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tAutomati
 spee
h re
ognition (ASR) in multiparty meetings presentsa number of 
hallenges owing to the 
omplexity of the domain. Thepresent resear
h paradigm involves two major subtasks based on thesensors used for audio data 
olle
tion: Individual mi
rophones wornby the meeting parti
ipants and distant mi
rophones pla
ed in vary-ing lo
ations within the meeting room. In the 
ase of the individualmi
rophones, 
rosstalk spee
h is often the primary sour
e of errors,making the segmentation of lo
al spee
h of 
riti
al importan
e. I pro-pose investigating the e�e
tiveness of various features for an HMMbased segmenter in terms of lo
al spee
h dete
tion (diarization errorrate) and ASR performan
e (word error rate). The 
andidate featureswill mainly 
ome from the set of 
ross-
hannel features, as they willlikely introdu
e more robustness to 
rosstalk. For the distant mi
ro-phones, it is overlapped spee
h that generates a signi�
ant numberof re
ognition errors. Here, too, I propose as a �rst step using anHMM segmentation s
heme for dete
tion. The fo
us again will be onanalyzing the e�e
tiveness of 
andidate features in yielding high per-forman
e (in terms of diarization error rate) for the dete
tion task. Asa se
ond step, I intend to investigate the ability of two spee
h separa-tion te
hniques|harmoni
 enhan
ement and suppression and adaptivede
orrelation �ltering|to improve re
ognition word error rate.1
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1 Introdu
tionIn this se
tion I provide a brief overview of the task of automati
 spee
hre
ognition (ASR) in multiparty meetings, whi
h is the area of interest formy proposed work. I give motivation through a dis
ussion of the phenomenaof 
rosstalk and overlapped spee
h whi
h arise in the meetings domain andthen des
ribe the intended s
ope of the proje
t. The s
ope, 
onsisting ofthree main parts, outlines the subsequent se
tions of the proposal as well.1.1 Automati
 spee
h re
ognition in multiparty meetingsPerhaps more than any other domain, multiparty meetings represents a ri
hsour
e of 
ontent for spoken language resear
h and te
hnology. From meet-ing data one 
an obtain ri
h trans
ription (trans
ription in
luding pun
tu-ation, 
apitalization, and speaker labels), perform trans
ript indexing andsummarization, do ma
hine translation, or 
arry out high-level languageand behavioral analysis with the assistan
e of dialog a
t annotation. Mostof these pro
edures, however, rely on high quality automati
 spee
h re
og-nition (ASR) trans
ripts, and as su
h ASR in meetings is an important anda
tive area of investigation.In most typi
al set-ups, meeting ASR|also referred to as spee
h-to-text(STT) trans
ription|utilizes audio data obtained from various sensors lo-
ated within the meeting room. The most 
ommon types are given below:� Individual Headset Mi
rophoneThe individual headset mi
rophone (IHM) is a head-mounted mi
ro-phone positioned very 
lose to the parti
ipant's mouth. The mi
ro-phone is usually a 
ardioid or super-
ardioid mi
rophone and has thebest quality signal for ea
h speaker.� Lapel Mi
rophoneThe lapel mi
rophone (LM) is another type of individual mi
rophone,but is pla
ed on the parti
ipant's 
lothing. The mi
rophone is gener-ally omni-dire
tional or 
ardioid and is more sus
eptible to interferingspee
h from other parti
ipants.� Tabletop Mi
rophoneThe tabletop mi
rophone is typi
ally an omni-dire
tional pressure-zone mi
rophone (also 
alled boundary mi
rophone) and is pla
ed be-tween parti
ipants on a table or other 
at surfa
e. The number and1



pla
ement of su
h mi
rophones varies based on table geometry andthe lo
ation and number of parti
ipants.� Linear Mi
rophone ArrayThe linear mi
rophone array (LMA) is a 
olle
tion of omni-dire
tionalmi
rophones with a �xed linear topology. Depending on the sophis-ti
ation of the setup, the array 
omposition 
an range from four tosixty-four mi
rophones. The array is usually pla
ed along the wallin a meeting room and enables the use of mi
rophone beamformingte
hniques to obtain high signal-to-noise ratio (SNR) signals for theparti
ipants from a distan
e.� Cir
ular Mi
rophone ArrayThe 
ir
ular mi
rophone array (CMA) 
ombines the 
entral lo
ation ofthe tabletop mi
rophone with the �xed topology of the LMA. It 
on-sists of typi
ally four or eight omni-dire
tional mi
rophones uniformlyspa
ed around a horizontally oriented 
ir
le a few in
hes above tablelevel. The array enables sour
e lo
alization and speaker tra
king.The �rst two types 
omprise the sensors for the near�eld or 
lose-talkingmi
rophone 
ondition and the last three the sensors for the far�eld or distantmi
rophone 
ondition.Re
ognition in the near�eld 
ondition is generally performed by de
odingea
h individual audio 
hannel separately. The audio signal is 
onvertedinto a sequen
e of feature ve
tors through a pro
ess referred to as featureextra
tion. This pro
edure seeks to yield a parametrization of the waveformthat is robust and that 
aptures as mu
h of the information ne
essary toperform re
ognition while dis
arding the remainder, su
h as noise. Su
hsequen
es of feature ve
tors are modeled a

ording to a hidden Markovmodel (HMM) with the hidden states 
orresponding to isolated phones orphones within a parti
ular 
ontext. The de
oding attempts to �nd the state(and, subsequently, word) sequen
e with the highest likelihood given thesequen
e of feature ve
tors. For the far�eld 
ondition, re
ognition is done inone of two ways. The data streams are 
ombined either at the signal level(e.g., through some type of mi
rophone beamforming) or at the re
ognitionhypothesis level. The latter 
onsists of generating hypotheses for individual
hannels and �nding the most probable word sequen
e a
ross all 
hannels.This method tends to be mu
h more 
omputationally intensive and is lessfrequently used in pra
ti
e. As is standard, the ASR performan
e measurefor meetings is the word error rate (WER). The WER is de�ned as the sum2



of all ASR output token errors divided by the number or s
oreable tokensin a referen
e trans
ription. The errors are of three types: missed tokens(deletions), inserted tokens (insertions), and in
orre
tly re
ognized tokens(substitutions).1.2 Crosstalk and overlapped spee
hAutomati
 spee
h re
ognition in these multiparty meetings presents somespe
i�
 
hallenges owing to the nature of the domain. The existen
e ofmultiple individuals speaking at various times leads to two phenomena inparti
ular: 
rosstalk and overlapped spee
h. Crosstalk is a phenomenonasso
iated only with the 
lose-talking mi
rophones and refers to the pres-en
e of spee
h on a 
hannel that does not originate from the parti
ipantwearing the mi
rophone. This spee
h is problemati
 be
ause it is assumedthat the spee
h 
oming from a given 
hannel is to be attributed to theheadset or lapel wearer for that 
hannel; words generated from re
ognitionof other parti
ipants' spee
h (non-lo
al spee
h) are regarded as errors|inthis 
ase most likely insertion errors|for the ASR performan
e evaluation.In [23℄, for example, WER di�ered by 75% relative between re
ognitionon segmented and unsegmented waveforms largely due to insertions from
rosstalk. Overlapped, or 
o-
hannel, spee
h refers to the 
ase when two ormore parti
ipants are speaking simultaneously. Though present in both thenear�eld and far�eld 
onditions, its presen
e is most pronoun
ed (and mostsevere) in the far�eld 
ase. Even in the near�eld 
ase, the e�e
ts of over-lapped spee
h 
an be quite signi�
ant. In a study 
ondu
ted by Shriberget al. [32℄, they demonstrated a 12% absolute di�eren
e between ASR per-forman
e on overlapped and non-overlapped spee
h segments in multipartymeetings.The issue of 
rosstalk 
an be addressed within the framework of spee
h a
tiv-ity dete
tion (SAD), a long-studied problem in spee
h pro
essing and an im-portant pre-pro
essing step for ASR. The spee
h a
tivity dete
tion task 
on-sists of identifying the regions of an audio signal whi
h 
ontain spee
h fromone or more speakers. This is in 
ontrast to regions of nonspee
h, whi
h 
om-monly in
ludes low-level ambient noise (\silen
e"), laughter, breath noise,and sounds from non-human sour
es. For the near�eld 
ondition, we addnon-lo
al spee
h (
rosstalk) to the list of \nonspee
h" phenomena. Thoughmany methods exist for determining these spee
h a
tivity regions, a 
om-mon one|and the one of interest for this work|is to segment the audiointo spee
h and nonspee
h regions using an HMM based segmenter. The3



