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ABSTRACT

The performance of automatic speech recognition (ASR) systems degrades greatly when speech is cor-
rupted by noise. Missing feature methods attempt to reduce this degradation by deleting components of a
time-frequency representation of speech (such as a spectrogram) that exhibit low signal-to-noise ratio
(SNR). Recognition is then performed using only the remaining components of the incomplete spectro-
gram. These methods have been shown to result in recognition accuracies that are very robust to the effects
of additive noise. However, conventional missing feature methods, which modify the classifier used to per-
form the recognition, suffer from the drawback that they are constrained to use the log-spectral vectors of
the spectrogram as features for recognition. It iswell known recognition systems that use log-spectral fea-

tures perform poorly compared to systems that use cepstral features.

In this thesis we propose two new approaches that recast the missing feature paradigm as a data com-
pensation problem, by reconstructing missing elements to obtain complete spectrograms. In the first
approach, referred to as cluster-based reconstruction, incoming log-spectral vectors from clean speech are
clustered. Missing spectrographic features from noisy data are recovered by first identifying the closest
cluster based on the vaues of the features that are present, and then estimating the missing values using
MAP procedures. The second approach, referred to as covariance-based reconstruction, uses MAP proce-
dures to estimate the value of the missing components of the spectrogram based on their correlations with
the elements that are present. Both methods take into account the bounds on the clean spectrogram
imposed by additive noise. In either case, cepstral features are computed from the reconstructed spectro-

grams and used for recognition without any modification of the speech recognition system.

When corrupt regions of the spectrogram are known a priori, recognition accuracies resulting from
reconstruction methods are seen to be much higher than those obtained with the best current missing fea-
ture methods based on modification of the recognition system. The proposed spectrogram reconstruction

methods are also computationally less expensive than the best conventional missing feature methods.

We also propose two methods that attempt to identify corrupt regions of the spectrographic representa-
tions of incoming speech. The first method utilizes noise spectrum estimates of vector Taylor series (VTS)
compensation for noise-corrupted speech, while the second method treats the identification task as a clas-

sic Bayesian classification problem. Combination of the best method to identify corrupt regions with the
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best method to reconstruct them produces recognition accuracies better than any other known algorithm for
speech in additive white noise. We also observe significant improvement in recognition accuracy for
speech in the presence of background music if the locations of corrupted spectrographic regions are known

apriori, but we have been less successful in blind identification of these corrupt regions for these signals.



Acknowledgements. v

Acknowledgements

During the course of thisthesis | have accumulated a great debt of gratitude to a great many people:

My advisor, Richard Stern, who has been immensely supportive and has guided me through every prob-
lem I've encountered with patience, wisdom, and knowledge, and who has been the single greatest influ-

ence on this thesis,

My friends Pedro and Evandro, who have been there for me at various tichesbdf both materially

and in spirit,
Rita, who | was forever turning to for her insights into my problem and for clarification of concepts,
Uday and Vipul, whose company arehdy wit lightened many a heavy hour at work,

Ravi Mosur and Eric Thayer, formerly of the speech group in CMU, who developed the sphinx recogni-

tion system, and have always been forthcoming with their advice and help on matters related to the system,

My friends from an earlier life - Krishnan, who taught me all | know about speech recognition, Chakra,
who gave me my first lessons on professionalism, Alok, who taught me to question the most mundane of

statements, and Saravanan, who taught me to appreciate the meaning of mathematical symbols,
Mike, Carol, and Jon, who helped me greatly in arranging my defense,

Dr. Jordan Cohen, Dr. John Hampshire, and Dr. Raj Reddy, for being kind enough to serve on my thesis

committee,
Many others who space, time, and memory will not permit me to list individually -
To all these people | owe the body of this thesis.

But my greatest debt of gratitude is to those pillars of my life, who have believed in me, supported me,
encouraged me, and have been there for me at every bend of the road, every day of my life: my parents and

my sister.

To them | owe the soul of this thesis, and the soul of every other thesis that might have been had | cho-

sen a different walk in life.



Table of Contents. vi

Table of Contents

AB ST RA CT I
ACKNOWIEdgEMENtS . .. %
Table of CoNteNtS .. ... o Vi
LISt Of FIQUIES . IX
GloSSary Of TBIMS .o XXl
Algorithm tree ... XXVi
Chapter 1
INErOdUCTION . . e 1
What thisthesisisabout . . . . . . . . . . . . . . . . ... e
Chapter 2
Background Information . .......... . 6
2.1 Introduction . . . . . . . ..o C e e e 6
2.2 Overview of Automatic Speech Recognition (ASR) systems . . . . . . . . . . . . . . 6
2.2.1 HMM-based modeling of the distributions of sequence of vectors . . . . . . . . . . 7
2.3 The effect of noise on speech recognitionsystems . . . . . . . . . . . . . I
2.4 Incomplete DataMethods . . . . . . . . . . . . . . .. C e . . ... ... . 18
2.5 Statistical methods for estimating missingdata. . . . . . . . . . i |
2.5.2 Minimum Mean Squared Error (MMSE) estimation . . . . . . . . . . . . .. 22
2.5.3 Maximum Likelihood (ML) estimation. . . . . . . . . . . . . .. ... 22
2.54 Maximum A-Posteriori (MAP) estimation . . . . . . . . . . . . . ... L. 22
26Summary ... oL L L e e e e e s e e e 25
Chapter 3
Modeling the effect of noiseasmissingfeatures ............. ... .. 26
3.lintroduction . . . . . . . . L. e .. .. ... 26
3.2TheSpectrogram . . . . . . . . . . . . . . .. e e e e e e ... .. 26
3.3 Effect of noise on the spectrogram . . . . . . . . . . . . 242
3.4 Modeling the effect of n0|seasm|$mgfeaturesmthespectrogram ..... R i §
358ummary .. . L L 34
Chapter 4
Recognizing speech with incomplete spectrograms . ..., 35
41 Introduction . . . . . . L. L L R 1<)
4.2 Class-conditional imputation . . . . . . . . . . . . . .. < Y
4.3 Marginalization . . . . . . . . . .. ..o N 1
44 Experimental results . . . . . .. L Lo Lo e
4.5 Drawbacks with classifier modificationmethods . . . . . . . . . . . . . . . . .. 45
Chapter 5
Spectrogram reconstruction methodsfor missingdata ............................. 49
5.1 Introduction . . . . . . . . . ..o < [¢)

5.2 Geometrical reconstructionmethods . . . . . . . . . . . . . . . . ... ... 51



Table of Contents. vii

5.2.1Linear interpolation . . . P < Y I
522NonllnearlnterpolatlonW|thponnomlaIfunctlons P 7
5.2.3 Nonlinear interpolation with rational functions. . . . .. . .. 56
5.2.4 Experimental results with interpolation based estimation of mlssmg pomts .. . .. 58
5.2.5 Geometrica reconstruction methods: summary and conclusion . . . 63
5.3 Cluster-based reconstruction: statistical reconstruction using distributions of uncorrupted spectral
vectors . . . . .. 64
5315mg|ec|uster ba%d reconstructlon modellngthedlstrlbutlon Wlth asnglecluster . . 68
5.3.1.1 Experimental results with asingle cluster based reconstruction . . . . . . . . . 69
5.3.1.2 Discussion and analysis of experimental results . . . . . . . . . . . .. .. 71
5.3.2 Multiple cluster based reconstruction . . . e e . . ... . T3
5.3.3 Oracle experiments with perfect knowledge of cIuster membershrp Coe 76
5.3.4 Cluster Marginal Reconstruction: Identifying cluster membership based on observed compo-
nentsalone . . . . Y £°)
5341Exper|mentalevaluat|on .o P = 0
535Clustermembershlpestlmatronwrthprelrmmaryestrmates P = 74
5.3.5.1 Preliminary estimate by frequency interpolation . . . . . . . . . . . . . .. 8
5.3.5.2 Preliminary estimate by timeinterpolation . . . . . . . . . . . . . .. .. 85
5.3.6 Cluster- basedreconstructionmethodssummary P = 14
5.4 Covariance-based reconstruction . . . P =1
541Reconstructmgmlssngelementsmdlwdually O * |
5.4.2 Jointly recongtructing all missing elementsinavector . . . . . . . . . . . . . . 98
5.4.3 Experimental results with covariance based reconstruction . . . . . . . . . . . .100
5.5 Comparison with classifier-compensation techniques . . . . . . . . . . . . . . . .102
5.6 Theshort list of useful methods. . . . . . . . . . . . . . .. . ... ... ..10
5.7 Summary andconclusions. . . . . . . . . . . . . . . . ... . ... ....106
Chapter 6
Missing feature methodsand noisy speech . ... i 108
6.1 Introduction . . . . o . . . . .. 108
6.2 Performance of mlssng feature methodson speech corrupted by noise . . . . .. .. .11
6.2.1 Obtaining the optimal threshold . . . . . . . . . . . . . . ... ... ..111
6.2.2 Performance on noisy speech spectrograms . . . . <
6.2.3 Computationa complexity of incomplete spectrogram methods. e 1)
6.3 Summary andconcluson . . . . . . . . . . . . . . . . . . . . ... ....118
Chapter 7
Recognition using spectrogramswith unreliabledata ............................. 120
7.1 Introduction . . . P 0210
7ZBoundedMAPest|mat|on.... P 122
7.3 The effect of additive noise on spectrograms Co . 125
7.4 Classifier modification methods: Recognizing speech d| rectly Wlth unrellable spectrograms 127
7.4.1 Class-conditional imputation of unreliable regionsin spectrograms . . . . . . . . 128
7.4.2 Marginalization of unreliable regionsin spectrograms . . . . . . . . . . . . . .129
7.5 Compensating the data: spectrogram reconstructionmethods . . . . . . . . . . . . . 130
7.5.1 Geometric estimation of unreliable spectrographic components . . . . . . . . . . 131
7.5.2 Cluster-based recongtruction of unreliableregions . . . . . . . . . . . . . . .132
7.5.2.1 Bounded marginaization based estimation . . . . . . . . . . .. . ... .134
7.5.2.2 Preliminary estimate based estimation . . . 115

7.5.3 Covariance-based reconstruction of unrelrablereglons P (4]



Table of Contents. viii

7.5.3.1 Estimation of individual unreliable elementsin aspectrogram . . . . . . . . . . 137
7.5.3.2 Joint estimation of all unreliable elementsin a spectral vector . . . . . . . . . . 137
7.6 Experimental results . . . . . . . . . . . . . . . . . . . . . . .. .. ...138
7.6.1 Recognitionusinglogspectra . . . . . . . . . . . . . . . . ... ... 0139
7.6.2 Recognition using cepstra . . . . A 7
7.6.3 Computationa complexity of bounded methods P S
7.7 Improving the reliability of thereliable regions of spectrograms . . . . . . . . . . . . 144
7.8 Recognition of speech corrupted with non-stationary noises . . . . . . . . . . . . .148
79 Summaryandconclusons . . . . . . . . . . L L ... oo o000 149
Chapter 8
Estimating the locations of corrupt regionsin SPECLrograms ..........c.ooeienniinnnn. 152
8.1 Introduction . . . P 5722
82Theeffectoferrorsmmaskestlmatlon Coe e e e e e e o . . . . . .153
8.3 Estimating spectrographic masks using spectral subtract|on S . e o o . . .. 155
8.3.1 Experimental results with spectral-subtraction-based mask est|mat|on .. . ... .156
8.4 Estimating spectrographic maskswith VTS . . . . . . e e e+ . . . . . . . .158
8.4.1 Experimental resuItSW|thVTS-basedmaskest|mat|on P X X
8.5 Estimating spectrographic masks using aclassifier . . . . P [ X
8.5.1 Experimental results with classifier- basedmaskesﬂmanon 615}
8.5.1.1 Experimentswith whitenoise. . . . . . . . . . . . .. . . ... .. ..165
8.5.1.2 Experimentswithmusic . . . . . . . . . . . . . . ... ... .. ...166
8.6 DiscussonandConclusons . . . . . . . . . . . . . . . .. .. ... ... .168
Chapter 9
Summary and CONCIUSIONS . . . ..ottt e e 171
9.1 Summary of major results and contributions. . . . . . . . . . . . . ... .. ..1711
9.2 Reconstruction of missingregions. . . . . . . . . . . . . . . . . . .. ... 172
9.2.1 Discussion . . . . N £
922Relatlvemerltsofthereconstruct|ontechn|ques e A Y £
9.3 Identification and deletion of the noisy regmnsofthespectrograms Y €53
9.4 Topicsfor further investigation . . . . . . . . . . . . . . . . . . .. ... ..A77
9.5 Someremainingquestions. . . . . . . . . . . . . . . . ... . ... ....18
9.6 Futuredirections . . . . . . . . . . . . . . ... 0o
Appendix A
Derivation of selected statistical relationships ........... ... i, 183
A.1 Mean Squared Error (MSE) of an MAP estimate . . . . . . . . . . . . . . . . . .183
A.2 MSE increases aslength() increases . . . . ... . . 184
A.3 Average distanceto closest element in an mcompl ete spectrogram W|th random elements missing,
asafunction of thedrop fraction . . . . ... . .18
A.4 MSE of MAP estimates increases with decreas ng covariance between the estl mated and condl
tioningvariables . . . . . . . . . . . . . . . . . . . . . .. . ... .....186
Appendix B
Iterative procedurefor joint bounded MAP estimation . ....................coou... 188

RE B ONCES . . . 190



List of Figures. iX

List of Figures

Figure 2.1 Example of a5 state HMM with one non-emitting initial state, and a non-emitting terminating

state. Each of the circles represents a state. The arrows represent valid transitions from the state, and the

numbers below the arrows represent the probability of that transition. For example, the arrows from state 1

indicate that if the generator isin state 1 at timet, at time t+1 it can be in state 1 with probability 0.5, state

2 with probability 0.3 and state 3 with probability 0.2. The dotted arrows point to the state distributions as-

sociated with that state. An observation is drawn from this distribution every time the generator visits the

state. Theinitial state (state 0) and the terminating state (state 4) have no state distributions associated with

them, and no data are generated when the generator isin these states. Note that in thisfigure all transitions

point left to right. In a more generic HM M, transitions may occur in any direction, from any state to any
otherstate.. . . . . . . . . . . . . . . . . . ..., .8
Figure 2.2 Example of constructing the HMM for asequence of wordsfrom the HMMs of individual words.

The non-emitting terminating state of any word is merged with the non-emitting initial state of the next

word. The merged stateisno longer aninitial state or aterminating state. However, it remains non-emitting,

and no state distribution is associated with it. The resulting HMM has a non-emitting initial state, a non-

emitting terminating state and several intermediate non-emitting statesaswell. . . . . . . . . . .9

Figure 2.3 Recognition accuracy as afunction of the signal-to-noise ratio of the speech being recognized.

The lower curve represents a “mismatched” recognizegrevthe reggnition system has been trained on
clean speech, but the test speech is noisy. The upper curve represents a “matched” recognizer, where the
recognition system has been trained with speech that has been subject to the same level of noise as the test
speech. . . . . . . . . L L . L L ..o i e oL 18
Figure 2.4a Recognition accuracy obtained with speech corrupted by white noise, and speech corrupted by
a segment of music, atvariousSNRs. . . . . . . . . . . . . . . . . . . . ....15

Figure 2.4b Relative improvement in recognition error rate obtained by applying CDCN compensation to
speech corrupted by corrupted by white noiseand music . . . . . . . . . . . . . . 15

Figure 2.5a Gaussian distribution of a 2 dimensional random vector. The mean of the Gaussian is at [1,1].

The X and Y components have covariance 1.0, and the covariance between Xand Yis0.5.. . . . . 24



List of Figures. X

Figure 2.5b The same Gaussian sliced at X = 2. The flat surfacein the figure represents the distribution of

all vectors whose X component is 2. Thisdistribution peaksat Y = Y 1. Thus Y1 isthe MAP estimate of Y
whenXis2 . . . . . . . .. L e e s e s s 28

Figure 2.6 Cross section of Gaussian in figure 2.5a. The solid horizontal line shows the observed value of

X. Thecircle on the intersection of the solid diagonal line, and the dotted line, showswhere the distribution

of vectors with X=2 peaks. Thisisthe MAP estimate of Y when X=2. The solid diagonal line shows how

the position of thispeak variesat eachvalueof X. . . . . . . . . . . . . . ... .. ... 25

Figure 3.1 This figure shows the wideband spectrogram of the utterance “Redefine Area Alert”. The length
of the analysis windows was 10ms. Adjacent windows were overlapped by 5ms. The dark bands represent
peaks in the spectral envelope. These peaks are called “formants” and their trajectories are characteristic of
the sounds in the speechsignal. . . . . . . . . . . . . . . . . . . .. ... 27

Figure 3.2 This figure shows thearrowband spectrogram of the same utterance. The length of the analysis
window was 30ms. Adjacent windows were overlapped by 5ms. The harmonic nature of speech is evident
in the figure due to the length of the analysis windows. However the formants are not so clearly visible in
thisfigure.. . . . . . . . . . . . oo s 27
Figure 3.3 Mel spectrogram of the utterance “Redefine Area Alert”. 20 mel filters covering the frequency
range 150 Hz to 8 KHz have been used for this representation. The vertical axis represents the index of the
mel filter. The horizontal axis represents the index of the mel-spectral vectors in the spectrogram. The anal-
ysis windows were 25 ms long. Adjacent windows are overlapped by 15ms. . . . . . . . . . . 29
Figure 3.4 Quantized spectrogram of an utterance of speech that has been corrupted to 20 dB by additive
white noise. All regions of the spectrogram where the local SNR is greater than 0dB (i.e. where the speech
energy was greater than the noise energy) are colored black. All regions with local SNR less than 0 dB are
colored white. Only frequencies up to 5 KHz have been shown in the figure. . . . . . . . . . . 31
Figure 3.5 Quantized spectrogram of the same utterance, when corrupted to 0 dB by additive white noise.
Once again, all regions of the spectrogram with local SNRtgr than 0 dB have beesl@red black, and

all regions with local SNR less than 0 dB have been colored white. Once agaifieqnbncies up to 5

KHz have been shown. The fraction of white regions here is clearly much greater here than in figure 3.4.

31



List of Figures. Xi

Figure3.6 Local SNR of the elements of the mel-spectrogram of an utterance corrupted to 10dB by additive

white noise. The SNR is gray coded - the darker the color the higher the SNR of theelement.. . . . 32

Figure 3.7 Wideband spectrogram of an utterance of speech that has been corrupted to 15 dB by additive

white noise. The utterance is “Redefine Area Alert”. . . . . . . . . . . . . . . . ... 33.

Figure 3.8 Wideband spectrogram of the same utterance when all regions with a local SNR less than 0 dB
have been deleted. The white regions in the figure represent the deleted regions of the spectrogram. . 33
Figure 3.9 Mel spectrogram of an utterance of speech that has been corrupted to 10 dB by additive white
noise. The utterance is “Redefine Area Alert”. . . . . . . . . . . . . . . . . .....33

Figure 3.10 Mel spectrogram of the same utterance when all regions with a local SNR less than 0 dB have
been deleted. The white regions in the figure represent the deleted regions of the spectrogram. . . . 33
Figure 4.1 Schematic example for class-conditional imputation. The two ellipses represent the cross sec-
tions of the Gaussian distributions of the two classes in a two-class classification problem. An incomplete
vector is to be classified as belonging to one of these classes. The solid line shows the X component of the
vector whose Y component is missing. The MAP estimate for the complete vector obtained using the dis-
tribution of the class represented by the dashed ellipse, is given by the dashed line. Similarly, the MAP es-
timate obtained using the distribution of the dash-dotted ellipse is shown by the dash-dotted line. In class-
conditional imputation, the a posteriori probability of the dashed class is computed using the dashed line,
and the a posteriori probability of the dash-dotted class is computed using the dash-dotted line. The class
with the higher likelihood is chosen as the estimate of the class that the complete vector belongsto. . 38
Figure 4.2 Schematic example for marginalization. In the left panel the two ellipses show the cross section
of the Gaussian distribution of each of the classes. The sold line shows the X component of the vector whose
Y component is missing. In marginalization the Y component of the two class distributions is eliminated by
integrating it out of the distributions. The resulting distributions give only the distribution of the X compo-
nents of the classes. The right panel shows the distribution of the X components of the two classes. Since
the original distribution was Gaussian, these are also Gaussian. The Y component no longer figures in the
problem. In this reduced situation, the a posteriori probability of the classes is computed based on the like-
lihood of the X component of the incomplete vector (given by the solid line) is computed on the Gaussians
shown and the class with the higher a posteriori probability is chosen as the estimate of the class that the

complete vector belongsto. . . . . . . . . . . 0L L .41



List of Figures. Xii

Figure 4.3 Examples of a mel spectrogram with randomly missing regions. The top left panel showsthe

original mel spectrogram for the utterance “Redefine Area Alert”. The top right panel shows the same spec-
trogram when 40% of its elements have been randomly deleted. The white portions of the picture represent
the deleted regions. The bottom left panel shows the spectrogram when 60% of its elements have been ran-
domly deleted. The bottom right panel shows it with 90% of its elements deleted. . . . . . . . . 43
Figure 4.4 Recognition accuracy as a function of drop fraction for class-conditional imputation and mar-
ginalization. The horizontal axis show the drop fraction, i.e. the fraction of elements deleted from the spec-
trogram. The vertical axis shows the recognition accuracy obtained using the incomplete spectrograms. 44
Figure 4.5 Block diagram explaining classifier compensation methods of recognition with incomplete spec-
trograms. The speech recognition system has the two modules. The feaaatoexnodule extracts fea-

tures from the speech signal. The recognition moderopns reognition with thefeatures. In classifier
compensation techniques, the featureastion module generates incomplete spectrogramsetiognizer
recognizes speech based on these incomplete spectrograms. Thus, thegebagnd be trained on spec-
trographic features. . . . . . . . . . . . . . . . . . . . . . . . . ... . . 45
Figure4.6 Block diagram explaining the datompensation approach to recitign with incomplete spec-
trograms. The missing regions of the incomplete spectrogaaen®constructed in the feature exti@ct

modaule itself. Thus, the output of the feature extraction module is a compliastructed spectrogram.

This reconstructed spectrogram can then be transformed featnye of choice, if desired, before being

passed on to the recognizer. The recognizer works on complete features, and can work with any feature ex-
tracted from the complete spectrogram. . . . . . . . . . . . . . . . . .. .47
Figure5.1 Plot of a single spectral vector. The dotted regions are linear interpolation/extrapolation esti-
mates of missing values. . . . . . . . . . . . L L L L L L e . 53
Figure 5.2 Plot of the trajectory of a single frequency component with time. The dotted regions are linear
interpolation/extrapolation estimates of missingvalues . . . . . . . . . . . . . . ...53.

Figure 5.3 Plot of a single spectral vector. The dotted regions are polynomial-interpolation estimates of
missing values. The order of the polynomial used is given above the dotted lines. Missing boundary ele-

ments are obtained by extrapadat . . . . . . . . . . . . . . . . . . . . . ... .. b6



List of Figures. Xiii

Figure 5.4 Plot of the trgjectory of asingle frequency component with time. The dotted regions are polyno-
mial-interpolation estimates of missing values. The order of the polynomia used is shown. Missing bound-
ary elements are obtained by extrapolation . . . . . . . . . . . . . .. ... ... ... b6
Figure5.5 Mel spectrogram of anutterance. . . . . . . . . . . . . . . . .. ... ... 60
Figure 5.6 The same spectrogram when a randomly selected 50% of its elements have been deleted. . 60
Figure 5.7 Spectrogram obtained by estimating the missing regions by linear interpol ation across frequency
60

Figure 5.8 Spectrogram obtained by estimating the missing regions by linear interpolation acrosstime. 60
Figure 5.9 Spectrogram obtained by reconstructing missing regions by polynomial interpolation aong fre-
guency. Polynomials of order 3 were used when at least two observed elements were present on either side
of the missing elements. When the number of available observed neighbors was lesser, lower order polyno-
miaswereused. . . . . . . . . L. L L L L L. oo e, B2
Figure 5.10 Spectrogram obtained by reconstruction missing regions by polynomial interpolation along
time. Polynomials of order 3 were used where at |east two observed elements were present on either side of
the missing elements. Otherwise lower order polynomialswereused. . . . . . . . . . . . . . 61
Figure 5.11 Spectrogram obtained by estimating missing regions by rational function interpolation along
frequency. Rational functions of order (1,2) were used where at least two observed elements were present
on either side of the missing elements. Otherwise rational functions of alower order wereused. . . . 61
Figure 5.12 Spectrogram obtained by estimating missing regions by rational function interpolation along
time. Rationa functions of order (1,2) were used where possible. Otherwise, lower order rationa functions
wereused.. . . . . . L L L L L Lo e s e e e e s s s Bl
Figure 5.13 Mean Squared Error (M SE) of reconstruction for linear and non-linear interpolation, along fre-
guency and time vs. fraction of elements missing in theincomplete spectrogram . . . . . . . . . 62
Figure 5.14 Recognition accuracy vs. drop fraction for spectrograms reconstructed by linear and non-linear
interpolation along frequency andtime. . . . . . . . . . . . . . . .. . . .. ... .. 62
Figure 5.15 Schematic representation of cluster-based reconstruction. The big ellipse representsthe outline
of the distribution of a set of two dimensional vectors. The data has been segregated into a number of small
clusters. The smaller ellipses represent the cross section of the Gaussian distributions of these individual

clusters. The solid line represents a compl ete vector. In the observed data, the Y component of this vector



List of Figures. Xiv

ismissing, and only the X component, represented by the dotted line along the X axis, is observed. The clus-
ter-based reconstruction method identifies the thick ellipse as the cluster that the compl ete vector belongs
to, and uses the distribution of that cluster to obtain an MAP estimate for the missing Y component, and
thereby the complete vector. The estimate complete vector is represented by the dashed line. . . . . 67
Figure5.16 Block diagram explaining the procedurefor estimating the missing components of avector. The
complete spectrogram is obtained by reconstructing the missing elements of each vector in the spectrogram
usingthisprocedure.. . . . . . . . . . . . . L. .. ... B9
Figure5.17 Spectrogram of an utterance of speech, where 50% of the elements have been randomly deleted
70

Figure 5.18 The same spectrogram where the missing elements have been reconstructed by single cluster
reconstruction. . . . . . . . . . . . . . . . . ... e e ... .10
Figure 5.19 Mean squared error between the estimated regions of the reconstructed spectrogram obtained
using single cluster reconstruction and the corresponding regions of the original uncorrupted spectrogram,
asafunction of the drop fraction. The M SE obtained with linear interpol ation along frequency isalso shown
forcomparison.. . . . . . . . . . . . . . . . . .. ... ... ... T0
Figure 5.20 Word recognition accuracy obtained with reconstructed spectrogram as a function of the drop
fraction. Therecognition accuracy obtained with linear interpol ation al ong frequency isalso shown for com-
parison.. . . . . . . . . . . . ... ..o T0
Figure 5.21 Mean distance between a missing component and its closest observed neighbor as a function
ofdroprate. . . . . . . . L e e e e e s e 2
Figure 5.22 Relative covariance between two frequency components as a function of the distance between
them.. . . . . . . e e e e e s 2
Figure 5.23 Block diagram showing estimation of missing elementsin a spectral vector using a multiple-
cluster based representation of the distribution of spectra vectors.. . . . . . . . . . . . . . . 73
Figure5.24 Mean squared error of the reconstructed spectrogram as afunction of drop rate for various code-
book sizes. Each line in the figure plots the MSE of reconstruction for a particular codebook size. . . 77

Figure 5.25 Examples of reconstructed spectrogram with oracle knowledge of cluster membership . 78



List of Figures. XV

Figure5.26 Recognition accuracy obtained with spectrograms reconstructed with oracle knowledge of clus-
ter membership, as afunction of drop fraction. Recognition accuracies are plotted for the reconstructed
spectrograms obtained for several codebook sizes . . . . . . . . . . .. ..o .. 0719
Figure 5.27 Percentage of clusterswrongly identified asafunction of drop fraction for cluster-based repre-
sentations of variouscodebook sizes. . . . . . . . . . . . . . . . ... ... .. ... 8
Figure 5.28 M SE of reconstruction as function of drop rate, for cluster-based representations of various
codebook sizes.. . . . . . . . L L oL s 82
Figure 5.30 Recognition accuracy vs. drop fraction using spectrograms reconstructed by cluster marginal
reconstruction, for various codebook sizes. . . . . . . . . . . . . L. ... ... 82
Figure5.29 Reconstructed spectrogram obtained by marginalization based estimation, for several codebook
SIZES . . . . . . oo .. 83
Figure 5.32 The | eft frame shows recognition accuracy obtained spectrograms reconstructed by frequency
interpolation based estimation of cluster membership, for codebook sizes 1, 8 64 and 512. The right panel
shows the same for cluster margina reconstruction. . . . . . . . . . . . . . .. ... .. 8
Figure 5.31 The left frame shows M SE of reconstruction for frequency interpolation based estimation of
cluster membership, for codebook sizes 1, 8, 64 and 512. The right panel shows the same for cluster mar-
ginal reconstruction.. . . . . . . . . . . . . . . . . .. ... ... ..., 8
Figure 5.33 Percentage of vectors whose cluster membership was wrongly identified, as afunction of drop
fraction, for various codebook sizes. . . . . . . . . . . . . . . . .. .. ... .. .. 86
Figure 5.34 MSE for spectrogram reconstructed by cluster time-interpolated reconstruction, as afunction
of drop fraction, for variouscodebook sizes . . . . . . . . . . . . .. . ... .. ... 86
Figure 5.36 Recognition accuracy with reconstructed spectrograms as a function of drop fraction, for vari-
ouscodebook Sizes. . . . . . . L L L. L L e e e e 8T
Figure 5.35 Recongtructed spectrograms when cluster membership was identified based on a preliminary
estimate by linear interpolation alongtime . . . . . . . . . . . . . .. ... ... ... 88
Figure5.37 Example showing how the missing and observed components of a spectrogram can be separated
into avector of missing components and avector of observed components, and the corresponding mean and
covariance values. The figure represents a spectrogram with 4 spectral vectors, each with 4 elements. Each

column of elements represents a single spectral vector. The grey elementsaremissing. . . . . . . 91



List of Figures. XVi

Figure 5.38 The left panel shows the relative covariance between the energy in the 8th frequency compo-
nent (k=8) of any spectral vector and other elements of the spectrogram. The right panel shows the relative
covariance between the energy in the 12th frequency component (k=12) of any spectral vector and other
elementsinthespectrogram. . . . . . . . . . . . . . .. L. L. oL 9
Figure 5.39 An example spectrogram with 4 spectral vectors, each with 4 elements. The grey elements are
missing. The neighborhood vector and the various statistical parametersfor the estimation of $(2,2), the el-
ement shaded light grey, aretobeconstructed. . . . . . . . . . . . . . . . . ... ... 9
Figure 5.40 Recognition accuracy with spectrograms reconstructed by covariance-based estimation of in-
dividual missing elements, as afunction of the relative-covariance threshold used to select elementsfor the
nei ghborhood vector for missing elements. The incomplete spectrograms had 90% of their elements miss-
Figure 5.41 The figure represents a small spectrogram with 4 spectral vectors, each with 4 elements.The
grey elements are missing. Wewish to estimate all the missing elementsin the second spectral vector jointly.
These are shown in alighter shade of grey inthefigure.. . . . . . . . . . . . . . . . ... 9
Figure 5.42 MSE of reconstruction for covariance individual reconstruction, covariance joint reconstruc-

tion, the best cluster-based reconstruction method (time interpolation based estimation), and the ideal clus-

ter-based method (with oracle knowledge of cluster membership of spectral vectors). . . . . . . . 101
Figure 5.43 Spectrograms reconstructed by covariance-based estimation of missing elements . . . 102
Figure5.44 . . . . . . . . . L . L e e 102

Figure 5.44 Recognition accuracy for covariance-based estimation of individual missing elements, covari-
ance-based joint estimation of missing e ementsin avector, and the best cluster-based reconstruction meth-
od (cluster time-interpolated reconstruction). . . . . . . . . . . . . . . . ... .. ...103
Figure5.45 Comparison of recognition accuracies obtai ned with variousincompl ete-spectrogram methods,
as afunction of fraction of e ements missing in the spectrogram. The methods compared are the best spec-
trogram reconstruction methods, i.e. covariance joint reconstruction and cluster time-interpolated recon-
struction, with those obtained with classifier-modification methods, i.e. marginalization, and class-

conditional imputation.. . . . . . . . . . . . . . . . . . ... . ... .. ... ..108



List of Figures. XVii

Figure 5.46 Recognition accuracy using cepstra computed from reconstructed spectrograms as a function

of drop fraction. The recognition accuracy obtained using marginalization on log-spectra based recognition
isasoshown. . . . . . . . . . . . . . ... 04

Figure 6.1 Two spectrographic masks. The |eft panel shows the mask for speech corrupted by white noise

to 10 dB where all regionswith alocal SNR less than 0 dB have been deleted. The white regionsin the pic-

ture have been deleted. The black regions are the “clean” regions and have been retained. The right panel
shows a similar mask for speech that has been corrupted by music to 10 dB. The white regions are the un-
reliable regions with local SNR less than 0 dB and have beendeleted. . . . . . . . . . . . . .109
Figure 6.2 Recognition accuracy vs. deletion threshold using class-conditional imputation on speech cor-
rupted to 15 dB and 25 dB by white noise. . . . . . . . . . . . . . . . . . ...... 112

Figure 6.3 Recognition accuracy vs. deletion threshold using marginalization on speech corrupted to 15 dB
and 25 dB by white noise.. . . . . . . . . . . . . . . L L L. oo 112

Figure 6.4 Recognition accuracy vs. deletion threshold using cluster marginal reconstruction, for speech
corrupted to 15 dB and 25 dB by white noise. A codebook size of 512 was used for the reconstruction 113
Figure 6.5 Recognition accuracy vs. deletion threshold using covariance joint reconstruction of missing el-
ements in a vector, for speech corrupted to 15 dB and 25 dB by white noise.. . . . . . . . . . . 113
Figure 6.6 Recognition accuracy obtained with marginalization and class-conditional imputation on spec-
trograms of noisy speech as a function of the global SNR of the noisy speech. The baseline recognition ac-
curacy on noisy spectrogramsisalsoshown. . . . . . . . . . . . . . . . . . . .114

Figure 6.7 Recognition accuracy with noisy spectrograms reconstructed by several spectrogram reconstruc-
tion methods as a function of the global SNR of the noisy speech. The baseline recognition accuracy ob-
tained with noisy spectrogramsisalsoshown . . . . . . . . . . . . . . . . . . . 114

Figure 6.8 Recognition accuracy obtained using cepstra derived from spectrograms reconstructed by four
spectrogram reconstruction methods, at several SNRs. Baseline recognition accuracy with cepstra derived
directly from the noisy spectrograms is also shown. . . . . . . . . . . . . . . . .. 115 .

Figure 6.9 Comparison ofecognition accuracies in the cepstral domain, obtained with the best cluster-
based and covariance-based reconstruction methods, withctignition accuracy obtained using margin-

alization in the log-spectral domain.. . . . . . . . . . . . . . . . . . . ... .. .. .15



List of Figures. xviii

Figure6.10 Average timetaken to recognize an utterance of speech corrupted by white noiseto 10 dB when
various incompl ete spectrogram methods are applied. Recognition was performed using log spectra. The
same utterances were used to obtain these numbersin each case. The utterances were 5 seconds long on av-
€rage.. . . . . e e e e e e e e e e e s 1y
Figure 7.1 Two examples of bounded MAP estimation. In both figures the ellipse represents the cross sec-
tion of the Gaussian distribution of the data. The X component of avector has been observed and is repre-
sented by the solid line dong the X axis. The'Y component has not been observed and has to be estimated.
The regression line representing the regular (unbounded) MAP estimates for various values of X is given
shown by thediagona line. . . . . . . . . . . . . . ... .. .. ... ... ....123
Figure 7.2 Examples of bounded M AP estimation when more than one element is to be estimated. In all
cases the ellipse represents a cross section of the Gaussian distribution of the random vector. In al cases
both components of the vector are unknown and are to be estimated. The regions shaded lightly represent
the regions permitted by the individual bounds on X and Y. The darkly shaded region is the intersection of
both bounds. All valid MAP estimates must lieinthisregion. . . . . . . . . . . . . . . . .124
Figure 7.3 Plot showing an example of bounded linear interpolation along time. The dotted region repre-
sents the unreliable region that has to be estimated. The dashed line represents the standard estimate ob-
tained by linear interpolation along time. All the observed unreliable values lie bel ow the linear
interpolation based estimate. As aresult, the bounded estimates are smply the original values themselves
when the estimate in Equation (7.25) isused. . . . . . . . . . . . . . . . . . ... 132
Figure 7.4 Comparison of the performance of bounded class-conditional imputation and (unbounded) class-
conditional imputation on speech corrupted by whitenoise. . . . . . . . . . . . . . . . . .140
Figure 7.5 Comparison of the performance of bounded marginalization and (unbounded) marginalization
on speech corrupted by whitenoise.. . . . . . . . . . . . . . . . .. . ... ... 140
Figure7.6 Recognition performancewith spectrogramsreconstructed using several unreliable spectrogram
methods (bounded estimation) on speech corrupted by whitenoise. . . . . . . . . . . . . . .140
Figure 7.7 Recognition performance with spectrograms reconstructed using several incompl ete spectro-

gram methods (using unbounded estimation) on speech corrupted by whitenoise. . . . . . . . . 140



List of Figures. XiX

Figure 7.8 Comparison of the recognition performance of the best classifier-modification methods with per-
formance obtained with the best spectrogram reconstruction methods on speech corrupted by white noise.
Baseline recognition accuracy obtained with noisy speech spectrogramsisasoshown. . . . . . . 141
Figure 7.9 Recognition accuracy obtained with cepstra derived from spectrograms of speech corrupted by
white noise reconstructed by several bounded spectrogram reconstruction methods. The performance ob-
tained with bounded marginalization, and baseline recognition accuracy obtained with cepstra derived di-
rectly from noisy spectrogramsarealsoshown. . . . . . . . . . . . . . . . . .. ... .142
Figure 7.10 Average time taken to recognize and utterance of speech corrupted by white noiseto 10 dB
when various unreliable-spectrogram methods are applied. Recognition was performed using log spectra.
143

Figure 7.11 Recognition accuracy obtained with several unreliable spectrogram methods on speech corrupt-
ed by white noise, when the reliable portions of the spectrogram are estimated using spectral subtraction.
The recognition accuracy obtained using spectrally-subtracted logspectra, and the baseline are also shown.
146

Figure 7.12 Absolute improvement in recognition accuracy due to estimating reliable portions of spectro-
grams using spectral subtraction. This is the difference between the recognition accuracy shown in Figure
7.11 and the recognition accuracy shownin Figure7.8 . . . . . . . . . . . . . . . . . . .146
Figure 7.13 Recognition accuracy obtained with cepstra derived from spectrograms reconstructed with the
combination of bounded spectrogram reconstruction methods and spectral subtraction. Recognition perfor-
mance with cepstra derived directly from spectrally-subtracted speech and baseline recognition accuracy
with cepstra derived from noisy speecharealsoshown. . . . . . . . . . . . . . . . . . . .147
Figure7.14 Recognition accuracy obtai ned when bounded spectrogram reconstruction methods are applied
to speech corrupted by music to severa SNRS. Basdline recognition accuracy, and recognition accuracy ob-
tained with spectral subtraction alone are also shown. Recognition was performed in the cepstral domain in
Figure 8.1 Recognition accuracy with cepstra derived from reconstructed spectrograms, asa function of the
fraction of reliable elementsin the spectrogram that were erroneously tagged as being unreliable . . 154
Figure 8.2 Recognition accuracy with cepstra derived from reconstructed spectrograms, asa function of the

fraction of unreliable elementsin the spectrogram that were erroneously tagged asbeing reliable . . 154



List of Figures. XX

Figure 8.3 Percentage of reliable elementsin the spectrogram correctly identified by the spectral-subtrac-
tion-based mask estimate as being reliable (accuracy) vs. percentage of unreliable elements falsely identi-
fied asbeing reliable (false darms). The percentage of missesin the mask would be (100 - accuracy). The
number beside each point indicates the deletion thresholdused.. . . . . . . . . . . .. . . .156
Figure 8.4 Spectrographic mask estimated using spectral-subtraction-based estimation for an utterance of
speech corrupted to 10 dB by whitenoise. . . . . . . . . . . . . . .. T L4
Figure 8.5 Oracle spectrographic mask for thesame utterance. . . . . . . . . . . . . . . .. 157
Figure 8.6 Recognition accuracy obtained by applying incompl ete spectrogram methodswith spectrograph-
ic masks estimated by spectral-subtraction-based estimation, for speech corrupted by white noise. Baseline
recognition accuracy for the noisy speech, and the performance obtained when only spectral subtractionis
used to compensate for thenoisearealsoshown. . . . . . . . . . . . . T Y 4
Figure 8.7 Recognition accuracy obtained when incomplete spectrogram methods are used with oracle
masks to compensate for additive whitenoise. . . . . . . . . . . . .. ... . . . 157
Figure 8.8 Spectrographic mask estimated using spectral-subtraction-based estimation for an utterance of
speech corruptedto 10dB by music. . . . . . . . . . . . . A Lo¢)
Figure 8.9 Oracle spectrographic mask for thesame utterance. . . . . . . . . . . . . . . .. 159
Figure 8.10 Recognition accuracy obtained with spectrographic masks estimated by spectral-subtraction-
based estimation, for speech corrupted by music. Baseline recognition accuracy for the corrupted speechis
asoshown. . . . . . . . ..o L. e e e e 159
Figure 8.11 Recognition accuracy obtained when incomplete spectrogram methods are used with oracle
masksto compensateformusic. . . . . . . . . L L L L0 e .. . . .159
Figure 8.12 Percentage of reliable elementsin the spectrogram correctly identified by the VT S-based mask
estimate as being reliable (Accuracy) vs. percentage of unreliable e ements falsely identified as being reli-
able (false alarms). The number beside each points indicates the deletion threshold used.. . . . . . 160
Figure 8.13 Spectrographic mask estimated using VT S-based estimation for an utterance of speech corrupt-
edto 10 dB by whitenoise. . . . . . . . . . L L Lo 161

Figure 8.14 Oracle spectrographic mask for the same utterance. . . . . . . . . . . . . . .. 161



List of Figures. XXi

Figure 8.15 Recognition accuracy obtained with spectrographic masks estimated by VT S-based estimation,

for speech corrupted by white noise. Baseline recognition accuracy for the corrupted speech is also shown.

161

Figure 8.16 Recognition accuracy obtained when incomplete spectrogram methods are used with oracle

masks to compensate for whitenoise. . . . . . . . . . . . . . . . .. .. ... ... .161
Figure 8.17 Spectrographic mask estimated using VT S-based estimation for an utterance of speech corrupt-
edtol0dBbymusic. . . . . . . . . . . .. ... ... 1.2
Figure 8.18 Oracle spectrographic mask for the same utterance. . . . . . . . . . . . . . . .162
Figure 8.19 Recognition accuracy obtained with spectrographic masks estimated by VT S-based estimation,

for speech corrupted by music. Baseline recognition accuracy for the corrupted speech is aso shown . 162
Figure 8.20 Recognition accuracy obtained when incomplete spectrogram methods are used with oracle
masksto compensatefor music. . . . . . . . . . . . . ... ..o ... 182
Figure 8.21 Percentage of reliable elementsin the spectrogram correctly identified by the mask as being

reliable (Accuracy) vs. percentage of unreliable elementsfalsely identified as being reliable (false darms).

The number beside each points shows the value used for the a priori probability of reliable regions. . 164
Figure 8.22 Spectrographic mask estimated using afair classifier for an utterance of speech corrupted to 10

dB by whitenoise. . . . . . . . . . . . . . . . . . . . ... .. ... .....166
Figure 8.23 Oracle mask for thesameutterance. . . . . . . . . . . . . . . .. . .. . .166
Figure 8.24 Recognition accuracy on speech corrupted by white noise, with unreliabl e spectrogram meth-
odsusing masks obtained by afair classfier . . . . . . . . . . . . ... ... ... ..166
Figure 8.25 Recognition accuracy on speech corrupted by white noise, with unreliabl e spectrogram meth-

ods using masks obtained by acheating classifier . . . . . . . . . . ... ... ... ..166
Figure 8.26 Spectrographic mask estimated for an utterance corrupted by music to 10 dB using a “fair”
reliable/unreliable classifier.. . . . . . . . . . . . . . . . . . . . . . ... . .167
Figure 8.27 Recognition accuracy on speech corrupted with music using masks estimated by a fair classi-
fier. . . . . . s oL 1e
Figure 8.28 Spectrographic mask estimated for the same utterance as the one above using a cheating clas-
sifier.. . . . . . . L L Lo e e s e

Figure 8.29 Oracle mask for the same utterance . . . . . . . . . . . . . . . . . . . . . .167



List of Figures. XXii

Figure 8.30 Recognition accuracy on speech corrupted with music using masks estimated with a cheating
classifier. . . . . . . . . L oo ey
Figure 8.31 Recognition accuracy on speech corrupted with musicusing oraclemasks . . . . . . 167
Figure8.32 Comparison of recognition accuracies obtained on speech corrupted with white noisewith VTS
compensation, and with incomplete spectrogram methods using spectrographic VTS-based spectrographic
masks. The curves for VTS and covariance joint reconstruction are amost coincident and therefore indis-
tinguishable. . . . . . . . . . . . . .. L Lo 189
Figure 9.1 The panel to the |eft represents the manner in which datais modeled in a standard 3rd order
HMM. The same 6 clusters covers the space at every timeinstant. The right panel shows data modeling in
atree-structured HMM. A smaller numbers of clusters are used to represent the distribution of data that oc-

cursfurther back intime. . . . . . . . . . . . . . . . . . . . . ... ... ...



