Sound On tology for Computational Auditory Scene Analysis T omohiro Nak atani y and Hiroshi G. Okuno NTT Basic Researc h Lab oratories Nipp on T elegraph and T elephone Corp oration 3-1 Morinosato-W ak amiy a, A tsugi, Kanaga w a 243-0198, JAP AN okuno@nue.or g Abstract This pap er prop oses that sound on tology should b e used b oth as a common v o cabulary for sound rep- resen tation and as a common terminology for in- tegrating v arious sound stream segregation systems. Since researc h on computational auditory scene anal- ysis (CASA) fo cuses on recognizing and understand- ing v arious kinds of sounds, sound stream segregation whic h extracts eac h sound stream from a mixture of sounds is essen tial for CASA. Ev en if sound stream segregation systems use a harmonic structure of sound as a cue of segregation, it is not easy to in tegrate suc h systems b ecause the de�nition of a harmonic structure di�ers or the precision of extracted harmonic struc- tures di�ers. Therefore, sound on tology is needed as a common kno wledge represen tation of sounds. Another problem is to in terface sound stream segre- gation systems with applications suc h as automatic sp eec h recognition systems. Since the requiremen t of the qualit y of segregated sound streams dep ends on applications, sound stream segregation systems m ust pro vide a exible in terface. Therefore, sound on tol- ogy is needed to ful�ll the requiremen ts imp osed b y them. In addition, the hierarc hical structure of sound on tology pro vides a means of con trolling top-do wn and b ottom-up pro cessing of sound stream segregation. In tro duction Sound is gathering atten tion as imp ortan t media for m ulti-medal comm unications, but is less utilized as in- put media than c haracters or images. One reason is the lac k of a general approac h to recognize auditory ev en ts from a mixture of sounds. Usually , p eople hear a mixture of sounds, and p eople with normal hearing can segregate sounds from the mixture and fo cus on a particular v oice or sound in a noisy en vironmen t. This capabilit y is kno wn as the c o cktail p arty e�e ct (Cherry 1953). P erceptual segregation of sounds, called audi- tory sc ene analysis , has b een studied b y psyc hoacous- tic and psyc hoph ysical researc hers for more than fort y y Curren t address: NTT Multimedia Business Depart- men t, nak@mb d.mb c.ntt.c o.jp Cop yrigh t c 1998, American Asso ciation for Arti�cial In telligence (www.aaai.org). All righ ts reserv ed. y ears. Although man y observ ations ha v e b een ana- lyzed and rep orted (Bregman 1990), it is only recen tly that researc hers ha v e b egun to use computer mo deling of auditory scene analysis. This emerging researc h area is called c omputational auditory sc ene analysis (CASA) (Bro wn and Co ok e 1992; Co ok e et al. 1993; Nak atani, Okuno, and Ka w a- bata 1994a; Rosen thal and Okuno 1998), and its goal is the understanding of an arbitrary sound mixture in- cluding non-sp eec h sounds and m usic. Computers need to b e able to decide whic h parts of a mixed acous- tic signal are relev an t to a particular purp ose { whic h part should b e in terpreted as sp eec h, for example, and whic h should b e in terpreted as a do or closing, an air conditioner h umming, or another p erson in terrupting. CASA fo cuses on the computer mo deling and imple- men tation for the understanding of acoustic ev en ts One of its main researc h topics of CASA is sound stream segregation. In particular, CASA fo cuses on a general mo del and mec hanism of segregating v arious kinds of sounds, not limited to sp eci�c kinds of sounds, from a mixture of sounds. Sound stream segregation can b e used as a fron t- end for automatic sp eec h recognition in real-w orld en- vironmen ts (Okuno, Nak atani, and Ka w abata 1996). As seen in the co c ktail-part y e�ect, h umans ha v e the abilit y to selectiv ely attend to a sound from a partic- ular source, ev en when it is mixed with other sounds. Curren t automatic sp eec h recognition systems can un- derstand cle an sp eec h w ell in relativ ely noiseless lab o- ratory en vironmen ts, but break do wn in more realistic, noisier en vironmen ts. Sp e e ch enhanc ement is essen tial to enable auto- matic sp eec h recognition to w ork in suc h en viron- men ts. Con v en tional approac hes to sp eec h enhance- men t are classi�ed as noise reduction, sp eak er adap- tation, and other robustness tec hniques (Minami and F urui 1995). Sp eec h stream segregation is a no v el ap- proac h to sp eec h enhancemen t, and w orks as the fron t- end system