segmenter, like an ASR system, operates using a parametrization of the au-dio signal into a sequen
e of feature ve
tors. The hidden states modeled here,though, 
orrespond to spee
h and nonspee
h. The de
oding pro
ess seeksto determine the highest likelihood sequen
e of these states, from whi
h aspee
h/nonspee
h segmentation 
an be derived. Be
ause of the a
ousti
 sim-ilarity between lo
al spee
h and 
rosstalk spee
h, the task of spee
h a
tivitydete
tion be
omes more 
hallenging. In parti
ular, the features typi
allyused in spee
h/nonspee
h segmentation (e.g., log-energy and Mel-frequen
y
epstral 
oeÆ
ients) are insuÆ
ient in many 
ases to produ
e segmentationsthat yield good ASR performan
e.To identify overlapped spee
h regions, a similar framework 
an be adopted.An HMM based segmenter 
an be used to dete
t not lo
al, but 
o-
hannelspee
h. Again the dete
tion task is 
ompli
ated by the a
ousti
 similarity be-tween single-speaker and overlapped spee
h, so the sele
tion of appropriatefeatures is an area of interest. Unlike with 
rosstalk, ex
luding overlappedspee
h from pro
essing by the re
ognizer is potentially a suboptimal ap-proa
h. Ideally, these segments would be pro
essed in a way that the spee
h
ould be more a

urately re
ognized. Indeed, humans are able to performsu
h a task, a phenomenon 
alled the 
o
ktail party e�e
t, without mu
h dif-�
ulty. Su
h pro
essing, referred to as sour
e or spee
h separation, has beenthe subje
t of mu
h study, but reported results in the literature typi
ally
ome from arti�
ial mixtures or very 
ontrolled environments (e.g., knownand stationary mi
rophone and speaker lo
ations) and fo
us on spee
h in-telligibility. It remains to be seen what performan
e improvements, if any,
an be obtained on a state-of-the art meeting re
ognition system.
1.3 S
ope of Proje
tThis proposed thesis work divides into three parts, ea
h in some way seekingto address the issues mentioned in the previous se
tion. The �rst dealswith spee
h a
tivity dete
tion for the near�eld 
ondition and relates to theproblem of 
rosstalk. The se
ond dis
usses overlap dete
tion for the far�eld
ondition and the third overlap spee
h pro
essing for this 
ondition. Theselast two parts together make up a proposed method for addressing this 
o-
hannel spee
h problem. 4



1.3.1 Part I: Spee
h a
tivity dete
tion for near�eld mi
rophonesFor this part of my thesis I propose investigating the e�e
tiveness of di�er-ent features for spee
h a
tivity dete
tion using an HMM based segmenter asdes
ribed in 1.2. Of parti
ular interest is the ability of the features to aid inthe ex
lusion of 
rosstalk spee
h from lo
al spee
h dete
tion. Performan
ewill be measured a

ording to two metri
s: diarization error rate (DER)|atime-based metri
|and word error rate|a token-based metri
. The base-line features to be used for 
omparison are the standard 
epstral features foran ASR system. Candidate features will derive mainly from 
ross-
hannelfeatures as both intuition and eviden
e [38, 37℄ suggest that they are bestsuited to address the 
ross-
hannel phenomenon of 
rosstalk.1.3.2 Part II: Overlap dete
tion for far�eld mi
rophonesI propose using here, too, an HMM based segmenter for spee
h dete
tion,though in this 
ase it is overlapped spee
h from far�eld mi
rophone 
hannels.Dete
tion of overlapped spee
h is the �rst step in mitigating the e�e
ts ofits presen
e on a meeting ASR system. I plan on analyzing di�erent featuresfor overlap dete
tion based on performan
e as measured using DER. Again,the standard 
epstral features will serve as baseline features. Single-
hannelrather than 
ross-
hannel features will dominate the pool of 
andidate fea-tures from whi
h I intend to draw. Many of these, too, will be related topit
h, whi
h will �gure importantly in one of the spee
h separation methodsI propose employing|harmoni
 enhan
ement and suppression|for spee
hseparation in part III.1.3.3 Part III: Overlap spee
h pro
essing for far�eld mi
rophonesDete
ting overlap, as was the fo
us of part II, only goes part of the waytowards solving the problem posed by this phenomenon. Ideally, the signalshould be pro
essed in su
h a way as to enable the re
ognition of spee
hfrom ea
h overlapped speaker. For this �nal part of my thesis I propose em-ploying two spee
h separation methods|harmoni
 enhan
ement and sup-pression and adaptive de
orrelation �ltering|to see what performan
e im-provements, if any, 
an be obtained on a state-of-the-art meeting re
ognitionsystem. As mentioned, experimental results in the literature typi
ally 
omefrom arti�
ial mixtures or very 
ontrolled environments and fo
us on spee
hintelligibility, making the question of how su
h re
ognition systems should5



address overlapped spee
h as yet not fully answered.2 Part I: Spee
h a
tivity dete
tion for near�eldmi
rophonesIn this se
tion I present the near�eld spee
h a
tivity dete
tion (SAD) 
om-ponent of my proposed thesis. I begin with a des
ription of the related workin this area, and then des
ribe the features I propose investigating. I dis
ussissues related to the generation and 
ombination of these features, and thenoutline the work plan for this part of the thesis.2.1 Related WorkThough single-
hannel spee
h a
tivity dete
tion has been studied in thespee
h pro
essing 
ommunity for some time now, the establishment of stan-dardized 
orpora and evaluations for spee
h re
ognition in meetings is asomewhat re
ent development, and 
onsequently the amount of work spe-
i�
 to multispeaker spee
h a
tivity dete
tion is rather small. The mostrelevant work to this thesis proposal 
omes from Wrigley et al. in [38℄ and[37℄. The authors performed a systemati
 analysis of features for 
lassifyingmulti-
hannel audio. Rather than look at the two 
lasses of spee
h and non-spee
h, though, they subdivided the 
lasses further into four: lo
al 
hannelspee
h, 
rosstalk spee
h, lo
al 
hannel and 
rosstalk spee
h, and no spee
h.They then looked at the frame-level 
lassi�
ation a

ura
y (true and falsepositives) for ea
h 
lass with the various features sele
ted for analysis. Thiswas done for both features individually as well as 
ombinations of features,the latter being done to �nd the best 
ombination of features for a given
lass.A key result from this work is that, from among the twenty features exam-ined, the single best performing feature for ea
h 
lass was one derived from
ross-
hannel 
orrelation. This provides eviden
e of the importan
e of in-
orporating 
ross-
hannel information into modeling for this multi-
hanneldete
tion task. This being the 
ase, the features I intend to examine areprimarily 
ross-
hannel in nature, as se
tion 2.2 details.Other spee
h a
tivity dete
tion work in multi-party meetings has been doneby Pfau et al. in [29℄ and [30℄, along with Laskowski et al. in [14℄. Both setsof results provide further eviden
e of the importan
e of using 
ross-
hannel6



analysis to address the problem. Pfau et al. thresholded 
ross-
hannel 
orre-lations as a post-pro
essing step to HMM based spee
h/nonspee
h segmen-tation yielding on average a 12% relative frame error rate (FER) redu
tion.A di�erent 
ross-
hannel 
orrelation thresholding s
heme by Laskowski etal. produ
ed ASR WER performan
e improvements of 6% absolute over anenergy-thresholding baseline. It is notable that in both 
ases thresholdingrather than modeling was employed. Results 
ould have potentially beenfurther improved in a modeling based approa
h as was demonstrated in [4℄.2.2 Candidate FeaturesThe performan
e of various a
ousti
ally derived features for spee
h a
tivitydete
tion is the main area of investigation for this 
omponent of my thesiswork and I pro
eed with a dis
ussion of the features I intend to examinebelow.2.2.1 Cepstral FeaturesThe standard 
epstral features serve as a baseline for performan
e of thespee
h a
tivity dete
tion system. These 
onsist of 12th-order Mel-frequen
y
epstral 
oeÆ
ients (MFCCs), log-energy, and their �rst- and se
ond-ordertime derivatives. The MFCCs are 
al
ulated as follows: An FFT is takenof a windowed version of the waveform. The magnitude 
oeÆ
ients arethen binned by 
orrelating them with ea
h triangular �lter in a Mel-s
ale(s
aling based on human pit
h-per
eption) �lter bank. The log of thesevalues is taken followed by a de
orrelation pro
edure (DCT) and dimen-sionality redu
tion. These features are 
ommon to a number of spee
h-related �elds|spee
h re
ognition, speaker re
ognition, speaker diarization,for instan
e|and so represent a natural 
hoi
e for feature sele
tion. Thelog-energy parameter, as well, is a fundamental 
omponent to most SAD sys-tems and the 
epstral features, being largely independent of energy, 
ouldprovide information to aid in distinguishing lo
al spee
h from other phenom-ena with similar energy levels. Breaths and 
oughs, for example, fall in this
ategory and are quite prevalent on individual headset 
hannels, espe
iallyfor parti
ipants who possess poor mi
rophone te
hnique.7