Glossary of terms. xxiii

Glossary of terms

Bounded class-conditional imputation: Class-conditional imputation where estimates of missing compo-
nents are found using bounded M AP estimation using the distributions of the classes.

Bounded cluster marginal reconstruction: Cluster margina reconstruction where missing elements

between —oo and an upper bound are integrated out of cluster distributions to estimate cluster member-
ship of vectors. Missing elements are estimated using bounded M AP estimation based on the distribu-
tion of the estimated cluster.

Bounded covariance-based reconstruction: Covariance-based reconstruction, where missing elements
are estimated using bounded MAP.

Bounded MAP estimation: MAP estimation where the estimated value of the variable is forced to lie
within an upper bound.

Bounded marginalization: Marginalization where missing components of spectral vectors between —oo
and a given upper bound are integrated out of the distributions of speech classes.

Class-conditional imputation: Missing-feature method where recognition is performed with incomplete
spectrograms. In order to compute the likelihood of any sound class during recognition, missing com-
ponents of spectral vectors are estimated based on the distribution of that class.

Classifier-compensation methods: Methods which modify the distributions of classes within the recog-
nizer to compensate for the effect of noise.

Classifier-modification methods: Missing-feature methods where the classifier is modified to perform
recognition directly using incomplete spectrograms.

Cluster-based reconstruction: Spectrogram reconstruction methods where spectra vectors are assumed
to be segregated into clusters. Missing components of spectral vectors are estimated based on the dis-
tributions of these clusters.

Cluster marginal reconstruction: Cluster-based reconstruction method where the cluster membership of
any vector is estimated by marginalizing the missing components of spectral vectors out of the distri-
butions of the various clusters.

Cluster oraclereconstruction: Cluster-based reconstruction where the true cluster membership of incom-
plete vectorsis known a priori.

Cluster time-interpolated reconstruction: Cluster-based reconstruction method where preliminary esti-
mates of missing components of spectral vectors are obtained by linear interpolation along time, and
the preliminary estimates are used in estimating cluster membership of vectors.

Cluster membership: The cluster that any spectral vector belongs to, in the cluster based representations
used by cluster-based reconstruction methods.

Covariance-based reconstruction: Spectrogram reconstruction method where missing elements in spec-
trograms are estimated on the basis of their covariance with observed elements within the spectrogram.

Covariance individual reconstruction: Covariance-based reconstruction where missing elements in
spectrograms are individually estimated.
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Covariance joint reconstruction: Covariance-based reconstruction method where all missing elements
within any spectral vector are jointly estimated.

Data-compensation methods: Methods which modify the incoming feature stream to compensate for the
effect of noise on speech recognition systems.

Geometrical-reconstruction methods: Spectrogram reconstruction methods where missing elements of
spectrograms are estimated by extrapolation of, or interpolation between, adjacent elements in the

spectrogram.

I ncomplete-spectrogram methods: Missing-feature methods where no information is assumed regarding
the missing elementsin the spectrogram.

Linear interpolation along frequency: Geometrical-reconstruction method where missing elements are
estimated by linear interpolation between other observed elements within the same spectral vector.

Linear interpolation along time: Geometrical-reconstruction method where missing elements are esti-
mated by linear interpolation between observed elements within the same frequency band in adjacent
vectors.

Marginalization: Missing-feature method where recognition is performed with incompl ete spectrograms.
Missing components in spectral vectors are integrated out of the distributions of the various sound
classes being considered by the recognizer.

MAP estimation: Maximum a posteriori estimation, where the value of a variable is estimated as the
value at which the a posteriori distribution of the variable, conditioned on a set of observed variables,
peaks.

Missing-feature methods: Methods which model the effect of noise as missing features in spectrograms
and perform recognition based on the information in incomplete spectrograms.

Oracle masks: Spectrographic masks that have been obtained based on knowledge of the true SNR of the
elements in the spectrograms of noisy speech.

Polynomial inter polation along frequency: Geometrical-reconstruction method where missing elements
are estimated by polynomial interpolation between other observed elements within the same spectral
vector.

Polynomial interpolation along time: Geometrical-reconstruction method where missing elements are
estimated by polynomial interpolation between observed elements within the same frequency band in
adjacent vectors.

Rational-function interpolation along frequency: Geometrical-reconstruction method where missing
elements are estimated by fitting arational function to other observed elements within the same spec-
tral vector.

Rational-function interpolation along time: Geometrical-reconstruction method where missing elements
are estimated by fitting a rational function to observed elements within the same frequency band in
adjacent vectors.

Single cluster reconstruction: Cluster-based reconstruction where al spectral vectors are assumed to
belong to asingle cluster.

Spectrogram reconstruction methods: Missing-feature methods where missing regions of incomplete
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spectrograms are estimated, to reconstruct complete spectrograms. Recognition is performed with fea-
tures derived from the reconstructed spectrograms.

Spectral subtraction: Noise cancellation algorithm that maintains running estimates of the noise spectrum
and subtracts them from the spectrum of noisy speech to estimate the spectrum of clean speech.

Spectral-subtraction-based mask estimation: Estimation of spectrographic masks based on the esti-
mates of the noise spectrum computed for spectral subtraction.

Spectrographic mask: Information relating to an incomplete spectrogram that tags individual elements of
the spectrogram as missing or observed.

Statistical-reconstruction methods: Spectrogram reconstruction methods where missing elements of
spectrograms are estimated based on their statistical relationships with the observed elements in the
spectrogram.

Unreliable-spectrogram methods: Missing-feature methods where the upper bound on the missing ele-
ments of the spectrogram is assumed to be known.

Vector Taylor Series (VTS): Noise compensation agorithm that obtains maximum likelihood estimates
of the noise spectrum and cancels this noise out of the parameters of noisy speech using an MMSE
estimator.

VTS-based mask estimation: Estimation of spectrographic masks for noisy speech that is based on the
estimate of the noise spectrum obtained by VTS.
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Chapter 1
| ntroduction

The performance of automatic speech recognition (ASR) systems degrades greatly when the speech

being recognized has been corrupted by noise [Acero 1993]. There are severa reasons for this.

ASR systems are essentially statistical pattern classifiers that classify segments of sound as belonging
to one of aset of sound classes. The classification isnot performed using the speech signal itself, rather, the
speech signal is parameterized into a sequence of feature vectors, and classification is performed using
these feature vectors. The feature vectors themselves are variously derived from the power spectrum of
short windowed segments, or frames, or speech. The ASR system learns the distribution of the feature vec-
tors belonging to any sound, from a corpus of training speech. During recognition, a segment of speech is
classified as belonging to the sound whose distribution is most likely to have generated the feature vectors

belonging to that segment.

When speech is corrupted by stationary noise, one resulting effect is that the distribution of the feature
vectors of the corrupted speech are no longer similar to the distributions learned from the training data.
This mismatch results in mis-classification and poor recognition [Moreno 1996]. This effect can be mini-
mized by training the recognition system with speech that has the same level of noise as the speech being
recognized. But even in this situation, the addition of the noise results in increased error in the estimation
of the spectrum of any frame of speech [Kay 1988], and therefore increases the inherent variability in the
feature vectors corresponding to any sound. As a result, the variance of the distributions of the various
sound classes increases, resulting in increased classification error, and increased mis-recognition over the
situation where both training and test speech are noise free. Finally, when the corrupting noiseitself is non-
stationary, even training the system with speech corrupted to the same overall noise level as the test speech
is not helpful. This is because, athough the overall noise level in the training and test data are identical,
this does not imply that the various examples of a sound in the training data are corrupted with the exact
kind of noise that the test data has been corrupted by. Mismatches between distributions learned by the

classifier and the distribution of the test data still persist.

The problem of reducing the mismatch between the distributions modeling the classes in the classifier

and the distributions of the test data can be approached in two ways. In the first approach the test data are
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“cleaned” in some manner in an attempt to make them similar to the training data whose distributions have
been learned by the classifier. We refer tohuds that attempt to compensate the test data for the effect of
noise in this manner atata-compensation methods. In the second approach the distributions used by the
classifier to models the various sound clasgsegwodified to be similar to the distributions of the test data.

We refer to methods that attempt to modify components of the classifier in this manner to compensate for

the noise aslassifier-compensation methods.

Several data compensation methods and classifier compensation methods have been proposed in the lit-
erature. Data compensation methods such as codeword dependent cepstral normalization (CDCN) [Acero
1993], vector Taylor series (VTS) [Moreno 1996], spectral subtraction [Boll 1979] and Wiener filtering
[Porter 1984] attempt to compensate for the effect of the noise on the data based on estimates of the spec-
trum of the noise. Others such as multivariate Gaussian based cepstral compensation (RATZ) [Moreno
1996] and probabilistic optimal filtering (POF) [Neumeyer 1994] use explicit comparisons between data
that have simultaneously been recorded in the training and test conditions to modify the test data. Classifier
compensation methods such as parallel model combination (PMC) [Gales 1993] and model composition
[Varga 1990] modify the distributions of the sound classes to account for the effect of additive noise. Oth-
ers such as maximum likelihood linear regression (MLLR) [Leggetter 1994] on the other hand simply

transform the parameters of the distributions to best fit the noisy test speech.

The drawback with all of these methods is that they assume, either explicitly or implicitly, that the
underlying noise is stationary, and furthermore that the effect of the noise is representable by a linear trans-
formation of the parameters of the distribution of the data. Thus, while all of these methods have been
fairly successful against low to medium levels of stationary naesenoisy speech with signal-to-noise
ratios (SNR) 10 dB or greater, they are less effective at higher levels of noise and comm@estyvimin

the presence of non-stationary noises [Raj 1997].

Two new approaches to robust speech recognition have been based on the observation that the human
auditory system pferentidly processes the high-energy components of the speech signal while suppress-
ing the weaker components [Moore 1997]. These new approaches attempt to improve speech recognition
performance by deweliding the contribution of the low SNR components of the speech to the recognition
in some manneiMulti-band based approaches [Hermansky 1996] [Bourlard 1996] consider the fact that

different frequency bands of the spes@mnal may be corrupted at different SNRs. They therefore decom-
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pose the speech signal into separate frequency bands, and construct separate speech recognition systems
for each band. The output of each of these recognition systems is then recombined to give the fina output.
The weight given to the output of the recognition system corresponding to each frequency band isideally

dependent on the SNR in that band, deweighting noisy bands with respect to the clean ones.

Missing-feature approaches [Cooke 1994] [Lippmann 1997], on the other hand, take into account the
fact that SNR may be local not only to frequency but also in time. Speech is transformed into the time-fre-
guency domain and represented as spectrographic images where the two axes of the image represent time
and frequency respectively, and the pixel value of each element in the image represents the energy of the
signal in that time-frequency location. Different regions of this spectrographic picture are corrupted to dif-
ferent degrees by the noise. In missing feature based approaches, the low SNR regions of this picture are
selectively erased, and recognition performed on the basis of the remaining incomplete spectrogram. Since
recognition is performed on the basis of incomplete spectrograms, we also refer to these methods asincom-

plete-spectrogram methods.

Incomplete-spectrogram methods have the advantage over other approaches that they make no assump-
tions, either explicit or implicit, about the stationarity of the corrupting noise. Also, they do not need to
have aknowledge of the fine structure of the spectrum of the noise, needing only the coarse descriptions of
the regions of the time-frequency plane as being either reliable or unreliable [Cooke 1994]. Incomplete
spectrograms methods have been shown to result in recognition accuracies that are remarkably robust to

high levels of noise corruption [Cooke 1999] [Cooke 2000].

All current incompl ete spectrogram methods that have been reported in the literature so far are classi-
fier-compensation methods [ Cooke 1994][Lippmann 1997][Renevey 1999]. They model the effect of the
incompleteness of the spectrographic data on the classifier and the classifier is modified to compensate for
the incompl eteness of the data. We refer to these missing-feature methods that modify the classifier as clas-
sifier-modification methods in this thesis. In order for such methods to be feasible, the classifier has to be

trained with spectrographic features, i.e. spectra or log-spectra.

This is a serious drawback with these methods. It is well known that when recognition is performed
with log spectra, the recognition accuracies obtained are much poorer than those obtained with other fea-

tures, such as cepstra, that have been derived from the log spectra[Davis 1980]. As aresult, even the base-
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line recognition accuracy obtained with the cepstra of noisy speech with no compensation at all is
frequently superior to the accuracy obtained with log spectra, even after missing-feature based compensa-

tion has been applied.

What thisthesisis about

In this thesis we recast the missing-feature approach to noise robustness as a data-compensation prob-
lem. Instead of performing recognition directly with incomplete spectrograms we attempt to estimate the
missing components of incomplete spectrograms and reconstruct complete spectrograms prior to classifi-
cation. Estimation of missing regions of incomplete data has been much reported on in the fields of statis-
tical analysis of data [Rubin 1987] [Quinlan 1989] [Ghahramani 1994]. However, to the best of our
knowledge, this approach has not been applied to noise compensation for speech recognition prior to this

work.

We refer to methods that estimate missing (noisy) regions of incomplete spectrograms to reconstruct

complete spectrograms as spectrogram reconstr uction methods.

The spectrogram reconstruction methods described in this thesis have several advantages over current
incompl ete spectrogram methods:

1) Since the reconstruction of the spectrogram is performed independently of the recognizer, the recog-

nizer need not be modified in any manner.

2) They are more computationally efficient than classifier-compensation methods.

3) Since the reconstructed spectrograms can be transformed to cepstra, or other related features, and
recognition performed with them, much better recognition accuracies can be obtained than with
classifier compensation methods.

We approach the problem of estimating missing regions of spectrograms from two perspectives, onein
which the missing regions of the spectrogram are treated as being completely unknown, and the second in
which the noisy regions are assumed to be unknown, but bounded. We present methods which use simple
statistical representations, other than that used by the speech recognition system, in order to reconstruct the
missing regions. This gives us the freedom of using representations that are far simpler than that in the
speech recognizer, while also permitting us to utilize information that is not represented by the recognizer

to perform the reconstruction. We investigate several simple estimation techniques that reconstruct the
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missing regions of spectrograms based both on purely geometrical constraints, as well as statistically moti-
vated techniques that utilize the statistical correlations between various elements of a spectrogram. Experi-
ments show that the recognition performance obtained with cepstral features derived from such
reconstructed spectrograms is higher than that obtained with current missing feature methods that attempt

to perform recognition directly with the incomplete spectrograms.

Thisthesisisorganized in two parts. In thefirst part, consisting of Chapters 2, 3, 4, 5 and 6, we treat the
noisy regions of speech spectrograms as completely unknown, or missing. In the second part consisting of

Chapters 7 through 9 we treat them as missing but bounded.

In Chapter 2 we present a brief description of the speech recognition system, and also present a brief
overview of missing datamethodsin statistical analysis. We especially describe the statistical methods that
are applicable to techniques described later in the thesis. In Chapter 3 we describe the speech spectrogram,
and how the effect of noise can be modelled as missing features on the spectrogram. In Chapter 4 we
describe conventional missing-feature based recognition methods. In Chapter 5 we describe several infer-
ence methods that estimate the missing regions of incomplete spectrograms. In Chapter 6 we describe rec-

ognition experiments obtained with methods described in Chapter 5.

In Chapter 7 we present inference methods that assume that the unreliable regions of incomplete spec-

trograms are bounded, and describe experimental results with these methods.

One serious problem with missing-feature based methods is that in order for them to be applied effec-
tively, the reliable and unreliable regions of the spectrogram have to be correctly identified. Although,
missing feature methods only require very coarse information regarding the corrupted spectrogram, i.e.
simple binary information about whether a particular element of the spectrogram isreliable or not, deriving
such information, especially when the speech has been corrupted by non-stationary noise, is very difficult.

In Chapter 8 we discuss this problem.

In Chapter 9 we summarize our findings and present our conclusions and ideas for future work.
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Chapter 2
Background Information

2.1 Introduction

This thesis deals with the reconstruction of incomplete spectrograms to improve the performance of
speech recognition systems on noisy speech. Reconstruction of incomplete spectrograms is an exercise in
the inference of missing data in incomplete datasets, which is a well studied problem in statistics. The
problem addressed in this thesis therefore involves three notions:

1) The manner in which automatic speech recognition systems function

2) The effect of noise on speech recognition systems

3) Inference of missing data in incomplete data sets

In this chapter we aim to clarify these fundamental notionsto establish a basisfor the work described in
the following chapters. We first briefly outline the manner in which speech recognition systems function.
We confine our discussion to recognition systems based on Hidden Markov Models (HM M) since the work
described in this thesis has been evaluated using CMU Sphinx-111, an HMM based system. Nevertheless,
the techniques described in the thesis are not specific to HMM based systems, and can be used with other
statistical speech recognition systems as well. We then briefly describe the effect of noise on the perfor-
mance of speech recognition systems. We also describe several current methods of compensating for the
effect of the noise, and their drawbacks. Finally we present a brief review of existing literature on incom-
plete-data methods in other fields. Some methods which are explicitly used in the thesis are explained in

greater detail.

2.2 Overview of Automatic Speech Recognition (ASR) systems

ASR systems are essentially pattern classification systems [Rabiner 1993]. Any utterance of speech is
modeled as a sequence of sounds. These sounds may either be the phonemes in a language, words in that
language, or larger units, depending on the vocabulary of the system and the task being performed by it.
The complete set of sounds that the ASR system has to recognize forms the classes modeled by it. In this
discussion we assume without loss of generality that the sound classes modeled by the system are words.

The ASR system then classifies segments of speech as belonging to one of these classes.
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Classification is not performed using the speech signal directly. Instead, the speech signal is parame-
trized into a sequence of feature vectors, or parameter vectors, and classification is performed using these
feature vectors. The feature vectors used are usually cepstral coefficients [Davis 1980], or variants of cep-
stra [Hermansky 1990] derived from power spectra of short windowed segments, or frames of speech.
Thus, a sequence of speech samples is transformed into a sequence of feature vectors each representing a

single frame of speech, which isused to perform recognition.

Let S represent the sequence of parameter vectors derived from the utterance being recognized. Auto-
matic speech recognition systems identify the sequence of words in that utterance using the optimal classi-

fier equation

W = argmaxy{ P(S|W)P(W)} 2.1)

where W is the recognized sequence of words in that utterance. P(W) isthe a priori probability that the
word sequence W was uttered and is usually specified by a language model. Further details of language

models can be found in [Katz 1987]. P(S|W) isthelikelihood of S given that the W was the sequence of
words uttered. It istermed as the acoustic likelihood of the data and is obtained from the probability distri-

bution of all parameter vectors that could represent the sequence of words W. In HMM-based speech rec-
ognition systems this probability distribution of sequences is modeled by an HMM. The following section

describes the hidden Markov model in greater detail .

2.2.1 HMM-based modeling of the distributions of sequence of vectors

In HMM-based recognition systems the mechanism that generates the sequence of parameter vectors
representing any word is modeled by an HMM [Rabiner 1993]. When generating the sequence, the genera-
tor is assumed to be in one of afinite set of states at any instant of time. A probability distribution function
is associated with each of these states, which are referred to as the state probabilities. Thus, to generate the
feature vector at any instant, the generator draws a vector from the distribution associated with the state it
isin at that instant. The vectors that the generator draws from a state distribution are said to belong to that
state. The HMM also has a set of transition probabilities associated with each state. The transition proba-

bilities of a state refer to the probability distribution of the states that the generator can be in at the next
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instant, given that it isin that state at the current instant. The generator draws from this distribution in order

to determine which state it will bein at the next instant of time. If the generator isin state | at time instant

t + 1 after having beenin state i attimet, itissaid totransit fromstate i to state | at timeinstant t. The
transition probabilities and the state distributions are all specific to the word being modeled by the HMM.
Figure 2.1 shows an example of an HMM with 5 states. The HMM in thisfigure only permitstransitionsin
one direction. All transitions with probability O are not shown. This HMM has a non-emitting initial state,
and a non-emitting terminating state. Non-emitting states are states with which there are no probability dis-
tributions associated. Therefore no observations are generated when the generator is in these states. The
non-emitting initia statein figure 2.1 impliesthatat t = O, i.e. just before the generator begins generat-
ing vectors, it isin theinitial state where it does not generate any observations. Similarly, if the generator
enters the terminating state it can no longer transit to any of the other states in the HMM, nor can it gener-

ate any more observations.

Figure 2.1 Example of a5 state HMM with one non-emitting initial state, and a non-emitting terminating state. Each
of the circles represents a state. The arrows represent valid transitions from the state, and the numbers below the
arrows represent the probability of that transition. For example, the arrows from state 1 indicate that if the generator
isinstate 1 at time t, at time t+1 it can be in state 1 with probability 0.5, state 2 with probability 0.3 and state 3 with
probability 0.2. The dotted arrows point to the state distributions associated with that state. An observation is drawn
from this distribution every time the generator visits the state. Theinitia state (state 0) and the terminating state (state
4) have no state distributions associated with them, and no data are generated when the generator is in these states.
Note that in this figure all transitions point left to right. In a more generic HMM, transitions may occur in any direc-
tion, from any state to any other state.

Thus, to generate a sequence of N vectors for the word, the generator transits through a sequence of

N+ 2 states in the HMM, beginning with the non-emitting initial state and terminating in the final,
absorbing state. At each time instant it draws observations from the state distribution of the state it isin at

that time instant. The sequence of vectors so generated is said to be generated by the HMM.
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The model for the generating mechanism for a sequence of words is also an HMM and easily con-

structed by concatenating HMMs for individual words. Figure 2.2 shows an example where the HMMs for

three words have been concatenated to obtain an HMM modeling a sequence of three words.

WORD 1 WORD 1 WORD 1

Figure 2.2 Example of constructing the HMM for a sequence of words from the HMMs of individual words. The
non-emitting terminating state of any word is merged with the non-emitting initial state of the next word. The merged
stateis no longer an initial state or aterminating state. However, it remains non-emitting, and no state distribution is
associated with it. The resulting HMM has anon-emitting initial state, a non-emitting terminating state and several
intermediate non-emitting states as well.

The statistical parameters of the HMM representing a sequence of words W are the set of transition
probabilities, represented as a matrix Ay, and the set of state probability distribution functions. The
matrix A,y consists of elements a,,(i, ]), which represents the probability that the generator will be in

state j in the next time instant, given that it is currently in state i . Thus, for an HMM with K states, we

have
K

> a,(i,j) = 1.0 (2.2)

=1

The state distribution of the k' state is represented by Pw, k(X) , where X represents any parameter

vector that belongsto the k" state. In speech recognition systems the various state distributions are usually
modeled as Gaussians or mixtures of Gaussians [Juang 1986]. Typically, for computationa efficiency,

these Gaussians are assumed to have diagonal covariance matrices, i.e. covariance matrices where the off-

diagona elementsare all 0. For simplicity we represent the state distribution of the k" state as

Pw (X) = MG(X;¢) (2.3)
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where MG(X;(p\l'(V ) denotes a Gaussian mixture distribution corresponding to the k' state of the HMM
representing the word sequence W and (p\l'(\' represents the set of parameters associated with it. We denote

the set of @ for all the states in the HMM for W as Ay,. Ay and Ay represent the complete set of

parameters needed to uniquely identify the HMM modeling W.

The probability of any vector sequence S that is generated by the HMM for W is now given by

P(S|W) = z P(S s|W) = z P(s|\W)P(S|s) (2.4)

s st=,p

where S represents any state sequence that the generator can follow when generating S, and = represents
the set of all possible state sequences. The state sequence S is, quite literally, a sequence of states, one for

every feature vector in S. That is,

S = [S1,S), S3 ..+, S\ (2.5)
where N isthetotal number of vectorsin the sequence S, and s, isthe state associated with the t " vector
in S, S(t) . The probability terms in the right hand side of Equation (2.4) can now be written as

P(S|s) = M MG(S(t);¢5)
t (2.6)

P(s|W) = a(0, 1) [ a(su St 1)
t

where a(0, s;) representsthe probability of transiting from the 0™ state (i.e the initial non-emitting state)
of the HMM for W to the first state in the state sequence S, and a(s;, S; , 1) represents the probability of

transiting from state S, to state s, , ; . Equation (2.4) can now be rewritten as
P(S|W) Ea(0 )& )D] MG(S(t) W)E 2.7

= ,S a(s, NO) .
sDzEpD 1|?| Stst+1%jl )5

Ideally, recognition would be performed as
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~ 0 L
W = argmaxWEP(W) P(s|W)P(S|s) E (2.8)
sO

However, for easy implementation, HMM based speech recognition systems usually estimate not just
the best word sequence, but also the best state sequence associated with the word sequence. i.e. recognition

is performed as
e argmaxyy, { P(W)P(S, s|\W)} = argmaxyy, { P(W)P(s|W)P(S|s)} (2.9

which can be further expanded into

~ O 0 [ w D
W = argmaxy, SEP(W) Ba(o, S1) |‘| a(s, s+ 1)%" MG(S(t);(pS[)EE (2.10)
t t

In order to evauate Equation (2.10) fully, the term within the braces would have to be computed for

every possible word sequence in the language. This would be impractical. In practice, dynamic program-
ming methods are used [Viterbi 1967] to obtain locally optimal estimates for W.

The CMU Sphinx-111 HMM based recognition system has been used exclusively to evaluate missing
feature methods in this thesis. This is a phone-based recognition system. Words are further decomposed
into sequences of phones and the HMMs for words are built by concatenating the phone HMMs. Further,
in order to reduce the total number of parameters needed to construct HMMs for al the phonetic units
modeled by the system, the state distributions of states of the HMMs of the various phonetic units are

shared, i.e. the same distribution is used by the states of the HMMs of several phonetic units.

2.3 The effect of noise on speech recognition systems

Speech recognition systems function on the assumption that the distributions modeling the various
sound classes in the recognizer are representative of the speech being recognized. In other words, it is
assumed that the distributions of the feature vectors representing the various sound classes in the test data
are very smilar to the corresponding distributions in the recognizer. When the distributions in the recog-
nizer have been trained from clean speech thisis only true if the speech being recognized is clean as well.

When the speech being recognized has been corrupted in any manner the two distributions are no longer
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similar [Moreno 1996]. We can represent any noisy utterance as being a clean utterance that has been ren-
dered noisy by some transformation. If we represent the tt" feature vector of an utterance of clean speech
as S(t), and the corresponding feature vector of the corrupted utterance as Y(t) , we could represent the
relation between them as

Y(t) = T(S(t)) 2.11)

where T( ) is the transformation that converts any clean speech feature vector to a noisy speech feature
vector. If we represent the distribution of the feature vectors of clean speech representing a sound S as

P<(S(t)) , and the distribution of the corresponding vectors of the corrupted speech as P¢(Y(t)) , we have
Ps(Y(1)) = Ps(T(S(1))) (212)

The recognizer models the sound S by the P¢(S(t)), the distribution of clean speech vectors for that
sound. However, the distribution of vectors in the test data for the sound s is P(Y(t)). We see from
Equation (2.12) that P(Y(t)) # Ps(S(t)) unless T( ) is an identity transformation. This mismatch

between P4(S(t)) and P4(Y(t)) causes the performance of the recognition system to degrade greatly.

This mismatch can be eliminated if the distributions in the recognizer are learned using speech that has
been subject to exactly the same kind of degradation as the test speech. However, even in this scenario, the
effect of corrupting noise is to increase the inherent variability between different instances of any sound
and the resulting recognition accuracy is significantly lower than when the data used to train the recognizer
and the test data are both clean. Further, this requires precise control over the recording conditions of the
test speech in order to keep them identical to that of the speech used to train the recognizer. In most practi-
cal situations mismatches between the distributions used by the recognizer and the distributions of the test
data persist. Figure (2.3) shows the recognition performance of a speech recognizer on speech that has
been corrupted by noise. As can be seen, the effect of noise isto degrade recognition accuracy greatly even

when the distributions in the recognizer are perfectly matched to the distributions of the noisy speech data.

There are two possible approaches to reducing the mismatch between the distribution of test data and

the recognizer distributions. In the first approach the test data is transformed in some manner such that the

distributions of the transformed test datamatch the distributionsin the recognizer. i.e., Y(t) istransformed
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Figure 2.3 Recognition accuracy as a function of the signal-to-noise ratio of the speech being recognized. The lower

curve represents a “mismatched” recognizer, where the recognition system has been trained on clean speech, but the
test speech is noisy. The upper curve represents a “matched” recognizer, where the recognition system has been
trained with speech that has been subject to the same level of noise as the test speech.

by atransformation Ty( ) such that

P(T4(Y(1)) OP(S(1)) (2.13)

Recognition is now performed with Ty(Y(t)) instead of Y(t). This approach isreferred to as the data

compensation approach, since the noisy test data are being transformed to compensate for the corrupting

noise.

The second approach to reducing the mismatch between the distributions in the recognizer and the dis-

tribution of the test datais to transform the recognizer distributions in some manner, such that they are now

similar to the test data distribution. i.e., the distributions P4(S(t)) are transformed by a transformation

T,( ) such that
Tm((Ps(S(1))) OPg(Y(1))) (2.14)

Recognition is now performed using T,(Ps(S(t))) instead of P¢(S(t)). Since components of the

classifier are being modified to compensate for the noise, this approach is referred to as the classifier-com-

pensation approach.

In HMM -based systems the recognizer distributions are transformed by transforming the parameters of

the mixture Gaussian state distributions of the HMMs modeling the various speech sounds.

Py, k(Y (1)) OMG(S(t); Tn(®)) (2.15)
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where Py, (Y(t)) isthe distribution that would have represented the k' state of the HMM for the word

sequence W, had the recognizer been trained with Y(t) . Recognition is performed using Tm((p\liv ) asthe

parameters of the state distributions.

Severa data-compensation and classifier-compensation methods have been proposed in the literature.
Among data compensation methods, methods such as CDCN [Acero 1993] and VTS [Moreno 1996]
model the effect of noise on the feature vectors of clean speech using a parametric model and learn the
parameters of this model based on samples of the noisy utterance being recognized and the a priori distri-
butions of clean speech. They then attempt to transform the feature vectors of the noisy speech back to
their clean counterparts using the learned parameters. Other methods such as RATZ [Moreno 1996] and
POF [Neumeyer 1994] use “stereo data” - data that have been simultaneously recorded in clean and noisy
environments - to learn the relations between the feature vectors of clean speech and those of noisy speech.
This relationship is later used to estimate the clean speech feature vectors corresponding to the vectors of
any noisy utterance. Still other methods such as spectral subtraction [Boll 1979] and Wiener filtering [Por-
ter 1984] estimate the spectrum of the corrupting noise and use it to reduce the noise level in the noisy

speectsignal, rather than on its feature vectors.

Among classifier compensation methods, methods such as PMC [Gales 1993] and model composition
[Varga 1990] use analytical models of the effect of noise on the feature vectors of clean speech and use
these models to transform the parameters of the Gaussian mixture state distributions of the HMMs. Meth-
ods such as MLLR [Leggetter 1994], on the other hand, simply transform the parameters of the mixture
Gaussian state distributions usingadfine transform, to best fit the noisy speech. The parameters of the
affine transform are learned from “adaptation data” - data that have been regndgedhe same condi-

tions as the noisy speech being recognized.

All of these methods assume, either explicitly or implicitly, that the noise that is corrupting the speech
signal does not vary much over the course of the utterance. The noise is assumed to affect the feature vec-
tors (or the distributions of the feature vectors) of any instance of a particular sound in exactly the same
manner as it affects every other instance of the same sound. As a result, while these methods are fairly suc-
cessful at compensating for stationary noises they are, in geneféégdine in the presence of non-sta-

tionary noises [Raj 1997].
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The effect of non-stationary corrupting noises on speech recognition accuracy is different from that of
stationary noises. Figure 2.4a compares recognition accuracy obtained on speech corrupted by stationary
white noise, with that obtained on speech corrupted by music, which isa non-stationary signal. Figure 2.4b
shows the improvement in recognition accuracy obtained when CDCN compensation is applied to both
cases. We observe that at any given SNR the recognition accuracy obtained with speech that has been cor-
rupted by music is greater than that obtained with speech corrupted by stationary noises. Thisis because at
any given SNR the energy in music is much more localized in time due to its non-stationary nature than the
energy in white noise. As a result, while some regions of the speech get corrupted to a greater degree by
music than they do by white noise, other regions do not get corrupted much. The higher recognition perfor-

mance of the recognizer in these less corrupt regions results in greater overall accuracy.

On the other hand CDCN compensation does not improve the recognition performance of speech cor-
rupted with music, while it is quite effective on white noise. Similar results are obtained for speech cor-
rupted by other non-stationary noises, and for other compensation methods. In general, while the effect of
non-stationary noises is not as damaging to recognition accuracy, it is not possible to compensate for the
effect of the noise effectively with current compensation techniques. Clearly, new approaches are required

to handle non-stationary noises.
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Figure 2.4a Recognition accuracy obtained with speech
corrupted by white noise, and speech corrupted by a
segment of music, at various SNRs.

Figure 2.4b Relative improvement in recognition error
rate obtained by applying CDCN compensation to
speech corrupted by corrupted by white noise and music

It iswell known that human beings are sell able to comprehend speech that has been heavily corrupted
by both stationary and non-stationary noise [Lippmann 1997][Miller 1950]. It is also known that human
listeners are able to comprehend speech which has undergone considerable spectral excisions. For exam-

ple, normal conversation is possible with speech that has been either high-pass or low-pass filtered with a
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cutoff frequency of 1800Hz [Fletcher 1953]. Similarly, speech that is occluded by interfering signals and
corrupting noises is easily comprehended by humans. The human auditory system also exhibits the so-
called capture effect [Moore 1997] by which locally more intense signal components dominate the neural
response, suppressing the weaker components, sometimes completely. Phenomena such as excisions,
occlusion, and the capture effect can be represented as occlusions of spectro-temporal regions in time-fre-
guency representations of the speech signal. They therefore suggest that there is sufficient redundancy in
the speech signal for it to be recognized based only on a fraction of spectro-temporal information present in
it.

This observation has motivated two new approaches to robust recognition of noisy speech: the multi-
band recognition approach, and the missing-feature approach. In these approaches the recognition system

is modified to concentrate only on those portions of the speech signal that have been less corrupted by
noise, rather than the entire signal. L et us represent the kth component of the t th feature vector of an utter-
ance of clean speech as (t, k), and the corresponding component for the corrupted speech as Y(t, k) .

Let T; () bethetransformation corrupting S(t, k) such that
Y(t k) = Ty ((S(t k) (2.16)

The new approaches attempt to improve recognition by concentrating only of those components of the

noisy speech for which Y(t, k) 0T,  (S(t, k)), i.e. the components for which the difference between the

noisy speech and the clean speech, E(t, k), issmall, where E(t, k) is defined as
E(t, k) = |Y(t K)-T, (St W) (247

For these components the mismatch between the distributions in the recognizer and the distributions of
the test datais also small. Components for which E(t, k) islarge are either deweighted or discarded com-

pletely.

Multi-band recognition approaches decompose speech into separate frequency bands and perform rec-
ognition independently on the various frequency bands. The recognition hypotheses of the individual
bands are combined to abtain the fina recognition hypothesis. During recognition the contributions of fre-
guency bands where the error between the parameters of clean speech and those of noisy speech are

expected to be large are given less weight with respect to the bands where the error is expected to be
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smaller [Hermansky 1996] [Bourlard 1996].

Missing-feature approaches, on the other hand, do not decompose speech into frequency bands. Instead,

they assume that those components of a spectrographic representation of speech for which E(t, k) islarge

are in fact unknown or missing (hence the name “missing features”), andettiesnprecgnition based

only the remaining components [Cooke 1994][Lippmann 1997]. In other words, they model the effect of
noise on speech as that of obscuring some of the components of the spectrographic representation, result-
ing in incomplete spectrographic data for that utterance. The problem of recognizing noisy speech then
becomes one aflassification with incomplete data. We describe how the effect of noise on speech can be
modeled as missing spectrographic data in Chapter 3. Missing-feature approaches and the problem of clas-

sification with incomplete data are discussed in greater detail in Chapter 4.

Both multi-band and missing-feature approaches have the advantage that they do not make any explicit
assumption about the characteristics of the noise corrupting the speech. The procedure for compensating
for the noise is independent of whether the noise is stationary or non-stationary. They do however need to
know beforehand which components of speech have been badly corrupted by the noise, and which have
been less affected. Thegimem of estimating this information in the context of missing-feature approaches

is discussed inrgater detail in Chapter 8.

Missingfeature approaches have the advantage over multi-band approaches that they do not assume
that different frequency bands are independent of each other. However, they have the disadvantage that
they are restricted to performing recognition using spectral features. This restriction is discussed in greater

detail in Chapter 4.

In this thesis we attempt to eliminate this restrictiorrdmpnstructing those components of a spectro-

graphic representation of speech for whieft, k) is lqmger to recognition. We are, in effece-for-

mulating the missing-feature approach as onefefence of missing data, rather than that of classification

with incomplete data. The problem of inference of missing data in incomplete data sets has been well stud-
ied in the field of statistics and other related fields. In the following section we briefly review the literature

on the topic from these fields.
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2.4 Incomplete Data M ethods

Incomplete-data methods are methods that are applied for the analysis or study of data sets where some
of the components are missing. Usually they deal with the estimation of the missing components of the
data set. Alternately, they may deal with the estimation of the gtatistical properties of the data, based only

on the incomplete data set.

Data sets could be incomplete for several reasons. For example, data could be missing due to the char-
acteristics of the process that generated the samples. Incompl ete data are frequently encountered in sample
surveys [Madow 1983] where some respondents chose not to respond to certain queries in the survey, or
prefer not to respond to the questionnaire at all. Data occlusion is another reason for incomplete data
[Ahmed 1993]. This could happen, for example, where some of the regions of interest in a picture are
occluded by irrelevant objects, or when some portions of a sound recording are occluded by noise. Incom-
plete data may also result from loss of data. Segments of sound recordings may be lost due to damage to
the recording media. Portions of data may be lost during transmission over acommunication channel. Data
points that are obviously non representative can also give rise to missing data [Rubin 1987]. For example,
in a survey where one of the queries is the age of a person, a response such as 937 is obviously erroneous
and needs to be treated as unknown. Similarly, speech samples that are corrupted by very high levels of

noise can be treated as unknown.

We note from the above examples that there are several mechanisms that render data unobservable to
the observer. These mechanisms themselves, in turn, can have different characteristics. In the case of the
incomplete or erroneously completed sample surveys, the non-response to a particular query may be
related to the query itself (e.g. people who are unwilling to divulge their incomes), or to the actual response
to the query (e.g. people belonging to a particular demographic group being unwilling to identify them-
selves as such). The non-response to a particular query may even be related to the response to other queries
in the survey (e.g. people belonging to a particular demographic group being unwilling to divulge their
incomes). Similarly, in the case of the picture with occluded regions also the missing data mechanism can
vary. The mechanism can be completely random, asin the case of cars moving down a street occluding the
objects on the other side of the street. The mechanism could be related to the content of the picture, e.g.

bees occluding regions of flowers. In speech corrupted by noise, the mechanism causing incomplete data
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depends on the content of the sound. The high energy and clearly enunciated regions of the signal are more

likely to remain comprehensible than low energy regions.

In all the above cases we are able to distinguish between atruth and a missing data mechanism. By truth
here we refer to the true value of the missing components of the data. In the case of the sample survey, for
example, this would be the response that the respondent would have given to a query had he responded to
it. For the picture this would be what the camera would have captured had the occluding object not been in
place. When dataislost in transmission or storage this would be the value the data point had before it was
lost. For al of these cases there exists a hypothetical data set corresponding to the incomplete data set,
where all the components are present. The terminology we adopt [Little 1987] refers to this hypothetical
data set, where no components are missing, as the complete data. Data sets that are missing some of their
components are referred to as incomplete data. The missing data el ements or components are referred to as
missing data, or missing features. The mechanism that renders some of the complete data unobservable,

thereby resulting in incomplete data, is referred to as the missing data mechanism.

Missing data mechanisms are usually categorized into three types [Ghahramani 1993]. The three cate-

goriesare:

1) Missing Completely At Random (MCAR): The missing data mechanism in this case is completely
random. As aresult, the probability that any component of the complete datawill be deleted by the
mechanism is independent of both the component itself and the rest of the data set.

2) Missing At Random (MAR): Here the probability that any component of the complete data will be
deleted depends on the value of the observed data.

3) Not Missing At Random (NMAR): Here the probability that any component of the complete data
will be deleted depends both on the value of the observed data, as well as the value of the deleted
data point itself.

Of these, MCAR missing data patterns are the most difficult to predict (based on the compl ete data), but
the least problematic, because of the unsystematic nature of the deletions. MAR and NMAR missing data
mechanisms on the other hand cause systematic deletions of data, and while the missing data patterns are

more predictable, they can be very damaging to any analysis based on the data.

Itisdifficult, if not impossible, to perform any meaningful statistical analysis of the processes underly-

ing any dataif the dataareincomplete. Similarly, classification of, or prediction on the bases of incomplete
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datais not simple. Standard statistical procedures cannot be directly applied to such data sets since such

procedures assume the existence of complete data.

Most incomplete data methods in the literature deal with the estimation of the missing data. The process
of estimating the missing data components is referred to as imputation. The earliest used method of impu-
tation was the so-called mean imputation [Ahmed 1993]. In mean imputation missing components of a
vector are filled in by the average value of that component. This problem has the obvious disadvantages
that it under represents the variability in the data, and also ignores the correlations between the various
components of the data completely. The US Census Bureau attempts to handle missing data points in its
sample surveys by a procedure known as Hot Deck Imputation [David 1983]. The hot deck procedure
finds, for each incomplete data vector, a matching complete data vector, i.e. the data vector that is closest
in terms of the components that are present in both vectors. The missing components of the incomplete
data vector are then filled in with the corresponding components of the matching complete vector. Hot
deck imputation, once again, has the shortcoming that the estimate of the missing data components are
based on a single complete vector in the data set, ignoring any global properties of the data set. It also
ignores the possibility that the matching vector itself may have been an outlier in the components of inter-

est.

Severa imputation methods have been proposed in the literature that use decision trees to impute the
values of missing data points [Quinlan 1989]. Of these, methods based on Classification And Regression
Trees have been most popular [Breiman 1984]. In these methods, the set of al complete data vectorsis par-
titioned recursively into a tree based on a set of logical “questions”. Individual complete vectors form the
leaves of this tree. Incomplete data vectors are paksed the tree based on their answers to the questions
at each node in the tree, until they reach a leaf. The missing components of the vector are obtained from the
vector at the leaf. Whilehts procedure is simple and useful for multinomial data sets, their use becomes

very complicated for data that can take values from a continuous range.

A more statistically motivated procedure that is frequently usBeggsession Imputation [Mendenhall
1996]. The missing components of incomplete data vectors are imputed as a linear regression of the com-
ponents of the vector that do exist. The regression coefficients are estimated from any existing set of com-
plete data vectors. The drawback of this procedure is that all imputed values fall along a single regression

line thereby under representing any variationement in the data. Also, there are implicit symmetry
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assumptions about the distribution of the data that may not be valid.

Expectation Maximization, or EM, is a statistical technique that is highly suited to the estimation of the
distributions of incomplete data sets [Dempster 1977]. The procedure iteratively finds the “expected
value” of each of the missing elements in the data set, and uses these expected values to find the distribu-
tion of the data. EM can be further reinforced by the usefori statistics of the value of the missing

components. This procedure is usually referred to as Bayesian EM [Ghahramani 1994].

Most missing data methods described in the literadmeemostuited to handle multinomial data sets
and data such as incomplete sample surveys. Also, most of them assume that the incomplete data has
occurred due to the deletion of elements from the complete data, and that no other data corrupting mecha-
nisms aranvolved. Additionally, in most of the missing data methods described above, the missing com-
ponents of an incomplete dataset are estimated based only the properties of observed portion of the

incomplete data.

In the following section we describe three methods that asawrieri knowledge of the distribution
of complete data, and use these in conjunction with the observed data to estimate the missing components

of the data.

2.5 Satistical methodsfor estimating missing data

Statistical methods assunaepriori knowledge of the distribution of the complete data, and use this
knowledge to estimate the missing data. It is useful to introduce some mathematical notation here in order

to simplify the explanations presented in the rest of the chapter. We represent the hypothetical complete

data by the symboK X in turn has two components, the observeXdata and the misskg data

The complete data is the combination of the two, a relation that we den¥te=byX ,, X,

Statistical estimation methods assume that either the probability distribution of the complete data, or
that some of the statistical properties of the data that are derivable from this distribution, are known. Let
P(X;@) represent a parametric model for the distribution of the complete data, @here  represents the

parameters of the parametric model PIfX;®) were Gausglan, would refer to the mean and the vari-

ance of the distribution. From this distribution the conditional probability distrib@i@ﬁm‘xo;(p) and
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the conditional distribution P(Xo‘ X m:®) , can be derived. Statistical estimation methods can be employed
where any of these distributions are known.
2.5.2 Minimum Mean Squared Error (MM SE) estimation

In MMSE estimation the missing data are estimated to minimize the expected mean squared error
between the estimates and the true value of the elements, conditioned on the observed data [Therrien

1992].

Xm = argminy EE[HXm—XﬁnHZ‘XO]E (2.18)
O 0

where Xm is the estimate for the missing data, and Xtm isthetrue value of X,,. Only the first and second

moments of the conditional distribution of the missing data, P(X m‘ Xo:@) are needed for MM SE estima-
tion.