for automatic sp eec h recognition just as hearing aids for hearing impaired p eople. Of course, sp eec h stream segregation as a fron t-end for ASR is the �rst step to w ard more robust ASR. The sound sound source group sound source single tone comp onen ts of single tone sp eec h sp eak er sex, age, attribute harmonic structure fundamen tal frequency forman t tim bre loudness AM, FM mo dulation p o w er sp ectrum LPC sp ectrum single tone harmonic structure v o w el v oiced consonan t un v oiced consonan t stop fricativ e . . . sound m usical sound instrumen tal sound string violin p ercussion piano orc hestra attribute harmonic structure fundamen tal frequency tonalit y tim bre harmon y rh ythm c hord single tone harmonics . . . mac hinery sound sound source natural sound . . . r epr esents the p art-of hier ar chy of the abstr act sound class. Figure 1: Example of sound on tology . next step ma y b e to in tegrate sp eec h stream segrega- tion and ASR b y exploiting top-do wn and b ottom-up pro cessings. Sound on tology is imp ortan t in m usical and sp eec h stream segregation on the follo wing asp ects: 1. in tegrating sound stream segregation systems, 2. in terfacing sound stream segregation systems with applications, and 3. in tegrating b ottom-up and top-do wn pro cessings in sound stream segregation. F or example, sp eec h stream segregation system and m usical stream segregation system are com bined to de- v elop a system that can recognize b oth sp eec hes and m usic from a mixture of v oiced announcemen ts and bac kground m usic. Although the b oth systems use a harmonic structure of sounds as a cue of segregation, harmonic structures extracted b y one system can not b e utilized b y the other system b ecause the de�nition of a harmonic structure and the precision of extracted harmonic structure di�er. Therefore, sound on tology is needed to share the similar information b y the b oth systems. In addition, sound on tology is exp ected to pla y an imp ortan t role in making the system expand- able and scalable. The second example is one of AI c hallenges, that is, the problem of listening to three sim ultaneous sp eec hes whic h is prop osed as a c hallenging problem for AI and CASA (Okuno, Nak atani, and Ka w abata 1997). This CASA chal lenge requires sound stream segrega- tion systems to b e in terfaced with automatic sp eec h recognition systems. In order to attain b etter p erfor- mance of sp eec h recognition, extracted sp eec h streams should ful�ll the requiremen ts on the input of auto- matic sp eec h recognition systems. Some automatic sp eec h recognition systems use p o w er sp ectrum as a cue of recognition, while others use LPC sp ectrum. Therefore, sp eec h stream segregation systems should impro v e the prop ert y of extracted sp eec h streams that is required b y a particular automatic sp eec h recogni- tion system. If one sound stream segregation system is designed to b e in terfaced with these t w o kinds of auto- matic sp eec h recognition systems, sound on tology ma y b e used as a design mo del for suc h a system. The third example is that sp eec h stream segregation should incorp orate t w o kinds of pro cessings, primitiv e segregation of sp eec h stream and sc hema-based segre- gation of sp eec h streams. Primitiv e segregation ma y b e considered as b ottom-up pro cessing b y means of lo w er lev el prop erties of sound suc h harmonic structures, tim bre, loudness, AM or FM mo dulation. Sc hemabased segregation ma y b e considered as top-do wn pro- cessing b y means of learned constrain ts. It includes a memory based segregation that uses a memory of sp e- ci�c sp eak er’s v oices, and a seman tic based segregation that uses con ten ts of sp eec hes. The imp ortan t issue is ho w to in tegrate the b oth pro cessing and sound on tol- ogy ma y b e used as a driving p o w er of in tegration. The rest of the pap er is organized as follo ws. Section 2 presen ts a sound on tology and Section 3 discusses its usage with resp ect to the ab o v e-men tioned three issues. Section 4 presen ts the on tology-based in tegration of sp eec h stream and m usical stream segregation systems. Section 5 and 6 discuss related w ork and concluding remarks. Sound On tology Sound on tology is comp osed of sound classes , de�ni- tions of individual sound attributes , and their r elation- ships . It is de�ned hierarc hically b y using the follo wing t w o attributes: � P art-of hierarc h y | a hierarc h y based on the in- clusion relation in sound � Is-a hierarc h y | a hierarc h y based on the