2.2.2 Cross-
hannel CorrelationFor a pair of 
hannels i and j the maximum 
ross-
hannel 
orrelation Cij(t)at time t is given byCij(t) = max� P�1Xk=0 xi(t� k)xj(t� k � �)w(k) (1)where � is the 
orrelation lag, xi is the signal from 
hannel i, xj is thesignal from 
hannel j, w(k) represents a windowing fun
tion, and P is thewindow size. This is a 
lear �rst 
hoi
e for a 
ross-
hannel feature to ad-dress 
rosstalk, and its use is do
umented in the literature (e.g., [20℄, [14℄,and [29℄). In the examination of features for spee
h and 
rosstalk dete
tionby Wrigley et al. [37℄, normalized 
ross-
hannel 
orrelation was determinedto be the most e�e
tive feature in dete
ting 
rosstalk. Normalization ofthis 
orrelation value seeks to 
ompensate for potential di�eren
es in 
han-nel gains. This tends to involve dividing the 
ross-
hannel 
orrelation bythe frame-level energy of the target 
hannel, the non-target 
hannel, or thesquare root of ea
h. This last normalization, referred to as spheri
al normal-ization, 
onverts Cij(t) to a 
osine metri
 that measures the angle betweenthe ve
tors [xi(t) : : : xi(t � P � 1)℄T and [xj(t � �) : : : xj(t � � � P + 1)℄T[37℄. The result is a 
orrelation 
oeÆ
ient value between -1 and 1. In[37℄ only spheri
al and target 
hannel energy normalization were examined.Curiously, preliminary results suggest that non-target 
hannel energy nor-malization performs best for the data I have examined.2.2.3 Log-Energy Di�eren
esJust as energy is a good feature for dete
ting spee
h a
tivity for a single
hannel, relative energy between 
hannels should serve well to dete
t lo
alspee
h a
tivity using multiple 
hannels. For example, if a single parti
ipantis speaking, his or her 
hannel should have the highest relative energy. Fur-thermore, if there is 
rosstalk on the other 
hannels, the energy on these
hannels is 
oupled with that of the speaker's and the relative energy overthe 
rosstalk segment should be approximately 
onstant. This pattern 
anbe modeled in the HMM segmenter. In
lusion of �rst and se
ond order dif-feren
es as well may also help in the modeling. The log-energy di�eren
e(LED), whi
h is proposed here, represents the log of the ratio of short-timeenergy between two 
hannels. That is, for 
hannels i and j at frame indext, Dij(t) = Ei(t) � Ej(t) where E represents log-energy. This feature8



seems to be mu
h less utilized in pra
ti
e and mu
h less dis
ussed in theliterature than 
ross-
hannel 
orrelation, though the work I have done sofar suggests it 
an be more robust|and 
onsequently better performing|than 
orrelation-based features [4℄. Liu and Kubala introdu
e log-energydi�eren
e for segmentation in [20℄, but make no 
omparison of the feature'sperforman
e to 
ross-
hannel 
orrelation or any other feature.Just as with 
ross-
hannel 
orrelation, normalization te
hniques should beemployed for LEDs to 
ompensate for potential gain di�eren
es between
hannels. A 
hannel-level energy normalization des
ribed by Pfau et al. in[30℄ is what I will adopt. This normalization o

urs prior to the log-energydi�eren
ing and 
onsists of subtra
ting the minimum frame log-energy ofa 
hannel from all frame log-energy values in the 
hannel. That is, for a
hannel i at frame index t,Enorm;i = Ei(t)�Emin;i (2)where E again represents log-energy. This minimum frame log-energy servesas a noise 
oor estimate for the 
hannel and has the advantage of beinglargely independent of the amount of spee
h a
tivity in the 
hannel.2.2.4 Time Delay of Arrival EstimatesIn [7℄ Ellis and Liu demonstrated that speaker diarization|the task of de-termining who spoke when|for meetings 
ould be performed using onlytime-delay of arrival (TDOA) estimates from distant mi
rophones as fea-tures for a 
lustering and segmentation system. This result was improvedupon by Pardo et al. [26℄, who then also demonstrated in [27℄ that thedelay estimates, when used in 
onjun
tion with 
epstral features, improvedperforman
e over 
epstral features alone. In the 
ase of 
lose-talking mi-
rophones, TDOA estimates seem parti
ularly well suited to distinguish lo-
al spee
h from 
rosstalk as 
rosstalk lags behind lo
al spee
h. I plan to
ompute delay estimates using the generalized 
ross-
orrelation with phasetransform (GCC-PHAT) method 
ommon to mi
rophone array pro
essing.For two 
hannels i and j the GCC estimate 
an be expressed asdg

;ij(t) = argmax� Rij(�) (3)where Rij(�) = Z 1�1W (!)Xi(!)X�j (!)ej!td! (4)9



W (!) represents a weighting fun
tion and for the phase transform variationof the GCC we have WPHAT (!) = jXi(!)X�j (!)j�1 (5)By dividing by the 
ross-spe
trum magnitude, Rij(�) depends only on thephase di�eren
e between the two signals. This weighting is suboptimal un-der ideal 
onditions, but tends to be more robust to noisy and reverberant
onditions than traditional 
ross-
orrelation [5℄. An issue in using TDOA es-timates is the potential noisiness of the estimates. One te
hnique to addressthis dis
ussed by Anguera et al. in [2℄ is to 
ompute delay estimates basednot on the single largest 
orrelation peak for the frame, but the top N andthen perform Viterbi de
oding to �nd the best sequen
e of delays. Othersmoothing te
hniques from time-series analysis (e.g., median �ltering) 
anbe investigated as well.2.3 Feature Generation and CombinationOne key 
onsideration in generating feature ve
tors for the SAD segmenterthat are based on 
ross-
hannel feature values is the variable number of
hannels between meetings; For some standard meeting data 
orpora ([8℄,[10℄, [6℄), the number of 
lose-talking 
hannels 
an vary between three andtwelve. This variability in the number of 
hannels must be re
on
iled withthe need to have feature ve
tors of a single �xed length. I propose adoptingthe te
hnique des
ribed by Wrigley et al. in [37℄ of using order statisti
s|spe
i�
ally maximum and minimum|of the feature values generated on thedi�erent 
hannels.Along with length standardization for a given 
ross-
hannel feature, the
ombination of these features must also be 
onsidered. The most basi
 ap-proa
h is to simply 
on
atenate the features into a single ve
tor, but thismay be suboptimal in terms of system performan
e. I intend to analyzewhether some dimensionality redu
tion or 
ombination s
hemes may yieldbetter results. The primary te
hniques that will be 
onsidered are prin-
ipal 
omponent analysis (PCA), linear dis
riminant analysis (LDA), andmultilayer per
eptron (MLP) feature 
ombination.2.4 Work Plan for Part IAs mentioned, the obje
tive of this part of my proposed thesis is to investi-gate the e�e
tiveness of di�erent features for spee
h a
tivity dete
tion using10



