The Boston Univ ersit y Radio News Corpus M. Ostendorf* P . J. Price y S. Shattuc k-Hufnagel z Boston Univ ersit y y SRI In ternational z MIT 3 F ebruary 1995 Abstract W e describ e a corpus of professionally read radio news data, including sp eech and accompan ying annotations, suitable for sp eech and language research. The corpus con- sists of ov er seven hours of sp eech recorded from seven radio announcers (4 male, 3 female). Subsets of the corpus are lab eled with phonetic alignments, part-of-sp eech tags and proso dic markers. W e motiv ate the uses of such a corpus and describ e the data and lab eling mechanisms. 1 In tro duction The last decade of sp eech research has seen tremendous gains in computer sp eech pro cessing technology , as well as in our fundamental understanding of h uman sp eech communication. Many of these gains can b e attributed directly or indirectly to the a v ailabilit y of large shared corp ora, whic h facilitate kno wledge acquisition in sev eral w a ys. Sharing of resources makes more data a v ailable for analyses; this is particularly useful for the more costly p ortions of the corpus, suc h as hand lab eling. F urther, large corp ora make p ossible the systematic developmen t and testing of automatically trained algorithms. Of course, shared corp ora also allo w for more direct comparison of algorithm p erformance and other research results. There are many examples of common sp eech corp ora in sp eech recognition and under- standing research to da y . F or American English, suc h corp ora include the TIMIT [14], Re- 1 source Management [23], A TIS [22], Switch board [11], W all Street Journal [2] and TRAINS corp ora. Of these, only the A TIS corpus has ev en limited proso dic notation. The A TIS transcription conv en tions mark extra emphasis or lengthening and some phrasing, but b e- cause of the multiple transcrib ers at v arious sites, the inclusion of these markings is sp oradic at b est. A small subset of the A TIS and TRAINS corp ora hav e also b een transcrib ed more systematically with proso dic mark ers, but these lab els are not generally av ailable. Other Europ ean and US sources of data are describ ed by Edwards and Lamp ert in [9]; many of these sources are av ailable through the ACL Data Collection Initiativ e, or through the Linguistics Data Consortium. Though many corp ora are a v ailable, they are fo cussed on text; av ailabilit y of the corresp onding digitized sp eech is rare. Since many asp ects of proso dy can interact with syntax, having some syn tactic information is very helpful. Edwards and Lamp ert also survey sev eral sources of syntactic brac k eting and lab eled parts of sp eech, but only the Penn T reebank [17] seems to include sp eech data and only for some of the lab eled data. The London-Lund corpus of sp oken educated British English [1, 30] includes syntactic and proso dic markings, but in general the sp eech is not av ailable. (Semantic information would of course also b e helpful, but is currently not av ailable in an y common corpus.) In sum, there is relatively little American English data av ailable for researc h in proso dy and/or sp eech synthesis. 1 In the public domain, there are several sources of large amoun ts of text data, fewer of transcrib ed and digitized sp eec h, but very few sources of sp eech anno- tated with proso dic transcriptions. Rarer still are those sp eech corp ora with accompanying syntactic or other analyses. This pap er describ es a corpus designed to �ll this gap, sp eci�cally by pro viding material for the study of proso dic patterns, with particular emphasis on synthesis applications. The corpus consists of radio newscast sp eech, as describ ed in Section 2. Utterance annotation includes orthographic transcriptions, phonetic alignmen ts, part-of-sp eech tags, and proso dic 1 F or other versions of English, the situation is somewhat b etter, with ongoing transcription e�orts that should provide ric her corp ora in the future. Existing sp eech corp ora include the HCRC Map T ask (mainly Glaswegian English), the Lancaster Sp oken English Corpus (describ ed in [9]) and Australian English. 2 lab els. Section 3 describ es these annotations and assesses their accuracy and consistency . Finally , Section 4 describ es p otential uses of this corpus and other future directions. 