2.5.3 Maximum Likelihood (ML) estimation

In ML estimation the missing data are estimated so as to maximize the conditional likelihood of the val-

ues of the observed data X, [Therrien 1992].
Xm = argmaxy { P(Xo‘xm, 0)} (2.19)

This method bases the estimates of the missing values entirely on the observed data X, , with no refer-
ence to the inherent statistical distribution of the missing data. It has the advantage however, that the a pri-

ori distribution of the missing data, P(X,,;) need not be known.

2.5.4 Maximum A-Posteriori (MAP) estimation

MAP estimation has been extensively used in the methods described in this thesis. We therefore
describe the MAP estimation procedure in somewhat greater detail than the previous methods. In MAP

estimation the missing data are estimated to maximize their likelihood, conditioned on the values of the
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observed data [Therrien 1992].

Xm = argmaxy { P(X;,|Xq;9)} (2.20)

We note that when P(Xm‘ X0:®P) isGaussian, MMSE and MAP estimates are identical since a Gauss-
ian distribution is completely described by itsfirst and second moments.

MAP estimation can be simplified to a linear regression when the distribution of the complete datais
Gaussian. For simplicity, we assume that the elements of the complete data X have been arranged into a
vector, such that the observed components of the complete data form the initial portion of this vector, and

the missing components form the training portion. The observed and missing data, X, and X_,,, are also

arranged into vectors, such that

X = [Xo Xyl (2.21)

This assumption does not lead to any loss of generality since any set of M elements can be represented

as avector in an M dimensiona space, and the order in which the components are listed in this vector

merely denotes the order in which the various dimensions are arranged.

Let P(X;H, ©) be aGaussian distribution with mean vector 1 and covariance matrix © . The distri-
butions of X, and X,, P(X,:H, ©) and P(X,;l, ©) would therefore also be Gaussian [Papoulis
1991]. If the mean vectors of P(X,;H, ©) and P(X,;H, ©) aregiven by p, and L, respectively, and

their covariance matricesby ©, and O, respectively, we have

M = [Ho Ml (2.22)
and
0, 0
© = | (00 —om 2.23
{@mo emnj ( )

where O, isthe cross covariance between X, and X,,and ©,, = O om.

It can now be shown that P(Xm‘Xo, U, @) isgiven by
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Figure 2.5a Gaussian distribution of a 2 dimensional Figure 2.5b The same Gaussian sliced at X = 2. The flat
random vector. The mean of the Gaussianisat [1,1]. surface in the figure represents the distribution of all

The X and Y components have covariance 1.0, and the vectorswhose X component is 2. Thisdistribution peaks
covariance between X and Y is 0.5. at Y=Yl Thus Ylisthe MAP estimate of Y when X is2

_ T _ -1
P(X|Xor 1 ©) = Cexp(—0.5(X = Hy©0,100 " 00(Xo — Ho)) (Orm—Orno@o0@om)  (2:24)
(Xin= M1 © " 00(Xo = Ho)))

where C isanormalizing constant. Combining Equation (2.20) and Equation (2.24), we get
9 —1
Xm = argmaxy { P(Xm‘Xo, L 0O)} = X+ 01500 00(Xy—Ho) (2.25)

The MAP solution given in Equation (2.25) is best visualized using the two dimensional example
shown in figures 2.5a and 2.5b. In this example X is atwo dimensiona vector, with components X, and
Y, of which X has been observed and Y is missing. In the example the observed value of X is 2. Thedis-

tribution of X, P(X|H, ©), isaGaussian, and is shown in figure 2.5a

Since X isknown to be 2, we are only interested in the distribution of vectorswith X = 2. Figure 2.5b
shows the dice of the distribution P(X|p, ©) a X = 2. The vertica face in figure 2.5b represents
aP(Y|X =Xy M, ©), where a isascaling constant. This distribution is observed to peak at Y = Y,

which indicates that the most frequently occurring values of Y liein an small region around Y, . The MAP

estimate for Y istherefore Y, .
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Figure 2.6 Cross section of Gaussian in figure 2.5a. The solid horizontal line shows the observed value of X. The cir-
cle on theintersection of the solid diagonal line, and the dotted line, shows where the distribution of vectors with X=2
peaks. Thisisthe MAP estimate of Y when X=2. The solid diagona line shows how the position of this peak varies at
each value of X.

Figure 2.6 shows a projection of the Gaussian shown in figure 2.5athe X-Y plane. The solid linein the

figure traces value of Y at which a slice of the Gaussian peaks at any value of X. i.e. the line traces the

MAP estimate for Y asafunction of the observed value of X. Ascan be seen, the relationship between the

two isaline, the equation for which is given by Equation (2.25).

2.6 Summary

In this chapter we have presented a brief overview of automatic speech recognition systems and a brief
survey of current literature on missing data methods. We have also explained some statistical missing data

inference methods in relatively greater detail.

In the next chapter we describe time-frequency representations of speech, and how the effect of noise

on speech can be modeled as missing features in these representations.
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Chapter 3
M odeling the effect of noise as missing features

3.1 Introduction

Missing-feature methods model the effect of noise on speech as the deletion of regions of time-fre-
guency representations of the speech signal. While there are several time-frequency representations where
the effect of noise can be so modeled, the time-frequency representation most commonly used is the spec-

trogram [Rabiner 1978]. Thisis the representation that has been used in this thesis.

In this chapter we describe the spectrogram, and its mel-spectral variant, which we specifically use. We

also describe how noise affects the spectrogram, and how the effects can be modeled as missing features.

3.2 The Spectrogram

The spectrogram is a commonly used two dimensional representation of the speech signal. It isapicto-
rial representation of the short-time periodogram [Therrien 1992] of the signal. The short-time peri-

odogram of asigna isgiven by

Pl @) = 5 X0, @) (3.1)
where
X(w) =y X[K]W[ I — K] e74¥ (3.2)
k = —o0

where W[I] isawindow of length 2L + 1. Each windowed segment of the signal is referred to as aframe
of thesignal. X(l, w) isthevaueat w of the Fourier transform of aframe of speech centered around | .
X(I, w) isdso called the short-time Fourier transform [Rabiner 1978] of the signal.

The short-time periodogram of a speech signal therefore consists of a sequence of power spectra, one
for each samplein thesignal. P, (I, w) representsthe power in frequency w at timeinstant | inthe signal.

In practice, the short-time periodogram is not computed for every frequency, or at every timeinstant. Itis
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Figure 3.1 Thisfigure shows the wideband spectrogram  Figure 3.2 This figure shows the narrowband spectro-

of the utterance “Redefine Area Alert”. The length of gram of the same utterance. The length of the analysis
the analysis windows was 10ms. Adjacent windowswindow was 30ms. Adjacent windows were overlapped

were overlapped by 5ms. The dark bands represebly 5ms. The harmonic nature of speech is evident in the
peaks in the spectral envelope. These peaks are calléidure due to the length of the analysis windows. How-

“formants” and their trajectories are characteristic of thesver the formants are not so clearly visible in this figure.

sounds in the speech signal.

sufficient to compute X(I, w) at only 2L + 1 points along the frequency axis, and for every L/ 2" point

in the sequence, for it to be completely invertible. In practice, for speech recognition systems, the time axis

is sampled less frequently: typically the short-time Fourier transform is computed for every L th samplein
the sequence. The short-time periodogram derived from it therefore consists of a sequence of power spec-

tral vectors, each of which has 2L + 1 components and represents a short segment of the speech signal.

The spectrogram represents the short-time periodogram as a picture as in Figures 3.1 and 3.2. In these
figures the abscissa represents the time (I ) axis, the ordinate represents the frequency (w) axis, and the
color, or the intensity of the picture at any location (I, k) in the picture encodes the vaue of
log(P, (I, w,)), where P, (I, w,) isthe k™ component of the | ™ power spectral vector in the short term

periodogram. Although the term spectrogram usually refers to these pictoria representations, we also use
it to refer to the logarithm of the short-time periodogram. Thus the spectrogram consists of a sequence of
log-spectral vectors where (1, k) , the k'™ component of the | ™ log-spectral vector in the spectrogram is
given by

S(I, k) = log(P(I, wy)) (3.3
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The difference between Figures 3.1 and 3.2 isin the length of the analysiswindow, w[l] . Longer win-
dows result in greater frequency resolution, but lower resolution of quick changes in the spectrum with

time.

The MEL spectrogram

A variant of the short-time Fourier transform of the speech signal that is used commonly by speech rec-
ognition systems is the mel-spectral representation [O’'Shaughnessy 1987]. The mel spectrum, in principle,
tracks the power at the output of a band of filters, called the mel filters. In practice, the mel spectrum of a

frame of speech is approximated by integrating over the DFT of the windowed speech signal as follows:
2L _ 02
Py(l k) = Zomk(J)|X(|,J)| (3.4)
j =

whereP, (1, k) is thek' component of the mel spectrum in th8 analysis window anan,(j) is tHd"

DFT coefficient of the irpulse response of tHe" mel filter. X(1, j) is thej "frequency component of the

DFT of thel " analysis window of the speech signdi] . The mel spectrum can be viewed as an spec-
trally smeared version of the short-time periodogram. Frames are typically 25 ms long, and overlap by 15

ms for the mel-spectral representation.

Themel spectrogramis simply obtained from the mel spectrum as

S(1, k) = log(Py(l, k)) (3.5)

Thus, the mel spectrogram consists of a sequence of log mel-spectral vectors, each of which has  compo-

nents, wherdK is the total number of mel filters.

The mel spectrogram can be viewed as a variant of the spectrogram that uses an spectrally smeared ver-
sion of the short-time periodogram. In subsequent chapters of this thesis we therefore use the term “spec-
trogram” to refer tdoth the spectrogram described in Section 3.2 as well as the mel spectrogram. We use
the term “spectral vector” to represent both the log-spectral vectors of the spectrogram, and the log-mel-
spectral vectors of the mel spectrogram. We generically refer to the components of a spectral frector as
guency components of that vector, irrespective of whether the underlying spectrogram is a true

spectrogram or a mel spectrogram. This should not cause any confusion, however, since all spectrogram-
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related methods described in this thesis apply equally to both kinds of spectrograms.

All experiments in this thesis were conducted with mel spectrograms. Typically, speech recognition
systems use 40 mel filtersto parametrize broadband speech. However, for all the experimentsin thisthesis
we have used only 20 filters covering the frequency range. Figure 3.3 shows the mel spectrogram of a

speech utterance. The abscissa represents the frame index, the ordinate represents the mel filter index. The
color/shade of the picture at any (I, k) encodes the value of the corresponding S, (I, k) . Since the normal

spectrogram described in Section 3.2 is obtained from the short-time Fourier transform of the signal, it can,
in principle, be inverted to retrieve the speech signal (provided the phase information in the short-time
Fourier transform is available). The mel spectrogram, on the other hand, cannot be inverted to retrieve the

speech signal, except to a very crude approximation.

-

"
in

Figure 3.3 Mel spectrogram of the utterance “Redefine Area Alert”. 20 mel filters covering the frequency range 150
Hz to 8 KHz have been used for this representation. The vertical axis represents the index of the mel filter. The hori-
zontal axis represents the index of the mel-spectral vectors in the spectrogram. The analysis windows were 25 ms
long. Adjacent windows are overlapped by 15 ms.

3.3 Effect of noise on the spectrogram

When the speech signal is corrupted by additive noise, we have
y[ll = x[I1]+n[l] (3.6)

where y[1] isthe noisy speech signal, X[1] isthe clean speech signal, and n[l] isthe noise that has been

added to the signal. The short-time Fourier transform of the noisy signal is given by
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Y(he) = 3 (X[K] + n[K])w[l —k]e7@¥ 3.7)

k = —o0

Y(I, ®) = X(I, @) + N(I, w) (3.8)

where N(I, w) isthe short-time Fourier transform of the noise. If we assume that the noise is uncorrel ated
to the speech signal, the short-time periodogram of the noisy signal is given by [Oppenheim 1989]

Py(l, w) = P(l, w) +P,(l, w) (3.9

where P, (I, w) isthe short-time periodogram of the noise. The signal-to-noiseratio (SNR) in the spectro-

gram of the noisy signal at any (I, K) isgiven by

SNR(I, k) = 10log %5 (3.10)

As can be seen from Equations (3.9) and (3.10) above, the SNR of the elements of the spectrogram is a
function of both time and frequency. Typically, for any level of noise, the spectrogram would have regions
of very high SNR, aswell as regions of very low SNR. Asthe global SNR of the noisy utterance decreases
the proportion of high-SNR regions decreases, while the proportion of low-SNR regions increases. Figure
3.4 shows a quantized version of the wideband spectrogram of an utterance of speech corrupted to 20 dB
by white noise. All regions of the spectrogram where the local SNR is|ess than 0 dB are colored white and
all regions where the SNR is greater than 0 dB are colored black. Figure 3.5 shows a similar quantized
spectrogram of speech corrupted to agloba SNR of 0dB. Asis apparent from the two pictures, the fraction
of the pictured covered by the black regions is considerably lesser in Figure 3.5 than in Figure 3.4. Con-
versely, the fraction of the picture colored white, i.e. low SNR regions, is considerably higher in Figure

3.5.

The same logic can be applied to the mel spectrogram to show that the mel spectrogram of the noisy
speech signal given in Equation (3.6) can be expressed as the sum of the mel spectrum of the clean speech

signal and the mel spectrum of the noise

Py(l, k) = Py(l, k) + Py(l, k) (3.11)

Similarly to the spectrogram, the local signal to noiseratio of the mel spectrogram of the noisy speech sig-
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Figure 3.4 Quantized spectrogram of an utterance of
speech that has been corrupted to 20 dB by additive
white noise. All regions of the spectrogram where the
local SNR is greater than 0dB (i.e. where the speech
energy was greater than the noise energy) are colored
black. All regions with local SNR less than O dB are col-
ored white. Only frequencies up to 5 KHz have been
shown in the figure.
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Figure 3.5 Quantized spectrogram of the same utter-
ance, when corrupted to 0 dB by additive white noise.
Once again, al regions of the spectrogram with loca
SNR greater than O dB have been colored black, and all
regions with local SNR less than 0 dB have been col-
ored white. Once again, only frequencies up to 5 KHz
have been shown. The fraction of white regions hereis
clearly much greater here than in figure 3.4.

nal, given by

SNR(l, k) = 10Iogg"(l’k)

G k)E (3.12)

varies with both frame index | and filter index k. The mel spectrogram of noisy speech also exhibits both
regions of high SNR and regions of low SNR. Figure 3.6 shows the SNR of the mel spectrogram of an
utterance of speech corrupted to 10 dB by white noise. The abscissa represents the frame index and the
ordinate the mel filter index. The SNR is coded by gray shade - the darker the color, the greater the SNR.
As can be seen from the figure, there are severa regions of high SNR, and several other regions of very
low SNR. In thisfigure the lowest SNR regions correspond to segments where there is no speech at all and

the signal consists entirely of noise.

3.4 Modeling the effect of noise as missing featuresin the spectrogram

As mentioned in Chapter 2, thereis empirical evidence to the effect that human listeners concentrate on
the high energy regions of the speech [Moore 1997], effectively ignoring the low energy regionsin dealing

with noise. In other words, the evidence is taken from the so-called reliable spectro-temporal regions of
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Figure 3.6 Local SNR of the elements of the mel-spectrogram of an utterance corrupted to 10dB by additive wh
noise. The SNR isgray coded - the darker the color the higher the SNR of the element.

speech, while ignoring or deweighting the so-called unreliable regions. It stands to reason that an identical
concept could be applied to automatic speech recognition systems aswell. If the evidence used for recogni-

tion were derived only from the reliable regions of the spectrogram, eliminating the unreliable regions, the

recognition performance of the system would be expected to become much more robust to noise.

One way of measuring the “reliability” of any region in the tifrequency plane is to measure the SNR
of the signal component in that region. The higher the SNR the greater the reliability of the signal compo-
nents in that region, and the lower the SNR the lower the reliability. In order to eliminateliaility
regions from the spectrogram we would therefweese all low-SNR regions of the spectrograms, retaining

the high-SNR regions of the spectrogram alone.

Figure 3.7 shows the spectrogram of a noisy utterance. Figure 3.8 shows the same spectrogram, where
all those portions of the spectrogram where the noise energy was greater than the speecleanbeegg,
the local SNR was less than 0 dB, have been termed unreliable and erased. The resultant picture has several
elements missing. We refer to the pattern of present and deleted regions in the spectrograpeciothe
graphic mask for the spectrogram. We would now have to perform the task of recognizing what has been

said in the utterance, a statistical inference task, based on this incomplete picture.

In the Figures 3.7 and 3.8 all regions of the spectrogram where the local SNR was less than 0 dB have
been deemed unreliable. The threshold of O dB used here was arbitrarily chosen. Cooke et. al. [Cooke

1999] report that regions of the spectrogram where the SNR is lower thandrgé dBreliable, and con-
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Figure 3.7 Wideband spectrogram of an utterance of Figure 3.8 Wideband spectrogram of the same utterance

speech that has been corrupted to 15 dB by additive  when all regions with a local SNR less than 0 dB have

white noise. The utterance is “Redefine Area Alert”.  been deleted. The white regions in the figure represent
the deleted regions of the spectrogram.

tribute negatively to recognition performance. Using their definition, all regions of the spectrogram where
the local SNR is less than 15dB would be deemed unreliable and erased. Our experiments (reported in
Chapter 6) indicate that the optimal SNR threshold below which the spectrogram regions begin to affect
recognition performance poorly lies between 5 dB and -5 dB.

All statements in the above discussion apply to mel spectrogram as well. All regions with alocal SNR
below a preset threshold could be deemed unreliable and erased. Recognition would have to be performed

on the remaining figure. Figure 3.9 and Figure 3.10 show the mel spectrogram of an utterance of noisy
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Figure 3.9 Mel spectrogram of an utterance of speech ~ Figure 3.10 Mel spectrogram of the same utterance

that has been corrupted to 10 dB by additive white  when all regions with a local SNR less than 0 dB have

noise. The utterance is “Redefine Area Alert”. been deleted. The white regions in the figure represent
the deleted regions of the spectrogram.
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speech, and the same spectrogram where unreliable elements have been erased, respectively.

3.5 Summary

In this chapter we have described the spectrographic and mel-spectrographic representations of the
speech signal. We have also described how the effect of noise corruption can be modeled as deletions of
regions of the spectrogram. The result of such deletions are incomplete spectrograms. In the next chapter

we will describe conventional methods of recognizing speech with incomplete spectrograms.
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Chapter 4
Recognizing speech with incomplete spectrograms

4.1 Introduction

As explained in Chapter 2, a speech recognition system is a statistical pattern classifier. Statistical pat-
tern classification is the problem of identifying which of aset of L classes a given data set X belongs to
[Duda 1973]. Given a set of classes C;, and the distribution of the data belonging to each of the classes
P(X|C;), the optimal statistical pattern classifier estimates the class class(X) that adata set X belongs

to as[Duda 1973]

class(X) = argmax,{ P(X|C,)P(C,)} 4.2
where P(X|C,) isthelikelihood of X given that it belongs to the k" class Cy. and P(C,) isthe prior
probability of the k™ class. P(X|C,)P(C,) isthe a posteriori probability of the class C,

Consider asituation where some components of the data set are missing or occluded (i.e. they cannot be

observed or measured due to some reason). Let X, represent the observed portion of X, and X, the miss-

ing portion. The complete data is the combination of the observed and missing data, i.e. X = (X, X)) .
In this case Equation (4.1) becomes

class(X) = argmax{ P(X,, Xi|C)P(C,)} 4.2

Clearly, this cannot be directly evaluated since X, is not known and therefore its likelihood cannot be

computed. We are therefore faced with the problem of classification with incomplete data.

In the context of speech recognition systems the problem would be stated in the following manner. Let
S represent the sequence of parameter vectors derived from the utterance being recognized. The optimal

classifier given by Equation (4.1) becomes

W = argmaxy,{ P(S|W)P(W)} (4.3)

where W isthe recognized sequence of wordsin that utterance, P(S|W) isthelikelihood of S given that



Chapter 4. Recognizing speech with incomplete spectrograms 36

W was the sequence of words uttered, and P(W) is the prior probability that W was uttered. Let S be a
spectrogram with some components missing. S can be decomposed into its observed and missing compo-
nentsas S = {S,, S,;} , where S isthe observed portion of the spectrogram and S, isthe missing por-

tion. Equation (4.3) then becomes

W = argmaxyd P(S,, S| W)P(W)} (4.4)

Once again, this cannot be evaluated directly since the value of S, is not known. Thus the problem of
recognizing speech with incomplete spectrograms is also one of classification with incomplete data.

In order to perform classification (or recognition) with incomplete data (or spectrograms) it becomes
necessary to develop procedures that can compensate for the missing datain some manner. When applied
to speech recognition systems, we refer to these procedures as incomplete-spectrogram methods of recog-
nition. Traditional incomplete-data methods such as those described in section 2.4 deal with analysis of
data with components missing, or with inference of missing data. However, the final goa here is not to
analyze spectrograms with missing regions, or even to infer the values of the missing regions, but rather to
perform classification or recognition when some of the data are missing. The solution to the incomplete
data problem in this situation has to keep the final goal (of classification or recognition) in mind, and in

this respect it varies significantly from missing datainference methods.

There are two possible approaches to handling the problem of classification with incomplete data. The

first approach is the so called data imputation approach where the missing portion of the data, X,,,, are

estimated somehow. Classification is then performed using the estimated value, Xm

A

X, = estimate(X,)
) (4.5)
class(X) = argmax,{ P(X,, Xm|C,)P(C\)}

One specific imputation based solution that is well suited to estimates used for classification is the so-
called class-conditional imputation. Class-conditional imputation utilizes the distributions of the data as
modeled by the classifier, in order to obtain statistical estimates for the missing components. This has been

the imputation method of choice for speech recognition researchers and has been extensively investigated
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and reported on [Cooke 1994][Lippmann 1997].

The other approach to recognizing speech with incomplete spectrograms is to reformulate the classifi-
cation so as to perform the classification based on the observed components alone. This approach is
referred to as the marginalization method since the unobserved components are marginalized out of the
classification procedure. This has been the most successful method for recognition with incompl ete spec-

trograms, and has also been extensively reported [ Cooke 1999][Lippmann 1997][El-Maliki 1999].

Both class-conditional imputation and marginalization modify the manner in which the classifier, or
recogni zer, computes the a posteriori probabilities of the various classes in order to facilitate classification

or recognition with incomplete data. We therefore refer to them as classifier-modification methods.

The following sections describe class-conditional imputation and marginalization in greater detail.

4.2 Class-conditional imputation

In class-conditional imputation a separate estimate of missing data X, is obtained for each of the

classes Cy, using the distribution of that class, conditioned on the observed data X,. The Maximum A

Posteriori (MAP) estimation procedure described in section 2.5.4 is used for the estimation. The a posteri-
ori probability of any of the classes computed using the estimates of the missing data obtained using the

distribution of that class. The classification procedure is therefore given by

;(m,k = argmax{ P(X|X,, C\)}
(4.6)

class(X) = argmax,{ P(X,, Xm,k‘ck)P(Ck)}
where Xm, k is the MAP estimate of the missing data obtained assuming that the complete data X

belonged to the k" class C,. conditioned on the observed data X, . This procedure gets its name because

the estimates of the missing data are conditional to the class being considered and are specific to that class.

Figure 4.1 shows a schematic representation of the class-conditional imputation procedure.

When applied to a speech recognition system class-conditional imputation performs recognition as

W = argmaxyf P(S,, ém, w‘VV)P(W)} (4.7
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Figure 4.1 Schematic example for class-conditional imputation. The two ellipses represent the cross sections of the
Gaussian distributions of the two classes in a two-class classification problem. An incomplete vector is to be classi-
fied as belonging to one of these classes. The solid line shows the X component of the vector whose' Y component is
missing. The MAP estimate for the complete vector obtained using the distribution of the class represented by the
dashed dlipse, is given by the dashed line. Similarly, the MAP estimate obtained using the distribution of the dash-
dotted ellipse is shown by the dash-dotted line. In class-conditional imputation, the a posteriori probability of the
dashed class is computed using the dashed line, and the a posteriori probability of the dash-dotted class is computed
using the dash-dotted line. The class with the higher likelihood is chosen as the estimate of the class that the complete
vector belongsto.

where Sm, w, the MAP estimate of S, is dependent on the particular word hypothesis being considered.
Smw = argmaxg{ P(S|S,, W)} (4.8)

Asexplained in section 2.2.1, in HMM-based speech recognition systems the recognizer estimates not
just the best word sequence, but also the best state sequence associated with the word sequence. Equation
(4.7) and Equation (4.8) therefore get modified to

W = argmaxyy, { P(S,, Smw.s, s|\W)P(wW)}
(4.9)

W = argmaxyy, { P(S,, Smw,s

s, W)P(s|W)P(W)}
where S represents any valid state sequence that can be generated by the HMM for W. The estimate for
the missing datais given by

ém, w,s = argmaxg{ P(S|S,, s, W)} = argmaxg{ P(S|S,, s)} (4.10)
where the second term is dependent only on S since W is redundant once S is known. We recall that the

state sequence S is simply a sequence of states, one for every spectral vector in S.

S =[S, S3 ..+ S\l (4.11)



Chapter 4. Recognizing speech with incomplete spectrograms 39

where N is the total number of spectral vectorsin S and S, is the state associated with the k™ vector in

S. The estimate for the missing components is therefore given by
Smw,s = argmaxe{ P(S|S,, S1, So Sg, +++» SN)'} (4.12)

If we refer to the individual spectral vectorsin S as S(t) and separate the missing and observed com-

ponents of S(t) into S;,(t) and S,(t) respectively, we get
ém, W,s = [ém W, s(1), Smw, s(2), Smw,s(3), ..., Smw,s(N)] (4.13)

where Sm,w, s(t) refersto the estimate of S, (t) , the vector of missing componentsin S(t) , the t ™ vec-

tor of S, when the word hypothesis being considered is W and the state sequence being considered is S.
Since HMM s assume that the individual vectors of the spectrogram are independent, Equation (4.12) leads

usto
Smw,s(t) = argmaxs{ P(S/S(t), §)} (4.14)

The right hand side of Equation (4.14) is independent of both the word sequence W and the complete

state sequence S, and is only dependent on the particular state S; whose likelihood is being considered.

Therefore in computing the likelihood of any state sequence that includes S, we would use Sm, w, s(t) as

the estimate of the missing components of S(t) . The implication of Equation (4.9), Equation (4.13) and
Equation (4.14) is that the missing components of a vector are estimated separately for every state consid-
ered during recognition, conditioned on the observed components of that vector, and based on the distribu-
tion associated with that state. In the computation of the likelihood of any state for any vector, the
estimates for the missing components of that vector that were obtained using the distribution of that state

are used.

4.3 Marginalization

Another method of solving the problem of classification with incomplete datais to perform the classifi-
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cation based on the observed data alone. The optimal classifier in this caseis given by

class(X) = argmax,{ P(Xo‘Ck)P(Ck)} (4.15)

where P(Xo‘ C,) isthe likelihood of the observed data, given that the data belongs to the k' class.

Distribution of the classes are usually defined on the complete data X and not on the observed components

X, @one. i.e. the defined distribution for any class C, is P(X|Cy) = P(X, X,|C,) and not

P(Xo‘ C,) . Indeed, it may be difficult to specify the distributions of the observed components alone since

the precise set of observed components may vary from data set to data set. As aresult it becomes necessary
to abtain the distribution of the observed components by integrating the distribution of the complete data

over all the missing components:

P(Xo‘Ck) = IP(XO, Xm‘Ck)de = IP(X|Ck)de (4.16)

P(Xo‘ Cy) istraditionally referred to as the marginal distribution of X, and the process of obtaining

P(X,|Cy) from P(X|C,) isreferred to as marginalization. Optimal classificationis performed using the

marginal distributions obtained using Equation (4.16).

0 - 0
1l [l

class(X) = argmaxkEP(Ck)IP(X|Ck)deE (4.17)
0 - 0

Since the classification is being performed using distributions that have been obtained by marginaliza-
tion, the procedure of classifying with marginal distributions is also referred to as marginalization. Figure

4.2 shows a schematic representation of marginalization based classification with incomplete data.

When applied to a speech recognition system marginalization based recognition with incomplete spec-

trogramsis performed as

W = argmaxyd P(S,|W)P(W)} (4.18)

Once again, since the distribution of the data associated with any word sequence W is defined on the
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Figure 4.2 Schematic example for marginalization. In the left panel the two elipses show the cross section of the
Gaussian distribution of each of the classes. The sold line shows the X component of the vector whose Y component
ismissing. In marginalization the Y component of the two class distributions is eliminated by integrating it out of the
distributions. The resulting distributions give only the distribution of the X components of the classes. The right panel
shows the distribution of the X components of the two classes. Since the original distribution was Gaussian, these are
also Gaussian. The'Y component no longer figuresin the problem. In this reduced situation, the a posteriori probabil -
ity of the classesis computed based on the likelihood of the X component of the incomplete vector (given by the solid
line) is computed on the Gaussians shown and the class with the higher a posteriori probability is chosen as the esti-
mate of the class that the complete vector belongs to.

complete spectrogram rather than on the observed components alone, the margina distributions of the
observed components of the spectrogram would have to be obtained by integrating out the missing compo-
nents from the distribution. The optimal recognition would now be defined over the marginal distributions

S0 obtained as

~ 0 0 0
W = argmaxWEP(W)I P(S, Sm\VV)dSmE (4.19)

HMM-based speech recognition systems jointly estimate the best state sequence along with the word
sequence. Equation (4.19) therefore gets modified to

~ | 00 0
W = argmaxy,agmaxP(W)[ P(Se Spls W)P(SW)dS,,0
(4.20)

~ 0 o 0
W = argmaxWargmaxsEP(sW\/)P(W)I P(S, Sm\s)dsmg

where S represents any valid state sequence that can be generated by the HMM for W. As mentioned

in Equation (4.11), S = [Sy, S, S3, ..., S\l » Where S, is the state associated with the k'™ vector in S.
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Referring to the individual vectors of S as S(t) and the missing and observed components of S(t) as

Sin(t) and Sy(t) respectively as before, we get

P(Ser Su|S) = P(So(L), Sin(1): S5(2). Sp(2): - S(N), Sp(N)[Sp, S5 ..., Sy)

N (4.21)
P(So: Sn[S) = [T P(So(M). Sl s1)

n=1

Combining Equation (4.20) and Equation (4.21), the HMM assumption of independence of individual

vectors in the spectrogram leads usto

U N U

A U 00 U

W = argmax, argmaxs[P(SW)P(W) [ [ P(S,(). Su(m|s)dSy(0D 422
O n=1 O

An alternate way of viewing Equation (4.22) is that the missing components in each vector of the spec-
trogram are integrated out of the distributions of all the states in the recognizer, in order to compute the
likelihood of that vector. Since the set of missing components can vary from vector to vector this integra-

tion would have to be performed for every vector in the spectrogram.

4.4 Experimental results

The effectiveness of class-conditional imputation and marginalization in recognizing speech based on
incomplete spectrograms was evauated on incomplete spectrograms with simulated patterns of missing
elements. Incomplete spectrograms were generated by erasing random elements of a mel-spectrographic
representation of speech so asto obtain the desired fraction of missing elements. No noise was added to the
observed regions in the spectrogram. We refer to this procedure of generating incompl ete spectrograms as
the random-drop mechanism, and the paradigm of evaluating incompl ete-spectrogram methods on such

spectrograms as the random-drop paradigm.

It is important to note here that the random-drop mechanism is not a realistic model for the effect of
noise on the spectrograms of speech by any means. It ismerely a useful paradigm for the quick evaluation
of missing-data techniques, and is used only as a preliminary test for the techniques developed in this the-

sis. The true performance of these techniques can only be evaluated on speech corrupted by noise. The
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deletions induced by noise tend to be much more systematic and occur in blocks. We describe the true
nature of deletions induced by noise in Chapter 6 in greater detail. Nevertheless, the random-drop para-
digm remains a very useful paradigm for evaluating the efficacy of missing-feature methods, since the pat-
terns of missing regions are not biased by the systematic behavior of any corrupting noise. Furthermore,

the additional effect of noise on the observed regions of the spectrogram need not be considered.

Figure 4.3 shows atypical mel spectrogram when different fractions of the spectrogram have been ran-
domly erased. In all of our experiments the mel-spectral representation with 20 mel filters, i.e. amel spec-

trogram where the individual vectors have 20 components, has been used.
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Figure 4.3 Examples of amel spectrogram with randomly missing regions. The top left panel shows the original mel
spectrogram for the utterance “Redefine Area Alert”. The top right panel shows the same spectrogram when 40% o
its elements have been randomly deleted. The white portions of the picture represent the deleted regions. The bottom
left panel shows the spectrogram when 60% of its elements have been randomly deleted. The bottom right panel
shows it with 90% of its elements deleted.

Experiments were run using the DARPA Resource Management (RM) database [Price 1988] on the
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CMU Sphinx-11l HMM based recognition system. Continuous HMMs with single Gaussian state distribu-
tions were trained. The 20 dimensional 1og-mel-spectral vectors were used as the features to train the rec-
ognition system. The system was trained with 2880 utterances of uncorrupted spectrograms. The test set
consisted of 1600 utterances from the RM database. Random elements were dropped from the spectro-

grams of the test data as described above.

Figure 4.4 shows the recognition accuracy obtained using class-conditiona imputation and marginal-

ization as a function of the fraction of elements missing in the test spectrograms. As can be seen, these
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Figure 4.4 Recognition accuracy as a function of drop fraction for class-conditional imputation and marginalization.
The horizontal axis show the drop fraction, i.e. the fraction of elements deleted from the spectrogram. The vertica
axis shows the recognition accuracy obtained using the incomplete spectrograms.

methods are highly effective at handling missing data in spectrograms. Class-conditional imputation
results in recognition accuracies comparable to those obtained with uncorrupted spectrograms when 70%
of the elements in the spectrogram are missing. Marginalization performs recognition using the optimal
classifier, given only the observed elements of the spectrogram. It is therefore expected to perform better
than class-conditional imputation. We observe from Figure 4.4 that marginalization is indeed far more
effective than class-conditional imputation. The recognition accuracy obtained when 90% of the spectro-
gram is missing is only slightly worse than that obtained with the uncorrupted spectrogram. While these
results speak highly of the these methods, they also seem indicative of the high degree of redundancy in the
speech signal. Thisisin agreement with human performance which isvery robust to high degrees of degra-

dation or spectro-temporal excision of the speech signal.

We would like to point out the anomalous results seen in Figure 4.4 whereby the recognition accuracy

obtained with spectrograms where 80% of the elements have been deleted is actually superior to the perfor-
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mance obtained with complete spectrograms. We do not have a satisfactory explanation for this behavior.
We hypothesize that this behavior is characteristic to the Resource Management database used in these
experiments. Other researchers who have used this database have obtained similar results with the random

drop paradigm [Cooke 1994]. However, this behavior has not been seen with other databases.

4.5 Drawbacks with classifier modification methods

While class-conditional imputation and marginalization are very effective at recognizing speech based

on spectrograms with random elements missing, they suffer from several drawbacks.

Both class-conditional imputation and marginalization are classifier compensation methods. They
attempt to compensate for the missing data either by estimation on the basis of, or modification of, the dis-
tributions of the classes. In order to be able to either estimate the missing components based on the distri-
butions of the classes, as in class-conditional imputation, or to be able to marginalize out the missing
components, it becomes essential that the distributions be defined on the same parameters where the miss-
ing components are identified. Since components of the spectrogram are missing, it becomes necessary to
train the recognizer using spectrographic features. As a result recognition can only be performed using log

spectral vectors. Figure 4.5 explains this limitation schematically.

This limitation gives rise to several problems:

1) It is known that, with uncorrupted vectors, the performance of HMM based recognition systems is

FEATURE EXTRACTION RECOGNIZER
Extract spectro- Locate missing or Perform recogni-| | Hypothesis
|| graphic features |  |damagedregionin | tion with incom- -
from speech the spectrogram plete spectrogram

Compensation for
missing features per-
formed here

Figure 4.5 Block diagram explaining classifier compensation methods of recognition with incomplete spectrograms.
The speech recognition system has the two modules. The feature extraction module extracts features from the speech
signal. The recognition module performs recognition with the features. In classifier compensation techniques, the fea-
ture extraction module generates incompl ete spectrograms. The recognizer recognizes speech based on these incom-
plete spectrograms. Thus, the recognizer has to be trained on spectrographic features.
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much better when the recognizer istrained using cepstra, rather than log spectra[Davis 1980]. Table
4.1 compares the recognition accuracy obtained on clean speech using cepstra with that obtained
using log spectra. Clearly, the accuracy obtained with cepstrais much higher. Similar situations arise

with other kinds of classifiers which may perform better with other features than with spectral vec-

tors.
Recognition Recognition
accuracy with log accuracy with
spectral vectors cepstral vectors
63% 82%

Table4.1 Comparison of the recognition accuracy obtained with log-spectral vectors with the recognition accuracy
obtained with cepstral vectors on the RM database. In both cases an HMM-based recognizer with 2000 tied states,
each modeled by a single Gaussian, was used.

2) Difference and double-difference parameters are commonly used to improve recognition perfor-

mance. Difference parameters are computed as the difference between vectors.

ds(t) = S(t+1) - S(t—1)
(4.23)
ddS(t) = dS(t+1) —dS(t—1)

where T typically takes values between 1 and 4. ddS(t) is the double-difference parameter vector
attime t, dS(t) isthe difference parameter vector at time t, and S(t) isthe spectral vector at time

t. If an element of either S(t + T) or S(t —T) ismissing the corresponding element in dS(t) can-
not be computed, and would therefore also be missing. It is easy to see that the fraction of missing
elements can be up to twice as high in the difference parameters as in the spectral vectors. Similarly,
the fraction of missing elementsin the double-difference parameters can be up to four times as high
as the spectral vectors themselves. Thus, the missing feature methods described in this chapter
would have to compensate for the much higher fractions of missing elements in the difference and
double-difference parameters, reducing the contributions of these parameters to recognition perfor-
mance greatly.

3) Mean normalization is a procedure by which the mean of the spectral vectorsin any utteranceis sub-
tracted from all the vectors in the utterance. Variance normalization similarly normalizes the vectors
in the utterance by their variance. Both procedures have been shown to improve the recognition per-
formance of speech recognition systems. However, when the spectrographic parameters that are

used for recognition have missing elements, the estimates of the means and the variance of the spec-
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tral vectors can be biased by the patterns of the missing elements. This can render both mean nor-
malization and variance normalization ineffective.
The main reason for all of the problems above is that class-conditional imputation and marginalization

attempt to perform classification with incomplete spectrograms, directly.
The data-compensation approach to the missing feature paradigm

In this thesis we recast the problem of recognition with incomplete spectrograms as a data compensa-
tion problem. Instead of performing recognition directly with incomplete spectrograms, we reconstruct al
the missing regions of the spectrograms in a preliminary pre-processing step. We call this the spectrogram
reconstruction approach. Cepstral features can now be derived from the fully reconstructed spectrogram
and used to perform recognition. Since the reconstruction of spectrograms is done independently of the
recognizer, the recognizer need not be modified in any manner. Figure 4.6 represents the proposed

approach as ablock diagram.

FEATURE EXTRACTION RECOGNIZER
Extract spectro- Locate missing or Reconstruct Perform recogni-
p-| Jraphic eatures _pjdamagedregioning_gimissing regions |- tIONWIth cOMplete g
from speech the spectrogram of spectrogram. spectrogram

Compensation for
missing features per -
formed here

Figure 4.6 Block diagram explaining the data-compensation approach to recognition with incomplete spectrograms.
The missing regions of the incomplete spectrograms are reconstructed in the feature extraction module itself. Thus,
the output of the feature extraction module is a complete, reconstructed spectrogram. This reconstructed spectrogram
can then be transformed to any feature of choice, if desired, before being passed on to the recognizer. The recognizer
works on complete features, and can work with any feature extracted from the complete spectrogram.

If recognition isto be performed using spectrographic features, the data-compensati on approach is sub-
optimal to classifier-modification methods. This is because the reconstruction approach uses estimates of
the missing data, and these are bound to be erroneous to varying degrees, depending on the manner in
which they are obtained. In such a situation it can be argued that classification based on the observed data
alone is more optimal than classification that uses estimates for the missing data [Moreno 1996]. This

argument is also borne out by the fact that recognition accuracies obtained using marginalization, which
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uses only the observed data, are higher than that obtained using class-conditional imputation which uses

estimates of the missing data.

There are, however, many advantages to the data-compensation approach. The primary advantage is
that, since the complete reconstructed spectrogram is now available, the recognizer is no longer con-
strained to perform recognition using spectrographic features. We can derive a more optimal set of param-
eters from the reconstructed spectrogram and use these features to perform the recognition. It is expected
that the improvement in classification accuracy obtained due to the use of the more optimal feature set
more than offsets the reduction in accuracy occurring due to the use of estimated values for the missing
datain classification. Furthermore, since the complete spectrogram, or the set of cepstral or other features
derived from the complete spectrogram, are now available computation of difference parameters and vari-
ance and mean normalization can be performed in the usual fashion. Another advantage is that since a
complete spectrogram is now available for recognition, the recognizer itself need not be modified in any
manner to account for the missing data. The missing feature estimation procedure can be performed inde-
pendently of the recognizer, permitting any standard recognizer to be used. Finally, the proposed procedure
permits reconstruction methods that use different models for speech than that used by the recognizer. The
spectrogram reconstruction procedure can be performed using very simple statistical and parametric mod-
els of speech spectrograms. The resulting methods can be much simpler and much more computationally

efficient than classifier compensation methods such as class-conditional imputation and marginalization.

We investigate spectrogram recongtruction methods for recognition with incomplete spectrograms in

the following chapters.
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Chapter 5
Spectrogram reconstruction methods for missing data

5.1 Introduction

In this chapter we address the problem of estimating missing regions of incomplete spectrograms to
reconstruct complete spectrograms. We investigate several simple spectrogram reconstruction methods
that estimate missing elements based on the geometric structure of speech spectra and on simple statistical
information culled from available corpora of uncorrupted speech. Since this thesis is primarily concerned
with speech recognition, our goal is not simply good recongtruction or analysis of spectrograms but also
that of achieving good recognition performance with the reconstructed spectrograms. The developed tech-
nigues are therefore evaluated based on the recognition performance achieved with the reconstructed spec-

trograms.

The simplest manner of reconstructing missing regions in spectrograms would be to do it based only on
the geometrical placement of the observed regions of the spectrogram. We refer to these as geometrical
reconstruction methods since all the information used to reconstruct the missing regions is present within

the spectrogram, i.e. it islocal to the spectrogram. No additional sources of information are used.

The features of a spectrogram show continuity across both frequency and time. Therefore, it can be
expected that the frequency components of the spectral vectors in the spectrogram show statistical depen-
dencies both with other components within the same vector as well as with the components of the other
vectors in the spectrogram. Where additional corpora of uncorrupted speech are available, the statistical
relations between the various components of the spectrogram can be learned from these corpora. The sta-
tistical relations learned can be “vector statistic€,the distribution of spectral vectors and the statistical
relationship between the various frequency components within spectral vectors, or “covariance statistics”,
i.e. the statistical relationship between the components of different vectors in the spectrogram. These statis-
tical relations can then be used to condition the reconstruction of missing features. We refer to these spec-

trogram reconstruction methodsshatistical reconstruction methods

In the following sections we investigate three types of reconstruction algorithms:

1) Geometrical reconstruction methods based on linear and non-linear interpolation
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2) Statigtical reconstruction methods that utilize vector statistics learnt from uncorrupted spectrograms

of clean speech to reconstruct incomplete spectrograms

3) Statistical reconstruction methods that use covariance statistics learnt from uncorrupted spectro-

grams to perform reconstruction.

We evaluate all the spectrogram reconstruction methods described in this chapter both on the basis of
the accuracy of the reconstruction and on the recognition accuracy of a speech recognition system which
uses the estimated spectrograms. The random-drop paradigm described in Section 4.4, wherein randomly
chosen elements of the spectrogram are deleted, has been used to evaluate al the reconstruction methods.
We would like to reiterate here that the random-drop paradigm is not a realistic model for the effect of
noise on speech spectrograms. When deletions in spectrograms are noise induced the missing regions in
the spectrogram do not occur at random. Instead they occur in blocks and are systematic. Another differ-
ence between deletions generated by the random-drop paradigm and noise-induced deletions is that in the
random-drop paradigm it is assumed that the locations of the missing elements are known a priori. When
deletions in the spectrogram are noise induced, the locations of the deleted regions would not be known a
priori and would have to be estimated. Thus, it should not be expected that recognition results obtained
with deletion patterns generated by the random-drop paradigm would carry over to spectrograms with
noise-induced deletions. However, the random-drop paradigm isauseful tool for preliminary evaluation of
the spectrogram reconstruction methods, and has been used only to that end in this chapter. We evaluate the
efficacy of the spectrogram reconstruction methods devel oped in this chapter on noise-induced deletionsin

Chapter 6.

