PREDICTION OF F0 P ARAMETER OF CONTEXTUALIZED UTTERANCES IN DIALOGUE Y. Y amashita R.Mizo guchi I.S.I.R., Osak a Universit y 8-1, Mihogaok a, Ibaraki-shi, Osak a, 567 JAP AN f yama,miz g @ei.sank en.osak a-u.ac.jp ABSTRA CT In order to syn thesize natural sp ok en dialogue, it is necessary to incorp orate dialogue information in to gen- eration of the surface sen tence and the proso dy . This pap er describ es the prediction of F0 maxim um for mi- nor phrases in dialogue based on a tw o-step predic- tiv e metho d. Sp ecial attentions are directed to sp eci�c phrases con taining the p erson’s name or the da y of the w eek in the sc hedule arrangement task in order to nar- ro w the div ersit y of c haracteristics of F0 parameters in dialogue. Sev en features were iden ti�ed as dialogue in- formation which are useful to predict the F0 parameter. Tw o D-rule sets deriv ed from the p erson’s name or the da y of the w eek are very similar to one another. They reduce the total prediction errors b y ab out 50% for the data whic h ha v e muc h in uence of dialogue con text. 1. INTR ODUCTION Calculation of proso dic parameters requires v arious in- formation in sp oken language synthesis for dialogue sys- tems. Proso dy rules in the text-to-sp eec h (TTS) system are not su�cient for generation of sp ok en dialogues. Proso dy prediction based on the dialogue information m ust b e incorp orated into the sp oken dialogue synthe- sis system. Proso dic characteristics of utterances in a dialogue v ary in accordance with the dialogue con text ev en if their surface sen tences are the same. Relation- ship b etw een proso dy and dialogue context is a crucial issue of sp ok en dialogue syn thesis. Man y studies hav e b een conducted for qualitative intonational prediction from dialogue information, esp ecially for placement of the pitc h accen t for English sentences[1][2]. The quan- titativ e prediction is very imp ortan t as well as the qual- itativ e one, esp ecially for F0 con tour of Japanese sen- tences. The authors hav e b een prop osed a metho d of quan titativ e prediction of F0 parameters from dialogue information and describ ed ev aluation of rules deriv ed from utterance data for a task of the route inquiry[3]. Ho w ev er, diversit y of c haracteristics of proso dy in actual dialogues spreads o v er v ery wide range and the deriv ed rules could not satisfactorily capture the b ehavior of the proso dic parameters. In this pap er, w e use more sp eci�c utterance data in a small task of sc hedule arrangement to predict F0 maximum of minor phrases in the dialogue utterance based on the tw o step predictiv e metho d. 2. TW O STEP PREDICTION OF PR OSOD Y IN DIALOGUE 2.1. F ramew ork The authors hav e prop osed a metho d of mo deling con- textual e�ects on proso dic parameters in dialogue based on the tw o-step prediction. In this framework, the proso dic parameter is predicted b y tw o sets of rules, as depicted in Figure 1. The �rst set of rules is comp osed of con v en tional rules for TTS and this set is called S- rule. (Note that this fundamen tal rule set w as denoted b y the T-rule in our former pap er[3].) The S-rule pre- dicts the proso dic parameters using syn tactic or lexical features of the surface sentences. Then, the second set of rules, D-rule, adjusts the proso dic parameters to di- alogue con text using higher lev el information, suc h as topic, utterance t yp e, dialogue history , and so on. The generation pro cess of S-rule and D-rule is de- picted in Figure 2. The S-rule is deriv ed from isolated utterances based on a sto c hastic mo deling technique, and it is applied to utterances in dialogues. The S-rule captures proso dic characteristics of isolated utterances v ery well. How ev er, the S-rule knows nothing ab out ho w to predict proso dy appropriate to the dialogue con- text. Most errors in predicting proso dy for the dialogue utterances are caused by the con textual e�ects of the dialogue. The D-rule is derived from descriptions of the prediction error in terms of dialogue features describing higher level information which is not considered in the S-rule mo deling. The D-rule is mo deled b y a sto c hastic tec hnique again. This tw o-step mo deling has the following adv an- Figure 1. Tw o step prediction of proso dy in dialogue