2 Sp eec h Corpus The Boston Universit y Radio News Corpus includes sp eec h from FM radio news announcers asso ciated with WBUR, a public radio station. The corpus was collected primarily to supp ort research in text-to-sp eec h synthesis, particularly generation of proso dic patterns. The FM radio newscasting style is appropriate for researc h and developmen t in sp eech synthesis and computational mo deling of proso dy for a num b er of reasons. First, the FM newscaster faces a task similar to that of a text-to-sp eech synthesis system, in that text should b e read out in a pleasan t wa y (i.e., the proso dy should not b e to o monotonous) without misleading the listener (i.e. the risks of ambiguit y may b e less than those of c ho osing the wrong proso dic pattern). Second, the particular strategy for proso dic marking used by radio announcers is well-suited to analysis for synthesis applications: there is evidence that these newscasters use more clear and consistent indications of proso dic structure than non- professional read sp eech [20], which should facilitate analyses and mo deling of the style; and there is evidence that the radio news st yle may facilitate comprehension of sp oken information by using F0 to delimit semantic units and to mark senten tial fo cus [10]. Perhaps for the ab ov e reasons, the radio news style has also b een the basis for synthesis and other studies in other languages (e.g., see Sorin et al. 1987 for F renc h, Strangert 1991 for Sw edish, and Vihanta 1991 for Finnish, F ujisaki et al. for Japanese) [28, 29, 32, 10]. Finally , the radio newscasting style pro vides a natural but controlled style, com bining some of the adv an tages of read sp eech (greater control in that the newscasters can b e giv en material to read), with some of the adv an tages of non-read sp eech (it is an accepted, naturally-o ccurring form of read sp eech). The main r adio news p ortion of the corpus consists of news stories recorded in the WBUR radio studio during broadcast. Sp eec h from each of seven sp eakers (three female 3

Sp eaker F1A F2B F3A M1B M2B M3B M4B Minutes 52 49 107 48 58 32 91 Stories 43 34 340 36 35 21 62 Clean Paragraphs 276 124 341 161 214 126 236 Noisy Paragraphs 1 40 51 108 102 32 41 W ords ( times 1000) 11.9 12.2 28.6 15.7 18.4 10.5 25.6 T able 1: Duration in min utes of sp eech, and other statistics ab out the radio news stories, compiled for each of the sp eakers in the radio news corpus. ‘F’ or ‘M’ in the sp eaker identi�ers indicate a female or male sp eaker, resp ectively; the n um ber is a unique identi�er within the male or female sp eakers; and the ‘A’ or ‘B’ indicates the sp eak er type, as describ ed ab ov e. and four male) were dubb ed from these tap es to new tap es for compiling sp eaker dep endent data. Two types of announcers were recorded; sp eakers are indexed by (A) if their job is normally to read news liv e and (B) if they normally pre-record and edit their stories. The stories read b y t yp e-B announcers are t ypically longer, more in-depth feature stories than the short news up dates read by the type-A sp eakers. Type-B sp eakers are also more familiar with the material, since they wrote it. The distribution of the appro ximately seven hours of sp eech across sp eakers is indicated in T able 1. Additional data from other sp eak ers (other radio announcers and interview ees) is a v ailable on audio tap e from the original recordings, but this data has not b een digitized or transcrib ed. Since the radio news stories were recorded during actual news broadcasts, some utter- ances include background sound e�ects. Such sound e�ects include, for example, rushing water, tra�c noise, music, and low-lev el conv ersations. This noise o ccurs in di�erent p er- centages of the paragraphs, dep ending on the style of the announcers. In particular, it is used often in stories read b y the type B announcers, but almost never in the sp eech recorded from the t yp e A announcers, as indicated in T able 1. The noise app ears to b e at 4

Sp eaker CJ CP TP SR P aragraphs 6 4 7 7 Sen tences 23 22 28 36 W ords 445 388 577 713 T able 2: Characteristics of the news stories recorded in the lab for multiple sp eakers. ab o v e. a high enough level to a�ect automatic phonetic alignment but do es not seem to hurt F0 contour analysis, based on examining sev eral paragraphs of noisy data. As a consequence, this subset of the data is useful for some types of proso dic analysis, but would not b e ap- propriate for generating diphone elements for wa v eform concatenation in synthesis. Sp eec h without such sound e�ects is referred to as ‘clean sp eech’ b elo w. (File naming con v en tions and do cumentation av ailable with the corpus indicates whic h �les are considered ‘clean’ vs. ‘noisy’.) In addition to the recordings made in the radio studio, w e hav e recorded six of the announcers reading the same four t yp e-B news stories in our lab oratory , referred to as the lab news p ortion of the corpus. The multiple versions of each story provide insight