abstrac- tion lev el in sound Some part of sound on tology concerning sp eec h and m usic is sho wn in Fig. 1. Other parts ma y b e de�ned on demand of segregating corresp onding sounds. In this pap er, w e fo cus on sp eec h and m usical stream seg- regation. A b o x depicts a P art-of hierarc h y of basic sound classes for sp eec h and m usic, whic h is comp osed of four la y ers of sound classes. A sound source in the �gure is a temp oral sequence of sounds generated b y a sin- gle sound source. A sound source group is a set of sound sources that share some common c haracteristics as m usic. A single tone is a sound that con tin ues with- out an y durations of silence, and it has some lo w-lev el attributes suc h as harmonic structure. In eac h la y er, an upp er class is comp osed of lo w er classes whic h are comp onen ts that share some common c haracteristics. F or example, a harmonic stream is comp osed of fre- quency comp onen ts that ha v e harmonic relationships. The Is-a hierarc h y can b e constructed using an y ab- straction lev el. F or example, v oice, female v oice, the v oice of a particular w oman, and the w oman’s nasal v oice form an Is-a hierarc h y. (Not sp eci�ed in Fig. 1.) With sound on tology , eac h class has some attributes, suc h as fundamen tal frequency , rh ythm, and tim bre. A lo w er class in the Is-a hierarc h y inherits the attributes of its upp er classes b y default unless another sp ecial sp eci�cation is giv en. In other w ords, an abstract sound class has attributes that are common to more concrete sound classes. In addition, an actually gen- erated sound, suc h as uttered sp eec h, is treated as an instance of a sound class. In this represen tation, seg- regating a sound stream means generating an instance of a sound class and extracting its attributes from an input sound mixture. Prop osed Usage of Sound On tology On tology-Based In tegration Sound stream segregation should run incremen tally , not in batc h, b ecause it is usually com bined with ap- plications and is not a stand-alone system. F or in- cremen tal pro cessing, w e exploit not only sharing of information but also sharing of pro cessing. Therefore, for in tegration of existing segregation systems they are �rst decomp osed in to pro cessing mo dules b y using the sound on tology as a common sp eci�cation. In this pap er, w e tak e an example of in tegrating sp eec h and m usical stream segregation. The rough pro cedure of mo dularization is as follo ws. First, ex- isting segregation systems are divided in to pro cessing mo dules, eac h of whic h segregates a class of sound in sound on tology , suc h as, harmonic structure, v oiced segmen t, and m usical note. Then, these mo dules are com bined to segregating streams according to their iden ti�ed sound t yp es. Ob viously , suc h an in tegration requires the pro ce- dure of in teraction b et w een di�eren t kinds of mo dules. T o sp ecify the relationships b et w een sounds, a r elation class is de�ned b et w een t w o sound classes. It is rep- resen ted b y a pair of sound classes, suc h as \[sp eec h, m usical note]". A relation class has the same t w o hier- arc hical structures as sound classes de�ned as follo ws: if and only if b oth classes of a relation class are at a lev el higher than those of another relation class in the Is-a hierarc h y (or in the P art-of hierarc h y), the former is at a higher lev el. In the Is-a hierarc h y, pro cessing mo dules and in teraction mo dules are inherited from a upp er lev el to a lo w er lev el unless other mo dules are sp eci�ed at some lo w er class. On tology-based sound stream segregation is exe- cuted b y generating instances of sound classes and ex- tracting their attributes. This pro cess can b e divided in to four tasks: 1. �nd new sound streams in a sound mixture, 2. iden tify classes of individual sound streams, 3. extract attributes of streams according to their sound classes, and 4. extract in teraction b et w een streams according to their relation classes. Since classes of sound streams are usually not giv en in adv ance, sound streams are treated initially as in- stances of abstract classes. These streams are re�ned to more concrete classes as more detailed attributes are extracted. A t the same time, these streams are iden ti- �ed as comp onen ts of stream groups at a higher lev el of the P art-of hierarc h y, suc h as the m usical stream. As a result, the attributes of these streams are ex- tracted more precisely b y using op erations sp eci�c to concrete classes and b y using attributes