Figure 2. Flo w of the S- and D-rule generation tages. (1) It can e�cien tly reuse con v en tional proso dy rules of text-to-sp eech con v ersion. (2) It makes con textual e�ects clear whic h are dep en- dent on the dialogue context. (3) The n um b er of free parameters in a sto chastic mo d- eling is reduced for predicting proso dic parameters in a dialogue. The proso dic parameters are par- tially predicted by the S-rule and only the dialogue context e�ects remain. This is v ery imp ortant in cases where small n um ber of dialogue data are a v ail- able for quan titativ e prediction. 2.2. S-rule Mo deling In this pap er, the t w o sets of rules predict F0 maxi- m um of each minor phrase of utterances in the t w o-stage F0 con trol mo del, whic h Ab e and Satoh ha v e prop osed for isolated Japanese sentences[4]. In their pap er, the ‘global mo del’ predicts this F0 parameter using the lin- ear regressiv e metho d. W e used the same sto c hastic mo deling technique as theirs to obtain the S-rule. Each minor phrase w as describ ed in terms of 7 syn tactic fea- tures. They include dep endency relationship from the preceding and to the follo wing phrases, accent t yp e of the preceding, the curren t and the following phrases, the syllable coun t and part of sp eech of the curren t phrase. 2.3. D-rule Mo deling The D-rule mo dels the change of the proso dic parame- ter b y the dialogue context using the linear regression metho d, to o. A training case for D-rule mo deling corre- sp onds to an each minor phrase in dialogue utterances. W e in v estigated characteristics of the dialogue con text for the schedule arrangement task, and came up with a set of 7 features re ecting the context. The followings describ e all the features of higher level information and their v alues. [DF1] the seman tic role of the utterance to the pre- ceding utterance is classi�ed into 8 categories: topic c hange, topic return, topic con tin uation, topic elab oration, p ositive/negativ e supplemen t, or resp onse for request/WH-question. [DF2] \yes" if the phase is follo w ed b y a co ordinate phrase, \no" otherwise. [DF3] \yes" if the phrase is p ositioned at the b egin- ning of the utterance, \no" otherwise. [DF4] the preceding category of the phrase is classi- �ed into 5 categories: normal w ord, �lled pause, pause, dis uency , or b eginning of the utterance. [DF5] \yes" if the phrase is negligible, \no" otherwise. [DF6] \yes" if a contrastiv e phase exists in the dia- logue history , \no" otherwise. [DF7] \yes" if the phrase is included in a utterance whic h lists similar information to the topic of the preceding utterances, \no" otherwise. All minor phrases in an utterance hav e the same v alue for the DF1 and the DF7 , b ecause the DF1 and the DF7 are features assigned not for eac h minor phrase but for an utterance. Other features, in general, ha v e di�eren t v alues in an utterance. The training cases are describ ed in terms of a prediction error v alue and these 7 features of higher level information. 3. EXPERIMENTS 3.1. Sp eec h Data Our framew ork of the tw o-step prediction of proso dic parameters in dialogue requires t w o kinds of sp eech data: isolated utterances which are indep enden t of di- alogue context and dialogue utterances which are con- textualized in dialogue. The material for isolated utterances is a set of 503 phonetically balanced sen tences designed at A TR. These sen tences were once uttered b y a male non-professional sp eaker. F0 patterns w ere corrected by hand and the maxim um F0 frequencies for the minor phrase w ere man ually iden ti�ed. The minor phrase is a unit of train- ing cases b ecause the maximum F0 is assigned to each minor phrase in Ab e’s F0 mo del. The n um ber of cases in the isolated utterances was 3,288. In order to collect contextualized utterances, di- alogues b etw een a questioner and an answerer w ere recorded with the task of sc hedule arrangemen t. The goal of a questioner in dialogue is to �nd uno ccupied time of participan ts of t w o meetings whic h he will join. The questioner kno ws his o wn sc hedule and the partici- pan ts of each meeting, but he kno ws nothing ab out the other participants’ sc hedule. On the other hand, the answ erer kno ws the schedule of all participants of the meetings except for the questioner and collab orates with the questioner. In this pap er, we fo cus on the Japanese noun phrases con taining prop er nouns such as p erson’s name or the da y of the week in the schedule arrange- men t task, b ecause these phrases hav e v ery imp ortan t roles in the schedule arrangement task. Phrases con- taining the p erson’s name or the da y of the week in the utterances only of answerers w ere separately used for the D-rule mo deling. The n um ber of the answerer sp eaker is 7. Each answ erer carried out 3 dialogues under dif- feren t schedule settings. All answ erers are male non- professional sp eak ers and are not the same as the former sp eaker of the isolated utterances. The total n um ber of dialogues is 21. The maximum F0 frequencies for minor phrases w ere also manually iden ti�ed for the dialogue utterances. These dialogue utterances totally included 112 and 138 phrases of the p erson’s name and the da y of the w eek, resp ectiv ely .

