing, track pitch and modify the timescales.We
are investigating other possibleapplications of the samebasic model, in-
cluding voice conversion, volume equalization and reverberant Itering.
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3. Constrained Hidden Mark ov Mo dels for
Articulatory Mo deling

Structured time-series are generated by systems whose underlying
state variables change in a cortinuous way but whose state to output
mappings are highly nonlinear, many to one and not smooth. Proba-
bilistic unsupervised learning for sud sequencegequires models with
two essetial features: latent (hidden) variables and topology in those
variables.

By thinking of ead state in a hidden Markov model as correspond-
ing to some spatial region of a ctitious topology space it is possible
to naturally de ne neighbouring states of any state as those which are
connectedin that space. The transition matrix of the HMM can then
be constrainedto allow transitions only betweenneighbours; this means
that all valid state sequencesorrespond to connectedpaths in the topol-
ogy space. This strong constraint makesstructure discovery in sequences
easier. We shov how such constrained HMMs can learn to discover un-
derlying structure in complex sequenceof high dimensional data, and
apply them to the problem of recovering mouth movemens from acous-
tics in cortinuous speed. This problem has a long history in speedt
science,and exempli es exactly the sort of structured time seriesanaly-
sis problem discussedabove.

Acoustic
space

Articulatory

space —

Figure 1.13. Can you hear the shape of the mouth? The problem of recovering
articulator motions from acoustics is a classic inversion problem involving physics,
speed scienceand statistical signal processing.
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Constrained HMMs as latent variable models

Hidden Markov models (HMMs) can be thought of as dynamic gen-
eralizations of discrete state static data models sucdh as Gaussian mix-
tures, or as discrete state versionsof linear dynamical systems(LDSSs)
(which are themselesdynamic generalizationsof contin uous latent vari-
able models such asfactor analysis). While both HMMs and LDSs pro-
vide probabilistic latent variable models for time-series, both have im-
portant limitations. Traditional HMMs have a very powerful model of
the relationship betweenthe underlying state and the assaiated obser-
vations becauseead state storesa private distribution over the output
variables. This meansthat any changein the hidden state can cause
arbitrarily complex changesin the output distribution. Howewer, it is
extremely dicult to capture reasonabledynamics on the discrete la-
tent variable becausein principle any state is reachable from any other
state at any time step and the next state dependsonly on the current
state. This allows only \random jump" movemert in the hidden state
space. For example,onewell known di cult vy is that the lifetime of any
single state is distributed according to a decaing exponertial, which
is often an inappropriate distribution for state dwell times. LDSs, on
the other hand, have an extremely impoverished represettation of the
outputs as a function of the latent variables since this transformation
is restricted to be global and linear: a single matrix captures the state
to output mapping and it is applied uniformly regardlessof location in
the state space. But it is somewhat easierto capture state dynamics
since the state is a multidimensional vector of cortinuous variables on
which a matrix \o w" is acting; this enforcessomecortinuity of the la-
tent variables acrosstime. Constrained hidden Markov madels (Roweis,
2000)addressthe modeling of state dynamics by building sometopology
into the hidden state represenation. The essetial idea is to constrain
the transition parametersof a corvertional HMM sothat the discrete-
valued hidden state ewlves in a structured way.® In particular, below
we consider parameter restrictions which constrain the state to ewlve
asa discretized version of a cortin uous multiv ariate variable, i.e. sothat
it inscribesonly connectedpaths in somespace. This lends a physical
interpretation to the discrete state trajectories in an HMM.

An illustrativ e game

Consider playing the following game: divide a sheet of paper into
seweral cortiguous, non-overlapping regions which betweenthem cover
it ertirely. In ead region inscribe a symbol, allowing symbols to be
repeated in dierent regions. Place a pencil on the sheetand move it
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around, reading out (in order) the symbolsin the regionsthrough which
it passes. Add some noise to the obsenation processso that some
fraction of the time incorrect symbols are reported in the list instead
of the correct ones. The game is to reconstruct the con guration of
regionson the sheetfrom only such an orderedlist(s) of noisy symbols.
Of course, the absolute scale, rotation and re ection of the sheetcan
never be recovered, but learning the essetial topology may be possible®
Figure 1.14illustrates this setup.