In therest of this chapter we follow the notation introduced in earlier chapters to denote a spectrogram
by S. The observed portion of the spectrogram is denoted by S, and the missing portion by S;,. We rep-

t™ spectral vector in the spectrogram S by S(t). The

resent an arbitrary spectral vector as S and the
entire spectrogram consists of the sequence of spectral vectors S(1), S(2), S(3), ..., S(N), represented
more compactly as, S(t), 1<t <N, where N represents the total number of spectral vectors in the spec-

trogram. The missing components of the t' spectral vector, S(t) are represented by S, (t) and the
observed components by S,(t). The k™ frequency component of the t ™ spectral vector, S(t), is repre-

sented by S(t, k) . The sequence of components (t, 1), S(t, 2), S(t, 3), ..., Xt, K), represented more
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compactly as S(t, k), 1 < k< K, comprises the entire spectral vector S(t) , where K is the total number

of frequency componentsin the vector. In amel spectrogram K would refer to the total number of mel fil-

ters being used (Section 3.2).

The following section deals with geometrical reconstruction methods.

5.2 Geometrical reconstruction methods

The simplest method of reconstructing a missing element in a spectrogram is by interpolating between
adjacent observed elements in the spectrogram. Since the spectrogram has a two-dimensional support (fre-
guency and time) these elements could be adjacent along either of the axes, frequency or time. When the
elements used for interpolation are adjacent along the frequency axis, we refer to it as interpolation along

frequency. When the elements are adjacent in time we refer to it asinterpolation along time.

Theinterpolation used could be simple linear interpolation, or it could use other higher-order functional
forms such as polynomials, rational functions, or splines. We will now describe and evaluate missing-fea-

ture reconstruction by linear and non-linear interpolation, both along frequency and aong time.

5.2.1 Linear interpolation

The simplest form of interpolation is linear interpolation. Consider any sequence of numbers
s[1],5[2], ..., S[M], where the samplesin theinterval [l,, |,] are unknown or missing, i.e. the values
S[l],1; <1<, are missing. Linear interpolation based estimates of the missing values are obtained by
drawing a straight line between the nearest known neighbors, s[1; —1] and S[l, + 1], and reading the
estimated values of s[l,] through S[l,] off this line. Mathematically, the estimated value %[I] for any
missing element S[1] intherange |; < | <1, isgiven by [Press 1992]

(sllp+ 2] =s[l,~1])(I =1, + 1)
=l +2

S[I] = s[l;—1] + (I,<1<l,) (5.1)

Linear interpolation along frequency: Linear interpolation can be used to estimate the missing compo-

nents of a spectral vector based on the observed components within the same vector. In this case, the
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sequence considered in Equation (5.1) would be the components of the spectral vector, Y(t, k), 1< k< K.
Here if frequency components [K;, K,] in the | " vector, i.e, (I, k), ki < k<Kk,, are missing the esti-
mate for the missing values would be given by

LK) = S, ky —1) + ke Ell_)gls_l_(l’zkl_l)(k—kl+ 1) (52)

Since the estimates for the missing components are obtained by interpolation between other frequency

components within the same vector, we refer to this method as linear interpolation along frequency.

Linear interpolation along time: Missing components of the spectrogram can a so be estimated by linear
interpolation between the same frequency components in adjacent spectral vectors. In this case, the

sequence of points considered for interpolation would be a single slice of the spectrogram, parallel to the
time axis, i.e. (I, k), 1 <1 < N. For brevity we refer to such a slice of the spectrogram as a time slice of
the spectrogram. Here if the k™ frequency component in vector numbers [I4,15] ie (I, K), I, <1 <15,

were missing, the estimate for these missing values would be given by

~ [ k) —S(I, -1, k
S0, = S0~k + SRy e )

Since the estimates are now obtained by interpolation between the same frequency components at other

time instants, we refer to this method as linear interpolation along time.

For both interpolation along frequency and interpolation along time, if the missing elements being esti-
mated lie at the boundaries of the spectrogram, they cannot estimated by interpolation. For example, if
(1, k), ky k< k, aremissingand k; = 1 or kK, = K, these elements cannot be estimated by interpo-
lation along frequency since the spectral vector has observed components on only one side of the missing
elements. Similarly, if S(I, k), |, <1<, asemissingand I; = 1 or |, = N, they cannot estimated by
interpolation along time since al the observed values of frequency component K are to one side of the

missing segment. In both these cases the missing elements have to be estimated by linear extrapolation of

the two closest observed elements instead of interpolation. For the case of estimation by linear extrapola-

tion along frequency, if the closest observed components of the vector are (1, k3) and (1, k) , the miss-
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ing boundary elements would be given by

1) = S, k) + X kﬁi:zl’ %a) (—k,) (5.4)

Similarly, where elements are being estimated by extrapolation along time, if the closest observed ele-
ments to the missing components in the time slice are (13, k) and (1,4, K) the missing boundary ele-

ments are obtained as

S(lg, K) = (13, k)

S(,K) = Sy, k) + (1=15) (5.5)

Alternately, missing boundary points could be filled in by simple replication of the last observed ele-

ment.
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Figure 5.1 Plot of a single spectral vector. The dotted Figure 5.2 Plot of the trgjectory of a single frequency
regions are linear interpolation/extrapolation estimates  component with time. The dotted regions are linear
of missing values. interpol ation/extrapolation estimates of missing values

Figure 5.1 shows an example of estimation by interpolation along frequency. The figure plots the values
of the frequency components of asingle spectral vector against the index of the frequency component. Ele-
ments that are missing in the middle of the vector have been estimated using interpolation while those
missing towards the edges have been estimated by extrapolation. Figure 5.2 similarly illustrates estimation
by interpolation along time. The trgjectory of a single frequency component is traced (i.e. a time slice of
the spectrogram). Data points missing in the middle of the plot have been estimated by interpolation and

those missing towards the edges have been estimated by extrapolation.
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5.2.2 Nonlinear interpolation with polynomial functions

A polynomial of order M relating two variables X and y isafunction of the form
— 2 M
y = gt aXx+ax +...+ayX (5.6)

A lineis a polynomial of order one. There is a unique line through any two points. Extrapolating that

statement it can be shown that through any N points there is a unique polynomial of order N—1. Given a
set of L pointson aplane, { (X1, Y1), (X2, ¥2), ..., (X_, ¥L)} . theunique L — 1™ order polynomial that

passes through tHe  points can be determined using Lagrange’s formula [Press 1992]

V=t (x) = (X=X5) (X=X%g)...(X=X%) (X=X (X=X%g)...(Xx=x)
L-1 (Xg —=X2) (X —X3) ... (X1 =X )71 (%o —X) (Xa = X3) ... (Xp — X )72
(X=X)(X=X5) ... (X=X, _4)

(XL =X) (X, =Xp) oo (X =% _1)”"

(5.7)

+...+

While Lagrange’s formula gives us aetit plynomial formulaic relation between an arbity X and
the correspondiny , a procedurally and computationally simpler method to gbtain  for &given is to
use Neville’s algorithm. Neville’s algorithm is a recursive procedure that begins by computing  zeroth
order polynomials (constants) aretursively computes theM "_order polynomial as a lear interpolation
between two polynomials of ord8 —1 . The details of the algorithm can be found in [Press 1992].
Polynomial functions can be used to estimate missing values in a sequence. Consider any sequence of
numberss[1], S[2], ... where the values of the sequence in the intdivgdl  unkmewn or missing,
i.e the valuess[n],| <n<r , are missing. We can denote any elesjéht in the sequence as a point
(I, s[I]) on a plane. Le(l4, s[14]), (I5, S[I5]), ..., (Ip, S[lp]) be the set Bf  observed points in the
sequence immediately preceding the pdins[1]) i.e. (4, |5, ..., 1p<I). Similarly, let the set of points
(rg,s[ra]), (ro slral), -, (ro, s[rgl) be the set oQ  observed values immediately following the
point (r, s[r]) (e rq,ry ...,Tg>T). A polynomialfp . 5_;(n) of orde® +Q—1 can be fitted to

theseP + Q points using Equation (5.7). The estimates for values of the points in the missing interval can

now be derived from the polynomial as
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SNl = fp,o_q(n), I<n<r (5.8)

This procedureisreferred to as polynomial interpolation. P and Q can be chosen according to the kind
of polynomial fit desired. Typically when polynomial interpolation with a polynomial of order L —1 is
desired, the P = L/ 2 pointsimmediately preceding the missing pointsand the Q = L/ 2 pointsimme-

diately following them are used to determine the polynomial.

Missing regions in spectrograms can be estimated using polynomial interpolation. Once again, the
interpolation can be performed either across frequency or across time. As before, when estimates are
obtained by interpolating between the frequency components of the same vector we refer to the procedure

as polynomial interpolation along frequency. To interpolate across frequency the sequence of points con-
sidered in Equation (5.7) consists of the components of a single spectral vector, S(t, k), 1 < k< K. Here,
if the frequency components [1, r] in the t™ vector, i.e. S(t, k), | < k< r, are missing, we would locate
the L/ 2 closest observed frequency components of the vector preceding the missing region and the L/ 2
closest frequency components following it and use these in Equation (5.7) to obtainan L — 1™ order poly-

nomial, f _4(l) . Theestimates of the missing components are obtained as
S(t, k) = _1(Kk), l<ksr (5.9)

If the missing points are estimated by interpolating between the same frequency components of adja-
cent spectral vectors we refer to the procedure as polynomial interpolation along time. In this case the

sequence of points considered in Equation (5.7) consists of a single time slice of the spectrogram, i.e.
S(t, k), 1<t < N. Here, if the k' frequency component in vector numbers [1, r],i.e. S(t, k), I <t<r,
were missing, we would locate the L/ 2 vectors immediately preceding the missing region whose k"
components are present and similarly the L/ 2 vectorsimmediately following the missing regions and use
these in Equation (5.7) to obtain an L — 1" order polynomial, f, _1(t) . The estimates of the missing com-

ponents are obtained from this polynomial as
S(t,k) = f_q(t), Istsr (5.10)

In both interpolation along frequency and interpolation aong time, some missing regions may not have
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Figure 5.3 Plot of a single spectral vector. The dotted Figure 5.4 Plot of the trgjectory of a single frequency
regions are polynomial-interpolation estimates of miss- component with time. The dotted regions are polyno-
ing values. The order of the polynomial used is given mial-interpolation estimates of missing vaues. The
above the dotted lines. Missing boundary elements are  order of the polynomial used is shown. Missing bound-
obtained by extrapolation. ary elements are obtained by extrapolation

L/ 2 observed components preceding or following them, i.e. either P or Q (or both) in Equation (5.9)

would be less than L/ 2. Here a polynomial of lower order is fitted to the available points and the esti-
mates for the missing values are obtained from this lower order polynomial. Also, interpolation is not pos-
sible for missing elements on the boundaries of the spectrogram. These regions are estimated by linear

extrapolation as described in Section 5.2.1.

Figure 5.1 illustrates estimation by polynomial interpolation along frequency pictorially. The values of
the frequency components of a single spectral vector are plotted against the index of the frequency compo-
nent. Figure 5.2 similarly illustrates estimation by polynomial interpolation along time pictorially. The tra-
jectory of a single frequency component is traced (i.e. a time slice of the spectrogram). In both figures,
polynomial interpolation with a polynomials of order 3 has been performed. Where the number of points
available for interpolation was insufficient a polynomia of lower order has been used. Missing regions at

the boundaries have been estimated by linear extrapolation.

5.2.3 Nonlinear interpolation with rational functions

A rational function is defined as a quotient of polynomials. For example, the function
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Puy(x) 1+ a1x+a2x2+ ot aNx'\I
Qu¥)  by+byx+ b+ ... + byx™

Ry m(X) = (5.12)

is a rational function, with a “numerator polynomial” of ordér and a “denominator polynomial’ of order
M. We refer to such a furioh as a rational function of orddN, M) . A rational function of order
(N, M) such as the one given in Equation (5.11) Nes M + 1 parameters and is therefore uniquely

described byN+M + 1 points. GiveN+M + 1  points one can therefore construct the(didist)

rational function.

An efficient dgorithm to construct rational functions for the special cases wikr= N or

M = N+ 1 is theBulirsch-Soer algorithm [Press 1992]. The Bulirsch-Stoer algorithm is a recursive pro-
cedure that constructsdreasing orders of rational fumans from rational functions of lower order. The

constraint, however, is that the order of the denominator polynomial has to be the same as, or one more

than the order of the numerator polynomid, N<M <N+ 1.

Rational-function interpolation is performed very similarly to polynomial interpolation. A rational
function of the desired order is fitted to the points immediately adjacent to the missing points in a
sequence, and the estimates of the missing points are derived from the rational function. Rational-function

interpolation can be used to estimate missing points in a spectrogram. Interpolation along frequency and

interpolation along time are both possible. In order to use an ¢MNgwl) function for estimation we
would needN +M + 1 observed points to compute the function. Of these, idddlty,M + 1)/2 of
the observed points would precede the points to be estimate(N\ahd + 1)/ 2 would follow them.

Once the rational function has been obtained from these points, the estimates for the missing points can be

obtained as the value of the rational function at the appropriate indices.

Once again, N+ M + 1 points are not available for the estimation the order of the rational function

would have to be reduced to accommodate the available points. Also, as in the case of linear and polyno-
mial interpolation, missing points near the boundaries of the spectrogram would have neighbors available

on only one side and would therefore have to be estimated by extrapolation instead of interpolation.

There are several other interpolation techniques such as cubic spline interpolation etc. that can be used
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to estimate the values of missing points. However, they have not been attempted in this thesis since we
expect their performance to not be greatly different from those obtained with the interpolation methods

described in this section.

5.2.4 Experimental results with interpolation based estimation of missing points

The principal goal of reconstruction (i.e. estimation of missing elements of the spectrogram) is not so
much to effect an accurate, error-free reconstruction of the missing points as to reconstruct a complete
spectrogram that can be used for recognition without much degradation in recognition accuracy. These
goals are not unrelated to each other to the extent that error-free reconstruction of missing regions would
result in high recognition accuracy. However, the converse is not necessarily true - it is not necessary that
reconstructed spectrograms that result in high recognition accuracies would be very similar to the original,
uncorrupted, spectrogram. Thus, while the accuracy of the reconstruction methods is evaluated by the
error in the reconstruction, the effectiveness of the reconstruction methods in achieving the primary goal of
the reconstruction is measured by the recognition performance obtained with the reconstructed spectro-

grams.

Experiments were conducted to evaluate the effectiveness of the interpolation-based reconstruction
methods described above. The spectrogram reconstruction methods were evaluated on spectrograms with
elements randomly deleted following the paradigm explained in Section 4.4. The experimental setup used
was also identical to the one used to evaluate marginalization and class-conditional imputation in Section
4.4. A 20 mel-filter based mel-spectral representation was used to parametrize speech. The recognition
system was trained directly with the log-mel-spectral parameters. The fully-continuous HM M-based
SPHINX-I1I system was used for all experiments with the DARPA resource management database. Ran-
dom elements of the mel spectrogram were deleted and reconstructed using linear interpolation, polyno-
mial interpolation with polynomials of order 3, and rational-function interpolation with rational functions
of order (1,2). Both interpolation across frequency and interpolation across time were evaluated. The
orders for the polynomia and rational-function interpolation were chosen such that an even number of ele-
ments would be needed to determine the functions. This permits the number of observed elements used
from either side of the missing elements to be the same, thereby giving us a symmetric estimator. Where

the requisite number of points to determine the functions were not available lower order polynomias and
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rational functions were used. All missing points at boundaries were estimated by linear extrapolation.

The mean squared error (MSE) between the estimated portions of the reconstructed spectrogram and
the corresponding regions of the original spectrogram is a measure of the accuracy of the reconstructed

spectrogram. Representing the elements of the true uncorrupted spectrogram from which the incomplete
spectrogram was derived as §(t, k) , the elements of the reconstructed spectrogram as (t, k), and the
number of missing elements in the spectrogram as N, ss, we define the M SE of reconstruction as

2
(S(t, k) = Sy(t, k)
N

M=z
M =

1k=1

MSE(S) =

(5.12)

miss

Clearly, the greater the MSE, the greater the divergence between the reconstructed and uncorrupted

spectrograms, and the lower the accuracy of the reconstruction.

The accuracy of the reconstructed spectrograms was measured in terms of the mean squared error
(M SE) between the reconstructed spectrogram and the original uncorrupted spectrogram. The recognition
accuracy obtained with the reconstructed spectrograms was measured to evaluate the effectiveness of the

reconstruction procedures.

Figures 5.5 and 5.6 show the uncorrupted mel spectrogram of an utterance and the mel spectrogram
when 50% of the elements in the picture are missing, respectively. Figure 5.7 shows the mel spectrogram
when all the missing elements have been reconstructed using linear interpolation along frequency. Figure
5.8 shows a similar figure where &l the missing elements have been reconstructed using linear interpola-
tion along time. Figures 5.9 and 5.10 show the reconstructions obtained using polynomial interpolation
along frequency using cubic polynomials (i.e. polynomias of order 3) and cubic polynomial interpolation
along time respectively. Similarly Figures 5.11 and 5.12 show the reconstruction obtained using rational

functions of order (1,2) for interpolation along frequency and time respectively.

We observe from Figures 5.5 through 5.12 that, in general, reconstructed spectrograms obtained by
interpolation along time match the original spectrogram more closely that reconstructions obtained by

interpolation along frequency. Furthermore, reconstruction by linear interpolation is seen to be better than
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Figure 5.5 Mel spectrogram of an utterance. Figure 5.6 The same spectrogram when a randomly
selected 50% of its elements have been del eted.
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Figure 5.7 Spectrogram obtained by estimating the  Figure 5.8 Spectrogram obtained by estimating the
missing regions by linear interpolation across frequency missing regions by linear interpolation acrosstime.

polynomial or rational function interpolation in general and reconstruction obtained by linear interpolation
along time matches the original spectrogram most closely, overal. Figure 5.13 below plots the mean
square error between the reconstructed elements of the spectrograms and their actual values as a function
of the fraction of elements that were missing from the spectrograms. We refer to this fraction as the drop
fraction in the spectrogram. The MSE obtained using each of the reconstruction methods represented in
Figures 5.7 through 5.12 is shown. This figure confirms the visual observation from the earlier set of fig-
ures that the lowest mean squared error overall is obtained with reconstruction by linear interpolation
across time. We do note, however, that when the fraction of missing points is small, reconstruction using

cubic polynomia interpolation along time results in the best mean squared error. However, as the fraction
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Figure 5.9 Spectrogram obtained by reconstructing
missing regions by polynomial interpolation along fre-
guency. Polynomials of order 3 were used when at least
two observed elements were present on either side of the
missing elements. When the number of available
observed neighbors was lesser, lower order polynomials
were used.
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Figure 5.11 Spectrogram obtained by estimating miss-
ing regions by rational function interpolation along fre-
guency. Rational functions of order (1,2) were used
where at least two observed elements were present on
either side of the missing elements. Otherwise rational
functions of alower order were used.
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Figure 5.10 Spectrogram obtained by reconstruction
missing regions by polynomid interpolation along time.
Polynomials of order 3 were used where at least two
observed elements were present on either side of the
missing elements. Otherwise lower order polynomials
were used.

[

Figure 5.12 Spectrogram obtained by estimating miss-
ing regions by rational function interpolation along
time. Rational functions of order (1,2) were used where
possible. Otherwise, lower order rationa functions were
used.

of missing points increases and the mean distance from any missing point to the closest observed point

increases, the reconstruction error with cubic polynomial interpolation increases faster than that of linear

interpolation

Figure 5.14 plots the recognition accuracies obtained using the reconstructed mel spectrograms

obtained using all the methods represented in Figure 5.13 against the fraction of elements missing in the
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Figure 5.13 Mean Squared Error (MSE) of reconstruction for linear and non-linear interpolation, along frequency
and time vs. fraction of elements missing in the incompl ete spectrogram

Left Panel: MSE obtained with interpolation Right Panel: MSE obtained with interpolation
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interpolation with polynomials of order 3, and polation with polynomials of order 3, and rationa
rational-function interpolation with rational func- function interpolation with rational functions of

tions of order (1,2) are represented order (1,2) are represented
sor —— Linear Interpolation sor
70 -—--  Polynomial interpolation 70 e

s Rational function interpolation

(&)
S
T
(&)
S

S
T
S

Linear Interpolation

Recognition Accuracy (%)
w N O
S
Recognition Accuracy (%)
¥ a9

or 0 -—-- Polynomial interpolation .
----- Rational function interpolation
201 201
ior ior A\
0 20 40 60 80 100 0 20 40 60 80 100
Fraction Dropped (%) Fraction Dropped (%)

Figure 5.14 Recognition accuracy vs. drop fraction for spectrograms reconstructed by linear and non-linear interpo-
lation along frequency and time.

Left Panel: Recognition accuracy obtained with  Right Panel: Recognition accuracy obtained with
reconstructed spectrograms where missing ele- reconstructed spectrograms where missing ele-
ments were estimated by interpolation along fre-  ments were estimated by interpolation along time.
quency. Linear interpolation, polynomial Linear interpolation, polynomial interpolation with
interpolation with polynomials of order 3, and polynomialsof order 3, and rational-function inter-
rational-function interpolation with rational func- polation with rational functions of order (1,2) are
tions of order (1,2) are represented represented

picture. We observe that the trends are similar to those observed in Figure 5.13. Non-linear interpolation
techniques result in poorer recognition accuracies than linear interpolation in general. Also, interpolation
along frequency generally resultsin lower accuracies than interpolation along time. The best performance

overal isachieved with linear interpolation along time.
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5.2.5 Geometrical reconstruction methods: summary and conclusion

The recognition accuracies in Figure 5.14 show that even simple geometrical reconstruction methods
such as linear interpolation based estimation of missing points can be quite effective in reconstructing
spectrograms when random elements of the spectrogram are missing. Spectrograms reconstructed by linear
interpolation along time show minimal loss in recognition accuracy when fully half the picture is missing.
The best reconstruction, both in terms of MSE and recognition accuracy, is obtained by simple linear inter-
polation, and increasing the complexity or order of the functions used to estimate the missing regions
results in no improvement in the reconstruction. One likely conclusion drawn from this isthat the values of
the elements in the spectrogram do not follow any specific pattern that can be captured by any single func-
tional form. As aresult the estimates obtained with more detailed models such as polynomials and rational

functions are more likely to be erroneous than estimates obtained with simple first order functions.

Another noteworthy fact is that interpolation along time is generally more effective than interpolation
along frequency. One of the reasons for thisis that spectral vectors in the mel spectrograms used in these
experiments have only 20 components. Consequently, observed elements frequently cannot be found on
one side of missing elements, especialy at high drop fractions, and these elements have to be reconstructed
by extrapolation, rather than by interpolation. Extrapolation is known to result in poorer estimates than
interpolation. Interpolation along time, on the other hand, does not face this problem since time slices of
spectrograms have as many elements as the number of spectral vectors in the spectrogram. Another possi-
ble reason for the greater effectiveness of interpolation along time could be that spectrograms exhibit

greater continuity along time, than aong frequency.

All the methods mentioned in this section, are local reconstruction methods in that they reconstruct
missing elements solely on the basis of the elements remaining in the picture. All the information used to
reconstruct the missing points is obtained from the spectrogram itself, with no reference to any external
sources of information. Such reconstruction methods have several drawbacks. First, when the fraction of
missing elements is very high there might not be sufficient information remaining in the picture to recon-
struct the missing elements properly. Second, if the observed elements in the spectrogram were to be dis-
torted due to any reason such as due to noise, al missing elements reconstructed on the basis of these

points alone would also be distorted similarly.
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These shortcomings could be avoided if the reconstruction process were directed by other externa
information about the structure of speech spectrograms. This has the advantages of permitting better recon-
struction when there is insufficient information in the damaged spectrogram as well as ensuring that the
reconstructed spectrogram conforms to the notion of a clean spectrogram as represented by these external
sources of knowledge. Some easily accessible sources of information are the large corpora of speech data
that are readily available to train a speech recognition system. The distribution of the elements of spectro-
grams and the statistical relations between them can be learned from these corpora and used in the recon-

struction.

In the following section we discuss reconstruction methods that utilize vector statistics, i.e. the distribu-

tion of the spectral vectors of clean speech.

5.3 Cluster-based reconstruction: statistical reconstruction using distributions

of uncorrupted spectral vectors

In the methods described in this section we use the vector statistics of the spectral vectors for recon-
struction of the complete spectrogram. These methods treat each spectral vector independently of every
other vector in the spectrogram, i.e. they model the sequence of spectra vectors in the spectrogram as the
output of an independent identically distributed (11D) random process. The statistical relations between
components of different vectors are not modeled. The distribution of spectral vectors obtained under the

I1D assumption is used to condition the estimates of missing components.

The distribution of the spectra vectors of clean, uncorrupted speech is not known beforehand and hasto
be learned from a training corpus of uncorrupted speech. Since the precise form of the distribution of the
spectral vectors is not known, a parametric form for the distribution must be assumed. The smplest and
possibly the most commonly used representation for the distribution of speech vectors is the cluster-based
representation. In a cluster-based representation spectral vectors are assumed to be segregated into a set of
clusters. All vectors belonging to any cluster are further assumed to have a parametric distribution, which
we refer to as the cluster distribution. Cluster-based representations therefore have two types of parame-
ters:

1) The a priori probability that a random vector belongs to any of the clusters

2) The parameters of the cluster distributions
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Let S represent an arbitrary spectral vector. Let C, represent the a priori probability that a vector
belongs to the k" cluster, and let 0k(S;,) represent the parametric distribution of vectors belonging to

the k™" cluster. In a cluster-based representation the distribution of S istherefore modeled as
K
P(S) = > C9k(S;®) (5.13)
k=0

where K isthe total number of clusters and @, represents the set of parameters of 9, (S;@) -

If we assume that within any cluster vectors are distributed according to a Gaussian distribution, then

the overall distribution of the data set can be represented as a mixture of multivariate Gaussians

K _
4 Ls_ e s—m)

P(S) = 3 c(2mey) 2g 2 (5.14)
k=1

where d is the dimensionality of the vectors. , and ©, are the mean vector and covariance matrix,

respectively, of the Gaussian distribution of the vectors belonging to the k™ cluster. The parameters of the
distribution represented by Equation (5.14), namely the values of ¢, M, and ©, for all the clusters must

learned from the training corpus. In order to learn these parameters the vectors of the training corpus can
be clustered into the desired number of clusters using techniques such as k-means clustering [M cQueen
1967], the LBG algorithm [Linde 1980] etc., and the distributions of theindividual clusters can be obtained
once the clusters are obtained. More consistent parameter estimates are obtained using maximum likeli-

hood (ML) methods [Mclachlan 1988].

While the distribution represented by Equation (5.13) is more generic and therefore better able to model
a wider class of distributions, the Gaussian mixture distribution given by Equation (5.14) has several
advantages:
» Most distributions of infinite extent.é. distributions which are non-zero everywhere except at infin-
ity) can be modeled by mixtures of Gaussians with arbitrary precision [Mclachlan 1988].
» Gaussian densities are completely defined by their first and second order moments. As a result, we

only need to know the first and second order moments of the individual Gaussians comprising the
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mixture to completely describe the density. The estimation errors inherent in the estimation of higher
order moments needed by other density functions are thereby avoided.

» The parameters of a mixture Gaussian distribution can be easily estimated using the EM algorithm
[Dempster 1977]. It is also very easy to derive EM type solutions for most other ML estimation prob-
lems where the random variables involved have mixture Gaussian distributions.

» Most methods of estimating missing elements in a spectrograar¢hdisassed in this thesis involve
maximum a posteriori (MAP) estimation of the missing elements. MAP estimation is very simple
when the underlying distribution of the data is Gaussian.

In light of these advantages, we model the distribution of spectral vectors as a mixture Gaussian for the

missing feature methods described in this section.

The cluster-based represeigatleads to a very simple solution for the estimation of missing elements

of the spectrogram. Given any spectral vecgt) with missing compofeyity we only have to

identify the cluster that the vect@(t)  belongs to and use the distribution of the vectors belonging to that

cluster to obtain an estimate f&,(t) . We refer to the cluster that any vector belongs t@last¢he

membership of that vector. This cluster membership localizes the region that the \@&(dfpr can lie in,
and thereby the range of values that the missing components of the vector can tadafteFhthedistri-
bution of the cluster can be used to obtain a statistical best guess for the missing components of vector

within the localized region.

As discussed in Chapter 2, several statistical methods exist to estimate the missing components of a
data set given the distribution of the complete data. While all of these methods can be used to estimate the
missing components of a vector, MAP estimation is arguably the best motivated procedure among them.
MAP estimation also provides a tractable framework for incorporating additional constraints where avail-

able, in the estimation.

We therefore use MAP estimation to estimate the missing components of vectors. Once the cluster
membership of a vector is identified the missing components of the vector are obtained as MAP estimates

based on the distribution of the identified cluster, conditioned on the observed components of the vector.

Figure 5.15 shows a schematic representation ofechistsed estimation of ssing elements of a spec-
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Figure 5.15 Schematic representation of cluster-based reconstruction. The big ellipse represents the outline of the
distribution of a set of two dimensional vectors. The data has been segregated into a number of small clusters. The
smaller ellipses represent the cross section of the Gaussian distributions of these individual clusters. The solid line
represents a compl ete vector. In the observed data, the Y component of this vector is missing, and only the X compo-
nent, represented by the dotted line along the X axis, is observed. The cluster-based reconstruction method identifies
the thick ellipse as the cluster that the complete vector belongs to, and uses the distribution of that cluster to obtain an
MAP estimate for the missing Y component, and thereby the complete vector. The estimate compl ete vector isrepre-
sented by the dashed line.

tral vector.

In order to obtain a complete cluster-based reconstruction method for incompl ete spectrograms the fol -

lowing issues also have to be resolved:

» The number of clusters to use in the cluster-based representation in order to obtain optimal reconstruc-
tion is not known.

» The manner in which the cluster membership of any vector is determined is not known. The fact that
some components of the vector may be missing makes cluster membership identification a difficult
problem.

Depending on the particular solution for each of the above problems the reconstructed spectrogram and

the recognitioraccuracy obtainedsing thereconstructed spectrogram can vary. In the following sections
we address these issues and describe three cluster-based reconstruction methods:

« single-cluster-based reconstruction,

» multiple-cluster-based reconstruction with marginalization-based cluster identification,

» multiple-cluster-based reconstruction with time-interpolation-based cluster identification, and

These methods vary only in the number of clusters used to represent the distribution and the manner in

which clusters are identified.
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5.3.1 Single cluster based reconstruction: modeling the distribution with asingle

cluster

The simplest cluster-based representation of the distribution of a data set is where all data are assumed
to belong to a single cluster. The distribution of the cluster is simply the global distribution of the data. In
single cluster-based estimation therefore, all spectral vectors are assumed to belong to a single cluster. We
assume the distribution of the cluster to be a Gaussian. The mean vector and covariance matrix of the

Gaussian can be directly obtained from atraining corpus of clean speech spectrograms.

Since there is only one cluster that any vector can belong to no further cluster membership identifica-
tion is necessary during the estimation. The MAP estimate of the missing components of any vector is
based on the cluster distribution of this single cluster, i.e. the global distribution of the data, and condi-

tth

tioned on the observed elements in that vector. We denote the missing components of the t™' spectral vec-

tor S(t), by the vector S, (t) and its observed components by the vector S (t) such that
S(t) = A[S,(t), Sy(t)], where A, isthe permutation matrix that rearranges the components of S(t)
and S,,(t) toobtain Sy(t). Note that A; is specific to the t ' vector since the precise set of components

that are missing from any spectral vector can vary from vector to vector. The estimated value of the vector

of missing components, Sm(t) and the corresponding estimate of the complete vector S(t) are now

obtained in the manner described in Section 2.5.4 as

Sm(t) = Ky + emoeoi(so(t) - p'o)

) ) (5.15)
S(t) = AdS(t), Sm(t)]

where |, and O, arethe mean and covariance of the observed components (i.e. the mean vector and the
covariance matrix of the marginal distribution of S,(t)), M,y isthe mean of the missing components (i.e.

the mean vector of the marginal distribution of S, (t)), and ©,,, is the cross covariance between the

mo
observed components and the missing components, i.e.©,,, = E[(Sy,(t) — M) (So(t) — uo)T] , Where

E[ ] refers to the expectation operator [Papoulis 1991]. U, Mo, Oyp and ©,,, are al easily obtained
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Figure 5.16 Block diagram explaining the procedure for estimating the missing components of a vector. The com-
plete spectrogram is obtained by reconstructing the missing elements of each vector in the spectrogram using this pro-
cedure.

from the parameters of the cluster distribution as explained in Section 2.5.4. Figure 5.16 represents the pro-

cedure of reconstructing the damaged components of a vector as ablock diagram.

The complete spectrogram S is reconstructed by reconstructing each incomplete spectral vector in the

spectrogram using Equation (5.15) as
S = S(1), S(2), S(3), ..., S(N) (5.16)
Recognition is now performed using the estimated compl ete spectrogram.

For brevity we refer to single-cluster-based reconstruction as single cluster reconstruction in future ref-

erences to the method.

5.3.1.1 Experimental resultswith a single cluster based reconstruction

Single cluster reconstruction was evaluated with the random-drop paradigm. Experiments were run
using the RM database and the same setup used to evaluate geometrical reconstruction methodsin Section
5.2.4.

Figure 5.17 shows the same incomplete spectrogram shown in Figure 5.6. Figure 5.18 shows the recon-
structed spectrogram obtained when the missing regions of this spectrogram have been reconstructed using

single-cluster-based estimation.

Figure 5.19 shows the mean squared error of spectrograms reconstructed with single cluster reconstruc-
tion, as a function of the fraction of elements missing in the spectrogram (i.e. the drop fraction). As seen
from thisfigure, the M SE of the reconstructed spectrogram increases as the drop fraction increases, i.e. the

accuracy of the reconstruction decreases as the drop fraction increases.

Figure 5.20 shows the recognition accuracy obtained using spectrograms that have been reconstructed
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Figure 5.17 Spectrogram of an utterance of speech, Figure 5.18 The same spectrogram where the missing
where 50% of the elements have been randomly del eted elements have been reconstructed by single cluster
reconstruction.
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Figure 5.19 Mean squared error between the estimated regions of the reconstructed spectrogram obtained using sin-

gle cluster reconstruction and the corresponding regions of the origina uncorrupted spectrogram, as a function of the
drop fraction. The MSE obtained with linear interpolation along frequency is aso shown for comparison.
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Figure 5.20 Word recognition accuracy obtained with reconstructed spectrogram as a function of the drop fraction.
The recognition accuracy obtained with linear interpolation along frequency is also shown for comparison.
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using single cluster reconstruction, as a function of the drop fraction.

The recognition accuracy is seen to decrease as the drop fraction increases. This correlates well with the

fact that the mean squared error of the reconstructed spectrograms increases with increasing drop fraction.

5.3.1.2 Discussion and analysis of experimental results

We note from the earlier Section that the M SE of reconstruction, and consequently the recognition accu-

racy, degrade as the drop fraction increases. This happens due to severa reasons.

It can be shown the expected M SE of reconstruction for S,(t) , the missing components of the " vec-
tor S(t) isgiven by [Appendix A]
MSE(Sm(t)) = trace(O,,) — trace(@moegieom) (5.17)

where O, is the covariance matrix of S;,(t), ©,, the covariance matrix S,(t) and ©,,, isthe cross
covariance between S, (t) and S (t). It can aso be shown that the MSE of reconstruction increases as
the number of missing elementsin S(t), i.e. the number of elementsin S, (t), increases [Appendix A].

As the drop fraction increases, the average number of elements in S,,(t) does increase. As a result, the
MSE of reconstruction increases with increasing drop rate.

Another factor that affects the estimation of the missing regions is the actual covariance between the
missing components and the observed components of the vector. Asthe drop fraction increases, the average
distance between a frequency component and the nearest observed frequency component increases
[Appendix A]. Figure 5.21 plots the mean distance between any missing frequency component and the
closest observed frequency component as a function of the drop fraction. Figure 5.22 shows how the aver-
age relative covariance between two frequency components varies as the distance between the components
increases. We observe from these figures that as the drop fraction increases, the cross-covariance between

the missing component and the observed components decreases. It is easy to see in Equation (5.17) that as

the individual elements in the cross-covariance matrix ©,,,, decrease, trace(@moeggeom) decreases

[Appendix A] and the MSE of reconstruction increases. Thus, another reason for the increase in M SE with

increasing drop fraction is the corresponding decrease in the covariances between the missing components
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Figure 5.21 Mean distance between a missing compo- Figure 5.22 Relative covariance between two frequency
nent and its closest observed neighbor as a function of components as a function of the distance between them.
drop rate.

and the observed components of the spectral vector.

The recognition accuracy obtained with the reconstructed spectrogram is clearly related to the accuracy
of the reconstruction. The error in reconstruction can be viewed as noise added to the corrected spectral
values. The greater the error, the greater the noise. At higher drop fractions the higher MSE of reconstruc-

tion corresponds to noisier spectrograms resulting in poorer recognition accuracy.

In general we note that even this very simple clustering method using only a single cluster results in
reasonably good reconstructions of the spectrogram when the fraction of missing elements is less than
50%. The difference in recognition performance between the reconstructed spectrograms and the original
spectrograms is not appreciable at these drop fractions (i.e. fractions of missing data). Comparison of
reconstructed spectrograms obtained by linear interpolation across frequency (Figure 5.7), and by single
cluster reconstruction (Figure 5.18), show both reconstructed spectrograms to be similar in nature. Thisis
because both reconstruction by interpolation across frequency and singe cluster reconstruction are based
on the assumption that the energy in adjacent frequency bands varies continuously and smoothly. However,
cluster reconstruction uses additional statistical information about the statistical correlations between fre-
guency bands. Comparison of the MSE of reconstruction and the recognition accuracy obtained using
reconstructed spectrograms for the two reconstruction methods (Figures 5.13, 5.14, 5.19, and 5.20) shows
us that the additional statistical information used in the cluster-based reconstruction methods does indeed

result in better reconstruction.
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5.3.2 Multiple cluster based reconstruction

So far we have discussed a spectrogram reconstruction method in which we model ed the distribution of
spectral vectors with asingle cluster. A more detailed representation would use multiple clusters to model
the distribution of spectral vectors. The means and variances of the distributions of the individual clusters,
and the proportion of vectors belonging to each of the clusters, i.e. the a priori probability of the individual
clusters, can be learned from a training corpus of clean spectrograms using the EM algorithm [Dempster

1977).

When the distribution is represented by multiple clusters the procedure for estimating the missing por-
tions of an incomplete vector has two steps. In the first step the cluster membership of the vector, i.e. the
cluster that the vector belongs to, isidentified. Once the cluster membership of the vector is established the
distribution of that cluster is used to obtain MAP estimates for the missing components of that vector. Fig-
ure 5.23 represents the entire procedure for estimating the missing regions of an incomplete vector as a
block diagram.

A vector issaid to belong to the cluster that is most likely to have generated it. Since all cluster distribu-

tions are assumed to be Gaussian, the cluster membership Kg;) of the vector S(t) is defined as
ksry = argmax, { P(k[S(1))} = argmax,{ P(S(t)[k)P(k)}
1 (5.18)
Koo = N 2 To-1 L
st) = argmaxkgbk‘ek‘ exp(—0.5(S(t) — ) O, (S(t) — “k))%
where {1, and ©, are the mean vector and the covariance matrix respectively of the k' cluster, and ¢, is

the a priori probability that any vector belongs to the k™ cluster. This treats the identification of cluster

Find MAP estimates
Damaged I dentify Separate  observed of S, conditioned on Reconstructed
— —and missing el ements—® >
Vector Cluster 0. and , based on clusterl \jector
So Sm distribution params

Figure 5.23 Block diagram showing estimation of missing elements in a spectral vector using a multiple-cluster
based representation of the distribution of spectral vectors.
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membership as a classification problem, where the clusters are the classes. Equation (5.19) defines the
optima bayesian classifier which determines which cluster a vector belongs to. The definition of cluster
membership also has a geometrical interpretation. It can be restated in terms of distance if we define dis-

tance as the negative of the log-likelihood of the vector:
ksiyy = argming{ 0.5(S(t) — ) 'O, H(S(t) — k) —log(c) + 0.50g(|O)} (5.19)

Using this definition of distance, the cluster membership is defined as the cluster that the vector is clos-
est to. Equations (5.18) and (5.19) implicitly define the boundaries between the various clusters. Thus, any

vector that falls within the boundaries of aparticular cluster is said to belong to that cluster.

Once the cluster membership of the vector isidentified, the distribution of that cluster is used to obtain

MAP estimates for the missing components of that vector. As before, separating the missing and observed

components of S(t) into S,(t) and Sy(t) suchthat S(t) = A[S,(t), S,(t)] . the estimated value of

Sm(t) and the corresponding complete vector S(t) are now obtained as

Sm(t) = “k, m + ek, moei,loo(so(t) - “k, o)
(5.20)

S(1) = ALS,(1), Sm(t)]
where K is the cluster membership of S(t) and Y, , and ©, . are the mean and covariance of the
observed components, My , isthe mean of the missing components given that S(t) belongs to the kth

cluster. ©y 1, isthe cross covariance between Sp(t) and Sy(t), giventhat S(t) belongsto the k" clus-

ter.i.e,
-
Ok mo = EL(Sm(t) =My m)(So(t) =My o) " [cluster = k] (5.21)
The means and covariances, My m, Kk o» Ok oo @d Oy o are al obtained from the parameters of

the cluster distribution of the k™" cluster. The estimated complete spectrogram S is obtained by recon-

structing the missing components of each spectral vector in the spectrogram using Equation (5.20) as

S = S(1), S(2), S(3), ..., S(N) (5.22)
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Recognition is now performed using the estimated compl ete spectrogram.

An important parameter in a multiple-cluster-based representation of the distribution of a data set isthe
number of clustersused in the representation. We refer to this number as the codebook size of the represen-
tation. As the codebook size increases the representation becomes more detailed and the size of the indi-
vidual clusters decreases. Thus, as the codebook size increases the cluster membership of a vector
increasingly localizes its position. Therefore the error in the estimates of the missing components can be
expected to decrease with increasing codebook size if the cluster membership of every vector is always

correctly known.

When complete spectral vectors are available, cluster membership of vectors can be directly obtained
by evaluating Equation (5.19). However, when dealing with incomplete spectrograms, several components
of the spectral vector could be missing. Direct computation of Equation (5.19) is not possible with incom-
plete vectors. From a geometrical perspective, it is not possible to determine whether a vector lies within
the boundaries of the cluster when some of the components of the vector are not known. In this situation
cluster membership has to be estimated using one of the following solutions:

« Identify cluster membership based only on the observed components

 Pre-estimate the missing components in some manner, and then use the complete vector to identify

cluster membership

Since the cluster membership found by these methods is only an estimate of the true cluster member-
ship it is likely to be erroneous. Error in cluster-membership identification results in the distribution of the
wrong cluster being used for estimating the missing components of the spectral vector resulting in
increased MSE in the reconstruction. Furthermore, the error in estimating cluster membership with incom-
plete vectors can be expected to increase as the codebook size increases and the clusters become more
localized. This resulting increase in MSE due to the increased error in cluster membership identification is
likely to compensate for some or all of the improvement in the reconstruction accuracy that would be

expected with increasing codebook size had cluster membership bésatlpénown.

In the following section we investigate the ideal situation where threataclister membership of all
vectors in the spectrogram is knowampriori for the estimation of missing elements, and we also evaluate
the effect of codebook size in this ideal situation. In subsequent sections we address the problem of esti-

mating cluster membership of incomplete vectors. We present two multiplerdhasted reconstruction
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methods where we estimate cluster membership of vectorswith incompl ete vectors and reconstruct vectors

based on the estimated cluster membership.

5.3.3 Oracle experiments with perfect knowledge of cluster membership

In an ideal situation the cluster membership of every vector in the incomplete spectrogram would be
known a-priori. The reconstruction obtained under this ideal condition can be considered to be an upper
bound to the performance of cluster-based reconstruction methods. We attempt to estimate this upper
bound experimentally with an “oracle” experiment where threect duster membership of the vectors is

given beforehand.

For the oracle experiment random elements of the spectrogram were dropped using the random-drop
paradigm and reconstructed as described in Section 5.3.2. The cluster membership of each of the vectors
was determined using the corresponding vector from the original, complete, spectrogram. MAP estimates

of the missing components of vectorere stimated using the distribution of theroect duster.

We refer tathis procedure where incomplete spectral vectors are reconstructed using oracle knowledge

of cluster membership a&buster oracle reconstruction.

Figure 5.24 shows the mean squared error of spectrograms reconstructed by idagteeconstruc-
tion with cluser-based representatis of diferent codéook sizes, as a function of the drop fraction
obtained. Each line in the figure plots the MSEemfonstruction obtained using a cluster-based representa-
tion of a particular size. The MSE of reconstruction when the codebook size is one is identical to that
obtained with single cluster reconstruction (Figure 5.19) since with only a single cluster there is no identi-
fication of cluster membership necessary. As the codebook size increases the MSE of reconstruction at any
drop fraction is observed to decrease monotonically as predicted in Section 5.3.2. Also, for any codebook

size the MSE increases with increasing dm@gtion as was observed in single cluster reconstruction.

Figures 5.25 shows an example spectrogram with 70% of its elements missing and the reconstructed
spectrogram obtained with oracle knowledge of cluster membership with cluster-based representations of
increasing codebook sizes. We see from the pictures that the reconstruction follows the same pattern as the

MSE - the reconstructed spectrogram resembles the origarabisngly with increasing codsook size.
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Figure 5.24 Mean sguared error of the reconstructed spectrogram as a function of drop rate for various codebook
sizes. Each line in the figure plots the M SE of reconstruction for a particular codebook size.

