A UTOMA TIC GENERA TION OF PR OSODIC R ULES F OR SPEECH SYNTHESIS Y oichi Y amashita Riichir o Mizo guchi I.S.I.R., Osak a Univ ersit y 8-1, Mihogaok a, Ibaraki-shi, Osak a, 567 JAP AN yama@ei.sank en.osak a-u.ac.jp ABSTRA CT This pap er describ es automatic generation of sp eech syn- thesis rules whic h predict the accen t comp onent v alue (stress level) for the bunsetsu in long noun phrases. The rules are inductiv ely inferred from a lot of sp eech data b y using tw o kinds of tree-based metho ds, the conv en tional tree generation and the SBR-tree algorithm. The rule sets auto- matically generated b y t w o metho ds ha v e the almost same performance and decrease the prediction error to ab out 14Hz from 23Hz of the accent comp onen t v alue. The rate of the correct repro duction of the c hange, that is increase or decrease, for adjacen t bunsetsu pairs is also used as a measure of ev aluation and the generated rule sets correctly reproduce ab out 80% of the change. E�ectiveness of the rule sets is veri�ed through the listening test. And, the SBR-tree metho ds generate very compact rules which are easy for human exp erts to interpret and match with the former studies. 1. INTRODUCTION One of the b ottlenecks for realizing sp eec h syn thesis of high qualit y is the construction of a rule set which calculates acoustic or proso dic parameters. In the conv en tional w a y of developing rules for sp eec h synthesis, human exp erts ana- lyze sp eech data and make rules by hand based on the c har- acteristics of parameters. It is di�cult for them to construct a go o d set of rules taking account of many factors which ha v e an e�ect on the parameters. Thus, several metho ds of automatic generation of sp eech syn thesis rules hav e b een tried based on tec hniques suc h as inductive learning from a lot of data or estimation of sto c hastic mo dels[ ? ][ ? ][ ? ][ ? ]. Calculation of parameters in sp eec h syn thesis is one of t ypical regression problems. Since the quanti�cation method usually resolves regression problems in the linear model, it is de�cien t in capturing non-linearit y among fac- tors, whic h are called items in terms of this mo del. The neural net w ork has the p ow erful classi�cation or prediction abilit y , but the result obtained by this metho d is lik e a black box and v ery di�cult to interpret. On the other hand, tree- based metho ds ha v e the follo wing adv an tages: 1. They hav e more descriptive abilit y than the linear mo del has. 2. It is easy to in tro duce some heuristics into the pro- cess of learning. 3. It is easy to interpret the results whic h are repre- sented by trees or rules. F or these reasons, w e emplo y t w o kinds of tree-based methods, one is the conv en tional tree generation and the other is the SBR-tree algorithm which has b een prop osed as an extended algorithm of decision tree[ ? ], for inductively generating proso dic rules from a lot of sp eech data. In this pap er, the parameter to b e calculated by rules is the accen t comp onent v alue of the bunsetsu in an isolated Japanese long noun phrase, whic h is a sequence of several bunsetsus such as nouns, adjectives, noun-follo wing forms of the in- ective w ords and so on. Here, a bunsetsu is a Japanese basic syn tactic unit comp osed of a con ten t word and sev- eral function words. Prediction of the f0 con tour for the long noun phrase is one of imp ortant problems in sp eech synthesis, b ecause the f0 contour with a constant accent level for bunsetsus sounds very monotonous and unnatural. In general, the proso dy generation for phrases or sen- tences in sp eech synthesis needs the meaning and the con- text as w ell as the syntactic information. How ev er, since it is not easy to determine suc h high level informations such as the meaning and the con text, we namely adopt the syn- tactic informations of the bunsetsu such as part of sp eech, mo di�cation relationship, and so on, as features which are necessary for the prediction of the accen t comp onent of the bunsetsu in the long noun phrase. In tro ducing the existence of emphasis for the bunsetsu as a feature is also discussed. 2. F0 MODEL AND SPEECH D A T A 2.1. F0 Mo del The f0 mo del used in this pap er w as prop osed for Japanese by Hak o da and Satoh[ ? ]. This mo del represents the f0 con- tour b y accumulating the accen t comp onen t on the phrase comp onent, sho wn in Figure ?? , and a stress lev el is repre- sented with a v alue of the accent comp onen t. The frequency is expressed on the logarithmic scale in this pap er. 2.2. Sp eec h Data As sp eech data for automatic generation and ev aluation of rules, 200 long noun phrases from articles in newspa- p ers w ere uttered once b y a professional male sp eaker. Figure 1. F0 mo del based on the phrase and the accent com- p onent. T o app ear in Pr o c. ICASSP-94 1 c IEEE 1994