an HMM based segmenter. To do this I intend to 
ompare performan
e ofHMM segmentation systems in
orporating these di�erent features. The per-forman
e will be measured in both re
ognition word error rate (as de�nedin 1.1) as well as diarization error rate (DER). Diarization error rate is theprimary metri
 for the speaker diarization task as de�ned in [1℄ and serves asa time-based measure of the fra
tion of speaker time that is not attributed
orre
tly to a speaker. In the 
ase of SAD where only a single speaker is in-volved this 
onsists of speaker false alarms and missed dete
tions. The DERin most 
ases 
orrelates 
losely with WER while not requiring the expensive
omputation of re
ognition hypotheses and so fa
ilitates more exploratoryexperiments (e.g., those done for parameter tuning).The data used for measuring performan
e will be drawn from the NISTRi
h Trans
ription (RT) Meeting Re
ognition evaluation. This 
onsists of
olle
tions of 10- to 12-minute ex
erpts of re
ordings of multiparty meetingsfrom di�erent sites|and, thus, with di�erent room a
ousti
s. As statedin se
tion 2.2.1, the baseline performan
e measure for segmentation will beobtained using the standard 
epstral features. The performan
e of ea
h fea-ture in isolation will be obtained as well as in 
onjun
tion with the baselinefeatures. In terms of more extensive feature 
ombination, I intend to de-termine the overall best 
ombination of features and the best 
ombinationte
hnique that obtains this.A signi�
ant amount of work has already been done toward these ends, Ishould mention. The HMM based segmentation system has been imple-mented and run using baseline 
epstral, 
ross-
hannel 
orrelation, and log-energy di�eren
e features. Results for some of this work are presented inse
tion 5. Also, some initial feature 
ombination experiments have beenperformed and are presented in the se
tion.It should be noted, too, that though three 
andidate features have beengiven, there exist dimensions of exploration within ea
h feature type as well.Cross-
hannel 
orrelation, for example, 
an be 
omputed in di�erent ways(re
all the normalizations mentioned in 2.2.2). TDOA estimates, too, 
anbe 
omputed and smoothed in multiple ways. Most likely here, too, the im-portan
e of having a qui
kly-
omputed alternative to the WER performan
emetri
 will emerge.
11



3 Part II: Overlap dete
tion for far�eld mi
ro-phonesIn this se
tion I present the far�eld overlap dete
tion 
omponent of myproposed work. Related work is �rst presented followed by the 
andidatefeatures I intend to investigate. Some dis
ussion about feature generationand 
ombination pro
eeds, and �nally I propose a work plan for this part ofthe thesis.3.1 Related WorkGiven that spee
h plus 
rosstalk was one of the four 
lasses de�ned forthe dete
tion task by Wrigley et al., the work has relevan
e here as well.A signi�
ant di�eren
e between that work and my own proposed work isthat Wrigley et al. performed their analysis on near�eld 
ondition spee
h.The spee
h from the 
lose-talking mi
rophones has a higher SNR and suf-fers less from reverberant e�e
ts and so the behavior|and, 
onsequently,performan
e|of the features may di�er. This is 
ertainly the 
ase in theSTT task, where word error rates for far�eld 
onsistently ex
eed those ofnear�eld (see, for example, [23℄ and [33℄). That being said, Wrigley's resultspoint to energy, kurtosis, and 
ross-
hannel 
orrelation as being the moste�e
tive features, all of whi
h I intend to examine.The majority of the work done on overlapped or 
o-
hannel spee
h dete
-tion has been done within the framework of identifying \usable" spee
h forspeaker re
ognition tasks. By \usable" it is meant that the spee
h frameor segment 
an provide information to aid in determining the identity of aparti
ular speaker. This depends largely on the ratio of target to interfer-ing speaker energy|referred to as the TIR|of the frame or segment (see[21℄). Lewis and Rama
handran in [19℄ 
ompared the performan
e of threefeatures|MFCCs, LPCCs, and a proposed pit
h predi
tion feature (dis-
ussed later)|for speaker 
ount labeling of spee
h frames in both a 
losed-set (speaker dependent) and open-set (speaker-independent) s
enario. Theresults indi
ated that the proposed pit
h predi
tion feature was superior toeither the MFCCs or LPCCs. Unfortunately, no 
ombination of featureswas performed to see if su
h an approa
h would yield improvements. Shaoand Wang in [31℄ employed multi-pit
h tra
king for identifying usable spee
hfor 
losed-set speaker re
ognition. Speaker 
ount labeling was determinedby the number of pit
h tra
ks in the frame and single-speaker frames were12



deemed usable. A large e�ort has been given by Yantorno et al. in this areaas well. Spe
tral auto
orrelation peak-valley ratio (SAPVR), adja
ent pit
hperiod 
omparison (APPC), and kurtosis have all been proposed and ana-lyzed. Comparison and 
ombination experiments have also been performed(see [39℄), but this has been within the 
ontext of identifying usable over-lapped spee
h frames and not overlapped spee
h frames from single-speakerspee
h frames.With the ex
eption of Wrigley et al., the work des
ribed above was all donewith overlapped spee
h from arti�
ial mixtures. In the 
ase of usable spee
hsele
tion this is essentially a ne
essity as frame-level TIRs must be knownfor evaluating 
lassi�
ation a

ura
y. For overlap dete
tion in multi-partymeetings, however, this is not the 
ase. Overlaps 
an be de�ned as segmentsbased on time alignments of words. As su
h, the work I propose representsa signi�
ant departure from these studies.3.2 Candidate FeaturesMu
h like part I, this 
omponent of the thesis fo
uses on an analysis offeature performan
e for the task of segmentation|in this 
ase, segmenta-tion of overlapped spee
h. Below is a dis
ussion of the features I plan oninvestigating.3.2.1 Cepstral FeaturesThe standard 
epstral features|i.e., 12 MFCCs, log-energy, and the �rstand se
ond-order time derivatives|will again serve as a baseline here inthe overlap dete
tion system. The 
epstral 
oeÆ
ients, whi
h serve as arepresentation of the spee
h spe
tral envelope, should be able to provideinformation about whether multiple speakers are a
tive in a time segment.Indeed, in Zissman et al. [45℄ a Gaussian 
lassi�er using 
epstral features wasable distinguish between target-only, jammer-only, and target plus jammer,spee
h segments with a reported a

ura
y of 80%. It should be noted thatthe dete
tion task di�ered in a number of signi�
ant ways. Most impor-tantly, the task was speaker-dependent|the training and test target andjammer speakers were the same. In addition, the overlapped spee
h wasarti�
ially generated by adding single-speaker spee
h waveforms. Thirdly,intervals of silen
e were removed beforehand. Be
ause of these and other dif-feren
es I anti
ipate signi�
antly di�erent performan
e results but a similar
on
lusion as to the usability of 
epstral features for overlap dete
tion.13



3.2.2 Cross-
hannel CorrelationAs previously mentioned, Wrigley et al. showed that, for their four-
lass seg-mentation task, the best feature for ea
h 
lass|one of whi
h was spee
h plus
rosstalk|was derived from 
ross-
orrelation. Though this is the 
ase, it isnot 
lear whether su
h features will be e�e
tive for identifying overlappedspee
h in the far�eld 
ondition. In the near�eld 
ondition, be
ause the per-sonal mi
rophone is signi�
antly 
loser to a given parti
ipant than to anyother simultaneous talker, overlapped spee
h segments tend to have a low
ross-
hannel 
orrelation. This large asymmetry in speaker-to-mi
rophonedistan
es is not typi
ally present in the distant mi
rophone 
ase, and so thelow 
ross-
hannel 
orrelation tenden
y may not be present. In 
hoosing thisfeature for analysis, I am looking to determine whether or not this is the
ase. The proposed features will be 
al
ulated a

ording to equation (1),but between the various distant mi
rophone signals.3.2.3 Pit
h Estimation FeaturesFeatures derived from various pit
h estimation algorithms 
ould be of usesin
e the behavior of these algorithms should di�er between single-speakerand multi-speaker spee
h segments, at least in the 
ase of simultaneousvoi
ing. For example, Lewis and Rama
handran in [19℄ proposed a pit
hpredi
tion feature (PPF) for the task of identifying temporal regions orframes as being either one-speaker or two-speaker spee
h. This feature was
omputed as the standard deviation of the distan
e between pit
h peaks asobtained from the auto
orrelation of a linear predi
tion (LP) residual. Fora single speaker, the peaks will o

ur in regular sequen
e and 
orrespond toglottal 
losures. For two speakers with di�erent fundamental frequen
y, bothsets of glottal 
losures will appear in the residual and this standard deviationof the inter-peak di�eren
es will be higher. In their work they found thatthe PPF outperformed both MFCC and linear predi
tion 
epstral 
oeÆ
ient(LPCC) features.The LP residual auto
orrelation, too, is only one of several ways to estimatepit
h. Some other major 
ategories in
lude:� Zero-Crossing Distan
eFor a periodi
 signal the separation between zero-
rossings tends to-ward half of the pit
h period T . If one 
reates a histogram of thesezero-
rossing distan
es (ZCDs), there should be a peak 
orrespond-14