into the amount of v ariabilit y in proso dic patterns across sp eakers that is acceptable for a given sentence, as explored in [25]. F or this reason, this subset is designated as the ‘test’ p ortion of the corpus and annotation for this subset will b e hand-corrected. The announcers were asked �rst to read the stories in their non-radio style and then, 30 minutes later, to read the same stories in their radio st yle. Thus, the corpus includes examples of the same sp eaker reading the same story in di�erent styles. Although we hav e not examined this style factor in detail, there app ear to b e clear di�erences in the styles for most sp eakers. How ev er, many of the announcers seemed to slip into the radio style at times during the non-radio recording, so the data ma y not consisten tly represen t non-professionally read sp eech. An adv an tage of working with professional radio announcers is that they tend to b e 5 more uent than most non-professional sp eak ers, e.g. they pro duce fewer dis uencies like \er" and \um", and fewer proso dic errors in the sense of using inappropriate constituent b oundaries or accent placemen ts. Type B announcers hav e the option of editing their stories b efore broadcast, further reducing the num ber of dis uencies in the data. Of the type A announcers, F1A w as almost never dis uen t, and F3A had a lo w rate of dis uencies. T o obtain similar quality recordings for the lab oratory news sp eec h, w e allow ed the announcers to reread paragraphs if they made a mistake (i.e., a proso dic error, dis uency , or misreading). A few dis uencies were not caught at the time of recording, and these ha v e b een edited out of the sp eec h where p ossible without a�ecting the naturalness of the utterance. F or example, words or word fragments asso ciated with restarts could b e edited out, but mispronounced words could not b e. An ascii do cumentation �le asso ciated with each sp eak er indicates where dis uencies were edited out. W e also recorded additional materials from the radio announcers in order to study sp e- ci�c questions ab out proso dy . These corp ora are do cumented elsewhere, and are mentioned only brie y here. The ambiguous sentenc e c orpus [21] included 35 pairs of phonetically identical and syntactically ambiguous sen tences read in disambiguating contexts by four of the announcers. These sen tences w ere used primarily to study the role of proso dy in disam- biguating di�erent syn tactic structures, but the corpus has also b een useful in analyzing the relationship b et w een duration changes and the di�erent proso dic markers in our proso dic lab eling system [34]. 3 Utterance Annotation Each story read by an announcer has b een digitized in paragraph size units, which typically include sev eral sentences. The �les are digitized at a 16kHz sample rate using a 16 bit A/D. The paragraphs are annotated with the orthographic transcription, phonetic alignments, part-of-sp eech tags, and proso dic lab els. The orthographic transcriptions w ere generated b y hand and include indication of where the sp eak er to ok a breath. The phonetic alignments are 6 generated automatically using constrained sp eech recognition, as describ ed b elo w, for the subset of data considered ‘clean’. The part-of-sp eech tags are also generated automatically , as describ ed in this section. Both phonetic alignments and part-of-sp eech tags are hand- corrected for the designated test data, and in a subset of the main corpus as w ell. The proso dic lab els are marked by hand and are a v ailable only for a subset of the corpus, though our goal is to annotate the en tire corpus even tually . In addition, a subset of the corpus is included in the Penn T reebank and therefore also has syntactic brack etings av ailable. Phonetic Alignmen t The phone lab els and segmen tations are generated automatically using a recognizer with a grammar constrained to the orthographic transcription of the sen tence, sp eci�cally the Boston Universit y recognition system based on the sto chastic segmen t mo del, as describ ed in [12]. The steps inv olv ed in phonetic alignment are outlined b elow, follow ed b y an analysis of alignment errors. The phone lab els are based on the TIMIT phonetic lab eling system, and are describ ed in do cumentation asso ciated with the corpus. Separate mo dels are used for lexically stressed vs. unstressed vo w els; vo w els are mark ed as ‘lexically stressed’ (indicated by ‘+1’ asso ciated with the vo w el lab el) when allo w ed by the lexicon and recognized as such during segmentation, as describ ed b elow. Segmentation times and phone durations are provided in units of 10-msec frames. The �rst