1,11, 1, 11,...
24(2, 21, 2,...
18, 19, 10, 3,...
2(2,16,16".P
15, 15, 2, B,...

True Generative Map Iteration:030 logLikelihood:-1.9624

Figure 1.14. (left) True map which generatessymbol sequencesby random move-
ment between connected cells. (centre) An example noisy output sequencewith
noisy symbols circled. (righ t) Learned map after training on 3 sequencegwith 15%
noise probabilit y) each 200 symbols long. Each cell actually contains an entire dis-
tribution over all observed symbols, though in this caseonly the upper right cell has
signi cant probabilit y mass on more than one symbol. Only the top three symbols
of eadh cell's histogram are show, with font size proportional to the squarwe root of
probability (to make ink roughly proportional).

Without noiseor repeatedsymbols, the gameis easy(non-probabilistic
methods can solve it) but in their presenceit is not. One way of mit-
igating the noise problem is to do statistical averaging. For example,
one could attempt to usethe averageseparationin time of ead pair of
symbolsto de ne a dissimilarity betweenthem. It then would be possi-
ble to use methods like multi-dimensional scaling or a sort of Kohonen
mapping though time’ to explicitly construct a con guration of points
obeying those distance relations. Howewer, sudh methods still cannot
deal with many-to-one state to output mappings (repeated numbersin
the sheet) becauseby their nature they assigna unique spatial location
to ead symbol.

Playing this game is analogousto doing unsupervised learning on
structured sequences.(The game can also be played with cortinuous
outputs, although often high-dimensional data can be e ectively clus-
tered around a manageablenumber of prototypes;thus a vector time-
seriescan be corverted into a sequenceof symbols.) Constrained HMMs
incorporate latent variableswith topology yet retain powerful nonlinear
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output mappings and can deal with the di culties of noise and many-
to-one mappings mentioned above; so they can \win" our game (see
g. 1.14). The key insight is that the gamegeneratessequencexactly
according to a hidden Markov processwhose transition matrix allows
only transitions between neighbouring cells and whoseoutput distribu-
tions have most of their probability on a single symbol with a small
amount on all other symbols to accourt for noise.

Mo del de nition:  state top ologies from cell packings

De ning a constrainedHMM involvesidentifying ead state of the un-
derlying (hidden) Markov chain with a spatial cell in a ctitious topology
space. This requires selectinga dimensionality d for the topology space
and choosinga packing (such ashexagonalor cubic) which lls the space.
The number of cellsin the pading is equal to the number of states M
in the original Markov model. Cells are taken to be all of equal sizeand
(since the scale of the topology spaceis completely arbitrary) of unit
volume. Thus, the padcking coversa volume M in topology spacewith a
side length ~ of roughly * = M 174, The dimensionality and padking to-
getherde ne avector-valued function x(m); m = 1:::M which givesthe
location of cell m in the packing. (Fog,example,a cubic packing of d di-

(here a mod b denotesthe remainder after dividing a by b). State m in
the Markov model is assignedto to cell m in the pading, thus giving
it a location x(m) in the topology space. Finally, we must choose a
neightourhood rule in the topology spacewhich de nes the neighbours
of cell m; for example, all \connected" cells, all face neighbours, or all
those within a certain radius. (For cubic packings, there are 39-1 con-
nected neighbours and 2d face neighbours in a d dimensional topology
space.) The neighbourhood rule also de nes the boundary conditions
of the space{ e.g. periodic boundary conditions would make cells on
opposite extreme facesof the spaceneighbours with ead other.