1. juur aino sansyainkeikakuno enerugiikaihatsu ( ’energy developmen t in the former Sun-Shine pro ject’ ) 2. nihonnougyouno ninaiteto narub eki seisanseino takai nouka ( ’farmers who are torc h bearers of Japanese agriculture and ha v e the high pro ductivity’ ) 3. anzende hinshitsuno yoi nousakumotsuno kyoukyuu ( ’supply of crops which are safe and of high quality’ ) 4. ... Figure 2. Examples of the long noun phrase. The length of the long noun phrases is 4.6 bunsetsus and 20.1 morae in av erage and the av erage sp eaking rate is 6.8 mora/sec. Examples of the long noun phrase are shown in Figure ?? . The phrase comp onents and the accen t comp o- nen ts of the bunsetsu were extracted b y visual insp ection from the f0 contour in hardcopies of display ed screen. 2.3. Description of Cases In this pap er, sp eech synthesis rules whic h predict the ac- cen t comp onen t v alue for the bunsetsu in the long noun phrase are automatically generated. Consequently , a case for the rule generation corresp onds to a bunsetsu . Each case is comp osed of 11 features and an accen t comp onen t v alue whic h is obtained b y the analysis in ?? . T otal num b er of the bunsetsu from 200 long noun phrases is 926. How ev er, 895 cases are used b ecause 31 cases are remo v ed due to di�culties of the f0 analysis such as devocalization. T able ?? sho ws 11 features describing the case. Here, B1 denotes the bunsetsu corresp onding to the case. B0 and B2 denote the bunsetsu preceding B1 and follo wing B1, resp ec- tiv ely . All features are binary . T able 1. List of features describing a case. ( B1 denotes the bunsetsu co rresp onding to the case. B0 and B2 denote the bunsetsu preceding B1 and follo wing B1, resp ectively . ) x1: y es if B1 mo di�es B2 (MOD2) x2: y es if B1 is the last bunsetsu in the proso dic phrase, no otherwise (LAST) x3: y es if B1 con tains a noun and a particle ’ no ’ (of ), no oth- erwise (NNO) x4: y es if B0 contains a noun and a particle ’ no ’ and B1 con- tains a noun, no otherwise (PRENNO) x5: y es if B1 contains a comp ound noun, no otherwise (COMP) x6: y es if the accent type of B0 is at and those of B1 is not type 1, no otherwise (HLO W) x7: y es if B1 contains a sup er�cial verb, suc h as ’ aru ’ (exist), ’ yoru ’ (base), and so on, no otherwise (A UXV) x8: y es if B1 con tains a sup er�cial noun, such as ’ koto ’ (thing), ’ tokor o ’ (place), and so on, no otherwise (AUXN) x9: y es if B0, B1, and B2 contain a verb, a noun and a particle ’ no ’, and a noun, resp ectively , no otherwise (VNN) x10: yes if B0 and B1 contain a particle ’ ni ’ (to/at) and a verb, resp ectively , no otherwise (NIV) x11: yes if B0 and B1 contain a particle ’ wo ’ (to/for) and a verb, resp ectiv ely , no otherwise (WO V) 3. A UTOMA TIC LEARNING USING TREE-BASED APPR O A CHES The problem we solve in this pap er is to predict the accent component v alue of the bunsetsu using features of the bun- setsu . This is one of t ypical regression problems, in whic h a numerical v alue results from sev eral features of input data. A tree is usually employ ed for classi�cation problems by la- b eling a leaf as the name of a class, [ ? ], how ev er it is easily applicable to regression problems by c hanging the v alue of the leaf in to a numeric[ ? ]. F urthermore, an evolv ed metho d of the decision tree, called SBR-tree (Single Best Rule tree), has b een prop osed[ ? ] and is also applicable to regression problems. 3.1. Con v en tional T ree Algorithm of con v en tional tree generation tak es the follow- ing steps: Step-1: Assign all training cases to a no de, whic h is the ro ot no de. Step-2: Select a feature describing the case in order to split the cases in to some categories and decom- p ose the no de in to descendant no des. Step-3: Rep eat the step-2 recursiv ely at new no des un til all the no des satisfy the terminating condition. The no de-splitting rule used in the step-2 is v ery imp or- tant, and a no de is split with a feature which minimizes the total prediction errors at its descendant no des. Another im- p ortant rule is necessary for the step-3 to determine whether a no de should b e split or not. A no de i b ecomes a leaf if � the prediction error at the no de i < the threshold � t , � the features of the case are exhausted, or � the depth of the no de i > the threshold � d . 