step in obtaining phonetic alignments inv olv es generating a pron unciation netw ork for each w ord in the paragraph to allow for m ultiple pronunciations of words. Baseform pronunciations are obtained from a large on-line dictionary , which is augmented to include new words as needed. The dictionary is a deriv ativ e of the commercially av ailable MOBY dictionary , whic h has b een augmented with the SRI dictionary and includes some corrections and other additions to the original. The dictionary currently con tains ov er 115,000 single-word entries, and approximately 3-5 new words are added p er story (that is, dictionary cov erage of new radio text is 99%), with ov er half of the new w ords b eing 7 prop er names. F or words that hav e di�eren t pronunciations corresp onding to di�erent part-of-sp eech usage, the dictionary ags the pron unciation by part-of-sp eech (noun, verb, adjective, in terjection), and the appropriate pronunciation is chosen according to the part- of-sp eech annotation of the text. The baseforms are expanded into a net w ork according to a set of phonological rules op er- ating within words and optional silences are allo w ed b etw een w ords. In addition, alternate pronunciations listed in the dictionary are incorp orated into the pronunciation netw ork. The pronunciation rules for vo w els include: optional stressed and unstressed mo dels (par- allel paths) for syllables marked with secondary lexical stress and for one-syllable w ords; optional reduction of unstressed v o w els /ah/, /eh/ and /ih/ to sch w a /ax/; optional syllabic consonant (e.g. /ax l/ in parallel with /el/); and di�erent forms of /er/ allow ed (/ah r/, /er/, /ax r/). The pronunciation rules for consonants include rules for unreleased stops, deleted stops and apping; rules for nasal apping and nasal place of articulation c hange; and optional voiced /hv/ when /hh/ o ccurs b etw een sonoran ts. No rules were added to accommo date r-less dialects, as it was not necessary for this group of talkers. These rules were chosen to allo w a v ariet y of pronunciations without to o muc h ov ergeneration, based in part on rules describ ed for recognition in [5] and in part on errors observed in the ini- tial segmentation of a subset of the data. In all but the �nal pass of segmentation, the phonological rules w ere not applied across w ord b oundaries. In the �nal pass, cross-word b oundary rules were used to expand the set of allow able pronunciations, and agged in the resulting alignments when used. The set of cross-word b oundary rules co v er palatalization, apping, and consonant mergers. Although it would b e desirable to expand the rule set to accoun t for more t yp es of phonological v ariation, particularly for phonetic alignmen t of more general data, the current rule set provided high quality alignmen ts for this task, as describ ed further in the error analysis. In order for the recognizer to handle the fairly long, paragraph-sized �les of sp eech, we reduced computation by using automatic breath detection to break the sp eec h into more 8 manageable units. Breath detection was based on a 3-class mo del of breaths, sp eec h and silence. Each of three classes was asso ciated with a multiv ariate Gaussian mo del of a vector that included cepstra and deriv ativ e cepstral features, and the sequence of class lab els was assumed to form a Marko v chain. Sp eaker-dependent mo dels were trained on a subset of the data that was hand-lab eled for breath lo cations, with a heuristic for determining the lo cations of silences. Breath detection was implemented by using Viterbi deco ding (dynamic programming) to �nd the most likely sequence of lab els from the classes of ‘breath’, ‘sp eec h’ and ‘silence’. A run of at least four consecutive 10-msec frames lab eled with ‘breath’ is recognized as a detected breath. (This threshold was c hosen based on exp erimen ts with sp eaker F2B.) The n um ber of detected breaths is compared with the num ber of breaths marked by a h uman listener during orthographic transcription, and the detected breaths are hand-corrected when the num bers do not match. The start and end times of the breath are used to constrain the recognition search. High quality phonetic alignments are obtained for this corpus b y using sev eral iterations of training and resegmentation. F ort y-dimensional feature vectors of cepstra and deriv ativ e cepstra are used, computed from a 20 ms window at 10 ms time in terv als. The initial phonetic mo dels are trained using the sp eaker-independent TIMIT corpus. (The TIMIT corpus do es not annotate lexical stress, so an approximate annotation w as developed based on a comparison b et w een