The transition matrix ofthe HMM is now preprogrammed to only allow
transitions betweenneighbours. All other transition probabilities are set
to zero, making the transition matrix very sparse.(We setall permitted
transitions to be equally likely.) Now, all valid state sequen@sin the un-
derlying Markov model represent connected (\city block™) paths through
the topology space. Figure 1.15illustrates this for a three-dimensional
model.
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.

6

1 64

Figure 1.15. (left) Physical depiction of the topology spacefor a constrained HMM
with d=3, =4 and M =64 showing an example state trajectory. (righ t) Correspond-
ing transition matrix structure for the 64-state HMM computed using face-cerred
cubic packing. The gapsin the inner bands are due to edgee ects.

State inference and learning

The constrained HMM has exactly the sameinference proceduresas
a regular HMM: the forward-backwad algorithm for computing state
occupation probabilities and the Viterbi decoder for nding the single
best state sequence.Once thesediscrete state inferenceshave beenper-
formed, they can be transformed using the state position function x (m)
to yield probability distributions over the topology space(in the case
of forward-badkward) or paths through the topology space(in the case
of Viterbi decaling). This transformation makes the outputs of state
decdings in constrained HMMs comparable to the outputs of infer-
enceproceduresfor cortinuous state dynamical systemssuc asKalman
smoothing.

The learning procedurefor constrained HMMs is alsoalmost identical
to that for HMMs. In particular, the EM algorithm (Baum-Weld) is
usedto update model parameters. The crucial di erence is that the tran-
sition probabilities which are precomputed by the topology and packing
are never updated during learning. In fact, having a preprogrammed
and xed transition matrix makes learning much easierin some cases.
Not only do the transition probabilities not have to belearned, but their
structure constrainsthe hidden state sequencesn such a way asto make
the learning of the output parametersmuch more e cien t when the un-
derlying data really does come from a spatially structured generative
model. Notice that in this case,ead part of state spacehad only a
single output (except for noise)sothe nal learnedoutput distributions
becameessetially minimum entropy. But constrained HMMs can in
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principle model stochastic or multimo dal output processessince eah
state storesan ertire private distribution over outputs.

Recovery of mouth movements from speech audio

We have applied the constrained HMM approad described above to
the problem of recavering mouth movemeris from the acousticwaveform
in human speed. Data corntaining simultaneous audio and articulator
movemen information was obtained from the University of Wisconsin
X-ray microbeam database (Westbury, 1994). Eight separate points
(four on the tongue, one on ead lip and two on the jaw) located in
the midsaggital plane of the speaker's head were tracked while subjects
read various words, sertences, paragraphsand lists of numbers. The x
and y coordinates (to within about 1mm) of ead point were sampled
at 146Hz by an X-ray system which located gold beads attached to
the feature points on the mouth, producing a 16-dimensional vector
every 6.9ms. The audio was sampled at 22kHz with roughly 14 bits
of amplitude resolution but in the presenceof madine noise.

Trackingg& A
Reference y-axis: 7 bead
BeadPlacement :

__palate i

t.body{1,2}

’ ®Xjaw.molar..'

Figure 1.16. Midsaggital locations of tracking beadsin the University of Wisconsin
X-ray microbeam articulatory dataset.

How do thesedata relate to the generaltask introducedabove? These
data are well suited to the constrained HMM architecture. They come
from a systemwhosestate variables are known, becauseof physical con-
straints, to move in connectedpaths in a low degree-of-freedonspace.
In other words the (normally hidden) articulators (movable structures
of the mouth), whose positions represen the underlying state of the
speed production system® move slowly and smoothly. The obsened
speet signallthe system'soutput|can be characterized by a sequence
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of short-time spectral feature vectors, often known as a spectrogram. In

the experiments reported here, we have characterized the audio signal
using 12 line spectral frequencies(LSFs) measuredevery 6.9ms (to co-
incide with the articulatory sampling rate) over a 25mswindow. These
LSF vectors characterize only the spectral shage of the speed waveform
over a short time but not its energy Averageenergy (also over a 25ms
window every 6.9ms)wasmeasuredasa separateonedimensionalsignal.
Unlike the movemerts of the articulators, the audio spectrum/energy
can exhibit quite abrupt changes,indicating that the mapping between
articulator positions and spectral shape is not smooth. (Compare the
sampling rate of 22kHz for the acousticsignal with 146Hzfor the articu-

lators.) Furthermore, the mapping is many to one: di er ent articulator

con gurations can produce very similar spectra (seebelow).