3.2. SBR-tree A tree is easily conv erted into a set of rules. In a tree, eac h path from the ro ot to a leaf represents a conjunctive rule, and the set of all paths is the disjunction of the rules. The rules formed as a tree are m utually exclusive. This prop erty of the tree rules may increase the complexit y of the rule set. The SBR-tree algorithm has b een prop osed to reduce such complexity and generate simpler rules. W e can exp ect that rules generated by SBR-tree are easy to in terpret. Ho w ev er, they should b e ordered. Algorithm of SBR-tree takes the following steps: Step-1: Generate a tree using all training cases. Step-2: Select a single b est rule, which is a b est path from the ro ot to a leaf on the tree, based on an appropriate measure. Step-3: Remov e redundant tests from this single b est rule, if any . The condition part of the rule is represen ted with the conjunction of tests. If a test in the rule is hidden and the rule do es not increase the prediction error for the cases co v ered b y the rule, the test is actually remo v ed from the condition part of the rule. Ev ery test in the rule is chec k ed in order. Step-4: Remov e cases cov ered b y the selected single b est rule from the set of training cases and gen- erate a tree using the new set of the training cases. Step-5: Rep eat the step-2, -3 and -4 until the set of rules co v ers all cases. The SBR-tree algorithm needs one more strategy whic h is de�nition of the b est rule in the step-2. Three criteria are tried in this pap er as follo ws. � the shortest rule (SBRtree1) � the rule co v ering the most cases (SBRtree2) � the rule which co v ers the most cases p er the depth of the leaf (SBRtree3) 2

4. EV ALUA TION 4.1. P erformance of Rules The N -fold cross v alidation (CV) w as utilized for ev aluation of rules in order to make use of as many training cases as possible. That is, the case set L is divided into N subsets L k ( k = 1 ; 2 ; � � � ; N ). Rules are inductively generated from the training cases L � L 1 and are ev aluated for the testing cases L 1 . Next this pro cedure is rep eated with other test sets, L 2 to L N . The total p erformance of the CV metho d is the a v erage of N results. The n um ber of the subsets, N , is 20 in this ev aluation. T able ?? sho ws the b est p erformance of rules generated b y the conv en tional tree and the SBR-tree. Three kinds of SBR-tree w ere tried with the di�erent measures of the b est rule, men tioned in ?? . The rules are ev aluated on tw o crite- ria; one is the prediction error of the accent comp onent and the other is the rate of the correct repro duction of c hange, that is increase or decrease, of the accent comp onen t for adjacen t bunsetsu pairs. The latter gives ev aluation from a viewpoint of relative c hange of f0. The de�nition of the correct repro duction is that the c hange of the accen t comp onent predicted b y rules is the same as original one of sp eech data for the adjacent bun- setsu pair. In a preliminary exp eriment, we inv estigated the deviation of the accent comp onent for the same utter- ance using 30 long noun phrases uttered �v e times by one speaker. In result the deviation was ab out 6.5Hz. In gen- eral, sp eech utterances con tain some uctuations and one nev er pro duces exactly the same sp eec h w a v e again. It is important to ev aluate rules considering these uctuations. Therefore, the repro duction rate is calculated without ad- jacen t bunsetsu pairs which ha v e less di�erence than the deviation of the accent comp onent. In this table, CONST means that the accent comp onent v alue is predicted as a constan t v alue, whic h is the av erage o v er all cases. This table says that automatically generated rules are v ery e�ectiv e for predicting the accent comp onent v alue and that there are little di�erences of p erformance among 4 metho ds. 4.2. Size of Rules T able ?? compares the size of rule sets generated b y 4 meth- ods. The second column is the num b er of leav es or rules, for the tree rules or the SBR-tree rules, resp ectively . The last column is the av erage depth of the leav es or the a v erage n um b er of tests in each rule similarly . The SBR-tree meth- ods generate more compact rule sets than