References [1] Bourlard, H., Morgan, N. (1992). \CDNN: Con text Dep enden Neu- ral Net ork for Con tin uous Sp eec Recognition", IEEE Pr c. Intl. Conf. on oustics, Sp ch, and Signal Pr essing pp. I.349-352, San ran- cisco, CA. [2] Bourlard, H., Morgan, N. (1994). Conne ctionist Sp ch gnition, Klu er Academic Press [3] Hampshire, J.B., aib el, A. (1990). \Connectionist Arc hitectures for Multi-Sp eak er Phoneme Recognition", dvanc es in Neur al Information Pr essing Systems D. ouretzky (ed.), Morgan Kaufmann, CA. [4] Hermansky H. (1990). \P erceptual Linear Predictiv (PLP) Analysis of Sp eec h", Journal of the oustic al So ciety of meric a, 87:1738-1 752. [5] Jacobs, R., and Jordan M. (1993). \Linear Piecewize Con trol Strategies in Mo dular Neural Net ork Arc hitecture", IEEE ans. on Systems, Man, and Cyb ernetics, Marc h/April 1993, ol. 23, nr. 2, pp. 337-345. [6] Konig, Y., and Morgan, N. (1993). \Sup ervised and Unsup ervised Clus- tering of the Sp eak er Space or Connectionist Sp eec Recognition" Pr c. IEEE Int. Conf. oustics, Sp ch Signal Pr essing, [7] Krishnaiah, .R. and Kanal, L.N., eds. (1982). Classi�c ation, Pattern gnit ion, and duction of Dimensionality. Handb ok of Statistics, ol. 2. Amsterdam: North Holland. [8] Morgan, N,. Bec k, J., Kohn, ., Bilmes, J., Allma n, E., and Beer, J., \The Ring Arra Pro cessor (RAP): ultipro cessing eripheral for con- nectionist applications," Journal of arall el and Distributed Computing, Sp ecial Issue on Neural Net orks, ol. 14, pp.248-259, 1992 [9] Price, ., Fisher, W., Bernstein, J., and allett, D. (1988). \A Database for Con tin uo us Sp eec Recognition in 1000-W ord Domai n", Pr c. IEEE Int. Conf. oustics, Sp ch Signal Pr essing, pp. 651. [10] Robinson, T., Almeida, L., Boite, J.M., Bourlard, H., allside, F., Ho erg, M., Kersha w, D., Kohn, ., Konig, Y., Morgan, N., Neto, J.P ., Renals, S., Saerens, M., oters, C. (1993). \A Neural Net ork Based, Sp eak er Indep enden t, Large cabulary Con tin uous Sp eec Recognition System: The WERNICKE Pro ject", Pro ceedings of EUR OSPEECH’93 Septem er 21-23, Berlin, German [11] Sc artz, R. (1993). Oral Presen tation, Sp ch ese ar ch Symp osium XIII Johns Hopkins four-cluster case is 7.5 hours for the rate-of-sp eec nets and hours for the k-means nets (an erage of hours er net). The total training time for the o -cluster case is 18 hours for the rate-of-sp eec nets, and 11.5 for the k-means nets (a erage of 7.5 hours er net). Discussion In this pap er, ha prop osed arallel Net arc hitecture for reducing the training time of the ybrid HMM/MLP system. Eac of the exp erts in the system are trained on one region of the sp eak er space, hence making eac net quasi -sp eak er-dep enden probabilit estimator. In our initial pilot exp eri- men ts, observ ed strong gender e�ect. Also, there as strong evidence of er-tuning to the same category data. These observ ations motiv a ted us to restructure our exp erimen ts to reduce er-�tting, and to factor in gender e�ects. retrained the exp erts using same-gender SI cross-v alidation to oid er- tuning. Also to further reduce er-�tting to the SD data, cut the um er of parameters factor of four and used smaller learning rate. exp er- imen ted with di�eren eragi ng sc hemes: eigh ted vs. equal, and erage of scaled-lik eliho ds vs. sum of osteriors divided sum of priors. The theory [see also Jacobs Jordan, 1993] suggest that non-uniform eigh ting mec hanism is desirable. Ho ev er, in our exp erimen ts, the eigh ted erage as simil ar, if not orse, than an equal eigh ted erage. This ma only mean that did not dev elop the correct metho for determining the est eigh ts in these examples; but in an ev en the evidence ha so far do es not supp ort computed eigh ts, and equal eigh ts in an ev en seem to ork ell enough to supp ort parallel approac h. Also, consisten tly got etter results from eraging scaled lik eliho ds (equation vs. 1). The erage error rate of the arallel Net arc hitecture as etter than oth the est SD system and the erage error rate of all the female-SD systems, and the four-cluster mal systems. urthermore, the erformance of the arall el Nets as comparable to single net trained on the aggregate training data. Giv en the shorter training time and the oten tial for taking adv an tage of parallel arc hitectures, eliev that the arallel Net arc hitecture is the preferable arc hitecture. Ac kno wl edgm e t ould lik to thank Eric osler, hai Konig, and Gary jc hm an for their help and advice. also thank the National Science oundatio for its supp ort through gran MIP-9311980, as ell as general supp ort from ICSI. ord Recog ercen Error Male Set System Rate-of-Sp eec K-means CL CL CL CL PN, Eqn (2), eql wgts 8.1 7.0 8.8 8.0 