extracted for group streams. Sound On tology Based In terfacing The CASA c hallenge requires sp eec h stream segrega- tion systems to in terface with automatic sp eec h recog- nition systems. First, sp eec h stream segregation sys- tem that extracts eac h sp eec h stream from a mixture of sounds. Then eac h extracted sp eec h stream is recog- nized b y a con v en tional automatic sp eec h recognition system. As suc h an approac h, Binaural Harmonic Stream Segregation (Bi-HBSS) w as used as a sp eec h stream segregation (Okuno, Nak atani, and Ka w abata 1996). By taking the structure of \V o w el (V) + Consonan t (C) + V o w el (V)" of sp eec h in to consideration, a sp eec h stream w as extracted b y the follo wing three suc- cessiv e subpro cesses: 1. Harmonic stream fragmen t extraction, 2. Harmonic grouping, and 3. Residue substitution. The �rst t w o subpro cesses reconstruct the harmonic parts of sp eec h and calculates the residue b y subtract- ing all extracted harmonic parts for the input. Since an y ma jor attributes for extracting non-harmonic parts ha v e not b een kno wn y et, it is reasonable to substitute the residue for non-harmonic parts. Since Bi-HBSS tak es binaural sounds (a pair of sounds recorded b y a dumm y head microphone) as inputs, it uses the di- rection of the sound source for segregation. They re- p orted that the recognition p erformance with the Hid- den Mark o v Mo del based automatic sp eec h recognition system called HMM-LR (Kita, Ka w abata, and Shik ano 1990) is b etter when the residue of all directions is substituted than when the residue of the sound source direction (Okuno, Nak atani, and Ka w abata 1996). This in terface is not, ho w ev er, v alid for another auto- matic sp eec h recognition system. Our exp erimen t with one of the p opular commercial automatic sp eec h recog- nition systems, HTK (Y oung et al. 1996), sho ws that the in terface w on’t w ork w ell and that if the residue of the sound source direction is used b y residue substitu- tion the recognition p erformance is impro v ed. That is, the reason wh y Bi-HBSS do es not w ork w ell with HTM is that the cues of recognition used b y HMM-LR and HTK di�ers. HMM-LR uses only p o w er sp ectrum and ignores input signals of w eak p o w er, while HTK uses LPC sp ectrum and the p o w er of input is automatically normalized. Therefore, w eak harmonic structures in- cluded in the residue that are usually ignored b y HMM- LR causes HTK’s p o or recognition p erformance. Th us, sp eec h stream segregation systems should gen- erate an output appropriate to successiv e pro cessing. Since the system arc hitecture of sound stream segre- gation is constructed on the basis of sound on tology , adaptiv e output generation is also realized b y the same arc hitecture. Figure 2: Hierarc hical structure of sound on tology . In tegration of Bottom-up and T op-do wn Pro cessing The represen tation of single tone comp onen ts also has analysis conditions under whic h the system extracts the attributes of individual comp onen ts. This is b e- cause the quan titativ e meaning of sound attributes ma y di�er b y analysis means, suc h as FFT, auditory �lter bank, LPC analysis, and b y analysis parameters. F or example, in terface agen ts use a common abstract terminology \harmonic structure" in exc hanging infor- mation on v oiced segmen ts and on m usical notes b e- cause v oiced segmen ts and m usical notes b oth are a kind of harmonic structure based on sound on tology . Of course, v oiced segmen ts and m usical notes do not en tirely ha v e the same attributes. In fact, the time pat- terns of v oiced segmen ts are m uc h more complex than those of m usical notes, so that some harmonic com- p onen ts app ear and/or disapp ear according to their phoneme transitions, while the piano exhibits quite mark ed deviations from harmonicit y during its attac k p erio d. Moreo v er, man y frequency comp onen ts of a m usical note are often imp ossible to discriminate from those of other notes and th us are treated as a set of har- monic sounds, b ecause they con tin uously o v erlap eac h other in a c hord. These attributes should b e handled somewhat di�eren tly in eac h system. Therefore, the sp eci�c sound classes of a harmonic structure (i.e., a v oiced segmen t or a m usical note) also ha v e attributes sp eci�c to the classes. Th us, sound on tology enables segregation systems to share information on extracted sound streams b y pro viding common represen tation of sounds and corre- sp ondence b et w een di�eren t analysis conditions.