The unsupervised learning task, then, is to explain the complicated
sequence®f obsened spectral features (LSFs) and energiesas the out-
puts of a systemwith a low-dimensionalstate vector that changesslownly
and smoothly. In other words, can we learn the parameters’ of a con-
strained HMM sud that connectedpaths through the topology space
(state space)generatethe acoustic training data with high likelihood?
Once this unsupervised learning task has been performed, we can (as
shown below) relate the learnedtrajectoriesin the topology spaceto the
true (measured)articulator movemerts.

While many models of the speet production processpredict the
many-to-one and non-smaoth properties of the articulatory to acoustic
mapping, it is usefulto con rm these features by looking at real data.
Figure 1.17 shaws the experimentally obsened distribution of articula-
tor con gurations usedto produce similar sounds. It was computed as
follows. All the acoustic and articulatory data for a single speaker are
collected together. Starting with some sample called the key sample
we nd the 1000 samples\nearest" to this key by two measures: ar-
ticulatory distance, de ned using the Mahalanobis norm between two
position vectors under the global covariance of all positions for the ap-
propriate speaker, and spectral shape distance, again de ned using the
Mahalanobis norm but now betweentwo line spectral frequencyvectors
using the global LSF covariance of the speaker's audio data. In other
words, | nd the 1000 samplesthat \lo ok most like" the key sample
in mouth shape and that \sound most like" the key samplein spectral
shape. we then plot the tongue bead positions of the key sample (as a
thick cross), and the 1000 nearest samplesby mouth shape (as a thick
ellipse) and spectral shape (as dots). The points of primary interest are
the dots; they show the distribution of tongue positions usedto gener-
ate very similar sounds. (The thick ellipsesare shonvn only as a cortrol
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to ensurethat many nearby points to the key sample do exist in the
dataset.) Spreador multimo dality in the dots indicates that many dif-
ferent articulatory con gurations are usedto generatethe same sound.
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Figure 1.17. Inversemapping from acousticsto articulation is ill-p osedin real speed
production data. Each group of four articulator-space plots shows the 1000 samples
in the entire dataset which are \nearest" to one key sample (thic k cross). The dots are
the 1000 nearest samples using an acoustic measure based on line spectral frequen-
cies. Spread or multimo dality in the dots indicates that many di erent articulatory
con gurations are used to generate very similar sounds. Only the positions of the
four tongue beadshave beenplotted. Four examples (with dierent key samples) are
shown, one eact group of four panels. The thick ellipses (shown as a control) are
the two-standard deviation contour of the 1000 nearest samplesusing an articulatory
position distance metric.

Why not do direct supervised learning from short-time spectral fea-
tures (LSFs) to the articulator positions? The ill-p osednature of the
inverse problem as shavn in gure 1.17 makes this impossible. To il-
lustrate this di cult y, we have attempted to recover the articulator po-
sitions from the acoustic feature vectors using Kalman smoothing on a
LDS. In this case,since we have accessto both the hidden states (ar-
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ticulator positions) and the systemoutputs (LSFs) we can compute the
optimal parametersof the model directly. (In particular, the state tran-
sition matrix is obtained by regressionfrom articulator positions and
velocities at time t onto positions at time t+ 1; the output matrix by
regressionfrom articulator positions and velocities onto LSF vectors;
and the noise covariancesfrom the residuals of theseregressions.) Fig-
ure 1.18b shows the results of such smoothing; the recovery is quite
poor, even when the test utterance is included in the training set used
to estimate model parameters.