As explained in Section 5.3.1.2, spectrograms with larger MSE of reconstruction can be expected to
result in lower recognition accuracy than spectrograms with lower M SE. Therefore, the recognition accu-
racy obtained with the reconstructed spectrograms can be expected to reflect the trends of the MSE of
reconstruction. It can be expected that the recognition accuracy obtained with cluster oracle reconstructed
spectrograms will increase with increasing codebook size at any drop fraction, and that it will decrease
with increasing drop fraction for any codebook size. Figure 5.26 shows the recognition accuracy obtained
with cluster oracle reconstructed spectrograms as a function of drop fraction, for cluster-based representa-
tions of various codebook sizes. The trends seen in this figure are exactly as expected. The recognition
accuracy obtained with a codebook size of one isidentical to that obtained with single cluster reconstruc-
tion (Figure 5.20). As the codebook size increases the recognition accuracy at any drop fraction improves
monotonically. For codebook size 512 the reconstructed spectrogram obtained when 90% of the original
spectrogram is missing results in almost the same recognition accuracy as the uncorrupted spectrogram
(0% drop fraction). Also, for al codebook sizes recognition accuracy degrades with increasing drop frac-

tion.

Figures 5.24 through 5.26 above indicate that good reconstruction and very high recognition accuracies
are possible, in principle, using cluster-based reconstruction. However, the actual performances seen in
these figures are only upper bounds and, indeed, may be unachieveable. In areal situation the cluster mem-
bership of any vector would not be known a priori and would have to estimated. As the codebook size

increases, the error in cluster membership identification can also be expected to increase. These would
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Figure 5.25 Examples of reconstructed spectrogram with oracle knowledge of cluster membership

Panel 1: Original spectrogram

Panel 3: Spectrogram reconstructed with cluster
based representation of codebook size 1

Panel 5: Spectrogram reconstructed with code-
book size 64

Panel 2: Spectrogram with 70% of its elements
randomly deleted

Panel 4: Spectrogram reconstructed with code-
book size 8

Panel 6: Spectrogram reconstructed with code-
book size 512
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Figure 5.26 Recognition accuracy obtained with spectrograms reconstructed with oracle knowledge of cluster mem-
bership, as a function of drop fraction. Recognition accuracies are plotted for the reconstructed spectrograms
obtained for several codebook sizes

increase the M SE in reconstruction and reduce the recognition accuracy.

5.3.4 Cluster Marginal Reconstruction: Identifying cluster membership based on

observed components alone

Consider an incomplete spectral vector S(t) with missing components S,(t) and observed compo-
nents Sy(t) . Equation (5.18) can now be restated for S(t) as

ksy = argmax{ P(k|Sy(t), Sy(1))} = argmax{ P(Sy(t), Sp(t) [K)P(K)} (5.23)

Since the value of S,(t) is unknown this cannot be evaluated and the correct cluster membership of

S(t) cannot be obtained directly. One solution to this problem is to attempt to identify the cluster member-

ship of the vector based on the observed components of the vector alone.

ksy = argmax,{ P(K|So(1))} = argmax,{ P(Sq(t) |k)P(K)} (5.24)

The cluster distributions are defined on the entire spectral vector S(t) . Therefore, to obtain the distri-
bution of the observed parameters we would have to integrate the missing components out of the distribu-
tions, i.e. by marginalization.

[ee) 00

P(So()]k) = [ P(So(1), Sn(D)[K)dSm(t) = [ P(S(t) [k)dSr(t) (5.25)

— —00
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Cluster membership therefore would be estimated as

0 o 0

) 0 0

ks = argmax, ZP(K) [ P(S()[k)dSy,(1) (5.26)
0 - 0

This method of estimating cluster membership with incomplete datais very similar in principle to mar-
ginalization based classification with incomplete data (Section 4.3). As in the case of cluster-membership
identification with complete vectors, Equation (5.24) can be expressed in terms of distance, which is

defined as the negative of the log likelihood of the observed components of the vector

P : T~-1

kS(t) = argmi nk{ O-S(So(t) - p-k, o) ek, oo(So(t) - p-k, o) - Iog(ck) + O.5Iog(‘@k, oo‘)} (5-27)
where [, , and ©, ,, are the mean and covariance of the observed components, given that the vector

belongs to the k" cluster.

The cluster membership estimated by Equation (5.27) is likely to be erroneous since the contribution of
the missing components to the likelihoods of clusters is not being considered. As the fraction of elements
missing from the vector increases Equation (5.27) is computed on fewer and fewer components and the
estimated cluster membership becomes increasingly erroneous. In the limit where the entire vector is miss-
ing it isnot possible to identify the cluster at all. In this situation we arbitrarily select, for the totally corrupt

vector, the estimated cluster identity of the closest vector that is not completely corrupted.

Once the cluster membership of avector is estimated, the distribution of the estimated cluster is used to

estimate the missing componentsin the vector, and thereby the complete vector, using Equation (5.20).

We refer to this procedure of cluster membership estimation by marginalization and reconstruction of
vectors with clusters so identified as cluster marginal reconstruction. The nomenclature isindicative of the
fact that cluster-based reconstruction is being used, and that cluster membership has been identified by

marginalization.

5.3.4.1 Experimental evaluation

Cluster marginal reconstruction was evaluated using the random-drop paradigm and the same experi-

mental setup used in Section 5.3.3. In multiple-cluster-based reconstruction an additional factor affecting
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reconstruction are the errors in cluster membership identification. Figure 5.27 plots the percentage of clus-
ters that are wrongly identified as afunction of the fraction of the elements missing in the incompl ete spec-
trogram, for various codebook sizes. The percentage of wrongly identified clusters varies approximately
linearly with the fraction of missing elements. We also observe that the fraction of wrongly identified clus-
ters also increases as the codebook size increases, as expected. We noted in Section 5.3.3 that when cluster
membership of vectorsis perfectly known the M SE of estimation decreases monotonically with increasing
codebook size. However, when cluster member is not known the increased error in cluster-membership
identification with increasing codebook size introduces errors in the estimation that are likely to compen-
sate for some, or all of the improvement obtained due to increased codebook size. Figure 5.28 shows the
MSE in reconstruction as a function of the fraction of missing elements for various codebooks sizes. Note
that the M SE obtained with codebook size 1 is the same as that obtained with cluster oracle reconstruction
since there is no identification of cluster membership needed. Increasing the codebook size not improve
the M SE significantly with increasing codebook size confirming our hypothesis that the increased error in

cluster identification compensates for the improved reconstruction with increasing codebook size.

Figure 5.29 shows the reconstructed spectrogram obtained with different codebook sizes when the
incomplete spectrogram has 70% of its elements missing. We observe that there is no appreciable visual

difference between the reconstructed spectrograms that could be attributed to codebook size.

It islogica to conclude that since increasing codebook size does not improve the MSE of reconstruc-
tion it will not improve the recognition accuracy either. This hypothesis in confirmed by Figure 5.30,

which shows the recognition performance obtained with the reconstructed spectrograms for various code-
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Figure 5.27 Percentage of clusters wrongly identified as a function of drop fraction for cluster-based representations
of various codebook sizes.
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Figure 5.28 MSE of reconstruction as function of drop rate, for cluster-based representations of various codebook
sizes.

books sizes. Increasing codebook size does not improve recognition accuracy significantly. In fact, the per-

formance with codebook size 512 is worse than that obtained with codebook size 1

The lack of improvement in reconstruction accuracy and recognition performance with increasing
codebook size is attributable entirely to errorsin cluster membership identification. It stands to reason that
substantially better reconstruction could be achieved at higher drop rates if the cluster identification accu-

racy could be improved.

5.3.5 Cluster membership estimation with preliminary estimates

We can avoid the problem of having to ignore the missing components entirely in cluster identification

by using a preliminary estimate for the missing components in the vector, for cluster membership identifi-

cation. If we represent the preliminary estimate for the vector of missing elements S,(t) as ém(t) , then
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Figure 5.30 Recognition accuracy vs. drop fraction using spectrograms reconstructed by cluster marginal reconstruc-
tion, for various codebook sizes.
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Figure 5.29 Reconstructed spectrogram obtained by marginalization based estimation, for several codebook sizes

Panel 1: Original spectrogram Panel 2: Spectrogram with 70% of its elements
randomly deleted

Panel 3: Spectrogram reconstructed with cluster Panel 4: Spectrogram reconstructed with code-

based representation of codebook size 1 book size 8

Panel 5: Spectrogram reconstructed with code- Panel 6: Spectrogram reconstructed with code-
book size 64 book size 512
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Figure 5.32 The left frame shows recognition accuracy obtained spectrograms reconstructed by frequency interpola-
tion based estimation of cluster membership, for codebook sizes 1, 8 64 and 512. The right panel shows the same for
cluster marginal reconstruction.

we would obtain the preliminary estimate for the complete vector as
S(t) = AlS,(t), Sm(1)] (5.28)
The cluster membership of the vector can then be estimated using the preliminary estimate as

km = argmin,{ 05(S(t) — ) O (S(t) — 1) ~log(c,) + 0.5l0g(|Oy)} (5.29)

It is important to distinguish between the preliminary estimate of the complete vector é(t) and the

final estimate of the complete vector S(t) that is used to reconstruct the complete spectrogram in Equation

(5.20). The density of the cluster identified in Equation (5.29) is used to obtain the final estimate of the

missing elements of the vector S(t) . The complete vector S(t) is obtained asin Equation (5.20).

The preliminary estimate for the missing components, ém(t) can be obtained by any of the geometrical
reconstruction method described in Section 5.2. Of these, it was seen that simple linear interpolation was

superior to non-linear interpolation methods. Therefore, linear interpolation based estimation methods are

good candidate methods for obtaining the preliminary estimate of missing elements.
5.3.5.1 Preliminary estimate by frequency inter polation

The preliminary estimate ém(t) of the missing components in the vector can be obtained by linear

interpolation across frequency, as described in Section 5.2.1. This preliminary estimate can then be used

for estimating cluster membership.
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Figure 5.31 The left frame shows MSE of reconstruction for frequency interpolation based estimation of cluster
membership, for codebook sizes 1, 8, 64 and 512. The right panel shows the same for cluster marginal reconstruction.

Figure 5.31 shows the M SE of reconstruction for frequency interpolation based estimation of cluster
membership, as a function of the drop fraction, for several codebook sizes, and compares it with the MSE
for cluster marginal reconstruction (Section 5.3.4). The random-drop paradigm and the DARPA RM data-
base were used, as in the other experiments reported in this chapter. Figure 5.32 compares the recognition
accuracy obtained with reconstructed spectrogram for the two cases. As can be seen, there is no apprecia-
ble improvement to be obtained by interpolating across frequency. In fact, there seems to be a slight degra-
dation of performance at higher codebook sizes. This is only to be expected since interpolation across
frequency depends on the continuity across frequency bands to obtain estimates of missing components.
Cluster-based representations already model the correlations between frequency bands explicitly. Since no
information other than thisis used in the preliminary estimate, improvement in reconstruction due to using

the preliminary estimate can only be expected to be marginal, if any.

Since no improvement isto be gained by this procedure we make no further reference to it in thisthesis.

5.3.5.2 Preliminary estimate by time inter polation

The preliminary estimate of the missing components, ém(t) used in the estimation of cluster member-
ship can be obtained by linear interpolation across time, as described in Section 5.2.1. Linear interpolation
along time takes advantage of the temporal continuity of frequency components to estimate missing com-
ponents of the spectrogram. A cluster-based representation models the distribution of each vector indepen-

dently of any other vector and does not model temporal continuity in any manner. Therefore, the temporal
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Figure 5.34 MSE for spectrogram reconstructed by cluster time-interpolated reconstruction, as a function of drop
fraction, for various codebook sizes

constraints imposed by linear interpolation across time represent an additional source of information and

are expected to improve cluster membership identification and reconstruction accuracy.

We refer to this reconstruction procedure where cluster membership is identified based on preliminary

estimates given by linear interpolation along time as cluster time-inter polated reconstruction.

Figure 5.33 shows the percentage of vectors whose cluster membership was wrongly identified when
time-interpolation based preliminary estimates are used, as a function of the drop fraction, for various
codebook sizes. Comparison with Figure 5.27 shows that the cluster-membership-identification error is
significantly less than that seen when clusters memberships are identified based on observed elements
alone. The temporal continuity imposed by the preliminary estimates improves the cluster membership
identification greatly. Figure 5.34 shows the MSE in reconstruction as a function of the fraction of ele-

ments missing, for various codebook sizes. We observe, in this case, that unlike the case of cluster mar-
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Figure 5.33 Percentage of vectors whose cluster membership was wrongly identified, as a function of drop fraction,
for various codebook sizes.
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ginal reconstruction (Figure 5.28), the MSE actually improves with increasing codebook size. Thisis due

to the improved estimation of cluster membership.

Figure 5.35 shows an example of the estimated compl ete spectrogram obtained by cluster time-interpo-
lated reconstruction, with different codebook sizes, when 70% of the elements in the incomplete spectro-
gram are missing. Predictably, the reconstructed spectrogram visually resembles the origina spectrogram

as codebook size increases.

Figure 5.36 shows recognition accuracy obtained using reconstructed spectrograms for various code-
book sizes. Recognition accuracy is seen to improve with every increase in codebook size, following the
trend in the MSE. Recognition accuracies for codebook size 512 are significantly greater than those
obtained by cluster marginal reconstruction. Comparison with Figure 5.14 al so establishes that the recogni-
tion accuracy obtained here is higher than that using purely geometrical reconstruction using linear inter-

polation across time (Section 5.2.4).

5.3.6 Cluster-based reconstruction methods summary

Cluster-based reconstruction methods can be very effective in reconstructing missing regions of spec-
trograms. The introduction of the vector statistics of spectral vectors improves the reconstruction signifi-

cantly over methods that use purely local information, such as linear and non-linear interpolation.

When clusters memberships are identified based only on the observed components of spectral vectors,
the performance obtained with multiple-cluster-based representations is similar to that obtained when the

distribution of spectral vectors is modeled as a single Gaussian. This seems to indicate that the single
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Figure 5.36 Recognition accuracy with reconstructed spectrograms as a function of drop fraction, for various code-
book sizes.
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linear interpolation along time

Panel 1: Original spectrogram Panel 2: Spectrogram with 70% of its elements
randomly deleted

Panel 3: Spectrogram reconstructed with cluster Panel 4: Spectrogram reconstructed with code-

based representation of codebook size 2 book size 8

Panel 5: Spectrogram reconstructed with code- Panel 6: Spectrogram reconstructed with code-
book size 64 book size 512
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Gaussian model for the distribution of vectors is as good as, or better than the Gaussian mixture model
implied by multiple-cluster-based representations, for the purpose of reconstruction. In the absence of any

additional criterion of localizing the position of the complete vector, the two models perform similarly.

Preliminary estimates of missing elements given by linear interpolation along time provide the localiza-
tion of the vector needed to obtain better performance with multiple-cluster-based representations. The
inclusion of tempora information in the reconstruction procedure in the form of the temporal continuity
enforced by the preliminary estimate improves the quality of the reconstruction significantly. However, the
information used in the preliminary estimate is purely local. It stands to reason that if prior information
regarding the statistical relationships between the components of different vectors could be used the qual-

ity of the reconstruction can be further improved.

There are several ways of statistically modeling the tempora continuity between elements in the spec-
trogram. One method would be to model the sequence of spectral vectors as the output of a hidden Markov
model (HMM) [Therrien 1992], or a higher-order HMM [Therrien 1992], rather than as a sequence of 11D
vectors. However HMMs and higher order HMMs are complicated models requiring many parameters. A
much simpler model would be to simply model the statistical correlations between the various elementsin

the spectrogram explicitly. The following section deals with such a method.

5.4 Covariance-based reconstruction

A very simple statistical model for the spectrogram is to consider the sequence of spectral vectors that
constitute a spectrogram to be the output of a Gaussian wide-sense stationary (WSS) random process
[Papoulis 1991]. All possible spectrograms are assumed to be individual observations from a single pro-
cess. The statistical parameters of this process are then used to obtain estimates for the missing compo-

nents of incomplete spectrograms.

We refer to spectrogram reconstruction methods based on this model as covariance-based reconstruc-

tion methods.

The assumption of wide-sense stationarity leads to the assumption that the means of the spectral vec-

tors, and the covariances between elements in the spectrogram are independent of their position in the

spectrogram. If we define the mean of the k' element of the t " spectral vector S(t, k) , p(t, k) , and the
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covariance between the k; " element of the t, " spectral vector S(t;, k;) and the k, " element of the t, ™"
spectral vector S(t,, k), c(ty, t,, Ky, Ky) , as
H(t, k) = E[S(t, k)]
C(ty, to, Ky, ko) = EL(S(t, k) —H(t, k1)) (S(t2, ko) — U(t2 k)]

(5.30)

where E[ ] stands for the expectation operator, the assumption of wide-sense stationarity gives us the fol-

lowing properties for these parameters [Papoulis 1991]
H(t K) = p(ty, k) = p(k) (5.31)

C(t t+T, Ky, Ky) = C(ty, ty + T, Ky, Ky) = (T, Ky, ky) (5.32)

In other words, the expected value (k) of the k™ component of a spectral vector is not dependent on

where the vector occurs in the spectrogram. Similarly, the covariance between the components of two
spectral vectors depends only on the distance T between the vectors (along the time axis) and not on where
they occur in the spectrogram. The means of the components of the spectral vectors (k) and the various
covariance parameters C(T, K4, K,) can now be learned from a training corpus of uncorrupted spectro-

grams. The implication of the assumption of a Gaussian process is that the joint distribution the compo-
nents of all the spectral vectors in a sequence of vectors is Gaussian. Additionally, the distribution of any
subset of the componentsin a sequence of vectorsisalso Gaussian [Papoulis 1991]. Therefore these means
and covariances describe the process completely and are al that are needed to estimate missing compo-

nents of spectrograms.

The p(K) values define the expected value of every component in a spectrogram and the ¢(T, Ky, k»)
values define the covariance between any component in the spectrogram and any other component in it.
E[S(t, K] = u(k)
EL(S(ty, ky)—H(ty, kq)) (S(ta ko) — W(ta, ko)) = c(ty —to, ky, ky)

(5.33)

To reconstruct an incompl ete spectrogram S the observed components of the spectrogram are arranged

into avector S; . The missing components are arranged into avector S,,. Since we know the mean values
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Figure 5.37 Example showing how the missing and observed components of a spectrogram can be separated into a
vector of missing components and a vector of observed components, and the corresponding mean and covariance val-
ues. The figure represents a spectrogram with 4 spectral vectors, each with 4 elements. Each column of elements rep-
resents a single spectral vector. The grey elements are missing.

of all the components in the spectrogram and the covariance between any two componentsin it, the means
of the individual componentsof Sy and S, and the covariances between their various components are all
known. These can be used to construct ui and ug, the mean vectors of S, and S, respectively, C ,

the autocovariance matrix of Sy, and C,,, , the cross covariance between S, and S .

Explaining the construction of Sm and SO with an example

Weillustrate the construction of S, and S, with asimple example. Figure 5.37 shows an example of a

small spectrogram consisting of only four spectral vectors, each of which has only four components. Each
of the elements in the spectrogram has been identified by atag for convenience. All grey boxesin the fig-

ure represent missing el ements.

The vector of observed elements S, and the vector of missing elements S, are constructed for this

example as
So = [S(1, 2), (1, 4), S(2, 1), S(2, 3), S(3, 2), (3, 3), S(3,4), (4, 1), (4, 4)]"
Sm = [S(1, 1), (1, 3), (2, 2), (2, 4), (3, 1), (4, 2), (4, 3)]

The expected value of all elementsin any row is assumed to be the same (since the vectors are assumed

to be the output of a WSS process). The mean vectors for Sy and S, are therefore constructed as
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1S = [K(2), 1(4), 1(1), K(3), 1(2), K(3), k(4), B(L), u(H)]"

He = [H(D), 1(3), 1(2), K(4), 1(D), 1(2), k(3)]"

The autocovariance matrix of S; isa9x9 matrix constructed as

c(0,2,2) ¢(0,2,4) ¢(1,2,1) ... ¢(3,2 4)
c(0,4,2) ¢(0,4,4) c(1,4,1) ... c(3 4,4)
Coo = |c(=1,1,2) c(=1,1,4) ¢(0,1, 1) ... c(2 1, 4)

c(=3,4,2) c(<3, 4 4 c(=2,4, 1) ... c(0, 4 4)
Similarly, the cross covariance between S, and S, isa7x9 matrix given by

c(0,1,2) ¢(0,1,4) c(1,1,1) ... c(3 1 4)
c(0,3,2) ¢(0,3,4) c(1,3,1) ... c(3 3 4)
Cro = |c(=1, 2 2) (=1, 2 4) ¢(-1,2 1) ... c(2 2 4)

o(=3,3 2) ¢(=3,3 4 c(=2,3, 1) ... ¢(0, 3, 4)

The means and covariances of the vector of observed elements S, and the vector missing elements

S and the cross covariance between them can now be used to obtain an MAP estimate for S, :
c S -1
Sm = U5+ CproCon(So —HD) (5.34)

Equation (5.34) would perform global reconstruction of all the missing elements in the damaged spec-
trogram in a single reconstruction step. However, the direct computation of Equation (5.34) would require
inversion and multiplication of extremely large matrices. For example atypical 4 second utterance has 400

frames. If the spectral vectors have 20 frequency components each, there are 8000 componentsin all in the
spectrogram. If 50% of the components are missing, both C, and C,,, are 4000 x 4000 matrices. Direct

computation of Equation (5.34) would therefore necessitate the inversion of a 4000x4000 matrix, followed
by the multiplication of two 4000x4000 matrices. If the utterance were longer the matrices would become

still bigger. Clearly, the matrix operations required are impractical. A much more practical solution would
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be to reconstruct the missing elements of the pictureincrementally.

5.4.1 Reconstructing missing e ements individually

The simplest reconstruction would be to reconstruct each missing element in the spectrogram indepen-
dently of every other missing element. Let S(t, K) be the missing element being estimated. Note here that

S(t, k) isan element of the vector of missing components, S;,,. The covariances between S(t, k) and the
various components of S, can be used to construct the cross-covariance matrix between the two. We rep-
resent this matrix by Cy,(t, K). Note that the components of C,,,(t, k) form onerow of C,,,, the cross

covariance between S, and S;.
The MAP estimate of (t, k) can now be obtained as
S(t, k) = H(K) + Cro(t, K)Cop(Sp—Hg) (5.35)

where (k) isthe expected value of S(t, K) asgiven in Equation (5.33). Initially there does not appear to

be any advantage to using Equation (5.35) since the dimensionality of C,,, the matrix being inverted in

00’
Equation (5.35), is no different from that in Equation (5.34) and the estimate of (t, k) obtained from the
two equations isidentical. However, the estimation can be considerably simplified by taking advantage of

the fact that all components of S, do not contribute equally to the estimate of S(t, K) .

The relative covariance between two components S(t, k;) and S(t + T, k) of the spectrogram is
defined as

c(t, t+1,ky ky) 3 c(t, ky, k)
Jelt t ke, K)e(t+T,t+ T, ky, k), /e(0, Ky, kp)c(0, ky, k)

(T, ky, k) = (5.36)

If S(t, k) were to be estimated based on only one component of S, say S(t + T, k;) , then it can be

shown that the estimate of (t, k) is given by

S(tK) = p(k) + (T, ky) Ty (St k) (k) (5.37)
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Figure 5.38 The left panel shows the relative covariance between the energy in the 8th frequency component (k=8)
of any spectral vector and other elements of the spectrogram. The right panel shows the relative covariance between
the energy in the 12th frequency component (k=12) of any spectral vector and other elementsin the spectrogram

Clearly, as the relative covariance r (T, Kk, k;) between S(t, k) and S(t + T, k) decreases, the contri-
bution of S(t + T, k;) to the estimate of S(t, k) decreases linearly. For very small values of r(T, k, k;)

therefore, its contribution to the estimate of (t, k) becomes negligible. In general, the contribution of any

element S(t, k;) of S, to the estimate of §(t, k) islow if it has low relative covariance with §(t, k),
provided S(t;, k;) aso has low relative covariance with other elements of S that have high relative
covariancewith S(t, K) . In thissituation S(t4, k1) can be removed from the conditioning vector S, with-
out significant increase in the M SE of estimation.

It is observed that the relative covariance r(T, Ky, Ky) between two elements $(t, k;), and
S(t + 1, K,) of aspectrogram falls off very quickly as either T or k; —K, increases. Figure 5.38 shows
the variation of r(T, k, k') as a function of T and k' for two different values of k. In both cases we
observethat r (T, k, k') fallsvery rapidly fromits peak value of 1.0 asboth |t| and |k —K'| increase, fall-
ing below 0.5 for [t| >5 or k—k' > 10.

As aresult, most elements of S, have very low relative covariance with (t, k) . Additionally, these

elements also have low relative covariance with those elements of S, that have a high relative covariance
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with $(t, K) . The vector of observed elementsthat is used to estimate S(t, k) can therefore be constructed
from only those observed components of the spectrogram that have a high relative covariance with it, i.e.

components that have a relative covariance above some threshold R. If we denote the vector constructed

of observed components that are used to estimate S(t, k) by S,(t, k) , we would get the following rule for
the construction of Sy(t, k)

S(ty, ky) O So(t k), if (r(t—ty, ky, k) >R) (5.38)

Note that the vector of observed components Sy(t, k) is specific to S(t, k) . Sy(t, k) typicaly has
much fewer components than S,. We refer to the set of elements in Sy(t, k) as the neighborhood of
S(t, k) . Werefer to Sy(t, K) asthe neighborhood vector of S(t, k) . Once S,(t, k) has been constructed,
its mean vector H,(t, K) can be constructed using the expected values of its components, and its autocova-
riance matrix C,,(t, k), and the cross-covariance matrix between S(t, k) and Sy(t, k), C,o(t, K) can

be constructed using the covariance between their components. The estimate for §(t, k) , the missing com-

ponent, is now obtained as
S(t,K) = 1K) + ot K Con(t K)(Sy(t, K) — (1, K)) (5.39)

All the missing elements in the spectrogram can be estimated in this manner to reconstruct the complete

spectrogram.

A simple example of constructing S (t, k) for the estimation of a missing element

Weillustrate the construction of S,(t, k) , and the corresponding mean and covariance parameters with
an example. Figure 5.39 shows a small spectrogram of 16 elements. All elements shaded grey in the pic-
ture are missing.

In order to estimate S(2, 2) (shown in alighter shade of grey), all elements (t, k) in the spectrogram,
such that r(t—2, 2, k) = 0.5 areidentified. These are represented by the dotted elements in the spectro-

gram. The vector of observed elements S;(t, K) isnow constructed as
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S(1,1) S(2,1) $(3,1) S(4,1)\

S(1,2) S(2,2) S(3,2) S(4.2)

S(1,3) | S(2,3) | S(3,3) | S(4,3)

S(1,4) | $(2,4) | S(3,4) | S(4,4)

Figure 5.39 An example spectrogram with 4 spectral vectors, each with 4 elements. The grey elements are missing.
The neighborhood vector and the various statistical parameters for the estimation of S(2,2), the element shaded light
grey, are to be constructed.

So(2,2) = [S(1, 2), $(2,1), (2, 3), (3, 2), §(3,3)]
The mean vectors for S,(2, 2) and S(2, 2) are constructed as
E[S6(2,2)] = 1o(2.2) = [1(2), (1), u(3), u(2), u(3)1"

E[S(2,2)] = u(2)

The autocovariance matrix of Sy(2, 2) isa5x5 matrix constructed as

c(0,2,2) c(1,2,1) c(1,2,3) c(2,2,2)c(2,2,3)
c(-1,1,2 ¢c(0,1,1) c(0,1,3 c(1,1 2 c(1,1,3
Coo(2,2) = |c(-1,3,2 ¢(0,3, 1) ¢(0,33) c(1,3 2 c(1,3 793
c(-2,2 2 c(-1,2 1) c(-1,2 3) c(0,2 2 c(0, 2 3
c(-2,3 2 c(-1,3 1) c(-1,3 3 c(0,3 2 c(0, 3 3

The cross covariance between §(2, 2) and S, (2, 2) isa1x5 matrix given by
Cmo(2,2) = [c(-1, 2 2),¢c(0, 2 1), c(0, 2 3),c(1, 2 2),c(1, 2 3)]T

The estimate of (2, 2) would be given by

S(2.2) = H(2) + Cio(2: 2)Co(2, 2)(So(2 2) —o(2, 2))
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The optimal relative-covariance threshold R has to be empirically determined. Figure 5.40 shows rec-
ognition accuracy obtained using reconstructed spectrograms for incomplete spectrograms with 90% of
their elements (randomly) missing, as a function of the relative-covariance threshold. As can be seen from
the figure a relative-covariance threshold of around 0.5 seems to be optimal. In fact, this was found to be
the optimal relative-covariance threshold at al drop fractions. Including elements with relative covariance

below 0.5 in the reconstruction is actually seen to result in poorer reconstruction.

Therefore, using 0.5 as the threshold, Sy(t, k) would, in principle, contain all the elements that are

observed in the spectrogram and have arelative covariance greater than 0.5 with S(t, k) . In practice it has
been observed that when a 20 dimensional mel-spectral representation is used for the spectrograms, it is

sufficient to include the 16 observed elements of the spectrogram with the greatest rel ative covariance with
S(t, k) in Sy(t, k) and the inclusion of any more elements does not improve the reconstruction further.
The complete procedure for reconstructing a complete spectrogram from an incomplete one therefore con-
sists of constructing S,(t, K) with upto 16 elements and the corresponding statistical parameter vectors
and matrices for every missing element S(t, k) in the spectrogram and computing the estimate for S(t, k)

using Equation (5.39).

We refer to this procedure of estimating individual missing elements of the spectrogram as covariance
individual reconstruction. The nomenclature indicates the fact that covariance-based reconstruction is

being performed, and that missing elements are being individually estimated.

N N N @W
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N
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Figure 5.40 Recognition accuracy with spectrograms reconstructed by covariance-based estimation of individual
missing elements, as afunction of the relative-covariance threshold used to select elements for the neighborhood vec-
tor for missing elements. The incompl ete spectrograms had 90% of their elements missing.
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5.4.2 Jointly reconstructing all missing elementsin a vector

Instead of estimating all the individual missing elements in the incomplete spectrogram separately we
could reconstruct all the missing elements in a spectral vector simultaneously. We refer to this procedure as

covariance joint reconstruction. This procedure is a compromise between reconstruction of individual ele-

ments and global reconstruction of the entire picture. Let S(t) be the t™"

spectral vector in the spectro-
gram. The missing components in S(t) can be separated into a vector of missing elements, the missing
element vector S (t). A vector S (t) can now be constructed of all observed elements in the spectro-

gram that have arelative covariance of at least 0.5 with at least one of the elementsin S (t) . The thresh-

old of 0.5 isapplied for the same reason that it was used in the earlier section where missing elements were

being individually estimated - this eliminates all components whose contribution to the reconstruction is

unreliable, while reducing the dimensions of S,(t) greatly. We refer to the elements of Sy(t) as the

neighborhood of S, (t), and Sy(t) as the neighborhood vector of S, (t). Once again, while Sy(t) in
principle contains all observed elementsin the spectrogram with arelative covariance greater than 0.5 with

any of the elements of S,(t), in practice limiting Sy(t) to include no more than 16 elements that have a

high relative covariance with any one of the elementsin S,,(t) does not result in any degradation in per-

formance for the case of 20 mel filter based spectrograms.

The mean vector and covariance matrix of the elements in Sy(t), ug(t) and C,,(t) can be con-

structed as before. Similarly, the mean vector of S(t), ui(t) , and the cross-covariance matrix between

Sm(t) and Sy(t), Co(t) can be constructed. The missing elementsin the t™ vector of the spectrogram

can now be estimated using the MAP Equation:
Sm() = Ko + Cmo(t) Con(D)(So(t) — KS(1)) (5.40)

An example of constructing S (t) for joint estimation of all missing elementsin a vector

Weillustrate the construction of Sy(t), and the corresponding mean and covariance parameters with an
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example. 5.41 shows a simple spectrogram with 4 spectral vectors, each with 4 elements. All elements
shaded grey are missing. It is desired to estimate all missing elements in the second spectral vector. The

elements to be estimated are shaded light grey.

S(1,1) S(2,1) $(3,1) S(4,1)\

S(1,2) S(2,2) S(3,2) S(4.2)

S(1,3) | S(2,3) | S(3,3) | S(4,3)

S(1,4) | S(2,4) | S(3,4) | S(4,4)

Figure 5.41 The figure represents a small spectrogram with 4 spectral vectors, each with 4 elements.The grey ele-
ments are missing. We wish to estimate all the missing elements in the second spectral vector jointly. These are
shown in alighter shade of grey in the figure.

The missing element vector for the second spectral vector is constructed as

T
Sm(2) = [9(2,2), $(2,4)]
The neighborhood vector for S,,(2) is constructed of al the elements S(t, k) in the spectrogram, such

that either r(t—2, 2, k) =20.5, or r(t—2, 4, k) = 0.5. These are represented by the dotted elements in

the spectrogram. This gives us
So(2) = [S(1,2), §(1,4), (2, 1), S(2,3), (3, 2), (3, 3), S(3,4)]"
Themean vectorsfor  S;(2) and S(2) are constructed as
E[S6(2)] = Ho(2) = [H(2), 1u(4), u(1), u(3), u(2), u(3), u(4)]"
E[Sn(2)] = Hn(2) = [1(2), u(4)]

The autocovariance matrix of Sy(2) isa7x7 matrix constructed as
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[¢(0,2,2) ¢(0,2,4) c(1,2,1) ¢(1,2,3) ¢(2,2,2) c(2,2,3) c(22,4)

c(0,4,2) c(0,4,4) c(1,4,1) c(1,4,3) c(2,4,2) c(2,4,3) c(2,4,4)
c(-1,1,2c(-1,1,4 c(0,,1) c(0,1,3) c(1,1, 2 c(1,13) c(24 9

Coo(2) = |c(-1,3 2 c(-1,3 4) c(0,3 1) ¢(0,33) c(1,3 2 c(1,33) c(1,14
c(-2,2 2 c(-2,2 4 c(-1,2 1) c(-1,2 3 c(0,2 2 c(0,2 3 c(1,3 4

c(-2,3 2 c(-23 4 c(-1,3 1) c(-1,3 3) ¢(0,3 2 c(0, 3 3 c(0, 2 4

1c(—2,4, 2 c(—2,4,4) c(-1,4,1) c(-1, 4 3 c(0, 4 2) c(0, 4 3) c(0, 4 4

The cross covariance between S,(2) and S,(2) isa2x7 matrix constructed as

The MAP estimate for the two missing elements in the second vector would now be obtained as

Sm(2) = H3(2) + Cino(2)Co0(2) ™ (S4(2) — 13(2))

To reconstruct the complete spectrogram, the vector of missing components S,,(t) , the corresponding

vector of observed elements with high relative covariance, S,(t) and the associated mean vectors and
covariance matrices would be constructed for each spectral vector in the spectrogram. This missing com-

ponents in the spectral vector, S,(t) would then be estimated using Equation (5.40).

5.4.3 Experimental results with covariance based reconstruction

Covariance-based reconstruction was evaluated using the DARPA RM database, using the random-

drop paradigm and the experimental setup used in all other experiments described in this chapter. The sta-
tistical parameters used for the reconstruction, i.e. the means of frequency components, (k) and the var-
ious covariance values C(T, Kq, k) were all learned from the training corpus that was used to train the
HMMs.

Figure 5.42 shows the mean squared error of reconstruction as a function of the drop fraction in the

incomplete spectrograms for both covariance individua reconstruction and covariance joint reconstruc-
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Figure 5.42 M SE of reconstruction for covariance individual reconstruction, covariance joint reconstruction, the best
cluster-based reconstruction method (time interpolation based estimation), and the ideal cluster-based method (with
oracle knowledge of cluster membership of spectral vectors).

tion. The figure also shows the M SE obtained using the best cluster-based method (cluster time-interpo-
lated reconstruction) as well as the oracle MSE for cluster-based reconstruction with a codebook size of
512. We observe that covariance-based reconstruction results in better MSE than the best cluster-based
method, and is in fact comparable with the MSE of cluster oracle reconstruction, except at very high drop
rates. Also, the M SE obtained using joint estimation of the missing elementsin avector is marginally bet-

ter than that obtained when the missing elements areindividually estimated.

Figure 5.43 shows an incomplete spectrogram with a drop fraction of 90%, the reconstructed spectro-
gram obtained with covariance individual reconstruction and covariance joint reconstruction. We observe
that even at this high drop rate the reconstruction is quite good. At similar drop rates the best cluster-based

reconstruction technique was ineffective (Section 5.3.5).

Figure 5.44 shows the recognition accuracy obtained using reconstructed spectrograms as a function of
the fraction of elements that were missing in the spectrogram. Both covariance individual reconstruction
and covariance joint reconstruction are evaluated. Recognition accuracies obtained using the best cluster-
based reconstruction method, i.e. cluster time-interpolated reconstruction, are also shown. Covariance-
based reconstruction methods clearly result in the best recognition accuracies. For these test conditions the
recognition accuracy obtained with reconstructed spectrograms, when 80% of the elements in the incom-
plete spectrogram are missing, is not much worse than the recognition accuracy obtained with uncorrupted
spectrogram. The superior performance of covariance-based reconstruction methods is attributable to the

fact that many more neighboring points are available to reconstruct any point in covariance-based recon-
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!

Figure 5.43 Spectrograms reconstructed by covariance-based estimation of missing elements

Panel 1: Original spectrogram Panel 2: Spectrogram with 90% of its elements
randomly deleted

Panel 3. Reconstructed spectrogram obtained by Panel 4: Reconstructed spectrogram obtained by

estimating missing elementsindividually estimating all missing elementsin avector jointly

structing, than in cluster-based reconstruction.

Joint estimation of missing elements in a vector is seen to result in better reconstruction than recon-
struction of individual elements at high drop rates. We hypothesize that joint global reconstruction of all

the missing elementsin the picture would result in still better recognition accuracies.

5.5 Comparison with classifier-compensation techniques

Figure 5.45 compares the recognition accuracy obtained using the best cluster-based and covariance-
based methods with that obtained using class-conditional imputation and marginalization. We observe that

spectrogram reconstruction methods result in much better recognition accuracies than those obtained by
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Figure 5.44 Recognition accuracy for covariance-based estimation of individual missing el ements, covariance-based

joint estimation of missing elements in a vector, and the best cluster-based reconstruction method (cluster time-inter-
polated reconstruction).
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Figure 5.45 Comparison of recognition accuracies obtained with various incomplete-spectrogram methods, as a
function of fraction of elements missing in the spectrogram. The methods compared are the best spectrogram recon-
struction methods, i.e. covariance joint reconstruction and cluster time-interpolated reconstruction, with those
obtained with classifier-modification methods, i.e. marginalization, and class-conditional imputation.

class-conditional imputation. Marginalization still resultsin the best recognition accuracies.

Nevertheless, spectrogram reconstruction methods hold the advantage that it is now possible to use the
reconstructed spectrograms to derive other parameters/features such as cepstra which can be used to per-
form recognition. Recognition accuracies obtained using cepstra are typically much greater than those
obtained with log spectra. Marginalization, on the other hand, requires the recognition system to be trained
on spectrographic features. As a result cepstra derived from the spectrograms reconstructed by spectro-
gram reconstruction techniques can be used to obtain greater recognition accuracies than those obtainable
with marginalization (using log-spectra-based recognition). Figure 5.46 shows recognition accuracy

obtained with cepstra derived from spectrograms reconstructed by covariance joint reconstruction and
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compares it with the recognition accuracy obtained with and marginalization and |og-spectra-based recog-

nition.

5.6 Theshort list of useful methods

We have proposed and evaluated several methods of estimating missing elements in incomplete spec-
trograms in this chapter. While evaluation on the basis of the random-drop paradigm is not comprehensive

in any sense, it permits usto short-list the techniques that show promise of being useful.

Among geometrical reconstruction techniques it was found that linear interpolation methods outper-
form non-linear interpolation methods. Further, interpolation along time was superior to interpolation
along frequency. Among geometrical reconstruction techniques therefore linear interpolation along timeis

the most useful.

Among cluster-based reconstruction techniques single cluster recongruction, cluster marginal recon-

struction and cluster time-interpolated reconstruction were all seen to be useful.

Among covariance-based reconstruction techniques covariance joint reconstruction was superior to

covarianceindividual estimation.

We therefore short-list linear interpolation along time, single cluster reconstruction, cluster marginal
reconstruction, cluster time-interpolated reconstruction, and covariance joint reconstruction as possibly
useful methods worthy of further investigation. All of these methods differ from each other in a fundamen-

tal manner. Other methods have not been considered any further in this thesis, and where presented have
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Figure 5.46 Recognition accuracy using cepstra computed from reconstructed spectrograms as a function of drop
fraction. The recognition accuracy obtained using marginalization on log-spectra based recognition is also shown.
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only been presented for reasons of comparison.

5.7 Summary and conclusions

Spectrogram reconstruction methods are seen to be as effective as classifier-modification methods
(class-conditional imputation and marginalization) for handling spectrograms with missing elements. Even
simple, purely geometrical, reconstruction methods such as linear and non-linear interpolation are seen to
result in fairly effective reconstruction of missing elements when the missing elements are missing com-
pletely at random. The best geometrical reconstruction is achieved with linear interpolation. Reconstruc-
tion methods that utilize temporal relations between elements, e.g. linear interpolation across time, are in
general more useful than methods that utilize relationships across frequency bands. This leads usto believe

that there is greater continuity between elements across time than there is across frequency.

The use of prior statistical information about the correlations between elements in the spectrogram is
very beneficial to the reconstruction. Cluster-based reconstruction techniques utilize the distribution of
spectral vectors in the spectrogram. Cluster marginal reconstruction, a cluster-based reconstruction tech-
nique that works only with frequency components within a vector, results in significantly superior recon-
struction to linear interpolation across frequency, a method that uses purely loca information about
frequency components. Cluster time-interpolated reconstruction, which combines linear interpolation
across time with cluster-based reconstruction, is superior to that obtained with linear interpolation across
time aone. In other words, the combination of geometrical reconstruction based on temporal continuity
and statistical reconstruction based on statistical relationships across frequency bands results in superior

performance to that obtained with local reconstruction based on tempora continuity aone.

The introduction of prior statistical information regarding the relationship between elements both
across frequency and across time improves the reconstruction still further. Covariance-based reconstruc-
tion methods use statistical correlations between elements, both across time and across frequency explic-
itly. They are seen to result in the best reconstruction. Covariance-based reconstruction is generaly
observed to be better when multiple elements are jointly estimated than when they are estimated individu-
ally. We speculate that the best reconstruction would be obtained when all the missing elements in the

spectrogram are jointly estimated. However, this is computationally infeasible.
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In all of the methods described in this chapter the statistical information about the rel ationship between
elements in the spectrogram is represented by very simple models. Cluster-based reconstruction uses a
very simple cluster-based representation of the statistics. Within each cluster the distributions are further
represented by a very simple Gaussian distribution. Covariance-based reconstruction uses an even simpler
statistical representation - the entire spectrogram is represented as the output of a single WSS Gaussian

random process. The reconstruction is performed using only the statistical parameters of this process.

Better statistical representations are likely to result in better reconstructions. The simple cluster-based
representation used by cluster-based methods treats the sequence of vectors that constitute the spectrogram
as independent. Consequently the model permits any vector to follow any other vector and retains no infor-
mation regarding the sequentiality of the vectors. A superior model would be to model the individual clus-
ters as the states of aMarkov chain, i.e. modeling the sequence of vectors as the output of a hidden Markov
model (HMM) where the individual clusters are the states of the HMM. In an HMM the state (cluster) that
generates the current vector is dependent on the state that generated the previous vector. As a result the
HMM model captures some of the temporal relationship between vectors, modeling the manner in which

vectors can follow one another.

A more constrained model for the sequentiality of vectors would be to model the vectors as the output

of a higher-order HMM . While standard HMM s condition the probability of avector on the state that gen-

erated the previous vector, an N order HMM conditionsit on the states that generate the previous N vec-

tors.

The statistical model used with covariance-based reconstruction can aso be improved. Covariance-
based reconstruction models the sequence of spectral vectors as the output of a single wide-sense station-
ary random process. A more detailed representation would model the sequence of vectors as the output of a
process that switches between a set of random processes. A simpler model would be to treat blocks of vec-
tors as the basic unit in a cluster-based representation. Either model would capture the statistical relation-
ships between elements in different vectors, i.e. relationships across time, with greater detal than the
single Gaussian representation used by the covariance-based reconstruction methods described in this
chapter. However, both representations would have the additional problem of identifying the cluster or ran-

dom process associated with each of the vectors.
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The speech recognition system itself encodes the acoustic, phonetic and linguistic information in
speech corpora using various statistical models and can therefore be used to estimate the missing regions of
the spectrogram. The statistical representation used by speech recognition systems is extremely detailed,
including statistical models for the acoustic parameters derived from the speech, lexical representations of
the data [Rabiner 1993], and N-gram statistical models to model the language [Katz 1987]. The lexical and
language model s provide additional sources of information not available to any of the other statistical mod-
els described earlier in this section. Consequently, using the speech recognition system itself to reconstruct
damaged regions of spectrogramsiis likely to give the best reconstructions. One could use marginalization
to obtain the best state sequence to represent the vectors. The distribution of the state associated with each
vector can then be used to reconstruct the missing components of that vector. This would however necessi-
tate performing recognition on the damaged utterance in order to obtain the best state sequence, whichis a

computational overhead that we would prefer to avoid.