Figure 3: Common and sp eci�c pro cessing mo dules for sp eec h and m usical stream segregation. On tology-Based Sp eec h and Musical Stream Segregation Sound segregation pro cessing mo dules Sp eec h and m usical stream segregation systems are in- tegrated on the basis of sound on tology . As men tioned b efore, t w o systems, Bi-HBSS and OPTIMA (Kashino et al. 1995) are decomp osed in to primitiv e pro cessing mo dules as follo ws: � Pro cessing mo dules for sp eec h stream segregation: 1. v oice segregation, 2. un v oiced consonan ts (residual signal after all har- monic sounds are subtracted from input signal) extraction, 3. sequen tial grouping of v oice, and 4. un v oiced consonan t in terp olation. � Pro cessing mo dules for m usical stream segregation: 1. note extraction, 2. iden ti�cation of sound sources (instrumen ts), 3. rh ythm extraction, 4. co de extraction, and 5. kno wledge sources that store m usical information statistics. The relationship b et w een pro cessing mo dules are sho wn in Fig. 3. Some are common, while others are sp eci�c to sp eec h or m usical stream segregation. Three in terfacing mo dules are designed to in tegrate the mo dules; discriminator of v oice and m usical notes, primitiv e fundamen tal frequency tracer, and mediator of single tone tracers. Discriminator of v oice and m usical note Man y signal pro cessing algorithms ha v e b een presen ted to distinguish sound classes, suc h as discriminan t anal- ysis and the subspace metho d (Kashino et al. 1995). F or simplicit y , w e adopt a heuristics on the fundamen- tal frequency pattern of a harmonic stream. A Har- monic sound is recognized as a m usical note if the stan- dard deviation of the fundamen tal frequency , denoted � f 0 , for n millisecond from the b eginning of the stream satis�es the follo wing inequalit y: � f 0 = � f 0 < c , where n and c are constan ts, and � f 0 is the a v erage fun- damen tal frequency . Otherwise, the sound is treated as a part of sp eec h. Primitiv e fundamen tal frequency tracer A primitiv e fundamen tal frequency tracer is re- designed, although suc h a tracer is implicitly em b ed- ded in Bi-HBSS or Optima. The primitiv e fundamen- tal frequency tracer extracts a harmonic structure at eac h time frame as follo ws: 1. the fundamen tal frequency at the next time frame is predicted b y linearly extending its transition pat- tern, and 2. a harmonic structure whose fundamen tal frequency is in the region neigh b oring the predicted one in the next frame is trac k ed as the fundamen tal frequency . Since m usical notes ha v e a sp eci�c fundamen tal fre- quency pattern, that is, m usical scale, it can b e used as a constrain t on m usical stream. If a sound b eing traced is iden ti�ed as a m usical stream, the primitiv e fundamen tal frequency tracer is replaced b y m usical fundamen tal frequency tracer. First, fundamen tal fre- quency is predicted b y calculating its a v erage funda- men tal frequency , and the searc h region for the fun- damen tal frequency is restricted to a narro w er region than the default. As a result of using stricter con- strain ts, more precise and less am biguous fundamen tal frequencies of m usical notes can b e extracted. Mediator of single sound tracers Tw o t yp es of in teraction mo dules b et w een single sound tracers are designed in order to assign individual har- monic comp onen ts to a m usical or sp eec h stream segre- gation system: one mo dule in the relation class \[har- monic structure, harmonic structure]", and another in the relation class \[m usical note, m usical note]". The in teraction mo dule in the relation class \[har- monic structure, harmonic structure]" de�nes default in teraction, b ecause \[harmonic structure, harmonic structure]" is the paren t relation class of \[m usical note, m usical note]" and so on. This in teraction mo dule decompses o v erlapping frequency comp onen ts in to streams in the same w a y as Bi-HBSS (Nak atani, Okuno, and Ka w abata 1995b). The other mo dule in the relation class \[m usical note, m usical note]"lea v es o v erlapping frequency com- p onen ts shared b et w een sinle sound tracers, b ecause suc h decomp osing is quite di�cult (Kashino et al. 1995).