ing this value of T=2, from whi
h the pit
h 
an be estimated. Thisis one of the simplest methods in terms of 
omputation, but it tendsto be rather sensitive to noise and the presen
e of harmoni
s, oftenprodu
ing o
tave (pit
h halving or doubling) errors.� Auto
orrelation Fun
tionThe auto
orrelation fun
tion (ACF) for a signal x(n) is given by�xx(�) = 1N N�1Xn=0 x(n)x(n+ j� j) (6)and for periodi
 signals produ
es peaks separated by the pit
h periodT . This method is simple in 
omputation, but is prone to errors inthe presen
e of noise as well.� Absolute Magnitude Di�eren
e Fun
tionThe absolute magnitude di�eren
e fun
tion (AMDF) of x(n) is givenby  (�) = 1N N�1Xn=0 jx(n)� x(n+ �)j (7)The AMDF has the 
hara
teristi
 that when x(n) is similar to x(n+�), (�) be
omes small. Thus if x(n) has period T ,  (�) produ
es a deepnot
h at � = T . The AMDF typi
ally exhibits better robustness tonoise than the ACF and the ZCD methods.An illustration of these pit
h methods is shown in �gure 1.I intend to examine how these various pit
h dete
tors generally behave in thepresen
e of overlapped spee
h and, if that behavior di�ers signi�
antly, howto en
ode this into one or more features. These methods 
an also be appliedat a subband level|for example, on the output of a gammatone �lterbank|whi
h has been shown to yield improved results. This multi-band te
hniquemay be espe
ially appropriate for the overlap dete
tion s
enario be
ause theharmoni
 energy from the di�erent speakers may be 
on
entrated in di�erentbands, whi
h should aid in the dete
tion of multiple pit
hes.A possible issue in using pit
h-related features for overlap dete
tion is thatthey may not be well-behaved in unvoi
ed spee
h regions. One solutionwould be to in
lude a feature whi
h indi
ates voi
ing as well. Some exam-ples in
lude energy, zero-
rossing rate, and spe
tral tilt. A voi
ing feature,however, does not address the dete
tion of unvoi
ed overlap or of overlap15
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Figure 1: Illustration of pit
h dete
tion. Top pane: Waveform of `o' vowelin `dog' uttered by a female speaker; Se
ond pane: Zero-
rossing distan
ehistogram (note pit
h halving); Third pane: Auto
orrelation fun
tion (`*' de-notes automati
ally obtained lo
al maximum); Bottom pane: Average mag-nitude distan
e fun
tion (`*' denotes automati
ally obtained lo
al minimum)with one-speaker voi
ing using pit
h-related features. It may be that su
hfeatures are ine�e
tive in these 
ases and the results remain to be seen.3.2.4 Spe
tral Auto
orrelation Peak Valley RatioRelated to the pit
h-derived features is the spe
tral auto
orrelation peakvalley ratio (SAPVR). The spe
tral auto
orrelation of a signal is obtained16



by 
omputing the auto
orrelation of the signal's magnitude spe
trum. When
omputed on a frame-level basis, it 
an serve to reveal the existen
e of lo
alharmoni
 stru
ture. For a given voi
ed frame of spee
h, the spe
tral auto
or-relation will 
onsist of a series of peaks with progressively de
reasing heightand spa
ing equivalent to the fundamental frequen
y. If the spee
h frame isunvoi
ed, the spe
tral auto
orrelation will la
k any prominent peaks otherthat the one at zero lag. In analyzing the spe
tral auto
orrelation of over-lapped spee
h, Krishnama
hari et al. in [11℄ observed that for segments ofoverlapped spee
h in whi
h both speakers were voi
ed, the spe
tral auto
or-relation 
ontained either two distin
t trains of harmoni
ally related pulsesif the speakers' pit
h separation ex
eeded approximately 25%, or one broadtrain of pulses. Based on this they proposed the SAPVR metri
, whi
h isde�ned as SAPVR = 20 log10 R(p1)R(q1) (8)R(p1) is the lo
al maximum of spe
tral auto
orrelation other than the onefor zero lag and R(q1) is either the next lo
al maximum that is not harmon-i
ally related to the �rst peak, or the lo
al minimum between p1 and 2p1.Using this de�nition, the SAPVR for the two types of overlapped spee
h
ases mentioned above should be lower than that of single speaker spee
h,suggesting SAPVR 
ould be a useful feature for overlap dete
tion.An illustration of the spe
tral auto
orrelation for single-speaker and over-lapped spee
h is shown in �gure 2.3.2.5 KurtosisThe kurtosis of a zero-mean random variable x is de�ned as�x = Efx4gfEfx2gg2 � 3 (9)where Ef�g is the expe
tation operator. This serves as a measure of the\Gaussianity" of a random variable, with super-Gaussian, or leptokuroti
,random variables having kurtosis greater than zero and sub-Gaussian, orplatykurtoti
, random variables having kurtosis less than zero. Spee
h sig-nals, whi
h are typi
ally modeled as having a Lapla
ian or Gamma distribu-tion, tend to be super-Gaussian. Furthermore, the sum of su
h distributions|in line with the 
entral limit theorem|has lower kurtosis (i.e., is moreGaussian) than individual distributions. This was observed by LeBlan
 andDeLeon in [15℄ and Krishnama
hari et al. in [12℄. As su
h, signal kurtosis17
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tral auto
orrelation fun
tion. Top pane: Spe
-tral auto
orrelation for non-overlapped spee
h (`*' denotes automati
ally ob-tained lo
al maximum); Bottom pane: spe
tral auto
orrelation for overlappedspee
h (`*' denotes automati
ally obtained lo
al maximum)
ould serve as an e�e
tive feature for dete
ting overlapped spee
h. This wasone of the features 
onsidered by Wrigley et al. and was one of the betterperforming features for dete
ting spee
h plus 
rosstalk; Indeed, it was se-le
ted by their sequential feature sele
tion (SFS) algorithm for in
lusion inthe �nal feature ensemble for overlapped spee
h dete
tion.3.3 Feature Generation and CombinationIn the 
ase of near�eld 
ondition spee
h a
tivity dete
tion we were presentedwith the problem of standardizing the length of the feature ve
tor given thevariable number of 
hannels between meetings. In the far�eld 
ase, too, wehave a variable number of 
hannels between meetings, but the issues result-ing from this are somewhat di�erent. Aside from 
ross-
hannel 
orrelation,all of the features mentioned above 
an be generated from the data of asingle audio 
hannel. Given that there are several 
hannels, we now have18



the 
hallenge of using multiple (and variable numbers of) data streams togenerate a single stream of features. One way to sidestep the issue is tosimply sele
t a single \best" 
hannel, perhaps based on SNR estimates anddo all pro
essing on it; This is likely suboptimal be
ause, for example, adelay-and-sum beamforming of the 
hannels 
ould signi�
antly in
rease theSNR of the signal from whi
h features would be extra
ted. This has beendemonstrated through ASR performan
e in meetings and the te
hnique is
ommonly used (as mentioned in se
tion 1). An ex
eption to the bene�tsof delay-and-sum beamforming might be in the 
ase of pit
h-related fea-tures. Phase di�eren
es between the signals to be summed 
ould degradethe performan
e of the pit
h estimation and 
onsequently the features de-rived from it. Aside from using a single signal or 
ombining signals, one
ould also 
ombine feature streams generated from the individual distantmi
rophone 
hannels. Be
ause of the large number of 
hannels (potentiallyon the order of 60 or 70) and the related in
rease in 
omputational 
omplex-ity, this method is not suitable for my purposes. Sele
ting a single 
hannelor delay-and-sum beamforming are more feasible for this work and I planon employing both methods and 
omparing them.Having obtained the di�erent types of features, there is again the issueof 
ombining them. I intend to use the same approa
hes as in Part I|
on
atenation, LDA, PCA, and MLP 
ombination|and 
ompare perfor-man
e. In parti
ular it will be of interest to see whether the 
ombinationresults are similar between the two tasks.3.4 Work Plan for Part IIAs the general framework for part II 
losely resembles that of part I, thework plans for the two are similar. Here, too, I will 
ompare performan
e ofHMM based segmenters by in
orporating various a
ousti
ally derived fea-tures into the systems. In this 
ase the obje
tive spee
h to dete
t will beoverlapped far�eld spee
h rather than lo
al near�eld spee
h. In the pre-vious 
ase both WER and DER were sele
ted as metri
s for performan
e.Sin
e the segmentation of overlapped spee
h for this portion of the work isonly for identi�
ation purposes|no further pro
essing of the spee
h will beperformed|only DER serves as a meaningful performan
e measure. Unlikewith general spee
h a
tivity, human-labeled time referen
es for overlappedspee
h regions are not available. As su
h, I will 
ompute overlap referen
esbased on word-level for
ed-alignment timing of referen
es from the near�eldmi
rophones. For
ed-alignment seeks to obtain �ne time demar
ations (be-19