All the spectrogram reconstruction methods described in this chapter, as well as the classifier-modifica-
tion techniques described in Chapter 4 have so far been evaluated using the random-drop paradigm. How-
ever, the primary goal of developing these techniques wasto compensate for the effect of additive noise on
speech recognition systems. In the next chapter we evaluate the performance of all these methods as noise

compensation techniques.
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Chapter 6
Missing feature methods and noisy speech

6.1 Introduction

In the previous chapters we have evaluated several methods to recover data for spectrograms with ran-
dom regions missing. In this paradigm the probability that any given element in the vicinity of a missing
element is observed depends only on the drop fraction, and is independent of the fact that that element is
missing. Therefore the probability that any of the observed elementsin the spectrogram will have arelative

covariance greater than a given threshold with the missing element also depends exclusively on the drop

fraction. If there are T elementsin the spectrogram that have a relative covariance greater than 0.5 with a

missing element the probability that at least one of them will be observed is 1 — O(T, where a is the drop
fraction. For example, if there are only five elements in the spectrogram with arelative covariance greater

than 0.5 with the missing element, i.e. if T = 5, the probability that at |east one of them is observed when

the drop fraction is 90% (a0 = 0.9) is 0.41. Thus, when elements of the spectrogram are deleted at ran-
dom there is arelatively high probability that a missing element is well correlated to at least one of the
observed elements in the spectrogram even at very high drop fractions. Obviously, for an incomplete spec-
trogram method to be useful it has to work well on the random-drop paradigm. Methods that do not work
well even in this situation can, in general, be expected to perform worse in situations where the errors are
more systematic and some of the missing components have a very low probability of being well correlated
with any of the observed elements. The random-drop paradigm is therefore avery useful paradigm for pre-

liminary evauation of missing feature methods.

However, except for some specia situations such as spectrograms that have been stored on amediumin
which random regions have been corrupted, or transmitted spectrograms where elements have been lost in
transmission, the random-drop model is unrealistic. When deletions in the spectrogram are due to the effect

of corrupting noise the patterns of the missing components are usually much more systematic.

Asexplained in Sections 3.3 and 3.4, the effect of corrupting noise on speech can be modeled as miss-
ing features by deleting al regions of the spectrogram where the local SNR is below a threshold, leaving

only the cleaner portions of the spectrogram behind. Figure 6.1 shows two such examples of spectro-
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Figure 6.1 Two spectrographic masks. The left panel shows the mask for speech corrupted by white noise to 10 dB

where all regions with a local SNR less than 0 dB have been deleted. The white regions in the picture have been

deleted. The black regions are the “clean” regions and have been retained. The right panel shows a similar mask for
speech that has been corrupted by music to 10 dB. The white regions are the unreliable regions with local SNR less
than 0 dB and have been deleted.

graphic masks, or deletion patterns in spectrograms, where al elements with local SNR less than 0 dB
have been erased. All white regions represent regions that have been deleted and the black regions repre-
sent regions that have been retained. In one of the examples the speech has been corrupted by white noise
to aglobal SNR of 10 dB. In the other example the speech has been corrupted by a segment of music, also
to aglobal SNR of 10 dB.

We observe in these spectrograms that the pattern of missing components is not completely random.
Missing regions in such spectrograms occur in blocks. If any element in the spectrogram is missing it is
highly probable that its neighbors are missing too. Another characteristic of the missing regionsis that they
are correlated to the underlying speech spectrum. Valleysin the spectrum are more likely to be corrupted to
lower SNRs than pesks in the spectrum, and are therefore more likely to be deleted. Thus, the pattern of
deleted elements is not only likely to be systematic, it can also favor the deletion of some patterns of spec-

tral features over others.

One consequence of systematic block deletions such as these is that is that the elements of the spectro-
gram that have a high relative covariance with any of the missing elements are likely to be missing as well.

The performance of any incomplete spectrogram method being applied, either for classification or for
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reconstruction, islikely to be adversely affected by the block nature of the deletions. Thus, it is not definite
that any missing feature method that performs well on spectrograms with random elements missing will

also perform well with the kinds of deletion patterns seen in noisy speech as well.

An additional factor affecting the direct application of incomplete spectrogram techniques for noise
compensation is that, even after the highly noisy portions of the spectrogram have been deleted, the
remaining regions are not completely noise free. They continue to have low levels of noise. As aresult the
performance of any classification or reconstruction methods that are conditioned on these regionsis likely

to be worse than their performance on spectrograms of clean speech with identical missing regions.

In this chapter we evaluate and compare the performance of classifier-modification methods (class-con-
ditiona imputation and marginalization) and the spectrogram reconstruction methods described in Chapter
5 on speech that has been corrupted by white noise. The goal of the spectrogram reconstruction methods
here is not to recreate the corresponding noisy spectrograms from the incompl ete spectrograms, but to esti-
mate what the value of these regions would have been had the spectrogram been clean. In this situation, the
MSE between the reconstructed spectrogram and the complete (noisy) spectrogram is an inappropriate
metric to measure the performance of the missing feature methods. We therefore evaluate the performance
of the spectrogram reconstruction methods solely on the basis of the recognition accuracy obtained with
the reconstructed spectrograms. Another important factor for consideration in noise compensation algo-
rithms is the computational complexity of the algorithms. Procedures that take less time to perform are
preferable to those that take more time. We evaluate the computational complexity of incomplete spectro-
gram reconstruction methods in terms of the total time taken to recognize an average utterance when they
are used, and compare the computational complexity of spectrogram reconstruction methods with that of

classifier-modification methods.

In many of the recognition experiments reported in the rest of this chapter the recognition accuracy
obtained is shown to be less than 0%. This is not a paradox. In al experiments recognition accuracy has
been measured in terms of the standard NIST metric. According to this metric errorsin recognition are cat-
egorized into three types: subgtitutions, deletions, and insertions. A substitution is an error where the rec-
ognizer has recognized a word wrongly in an utterance. A deletion is an error where the recognizer has
failed to hypothesize a word that has occurred in the utterance. An insertion is an error where the recog-

nizer has hypothesized a word where there was no word at al in the utterance. The total error is the sum of
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all three types of errors. Since the recognizer can make many insertion errors, the total number of errors
can be much greater than the number of words that were actually uttered. When expressed as a percentage,
this would be much greater than 100%. Accuracy is measured as 100 - (Error percentage). When errors are

greater than 100%, this would become negative.

6.2 Perfor mance of missing feature methods on speech corrupted by noise

The effectiveness of incomplete-spectrogram methods for noise compensation was evaluated by per-
forming recognition experiments on speech corrupted by white noise. Continuous HMMs with 2000 tied
states, each modeled by a single Gaussian density, were trained on the mel spectrograms of 2880 utterances
of clean speech. The test set consisted of 1600 utterances from the RM test set. The utterances in the test
set were corrupted by additive white Gaussian noise (AWGN) and mel spectrograms were obtained from
the noisy speech. All elements of the spectrogram with alocal SNR below a threshold were deleted. The
optima SNR threshold was empirically determined.

An important point to note is that in all the experiments reported in this section the local SNR of each
element in the spectrogram was assumed to be known. This was possible because noisy speech signals
were obtained by corrupting clean speech signals with additive noise. Thus, both the clean speech signal
and the noise-corrupted speech signal were available, and therefore the spectrogram of clean speech and
the spectrogram of the corresponding noisy speech could be compared to evaluate local SNR values. In a
real-life situation the local SNR of noisy speech signals would not be known a priori and would have to be
estimated. In general, thisis very difficult problem in itself, and has not been satisfactorily solved, to date.
We address the problem of estimating the local SNR in an unsupervised manner without the use of clean

speech spectrograms in Chapter 8, and propose some solutions to the problem.

6.2.1 Obtaining the optimal threshold

The first step in applying incomplete spectrogram methods to noisy speech is that of deleting all ele-
ments of the spectrogram that have alocal SNR below a particular threshold. We refer to this threshold as
the deletion threshold. The value of this threshold affects the patterns of the missing regions and thereby
the performance of the incomplete spectrogram methods. Figure 6.2 and Figure 6.3 show the variation of

the recognition accuracy obtained using class-conditional imputation and marginalization respectively as a
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function of the deletion threshold, on speech corrupted to aglobal SNR of 15 dB and 25 dB by white noise.
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Figure 6.2 Recognition accuracy vs. deletion threshold Figure 6.3 Recognition accuracy vs. deletion threshold
using class-conditional imputation on speech corrupted  using marginalization on speech corrupted to 15 dB and
to 15 dB and 25 dB by white noise. 25 dB by white noise.

Class-conditional imputation and marginalization are both seen to be extremely sensitive to the thresh-
old. Unlike in the case of random deletions the performance of class-conditional imputation is seen to be
very poor, resulting in negative recognition accuracies. Furthermore, as the deletion threshold increases in
terms of SNR, the performance degrades rapidly. No optimal deletion threshold can be identified. Margin-
alization, on the other hand, resultsin positive recognition accuracies. The optimal threshold for marginal-
ization is observed to vary with the global SNR of the speech. When the global SNR is 15 dB the optimal
deletion threshold is found at 15 dB. When the global SNR is 25 dB, the optimal deletion threshold is 20
dB. However, since the difference in performance between using a 15 dB deletion threshold and a 20 dB
deletion threshold is relatively small in both cases the generic deletion threshold for all noise conditions
has been chosen to be 15 dB. This is the deletion threshold used in all experiments with marginalization
reported later in this section. Since no optimal deletion threshold isidentifiable for class-conditional impu-
tation, and also because a minor “bump” is visible in the plots in Figure 6.3 at 15 dB, we use 15 dB as the
SNR threshold for class-conditional imputation as well. We note that this is a high value for the deletion
threshold since now we delete all elements from the spectrogram where the energy of the corrupting noise
is even a thirtieth of that of the underlying speech. Cooke et. al. [Cooke 1999] also report that the optimal
deletion threshold for marginalization found in their experiments was very high. Their estimate of the opti-

mal value of the deletion threshold also translates to about 15 dB.

Figure 6.4 and Figure 6.5 show the recognition accuracy obtained with spectrograms reconstructed by
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cluster marginal reconstruction and covariance joint reconstruction respectively as a function of the dele-
tion threshold, on speech corrupted to a global SNR of 15 dB and 20 dB by white noise. The performance
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Figure 6.4 Recognition accuracy vs. deletion threshold Figure 6.5 Recognition accuracy vs. deletion threshold
using cluster marginal reconstruction, for speech cor-  using covariance joint reconstruction of missing ele-
rupted to 15 dB and 25 dB by white noise. A codebook  mentsin a vector, for speech corrupted to 15 dB and 25
size of 512 was used for the reconstruction dB by white noise.

obtained with geometrical reconstruction methods was extremely poor at all thresholds and is not shown.
The performance of cluster time-interpolated reconstruction, although very high when the missing regions
were randomly dropped, is extremely poor on speech corrupted by noise. Presumably this is because the
preliminary estimate of missing regions is obtained by linear interpolation across time, a geometrical

reconstruction method that also performs very poorly on noisy speech.

The optimal deletion threshold for cluster marginal reconstruction and covariance joint reconstruction
is seento be -5 dB, irrespective of the global SNR of the speech. Therefore, in the rest of thisthesisthisis

the deletion threshold used for all spectrogram reconstruction methods evaluated.

6.2.2 Performance on noisy speech spectrograms

The effectiveness of incompl ete-spectrogram methods as noise compensation techniques was measured
on speech corrupted by white noise. Utterances from the RM test corpus were corrupted by white noise to
avariety of SNRs. The noisy portions of the spectrograms of these utterances were deleted and incomplete
spectrogram methods applied to these incomplete spectrograms. The SNR threshold used to delete noisy
regions was 15 dB for al classifier-modification techniques, and -5 dB for all spectrogram reconstruction

methods.

Figure 6.6 shows the recognition accuracy obtained with marginalization and class-conditional imputa-
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Figure 6.6 Recognition accuracy obtained with margin- Figure 6.7 Recognition accuracy with noisy spectro-
alization and class-conditional imputation on spectro- grams reconstructed by several spectrogram reconstruc-
grams of noisy speech as a function of the global SNR  tion methods as a function of the global SNR of the
of the noisy speech. The baseline recognition accuracy noisy speech. The baseline recognition accuracy
on noisy spectrograms is also shown. obtained with noisy spectrograms is also shown

tion on spectrograms of speech corrupted by white noise to different levels. The deletion threshold used in
all caseswas 15 dB. The figure also shows the recognition performance obtained when the compl ete noisy
spectrograms are used for recognition directly (without deleting any elements). This is the performance
that would normally have been obtained had no noise compensation been attempted. We refer to this situa-
tion as the baseline. Marginalization is seen to be a very effective compensation method resulting in large
improvements over baseline recognition accuracy at all SNRs. However, class-conditional imputation is
seen to be completely ineffective. This result is in variance with the results reported by Cooke et. al.
[Cooke 1994], where they reported improvements even with class-conditional imputation, albeit on a dif-

ferent task.

Figure 6.7 shows the recognition accuracy obtained with several spectrogram reconstruction methods.
Linear interpolation along time, single cluster reconstruction, cluster marginal reconstruction and covari-
ance joint reconstruction are al represented. The recognition accuracies obtained with cluster time-inter-
polated reconstruction is not shown since its performance was far inferior to those of the methods

represented here, at all SNRs.

Covariance-based reconstruction is seen to result in improvements in recognition accuracy at most
SNRs. Single cluster reconstruction results in improvements at some SNRs. Multiple-cluster-based recon-

struction methods are, however, seen to be ineffective in general. Reconstruction methods that involve any
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geometrical reconstruction, i.e. linear interpolation along time, and cluster time-interpolated reconstruc-
tion, are observed to perform even more poorly. In general, the improvement obtained using spectrogram
reconstruction methods over baseline is not large. Comparison of Figures 6.6 and 6.7 also shows that the
performance obtained with spectrogram reconstruction methods is significantly poorer on noise-corrupted

speech than that obtained with marginalization.

However, it has been observed that the CMU Sphinx-111, which has been used in these experiments,
generates a large number of insertion errors when recognition of noisy speech is performed in the log spec-
tral domain. Simply put, the recognizer tends to hypothesize many more words than actually occur in the
utterance. These insertions are usually enumerated as errors. It has also been observed that the problem of
the large numbers of insertionsis not usually present when recognition is performed with cepstrainstead of
log spectra. Figure 6.8 shows the recognition accuracies obtained with cepstra derived from spectrograms
reconstructed with several spectrogram reconstruction methods. It also shows the baseline performance
obtained when recognition is performed with cepstra obtained directly from the spectrograms of noisy

speech (without any compensation). We observe that significant improvement in recognition accuracy is
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Figure 6.8 Recognition accuracy obtained using cepstra
derived from spectrograms reconstructed by four spec-
trogram reconstruction methods, at several SNRs. Base-
line recognition accuracy with cepstra derived directly
from the noisy spectrogramsis also shown.

Figure 6.9 Comparison of recognition accuracies in the
cepstral domain, obtained with the best cluster-based
and covariance-based reconstruction methods, with the
recognition accuracy obtained using marginalization in
the log-spectral domain.

obtained over baseline with all the spectrogram reconstruction methods. Even simple linear interpolation
along time results in improvements in recognition accuracy at all SNRs. Interestingly, the performance of
cluster-based reconstruction is superior to that of covariance-based recongtruction at low SNRs, but the sit-

uation gets reversed at higher SNRs.
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Figure 6.9 compares the recognition accuracy obtained in the cepstral domain with the best cluster-
based and covariance-based reconstruction methods - cluster marginal reconstruction, and covariance joint
reconstruction - with the performance obtained in the log-spectral domain with the best classifier-modifi-
cation method, marginalization (since marginalization cannot be performed in the cepstral domain). We
observe that the performance of spectrogram reconstruction methodsin the cepstral domain is significantly

superior to that of marginalization in the log-spectral domain.

6.2.3 Computational complexity of incomplete spectrogram methods

The computational complexity of an agorithm is a measure of the number of mathematical operations
required by the computer to perform it. The greater the complexity of the method, the greater the number
of operations required, and therefore the greater the amount of time needed to perform it. Ideally we would

require any noise compensation algorithm to be minimally complex and take very little computation time.

To be able to compare the computational complexity of the various incomplete-spectrogram methods
accurately we would need to know the precise number of additions, multiplications, and other mathemati-
cal operations required to perform them. However, this number is not a constant for any of these methods
for several reasons:

1) The size of the covariance matrices being inverted in the MAP estimation procedure used by the
spectrogram reconstruction methods is not constant and varies from vector to vector. Consequently,
the number of multiplications needed to invert these matrices is not a constant number.

2) In cluster marginal reconstruction, the number of mathematical operations required to marginalize
out missing components is dependent on the number of elements missing in any vector. Thisisnot a
constant.

3) Thetotal number of missing elementsin any noisy spectrogram is dependent on the characteristics of
the noise corrupting the signal, and can vary from utterance to utterance.

4) The speech recognition system does not evaluate al possible hypotheses during recognition, but
restricts itself to a small subset of hypotheses through a procedure called pruning [Ney 1992]. The
precise number of hypotheses evaluated varies from utterance to utterance. Thus, the total number of

mathematical operations performed by the recognition system is not a constant either.

As aresult, the only realistic manner in which the computational complexity of any set of noise com-

pensation algorithms can be compared is on the basis of the total time taken to recognize an utterance,
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Figure 6.10 Average time taken to recognize an utterance of speech corrupted by white noise to 10 dB when various
incomplete spectrogram methods are applied. Recognition was performed using log spectra. The same utterances
were used to obtain these numbers in each case. The utterances were 5 seconds long on average.

when these methods are applied.

Figure 6.10 shows the average time taken to recognize an utterance of speech corrupted to 10 dB by
white noise, when marginalization, class-conditional imputation, cluster marginal reconstruction, and
covariance joint reconstruction are used to compensate for noise. The time taken to recognize noisy
speech, without any compensation, is also shown. Recognition was performed using log spectra in all

cases.

When considering the numbersin Figure 6.10 it isimportant to note that the behavior of the recognition
system is not invariant across all cases. The recognizer usually takes more time to recognize a noisy utter-
ance than it does to recognize a clean one, because many more hypotheses are considered when the speech
is noisy. As aresult, the average time taken to recognize an utterance using the log spectra of noisy speech
is actually longer than the time taken to recognize an utterance when spectrogram reconstruction methods
are used to compensate for the noise, although the latter includes the time taken to actualy estimate the
missing elements in the spectrogram. Therefore, it would be incorrect to infer, based on the numbers in
Figure 6.10 that the relative differences between the time taken by class-conditional imputation, covari-
ance joint reconstruction, and cluster marginal reconstruction would remain the same at all SNRs. How-
ever, the variation in the time taken by the recognizer to recognize an utterance is not usually large enough
to account for the difference between the time taken by marginalization and that taken by the other meth-

ods. It is therefore reasonable to infer that while cluster marginal reconstruction and covariance joint
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reconstruction are approximately equivalent in terms of computational complexity, both of them are far

less complex than marginalization.

In all casesthe true SNR of the elements of the spectrograms was known a priori, and was used to com-
pute the spectrographic masks. In areal situation SNRs would not be known a priori, and spectrographic
masks would have to be estimated. The time taken to estimate these masks would also have to be consid-
ered in measuring the computational complexity of any of the incomplete spectrogram methods. However,
since mask estimation would have to be performed irrespective of the method being used, the relative com-

plexities of the various methods would not change.

6.3 Summary and conclusion

In this chapter we have evaluated the performance of various incomplete-spectrogram methods on
speech corrupted by noise. We have found that the optima SNR threshold for deleting noisy elements of
spectrograms is greater for classifier-modification methods than it is for spectrogram reconstruction meth-
ods. For classifier-modification methods the optimal threshold is found to be around 15 dB, whereas for
spectrogram reconstruction methodsit is -5 dB. When recognition is performed in the log-spectra domain
we find that while marginalization is very effective in compensating for noise, among spectrogram recon-
struction methods only covariance-based reconstruction is effective. It is found, however, that the recog-
nizer makes a large number of “insertion” errors when recognition of noisy speech is performed in the log-
spectral domain, which account for the bad performance of the spectneag@mstruction methods. When
recognition is performed in the cepstral domain using cepstra obtained from the spectrograms recon-
structed by the these methods, significant improvements are obtained over baseline. The recognition per-
formance obtained using cepstra derived from the reconstructed spectrograms is also superior to the best
performanceobtained with classifier-modification methods. Thisaffirms our hypothesis that the
improvement obtained by transforming the spectrograms to cepstra far outweighs the advantages of the

optimal classification performed by classifimodification méods.

It was also observed that spectrogram reconstruction methods are rather less computationally expensive
than the best classifier-modification method, marginalization. This is an additional advantage to using

spectrogram reconstruction methods over classifodification methods.
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In all of the methods described thus far in this thesis, the noisy regions of the spectrogram have been
completely erased and treated as totally unknown. However, in most situations where speech has been cor-
rupted by noise, even the noisy regions of the spectrogram retain some information about the true value of
the spectrogram at that point. In the case of additive noise they give us an upper bound on the true value.

This information can be exploited to improve the performance of missing-feature methods even further.

The next chapter deals with the subject of missing-feature methods that exploit the information in noisy

regions of the spectrogram to improve recognition performance.
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Chapter 7
Recognition using spectrogramswith unreliable data

7.1 Introduction

In Chapter 3 we described how the effect of corrupting noise on speech can be modeled by the deletion
of elements in the spectrogram of the corrupted speech signal. In this chapter we extend this approach to
tag noise corrupted regions of the spectrogram as “unreliable” instead of deleting them from the spectro-
gram entirely. The implication of tagging an element as being “unreliable” is that the observed value of the
element is not necessarily the same as its true value although it may be related to the true value in some
manner. The spectrograms resulting from such tagaiestill incomplete in the sense that they have sev-
eral elements whose true value is unknown. However, the relation between the observed value of these ele-
ments and their true values provides some information regarding the true value. In the event that the
relationship between the values of the unreliable elements and their actual uncorrupted values is com-
pletely unknown, or that the values of the unreliable elements are completely independent of the uncor-
rupted value of the elements, the observed values of the elements convey no information and the elements
can be treated as missing. The advantage with denoting components as “unreliable”, instead of deleting
them altogether, is that the relation between the observed value of these components and their true value

can be used in recognition, or in the estimation of these components.

In order to distinguish these spectrograms from spectrograms where nothing is known about the miss-
ing regions weefer so them agnreliable spectrograms (rather than incomplete spectrograms). We refer to
all methods dealing with the problem of recognition based on such spectrogranrel &bl e-spectro-

gram methods.

We would like to establish some definitions relating to data sets with unreliable elements before we
proceed. We distinguish between thisserved value of a data element, and thee value of the data ele-
ment. The observed value of a data element is its measured value. On the other hand the true value of a
data element is the value it would have had, had it not been corrupted in any manner. We further distin-
guish between reliable and unreliable data elements. A data elenrehglite if its observed value is
known with certainty to be identical to true value of the element and unreliable otherwise. We call the

mechanism that renders the observed value of the dfdeedi from its true value thanreliability mecha-
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nism. The unreliability mechanism may be any non-invertible transformation that does not permit us to

infer the precise true value of the data from its observed value.

In this chapter we are specifically interested in unreliability mechanisms that ensure that the observed
value of an unreliable data point is guaranteed to be greater than, or equal to its true value. We call such a
mechanism as a bounding unreliability mechanism. Let us represent the observed value of a data set by Y
and the true value of these databy X . In reliable regions of the data set X isknown to be the sameas 'Y

with certainty, and we refer to the corresponding set of data elementsin theseregionsas X, and Y, . Inthe

unreliable regions X may not be the same as Y and we denote these regionsas X, and Y,

The effect of abounding unreliability mechanism can now be written as

Xr = Yr
(7.)
<Y

u

We refer to the problem of estimating the value of X, based on the valuesof Y, and Y, as the infer-
ence of unreliable data. The MAP procedure for estimation of missing elements (Section 2.5.4) can easly
be modified to estimate the true value of unreliable elements X, when the unreliability mechanism is of
the kind described in Equation (7.1). Classification with unreliable data, on the other hand, is the problem

of identifying which of aset of classesthe data X belong to, based only on Y.

In speech recognition systems the effect of additive noise can be modeled as the rendering of some
regions of the spectrogram unreliable. Classifier-modification methods such as marginalization and class-
conditional imputation can be modified for recognition with spectrograms with unreliable regions. The
spectrogram reconstruction methods described in Chapter 5 can aso be modified to re-estimate the unreli-

ableregions of corrupted spectrograms.

The next section describes the bounded M AP estimation procedure to estimate the true value of unreli-
able elements in a data set corrupted by a bounding unreliability mechanism. In the following section we
describe how the effect of additive noise on speech can be modeled as the rendering of some regions of its
spectrogram unreliable. In subsequent sections we describe how conventional classifier-modification

methods and the spectrogram reconstruction methods presented in this thesis can all be modified to work
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with spectrograms with unreliable regions, and how the bounded MAP estimation procedure can be

applied to these cases.

7.2 Bounded M AP estimation

Consider adata set X, consisting of two subsets X, and X, suchthat X = (X,, X;)) . Assume that
the distribution of X is known and is given by P(X). X, isknown and X, is unknown. It is, however,
known that X, <Y, where Y}, is the observed value of the data elements where X}, is unknown. The
expression X, < Yy means that each element of X, isless than or equal to the corresponding element in
Yy Yy is therefore the upper bound on X, . The a posteriori distribution of X, is now given by

P(Xp|Xa Xp < Yp) . The MAP estimate of X, istherefore given by
Xb = argmaxy { P(Xb‘xa, Xp<Yp)} (7.2)

We refer to the estimation described by Equation (7.2) as bounded MAP estimation. We can expand

P(Xp|Xa Xy < Up) using Bayes’ theorem to obtain

[l P(Xblxa)

if Xp<Y
P(Xb’ Xb < YbIXa) HD(X <VY.|X )’ I b b
P(Xu|X,, X, £Y,y) = = b= b‘ a 7.3
(b‘ ar b b) P(XbSYb‘Xa) E (7.3)
0} else

This is a constrained variant of the standard (unbounded) MAP estimate, which is given by
Xp = argmaxy { P(Xb‘Xa)} (7.4)
Comparing Equations (7.2) and (7.3) with Equation (7.4), it is easy to see that when the peak value of
P(Xb‘Xa) occurs for someX <Yy , the bounded and the unbounded MAP estimates are identical. They

only differ when theunbounded MAP estimate lies outside the region bounded by . Figure 7.1 shows

two examples of bounded MAP estimation.

When the distribution o)X is Gaussian aXg has only one component, it is easy to see that the



Chapter 7. Recognition using spectrograms with unreliable data 123

25 Y<=25 /—\ 250

15 15F

> vl ; > 1
o :
A :

0.5 ’,' : 05
8 :
8 :
“ :
8 :

0 z : 0

> /C o /C
1151 05 0 05 1 15 2 25 3 35 115 1 05 0 05 1 15 2 25 3 35
X X

Figure 7.1 Two examples of bounded MAP estimation. In both figures the ellipse represents the cross section of the
Gaussian distribution of the data. The X component of avector has been observed and is represented by the solid line
along the X axis. The Y component has not been observed and has to be estimated. The regression line representing
the regular (unbounded) MAP estimates for various vaues of X is given shown by the diagonal line.

L eft panel: The upper bound on'Y is 2.5. The bounded MAP estimate of Y (and the complete vector) therefore hasto
lie within the shaded region and is given by the point where the distribution of all vectorswith X=2 is highest, within
the shaded region. In this case the regular MAP estimate of Y (given by the point where the regression line intersects
the dotted vertical line at the observed value of X) lies within the shaded region. Therefore, the bounded MAP esti-
mate for the complete vector isidentical to the regular MAP estimate. Thisis shown by the thick dashed line.

Right panel: The upper bound on Y is 1.0. The regular MAP estimate of the complete vector (shown by the thin dot-
ted line) lies outside the permitted region. The point where the distribution of vectors with X=2 pesaks lies on the
actual bound in this situation. The MAP estimate for the complete vector is shown by the thick dashed line.

bounded MAP estimate of Xy, isgiven by

) EMAP(X,) if MAP(X,) <Y,
Xb = BMAP(X| X5 Xp<Yy) = O (7.5)
o' else
where MAP(X,,) stands for the unbounded MAP estimate of Xy, and BMAP(X,| X5, Xy < Y},) stands
for the bounded MAP estimate of X, conditioned on X, and subject to the bound X, <Yy . In other
words, the bounded MAP estimate of Xy, lies either on the unbounded MAP estimate or on the bound Y.

However, when X, has more than one component the situation is more complicated. In this case the

bounded MAP lies on the bounds of some of the components of X, and these components would condi-
tion the unbounded MAP estimate of the rest of the components. Figure 7.2 explains this with an example

where X, has two components.
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Figure 7.2 Examples of bounded MAP estimation when more than one element is to be estimated. In all cases the
ellipse represents a cross section of the Gaussian distribution of the random vector. In al cases both components of
the vector are unknown and are to be estimated. The regions shaded lightly represent the regions permitted by the
individual bounds on X and Y. The darkly shaded region is the intersection of both bounds. All valid MAP estimates
must liein this region.

Panel 1. The bounded MAP estimate lies within  Panel 2: The diagonal line represents the regres-

the bounded region, but on neither bound sion line relating the regular MAP estimate of X to

the corresponding Y. The bounded MAP estimate
lies where this line intersectsthe Y bound

Panel 3: The diagonal line represents the regres- Panel 4: Here the bounded MAP estimate lies on
sion linerelating the regular MAP estimate of Y to  neither regression line. Instead it lies at the point
the corresponding X. The bounded MAP estimate wherethe X and Y bounds intersect.

lieswhere this line intersects the X bound.

However, when P(Xb‘Xa) is Gaussian, it can be shown [APPENDIX B] that the bounded MAP esti-

mate of &l the components of X, can be found iteratively. Let us represent the k' element of X, as
Xp, k- the corresponding element of Y, as Y}, |, and the current estimate of X, | as )_(b, k- Then, initial-

izing )_(b, k = Yp w 1< k< Ky, where Ky, isthe total number of elementsin Xy, the bounded MAP esti-
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mate of all the components of X}, can be found by iterating the following equation until it converges.

Xp,k = argmax,{ P(X|Xp, (< Y 10 X Xb,j Oi, ] 2K)}, 1Sk Ky (7.6)

Equation (7.6) states that if bounded MAP estimates are obtained for each of the elements of X itera-
tively, conditioned on both X, and the current estimate of the rest of the elements of X, the estimated

value of Xy will converge to its unbounded MAP estimate. The bounded MAP estimates for individual

components can be found using Equation (7.5).

The bounded M AP estimation of unreliable components of datais used to estimate unreliable regions of

spectrograms in several of the methods described in this chapter.

7.3 The effect of additive noise on spectrograms

In spectrograms of noisy speech the values of noisy regions of the spectrogram, while being too noisy
to be used directly for classification @cognition, are nevertheless related to the “true” value of the spec-
trogram in those regions.€. the value the spectrogram would have had, had the speech not been noisy).
The precise relation of these values is dependent on the particular noise corruption mechanism. In this
chapter we assume that the noise corrupting the speech is additigpective of whether it is stationary

or non-stationary) and that it is uncorrelated with the speech sigmal.
y[I1 = s[I] +n[l] (7.7)

wheres[|] represents the clean speech sigifdl, represents the corrupting noise sigihd), and rep-
resents the observed noisy speech signal. Let us denote the spectrogfan ofY as , the spectrogram of
s[l] asS, and the spectrogrammnffl] Ns . TN¢h k) , the valle of  at any point in tHestime
quency plane, is related f(t, k) , the valuésof , Ai{d, k) to the valbke of  at the same point in the
time-frequency plane as [Papoulis 1991]

Y(t, k) = S(t, k) + N(t, k) (7.8)

Since the spectrogram of a signal is guaranteed to be positive at all points on the time-frequency plane,

it follows that



Chapter 7. Recognition using spectrograms with unreliable data 126

Y(t, k) = S(t, k) (7.9)

In other words, the value of the spectrogram of the noisy speech signal gives us an upper bound on the
spectrogram of the underlying clean speech signal. Using the reasoning described in Section 3.3 we can
assume that all elementsin the noisy spectrogram that have arelatively high local SNR are good approxi-
mations to the corresponding values in the clean spectrogram. The elements with low SNR, on the other
hand, merely give us an upper bound on the value of the clean spectrogram. Considering al elements
whose local SNR is greater than athreshold T as having a high SNR, our assumption gives us

S(t, k) OY(t, k), SNR/(t,k)>T

(7.10)
S(t, k) < Y(t, k), otherwise

where SN Ry(t, k) isthelocal SNR of Y(t, k) . The noisy spectrogram Y can therefore be separated into
two components, Y, and Y, where Y, consistsof al the regions of the noisy spectrogram Y whose SNR
lies above the threshold, and Y|, consists of all theregionsof Y whose SNR liesat, or below the threshold.
The components of Y, are assumed to be the reliable regions of the spectrogram, since they are assumed

to be good approximations of the corresponding regions in the true spectrogram S, which we denote as

S, . The components of Y|, are the unreliable regions of Y, since their values cannot be used to approxi-
mate the corresponding regions of S, whichwedenoteby S,. Wereferto S, and S, asthe reliable com-

ponents of S and the unreliable components of S respectively. Together they represent S completely. The

relation between Y, and Y, and the corresponding regions of S, S; and S, isgiven by

S gy,
(7.11)
SusVY,
Note that the only difference between this situation and that described in Section 3.3 is that instead of
erasing the regions whose local SNR lies below a thresholdrevearking them as “unreliable”. We use
the same terminology as that used for the case of missing components and refer to the patterns of regions

marked unreliable in the spectrograndaletion patterns, or spectrographic masks.

As given by Equation (4.3), restated below for clarity, optimal spesgignition of an utterance is per-



Chapter 7. Recognition using spectrograms with unreliable data 127

formed by evaluating

W = argmaxyd P(SW)P(W)} = argmaxyd P(S,, Sy|W)P(W)} (7.12)

where W is the estimated sequence of words in the utterance, and W is any arbitrary sequence of words.
Ideally, we would want to perform recognition with the true spectrogram of the speech S, i.e. with the true

vaues of S, and S,. However, we have access only to Y, the spectrogram of the noisy observations
(speech). In Equation (7.11) the value of S, can be assumed to be known and equal to Y, . The value of

S, however isuncertain, and only its upper bound Y/, isknown.

The similarity between Equation (7.11) and Equation (7.1) is apparent. If we were to attempt to recog-
nize speech based directly on the relation in Equation (7.11), the problem would be that of classification
with unreliable data. This would be analogous to classification with incomplete data, except that we now

have the additional constraint imposed by the upper bound on the unreliable components. Alternatively, we

could attempt to estimate the value of S;, based on the value of the reliable components S, , constrained

to the upper bound Y, and use this estimated value for recognition. This would be anal ogous to the spec-

trogram reconstruction methods described in Chapter 5, except that we would be inferring the true value of
unreliable elements, rather than inferring the value of missing elements. We refer to these methods also as

unreliable spectrogram reconstruction methods, or simply as spectrogram reconstruction methods.

7.4 Classifier modification methods: Recognizing speech directly with unreli-

able spectrograms

Recognition with unreliable spectrograms is similar to recognition with incomplete spectrograms. The

only difference is that the upper bound on the value of the unknown elementsis known.

Conventional classifier-modification methods of classification with incomplete spectrograms, i.e. class-
conditional imputation, and marginaization, can be modified to perform classification with unreliable
spectrograms. Cooke et. al. [Cooke 1999], and Josifovski et. a. [Josifovski 1999] report in detail on class-
conditional imputation and marginalization with unreliable spectrograms. We describe some of these

details in the following sections. More can be found in [Cooke 1999] and [Josifovski 1999].
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7.4.1 Class-conditional imputation of unreliable regions in spectrograms

Class-conditional imputation of unreliable regions of spectrograms estimates the value of S, condi-

tioned on the upper bound Y, and uses this estimate for recognition. The bounded MAP estimation proce-
dureis used for the estimation. Asin the case of class-conditional imputation of missing regions (Section

4.2), a separate estimate of S, is specific to the word hypothesis being considered. Recognition is per-

formed as

W = argmaxy{ P(S,, Suw|W)P(W)) (7.13)
where Sy, w isthe bounded MAP estimate of the unreliable components S, ,:
Su,w = argmaxg{ P(S|S;, S, <Y, W)} (7.14)

where Y, arethe values of the unreliable regions of the noisy spectrogram Y.

For HMM-based speech recognition systems where the best state sequence associated with the word

sequence is estimated along with the word sequence, Equation (7.13) gets modified to

W = argmaxy, o P(S,, Suw,s|s, W)P(s|W)P(W)} (7.15)

where s = [S;, Sy, S, ..., Sy] represents any valid state sequence that can be generated by the HMM for
W. Sy, w, s, the estimate for S, is given by
Su,w,s = argmaxg{ P(S|S,, S, < Y, S1, Sp S3, -++5 SN)} (7.16)

We refer to the individual spectra vectors of the true spectrogram S as S(t) , and separate the reliable

and unreliable components of S(t) into S,(t) and S;(t), respectively. Similarly, we refer to the individ-

ual spectral vectors of the noisy spectrogram Y as Y(t) and separate the reliable and unreliable compo-

nentsof Y(t) into Y (t) and Y (t) respectively. The estimate of S, can now be expressed in terms of

the estimates of the individual terms S,(t) as
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Suw.s = [Suw,s(1), Suw, s(2), Suw s(3), ... Suw, s(N)] (7.17)

where Su,w, s(t) refers to the estimates of S;(t) when the word hypothesis being considered is W and

the state sequence being considered is S. Since the HMM assumes that the individual vectors of the spec-

trogram are independent, Equation (7.16) leadsto
Su,w,s(t) = argmaxg{ P(S|S;(1), Sy(t) < Y, (1), s)} (7.18)

The right hand side of Equation (7.18) is dependent only on S;, and is independent of both the word

sequence W and the compl ete state sequence S. The implication of thisis that bounded M AP estimates of
the unreliable components of a spectral vector are estimated separately for each state considered during
recognition, using the distribution of that state. To compute the likelihood of any state for any vector, the

estimates for the unreliable components of that vector obtained using the distribution of that state are used.

We refer to the procedure of class-conditional marginalization of unreliable elements as bounded class-

conditional imputation.

7.4.2 Marginaization of unreliable regionsin spectrograms

In marginalization, recognition with unreliable spectrograms is performed directly by redefining the
recognizer to use both the reliable components of the spectrogram, and the bounds on the unreliable ele-

ments. Recognition with unreliable spectrogramsis performed as
W = argmaxy{ P(S;, S, < YU‘VV)P(VV)} (7.19)
P(S., S, < YU‘W) is derived from P(S|W) as

Yy Y,
P(S,, Sy Y |W) = IP(Sr, S,|W)ds, = IP(S|W)dSu (7.20)

The optimal recognition would now be defined over the marginal distributions so obtained as
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o O
~ 1l u 1l
W = argmaxWEP(W)IP(S|W)dSUE (7.22)
o O

For HMM based systems where the best state sequence is also estimated Equation (7.21) becomes

- ] Yy 0
W = argmaxWargmaxs%P(\N)I P(S|s,VV)P(s|VV)dSuE
- (7.22)
~ Il Y, N
W = argmaxWargmaxsEP(sW\/)P(W)I P(S|s)dSuE

The HMM assumption that individual vectors of the spectrogram are independent leads to

P(S|s) = P(S,, Su‘s) = P(S,(1), S,(1), S,(2), Sy(2), ..., S;(N), S,(N)|s;, Sy, ..., SN)

N 7.23
P(S,, Su\s) = |‘| P(Sr(n),Su(n)\sn) (7.23)
n=1
Combining Equation (7.22) and Equation (7.23) we get
U U
- 0 N Y, (n) U
W = argmaxy,aigmaxsCP(s\WP(W) [ [ P(S,(). Sy(m[s)dSy(mB (729
O =T O

Since the terms being multiplied in the right hand side of Equation (7.24) are dependent only on the

particular state S, the implication of this equation is that in computing the likelihood of any state for any

Yi(n)
spectral vector during recognition, P(S;(n), S,(n)|s,)dS,(n) would be computed instead of
r u n u

P(S;(n), S,(n) ‘ Sp,) - Recognition would be performed using these modified likelihoods.

We refer to this procedure as bounded marginalization since the missing elements are marginalized

only with the bound.

7.5 Compensating the data: spectrogram reconstruction methods

In this thesis we approach the problem of recognition with unreliable spectrograms as a data compensa-
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tion problem. We estimate the true value of the unreliable regions of spectrograms, conditioned both on the
reliable regions and the bounds on the unreliable regions. Recognition is performed with the reconstructed

spectrogram, or with features derived from it.

The spectrogram reconstruction methods described in Chapter 5 can al be modified to reconstruct
unreliable regions of spectrograms. In the following sub sections we describe geometrical and statistical

methods of estimating the true value of the unreliable regions of spectrograms using bounding information.

We refer to spectrogram reconstruction methods applied to unreliable spectrograms as bounded spec-

trogram reconstruction methods, or simply as spectrogram reconstruction methods for brevity.

7.5.1 Geometric estimation of unreliable spectrographic components

Geometric reconstruction methods estimate missing components of incomplete spectrograms by linear
or non-linear interpolation between, or extrapolation of the values of, the observed components of the

spectrogram (Section 5.2). When applied to the estimation of unreliable regions these methods would have
to be modified to take the upper bound on the unreliable element into account. Let S(t, k) , the k™ compo-
nent of the t" spectral vector be an unreliable component that has to be estimated. Let Y(t, k) be the
upper bound on the value that (t, k) can have. The simplest manner in which geometric reconstruction
methods can be used to estimate (t, k) would be as

Cgeom(S(t, k)), geom(S(t, k)) < Y(t, k)

R =i else

(7.25)

where geom(S(t, k)) is the geometric estimate we would have had for §(t, k), had it been missing.

S(t, k) is the estimated value of $(t, k). Here geom(S(t, k)) could be any of the geometrical recon-
struction methods described in Section 5.2 such aslinear interpolation across frequency or linear interpola-

tion across time.

However, when the deletion pattern (i.e. the pattern of unreliable regions in the spectrogram) has been
induced by noise it tends to be related to the energy in the signal. For example, when speech is corrupted

by white noise all low energy regions would be marked as unreliable, while al high energy regions sur-
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rounding these low energy regions would be marked “reliable”. In this situation, when the values of the

low energy regions are estimated by interpolation between the high energy regions, the interpolation-based
estimate almost always lies above the bound (or the observed value of the unreliable regions) and gets
replaced by the unreliable value itself. As a result, estimates of the unreliable regions frequently become
the observed values of the unreliable regions themselves. Figure 7.3 explains this with an example. As a
result, we do not, in general, expect geometrical reconstruction methods to be effective on speech cor-

rupted by noise.

=y

Pl
. S
~

Spectral value
[

5 10 15 20 25 30
Spectral vector index

Figure 7.3 Plot showing an example of bounded linear interpolation along time. The dotted region represents the
unreliable region that has to be estimated. The dashed line represents the standard estimate obtai ned by linear interpo-
lation along time. All the observed unreliable values lie below the linear interpolation based estimate. As aresult, the
bounded estimates are simply the original values themselves when the estimate in Equation (7.25) is used.

7.5.2 Cluster-based reconstruction of unreliable regions

Cluster-based reconstruction of missing regions of spectrograms was explained in detail in Section 5.3.
We recapitulate the important points in brief here. In cluster-based reconstruction of missing regions of
spectrograms (Section 5.3) we use the distributions of the spectral vectors to estimate missing regions of
spectrograms. Each spectral vector is assumed to be independent of every other vector. Vectors are
assumed to be segregated into a number of clusters. The distribution of the vectors belonging to each of the
clusters (the distribution of the cluster) is further assumed to be Gaussian. The overall distribution of vec-

tors is given by
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1 =
K 4 Ls-we(s-m)

P(S) = 3 c2mey) ‘e 2 (7.26)
k=1
where S represents any spectral vector, d is the dimensionality of the vector, K is the total number of

clustersin the distribution (codebook size), ¢, isthea priori probability that S belongs to the k" cluster,
and |, and O are the mean vector and the covariance matrix respectively of the distribution of vectors

belonging to the k™" cluster. In order to estimate the missing regions of incomplete spectral vectors, the

cluster that the vector belongs to is identified, and the distribution of that cluster is used to obtain MAP

estimates of missing regions.

Cluster-based reconstruction techniques can be easily modified to estimate unreliable regions of spec-
trograms (rather than missing regions). The modifications needed are somewhat different when the distri-
bution of spectral vectors is represented by a single cluster, from when it is represented by multiple

clusters.

Single cluster based estimation of unreliable regions: In single cluster based reconstruction all spectral
vectors are assumed to belong to one cluster which is represented by a single distribution. The parameters
of this distribution are simply the global mean and covariance of all spectral vectors. Thus the distribution
of spectral vectorsis given by

S S(s-we(s-w

P(S) = (210)) e (7.27)
where 1 and © are the global mean and covariance of spectral vectors. S (t) , the unreliable components
of the t ™" spectral vector S(t), can now be estimated simply as the bounded MAP estimate

Su(t) = BMAP(S,(1)|S, (1), Sy(t) < Y (1)) (7.28)

where Su(t) isthe estimate of S, (t), S,(t) is the vector of reliable components of S(t), and Y ,(t) is

the upper bound on the value of S(t). The bounded MAP estimate for the unreliable regions can be

obtained using the iterative procedure described in Section 7.2.
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We refer to this procedure as bounded single cluster reconstruction.