PN, Eqn (2), gating, +sm th 7.7 8.1 8.6 8.1 PN, Eqn (1), eql wgt 11.0 11.1 13.5 11.5 Best Net 7.6 7.7 8.2 9.8 Avg of Nets 9.4 9.1 10.6 11.9 able 2: ord Recognition ercen Error for eac of the systems tested on RM ebruary 1991 SI male ev aluation data. The \Best Net" column represen ts the error rate of the est single net. The \Avg of Nets" is the erage of ord recognition error of the nets. 4.2 Results used the male RM SI data for training, as men tioned ab e. Eac of the nets in the o-cluster exp erimen ts ere 512 hidden units eac h, and in the four-cluster exp erimen ts ere 256 hidden units, making the um er of parameters to the same across all systems. Eac net as trained on partition of the training data with error bac k-propagation, started with learning rate of 0.008, and as cross-v alidated on mal data from ebruary 1989 RM SI ev aluation data to determine the stopping oin for the training. The same data as also used for dev elopm en purp oses, for example setting the ord transition enalt In order to erform fair comparison et een the arallel Net arc hitecture and monoli thic net, trained 1000 hidden units net on all the mal RM SI data. tested all the systems on the mal sp eak ers of the ebruary 1991 RM SI ev aluatio data. The ord recognition error rate of our standard baseline system (whic is trained on all genders of RM SI training data) as 8.9% for the males only In comparison, the error rate of the monoli thic all-m ale system as 7.3%, whic is signi�can tly etter at 05 lev el. The results of the arallel Net arc hitecture, presen ted in able 2, are simil ar to that of the all-m ale monol ithic net for the four-cluster cases, and the di�erence in error rates are not signi�can (7.0% and 8.0% for the four-clusters ersus 7.3% for the male monoli thic net). eigh ted eraging giv es orse results compared to the equal eigh ted eraging approac if the eigh ts of the gating net ork are used directly By in tro ducing sp eak er con tin uit constrain and eragi ng the eigh ts er sen tence (+sm th ro w), the results of the eigh ting sc heme impro and approac that of the equal eigh ting one. The total training time for the monol ithic net on our sp ecial purp ose hardw are [Morgan et al, 1992] is 18 hours. Ho ev er, the total training time for the section of the sp eak er space. exp erimen ted with splitting criteria: rate-of-sp eec h, and k-means clustering. 4.1 Splitting the Sp eak ers First, used priori kno wledge ab out the domai and allo cated the sp eak- ers to groups based on their rate-of-sp eec h, where (in erse) rate-of-sp eec is measured as erage um er of seconds er ord. In the second metho d, use the k-means clustering [e.g., Krishnaiah Kanal, 1982] algorithm. 4.1.1 Dividi n the Space Based on Rate-of-Sp eec Tw observ ations motiv a ted us to exp erimen with this split of the data. In the most recen ARP WSJ ev aluation, researc hers rep orted signi�can tly higher error rates on fast sp eak ers in the ev aluati on test set. The second motiv a tion comes from our earlier results (section 3.2). analyzed the relationship et een the rate-of-sp eec of the female test sp eak ers the SD system’s training data and ord error rate. In order to ha su�cien training data for eac net, hose to exp erimen with and four clusters. 4.1.2 K-means Clusterin or the k-means clustering algorithm, use distance measure explained elo w. Let :::; :::; the feature ector sequence cor- resp onding to the sp eec of sp eak er where eac is ector, :::; n :::; n or eac sp eak er calculate mean ector :::; :::; and co ariance ector :::; :::; for eac broad phonetic category :::J De�ne the distance et een sp eak er and sp eak ers as: =1 min =1 log nd (3) So, for calculating the distance et een sp eak ers, use the ’s and ’s of one sp eak er, and the feature ectors of the other. Except for the distance measure, follo the standard k-means clustering algorithm. can replace the gating net ork using this distance measure. In order to determine the eigh ts to use for eac of the scaled lik eliho ds, measure the distance of the unkno wn test sp eak er to the cluster cen ters and use an estimated probabilit (computed assuming Gaussian distribution with diagonal co a riance matrix), the normali zed distance as eigh t. Co aria nc matrix assumed to diagonal. The �v broad phonetic categorie are based on the phonet ic classes in the TIMIT set; they are fricativ es, liquids, nasals, stops, and e ls. sp eak ers (from RM ebruary 1989 SI ev aluation set, as men tio ned ab e). or fair comparison et een the parallel arc hitecture and single-net sys- tem, trained one net on the aggregate training data of the �v SD systems, and cross-v alidated the training using female SI data (as explained ab e). hose 1000 