T able 1. Ev aluation of S-rule training test a v eraged error data data [Hz] (1) isolated isolated 10.0 (2-I) isolated dialogue-PN 18.8 (2-I I) isolated dialogue-DW 18.8 T able 2. Ev aluation of D-rule (a) dialogue-PN test a v eraged error [Hz] data only S-rule S- & D-rule op en closed op en (1) all 18.8 11.7 13.7 (2) E20* 33.9 15.9 18.6 (b) dialogue-D W test a v eraged error [Hz] data only S-rule S- & D-rule op en closed op en (1) all 18.8 12.5 14.1 (2) E20* 34.4 15.8 17.7 (*E20: the cases of whic h the prediction error by the S-rule is larger than 20Hz.) 3.2. Ev aluation of S-rule Before discussing total prediction result of the F0 parameters, let us ev aluate p erformance of the S-rule. T able 1 sho ws prediction errors by the S-rule. The S- rule was deriv ed from the 503 isolated utterances. T a- ble 1 (1) indicates the fundamen tal p erformance of the S-rule. The S-rule w as ev aluated for the isolated utter- ances based on 10-fold cross v alidation. The prediction error by the S-rule increases to 18.1 Hz from 10.0Hz for b oth dialogue data. The dialogue- PN, -D W in T able 1 refers the phase data con taining the p erson’s name and the day of the week, resp ectiv ely . This di�erences b et w een (1) and (2) w ere mainly caused b y the con textual e�ects of the dialogue. 3.3. Ev aluation of D-rule The prediction error data which the S-rule resulted for minor phrases in dialogues b ecome a new set of training cases for learning the D-rule. All minor phrases w ere man ually describ ed in terms of new 7 features, DF1 , DF2 , ..., DF7 . The D-rule was deriv ed from these error data with the higher lev el information. The dialogue-PN and -D W w ere separately used for learning the D-rule. The top ro ws (1) in T able 2 (a) and (b) show the to- tal prediction error of F0 maxima o v er all minor phrases of the dialogue data. The prediction without the D-rule is op en ev aluation b ecause the S-rule w as derived from isolated utterances. The op en ev aluation with the D- rule was carried out b y using 10-fold cross v alidation. This table sho ws that the D-rule reduced the total pre- T able 3. P artial correlation e�cients of the D-rule feature partial correlation e�cient dialogue-PN dialogue-D W DF1 0.28 0.52 DF2 0.46 0.38 DF3 0.40 0.39 DF4 0.25 0.24 DF5 0.34 0.34 DF6 0.23 0.14 DF7 0.27 0.23 diction errors b y ab out 25% for b oth dialogue data. All utterances or all minor phrases do not neces- sarily ha v e con textual e�ects of the dialogue. W e can exp ect that cases whic h hav e large prediction errors b y the �rst S-rule application are muc h in uenced by the dialogue context. The D-rule was again ev aluated only using the cases which ha v e initial prediction errors larger than 20Hz. Sixty and Sixty three cases were matched with this condition for the dialogue-PN and -D W, re- sp ectively . Note that the D-rule learning w as carried out using all the cases in eac h set of the dialogue utter- ances. The b ottom rows (2) in T able 2 (a) and (b) show the second ev aluation. The D-rule decreased the total prediction errors in to ab out a half. 4. DISCUSSION T able 3 shows the partial correlation co e�cients of eac h feature for tw o D-rule sets. A feature of a large par- tial correlation co e�cien t makes a lot of contribution to predicting the target parameter. The DF1 , DF2 , DF3 , and DF5 ha v e rather large w eigh t, but the other fea- tures are not trivial. The multiple correlation co e�cient of the linear regressiv e metho d indicates the strength of relationship b et w een a target parameter and a set of features of the case. The D-rule sets score 0.73 and 0.66 for the dialogue-PN and -DW, resp ectiv ely . These scores suggest the p ossibilit y of further improv emen t of the prediction accuracy using other features, though 7 higher lev el features capture the characteristics of the F0 parameter w ell. Figure 3 depicts details of mo del parameters of the linear regressiv e metho d for the D-rule sets derived from t w o kinds of dialogue data. In this �gure, we can �nd the same tendencies in tw o D-rule sets from dialogue-PN and -D W. Roughly sp eaking, eac h category for most of the features has v ery similar weigh ts for t w o kinds of dialogue data. W e tried to apply eac h D-rule set to the other dialogue data, which is complete op en ev aluation of the D-rules. T able 4 indicates that this ev aluation on the di�eren t dialogue data do es not increase prediction errors. Tw o D-rule sets derived from the p erson’s name and the da y of the week are v ery similar in this task. As for the detailed observ ation of the category w eigh ts, ho w ev er, there are some discrepancies esp e- cially for the DF1 . In the task of the sc hedule arrange-