Recovery of tongue tip vertical motion from acoustic
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Figure 1.18. (A) Recovered articulator movemerts using state inference on a con-
strained HMM. A four-dimensional model with 4096 states (d=3, =6, M =216) was
trained on data (all beads) from a single speaker but not including the test utter-
ance shown. Dots show the actual measuredarticulator movemerts for a single bead
coordinate versustime; the thin lines are estimated movemernts from the correspond-
ing acoustics. (B) Unsuccessful recovery of articulator movemerts using Kalman
smoothing on a global LDS model. All the (speaker-dependert) parameters of the
underlying linear dynamical system are known; they have beenset to their optimal
values using the true movemert information from the training data. Furthermore,
for this example, the test utterance shown was included in the training data used to
estimate model parameters. (C) All 16 bead coordinates; all vertical axes are the
same scale. Bead names are shown on the left. Horizontal movemerts are plotted in
the left-hand column and vertical movemerts in the right-hand column. The separa-
tion betweenthe two horizontal lines near the centre of the right panel indicates the
machine measuremen error.
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Constrained HMMs can be applied to this recovery problem, as previ-
ously reported (Roweis and Alwan, 1997). (Earlier results useda small
subsetof the samedatabasethat wasnot cortinuous speet and did not
provide the hard experimental veri cation (g. 1.17) of the many-to-one
problem.)

The basic idea is to train (unsupervised) on sequencesof acoustic-
spectral features and then map the topology space state trajectories
onto the measuredarticulatory movemeris. Figure 1.18 shonvs move-
mernt recovery using state inferencein a four-dimensional model with
4096 states (d=4, =8, M =4096) trained on data (all beads)from a sin-
gle speaker. (Naive unsupervisedlearning runs into sewere local minima
problems. To avoid these,in the simulations showvn above, models were
trained by slowly annealing two learning parameterst®: a term was
usedin place of the zerosin the sparsetransition matrix, and ; was
usedin place of ; = p(mjobsewations) during inference of state oc-
cupation probabilities. Inversetemperature was raised from 0 to 1.)
To infer a continuous state trajectory from an utterance after learning,
we rst do Viterbi decaling on the acousticsto generatea discrete state
sequenceam; and then interpolate smoothly betweenthe positions x (my)
of eath state.

After unsupervisedlearning, a single linear t is performed between
thesecontinuous state tra jectories and actual articulator movemerns on
the training data. (The model cannot discover the units system or
axes used to represen the articulatory data.) To recover articulator
movemerns from a previously unseentest utterance, we infer a cortin u-
ous state trajectory as above and then apply the single linear mapping
(learned only oncefrom the training data).

Constrained HMMs for Articulatory  Data:
Conclusions, extensions and related work

By enforcing a simple constraint on the transition parameters of a
standard HMM, a link can be forged between discrete state dynamics
and the motion of a real-valued state vector in a cortinuous space. For
complex time-seriesgeneratedby systemswhoseunderlying latent vari-
ablesdo in fact change slowly and smoothly, such constrained HMMs
provide a powerful unsupervised learning paradigm. They can model
state to output mappings that are highly nonlinear, many to one and
not smooth. Furthermore, they rely only on well understood learning
and inferenceproceduresthat comewith corvergenceguaranees.