(a) Input mixture of m usic (Auld Lang Syne) and narration (female v oice) (b) Segregated harmonic stream corresp onding to narration (female v oice) (c) Segregated harmonic stream corresp onding to m usic (Auld Lang Syne) Figure 4: Sp ectrograms of input mixture and segre- gated harmonic streams. The other relation classes suc h as \[sp eec h, sp eec h]" are not explicitly sp eci�ed, but inherit the in teraction mo dules of the default relation class \[harmonic struc- ture, harmonic structure]". Results of sp eec h and m usical segregation Ev aluation is p erformed with a mixture of the m usi- cal piece \Auld Lang Syne" pla y ed on ute and pi- ano (sound syn thesized b y a sampler) and a narra- tion b y a w oman uttering a Japanese sen tence. The sp ectrograms of the input and extracted t w o harmonic streams are sho wn in Fig. 4. Although the protot yp e system tak es monaural sounds as input instead of bin- aural sounds, its p erformance of segregation is b etter in terms of pitc h errors and sp ectral distortion than that of Bi-HBSS. Of course, when fundamen tal frequencies of v oice and m usic cross eac h other, t w o sounds are not segregated w ell. This problem is una v oidable if har- monics is the only clue for segregation. As men tioned b efore, Bi-HBSS o v ercomes the problem b y using di- rectional information. Some additional mo dules suc h as an un v oiced conso- nan t in terp olation mo dule and rh ythm and c hord ex- traction mo dules are under dev elopmen t to impro v e the p erformance of segregation of all parts of v oice and m usic. Related w ork Na w ab et al. prop osed \uni�ed terminology" as uni- v ersal represen tation of sp eec h and sp oradic en viron- men tal sounds, and dev elop ed a sp ok en digit recogni- tion system using the IPUS arc hitecture, a v arian t of blac kb oard arc hitecture (Na w ab et al 1995). The idea of com bining pro cessing mo dules based on uni�ed ter- minology is quite similar to our on tology-based sound stream segregation. Since a mo dule is implemen ted as a separate kno wledge source, the pro cessing is p er- formed in batc h and incremen tal pro cessing is di�cult. W e think that HEARSA Y-I I lik e usage of blac kb oard arc hitecture whic h eac h kno wledge source has a limited capabilit y w ould require a sound on tology Minsky suggested a music al CYC pr oje ct , a m usical common sense database, to promote researc hes on un- derstanding m usic (Minsky and Lask e 1992). Ho w ev er, a collection of v arious m usical common sense databases ma y b e more easily to construt than a monolith h uge database, and w e exp ect that a m usic on tology will pla y an imp ortan t role in com bining m usical common sense databases. Conclusion Sound on tology is presen ted as a new framew ork for in tegrating existing sound stream segregation systems, in terfacing sound stream segregation systems with ap- plications, and in tegration of top-do wn and b ottom-up pro cessings. That is, sound on tology sp eci�es a com- mon represen tation of sounds and a common sp eci�ca- tion of sound pro cessing to com bine individual sound stream segregation systems. W e b eliev e that sound on- tology is a k ey to an expansible CASA system b ecause it pro vides a systematic and comprehensiv e principle of in tegrating segregation tec hnologies. F uture w ork includes design of more univ ersal sound on tology , full-scale implemen tation of sp eec h and m u- sical segregation systems, and attac king of the CASA c hallenge. Last but not least, con troling b ottom- up pro cessing with top-do wn pro cessing along with a sound on tology is an imp ortan t and exciting future w ork. Ac kno wledgmen ts W e thank Drs. Kunio Kashino, T ak eshi Ka w abata, Hi- roshi Murase, and Ken’ic hiro Ishii of NTT Basic Re- searc h Labs, Dr. Masatak a Goto of Electro T ec hnology Lab, and Dr. Hiroaki Kitano of Son y CSL for their v aluable discussions.