TIMIT pronunciations and the stress markings from dictionary baseforms.) Using the TIMIT mo dels, all of the ‘clean’ sp eech from a single sp eaker is segmented with no constraints other than the breath endp oin ts and minim um/maxim um phone duration constrain ts. Next, new sp eaker-dependent phone mo dels are estimated from the segmented radio data. The segmentation step is no w rep eated with the new mo dels, but with constraints on the new phone b oundaries to fall within � N frames. The phone b oundary constraints greatly reduce the computation time required for resegmentation. The segmentation and retraining steps are iterated three or four times on the clean sp eech, with a reduction in the windo w size N for allow able phone times. In the �nal pass of segmentation, 9 phonological rules are applied to allo w for cross-word b oundary pronunciation changes, as mentioned previously . Even tually , we hop e to use the mo dels trained on the clean sp eec h to align the noisy sp eech, but our current algorithms do not pro vide su�cient accuracy for muc h of the noisy data. The automatic segmentation algorithm used in this work is similar to other segmentation algorithms recently prop osed, e.g. [15, 33, 31, 16], with the exception that our acoustic mo dels use the sto chastic segment mo del instead of a hidden Mark o v mo del. Like [33], the problem in our case is complicated by the length of the sp eec h �les, though the single-talker read sp eech in our case is less challenging than their casual conv ersational sp eech. Unlike most previous work, we are able to take adv an tage of the sp eaker-dependent nature of the corpus and iteratively re-estimate mo dels to obtain higher quality alignments. P art-of-Sp eec h T ags The part-of-sp eech tags used in this corpus are the same as those used in the P enn T reebank [17]. This tag set includes 47 parts-of-sp eec h: 22 op en class categories, 14 closed class categories and 11 punctuation lab els. The 36 word categories are summarized in T able 3 for reference. P art-of-sp eec h lab eling is carried out automatically using the BBN tagger [24]. POST is similar to other probabilistic taggers (e.g. [6, 13]), but has an improv ed mechanism for handling unknown w ords. The tagger uses an bigram mo del 2 of the tag sequence and a probability of tag giv en w ord tak en from either a dictionary or, in the case of an unkno wn word, based on features of the word related to endings, capitalization and h yphenation. The version of POST used in this work w as trained on a set of W all Street Journal sentences that formed part of the P enn T reebank corpus. The part-of-sp eec h tags on the lab news subset of the corpus w ere hand-corrected, in part to assess the accuracy of the algorithm on corpus. The hand-corrections were based 2 Although the accuracy of the tagger can b e impro v ed slightly with a trigram mo del, the improv emen t is not warran ted given the signi�cantly higher computational cost. 10

CC co ordinating conjunction PP$ p ossessive pronoun CD cardinal num b er RB adverb DT determiner RBR adv erb, comparative EX existential ther e RBS adverb, sup erlative FW foreign word RP particle IN prep osition/sub ordinating conjunction SYM mathematical or scienti�c symbol JJ adjective TO to JJR adjective, comparative UH in terjection JJS adjective, sup erlative VB verb, base form LS list item marker VBD v erb, past tense MD mo dal VBG v erb, gerund or present participle NN noun, singular or mass VBN verb, past participle NNS noun, plural VBP verb, non-3rd p erson singular present NP prop er noun, singular VBZ v erb, 3rd p erson singular present NPS prop er noun, plural WDT wh-determiner PDT pre-determiner WP wh-pronoun POS p ossessive ending WP$ p ossessiv e wh-pronoun PP p ersonal pronoun WRB wh-adverb T able 3: P art-of-sp eec h tags (excluding 11 punctuation lab els) used in lab eling this corpus, from the Penn T reebank set. 11 on the guidelines for Penn T reebank annotators. F or the labnews stories, we found that 2% of the words were incorrectly lab eled, out of a subset of 2133 words in the four stories from the test data that were hand-corrected. This error rate is relativ ely low relativ e to other rep orted results. F or comparison, BBN rep orts error rates of 3-4% on known words and 15% on unknown words on W all Street Journal sen tences (outside of the training data), and an error rate of 8% in tagging data from a di�erent domain [24]. The error rates for the Penn T reebank corpus are 7% for automatically generated lab els (using Ch urc h’s tagger [6] which was trained for a di�erent tagset) and 4% for hand-corrected tags. Proso dic Lab els The proso dic lab eling system represen