Figure 3. Mo del parameters of D-rule T able 4. Crossed ev aluation of the tw o D-rule sets test data training data dialogue-PN dialogue-D W dialogue-PN 13.7 13.7 dialogue-D W 14.6 14.1 men t we adopted in this study , the participants of the meetings were giv en to b oth the questioner and the an- sw erer, and their goal in a dialogue is to �nd a common uno ccupied time. The change of the time or the da y of the w eek was imp ortant for them, while the change of p erson’s name did not giv e them so muc h informa- tion. This characteristic of the dialogues resulted in the large b o ost of ’topic change’ for the dialogue-D W data. On the other hand, its weigh t for dialogue-PN is rather neutral. The ’topic contin uation’ for DF1 sho ws another large disagreement b etw een tw o D-rule sets. The day of the week often app eared in phrases such as ’ suiyoubi no juuji (on W ednesda y at 10 o’clo c k)’ in dialogues. In the case that the utterance was classi�ed in to ’topic con- tin uation’, the fo cus was put on the time and F0 for the w ord represen ting the time was b o osted. It gav e the relativ e suppression of F0 for the da y of the w eek. The DF2 has the large negativ e w eigh t for the ’co- ordinate phrase’. This result is due to the incomplete- ness of the S-rule. The ’co ordinate phrase’ was mainly lab eled to the w ord B in phrases such ’A to B (A and B)’. The suppression of F0 of the second or later accen tual phrases is well kno wn as the do wnstep phenomenon. A feature for co ordination w as not necessary in the S-rule mo deling in this pap er b ecause A TR 503 phonetically balanced sentences, whic h w as the training data for the S-rule, con tain few co ordinativ e expressions. Prop erly sp eaking, this feature should b e considered in the S-rule mo deling. 5. CONCLUSIONS This pap er describ ed the prediction of F0 maxim um for the minor phrase in dialogue based on the t w o-step pre- dictiv e metho d. The div ersit y in dialogue tends to make it di�cult to predict proso dic parameters when the wide range of context is scop ed. In this pap er, sp ecial atten- tions w ere directed to sp eci�c phrases containing the p erson’s name or the day of the w eek in the sc hedule ar- rangemen t task. Sev en features w ere identi�ed as higher lev el information which was not considered in the fun- damen tal S-rule mo deling. They are v ery e�ectiv e to predict the F0 parameter in dialogue and reduced the total prediction errors by ab out 50% for the data whic h ha v e muc h in uence of dialogue con text. The D-rule mo deling separately generate rule sets for t w o kinds of dialogue data: the p erson’s name and the da y of the w eek. Two D-rule sets are very similar to one another. It means that the concepts of the p erson’s name and the day of the w eek ha v e v ery similar roles in the dialogue task of the sc hedule arrangemen t. Ho w to extract higher lev el information, suc h as the semantic role of the utterance, through a dialogue is a crucial issue but is not discussed in this pap er. It will b e future w ork along with the categorization of higher lev el information. REFERENCES [1] J. Hirsch b erg: \Using Discourse Context to Guide Pitch Accent Decisions in Syn thetic Sp eech", Pr o c. of ESCA Workshop on Sp e e ch Synthesis , Autrans, pp.181-184 (1990). [2] A.I.C. Monaghan: \In tonation Accen t Placemen t in a Concept-to-Dialogue System Pr o c. of 2nd ESCA/IEEE Workshop on Sp e e ch Synthesis , New Y ork, pp.171-174 (1994). [3] Y.Y amashita and R.Mizoguc hi: \Mo deling the Contextual E�ects on Proso dy in Dialog", Pr o c. of EUROSPEECH ’95 , 2, pp.1329-1332 (1995). [4] M. Ab e and H. Sato: \Two-Stage F0 Con trol Mo del Using Syllable Based F0 Units", Pr o c. of ICASSP ’92 , 2, pp.53-56 (1992).