hidden unit net that has ab out an equiv alen um er of parameters as the �v female nets altogether. otstrapp ed this net from TIMIT net in order to reduce the total training time. The initial learning rate as 0.008. net that as trained on the aggregate data of the SD nets, the female SI net, has an error rate of 7.4%. All of our exp erimen tal nets erformed orse than this, but giv en small data set of only sp eak ers, the results ere not considered conclusiv e. Ho ev er, the erage error rate for the arall el Nets using eqn (2) with an equal eigh for eac SD system is fairly close to the female SI net, with the arallel Net ha ving 13.5% more relativ ord error than female SI (8.4% ersus 7.4%). This is not statistically signi�can di�erence at the 05 lev el for this test set, so that in some sense there is no demonstrable di�erence in erformance. The erage erformance of the arallel Net arc hitecture is etter than oth the erage error of the SD systems’ (13.0%) and the est SD system (9.7%) (signi�can tly so for the erage case). Comparing the erformance of our em ale SI net with our baseline ybrid HMM/MLP system, observ that em al SI has ab out 40% more relativ error (7.4% ersus 5.3%, whic is signi�can at the 05 lev el) than the gender-indep enden SI net. This is unsurprising, since the baseline SI net is trained on er 30 sp eak ers and is trained longer. The emal SI net, in con trast, is only trained on �v sp eak ers and go es through half as man ep hs of training. The ob vio us remedy ould to train the emal SI net on more female sp eak ers. In other ords, train more SD systems to get etter represen tation of the sample space. Another ossibilit is to train eac SD net on or more same-gender sp eak ers that are in the same region of the sample space, creating quasi- SD nets and increasing the co erage of the sample space that This conjecture as the basis for the main set of exp erimen ts. erim e t and Results In order to get etter represen tation of the sp eak er space, increased the um er of training sp eak ers in the next exp erimen t. used the male sp eak ers’ data from the RM SI training set (No em er 1989), consisting of 49 male sp eak ers, eac uttering 40 sen tences. Since there is little training data for eac sp eak er, training 49 SD nets as not feasible. Instead, can divide the sp eak er space based on some criterion and train one net on eac Gender E�ects on ercen ord Error raining Sp eak er est Sp eak er Male em ale Male 45.4 111.7 emal 106.4 38.1 able 1: Gender E�ects on ord Error. This table sho ws the erage error rate of SD em ale (Male) nets when tested on SI emal (Male) data. Er- ror rates of higher than 100% are due to coun ting insertions, deletions, and substitutions as errors. There as an in teresting unexp ected result: the SD system with the orst recognition score on its wn data generalized est to the sp eec of unkno wn sp eak ers. On the other hand, system whic as alm ost erfectly tuned to sp eec from the same sp eak er generalized the orst. While not all the systems ob ey ed this rule, it as general trend. This suggested that should use SD nets that are not as fully tuned to the same sp eak er’s data. 3.2 Retraining the Exp erts In the next group of pilot exp erimen ts examined the e�ect of using sp eak er- indep enden cross-v alidation to oi er�tting to the sp eak er-dep enden training data. also reduced the um er of parameters in con trast to the �rst exp erimen (again to com bat er-�tting). hanged the size of the hidden la er from 1000 hidden units to 256 hidden units for eac net. In order to reduce the training time, otstrapp ed eac of the nets from 256 hidden units net that as previously trained on the hand-lab eled SI TIMIT database. Our training data for eac net as 600 SD sen tences. Same- gender SI data for cross-v alidatio as hosen from the RM No em er 1989 SI training set: 460 sen tences with 23 sp eak ers for the female set, and 490 sen tences with 49 sp eak ers for the male set. used lo er learning rate 0.004) than for the pr etr aine nets. Eac net en through only 1-2 ep hs of training efore cross-v alidation erformance indicated that training should stopp ed. estimate ), trained gating net ork [Hampshire aib el, 1990]. used net with 10 hidden units, 234 input units, and output units (where is the um er of nets). It as trained with bac k-prop to asso ciate eac feature ector with the lab el of the training sp eak er. In eac of the exp erimen ts elo w, ha run Viterbi deco ding on the output of eac SD net and rep orted the results. Based on the strong gender dep endencies that observ ed, hose one gen- der (the female set) for the follo wi ng exp erimen ts. The female set comprises �v female SD systems (RM SD training