ts proso dic phrasing, phrasal prominence and b ound- ary tones, using the T oBI system [27, 3, 19] for American English. The T oBI system represents proso dic phrase on a phrase break tier and tonal structure (accents and phrase tones) on a tone tier. Phrase break indices are used to express the degree of decoupling b etw een each pair of words as follows: 0 - tighter connection than for a default word b ound- ary , typically marked with phonetic mo di�cations (e.g., palatalization), 1 - normal w ord b oundary , 2 - b oundary marking a low er-lev el p erceiv ed grouping of words that generally do es not hav e an intonational b oundary mark er, 3 - intermediate phrase b oundary , and 4 - intonational phrase b oundary . Seven types of accen t tones are lab eled, corresp onding to a simpli�ed version of the system describ ed in [4]: H*, !H*, L+H*, L+!H*, L*, L*+H and H+!H*, where H and L corresp ond to high and low targets, \!" indicates downstep and the asterisk indicates tone alignmen t. Intermediate phrase b oundaries are marked with three tones (L-, !H- and H-), and intonational phrase b oundaries are marked with with one of these tones plus a phrase b oundary tone (L% or H%). Uncertaint y markers are av ailable to the lab elers but are used rarely . F or many of the �les, w e use an augmented version of the T oBI system that includes a sub-division of the in tonational phrase category that distin- guishes sen tence b oundaries (6) and within-sen tence groupings of in tonational phrases (5) 12 from regular in tonation phrase b oundaries (4). A more extensive discussion of the mapping b etw een the break lab els and the proso dic constituents describ ed in the literature is found in [34]. The T oBI system has the adv an tage that it can b e used consistently by lab elers for a v ariet y of st yles [19]. In our o wn study of lab eler consistency on a set of three stories containing 1002 w ords, we found agreemen t on presence versus absence for 91% of the words. On those 487 words that w ere marked by b oth lab eling groups with an accen t, there was 60% agreement on accent type with most of the disagreements o ccurring for the di�cult L+H* versus H* distinction. When the H*’s w ere group ed together with the L+H*’s as in [19], there w as 81% agreement on pitch accent type. Boundary tone agreement was 93% for the 207 words mark ed by b oth lab elers with an in tonational phrase b oundary , and similarly there was 91% agreemen t for 280 phrase accents. Agreement for the �v e T oBI break index levels was within the uncertaint y lev el 3 for 95% of 989 words (excluding trivial paragraph- �nal cases). These results are higher than that rep orted by Pitrelli et al., [19] in a general study of the T oBI lab eling system, in part b ecause the radio st yle has more clearly mark ed proso dic structure. It is p ossible that the h uman lab elers marking break indices are biased by syntax in some cases, but w e feel that this is not a serious problem. The break lev els 4-6 are marked b y tonal cues, whic h are t ypically fairly easy to sp ot. The break lev els 1-4 correlate w ell with duration measures, having statistically signi�can t di�erences in mean normalized duration in phrase �nal syllables [34]. In addition, the in v estigations by Collier et al. [7] in a similar lab eling task in Dutch found that p erceiv ed b oundary strengths for normal sp eech and sp eec h that had b een \delexicalized" (using signal pro cessing that preserved the intonation contour but otherwise rendered the sp eec h unintelligible) were similar when av eraged across sub jects. Finally , w e note that there are some o ccurrences of phrase b oundaries in our corpus that do not coincide with syntactic b oundaries, so the lab elers seem to b e able to factor out syn tax 3 Agreement \within the uncertaint y level" merges neighboring classes when the uncertaint y diacritic is used: (3,4-) and (3,3-) for example. 13 at least some of the time. Only a p ortion of the corpus is currently lab eled with proso dic markers, including all of the clean F2B data, a quarter of the M1B data, and the labnews stories. How ev er, we consider these lab els to b e preliminary as we are still in the pro cess of learning the T oBI system. Preliminary analyses on these tw o sp eak ers show signi�can t di�erences in their strategies for proso dic marking, with F2B using phrase b oundaries, pitch accents and low phrase tones m uc h more frequen tly than M1B. F or b oth sp eakers, the high pitch accent (H*) is used frequently , i.e. on ov er half of the accents. After H*, the most frequent accen t types are down-stepped high (!H*) and bitonal high (L+H*) accents. Hand lab eling of