the conv en tional tree metho d do es. 4.3. An Example of Generated Rule An en tire rule set generated b y SBR tree1 is sho wn in Fig- ure ?? . In this �gure, the condition part of the rule is enclosed by brack ets and the n um ber next to the arro w is the action part of the rule, that is the predicted v alue of the accen t comp onent on the logarithm scale. Enclosed b y T able 2. Perfo rmance of rule sets. metho d error[Hz] repro duction rate[%] Con v en tional tree 14.2 84.1 SBRtree1 15.1 80.6 SBRtree2 14.4 84.1 SBRtree3 14.4 84.5 CONST 23.2 - T able 3. Size of rule sets. metho d size lea v es/rules depth/conditions Con v en tional tree 49.3 6.97 SBRtree1 13.1 1.35 SBRtree2 20.4 3.30 SBRtree3 21.2 2.83 rule1: [ COMP=yes ] -> 0.810 (250) rule2: [ LAST=yes, AUXV=yes ] -> 0.319 (19) rule3: [ LAST=yes ] -> 0.527 (169) rule4: [ VNN=yes] -> 0.957 (10) rule5: [ AUXN=yes ] -> 0.496 (5) rule6: [ MOD2=yes, AUXV=no ] -> 0.771 (317) rule7: [ WOV=yes ] -> 0.397 (3) rule8: [ AUXV=no, NIV=yes ] -> 0.420 (2) rule9: [ NNO=yes ] -> 0.746 (24) rule10: [ AUXV=no ] -> 0.633 (19) rule11: [ NIV=yes ] -> 0.350 (4) rule12: [ MOD2=yes, HLOW=no ] -> 0.505 (10) rule13: [ MOD2=yes ] -> 0.400 (9) rule14: [ ] -> 0.320 (6) Figure 3. An entire rule set generated b y the SBRtree metho d. parentheses is the num b er of cases which the rule matches with. As the SBR-tree metho d generates ordered rules, the rule whic h �rst matches with each bunsetsu is executed to predict the accen t comp onent v alue of the bunsetsu . Ob- serving these rules, we can in terpret them as follo ws. � The comp ound noun has a v ery large accen t comp onen t v alue (rule1). � Sup er�cial v erbs and nouns ha v e v ery small accen t comp onen t v alues (rule2,5). Since they are tigh tly re- lated to the preceding bunsetsu , the accen t comp onen t is suppressed. � The bunsetsu directly mo difying the next bunsetsu has a slightly large accent comp onen t v alue (rule6). This rule matches with the former study conducted by Hakoda and Satoh[ ? ]. They explained that the tightly connecting b oundary of the bunsetsu , which is de�ned as the direct mo di�cation, suppresses the accent com- p onen t of the follo wing bunsetsu . � V erbs which are tigh tly connected to the preceding bun- setsu with the particle ’ wo ’ (to/for) or ’ ni ’ (to/at) ha v e very small accent comp onen t v alues (rule7,8,11) and nouns follo w ed by the particle ’ no ’ (of ) hav e large ac- cent comp onen t v alues (rule9). Hak o da also p ointed out that the type of the mo di�cation relationship is im- p ortan t to the f0 con trol and the bunsetsu connection with the particles ’ ni ’, ’ wo ’, and ’ no ’ are categorized into the tight connection[ ? ]. � Nouns preceded b y a verb and follo w ed b y a noun ha v e very large accent comp onent v alues (rule4). 4.4. Listening T est In order to v erify the e�ectiveness of automatically gener- ated rule sets, the listening test w as carried out. 10 long noun phrases, whic h were taken from 200 phrases, were synthesized with the acoustic parameters obtained by the analysis except for the accent comp onent. The accent com- p onent v alue is constant (CONST), the same as the orig- inal analysis result (ORIG), or predicted by the automat- ically generated rules of SBRtree1 (RULE1) or SBRtree2 3

T able 4. Result of stimulus comparisons. less natural CONST R ULE1 R ULE2 ORIG CONST - 47 47 34 more RULE1 63 - 59 52 natural RULE2 63 51 - 63 ORIG 76 58 47 - Figure 4. Audito ry distance of four kinds of stimuli. (R ULE2). Th us, four kinds of stim uli for eac h phrase w ere presen ted to 11 sub jects. The sub ject judged whic h has more natural intonation for all com bination pairs of four kinds of stimuli. T able ?? shows the result of paired com- parisons and four kinds of stim uli are arranged on the line b y the Th urstone case V metho d as sho wn in Figure ?? . This result sho ws that sp eec h syn thesized b y using rules is near to the original one in the auditory sense. 