gin and end times) at the word, phone, or state level based on manuallyobtained referen
e trans
riptions.Again the data set used will 
ome from the NIST RT meetings re
ognitionevaluations and the baseline features will be the standard 
epstral features.Feature performan
e 
omparisons as well as feature 
ombination will pro
eedalong the same lines as before, too.4 Part III: Overlap spee
h pro
essing for far�eldmi
rophonesIn this se
tion I present the overlap pro
essing portion of my proposed work.In what follows, I des
ribe the most relevant related work and then presentthe methods I plan on employing based on these studies. Within this presen-tation I dis
uss some of the key issues related to applying these te
hniques.Lastly, I give the work plan for this �nal 
omponent of my thesis.4.1 Related WorkThe separation of mixtures of spee
h signals is a mu
h studied area of spee
hpro
essing. For many 
ases this problem 
an be viewed as a subset ofthe general blind sour
e separation (BSS) problem. That is, given signalsX = [x0 : : : xN ℄T produ
ed by the mixing of signals S = [s0 : : : sM ℄T ;M � Nby an unknown mixing matrix A , we seek to separate out the si 
omponentspresent in the xi's through the use of a matrix W T . If we assume the originalsi's are independent and that at most one is Gaussian distributed, then thesolving method be
omes one of independent 
omponent analysis (ICA), forwhi
h a number of te
hniques exist and have been demonstrated [9℄. Forreal world audio signals, however, the mixing is more a

urately modeled asbeing 
onvolutive rather than multipli
ative. By reformulating the problemin the Z-transform domain, similar solutions are possible. Most of these areiterative approa
hes based on an information maximization 
riteria|for ex-ample, Lambert et al. [13℄, Lee et al. ([17, 16, 18℄), and Torkkola [34℄|andin the 
ase of Lee and Bell [17℄ yielded improved re
ognition results for digitre
ognition in a real room environment. Another set of approa
hes basedon minimizing 
ross-
hannel 
orrelation|termed adaptive de
orrelation �l-tering (ADF)|has been explored by Weinstein et al. [35, 40℄, and Yen etal. [41, 42, 43, 44℄ and has demonstrated improved re
ognition performan
e,20



though in this 
ase on a simulated mixture with 
oupling transfer fun
tionsestimated from a real room.One limitation of the BSS framework for spee
h separation is that it is fun-damentally a multi-
hannel approa
h; It 
annot address the separation ofspeakers given only a single mixture. A set of te
hniques based on 
omputa-tional auditory s
ene analysis (CASA) seeks to perform this single-
hannelseparation task by partitioning the audio spe
trogram su
h that ea
h parti-tion is a spee
h stream for one of the overlapped speakers. The partitioningtypi
ally relies on the existen
e of 
ertain types of stru
ture in the spee
hsignal and uses grouping 
ues su
h as pit
h, 
ontinuity, and 
ommon onsetand o�set. Ba
h and Jordan in [3℄, for example, des
ribe a CASA-basedspee
h separation approa
h that uses spe
tral 
lustering to 
reate spee
hstream partitions. The approa
h, though demonstrating promising results,is quite 
omputationally intensive. A simpler though related method whi
hexploits only the harmoni
 stru
ture within spee
h|termed harmoni
 en-han
ement and suppression (HES)|has also been proposed for spee
h sep-aration. HES utilizes pit
h estimation to identify a speaker's harmoni
s andenhan
e them, while in some 
ases also suppressing the harmoni
s of anyinterfering speaker. In [22℄ Morgan et al. provide a detailed des
ription ofthe design and implementation of a HES based speaker separation system.Results on keyword spotting experiments suggest that su
h an approa
hmay be useful in an ASR 
ontext as well.4.2 Candidate MethodsIn the following se
tions I des
ribe methods I intend to explore for theseparation of overlapped spee
h in the far�eld 
ondition. The sele
tion ofthese methods was based partly on their ability to be implemented as partof a state-of-the art meeting re
ognition system. A key 
riterion for thisis limited 
omputational 
omplexity. The harmoni
 enhan
ement and sup-pression (HES) method, for example, was implemented as a real-time spee
hseparation system by Morgan et al. in [22℄.It should be mentioned, too, that for this work I have 
hosen to fo
us only onthe 
ase of two-speaker spee
h. In their analysis of speaker overlaps in meet-ings, C� etin et al. in [25℄ reveal that about 11% of spee
h frames 
onstitutedtwo-speaker spee
h while only 1% 
onstituted three-speaker spee
h|an or-der of magnitude di�eren
e. The fo
us is ne
essary be
ause, although themethods 
an indeed be extended to address overlap from more speakers, thiswould require a signi�
ant amount of modi�
ation; this, too, would be at21



the risk of hampering performan
e for the 
ommon 
ase of two overlappedspeakers.4.2.1 Harmoni
 Enhan
ement and SuppressionHarmoni
 enhan
ement and suppression (HES) refers to a 
lass of single-
hannel spee
h separation methods that utilize the harmoni
 stru
ture ofvoi
ed spee
h to separate speakers. In this approa
h the harmoni
s of aspeaker are identi�ed using pit
h estimation and a signal for that speaker isgenerated by enhan
ing those harmoni
s. Alternatively, the time-frequen
y(T-F) bins of the short-time Fourier transform (STFT) that 
orrespond tothe neighborhood of the harmoni
s are sele
ted, the other bins are zeroedout, and the signal is then re
onstru
ted. This harmoni
 sele
tion te
h-nique represents a simple form of binary masking, a pro
edure used forsingle-
hannel spee
h separation in 
onjun
tion with CASA. To obtain thesignal for an additional speaker, the �rst speaker's harmoni
s are suppressedand/or the other speaker's harmoni
s are enhan
ed, if this speaker's pit
h
an be determined. This is possible either by simultaneous multi-pit
h tra
k-ing as in [28℄ or by pit
h tra
king of the signal in whi
h the �rst speaker'sharmoni
s are suppressed as in [22℄. The latter is most e�e
tive in 
aseswhere one speaker dominates the overlapped segment and 
onsequently hasthe dominant pit
h tra
k for the original signal.Below I dis
uss some of the key issues asso
iated with this HES approa
has it relates to the spee
h separation task in meetingsPit
h Estimation and Tra
kingThe e�e
tiveness of the HES approa
h hinges greatly on high a

ura
y pit
hestimation. For this reason, I plan on employing di�erent pit
h estimationte
hniques and 
omparing results. Aside from the methods mentioned inse
tion 3.2.3, I also intend to look at maximum likelihood (ML) pit
h esti-mation des
ribed by Wise et al. in [36℄. This te
hnique was used for HESby Morgan et al. in [22℄ and in [24℄ it was shown to outperform three otherpit
h estimation te
hniques|
epstral, harmoni
 mat
hing, and the auditorysyn
hrony model. The ML formulation for determining the optimal pit
hperiod p over an N -point interval of spee
h is given by [22℄:E[p℄ = 2pN LXl=1 �[lp℄ (10)where �[lp℄ is the auto
orrelation fun
tion. The integer value ~p is 
hosen22