proso dic markers is a fairly time-consuming and therefore costly pro- cedure. As a consequence, it is our goal to even tually automate or partially automate this pro cedure. An algorithm for automatically recognizing this set of proso dic lab els giv en phonetic alignments has b een describ ed by Wightman and Ostendorf [35]. Though the p erformance is not as go o d as for h uman lab elers, it may improv e proso dic lab eling signif- icantly to add the step of automatic detection, follow ed by hand-correction. (In the Penn T reebank part-of-sp eech tagging exp eriments, hand-corrections improv ed ov er fully hand- lab eled data in sp eed, accuracy and consistency [17].) In addition, the proso dic lab eling work is relatively new, and we therefore exp ect further improv emen ts in accuracy in the future. 4 Summary W e hav e describ ed a corpus of o v er sev en hours of professionally read radio news sp eech. The corpus includes orthographic transcription, phonetic alignments, part-of-sp eech tags, and proso dic notation. W e hop e that the av ailabilit y of this corpus will inspire further researc h on proso dy , encourage the further developmen t of automatically trained algorithms, and allow for more direct comparison of research results more generally , but for sp eech synthesis in particular. 14

Although we designed the corpus b ecause of our interests in sp eec h synthesis applica- tions, it is suitable for many other applications and analyses. W e hav e used the corpus ourselves in studies of proso dy in syntactic disambiguation [21, 18], early accent placement [26], duration lengthening [34] and glottalization [8]. It is also suitable for general studies of proso dy and its interactions with syntax and discourse. Ac kno wledgmen ts The authors gratefully ackno wledge WBUR and all the radio announcers who co op erated in this study . W e also thank several p eople who help ed with data collection and lab eling, including John Butzb erger, Nanette V eilleux, Colin Wightman, Ken Ross, Cyn thia F ong, Mark Paley , Doug W atson, Y eong Chang, Susan Zlotkin, John Kaufhold, Navneet Mathur, Suk Choi, Hatal Patel, Gay Ping Lau, Ahw at Schlosser, Loretta Ha wks, Cameron F ordyce, Lisa Kwok, Liz Shrib erg, Gay Baldwin, Laura Dilley , Luis San tiago, and Rachel Molenaar. The corpus collection, annotation and analyses w ere funded in part b y NSF (grant num b er IRI-8805680), Apple Computer, and the Linguistics Data Consortium. References [1] B. Alten b erg (1987) Pr oso dic Patterns in Sp oken English, Lund Universit y Press, Swe- den. [2] J. Baker, and D. Paul (1992) \The Design for the W all Street Journal-Based CSR Corpus," Pr o c. ARP A Sp e e ch and Natur al L anguage Workshop, 357-362. [3] M. Beckman and G. Ayers (1994) \Guidelines for T oBI Lab eling, v ersion 2.0", Manuscript and accompan ying sp eech materials [Obtain by writing to tobi@ling.ohio- state.edu]. 15

[4] M. Beckman and J. Pierrehum b ert (1986) \Intonational structure in Japanese and English," Phonolo gy Y e arb o ok 3, ed. J. Ohala, 255-309. [5] M. Cohen (1989) Phonolo gic al Structur es for Sp e e ch R e c o gnition, Ph.D. Dissertation, U.C. Berk eley Department of Computer Science. [6] K. Churc h (1988) \Sto chastic Parts Program and Noun Phrase P arse for Unrestricted T ext," Pr o c e e dings of the Se c ond Confer enc e on Applie d Natur al L anguage Pr o c essing, 136-143. [7] R. Collier, J. R. de Pijp er and A. Sanderman, (1993) \Perceiv ed Proso dic Boundaries and their Phonetic Correlates," Pr o c e e dings of the ARP A Human L anguage T e chnolo gy Workshop , L. Bates, Ed. [8] L. Dilley , S. Shattuck-Hufnagel and M. Ostendorf, \Glottalization of V o w el-Initial Syl- lables as a F unction of Proso dic Structure," manuscript submitted to Journal of Pho- netics. [9] J. Edw ards and M. Lamp ert (1993) T alking Data: T r anscription and Co ding in Dis- c ourse R ese ar ch, Erlbaum. [10] H. F ujisaki, K. Hirose, N. T ak ahac hi, and H. Morik a w a (1986) \Acoustic character- istics and the underlying rules of intonation of the common Japanese used by radio and television announcers," Pr o c e e dings of the International Confer enc e on A c oustics, Sp e e ch and Signal Pr o c essing, 2039-2042. [11] J. J. Go dfrey , E. C. Holliman and J. McDaniel (1992) \SWITCHBOARD: T elephone Sp eec h Corpus for Research and Dev elopmen t," in Pr o c e e dings of the International Confer enc e on A c oustics, Sp e e ch and Signal Pr o c essing, , San F rancisco, Marc h 23-26, V ol. 1, 517-520. Do cumentation also on the CDRom av ailable through LDC. [12] O. Kim ball, M. Ostendorf and I. Bech w ati (1992) \Context Mo deling with the Sto c has- tic Segmen t Mo del," IEEE T r ansactions on Signal Pr o c essing, 1584-1587. 16