Resultson synthetic and real data show that thesemodelscansuccess-
fully capture the low-dimensional structure preseri in complex vector



Chapter 8: Automatic Speech Processingby Probabilistic Inference 129

time-series. In particular, we have showvn that a speaker dependert con-
strained HMM can accurately recover articulator movemerns from con-
tinuous speed to within the measuremen error of the data. This acous-
tic to articulatory inversionproblem hasa long history in speet process-
ing (seee.qg.(Sdroeter and Sondhi, 1994) and referencegherein). Many

previous approadies have attempted to exploit the smoothnessof artic-

ulatory movemerts for inversion or modeling: Hogden et.al (e.g. (Nix

and Hogden, 1999)) provided early inspiration for these ideas, but do
not addressthe many-to-one problem; Simon Blackburn (Blackburn and
Young, 1996) has investigated a forward mapping from articulation to

acousticsbut doesnot explicitly attempt inversion; early work at Water-

loo (Ramsay and Deng, 1994) suggestedsimilar constraints for improv-

ing speed recognition systemsbut did look at real articulatory data,

more recert work at Rutgers (Chennoukh et al., 1997) dewveloped a very
similar system much further with good success. Perpiran (Carreira-

Perpinan, 2000), considersa related problem in sequencdearning using
EPG speet data asan example.

While in this sectionwe have described only \di usion" type dynam-
ics (transitions to all neighbours are equally likely) it is also possible
to considerdirected ows which give certain neighbours of a state lower
(or zero) probability. The left-to-right HMMs mentioned earlier are an
example of this for one-dimensionaltopologies. For higher dimensions,
o ws can be derived from discretization of matrix (linear) dynamics or
from other physical/structural constraints. It is also possibleto have
many connectedlocal ow regimes (either di usiv e or directed) rather
than one global regime as discussedabove; this givesrise to mixtures
of constrained HMMs which have block-structured rather than banded
transition matrices. Snmyth (Smyth, 1997) has consideredsuch models
in the caseof one-dimensionaltopologiesand directed ows; we have
applied these to learning character sequencedrom English text. An-
other application | have investigated is map learning from multiple sen-
sor readings. An explorer (robot) navigatesin an unknown environment
and records at ead time many local measuremets suc as altitude,
pressure,temperature, humidity, etc. We wish to reconstruct from only
these sequence®f readings the topographic maps (in eat sensorvari-
able) of the area as well as the trajectory of the explorer. A nal ap-
plication is tracking (inferring movemerts) of articulated bodies using
video measuremets of feature positions.

GLOSSAR Y
HMM Hidden Markov Model.
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spectrogram  Log periodogram showing the absolute value of short-
time Fourier transforms of the original signal.

inference  The processof estimating the conditional distribution of
hidden (latent) variables in a model given the obsened values and
the model parameters.

generativ e model A stochastic madchine which outputs data in the
form of the data we are trying to analyze, whose behaviour is con-
trolled by a set of tuneable parameters.

hidden (laten t) variables Quantities such as hidden factors, states
in a Markov chain or cluster assignmets which are usedin statistical
models to explain complex variability in obsened data but are not
measureddirectly.

4. Summary

In this chapter, we have explored the use of inferencein probabilistic
generative models as a powerful signal processingtool for speed and
audio. The basic paradigm explored was to designa simple model for
the data we obsene in which the key quartities that we would evertu-
ally like to compute appear as hidden (latent) variables. By executing
probabilistic inferencein such models, we automatically estimating the
hidden quartities and thus perform our desiredcomputation. In a sense,
the rules of probability derive for us, automatically, the optimal signal
processingalgorithm for our desiredoutputs given our inputs under the
model assumptions. Crucially, even though the generative model may
be quite simple and may not capture all of the variability presen in the
data, the results of inferencecan still be extremely informativ e.

We gave se\eral examplesshowing how inferencein very simple gener-
ative modelscanbeusedto perform surprisingly complexspeed process-
ing tasksincluding denoising,sourceseparation, pitch tracking, timescale
modi cation and estimation of articulatory movemens from audio.
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Notes