that maximizes E[p℄ for L = b(N � P )=p
 
omplete periods within theinterval. This te
hnique performs well in the presen
e of additive noise,whi
h makes it suitable for this far�eld 
ondition. The noise robustnessshould also help when the interfering spee
h is unvoi
ed.In addition to pit
h estimation, good pit
h tra
king is also very important.This is parti
ularly true for the 
o-
hannel spee
h 
ase, as speaker domi-nan
e may alternate between the overlapped speakers from frame to framewithin a segment. Morgan et al. in [22℄ employed a simple three-point me-dian �lter with good results. Dynami
 programming te
hniques also existfor pit
h tra
k smoothing. This design issue will be explored further after Iobtain more familiarity with the behavior of various pit
h estimation algo-rithms in overlapped spee
h|for example, in working with the pit
h relatedfeatures of part II.Spee
h Voi
ingBe
ause HES makes use of information regarding the harmoni
 stru
ture ofthe overlapped spee
h, it would seem that its intended area of appli
ation isoverlap regions in whi
h both speakers' spee
h is voi
ed. This is, however,only one of nine possible 
on�gurations for two-speaker overlap. What, then,of the other eight? Figure 3 shows a matrix for the possible 
ombinationof vo
al ex
itation states of two-speaker overlap and the pro
essing strate-gies available, as determined by Morgan et al. in [22℄. HES 
an be appliedto additional 
on�gurations, as suggested by the grid, if one performs onlyenhan
ement and suppression on a single dete
ted pit
h tra
k. This 
anbe a
hieved by 
onditioning the enhan
ement of the weaker speaker's har-moni
s on their dete
tion. That is, if a se
ond pit
h tra
k is not dete
ted,simply suppress the �rst and this will be the signal for the se
ond speaker.This demonstrates further the importan
e of a

urate pit
h dete
tion forthe algorithm.Be
ause unvoi
ed regions of spee
h are unable to be pro
essed by the HESapproa
h, the a

urate dete
tion of voi
ing is also important. Several fea-tures exist for voi
ing dete
tion|some were mentioned in 3.2.3, for example|and their performan
e will need to be analyzed. Again, the results from partII may assist in determining good voi
ing features for this multi-
hannelfar�eld data.Single vs. Multiple ChannelsAs with overlap dete
tion in part II, harmoni
 enhan
ement and suppres-sion is primarily a single-
hannel method being applied to a multi-
hannel23



Figure 3: Matrix of pro
essing strategies available for the 
ombinations ofvo
al ex
itation states for two simultaneous talkers.domain. For that 
ase I presented sele
ting a single best 
hannel based onestimated SNR and using a delay-and-sum version of the signal as beingthe most viable approa
hes. The same holds for this 
ase as well. Again,the issue with using the delay-and-sum signal arises from the estimation ofpit
h|that is, a

urate pit
h estimation may be hampered by phase di�er-en
es between the summed signals. The results from Part II may steer thefo
us of exploration either towards or away from this delay-and-sum signal,depending on their nature.4.2.2 Adaptive De
orrelation FilteringAdaptive de
orrelation �ltering (ADF) is a multi-
hannel signal separationte
hnique that seeks to separate signals by adaptively determining the �ltersgoverning the 
oupling between two 
hannels in a dual-
hannel system whi
hmodels the signal mixing. Here we 
onsider the two-sour
e, two-
hannel
ase. Let s1(t) and s2(t) represent two sour
e signals and y1(t) and y2(t)the signals a
quired by the two mi
rophones in the dual-
hannel system in�gure 4(a). The signals in frequen
y domain are related by:Y1(f) = H11(f)S1(f) +H12(f)S2(f)Y2(f) = H21(f)S1(f) +H22(f)S2(f) (11)24



(a) Original mixing system (b) Simpli�ed mixing systemFigure 4: Dual-
hannel system.where Hij(f) is the transfer fun
tion from the sour
e i to mi
rophone j.This 
an be rewritten as:Y1(f) = X1(f) +A(f)X2(f)Y2(f) = X2(f) +B(f)X1(f) (12)where Xi(f) = Hii(f)Si(f); i = 1; 2A(f) = H12(f)H22(f)B(f) = H21(f)H11(f) (13)Xi(f), then, is a linearly distorted version of Si(f). In our 
ase this dis-tortion is the room response along the path from the speaker to his or herasso
iated mi
rophone and exists in isolated spee
h as well as 
o-
hannelspee
h; It should not, then, be detrimental to re
ognition. The simpli�edsystem is shown in �gure 4(b). If we now pro
ess the signals y1(t) and y2(t)by the system in �gure 5 with C(f) = 1 � A(f)B(f) and v1(t) and v2(t)having the relations: V1(f) = Y1(f)� Â(f)Y2(f)V2(f) = Y2(f)� B̂(f)Y1(f) (14)when Â(f) = A(f), B̂(f) = B(f), and C(f) is invertible, the signals x1(t)and x2(t) 
an be perfe
tly restored. Note that Vi(f) = C(f)Xi(f), so when25



Figure 5: Signal separation system.C(f) is not invertible we 
an re
over a linearly distorted versions of the x1(t)and x2(t).Sin
e A(f) and B(f) are generally not known and are time-varying, theymust be adaptively estimated. Weinstein et al. in [35℄ showed that ifthe sour
e signals are assumed to be zero-mean and un
orrelated and ifA and B are approximated by the FIR �lters a = [a0; � � � ; aNa�1℄T andb = [b0; � � � ; bNb�1℄, the �lter 
oeÆ
ients 
an be iteratively estimated by thefollowing equations: a(t) = �(t)v2(t� 1)v1(t� 1)(t)b(t) = �(t)v1(t� 1)v2(t� 1)(t) (15)(16)where v1(�) = y1(�)� y2(�)Ta(t)v2(�) = y2(�)� y1(�)Tb(t) (17)with y1(�) = [y1(�) � � � y1(� �Nb + 1)℄Ty2(�) = [y2(�) � � � y2(� �Na + 1)℄Tv(t)1 (�) = [v(t)1 � � � v(t)1 (� �Nb + 1)℄Tv(t)2 (�) = [v(t)2 � � � v(t)2 (� �Na + 1)℄T (18)26



The adaptation gain �(t) is de�ned as 
=t.One issue with an adaptive �ltering approa
h su
h as ADF is 
onvergen
e.Be
ause overlap segments tend to be short (on the order of one or twose
onds), there are a limited number of iterations through whi
h the �lteradaptation 
an pro
eed. This is espe
ially a problem if the 
oupling 
hangesrapidly within the overlap segment, but the expe
tation is that be
ause ofthe shortness of the segments this will not be so. In either 
ase there is aneed for fast and stable 
onvergen
e for good separation. Yen and Zhao in[44℄ derive a stability bound for the adaptation gain 
 as being:0 < 
 < 2Navarfy2(t)g+Nbvarfy1(t)g = � (19)Sin
e the varian
es of y1(t) and y2(t) 
an be evaluated at ea
h frame, � 
anbe 
al
ulated for ea
h frame. The gain in ea
h frame 
an then be 
hosen as�(t) = ��t ; 0 < � < 1 (20)to maximize 
onvergen
e.Related to 
onvergen
e is the issue of initialization. The �lters 
an always beinitialized to zero, but it may be possible to speed up 
onvergen
e using someother initialization s
heme. Weinstein et al. propose estimating the transferfun
tions Â(f) and B̂(f) during periods when only one of the speakersis speaking and using those estimates as initialization parameters. In themulti-speaker environment, however, though it may be possible to determinethat only one speaker is speaking, without performing speaker assignment(e.g., through speaker re
ognition or 
lustering) one 
annot determine if thea
tive speaker is one of the speaker's involved in the overlap segment ofinterest. Depending on how rapidly the 
oupling between 
hannels 
hanges,too, it may not be bene�
ial to use su
h estimates anyway.A �nal 
onsideration for this ADF approa
h is mi
rophone sele
tion. In itsformulation ADF assumes that ea
h speaker has an asso
iate mi
rophoneand that the nature of the overlap is akin to a \leakage" of the signal of one
hannel onto another. In the meeting room 
on�gurations des
ribed in 1.1this is not really the 
ase; far�eld mi
rophone pla
ement is not done withthe intention of asso
iating ea
h speaker with a mi
rophone. It is possible toa
hieve this by sele
ting for ea
h speaker the mi
rophone 
losest to him orher. This information 
an be obtained via TDOA estimates from the variousmi
rophones. This pro
edure is more likely to be e�e
tive with 
entrallylo
ated mi
rophones su
h as the tabletop and 
ir
ular array mi
rophones,so I intend to 
onsider only these for this method.27