[13] J. Kupiec (1989) \Augmenting a Hidden Mark o v Mo del for Phrase-Dep enden t W ord T agging," Pr o c e e dings of the DARP A Sp e e ch and Natur al L anguage Workshop, 92-98. [14] L. F. Lamel, R. H. Kassel and S. Sene� (1986) \Sp eech Database Developmen t: De- sign and Analysis of the Acoustic-Phonetic Corpus," Pr o c. DARP A Sp e e ch R e c o gnition Workshop, Rep ort No. SAIC-86/1546, 100-109. [15] A. Ljolje and M. Riley (1991) \Automatic segmentation and lab eling of sp eech," Pr o- c e e dings of the International Confer enc e on A c oustics, Sp e e ch and Signal Pr o c essing, 473-476. [16] A. Ljolje, J. Hirsch b erg and J. P . H. v an San ten (1994) \Automatic sp eech segmentation for concatenative inv en tory selection," Confer enc e Pr o c. of the ESCA/IEEE Workshop on Sp e e ch Synthesis, pp. 93-96. [17] M. P . Marcus and B. San torini (1993) Building a V ery Large Natural Language Cor- p ora: The Penn T reebank. Computational Linguistics, 19(2) 313-330. [18] M. Ostendorf, C. W. Wightman, and N. M. V eilleux (1993) \Parse Scoring with Proso dic Information: An Analysis/Synthesis Approach," Computer Sp e e ch and L an- guage , 193-210. [19] J. F. Pitrelli, M. Beckman and J. Hirsch berg (1994) \Ev aluation of Proso dic T ranscrip- tion Lab eling Reliability in the T oBI F ramew ork", Pr o c e e dings of the International Confer enc e on Sp oken L anguage Pr o c essing. [20] P . Price, M. Ostendorf, S. Shattuc k-Hufnagel, and N. and V eilleux (1988) \A Metho d- ology for Analyzing Proso dy ," J. A c oust. So c. Am., 84, Suppl. 1, S99. [21] P . Price, M. Ostendorf, S. Shattuck-Hufnagel, and C. F ong, (1991) \The use of proso dy in syntactic disambiguation," Journal of the A c oustic al So ciety of Americ a, 90, 6, 2956- 2970. 17

[22] MADCO W (L. Hirschman et al.) (1992) \Multi-Site Data Collection for a Sp oken Language Corpus," in Pr o c e e dings Sp e e ch and Natur al L anguage Workshop , Harriman, New Y ork, 7-14 (Morgan Kaufman Publishers, Inc., San Mateo, California). [23] P . J. Price, W. M. Fisher and J. Bernstein (1988) \The DARP A 1000-W ord Resource Management Database for Con tin uous Sp eec h Recognition," D. S. Pallett, Pr o c e e dings of the International Confer enc e on A c oustics, Sp e e ch and Signal Pr o c essing, Database av ailable on CD-ROM via the LDC. [24] M. Meteer, R. Sc h w artz and R. W eisc hedel (1991) \POST: Using Probabilities in Lan- guage Pro cessing," Pr o c e e dings of the International Joint Confer enc e on A rti�cial In- tel ligenc e. [25] K. Ross and M. Ostendorf, \Prediction of Abstract Proso dic Lab els for Sp eech Syn- thesis," submitted man uscript. [26] S. Shattuck-Hufnagel, M. Ostendorf and K. Ross, (1995) \Pitch Accent Placement within Lexical Items in American English," Journal of Phonetics . [27] K. Silverman, et al. (1992) \TOBI: A standard for lab eling proso dy ," Pr o c e e dings of the International Confer enc e on Sp oken L anguage Pr o c essing, 867-870, 1992. [28] C. Sorin, D. Larreur, and R. Llorca (1987) \A rhythm-based proso dic parser for text- to-sp eec h systems in F renc h," in Pr o c e e dings of the International Congr ess of Phonetic Scienc es , V ol. 1, 125-128, T allinn. [29] E. Strangert (1991) \Pausing in texts read aloud," in Pr o c e e dings, XII International Congr ess of Phonetic Scienc es , V ol. 4, 238-241. [30] J. Sv artvik (Ed.) (1990) The L ondon-Lund Corpus of SPoken English: Description and R ese ar ch , Lund Universit y Press. 18

[31] D. T alkin and C. W. Wightman (1994) \The Aligner: T ext to sp eech alignment using Marko v mo dels and a pronunciation dictionary ," Confer enc e Pr o c. of the ESCA/IEEE Workshop on Sp e e ch Synthesis, pp. 89-92. [32] V. Vihanta (1991) \Signalisation proso dique de la structure informationnelle dans le discours radio-phonique en Finnois et en F rancais," in Pr o c e e dings, XII International Congr ess of Phonetic Scienc es , V ol. 2, 422-425. [33] B. Wheatley , G. Do ddington, C. Hemphill, J. Go dfrey , E. Holliman, J. McDaniel and D. Fisher (1992) \Robust Automatic Time Alignment of Orthographic T ranscriptions with Unconstrained Sp eech," Pr o c e e dings of the International Confer enc e on A c oustics, Sp e e ch and Signal Pr o c essing, I533-I536. [34] C. W. Wightman, S. Shattuck-Hufnagel, M. Ostendorf, and P . Price (1992) \Segmen tal Durations in the Vicinit y of Proso dic Phrase Boundaries," Journal of the A c oustic al So ciety of A meric a, V ol. 91, No. 3, 1707-1717. [35] C. Wightman and M. Ostendorf (1994) \Automatic Lab eling of Proso dic P atterns," IEEE T r ans. Sp e e ch and Audio Pr o c essing, V ol. 2, No. 4, 469-481. 19