References Bregman, A.S. 1990. A uditory Sc ene A nalysis { the Per c eptual Or ganization of Sound . MIT Press. Bro wn, G.J., and Co ok e, M.P . 1992. A computational mo del of auditory scene analysis. In Pr o c e e dings of Intern ’l Conf. on Sp oken L anguage Pr o c essing , 523{ 526. Cherry , E.C. 1953. Some exp erimen ts on the recogni- tion of sp eec h, with one and with t w o ears. Journal of A c oustic So ciety of A meric a 25:975{979. Co ok e, M.P ., Bro wn, G.J., Cra wford, M., and Green, P . 1993. Computational Auditory Scene Analy- sis: listening to sev eral things at once. Ende avour , 17(4):186{190. Kashino, K., Nak adai, K., Kinoshita, T., and T anak a, H. 1995. Organization of Hierarc hical P erceptual Sounds: Music Scene Analysis with Autonomous Pro- cessing Mo dules and a Quan titativ e Information In- tegration Mec hanism, In Pr o c e e dings of 14th Inter- national Joint Confer enc e on A rti�cial Intel ligenc e (IJCAI-95) , v ol.1:173{178, IJCAI. Kita, K., Ka w abata, T., and Shik ano, K. 1990. HMM con tin uous sp eec h recognition using generalized LR parsing. T r ansactions of Information Pr o c essing So- ciety of Jap an , 31(3):472{480. Lesser, V., Na w ab, S.H., Gallastegi, I., and Klassner, F. 1993. IPUS: An Arc hitecture for In tegrated Signal Pro cessing and Signal In terpretation in Complex En- vironmen ts. In Pr o c e e dings of Eleventh National Con- fer enc e on A rti�cial Intel ligenc e (AAAI-93) , 249{255, AAAI. Minami, Y., and F urui, S. 1995. A Maxim um Lik eli- ho o d Pro cedure for A Univ ersal Adaptation Metho d based on HMM Comp osition. In Pr o c e e dings of 1995 International Confer enc e on A c oustics, Sp e e ch and Signal Pr o c essing , v ol.1:129{132, IEEE. Minsky , M., and Lask e, O. 1992. F orw ard: Con v ersa- tion with Marvin Minsky , In Balaban, M., Eb cio� glu, K., and Lask e, O. eds. Understanding Music with AI: Persp e ctives on Music Co gnition , ix{xxx, AAAI Press/MIT Press. Nak atani, T., Okuno, H.G., and Ka w abata, T. 1994a. Auditory Stream Segregation in Auditory Scene Anal- ysis with a Multi-Agen t System. In Pr o c e e dings of 12th National Confer enc e on A rti�cial Intel ligenc e (AAAI-94) , 100{107, AAAI. Nak atani, T., Okuno, H.G., and Ka w abata, T. 1995b. Residue-driv en arc hitecture for Computational Audi- tory Scene Analysis. In Pr o c e e dings of 14th Inter- national Joint Confer enc e on A rti�cial Intel ligenc e (IJCAI-95) , v ol.1:165{172, IJCAI. Na w ab, S.H., Esp y-Wilson, C.Y., Mani, R., and Bitar, N.N. 1995. Kno wledge-Based analysis of sp eec h mixed with sp oradic en vironmen tal sounds. In Rosen- thal and Okuno, eds. Working Notes of IJCAI-95 Workshop on Computational A uditory Sc ene A naly- sis , 76{83. Okuno, H.G., Nak atani, T., and Ka w abata, T. 1996. In terfacing Sound Stream Segregation to Sp eec h Recognition Systems | Preliminary Results of Lis- tening to Sev eral Things at the Same Time. In Pr o- c e e dings of 13th National Confer enc e on A rti�cial In- tel ligenc e (AAAI-96) , 1082{1089. Okuno, H.G., Nak atani, T., and Ka w abata, T. 1997. Understanding Three Sim ultaneous Sp eak ers. In Pr o- c e e dings of 15th International Joint Confer enc e on A rti�cial Intel ligenc e (IJCAI-97) , V ol.1:30{35. Ramalingam, C.S., and Kumaresan, R. 1994. V oiced- sp eec h analysis based on the residual in terfering sig- nal canceler (RISC) algorithm. In Pr o c e e dings of 1994 International Confer enc e on A c oustics, Sp e e ch, and Signal Pr o c essing , 473{476, IEEE. Rosen thal, D., and Okuno, H.G. eds. 1998. Compu- tational A uditory Sc ene A nalysis , NJ.:La wrence Erl- baum Asso ciates, ( in print ). Y oung, S., Jansen, J., Odell, J., Ollanson, D., and W o o dland, P . 1996. the HTK Bo ok for HTK V2.0 . En tropic Com bridge Reseac h Lab. Inc.