4.3 Work Plan for Part III
This �nal part of my proposed thesis di�ers rather signi�
antly from theprevious two in that methods, rather than features, will be investigatedfor 
hanges in performan
e measures. Using the overlap segments obtainedfrom for
ed alignments as mentioned in se
tion 3.4, the spee
h separationalgorithms will be performed to determine if improvements 
an be made tothe WER performan
e of the meeting ASR system. Here WER is the onlymeaningful performan
e measure for the purposes of the investigation. Inaddition, sin
e the pro
essing will be applied only to overlap regions onlythe WER for those regions will be 
onsidered for measuring performan
e.This being the 
ase, it may be possible to run re
ognition only on wave-form segments 
ontaining overlap regions. Here \segments" refers to silen
eseparated portions of the waveform that are pro
essed by the ASR system.One issue as yet unaddressed is how to integrate the pro
essed spee
h intothe waveform segment. At present I plan to extra
t the overlap se
tion ofthe waveform and insert the pro
essed version and smooth at the bound-aries. This will be done twi
e|on
e for ea
h of the separated signals|andso re
ognition will be performed twi
e on these segments. The data, as inthe parts I and II, will be drawn from the NIST RT evaluations.In the event that re
ognition performan
e is improved through either or bothof the 
andidate methods, a number of analyses will be performed. One isto examine whether pro
essing of the entire waveform segment|rather thanthe overlap region alone|a�e
ts results. Another is to perform pro
essingon the overlap regions as determined by the best performing overlap de-te
tion system from part II to 
ompare with the referen
e segmentation.This of 
ourse will be 
ontingent as well on the overlap dete
tion obtainingreasonably good results. The last is to look for patterns in performan
eimprovement, or 
onversely to look for what type of errors persist. For ex-ample, in the 
ase of HES, is the dominant speaker 
onsistently improvedmore than the weaker speaker?In the event that re
ognition performan
e is not improved, error analyses
an still be performed. For example, the re
ognition errors made on theoriginal and pro
essed spee
h 
an be 
ompared and 
ontrasted. Also, thedegree of degradation as measure by WER in
rease 
an be 
ompared for thetwo. 28



5 Preliminary ExperimentsThis se
tion presents results for experiments that have been performed re-lated to this proposed work. Currently this is limited to part I| spee
h a
-tivity dete
tion for the near�eld mi
rophones|but work on part II|overlapdete
tion for far�eld mi
rophones|is in the initial stages of experimentalsetup as well. The experiments were performed using the Augmented Mul-tiparty Intera
tion (AMI) development set meetings for the NIST-RT05Smeeting re
ognition evaluation. These are s
enario-based meetings, eli
itedas des
ribed in [6℄, ea
h involving four parti
ipants wearing headset or head-mounted lapel mi
rophones. The lo
al spee
h segmenter used was derivedfrom an HMM based spee
h re
ognition system. The system was modi�edand simpli�ed to 
onsist of only two 
lasses { \spee
h" and \nonspee
h"{ ea
h being represented with a three-state phone model. State emissionprobabilities were modeled using a multivariate Gaussian Mixture Model(GMM). In the 
ase of the baseline 
epstral features the GMM 
onsistedof 256 
omponents while in the 
ase of the 
ross-
hannel features only 32
omponents were used. This is be
ause of the substantial di�eren
e in thenumber of feature ve
tor 
omponents between the two sets: The baselinefeature ve
tors have 39 
omponents while the 
ross-
hannel feature ve
torshave only two (for maximum and minimum values a
ross 
hannels). Fortraining of the segmenter, the �rst 10 minutes from 35 of the AMI meetingswere utilized. Testing was performed on 12-minute ex
erpts from four ad-ditional meetings. For ASR performan
e results, the \fast" (two versus sixde
oding passes) version of the meeting re
ognition system �eld by ICSI-SRI in the NIST RT-05S evaluation was used. Details of this system 
an befound in [33℄.5.1 Experiment 1: Single feature performan
eIn this �rst experiment, spee
h/nonspee
h segmentation was performed onthe test ex
erpts using ea
h of the following features: baseline 
epstral,normalized maximum 
ross-
orrelations (NMXCs), log-energy di�eren
es(LEDs), and normalized log-energy di�eren
es (NLEDs). The segmentationperforman
e was then measured using both diarization and word error ratemetri
s. Results for diarization are given in table 1 and those for re
ognitionin table 2. Performan
e in table 1 is further subdivided into missed dete
-tions (\Missed") and false alarms (\FA"). Table 2 subdivides performan
ea

ording to substitutions, insertions, and deletions.29



Table 1: DER performan
e 
omparisons for single features using AMI de-velopment data. System Missed (%) FA (%) DERbaseline 8.94 12.15 21.09NMXC 6.21 21.97 28.18LEDs 15.86 3.30 19.16NLEDs 11.29 5.46 16.74Table 2: ASR performan
e 
omparisons for single features using AMI de-velopment data. Results obtained using \fast" ASR system.System Del Subs Ins WERbaseline 17.4 13.0 7.4 37.8NMXC 16.9 14.5 4.5 36.0LEDs 15.7 21.1 4.0 40.8NLEDs 16.5 18.2 4.2 38.8referen
e 18.3 10.2 3.4 32.0From table 1 we see that, for DER, LEDs and NLEDs outperform the base-line 
epstral features while NMXCs do more poorly. The poor performan
e
omes ex
lusively from a mu
h higher false alarm rate, as the miss rate islower than that of the 
epstral features. The LEDs and NLEDs, though ea
hhaving a miss rate ex
eeding that of the baseline, both have mu
h lower falsealarm rates than the baseline whi
h a

ounts for their better performan
e.Also of note is that the NLEDs give a lower DER than the LEDs, indi
atingthe e�e
tiveness of the energy normalization pro
edure.Regarding WER, table 2 shows that the NMXCs outperform the baselinewhile the LEDs and NLEDs do not. The NLEDs here, too, produ
e a lowererror rate than the LEDs, further demonstrating the e�e
tiveness of thenormalization. All three 
ross-
hannel features notably redu
e the insertionerror rate by a substantial amount (between 39% and 46% relative). Giventhat the presen
e of 
rosstalk a�e
ts primarily insertion errors, this suggeststhat the 
ross-
hannel features are e�e
tive in addressing 
rosstalk. Theuse of these features, however, yields more substitution errors 
ompared tothe baseline. Further investigation is ne
essary to identify the 
ause forthis as there is no dire
t diarization 
orrelate for substitution errors. A�nal observation is that the best feature, the NMXCs, is still 4% absolute30



worse than the referen
e segmentation given in the last row of the table.This \referen
e" refers to segmentation derived from the time marks in thereferen
e for word error s
oring.5.2 Experiment 2: Initial feature 
ombinationIn addition to the individual performan
e of features for spee
h/nonspee
hsegmentation, the 
ombination of the features is of interest. This experimentexamined segmentation performan
e for simple 
on
atenative 
ombinationsof the features from the previous experiment. Table 3 gives diarizationresults and table 4 presents re
ognition results.Table 3: DER performan
e 
omparisons for multiple features using AMIdevelopment data.System Missed (%) FA(%) DERbaseline 8.94 12.15 21.09base + NMXC 8.89 2.76 11.65base + LEDs 8.65 2.62 11.28base + NLEDs 8.63 3.16 11.79base + NMXC + LEDs 10.37 7.13 17.50base + NMXC + NLEDs 8.20 3.21 11.41Table 4: ASR performan
e 
omparisons for multiple features using AMIdevelopment data. Results obtained using \fast" ASR system.System Del Subs Ins WERbaseline 17.4 13.0 7.4 37.8base + NMXC 17.3 12.1 4.6 34.0base + LEDs 17.4 12.8 4.5 34.7base + NLEDs 17.1 12.0 4.4 33.5base + NMXC + LEDs 16.5 17.2 4.3 38.1base + NMXC + NLEDs 17.5 12.5 4.6 34.6referen
e 18.3 10.2 3.4 32.0In 
omparing the 
ombination of the baseline 
epstral features with ea
h ofthe proposed 
ross-
hannel features, we see that the performan
e is similar.This holds for both DER in table 3 and WER in table 4. Of parti
ular noteis that the improved performan
e of these features relative to the baseline31




omes primarily from redu
tions in false alarms and, 
onsequently, insertionerrors. This provides further eviden
e of the e�e
tiveness of these features inaddressing 
rosstalk. Also notable regarding the results is the degradationin performan
e for the three-feature 
ombinations. For ea
h of these 
ases,the 
ombination is worse than ea
h two-way 
ombination of the 
onstituentfeatures, and, in the 
ase of the 
ombination with the LEDs, performan
edegrades slightly beyond the baseline level. At present I am not 
ertain as tothe 
ause of this, but I hypothesize that the 
orrelation between the featuresplays a role. Additional experiments are ne
essary to try and determine thisand are planned. Also, as mentioned, I intend to look at other 
ombinationapproa
hes and these may not produ
e the same e�e
t.
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