Multiple cluster based reconstruction of unreliable regions: In multiple-cluster-based reconstruction,
the distribution of spectral vectors is modeled by multiple clusters. i.e. the codebook size (K in Equation
(7.26)) isgreater than 1. Here, reconstruction proceedsin two steps. In thefirst step the cluster that the vec-
tor belongs to, i.e. the cluster membership of the vector, is identified. In the second step the unreliable
regions of the vector are estimated using the distribution of the cluster. Each of these steps has to take the
upper bound on the value of the unreliable region into consideration. There are two ways of incorporating
this bound into the estimation:

1) Bounded marginalization based estimation
2) Preliminary estimate based estimation

The following subsections describe each of these methods in greater detail.

7.5.2.1 Bounded mar ginalization based estimation

In bounded marginalization based estimation we estimate the cluster membership of vectors with unre-

liable components as

ksy = argmax,{ P(S,(1), S,(1) < Y, (1)[K)P(k)} (7.29)

where Rs(t) is the estimated cluster membership of S(t), S;(t) and Y, (t) is the upper bound on the
valueof S (t). P(S;(t), S,(t) =Y, (1) ‘ K) hasto be obtained by integrating the distribution of cluster as

Y, (1) Yu(t)
P(Si(t), Su(t) = Yu(t) k) = ] P(S:(1), Su(t)|k)dSp(t) = | P(S(t)[K)dSy(t)  (7.30)

—00

Equation (7.30) is similar to obtaining the marginal distribution of S, (t), except that instead of inte-
grating S;,(t) from minus infinity to infinity, we only integrate it up to the bound Y ,(t) . Hence we refer
to this procedure as bounded cluster marginal reconstruction.

When the cluster distributions are Gaussian, Equation (7.30) cannot generally be solved easily, espe-

cialy when Y, (t) has more than one component (i.e. when more than one component of S(t) is unreli-
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able). However, when the covariance matrix of the Gaussian distribution of the cluster is assumed to be
diagonal (i.e.when the various elements of the spectral vectors within any cluster are assumed to be inde-

pendent of each other) the problem becomes simpler. In this case, if we represent the individual compo-

nentsof S;(t) as S(t, |), and the componentsof Y ,(t) as Y, (t, ),

Su() = [t 1), §y(t 2), -, Syt V)]

[Yu(t, 1), Yu(t,2), ..., Yy (t, U)]

(7.31)

Yu(®)

where U is the number of componentsin S(t) (i.e. the total number of unreliable componentsin S(t)).

We now have
P(S(t) k) = P(Sr(t)‘k)P(SJ(t, 1)‘k)P(SU(t, 2)‘k)...P(SJ(t, U)‘k) (7.32)

where the distribution of each of the componentsis aso a Gaussian given by

S DFOS(Sﬂ(t D -m())’d

P(S,(t 1)[K) =
WDl \ 2T (l) ok(l) -

where p (1) and oi(l) aremean and variance of (t, |), given that it belongsto the k™ cluster. Equation

(7.33)

(7.30) now simply becomes

U i 0 ss= ()T
P(S, (1), S < Y, (D[K) = PSOK ] [ Ji SR s (7.34)
(1) o2(l) O

=1 _w
Each of the integral terms in the right hand side of Equation (7.34) is aform of the error function (erfc)
and can be looked up from standard tables.

In order to take advantage of the simplicity of Equation (7.34), in multiple-cluster-based representations

it is convenient to model the distributions of the individual clusters as having a diagonal covariance matrix.

Equation (7.34) and Equation (7.29) can now be used to estimate the cluster membership of the spectral

vectors. Once the cluster membership of the vector has been estimated, the distribution of that cluster can

be used to obtain abounded MAP estimate of S(t), the unreliable components of the vector.

7.5.2.2 Preliminary estimate based estimation
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In preliminary estimate based estimation, a preliminary estimate éu(t) for the unreliable components

of the spectral vector S(t) is obtained by bounded linear interpolation along time as described in Section
7.5.1. The preliminary estimates of the unreliable regions are used aong with the reliable components to

identify the cluster membership of S(t) .
kst = argmax{ P(S,(1), Su(t) |K)P(K)} (7.35)

Once the cluster membership of a vector is identified, the distribution of the cluster is used to obtain

bounded MAP estimates of S,(t), the unreliable components of the vector.

7.5.3 Covariance-based reconstruction of unreliable regions

Covariance-based reconstruction methods assume that the sequence of spectral vectors that constitute a
spectrogram are the output of a Gaussian wide-sense stationary (WSS) random process. We recapitulate
the salient points for this model for convenience.

In a WSS process the expected value (the mean) of the k™ element of a t ™ spectral vector p(t, k) is

independent of where the vector occurs in the spectrogram. The covariance between the k; th dement of
the t;" spectral vector S(ty, k;)and the Kk, element of the t,™ spectral vector S(t,, k),

c(ty, t,, kg, ky) isonly dependent on the distance between the two vectors, and not on their actual posi-

tions in the spectrogram.
u(t, k) = p(t+1,k) = p(k)

C(ty, B Ky, ko) = c(ty + T, 1+ T, ky, kp) = ¢(T, ky, k)

(7.36)

Since the random process is assumed to be Gaussian, the joint distribution of any subset of components
in asequence of spectral vectors is Gaussian. This permits us to estimate the values of the unreliable com-
ponents of a spectrogram using the bounded MAP estimation procedure for Gaussian distributions
described in Section 7.2. The unreliable elements in the spectrogram can either be individually estimated,
or jointly estimated. In the following subsections we describe the individual and joint estimation of unreli-

able elements in a spectral vector.
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7.5.3.1 Estimation of individual unreliable elementsin a spectrogram

Let S(t, k) bean unreliable component of the spectrogram with upper bound Y(t, k) . Let S, (t, k) be
a vector constructed with all those reliably observed components of the spectrogram that have a relative

covariance greater than or equal to a preset threshold T with §(t, k) . i.e. S;(t, K) is constructed of ele-
ments S(t;, k;) as
Si(t k) = [S(ty, k) Sty ko) S(ts Ks) .. ] (7.37)
such that
rt,—tk,kK)=T (7.38)
for al S(t;, k;) includedin S;(t, k), where r (t; —t, ki, k) is defined as

c(t, —t, k;, k)
Jot K k)e(t k K

r(ti —t, ki’ k) = (739)

S(t, k) and S;(t, k) have a jointly Gaussian distribution. Thus, S(t, k) can be estimated as the

bounded M AP estimate
é(t, k) = BMAP(S(t, k) |S,(t, K), S(t, k) < Y(t, k)) (7.40)

We refer to this procedure as bounded covariance individual reconstruction.

7.5.3.2 Joint estimation of all unreliable elementsin a spectral vector
In joint estimation of unreliable elements of vectors, we find abounded MAP estimate for al the entire
vector S;(t) with the upper bound Y ,(t) jointly. We construct avector S,(t) of all elementsin the spec-
trogram that have arelative covariance greater than a preset threshold T with at Ieast one of the elements
in S,(t).i.e,, S;(t) isconstructed of elements S(t;, k;) as
Si(t) = [S(ty, k) Sty ky)S(tg, k). ] (7.41)

such that

ri—ok,k)=T (7.42)
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for some T, and K, such that

S(t, K) O Sy(t) (7.43)

S,(t) and S;(t) have ajointly Gaussian distribution. Therefore a bounded MAP estimate for S,(t)

can be obtained as
Su(t) = BMAP(S,(1)]S; (1), Sy(D) < Y,(1)) (7.44)

The unreliable elements in each of the spectral vectorsin the spectrogram would be jointly estimated in
this manner to reconstruct the entire spectrogram. We refer to this procedure as bounded covariance joint

reconstruction.

7.6 Experimental results

It is to be expected that recognition performance obtained with the unreliable-spectrogram methods
described in this chapter should be superior to those obtained using the incompl ete-spectrogram methods
described in Chapters 4 and 5 since the bounding information present in the noisy observationsis used in

the former. In this section we report some experiments that demonstrate the validity of this assumption.

The recognition performance of all the methods described in this chapter were evaluated on speech cor-
rupted by white noise. Continuous HMMs with 2000 tied states, each modeled by a Gaussian density, were
trained on the mel spectrograms of 2880 utterances of clean speech. The test set consisted of 1600 utter-
ances from the RM test set. The utterances in the test set were corrupted by additive white Gaussian noise
(AWGN) and mel spectrograms using 20 mel filters were obtained from the noisy speech. All e ements of
the spectrogram with alocal SNR below a threshold were marked as unreliable. The observed noisy value

of these regions therefore provided the upper bound on the value of the elements in these regions.

The SNR threshold used for tagging elements are “reliable” or “unreliable” were the optimal thresholds
determined in Section 6.2.1. A threshold of 15 dB was used with marginalization and class-conditional

imputation. For all spectrogram reconstruction methods a threshold of -5 dB was used.

In all experiments it was assumed that the local SNR of every element in the spectrogram was known a
priori. This was possible because the noisy speech was obtained by corrupting clean speech with white

noise. Thus, the spectrograms of the clean speech and the noisy speech were both available, facilitating
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computation of the local SNR in each element of the spectrogram. In area situation (where only the noisy
utterance is available) the local SNR would not be known. However, here we are only interested in evalu-
ating the performance of the methods described in this chapter in the ideal situation where the local SNRs

are known.

7.6.1 Recognition using log spectra

In this section, we compare the recognition performances of the various methods described in this chap-
ter using a speech recognition system trained with spectrographic features. The recognition system was
trained using the log spectra of clean speech. Only spectral features were used; no difference or double dif-
ference features were used. Recognition was performed either directly with the spectrograms of noisy
speech with some regions tagged as unreliable using classifier-modification methods (marginalization and
class-conditiona imputation), or with the reestimated spectrograms (for the spectrogram reconstruction

methods).

Figure 7.4 and Figure 7.5 show the recognition accuracy obtained with classifier-modification methods,
bounded class-conditional imputation and bounded marginalization, as afunction of the global SNR of the
noisy speech being recognized and compares them with the performance obtained with regular
(unbounded) class-conditional imputation and marginalization of missing regions in spectrograms (i.e.
when the noisy regions are deleted, rather than being marked unreliable). In all experiments, the local SNR
threshold for marking spectrographic elements as unreliable (or missing) was 15 dB. As can be seen, the
tagging of regions as “unreliable” and using the bounding information present in the noisy observations of
these regions results in large improvements over simply deleting these regions from the spectrogram. In all
cases, recognition accuracies obtained using unreliable spectrogram methods are much greater than those
obtained when recognition is performed with the noisy spectrograms directly (baseline). Similar results
have been reported for these techniques by Cooke et. al. [Cooke 1999]. In fact our experiments show that
bounded class-conditional imputation is a very effective algorithm whereas unbounded class-conditional
imputation is noteffective at all. Bunded marginalization, by virtue of being an optimal classification

method, is still more effective than bounded class-conditional imputation.

Figure 7.6 shows the recognition accuracy obtained with spectrograms reconstructed by several

bounded spectrogram reconstruction methods as a function of the global SNR of the noisy speech. Figure
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marginalization and (unbounded) marginalization on
7.7 shows the recognition accuracies obtained with the corresponding unbounded spectrogram reconstruc-

tion methods. In al experiments the local SNR for tagging elements of the spectrograms as unreliable, or

missing was -5 dB. For the multiple-cluster-based methods a codebook size with 512 clusters was used.

Geometrical reconstruction methods are not effective. Cluster-based reconstruction methods with pre-
liminary estimate based cluster membership estimation perform poorly and are not shown. However, we
observe that the recognition performance obtained with statistical bounded spectrogram reconstruction
methods is much better than that obtained with unbounded spectrogram reconstruction methods. It isinter-
esting to note that the best recognition is obtained with bounded cluster margina reconstruction, whereas
unbounded cluster marginal reconstruction is not effective as a noise compensation technique. On the other

hand, the difference between bounded an unbounded reconstruction is not so large either for single cluster
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Figure 7.6 Recognition performance with spectrograms
reconstructed using several unreliable spectrogram
methods (bounded estimation) on speech corrupted by
white noise.

Figure 7.7 Recognition performance with spectrograms
reconstructed using several incomplete spectrogram
methods (using unbounded estimation) on speech cor-
rupted by white noise.
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reconstruction or for covariance-based reconstruction.

Figure 7.8 compares the best classifier-modification method, bounded marginalization, with the best
reconstruction methods, bounded covariance joint reconstruction and bounded cluster marginal reconstruc-
tion. It is interesting to note that the performance achieved by bounded cluster margina reconstruction,
which is a spectrogram reconstruction method, is superior to the performance obtained with bounded mar-
ginalization, which is an optimal classification procedure. However, it may not be possible to make any
inferences regarding the comparative performance of the two procedures in general since the two proce-
dures vary in many aspects including the SNR thresholds, the fact that marginalization of unreliable ele-
ments is performed directly by the recognizer making the performance subject to the idiosyncrasies of the

particular search algorithm used by the recognizer, etc.
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Figure 7.8 Comparison of the recognition performance of the best classifier-modification methods with performance
obtained with the best spectrogram reconstruction methods on speech corrupted by white noise. Baseline recognition
accuracy obtained with noisy speech spectrogramsis also shown.

7.6.2 Recognition using cepstra

Recognition experiments with log spectra only give us the relative performance of classifier-modifica-
tion methods and spectrogram reconstruction methods in a perfectly fair setting. However, the true test of
the spectrogram reconstruction methods is the performance of recognition using cepstra derived from the

reconstructed spectrograms, where much better recognition accuracies can be expected.

The experiments reported in this section were performed on a speech recognition system trained with
cepstra. 13 dimensional cepstra obtained from the 20 dimensional mel-spectral vectors of clean speech

were used to train the recognizer. The reconstructed spectrograms used for recognition in the experiments
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reported in Section 7.6.1 were transformed to 13 dimensional cepstra for recognition. The setup used was
identical to that used for the log-spectrum based experiments. Continuous HMMs with 2000 tied states,

each modeled by a Gaussian density, were trained. No delta or double-delta features were used.

Figure 7.9 shows the recognition accuracy obtained with cepstra computed from the spectrograms
reconstructed by spectrogram reconstruction methods. For comparison, the recognition accuracy obtained
using bounded marginalization with a log-spectra-based recognizer is aso shown (since marginalization

cannot be performed on a cepstra-based recognizer).
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Figure 7.9 Recognition accuracy obtained with cepstra derived from spectrograms of speech corrupted by white
noise reconstructed by several bounded spectrogram reconstruction methods. The performance obtained with
bounded marginalization, and baseline recognition accuracy obtained with cepstra derived directly from noisy spec-
trograms are al so shown.

We note that in the case of unreliable spectrogram methods the trends in the recognition accuracy in
log-spectra-based recognition are repeated in cepstra-based recognition. Methods that result in improve-
ment in the log-spectral domain result in improvement in the cepstral domain as well. We further note that
even the smplest statistical reconstruction technique, i.e. single cluster reconstruction, resultsin better rec-
ognition accuracy overall with cepstra-based recognition than the best classifier-modification method with
log-spectra based recognition. In general, the superior performance due to performing recognition in the
cepstral domain outweighs the advantages of the optimal classification being performed by marginaliza-

tion since the latter has to be performed in the log-spectral domain.

Among the spectrogram reconstruction methods, geometrical recongtruction is completely ineffective
and is not shown. All statistical reconstruction techniques are effective. However, the relative differences
between some of them are seen to be reduced. The difference between bounded single cluster reconstruc-

tion and bounded covariance joint reconstruction is much lesser when recognition is performed in the cep-
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stral domain than when it is performed in the log-spectral domain. Our experiments show that bounded

cluster marginal reconstruction remains by far the best method in the cepstral domain aswell.

7.6.3 Computational complexity of bounded methods

The application of the bounds increases the computational complexity of al incomplete-spectrogram
methods. Bounded marginalization and bounded cluster marginal reconstruction require the computation
of error functions in order to obtain bounded margina distributions of observed elements in spectral vec-
tors. Thisis not required when bounds are not considered. Bounded class-conditional imputation, bounded
covariance joint reconstruction, and bounded cluster marginal reconstruction require the computation of
bounded M AP estimates, which can be an iterative process in the worst case and can involve several com-
parisons against bounds in the best case. As a result, the time taken to perform al of these methods

increases.

Figure 7.10 shows the average time taken to recognize an utterance of speech corrupted to 10 dB by
white noise when marginalization, class-conditional imputation, cluster marginal reconstruction, and cova-
riance joint reconstruction are used along with bounds. Recognition was performed using log spectra in

every case.

Comparison with Figure 6.10 affirms that the usage of bounds does indeed increase the computational

complexity of all the methods shown in the figure. Asin the case of unbounded methods, we observe that
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Figure 7.10 Average time taken to recognize and utterance of speech corrupted by white noise to 10 dB when various
unreliable-spectrogram methods are applied. Recognition was performed using log spectra.
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bounded spectrogram reconstruction methods are significantly less expensive than bounded marginaliza-
tion (the best classifier-modification method). Among spectrogram reconstruction methods we note that
bounded cluster margina reconstruction is significantly more expensive than bounded covariance joint
reconstruction. It was observed that bounded cluster marginal reconstruction took four times longer than
covariance joint reconstruction to reconstruct spectrograms. The time taken to perform recognition with

the reconstructed spectrograms was approximately the same in both cases.

7.7 Improving the reiability of thereliable regions of spectrograms

So far we have tagged regions of the spectrogram as being reliable if the local SNR exceeds a threshold

T, and unreliableif it does not. Representing individual elements of the observed noisy spectrogram Y as
Y(t, k) , and the individual elements of the clean spectrogram S as (t, k) , we have

S(t, k) OY(t, k), SNR/(t,k)>T (reliable)

(7.45)
S(t, k) < Y(t, k), otherwise (unreliable)
where SNR (t, k) istheloca SNR of Y(t, k) . Therefore
S ay,
s,<Y, (7.46)

All the methods described so far in this chapter have attempted to deal with the uncertainty in the value

of S, assuming the value of S; was known. The value of S, is approximated by Y, . However, the ele-
ments of Y, are not free of noise. In fact, the SNR of its elements can be as low as the SNR threshold T,

which is -5 dB for the spectrogram reconstruction methods. If the value of S; could be better approxi-
mated, the speech recognition performance of unreliable-spectrogram methods can be expected to

improve. This would imply estimating S; from the value of Y, , instead of simply approximating S, by

Y

r-

Severa methods have been proposed in the literature that attempt to estimate the spectrum of the under-

lying clean speech from the spectrum of noisy speech [Boll 1979] [Moreno 1996]. While any one of these



Chapter 7. Recognition using spectrograms with unreliable data 145

can be used to estimate S; from Y, , we use spectral subtraction [Boll 1979] to do so.

Spectral subtraction is a method of canceling additive uncorrelated noise from a noisy speech signal. A
running estimate of the spectrum of the corrupting noise signa is maintained, and subtracted from the
power spectrum of the noisy speech. Spectral subtraction takes advantage of the fact that the transition
from the non-speech regions to speech regions in any utterance is usually abrupt, indicated by a sudden
increase in the energy in the signal. Thus, any quick increase in the energy in the speech signal is assumed
to indicate the onset of speech. All regions deemed to be non-speech can be used to estimate the noise
spectrum.

The initial portion of any utterance is assumed to contain only noise, and the spectrum of this region,
i.e. the average of the first few spectral vectors in a spectrogram, is used to initialize the estimate of the

tth

noise spectrum. Thereafter, the estimate of the kth frequency band of the noise spectrum in the t™' analysis

window is given by

) HL-MN(t=1, K) + AY(t k), if(Y(t K) < BN(t, K))
N(t k) = O (7.47)

(t—1,k), otherwise
where Y(t, k) is the k™ frequency band of the t' spectral vector of the noisy speech. A is the noise

update factor. 3 is the threshold factor used to identify the onset of speech. Once the estimate of the noise

spectrum is known the estimate of the clean speech spectrum is obtained from the noisy spectrum as
S(t, k) = Y(t, K) —aN(t, k) (7.48)

O isan oversubtraction factor, and is incorporated in Equation (7.48) to account for the possibility that

the noise spectrum may be underestimated. We use the simpler notation

S(t, k) = Specsub(Y(t, k))
(7.49)
S = Specsub(Y)
to indicate that S(t, K) has been estimated from Y(t, k) using spectral subtraction, as given in Equation

(7.48), and that the spectrogram S has been obtained by performing spectral subtraction on every compo-
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nent of Y. The relation between the true spectrogram and the noisy spectrogram can now be stated as

ér = Specsub(Y,)

7.50
S, <V, (7:50)

Theestimate of S, and the bound on S, given in Equation (7.50) can be used in the unreliable spectro-
gram methods, instead of the relations in Equation (7.46). The only modification would be that the value
associated with thé&reliable” regions of the spectrogram would Bpecsub(Y,) , insteadpf . We

refer to unreliable spectrogram methods that use spectral subtraction to estimate the reliable regions of
spectrograms asreliable-spectrogram methods with spectral subtraction. In particular, we refer to spec-
trogram reconstruction based methods that use spectral subtraction to estimate reliable regions of spectro-

grams aspectrogram reconstruction methods with spectral subtraction.

Figure 7.11 shows the recognition a@ies obtained with the best stifier-modification method,
bounded marginalization, and with the best spectrogram reconstruction methods, bounded covariance joint

reconstruction and bounded cluster marginal reconstruction, when spectral subtraction was used to
improve the estimate o6, . The recognition accuracy obtained when recognition is perforectlgt di

with spectrally-subacted speech (and no unreliable spectrograthads are applied) is also shown. Fig-

ure 7.12 shows the absolute improvement in recogn@muracy in each of these thetls due to using
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Figure 7.11 Recognition accuracy obtained with several Figure 7.12 Absolute improvement in recognition accu-
unreliable spectrogram methods on speech corrupted by ~ racy due to estimating reliable portions of spectrograms
white noise, when the reliable portions of the spectro- using spectral subtraction. This is the difference
gram are estimated using spectral subtraction. The rec-  between the recognition accuracy shown in Figure 7.11
ognition accuracy obtained using spectrally-subtracted  and the recognition accuracy shown in Figure 7.8
logspectra, and the baseline are a so shown.
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Figure 7.13 Recognition accuracy obtained with cepstra derived from spectrograms reconstructed with the combina-
tion of bounded spectrogram reconstruction methods and spectral subtraction. Recognition performance with cepstra
derived directly from spectrally-subtracted speech and baseline recognition accuracy with cepstra derived from noisy
speech are a so shown.

the spectrally-subtracted estimate of S, instead of approximating it with Y, .

Improving the estimate of S, by spectral subtraction is seen to result in significant improvement in the

recognition accuracy obtained with all the methods. In all cases, recognition accuracy obtained with unre-
liable spectrogram methods was far greater than the baseline recognition accuracy (obtained by performing

recognition directly on noisy spectrograms), as well as that obtained with spectrally-subtracted speech.

Figure 7.13 shows the recognition accuracy obtained when spectrograms reconstructed by spectrogram
reconstruction methods with spectral subtraction, i.e bounded cluster margina reconstruction and bounded
covariance joint reconstruction, were transformed into cepstra and recognition was performed using a cep-
stra-based recognizer. The baseline recognition accuracy obtained when recognition is performed directly
with cepstra of noisy speech and the recognition accuracy obtained with cepstra of spectral subtracted
speech are aso shown for comparison. Comparison with Figure 7.9 shows that large improvementsin per-
formance are obtained by preliminary spectra subtraction of reliable regions of spectrograms, even when

recognition is performed in the cepstral domain.

Overall, we see from Figure 7.13 that very large improvements in recognition accuracy are achievable
when bounded spectrogram reconstruction methods with spectral subtraction are used to compensate for

corrupting noise, when the local SNR of elements of the spectrogram are known a priori.
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7.8 Recognition of speech corrupted with non-stationary noises

We had mentioned at the outset in Chapter 1 that one of the important goals of attempting to compen-
sate for noise with missing-feature methods was to be able to compensate for non-stationary noises. How-
ever, in all the experiments reported with incomplete-spectrogram and unreliable-spectrogram methods so
far in this thesis we have used stationary white noise as the corrupting signal. It is therefore important to
determine the extent to which unreliable spectrogram methods are effective on speech corrupted by non-

stationary noise.

Figure 7.14 shows the recognition accuracy obtained when bounded spectrogram reconstruction meth-
ods (with spectral subtraction) were applied to speech corrupted with music. The local SNR of each ele-
ment of the spectrogram was assumed to be known. Recognition was performed in the cepstral domain
with a recognizer trained on cepstra. The baseline recognition accuracy obtained when recognition was
performed directly with the music-corrupted speech, as well as the recognition accuracy obtained with

spectrally-subtracted speech are shown.

We note that unreliable spectrogram methods are highly effective on speech corrupted by music as well,
when the local SNR of the elements in the spectrogram are known. For example, the recognition accuracy
obtained with spectrograms reconstructed by cluster-based reconstruction when the global SNR of the
noisy speech is 5 dB is very close to that obtained with clean, uncorrupted speech. Note that spectral sub-
traction is not effective here, due to the non-stationary nature of music. Spectral subtraction and other con-

ventional techniques are only effective when the corrupting signal is stationary or slowly varying.
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Figure 7.14 Recognition accuracy obtained when bounded spectrogram reconstruction methods are applied to speech
corrupted by music to severa SNRS. Baseline recognition accuracy, and recognition accuracy obtained with spectral
subtraction alone are also shown. Recognition was performed in the cepstral domain in all cases.
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7.9 Summary and conclusions

We have seen in this chapter that by tagging noisy regions of spectrograms as “unreliable” instead of
deleting them altogether, and by appropriately modifying incomplete-spectrogram methods to consider the
upper bound on the value of the spectrogram provided by the noisy observations large improvements can
be made in recognition accuracy. Thexfprmance of both classifieradification methods, and the spec-
trogram reconstruction methods proposed in this thesis is observed to improve significantly with this

approach.

The best recognition performance obtained with the spectrogram reconstruction methods proposed in
this thesis are seen to be comparable with, or better than, the performance obtained with the best current
classifier-modification method, bounded marginalizatieren when recognition is performed using log
spectra. When recognition is performed using cepstra derived from reconstructed spectrograarfsythe p
mance obtained with the simplest spectrogranonstruction method, bounded single cluster reconstruc-
tion, is superior to that obtained with boundedrginalization on log spectra. Large improvatseare
obtained with spectrogram reconstruction methods on speech corrupted by music as well, when the local
SNR of the elements of the spectrogram are known. The performance of these methods appears to be inde-

pendent of the kind of corrupting noise, once the local SNRs are known.

It is interesting to observe that the improvement in the performance of marginalization and cluster mar-
ginal reconstruction due to the usage of the upper bound on unreliable elements is far greater than the
improvement in either single clustexconstruction or covariance-based reconstruction methods. In fact,
bounded marginalization based reconstruction is the effesttive of all spectrogram regstruction meth-
ods, whereas alluster-based methods were ineffective when bounds were not used. We observe that both,
marginalization and clustenarginal reconstruction involve classification of some kind. In marginaliza-
tion, the optimal state sequence representing the utterance is identified. In cluster marginal reconstruction
the cluster that the clean spectral vector belongs to is identified. It may therefoferbelithat the incor-
poration of the upper bound on the value of the unreliable elements improves classification performance
far more than it improves the estimation of their values. Thus, all methods which involved classification

were seen to improve much more than methods that did not involve classification of any kind.

As in the case of incomplete spectrograms, bounded geometrical reconstruction methods were com-
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pletely ineffective in compensating for noise. It is clear that noisy regions of spectrograms cannot simply
be estimated by simple interpolation or extrapolation of the reliable portions of the spectrogram. The prior
statistical information used by the statistical reconstruction methods is essential for effective reconstruc-
tion. Among statistical reconstruction methods, bounded cluster marginal reconstruction was seen to be
significantly superior to bounded covariance-based reconstruction methods. However, the latter are com-

putationally less expensive than the former.

Recognition accuracy can be further improved by estimating the true value of reliable regions, instead
of smply approximating them with the less noisy portions of the noisy spectrogram. Overall, large
improvements in recognition performance are achievable on noise corrupted speech by using the unreliable
spectrogram methods (in combination with spectral subtraction). For example, the recognition accuracy of
speech corrupted by music to 0 dB goes up from less than 10% when the noisy speech is used directly for

recognition to over 60% when cluster-based reconstruction of unreliable regionsis performed.

However, the results reported in this chapter are all subject to the condition that the spectrographic
masks that distinguish the reliable regions of the spectrogram from the unreliable ones are known per-
fectly. These masks were obtained using perfect knowledge of the local SNR of each of the elementsin the
spectrogram. As such, they only establish an upper bound on what is achieveable using missing feature
methods. It istherefore more correct to say that large improvementsin recognition accuracy are potentially

achievable on noise corrupted speech by using unreliabl e-spectrogram methods.

In area situation, the local SNR of the spectrographic elements would not be known and the spectro-
graphic masks would have to be estimated. Needless to say, any procedure that estimates spectrographic
masks is likely to make errors, and therefore the performance of unreliable spectrogram methods can be
expected to be worse when estimated masks are used, than when masks are obtained with perfect knowl-
edge of the loca SNR of the elements of the spectrogram. Needless also to say, unreliable-spectrogram
methods that do not function with perfect knowledge of the local SNR and perfect knowledge of deletion
patterns cannot be expected to perform with estimated deletion patterns. Thus, geometrical reconstruction
methods cannot, in general, be expected to perform well on noise corrupted speech. We do not consider

them any further in thisthesis.

Estimation of deletion patterns can be a very complicated task. At the greatest detail, this would entail
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estimating the local SNR of each element of every spectral vector in the spectrogram. At the coarsest level,
we only need to distinguish between the components of the spectrogram that are heavily corrupted and

those that are relatively less corrupted. i.e. we only need to be able to decide whether the local SNR in the

elements lies above the threshold T or below it. Even this latter estimation can be very difficult.

In the next chapter we discuss the estimation of deletion patterns, and the performance of unreliable

spectrogram methods with estimated deletion patterns.
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Chapter 8
Estimating the locations of corrupt regionsin spectrograms

8.1 Introduction

In the preceding chapters we have described severa techniques that improve the recognition perfor-
mance on hoisy utterances of speech by reconstructing the noisy regions of their spectrograms. We have
demonstrated that considerable improvementsin recognition accuracy can be obtained with these methods,
even when the corrupting noise is non-stationary. However, in al the experiments reported thus far, we
have assumed that the spectrographic masks that distinguish the reliable regions of the spectrogram from
the unreliable regions were known a priori. In any rea situation the true spectrographic masks would not
be available. For any solution based on missing-feature methods to be complete it is therefore also neces-

sary to estimate the spectrographic masks themselves.

We refer to the true spectrographic masks as oracle masks, and estimated spectrographic masks as esti-

mated masks, for brevity.

The estimation of spectrographic masks only involvesthe estimation of very simple, binary information
about every element in the spectrogram - we only need to determine whether any element is noisy or not.
However, even this simple binary assessment can be a very difficult task. This is especialy so when the
noise corrupting the speech is non stationary. Other researchers working on missing-feature-based
approaches to noise compensation have all attempted to estimate these masks based on running estimates
of the spectrum of the noise [Cooke 1997][Cooke 1999], and have reported varying degrees of success
with these methods, depending on the kind of noise being considered. Another popular method of identify-
ing spectrographic masks is based on the hypothesis that the energy of highly noisy elements of spectral
vectors is significantly different from those with low noise [Hirsch 1995]. The histogram of spectral ele-
ments in any frequency band over a given time window would therefore exhibit two peaks, one each repre-
senting the noisy elements and the clean el ements respectively. Spectrographic masks are derived based on
estimates of the noise spectra obtained as the difference in the positions of the two peaks [Cooke 1999]. No

other method has been employed to identify masksto the best of our knowledge.

In this chapter we address the problem of automatically estimating the spectrographic masks for noisy
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speech. We first analyze the effect of errorsin the spectrographic masks. Thereafter we discuss three meth-
ods of estimating spectral masks. In the first method we use a running estimate of the spectrum of the cor-
rupting noise to identify low SNR regions on the spectrograms. Thisis essentially the method described in
[Cooke 1997] and [Cooke 1999]. Since the running noise estimate is obtained using the noise estimation
method in spectral subtraction, we refer to this method as spectral-subtraction-based mask estimation. In
the second method we use the noi se spectrum estimate obtained by the most successful noise compensation
technique in our repertoire, the vector Taylor series algorithm or VTS, to estimate spectral masks. We refer
to this method as VTS-based mask estimation. In the third method we train a simple two class classifier to
identify noisy regions of the spectrograms, and thereby the spectrographic masks. We refer to this method
as classifier-based mask estimation. Finally we describe experimental results with spectrographic masks so

obtained.

In the rest of this chapter we restrict our discussion to only two of the spectrogram reconstruction meth-
ods described so far:

1) Bounded covariance joint reconstruction

2) Bounded cluster marginal reconstruction

All analysis and experimentation has been done with these methods only. However, the results obtained
are generalizable to other methods as well. Results with classifier-modification methods are not shown
since, in general, baseline recognition accuracy with the cepstra of noisy speech is not significantly worse
than the recognition accuracy obtained with bounded marginalization in the log-spectral domain, even with

oracle masks.

In all the experiments reported in this chapter the RM database, and the CMU Sphinx-111 recognition
system was used as in other chapters. All recognition experiments were performed using cepstra derived

from reconstructed log spectra.

8.2 The effect of errorsin mask estimation

The ability of missing feature methods to compensate for noise depends critically on the accuracy of the
spectrographic masks used. Errors in the spectrographic mask can cause the recognition performance of

missing feature methods to degrade significantly.
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Errors in spectrographic masks can be one of two kinds: reliable elements of the spectrogram may be
declared unreliable, or unreliable elements may be tagged as being reliable. We refer to the first type of
error as a false alarm. We refer to the second type of error as amiss. The effect of false darmsisthat clean
elements of the spectrogram are tagged as being noisy and are therefore reconstructed. The effect of misses
is that noisy elements of the spectrogram are treated as being reliable, and are used directly for recognition.
The effect of both type of errors is not the same. In the case of misses the worst case would be when all
noisy elements are tagged as being clean. The recognition performance in this case (assuming the reliable
regions of the spectrogram have all been tagged correctly) is simply the baseline recognition performance
that is obtained with noisy speech, since the spectrograms simply remain unprocessed. The worst case sce-
nario for false alarms, however, is much worse. Here, all reliable regions of the spectrogram would get
tagged as being unreliable. Therefore, assuming that all unreliable regions of the spectrogram are correctly
tagged, the spectrogram would be assumed to have no reliable elements at al. As aresult neither recogni-

tion with, nor reconstruction of, the spectrograms would be possible.

The effect of false alarms and misses on the performance of missing feature methods is illustrated in

Figure 8.1 and Figure 8.2. For the plot in Figure 8.1 random fal se alarms were introduced into the spectro-
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Figure 8.1 Recognition accuracy with cepstra derived
from reconstructed spectrograms, as a function of the
fraction of reliable elements in the spectrogram that
were erroneously tagged as being unreliable

Figure 8.2 Recognition accuracy with cepstra derived
from reconstructed spectrograms, as a function of the
fraction of unreliable elements in the spectrogram that
were erroneously tagged as being reliable

graphic mask of speech corrupted to 15 dB by white noise. No misses were introduced. The figure shows
how the recognition performance of the unreliable-spectrogram methods degrades as the fraction of clean
elements wrongly identified as being unreliable increases. Figure 8.2 similarly shows how their perfor-

mance degrades when random misses were introduced into spectrographic masks. We observe that recog-
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nition performance degrades very quickly with increasing fraction of false alarms. However, the sensitivity
of all missing-feature methods to misses is not so much, and the performance degrades much more slowly

as the fraction of noisy elements identified as being reliable increases.

We can infer from Figures 8.1 and 8.2 that it is critical for any algorithm that estimates the spectro-
graphic masks of noisy speech to make minimal false alarm errors. Misses, on the other hand, are not so

critical.

8.3 Estimating spectrographic masks using spectral subtraction

As mentioned in Section 7.7, spectral subtraction is a procedure that attempts to cancel additive uncor-
related noise from a noisy speech signal. To do this, a running estimate of the spectrum of the corrupting
noise signal is maintained as follows: the initial portion of any utterance is assumed to contain only noise,
and the spectrum of thisregion, i.e. thefirst few spectral vectorsin a spectrogram, are used to initialize the
estimate of the noise spectrum. Thereafter any sudden increase in the energy in the noisy speech signal is

assumed to indicate the onset of speech and regions in the speech whose energy falls lies below a given
threshold are assumed to consist only of noise. The estimate of the kth frequency band of the noise spec-
trumin the t analysiswindow is given by

) HL-MN(t=1, k) +AY(t K),  if(Y(t, k) < BN(L, K)
N(t, k) = O 8.1

(t—1,k), otherwise

The noise estimate so obtained can be used to estimate the SNR of spectrographic elements. If Y(t, k)

tth

is the observed value of the k" frequency band of the t ' spectral vector in the noisy spectrogram, the esti-

mate of the SNR of Y(t, K) would be given by

_ Y(L K = N(t K)
N(t, k)

SNR(t, K) (82)

Spectrographic masks are estimated simply by tagging al elements of the spectrogram whose estimated
SNR is lower than a threshold T. Variants of this method of estimating spectrographic masks have been

reported in [Cooke 1997][Cooke 1999].
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Figure 8.3 Percentage of reliable elements in the spectrogram correctly identified by the spectral-subtraction-based
mask estimate as being reliable (accuracy) vs. percentage of unreliable elements falsely identified as being reliable
(false alarms). The percentage of missesin the mask would be (100 - accuracy). The number beside each point indi-
cates the deletion threshold used.

The estimate SNR given by Equation (8.2), by nature of being an estimate, is not identical to the true
value of the SNR. Any spectrographic mask derived on the basis of these estimatesis likely to be errone-

ous as well. The degree of error, as measured by the fraction of misses and false alarms in the estimated

spectrogram, depends on the value of T used. It would therefore have to be carefully chosen.

Figure 8.3 plots the relation between the percentage of reliable elements correctly identified and the
false alarm percentage for various values of T for speech corrupted with white noise to 15 dB and 25 dB.
The knee of the curveisseento beat T = 2.5 dB for both cases. At higher thresholds the fraction of false
alarms increases greatly. At lower thresholds the misses increase. T was therefore chosen to be 2.5 dB:
any element Y(t, k) whose local estimated SNR, SNR(t, k) , was below 2.5 dB was assumed to be unre-

liable. Note that thisthreshold is different from the optimal deletion threshold for obtaining spectrographic
masks when the true SNR of the spectrographic elements was known (Section 6.2.1).

8.3.1 Experimental results with spectral-subtraction-based mask estimation

In order to evaluate spectral-subtraction-based mask estimation experiments were run on speech cor-
rupted by white noise and music to several different SNRs. Spectral-subtraction-based masks were esti-

mated and bounded spectrogram reconstruction methods applied to these masks.

1. These were obtained by comparing the estimated spectrographic mask with the true spectrographic mask
for the noisy speech.
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Figure 8.4 shows an example of the estimated spectrographic mask for an utterance corrupted to 10 dB

by white noise. Figure 8.5 shows the oracle (true) spectrographic mask for the same utterance. Visua com-

parison of the two figures shows that the estimated mask resembles the oracle mask, at least at a gross

level. Figure 8.6 shows the recognition accuracy obtained with unreliable spectrogram methods on speech

corrupted by white noise using estimated masks. Figure 8.7 shows the recognition accuracies obtained on

the same utterances when oracle masks were used with these missing feature methods. We note that the

recognition accuracy obtained with the estimated masks is much greater than the baseline recognition

accuracy obtained with the cepstra of noisy speech. Thisis indicative that spectral-subtraction-based mask

20 q

16} I

Mel filter index

foe]
T

0.5 2 25

1 15
Time (secs)
Figure 8.4 Spectrographic mask estimated using spec-
tral-subtraction-based estimation for an utterance of

speech corrupted to 10 dB by white noise.
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Figure 8.6 Recognition accuracy obtained by applying
incomplete spectrogram methods with spectrographic
masks estimated by spectral-subtraction-based estima
tion, for speech corrupted by white noise. Baseline rec-
ognition accuracy for the noisy speech, and the
performance obtained when only spectral subtraction is
used to compensate for the noise are also shown.
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Figure 8.5 Oracle spectrographic mask for the same
utterance.

100r = Cluster marginal estimation
— — Correlation joint estimation

----- Spectral subtraction
801 —_— —

-—-- Baseline _ - - PR
—_ ___--‘ —/'
- 7 i
601 _ R
7 ," »/
s

Ve

Recognition Accuracy (%)

L s
40 s -
7 /'
Ve o
207 e
R
____/
0 5 10 15 20 25
SNR (dB)

Figure 8.7 Recognition accuracy obtained when incom-
plete spectrogram methods are used with oracle masks
to compensate for additive white noise.
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estimation can be effective on speech corrupted by white noise. In general, it can be expected that spectral-
subtraction-based estimation of spectrographic masks will be effective in situations where spectral subtrac-
tion itself is effective. Spectral subtraction isknown to be effective when the noise corrupting the speech is
stationary or slowly varying. It can therefore be expected that for such noises spectrographic masks can be
estimated and missing feature methods can effectively be used to compensate for the effect of the noise on

speech recognition systems.

However, Figures 8.6 and 8.7 also show that the recognition accuracy obtained with the estimated
masks is much poorer than that obtained with oracle masks, especialy at low SNRs. There is, therefore,

considerable scope for improvement in the masks even when the corrupting noise is white.

Figures 8.8 and 8.9 show the estimated mask and the oracle mask for an utterance of speech that has
been corrupted to 10 dB by music. It is clear from these figures that spectral subtraction is completely
unable to estimate the mask when the corrupting noise is music. Figure 8.10 shows the recognition accu-
racy obtained with spectrogram reconstruction methods on speech corrupted by music, when estimated
masks are used. Figure 8.11 shows the recognition performance obtained on the same utterances when ora-
cle masks are used. Spectrogram reconstruction methods are completely ineffective at compensating for
music when the estimated spectrographic masks are used. Once again, it is clear from these figures that
spectral subtraction is completely ineffective as a mask estimation method when the corrupting signal is

music.

8.4 Estimating spectrographic maskswith VTS

Vector Taylor Series (VTS) is a noise compensation algorithm that attempts to reduce the effect of lin-
ear filtering and additive noise on the log-spectral vectors of noisy speech [Moreno 1996]. If Y(t) repre-
sents the t log spectral vector for the utterance that has been corrupted by linear filtering and additive

noise, and X(t) isthe value that would have been observed had the speech not been corrupted in any man-

ner, then it can be shown that the relation between the two is given by [Acero 1991]:

Y(t) = X(t) +H +log(N —H —X(t)) (8.3

where H isthe logarithm of the squared magnitude of the spectrum of the impulse response of the linear
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Figure 8.8 Spectrographic mask estimated using spec-
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Figure 8.9 Oracle spectrographic mask for the same
utterance.
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Figure 8.10 Recognition accuracy obtained with spec-
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Figure 8.11 Recognition accuracy obtained when
incomplete spectrogram methods are used with oracle
masks to compensate for music.

line recognition accuracy for the corrupted speech is
also shown.

filter, and N isthelog spectrum of the noise. It is assumed that the noise is stationary, and that differences
in the spectrum of the noise corrupting individual spectral vectors (each representing one analysis window
of speech) are attributable only to differences in realization of the same random process (i.e. estimation

error). It is further assumed that the distribution of the log spectrum of the noise in the various analysis

windows is Gaussian, with amean L, which also represents the estimate of the true log spectrum of the

noise, and variance 2.

The distribution of the log spectra of clean speech is assumed to be a Gaussian mixture. The set of

parameters of the Gaussian mixture, ®, are learned from a training corpus of clean speech. The problem
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Figure 8.12 Percentage of reliable elements in the spectrogram correctly identified by the VTS-based mask estimate
as being reliable (Accuracy) vs. percentage of unreliable elements falsely identified as being reliable (false aarms).
The number beside each pointsindicates the deletion threshold used.

addressed in VTS, within the framework of this formulation, is the maximum likelihood estimation of the
channel parameter H , and the mean and the variance of the noise, [, and 2, . Representing the set of log
spectral vectors of the noisy utterance as Y , the estimate is given by

H, Mo Z|\| = argmaXH, H, Z{ P(Y|H’ H, 2, (D)} (8-4)
Once H, py, and Zy have been estimated X(t) isestimated from Y(t) usingan MM SE estimator.

The mean value [y of the noise log spectrum is also the estimate of the true log spectrum of the noise.