1. An equivalent operation can be performed in the frequency domain by making a
conventional spectrogram of the original signal y(t) and modulating the magnitude of each
short time DFT while preserving its phase: sW( )= F 1f WkFfyY( )gk&Ffy“( )gg
where s¥( ) and yW( ) are the wi windows (blo cks) of the recovered and original signals,
[ is the masking signal for subband i in window w, and F[] is the DFT.
2. This can be demonstrated arti cially by taking seweral isolated sourcesor noises and
mixing them in a controlled way. Since the original components are known, an \optimal" set
of masking signals can be computed. For example, we might set ;(t) equal to the ratio of
energy from one source in band i around times t to the sum of energies from all sources
in the same band at that time (as recommended by the Wiener lter) or to a binary version
which thresholds this ratio. Constructing masks in this way is, of course, not possible when
we are confronted with an unknown mixture or corrupted signal, but it can be useful for
generating labeled training data for use by a statistical learning system, as discussed below.
3. Many variations on this basic theme are possible: if the nal observation is obtained by
stochastically selecting one of the proposed output vectors, then this becomesa \mixture of
mixtures” which reducesto a large at mixture model or quantizer with a number of
codebook entries equal to the product of the codebook sizesof the constituent quantizers.
In Zemel's Cooperativ e Vector Quantization (CV Q) model (Hinton and Zemel, 1994), the
prop osals are combined linearly (either with the same coe cien ts across all dimensions or
with dieren t coe cien ts on each dimension) to produce the nal output for each case.
Zemel has also proposed a di eren t model, called Multiple-Cause Vector Quantization
(MCV Q) (Ross and Zemel, 2003); in MCV Q each component (dimension) of the observation
vector also stochastically selects which vector quantizer is to provide its value. Each
observation is then a noisy composite of the prop osed values from eac vector quantizer.
This is like a mixture of mixtures but where each dimension makes a separate choice about
which mixture to select. MAXV Q has similarities to each of MCV Q and CVQ. Unlik e
MCV Q, in MAXV Q the composite is not made by having eact output dimension select a
quantizer. Similar to CVQ there is a single xed function which is applied to the proposed
vectors from eac quantizer to generate the nal output. However, in CVQ this function
implements a weighted sum, while in MAXV Q it implements an elemerntwise maximum.)
4. Much of the work described in this section was performed in collaboration with Kannan
Achan at the Univ ersity of Toronto.
5. A standard trick in traditional speed applications of HMMs is to use \left-to-righ t"
transition matrices which are a special case of the type of constraints investigated in this
section. However, left-to-righ t (Bakis) HMMs force state tra jectories that are inherently
one-dimensional and uni-directional whereas here we also consider higher dimensional
topology and free omni-directional motion.
6. The observed symbol sequencemust be \informativ e enough" to reveal the map
structure (this can be quanti ed using the idea of persistent excitation from control theory).
7. Consider a network of units which compete to explain input data points. Each unit has
a position in the output spaceas well as a position in a lower dimensional top ology space.
The winning unit has its position in output space updated towards the data point; but also
the recent (in time) winners have their positions in top ology spaceupdated towards the
top ology space location of the current winner. Such a rule works well, and yields
top ological maps in which nearby units code for data that typically occur close together in
time. However it cannot learn many-to-one maps in which more than one unit at dieren t
top ology locations have the same (or very similar) outputs.
8. Articulator positions do not provide complete state information. For example, the
excitation signal (voiced or unvoiced) is not captured by the bead locations. They do,
however, provide much imp ortant information; other state information is easily accessible
directly from acoustics.
9. Model structure (dimensionalit y and number of states) is set using cross validation.
10.An easier way (which we have used previously) to nd good minima is to initialize the
models using the articulatory data themselves. This doesnot provide as impressive
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\structure discovery" as annealing but still yields a system capable of inverting acoustics
into articulatory movements on previously unseen test data. First, a constrained HMM is
trained on just the articulatory movemerts; this works easily becauseof the natural
geometric (physical) constraints. Next, we take the distribution of acoustic features (LSFs)
over all times (in the training data) when Viterbi decoding places the model in a particular
state and use those LSF distributions to initialize an equivalent acoustic constrained HMM.
This new model is then retrained until convergence using Baum-W elch.
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