4.5. Emphasis of Bunsetsu in Utterances In the exp erimen ts men tioned ab ov e, we used only syn tactic information as features describing cases of the bunsetsu . Al- though we did not give the sp eak er any instruction related to emphasis, he actually emphasized some bunsetsus in the long noun phrases. W e inv estigated the emphasized bunset- sus b y listening all long noun phrases. The 133 bunsetsus w ere uttered with full emphasis, and the 145 bunsetsus with half emphasis. In order to predict the accen t comp onent v alue using se- man tic information, w e added one feature in to those shown in T able ?? and retried the rule generation by the SBR1 method. The new feature is related to emphasis of the bunsetsu and takes one of three v alues; full, half, and no emphasis. In tro duction of this seman tic feature lead to the drastic impro v emen t. The prediction error is reduced to 12.2Hz from 15.1Hz and the correct repro duction rate is increased to 92.3% from 80.6%. Since the emphasized bunsetsus hav e usually the large ac- cen t comp onen t, it is rather natural that the new feature of the emphasis reduces the prediction error. This result made it clear that the seman tic information ab out the out- put message to b e conv erted in to the sp eech is essen tial to the sp eech synthesis of high qualit y . W e b eliev e that it is im- portant to consider the representation scheme of the output message and the dialog pro cessing in the sp eech in terface system in order to add semantic features to the message, especially for sp oken dialog syn thesis[ ? ]. 5. CONCLUSIONS This pap er describ ed metho ds of the automatic generation of sp eec h syn thesis rules whic h predict the accent comp o- nen t v alue. The construction of a rule base is one of the most imp ortan t and di�cult problems in sp eech syn the- sis by rule. Automatic generation of sp eech syn thesis rules based on a lot of sp eec h data is a promising paradigm whic h o v ercomes this b ottleneck of sp eech synthesis. The meth- ods prop osed are based on tw o kinds of tree-based inductiv e learning algorithms, the conv en tional tree generation and SBR-tree. The generated rule sets were ev aluated b y using the pre- diction error for the bunsetsu and the rate of the correct repro duction of the change for adjacent bunsetsu pairs. Ef- fectiveness of the rule set w ere v eri�ed through the listening test. Tw o metho ds do not di�er very muc h to each other with regard to the p erformance, but SBR-tree generates more compact rule sets than the con v en tional tree do es. Particularly , the SBR-tree metho d with the de�nition of the b est rule as the shortest path drastically reduces the complexity of the rule set. The rule set by the SBR-tree metho d is quite easy for human exp erts to in terpret and matches with the former study . In a supplementary exp er- iment, introduction of a feature ab out emphasis impro v ed the p erformance of the rules. Although sp eech data used in this pap er is restricted to the long noun phrase, there is no limitation of the range which the tree-based metho d is applicable to. These meth- o ds can easily apply to the rule generation for sentences. REFERENCES [1] Y amashita, Y., T aniguc hi, K., Mizoguchi, R., Y anagida, M. and Kakusho, O., \A Supp ort System for Constructing Rules Base for Sp eec h Synthesis b y Rule {Automatic Extraction of Syn thesis Rules{", T r ans. of IEICE , J71-D, 6, pp.1012{1019, 1988 (in Japanese). (also app eared in Systems and Computers in Jap an , 21, 4, pp.15{25, 1990) [2] Sagisak a, Y., \On the Prediction of Global F0 Shap e for Japanese T ext-to-Speech", Pr o c. of ICASSP ’90 , S6a.9, pp.325{328, 1990. [3] Riley , R.D., \T ree-Based Mo delling of Segmen tal Du- rations", T alking Machines: The ories, Mo dels, and De- signs , North{Holland, pp.265{273, 1992. [4] Kaiki, N., Mim ura, K. and Sagisak a, Y., \Statistical Mo deling of Segmental Duration and Po w er Con trol for Japanese", Pr o c. of Eur osp e e ch ’91 , pp.625{628, 1991. [5] Hakoda, K. and Satoh, H., \Proso dic Rules in Con- nected Sp eech Synthesis", T r ans. of IECEJ , J63-D, 9, pp.715{722, 1980 (in Japanese). [6] Hakoda, K., Nak a jima, S. and Hirok a w a, T., \A Rule for Deciding T one Con trol Symbols in T ext-T o-Sp eec h Conv ersion", IEICE T e ch. R ep. , SP89-5, pp.33{38, 1989 (in Japanese). [7] Quinlan, J.R., \Induction of Decision T rees", Machine L e arning , 1, pp.81{106 1986. [8] Breiman, L., F riedman, J.H., Olshen, R.A. and Stone, C.J., \Classi�cation and Regression T rees", W adsw orth & Bro oks, 1984. [9] Indurkhy a, N. and W eiss, S.M., \Iterativ e Rule Induc- tion Metho ds", Applie d Intel ligenc e , 1, pp.43{54, 1991. [10] Y amashita, Y., Mizutani, N., Kakusho, O. and Mi- zoguchi, R., \Sp eech Syn thesis from Concept Repre- sentation in General Sp eech Output In terface", T r ans. of IEICE , J76-DI I, 3, pp.415{426, 1993 (in Japanese). (also to b e app eared in Systems and Computers in Jap an ) 4