data), and four female unkno wn test (nets) should trained on subsets of data with di�eren statistical prop er- ties. In all the exp erimen ts rep orted here, use sp eak er-dep enden split in the training data. ilot erim en ts 3.1 sing Pretrained ets In our �rst pilot exp erimen t, used el (�v female and sev en male systems) pr etr aine sp eak er dep enden (SD) estimators, eac of whic ere trained on data from one sp eak er of the RM SD No em er 1989. By pr etr aine mean that the nets ere previously trained to maxim ize the accuracy of SD recognition. Eac net had 1000 hidden units, 61 outputs, 234 input units 26 PLP and delta PLP features frame windo size), and trained with phonetic lab els whic had gone through iterations of forced viterbi realignmen t. 500 of the SD sen tences ere used for training, and 100 ere held out for cross-v alidation. The nets ere trained starting with learning rate of 0.008, and the training to ok 4-6 ep hs. The ord recognition error rate of eac system on the same sp eak er’s test data (RM Jan uary 1990 SD ev aluation 25 sen tences er sp eak er) ranges from 1.8% to 11.3% while the error rate on the RM ebruary 1989 SI ev aluati on test set (300 sen tences, 10 sp eak ers, of whic are female and male) ranges from 64.6% to 82.0%. eraged (equal eigh ting) the scaled lik eli ho ds of eac of the SD sub- systems using equation (2) and got 22.6% ord recognition error, whic is etter than the erformance of oth the est SD sub-system and the erage of all the SD sub-systems. Ho ev er, this error rate is not comparable to that of monoli thic SI system (a net trained on RM No em er 1989 SI data), whic has an error rate of ab out 5.1% for the same SI recognition task. Up on analyzing the results, came across striking gender e�ects, as sho wn in able 1. Sub-systems trained on male sp eec generalized etter to male sp eec than to female sp eec h; vice ersa for female nets. This pro vided moti- ation for another exp erimen t: if the test sp eak er’s gender is female (male), only allo ed the probabilities generated female (male) systems to tak part in calculating the erage scale lik eliho d. Since this as pilot exp eri- men t, the gender of the test sp eak ers ere known to the system. It is ossible, ho ev er, to build gender detector whic reliably (appro x. 98% accuracy) detects the gender of the test sp eak er [Konig Morgan, 1993]. able sho ws the strength of this e�ect. Av eraging in gender-based further decreases the erall ord recognition error to 16%. PLP stands for erceptu al Linear Predictiv analysis [Hermansky 1990] It should also noted that these pr etr aine nets ere trained appro xi ma tely ears ago so that the ra error um e rs are probabl somewhat higher than our curren systems ould ac hie e. highly-dim ensioned join probabilities, suc as the scaled lik eliho of the data including large acoustic con text. Additionally the MLP training is in- heren tly discriminan t, maki ng e�ectiv use of parameters for limi ted training data, and estimating relativ ely detailed densities without strong parametric assumptions. Ov er the last few ears, ha observ ed in um er of in- stances that the direct substitution of suc an estimator for tied-mixture mo dule has resulted in signi�can impro em en ts. are curren tly using recognizer called Y0 (describ ed in [Robinson et al., 1993]), whic uses single densit er phone with rep eated states for simple durational mo del. The densities are trained with no explicit incorp oration of phonemic con text (e.g., triphones). Our curren results on ARP Resource Managemen (RM) test sets sho erformance that is comparable to that of uc more complex con text-dep enden systems; the recognition ord error on the ebruary 1989 test set of the baseline ybrid HMM/MLP system, used here for comparison, as equal to 5.1% (including insertions, deletions, and substitutions). In the curren exp erimen ts, train ulti ple net orks on separate partitions of the training set. If represe ts cluster let the probabilit that is etter matc than If all ’s are utuall exclusiv e, and co er all ossible cases, =1 1, can calculate the lik eli ho ds (within constan factor y: =1 x; =1 (1) where is an HMM state, represen eac of the MLPs, and is the probabilit that is the \correct" estimator of the sound class, giv en the data or instance, in the case of male/fem a le partition, this probabilit ould the probabilit that the sp eak er is male or female (2 probabilities that sum to 1). As an alternativ e, calculate eigh ted erage of the scaled lik eliho ds: =1 x; (2) In some of our exp erimen ts, ha used simpli �ed form of the ab form ula and inserted an equal eigh eraging factor of =n instead of ). This amoun ts to the follo wi ng assumptions: that is indep enden of the data, and that all priors of are equal (i.e., male prior equal to female prior). Mixture of exp erts approac hes are most e�ectiv when eac exp ert has dif- feren statistical prop erties and biases. Therefore, eac of our sub-systems This is sp eak e r-in dep en den con ti uo us sp eec recogni tion task that has ca bul ary of roughly 1000 ords and uses ord-pair gramm ar with erplexi 60; it is describ ed in man places in the sp eec literature includin [Price et al, 1988]. on disjoin elemen ts in the training set, and then com bi ned in some manner, comm unication is minim i zed. Additionally there is some hop that the righ partitioning and eigh ting of the separate estimates could pro vide some im- pro em en in erformance; for instance, in the gender case, separating male and female training data has some demonstrable adv an tages. There is some evidence that data splitting should at least pro vide equiv alen erformance. In one rep ort at recen SRS meeting, R. Sc artz of BB&N describ ed an exp erimen in whic Hidden Mark Mo del (HMM) Gaussian mixture parameters ere separately estimated for individual sp eak ers and then eraged [Sc artz, 1993]. The resulting system as comparable in erformance to more standard estimator that as trained on the oled data from all sp eak ers. Of course, this exp erimen rep orted the estimation of data lik eliho ds and the eragi ng of Gaussian parameters, and this do es not necess arily sho that osterior estimator lik Multi-la er erceptron (MLP) will ermit simil ar parallelization. Ho ev er, it suggests that test is orth whil e. Recen results in applying the split net strategy in con trol theory [Jacobs Jordan, 1993] are another indication that suc approac ma adv an ta geous. Another related e�ort as that of the Meta-Pi net ork [Hampshire aib el, 1990]. In this approac h, sp eak er-dep enden estimators for oiced stop conso- nan probabilities ere eigh ted and summed with gating elemen ts trained with error bac k-propagati on. or source dep enden sp eak er (i.e., one of the six training sp eak ers), the erformance of the Meta-Pi arc hitecture on six sp eak er three phone (/b,d,g/) task as comparable to sp eak er dep enden system. or source indep enden (i.e., unkno wn) sp eak er, ho ev er, the error rate as almost tripled. In the ork describ ed here, also are using an MLP trained with bac k- propagation; ho ev er, these estimators are trained to discriminan for the 61 phone set of TIMIT. ha fo cused our e�orts on the sp eak er- indep enden case. In other ords, ould lik our mixture of estimators to erform at least as ell as monolithi estimator (whic as trained on all of the data) when tested on an unkno wn sp eak er (whic as not presen in the training data). roac In our exp erimen ts use estimators that are based on the ybrid HMM/MLP metho as explained in [Bourlard Morgan, 1994]. The main idea in this metho is to train an MLP (using squared error or relativ en trop crite- rion) for phonemic classi�cation; suc net can used as an estimator of osterior class probabilities, and when divided class priors can estimate scaled lik eli ho ds. The MLP estimator has the oten tial adv an tage (o er standard Gaussian or Gaussian mixture estimators) of the abilit to estimate arallel raining of ro ilit stim ators for eec Recognition: ender- ased roac ir ri, ar In ternational Computer Science Institute, Berk eley California 1947 Cen ter St, Suite 600 Berk eley CA. 94704 el: (510) 642-4274, (510) 643-7684 nikki, morgan, ourlard icsi.b erk eley . edu rs rr r, r. rs s. tro duction In previous ork, ha examined the factorization of Multi-la er ercep- trons (MLPs) that are view ed as probabilistic estimators. In particular cases, partitioned out the in uence of phonemic con text [Bourlard Mor- gan, 1992], and of sp eak er gender [Konig Morgan, 1993]. These partition- ings ermitted the ev aluation of the osterior probabilities of large um er of classes without the explicit computation of uge output la er. In our curren ork, are in terested in partitioning not only the net ork estimators, but also the training data. This is of increasing relev ance as mo to larger and larger data sets. Cycling through these data requires more than linear increase in computation, as the estimators themselv es should (ideally) expanded to greater um er of parameters in order to tak adv an tage of the increased co erage in the training materials. aralleli sm is oten tial remedy for this increased computational burden, but dep ending on the mac hine and the algorithm comm unications costs can erwhelm an adv an tag due to umerical parallelization. raini ng set par- allelism is oten tial cure for this di�cult If ul tiple estimators are trained