It can be used to estimate the local SNR of the elements of the spectrogram of the noisy speech. If Y(t, k)

tth

is the value of the k™" frequency band of the t ™ spectral vector in the noisy spectrogram, and we represent

the k' frequency component of iy by py(K) , the estimate of the SNR of Y(t, k) would be given by

Y(t k) —pn(k)

SNR(t k) = ==

(8.5)

Spectrographic masks are computed based on the estimated SNR values by tagging all elements in the
spectrogram for which SNR(t, k) liesbelow athreshold T asunreliable. Figure 8.12 plots the percentage

of reliable elements correctly identified against the false-alarm percentage for various values of T for

speech corrupted with white noise to 15 dB and 25 dB. The knee of the curves is seen to be between 5 dB
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Figure 8.13 Spectrographic mask estimated using VTS
based estimation for an utterance of speech corrupted to
10 dB by white noise.
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Figure 8.14 Oracle spectrographic mask for the same
utterance.
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Figure 8.16 Recognition accuracy obtained when
incomplete spectrogram methods are used with oracle
masks to compensate for white noise.

and 0 dB. Thethreshold T was therefore set to be at 2.5 dB

8.4.1 Experimental results with VTS-based mask estimation

Figure 8.13 shows an example of the spectrographic mask estimated by VTS-based mask estimation for
an utterance corrupted to 10 dB by white noise. We observe that the spectrographic mask obtained using
VTS-based estimation is a very good approximation to the oracle mask shown in Figure 8.14. Figure 8.15
shows the recognition accuracy obtained with unreliable-spectrogram methods using masks estimated by
VTS-based estimation. We observe that VTS-based mask estimation is also very effective in terms of the

recognition accuracy obtained when these masks are used with unreliable spectrogram methods. Large
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Figure 8.17 Spectrographic mask estimated using VTS
based estimation for an utterance of speech corrupted to
10 dB by music.
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trographic masks estimated by VTS-based estimation,
for speech corrupted by music. Baseline recognition
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Figure 8.20 Recognition accuracy obtained when
incomplete spectrogram methods are used with oracle
masks to compensate for music.

improvements in recognition accuracy over baseline are achieved at all SNRs. Comparison with Figure 8.6
also shows that the recognition accuracy obtained using V TS-based spectrographic mask estimates is sig-
nificantly greater than that obtained with spectral-subtraction-based mask estimates. The difference
between the performance obtained with oracle masks and the performance with estimated masks is much

smaller when the masks are estimated using V TS-based estimation.

Figure 8.17 and Figure 8.18 show the mask obtained with VTS-based estimation and the oracle mask
respectively for an utterance of speech that has been corrupted to 10 dB by music. Asin the case of spec-
tral-subtraction-based mask estimation, the mask obtained by VTS-based estimation is a very poor approx-

imation to the oracle mask. Figure 8.19 shows the recognition accuracy obtained on speech corrupted with
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music, when masks estimated using VTS are used in conjunction with spectrogram reconstruction meth-
ods. We observe that the performance obtained with unreliable spectrogram methods is very poor, fre-
guently resulting in recognition accuracies lower than the baseline. VTS-based estimation is ineffective

when the corrupting noise is music.

8.5 Estimating spectrographic masksusing a classifier

Spectrographic masks essentially separate the elements of the spectrogram out into two classes - the
class of unreliable elements, and the class of reliable elements. Each element of the spectrogram belongsto
one of these two classes. In classifier-based estimation of spectrographic masks we therefore treat the prob-

lem of estimating spectrographic masks as one of classification.

Each element of the spectrogram is represented by avector of features for the purpose of this classifica-

tion. We refer to this vector as the classification vector. In our experiments the classification vector

Y(t, k) representing each element Y(t, K) of the spectrogram was constructed as

Y(t, k)
N Y(t+1,Kk) = Y(t—1, k)
Y(t, k) = Y(t, k+ 1) =Y(t, k=1) (8.6)

Y(t+1, k+1)-Y(t—-1,k-1)

Y(t—1,k+1)-Y(t+1,k-1)
While there are other ways in which the classification vector representing any element of the spectro-
gram can be constructed, it is expected that such avector would capture information about the variation of

the elements in the spectrogram that would be useful for classification.

We use a simple bayesian classifier to classify each element of the spectrogram as belonging either to
the reliable or the unreliable class. Separate classifiers are used for each frequency component in the spec-
tral vector. Individua elements of the spectrogram are assumed to be uncorrelated to each other for the
purpose of classification and classification of the individual elements of the spectrogram is done indepen-

dently of other elements in the spectrogram. If we represent the parameters of the distribution of reliable

elementsin the k" frequency band of the spectral vectorsin the spectrograms as <Dr, « and the parameters
of the distribution of unreliable elementsas @, |, thevalue M(t, k) of the spectrographic mask in the kth

frequency band for the tth spectral vector is given by
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Hreliable if P(r)P(Y(t, k)| @, ) 2 P(U)P(Y(t, k)| D, ,)
M(t, k) = O 8.7)
ereliable if P(U)P(Y(t, K)|®, ) > P(r)P(Y(t, k)| P, \)

where P(r) and P(u) arethea priori probabilities of the reliable and unreliable class, respectively. Ide-
ally, the a priori probabilities of the classes would be specific to the global SNR of the speech - at low
SNRs the fraction of elements that are noise corrupted (and thereby unreliable) can be expected to be

higher than at high SNRs. However, since the globa SNR of the utterance being recognized is not known

beforehand in most real situations, the same values of P(r) and P(u) haveto be used at all SNRs.

Figure 8.21 plots percentage of reliable elements correctly identified against the false alarm percentage
for various values of P(r) for speech corrupted with white noise to 5 dB, 15 dB and 25 dB. We observe
that the best value of P(r), given by the knee in the curve is between 0.7 and 0.8 in all cases with some
variation. P(r) was therefore chosen to be 0.8.

In general, since misses are less expensive (in terms of their effect on recognition accuracy) than false

alarms, it is better to choose a high a priori probability for the class of reliable elements, P(r).
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Figure 8.21 Percentage of reliable elements in the spectrogram correctly identified by the mask as being reliable
(Accuracy) vs. percentage of unreliable elements falsely identified as being reliable (false alarms). The number
beside each points shows the value used for the a priori probability of reliable regions.



Chapter 8. Estimating the locations of corrupt regions in spectrograms 165

8.5.1 Experimental results with classifier-based mask estimation

Classifier-based mask estimation was evauated on both speech corrupted by white noise, and speech
corrupted by music. Ideally, the mask estimation procedure would be independent of the type of noise cor-
rupting the speech and the same distributions would be used to represent the reliable and unreliable classes
irrespective of the kind of noise corrupting the speech signal. In our experiments, however, it was assumed
that the type of noise corrupting the speech was known a priori. Therefore, for experiments with white
noise the classifier was trained with speech corrupted with white noise. For experiments with music the

classifier was trained with speech corrupted by music.

8.5.1.1 Experiments with white noise

To estimate spectrographic masks for speech corrupted with white noise a single reliable/unreliable
classifier was trained for each frequency band using speech corrupted by white noise to several SNRs
between 0 dB and 30 dB. The spectrographic masks for all utterances being recognized were estimated
using this classifier. We refer to such a classifier as a fair classifier since the global SNR of the speech
being recognized is not assumed to be known beforehand. Figure 8.22 shows an example of a spectro-
graphic mask estimated by classification for an utterance of speech corrupted to 10 dB by white noise. Fig-

ure 8.23 shows the corresponding oracle mask for the utterance.

Recognition experiments show that spectrograms reconstructed with masks estimated using such aclas-
sifier result in recognition accuracies that are comparable with those obtained with spectral-subtraction-
based mask estimation. Figure 8.24 shows the recognition accuracies obtained using masks estimated by
classifier-based egtimation. Comparison with Figure 8.6 (recognition performance with spectral-subtrac-

tion-based masks) shows that the two are very similar.

If the classifier used to estimate spectrographic masks for anoisy utterance is trained using speech cor-
rupted to the same SNR as the speech being recognized, the performance of the mask estimation can be
improved even further. We call such a classifier a cheating classifier since it is assumed that the global
SNR of the speech being recognized is known a priori. Figure 8.25 shows the recognition performance
obtained when spectrographic masks are estimated using such a cheating classifier. Masks obtained with

cheating classifiers are seen to result in much greater accuracies than masks obtained with afair classifier.
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Figure 8.22 Spectrographic mask estimated using a fair
classifier for an utterance of speech corrupted to 10 dB
by white noise
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Figure 8.24 Recognition accuracy on speech corrupted
by white noise, with unreliable spectrogram methods
using masks obtained by afair classifier

8.5.1.2 Experimentswith music
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Figure 8.23 Oracle mask for the same utterance
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Figure 8.25 Recognition accuracy on speech corrupted
by white noise, with unreliable spectrogram methods
using masks obtained by a cheating classifier

For experiments with music a single reliable/unreliable classifier was trained for each frequency band

using speech corrupted by music to several SNRs between 0 dB and 30 dB. Spectrographic masks for all

utterances corrupted by music were estimated using these classifiers. Figure 8.26 shows the estimated

spectrographic mask for an utterance of speech corrupted to 10 dB by music. Figure 8.27 shows the recog-

nition accuracy obtained with masks estimated using this classifier. We observe that a small improvement

in recognition accuracy is obtained at all SNRs over baseline using covariance-based estimation. Thisisan

improvement over the performance using either spectral-subtraction-based estimation or VTS-based esti-
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mation, where no improvement was obtained at al. However, even for classifier-based estimation, the rec-
ognition performance obtained with bounded cluster marginal estimation based on the estimated masksis
poorer than the baseline performance. Also, it is doubtful whether the improvement in recognition accu-

racy seen with covariance-based reconstruction is significant and would carry over to other experiments.

The performance of classifier-based mask estimation for speech corrupted with music can be improved
significantly using a cheating classifier, where the classifier is trained using speech corrupted to the same
global SNR as the speech being recognized. Figure 8.28 shows the mask estimated by a cheating classifier
for the same utterance represented in Figure 8.26 The oracle mask for the utterance is shown in Figure 8.29
It can be seen that the “cheating” mask is a much better approximation foathe mask than the one
obtained using a fair classifier, or any of the other methods desedkéer. Figure 8.30 shows the recog-
nition performance obtained by applying incomplete spectrogram methods with the cheating masks on
speech corrupted by music. We note that a significant improvement over baseline is obtained using the
cheating masks with both cluster-based reconstruction and covariancerbesestruction. Irfact the
performanceobtained with cluster-based reconstruction using the estimated masks is comparable to the
performance obtainedith covariance-based reconstruction using oracle masks, shown in Figure 8.31, at

most SNRs.

8.6 Discussion and Conclusions

All of the spectrographic mask estimation methods described in this chapter have been reasonably suc-
cessful at estimating masks for speech corrupted by white noise. The recognition accuracy obtained using
spectrogram reconstruction methods with the estimated spectrographic masks are significantly higher than
the baseline recognition accuracy obtained with cepstra derived directly from the noisy speech. In fact, the
recognition accuracy obtained with cluster marginal reconstruction in conjunction with spectrographic
masks using VTS-based estimation is significantly higher than the performance obtained with VTS, our
best algorithm to compensate for white noise prior to the work reported in this thesis. Figure 8.32 compares
the recognition accuracy obtained using VTS compensation, and cluster marginal reconstruction and cova-
riance joint reconstruction with VTS-based estimation of spectrographic masks, on speech corrupted with
white noise to several SNRs. We observe that the performance obtained with covariance joint reconstruc-

tion is comp@rable with that obtained with VTS, and that obtained with cluster marginal reconstruction is
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Figure 8.32 Comparison of recognition accuracies obtained on speech corrupted with white noise with VTS compen-
sation, and with incompl ete spectrogram methods using spectrographic V TS-based spectrographic masks. The curves
for VTS and covariance joint reconstruction are almost coincident and therefore indistinguishable.

in fact significantly higher than that obtained with VTS compensation, especially at low SNRs.

All of these methods of mask estimation can also be expect to perform equally well on other stationary
or quasi-stationary noises. However, their performance on speech corrupted by music is very poor. The

reason for this poor performance is easy to understand in each of the methods.

The spectral subtraction noise estimate given by Equation (8.1) is based on the assumption that the
underlying speech signal varies much faster than the noise [Hirsch 1995]. Music violates this assumption.
As aresult, the noise estimator described by Equation (8.1) is unable to estimate the noise spectrum, and
spectrographic masks based on SNR values computed using these estimates of the noise spectrum are also

erroneous.

VTS makes the explicit assumption that the corrupting noise is stationary. In fact, we only obtain asin-
gle estimate of the noise spectrum over the entire utterance, and masks are obtained based on this estimate
of the noise spectrum. The procedure can be modified to work with short, diding windows of speech, to
compute a time varying estimate for the noise spectrum. However, such a procedure would still be con-
strained to tracking only slowly varying noises. It would not be able to track noises whose spectrum varies

as fast asthat of music.

Of the three methods, classifier-based methods of estimating spectrographic masks hold the most prom-
ise. They have been seen to perform quite well on speech corrupted by white noise. The performance
obtained on white noise with the “cheating” classifier is, in fact, comparable with that obtained with VTS

compensation. While the performance of unreliable spectrogramodgon speech corrupted by music
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using spectrographic masks obtained with “fair” classifiers is not significantly better than the baseline, a
significant improvement in recognition accuracy is obtainable when cheating classifiers are used to obtain
the masks. This is, in fact, the first time that any consistent improvement has been obtained on speech cor-

rupted with music.

We note here that although we refer to the case where the classifigrhas knowledge of the global
SNR of the speech being recognized as a “cheating” classifier, this may be a misnomer. It is relatively easy
to estimate the global SNR of speech corrupted by white noise to within a few dB of the true SNR [Hirsch
1995]. Thus it is quite possible to perform the classification in two steps, the first identifying the global

SNR of the speech, and the second using the appropriate classifier for the mask estimation.

A more serious problem is the assumption that the kind of noise corrupting the speech signal is known
a priori. Implicit in this assumption is the assumption that the kind of noise corrupting the speech that is
used to train the classifier is identical to the kind found in the test data. While this is possible for many
commonplace noises, such as car noise, or even factory floor noise, the sheer variety of sounds in music
makes it highly unlikely that the precise type of musical sounds used to train the classifier will also be

found in the test utterance.

However, many possible solutions suggest themselves to this problem such as adapting the classifier to
the kind of sounds found in the test utterances. In the following, concluding, chapter of this thesis, we dis-

cuss them among several other issues.
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Chapter 9
Summary and Conclusions

9.1 Summary of major results and contributions

In this thesis we have tried to improve recognition accuracy of noisy speech by developing data com-
pensation techniques based on the missing-feature paradigm. In the missing-feature paradigm noisy
regions of spectrograms are identified and deleted to minimize the effect of corrupting noise, resulting in
incompl ete spectrograms with missing regions. Recognition is performed based on the information in the

incompl ete spectrograms.

Conventional missing-feature methods modify the recognizer to perform recognition with the incom-
plete spectrograms. The missing regions are not reconstructed. Instead, the manner in which the a posteri-
ori likelihoods of sound classes is computed is modified. While this is theoretically optimal, it introduces
the constraint that recognition has to be performed using the spectrogram itself. It is well known that
speech recognition accuracy is much higher when performed with features such as cepstra which are com-
puted from spectrograms by various transformations. As a result, while conventional missing-feature
methods result in recognition performance that is fairly robust to corruption by noise, the best recognition
performance obtained when using these methods (which is the recognition performance obtained with
spectrograms of clean speech) is frequently inferior to the recognition accuracy obtained with the cepstra

of noisy speech.

What is unique about the work in this thesisis that we reconstruct the missing portions of the spectro-
gram to get complete spectrograms, so that cepstral (or related) features can be derived from them. The
recognition performance obtained using this approach is superior to that obtained using conventional meth-

ods. To the best of our knowledge, this approach has not been tried prior to thisthesis.

There are several other advantages to this approach. The reconstruction methods we propose are based
on very simple statistical models of the distribution of spectrograms and are computationally much smpler
than the best current techniques. Also, the recognizer need not be modified in any manner since the entire
noise compensation procedure including the identification of noisy regions of spectrograms, reconstruction

of the regions, and derivation of featuresis done independently of the recognizer.
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We propose several spectrogram reconstruction methods and focus on the two most effective ones,
cluster marginal reconstruction and covariance joint reconstruction. The proposed spectrogram recon-
struction methods in this thesis were found to be extremely effective at compensating for additive white
noise. The recognition performance obtained was significantly superior to the performance obtained with
our previous best algorithm, VTS. On non-stationary noise it was found that the techniques devel oped
could be very successfully applied, provided the spectrographic masks identifying the noisy regions of the
spectrograms could be accurately estimated. Thus, the problem of compensating for non-stationary noises
has been reduced to one of reliably estimating spectrographic masks. While the problem of estimating
spectrographic masks has not been completely solved for the case of non-stationary noises, it has been
shown that classifier-based estimation of spectrographic masks is a viable approach to solving this prob-

lem.

The missing-feature-based noise compensation methods developed in this thesis are the best data-com-
pensation solutions to compensating for white noise developed to date. They are also a partia solution to
the problem of compensating for non-stationary noises, reducing the problem to one of reliably identifying
spectrographic masks. The problem of estimating masks is one of estimating very crude, binary informa-
tion regarding the degree of corruption in the various elements of the spectrogram, and may be much more
tractable than the problem of actually tracking the spectrum of the noise. We therefore consider the meth-
ods developed in this thesis to be a first serious step towards compensating for non-stationary noises as

well.

The compl ete noise compensation procedure consists of two steps:
1) Identification and deletion of the noisy regions of the spectrograms
2) Reconstruction of the deleted regions

The following sections describe our findings on these issues in reverse order.

9.2 Reconstruction of missing regions

A spectrogram can be visualized as a surface on atwo dimensional support, where the two dimensions
are time and frequency. Incomplete spectrograms are surfaces where some regions of the surface are miss-
ing. When the missing elements of the spectrogram are randomly distributed it was found that they could

be effectively reconsgtructed by simple geometrical methods such as linear and non-linear interpolation. In
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this situation it was found that linear interpolation was generally more effective than non-linear interpola-
tion. Also interpolation along the time axis was much more effective than interpolation along the fre-

guency axis.

Much better reconstruction was obtained when the missing regions were reconstructed on the basis of
the statistical properties of the elements of spectrograms of clean speech. The cluster-based reconstruction
methods proposed in this thesis assume that spectral vectors are segregated into a number of clusters, each
of which has a Gaussian distribution. The resulting mixture Gaussian distribution is used to reconstruct the
missing regions of spectral vectors. These methods only use the statistical correlations among different ele-
ments of a spectral vector (i.e. correlations across frequency) to reconstruct the missing components of the
vector. Covariance-based reconstruction methods, on the other hand, model the sequence of spectral vec-
tors in the spectrogram as the output of a WSS random process and use the statistical parameters of this
process to reconstruct missing regions of the spectrograms. These methods use pairwise statistical correla-
tions among al elements of the spectrogram (i.e. correlations both across frequency and across time) to
reconstruct missing regions. It was found that covariance-based methods resulted in superior reconstruc-

tion compared to cluster-based methods when random elements of the spectrogram were missing.

When the missing regions of the spectrogram are induced by corrupting noise they do not occur at ran-
dom locations. Instead, they occur in blocks and are related both to the spectrum of the corrupting noise
causing the deletions and to the spectrum of the underlying speech itself. In this situation it was found that
geometrical reconstruction techniques, or any methods that involved reconstruction based only on the
geometry of the spectrogram, were completely ineffective. Recognition accuracies obtained with cepstra
derived from spectrograms where noisy regions were deleted and reconstructed by geometrical methods
were comparabl e to those obtained with cepstra derived from the noisy spectrogram itself. However recon-
struction based on the statistical properties of the spectrogram was more effective. In particular, recogni-
tion accuracies obtained with cepstra derived from spectrograms reconstructed by covariance-based
reconstruction methods were seen to be significantly superior to the baseline accuracy obtained using the
cepstra of noisy speech. For cluster-based reconstruction, it was found that modeling the distribution of
spectral vectors by a single cluster resulted in comparable or better recognition accuracies than modeling

the distribution by a number of clusters.

When speech is corrupted by additive noise the observed value of any element of the spectrogram is the
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upper bound on the true value of that element since the spectrogram now represents the sum of the energies
in the speech and the noise. Therefore, while it is still appropriate to delete the noisy regions of spectro-
grams, the observed value of these regions are an upper bound on their true value and can be used to condi-
tion the estimates of the missing regions. It was found that when the estimates of missing regions were
conditioned by these upper bounds, they were far superior to those obtained when bounds were not used. In
particular, it was found that recognition accuracies obtained when reconstruction was performed with the
best cluster-based reconstruction method, cluster marginal reconstruction, recognition accuracies on
speech corrupted to 10 dB by noise were comparable to the accuracy obtained on clean speech, provided
the spectrographic masks identifying the noisy regions of the spectrogram to be deleted were accurately

known.

Another factor affecting reconstruction isthe fact that even the regions of the spectrogram that have not
been deleted are affected by noise. It was found that reducing the noise level in these elements by spectral

subtraction prior to reconstruction improved reconstruction still further.

9.2.1 Discussion

Analysis of the covariance between the different elements of the spectrogram shows that covariance
across frequency is greater than covariance across time. However, due to the finite length of the spectral
vectors (only 20 elements in our experiments), the number of neighboring elements available to recon-
struct any point is much more restricted when reconstruction is based only on elements within the same
vector, than when it is based on elements of different vectors. As aresult, linear interpolation aong time

results in better reconstruction than interpolation along frequency.

Geometrical reconstruction methods base the reconstruction of missing regions only on the regions that
are present in the spectrogram. Since these regions have also been corrupted by noise, even in the best
case, the reconstructed regions would be at least as noisy as the remaining regions. Additionally, when
blocks of elements are missing, simple interpolation-based reconstruction completely ignores the expected

nature of speech spectrograms and the correlations between their elements.

Among statistical reconstruction methods, covariance-based reconstruction methods use the covari-

ances both across time and across frequency to perform reconstruction. Cluster-based methods base the
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reconstruction only on covariances between different elements of the same vector. As aresult, covariance
based techniques are able to identify many more observed elements in the spectrogram to base the recon-
struction on and their performance is consequently better than that of cluster-based reconstruction when
the bounds on the values of the missing regions are not considered. Among cluster-based reconstruction
methods, it was found that increasing the number of clusters does not improve reconstruction in any man-
ner. This seems to indicate that the globa distribution of spectral vectors is as well modeled by a single

Gaussian as it is by amixture of Gaussians, for the purpose of reconstruction.

When the observed value of noisy regions is used as an upper bound in the estimation the performance
of multiple cluster based reconstruction improves dramatically. The bounding information improves the
accuracy of identification of the cluster that any vector belongs to, thereby localizing the region in which
the reconstructed vectors can lie very effectively. The identification of clustersis treated as a classification
problem. The bounding information is seen to improve the accuracy of classification much more greatly
than it does the accuracy of the reconstruction, given the distribution of the complete vector. As a result,
the improvement in multiple-cluster-based methods is much greater than that of single-cluster-based recon-

struction or covariance-based reconstruction.

9.2.2 Relative merits of the reconstruction techniques

Cluster-based reconstruction techniques are seen to be superior to covariance-based reconstruction
when the upper bounds on the values of the missing regions are known. However covariance-based recon-
struction methods still hold some advantages. First, they are seen to be the superior reconstruction method
when no information about the missing regions is available (i.e. no bounding information is available).
Second, they are far less computationally expensive than cluster-based methods. Thus they would be the

methods of preference where computational expenseis an issue.

9.3 Identification and deletion of the noisy regions of the spectrograms

Accurate identification of noisy regions of spectrograms, or the spectrographic masks, is crucia for
missing-feature based noise compensation methods to be effective. We have shown that if spectrographic
masks can be accurately identified spectrogram reconstruction methods can be used to compensate very

well for fairly high levels of noise. However, errors in the estimation of the masks can cause the perfor-
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mance of these methods to degrade quickly.

Conventional methods use spectral -subtraction-based running estimates of the noise spectrum to iden-
tify noisy regions of the spectrogram. We have evaluated three methods of estimating masks: spectral-sub-
traction-based mask estimation, VTS-based mask estimation, and classifier-based mask estimation. Of the
three, spectral-subtraction-based mask estimation is similar to the procedure used in conventional methods.
VTS-based estimation and classifier-based estimation are new techniques that have been introduced in this

thesis.

It was found that all three methods were effective in estimating masks for speech corrupted by white
noise. The best performance was obtained using VTS-based mask estimation. The combination of VTS-
based mask estimation and the best cluster-based reconstruction method resulted in the best recognition

accuracies obtained with any data compensation method to date.

None of the mask estimation methods were effective on speech corrupted by music. However, it was
found that if the type of music corrupting the speech and the global SNR of the corrupted speech were
known a priori, good estimates of the masks were obtained with classifier-based estimation, and signifi-
cant improvements could be seen in recognition accuracy. Similar results have been reported by Seltzer

[Seltzer 2000].

Discussion

Estimation of the spectrum of a random process is a difficult task. It is necessary to have a sufficiently
long sample of the process to obtain reliable estimates. It isimportant that the spectrum of the noise does
not vary much within this segment. Spectral subtraction, VTS, and other methods of estimating the spectra
therefore work best when the noise spectrum is stationary or slowly varying. They are very effective when
the corrupting noise is white. It can be expected that these methods will be equally effective on other
slowly varying or stationary noise. However, when the spectrum being tracked is that of a non-stationary
signals such as music, the estimates of the spectrum are very poor, or completely wrong. As aresult spec-

trographic masks estimated using such estimates are very poor.

Classifier-based mask estimation, on the other hand, does not attempt to estimate the noise spectrum.
However, the features being used for the classification are sensitive to the global SNR of the speech. As a

result, classifier-based estimation is effective only when the global SNR is known a priori.
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9.4 Topicsfor further investigation

The methods presented in this thesis have been very successful at compensating for noise when spectro-
graphic masks can be reliably found. When the corrupting noise is white, the masks can be very well esti-
mated by VTS-based estimation. VTS-based mask estimation is dependent on the estimate of the noise
spectrum obtained by VTS. It is known that VTS is quite successful at estimating noise spectra when the
noise is slowly varying or stationary [Kim 1998]. VT S-based estimation of spectrographic masks will gen-
erally perform reliably when the corrupting noiseis slowly varying or stationary. We expect, therefore, that
the methods presented in thisthesiswill, in general, result in significant improvements in recognition accu-

racy on speech corrupted by stationary or slowly varying noises.

However, VTS-based estimation of masks, as presented in this thesis, uses a single estimate for the
noise spectrum for the entire utterance. This estimate can be significantly improved by permitting the esti-
mate to vary from frame to frame. There are two possible ways of doing this.

1) Estimate the noise spectrum in a diding window of the speech

2) UseaKalman filter formulation of VTS to recursively estimate the noise in each incoming frame for
Speech

In the first approach the estimate of the noise spectrum within any frame of speech would be obtained

based on a small segment of speech, say 1 second long, centered at that frame. It is expected that such an

estimator would be able to track the spectrum of slowly varying noises better than the direct formulation of

VTS used in this thess.

In the second approach an a priori distribution of the noise spectrum would be assumed and recursively
updated based on every incoming spectral vector of noisy speech. It has been shown that this method of
estimating the noise spectrum is significantly superior to the standard VTS formulation at tracking time-

varying noises [Kim 1998].

Classifier-based estimation of spectral masks has been seen to be quite effective for white noise. It has
also been observed to be effective when the global SNR and type of corrupting noise are assumed to be
known a priori. Both these requirements, however, may be unrealistic. Several possibilities present them-
selves to improve the performance of classifier based systems.

1) Use features that are based specifically on the characteristics of speech, rather than the nature of the
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noise, for classification

2) Adapt the classifier in an unsupervised manner

3) Correlate the classification decisions regarding the elements of the spectrogram

In the first approach we would use computable features of the speech waveform that are known to be
corrupted by noise. For example, for voiced speech theratio of the energy in the harmonics of the pitch fre-
guency to that at other frequencies, within any band of frequencies, is high for clean speech, and lower at
other frequencies [Morgan 1997]. However, when speech is corrupted by noise, this ratio would change.
Other features that suggest themselves are the average spectral tilt within any frequency band, the phase
characteristics of speech spectra, etc. These featuresare likely to be more invariant to the kind of noise cor-
rupting the speech than the simple power spectral values and their derivatives used in thisthesis. Promising

results using this approach have been reported by Seltzer [Seltzer 2000].

In the second approach the distributions of the classes would be adapted to the noisy datain an unsuper-
vised manner. Adaptation methods such as MAP [Duda 1973] or MLLR [Leggetter 1994] could be used to
adapt the distributions. Classification would be done with the adapted distributions. This method would be
expected to result in better masks than classification without adaptation would, provided the baseline clas-
sifier isreasonably correct. Also, adaptation could be used even when speech-specific features are used for

classification.

In the third approach we would take advantage of the fact that when speech is corrupted by noise, the
noisy regions of the spectrogram occur in blocks. Thus, the fact that any particular element is noisy imme-
diately raises the probability that the elements surrounding it are noisy (and to be deleted) too. This corre-
lation could be captured by statistical models such as Markov fields. Use of these models can be combined

with adaptation and speech specific features.

Another approach that could be used to estimate spectrographic masks would be to treat noisy regions
of spectrograms as outliers in an otherwise normal distribution and use outlier identification techniques,
such as those described in [Tukey 1977], to identify them. This method would be useful for speech cor-

rupted by sharp or transient noises such as door slams and phonerings,

Although the reconstruction obtained using the methods developed in this thesis is extremely good, it

can be improved further. Cluster-based reconstruction techniques model the sequence of spectral vectorsin
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the spectrogram as the output of an 11D process. The distribution of the vectors is modeled simply as a
Gaussian mixture distribution. No information regarding the sequentiality of the vectors is retained. A
superior cluster-based representation would be to model the sequence of spectral vectors as the output of
an HMM. Thisisjust a smple extension of the cluster-based model, where the a priori probability of the
various clusters is made dependent on which cluster the previous vector belonged to. However, the intro-
duction of this smple probability enforces tempora constraints on the model and would be expected to

improve cluster identification and reconstruction significantly.

An even better model would be to model the sequence of vectors as the output of ahigher order HMM.
In ahigher order HMM of order N the a priori probability of any cluster is made conditional to the cluster

that the previous N vectors belonged to. As aresult, amuch greater constraint is placed on the sequential-
ity of the vector. One serious disadvantage with higher order HMMs is the exponential increase in the
number of parameters need for the model with increasing N. The estimates obtained for the parameters,
with any amount of finite data, would be very poor. Also, the reconstruction would become extremely
expensive computationally. A simple, and intuitively appealing solution to this problem is to use what we
term atree-structured higher order HMM. In a standard higher order HMM the clusters that any of the past
vectors can belong to are assumed to be identical to the clusters that could be associated with the current
vector. In a tree-structured HMM the number of clusters modeling past vectors would be fewer than the

clusters modeling the current vector. Figure 9.1 represents such amodel schematically.

t©—3©©© O > ?@

Figure 9.1 The pandl to the left represents the manner in which data is modeled in a standard 3rd order HMM. The
same 6 clusters covers the space at every time instant. The right panel shows data modeling in a tree-structured
HMM. A smaller numbers of clusters are used to represent the distribution of data that occurs further back in time.

This model has the intuitive appeal that while the distribution of data at any instant is dependent on the
distribution of data occurring in the past, it is less and less dependent on the precise location of the past

data points as they get further away from the current data point. Additionally, the total number of parame-
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ters needed in such amodel would be much fewer than a standard higher-order HMM and would therefore
be much better estimated. Reconstruction would simply proceed by identifying the cluster that the current
vector belongs to, and reconstructing the missing portions of the vector based on the distribution of that

cluster.

Covariance-based reconstruction was seen to be superior to cluster-based reconstruction both when ran-
dom elements of the spectrogram were deleted, and when the bounds implied by the observed values of
noisy elements were not considered. However, once the bounds were considered it was found to be much
better to use multiple-cluster-based reconstruction. The application of the bounds improved the accuracy of
cluster identification greatly, resulting in this improved performance. Similar improvement could be
expected from covariance-based reconstruction if the spectral vectors in the spectrogram were assumed to
be generated by one of a number of WSS random processes. Reconstruction would then consist of identify-
ing which processes generated what vector and using the parameters of that process, as well as the cross-
covariance between that process and the processes that generated adjacent vectors, to reconstruct the com-
plete vector. This model would be fairly complex and, possibly, computationally expensive. A simpler
model might be to model the distributions of short sequences of vectors (say 5-10 vectors) using a cluster-
based representation. Reconstruction would proceed as in the case of cluster-based reconstruction - the
cluster that any sequence of vectors belongs to would be identified, and the distribution of that cluster

would be used to reconstruct the missing components of the central vector in the sequence.

9.5 Some remaining questions

While we have shown that the methods in this thesis are very effective on speech corrupted by white
noise, and expect that they will perform equally well with other slowly varying noises, the only situation
where they have been tested is when the recognition system itself has been trained with clean speech. This
is not such a serious problem as long as the noise remains additive. Experiments show that the recognition
accuracies obtained when the best cluster-based reconstruction technique is used with the true (oracle)
spectrographic masksfor the utterances, the recognition accuracy obtained on speech corrupted by noiseto
5 dB SNR is comparable to the accuracy obtained when the recognizer istrained with speech at 5 dB SNR.
In other words, the recognition accuracy obtained with 5 dB speech on the clean speech recognizer after

missing-feature based compensation is applied is comparable with the recognition accuracy obtained with
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a matched recognizer where system has been trained to recognize 5 dB speech. Previous experience with
other data compensation algorithms indicates that if the missing-feature-based compensation were to be
applied to both the data used to train the recognizer and the data being recognized, even better performance

may be achieved.

However, in al of this, it has been assumed that the noise is additive, and that a clean uncorrupted cor-
pus of speech exists such that the noisy speech could be model ed as speech from this corpus to which noise
has been added. The statistical properties of this clean corpus have been used for the compensation. The
guestion that arises is: what happens when such a clean corpus is not available. In such a situation, both
VTS-based spectrographic mask estimation, and cluster or covariance-based reconstruction cannot be per-

formed as described in this thesis. We have not worked out a satisfactory solution to this problem yet.

Another question that remains unanswered in al the experiments reported in this thesisis the effect of
linear filtering on the reconstruction. It has been assumed everywhere that the speech has been corrupted
solely by additive noise. However, when speech is recorded using arbitrary microphonesthe filter response
of the microphone and the recording environment affect the speech as well. In such a situation the proce-
dure that estimates spectrographic masks would have to estimate the |og-spectrum of the impulse response
of the filter as well. The filter response would then have to be subtracted out of the log-spectral values
before reconstruction is performed. Since VTS has been shown in other work to be extremely effective at
estimating these filter characteristics, we hypothesize that the performance of the reconstruction tech-

nigues would not be affected greatly by linear filtering. However, this hypothesis remains to be tested.

Finally the effect of non-linear phenomena such as non-linear filtering or clipping cannot be modeled as
additive noise. In such a case, while the entire concept of reconstructing the badly damaged regions of the
spectrogram remains valid, the precise manner in which bounding or other information is extracted from
the observed values of the spectrogram would depend on the non-linear phenomenon affecting the speech.

We have not investigated the effect of any non-linear phenomena on our methods.

9.6 Futuredirections

This thesis has presented a set of data-compensation methods based on the missing-feature paradigm

that are seen to be very effective on speech corrupted by dowly varying noises. However, for any noise
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compensation solution based on the methods described in this thesis to be complete some of the questions
mentioned in this chapter would have to be answered. The primary question is the effect of not having a

corpus of clean speech to begin with. Since the best current sgeegmition systems rely on “multi-

style” training, where the system is trained with speech recorded under various conditions, this is fre-
guently the case. It may be possible to obtain the distributions of the spectrograms of clean speech from the
clean regions of the spectrograms of the multi-style training data. However, for this to be possible, it is
important to be able to identify these regions of these spectrograms first. Thus, the primary focus of any

future work would have to be on improving the estimation of spectrographic masks under these conditions.

Even if the spectrographic masks were perfectly identified, the statistical properties of the spectrograms
of clean speech would have to be estimated from these incomplete spectrogram. There has been significant
work in the fields of statistical analysis on estimating the statistical properties of incomplete data [Ghahra-
mani 1994][Little 1987]. However, these methods would have to be adapted to work on spectrographic
data, to develop the kind of statistical models used withett@nstruction techniques. This would have to

be a part of any future work.

Finally, there may be situations where it may be required to perform recognition using log spectra. In
such a situation, better recognition accuracies may be obtained using missing feature methods if the recog-
nizer itself were trained using incomplete spectrograms of noisy speech. The mathematics for this are
readily available [Ghahramani 1994]. However, the actual implementation of such a solution still remains

to be done.
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Appendix A
Derivation of selected statistical relationships

A.1 Mean Squared Error (MSE) of an MAP estimate

In this section we derive the formulafor the mean squared error of the MAP estimate of a Gaussian ran-

dom vector.
Let X, and X, be jointly Gaussian vectors. Let [, and ©,,,, be the mean vector and covariance
matrix respectively of X,,. Let [, and O, be the mean vector and covariance matrix of X . Let O,

be the cross-covariance between X,,, and X, . The conditional distribution of X, is seen to be a Gaussian

of the form (Section 2.5.4)

— T — -1
P(Xm‘xo) = CeXp(_O-S(Xm_ }J.m—@mo@ 100(Xo_ UO)) (emm_emo@oi@om) (All)
(Xin = M ©1e® 00(Xo = o))

The MAP estimate of X, conditioned on X, isgiven by

A

Xm = argmaxy { P(Xm‘xo)} (ALl.2)
which gives us

A

Xm = p.m + @mo@_loo(Xo — p‘O) (A1.3)

i.e. the MAP estimate of X, issimply the expected value of X,,,.i.e. Xm = E[X].
The MSE of the MAP estimate is defined as

MSE(Xm) = E[trace((Xpy—Xm)(Xp—Xm) )| X]
(AL.4)

MSE(;(m) = trace(E[ (X, — >A<m)(Xm - ;(m)T‘ Xol)

9 - T
However, E[(X,,—Xm)(X,—Xm) [X,] is simply the variance of P(Xm‘Xo) and is seen from

Equation (A1.1) to be O, — O O;:;Oom . We therefore get
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MSE(Xm) = trace(@mm—emoegieom) (A15)

1

MSE(;(m) = trace(O,,) —trace(0,,,9,:9om) (AL1.6)

A.2 M SE increases as length(S,,) increases

In this section we show that the mean squared error of the MAP estimate of the missing components of

a Gaussian random vector increases as the number of missing components increases.

Consider two incomplete observations X; and X, of a Gaussian random vector X. X, isidentical to
X1, except that it has one more component missing than X . Let the vector of observed components of
X1 be Xy 4, and the vector of missing componentsin X; be X; ,. Similarly, let the observed and miss-
ing components of X, be X, , and X, , respectively. Since X, has one more component missing than

X1, wewould have

XZm:[XLmXJ

(A2.1)
X1,0 = [Xg 00 Xa]
where X, isthe component that is additionally missing in X, .
The a pogteriori distributions of X; , and X, ,, would be given by
P(Xz, m|X2,0) = P(X1 m Xa|X2,0) (A2.2)
P(X1,m|X1,0) = P(Xy, m|Xa X2,0) (A2.3)

and would both be Gaussian. P(X; |X5 ,) and P(X_|X, ,) would also be Gaussian [Papoulis 1991].
1, m”20 al|”r2,0

Let Oy be the variance of P(Xy 1, Xg| X3, ) - The MSE of the MAP estimate of X , is then

trace(O o) -

Let © be the variance of P(X; [X,, X, ). Let 6mm1 be the variance of P(X; [X5 ). Let
mml 1L, ma 12,0 1, m“2,0

0,4 be the variance of P(X;|X; ). Let Oy be the cross covariance between X, and X, condi-
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tioned on X, . Then it can be shown (Section A.1) that
A -1 T _ 3 -1 T
@mml — @mml - @maleaaemal - @mml - eaa@malemal (A24)
since B, isthe variance of asingle component and is therefore simply a positive number.
The M SE of the MAP estimation of Xl, m isthetrace of ©,,,1 - We get from Equation (A2.4) that

trace(®, 1) = trace(émml)—egitrace(emalelqal) (A2.5)

Itiseasy to see that trace(@malO;al) has to be a positive number. Therefore

e;itrace(emalelqal) >0 (A2.6)

It isalso easy to see (Section A.1) that trace(O, ) = trace(émml) +0,,.ie
trace(O,p) 2 trace(émml) (A2.7)
Combining Equations (A2.5) and (A2.7), we get
trace(©,,n1) < trace(®,mz) — e;itrace(emalelqal) (A2.8)

Combining Equations (A2.7) and (A2.8) we get

trace(©,,mp) = trace(©,,,1) (A2.9)

In other words, the MSE of estimation of X, | islessthan the MSE of estimation of X, . Itiseasy

to extend the above logic to show that in general the MSE of estimation is greater for the vector with the

greater number of components missing.
A.3 Average distanceto closest element in an incomplete spectrogram with
random elements missing, as a function of the drop fraction

In this section we derive the formula for the average distance between any point in a sequence, where

random elements have been deleted, and the closest observed point as a function of the drop fraction.

Consider an infinite two-sided sequence where elements are missing with adrop fraction be a . In order



Appendix A. Derivation of selected statistical relationships 186

for the nearest neighbor to any element in this sequence to be n points away, it is necessary that then — 1
intervening points on either side of the present point are all missing, and that at |east one of the two points

N locations away from the current point is present. The probability that the n—1 points immediately on
either side of the current point are all missing is a?"=D  The probability that at least one of the two

points N locations away from the current point is presentis 1 —a 2. Thus, the probability that the nearest

point to the current point is N locations away is given by

P(n) = (1-ada " (A3.1)

The expected distance of the nearest point to the current point is then given by

[ee)

2(n-1
E[n] = Z n(l—az)a (- (A3.2)
n=1
Itiseasy to show that since a < 1
Z na2(l’l—1) - ;22 (A33)
n=1 (1—CX )

Combining Equations (A3.2) and (A3.3) we get

E[n] = (A3.4)

1-0a?

For finitely long sequences the expected distance of the closest point would be somewhat larger than
that given in Equation (A3.4) and would depend on the distance of the boundaries of the sequence from the

point in consideration.

A.4 M SE of MAP estimates increases with decreasing covariance between the

estimated and conditioning variables

In this section we show that the mean squared error of the MAP estimate of a Gaussian random vector
increases as the cross covariance between the elements of the vector and the conditioning variables

decreases.
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Consider two jointly Gaussian vectors X,,, and X, . The MSE of the MAP estimate of X ,, isgiven by

MSE(X,,) = trace(©,,) —trace(@moegieom) (A4.1)

where O, isthe covariance matrix of X, ©,, isthe covariance matrix of X, , and ©,,, isthe cross
covariance between X, and X .

egi, has the same properties as ©,, i.e. it is symmetric and positive definite. We can therefore con-

struct arandom vector Y, such that E[YY'] = Og:;. We can now write

trace(0,,,05e@om) = trace(®,,E[YY'10,,) = trace(E[®,,YY ®y]) (A4.2)
Defining
Z = QY (A4.3)
we get
trace(@moegieom) = trace(E[ZZT]) (A4.4)

If we represent the i " element in the j ™ row of Omo @ 6 j, then it is easy to see from Equation

Z| decreases, and consequently, trace(E[ZZT]) decreases. Thus, asthe

(A4.3) that as ‘Gi, j‘ decreases,

values of ‘ Gi, il the magnitudes of the covariances between the components of X, and the components of

-1

X, decrease, trace(@moOg:;Oom) decreases, and trace(0,,,,) —trace(©,,,0,,Qom) increases.

Therefore, from Equation , as the covariance between the components of X, and X, decreases, the

MSE of the MAP estimate of X, increases.
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Appendix B
|terative procedure for joint bounded M AP estimation
The problem of joint bounded MAP estimation isthat of finding aset of values y1, Y, ..., Yi such that
YL Y2 o Yk = AGMAXy, y  IP(YL Yo o Vi|Y2 S Yo, Yo S Yo o kS V)P (BOD)
We derive an iterative solution for this estimate in this appendix.

Let y?, yg, yE be the estimate obtained after the n'" iteration of this procedure. If the n + 1™ esti-

mate of Yy, is obtained as

n+1

Vi't = argmax, {P(ys, Y5, - VR|Y1 S V2. Y2 S Yo oo, Vi S Vi) (B0.2)

then it is easy to seethat

POA LYo o YRV S Y0 Yo S Vo, oo VS V) 2 POV YA, oo YRIYE S Y1 Yo S Yo oo, Y S V)

Using Bayes’ rule and eliminating all irrelevant terms, it can be shown that Equation (B0.2) can be restated

as
1
yi o = argmaxy { P(y1|y1< Y1, Yz o YO} (B0.3)
which is simply the bounded MAP estimateygf conditione@/g;n.., yE . Using similar logic, it can

be shown that if the + 1" estimate oly; is obtained as

y) "t = argmax, {P(Y|y1 LY T Y Y S Y Y e YO (80.4)
then
PO L ye ey ,yj+1,- YRYLS Ve Yo S Yo S YY) (80.5)
> P Ly Y Y Y e VYL S YL Y2 € Yo e WS V)
In other words, if we were to begin with some set of initial estimy&ey%, y& , and firmd+HE"

estimate of eacly; as the bounded MAP estimate of the that component as given by Equation (B0.4), each
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step in theiteration would resultin anincrease in P(yq, Yo, -, Yii|Y1 S Y, Y2 < Yo, oo, Vi S Yy) -

When P(yy, Y, ..., i) is Gaussian, P(Yy, Yo, . Vi Y1 S Y1, Y2 Yo, .o, VS YY) has only one

peak. Thus, the iterative solution given by Equation (B0.4) is guaranteed to find this peak, which is the

unigue solution to Equation (BO.1).

Therefore, the iterative solution to the joint bounded MAP estimation of a set of jointly Gaussian vari-
ables yq,Y,, ..., Y conditioned on the bound y; < Y, Yo <Y, ..., Y < Y| isgiven by the following
procedure:

1) Initidlize al the y, valuesasy: = Y,

2) Obtainthe n + 1™ estimate of y; as

n+1 n+l1 n+1 n+1

y| " = argmax, {P(Y|y1 2 Y2 e Yo Y S Y Ve n e YD

3) Iterate until P(Yq, Yo, -, Yi| Y1 S Y1, Y2 < Yo .., Vi S Yy) converges,
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