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Abstract

Correct stress placement is important in
text-to-speech systems, in terms of both
the overall accuracy and the naturalness of
pronunciation. In this paper, we formu-
late stress assignment as a sequence pre-
diction problem. We represent words as
sequences of substrings, and use the sub-
strings as features in a Support Vector Ma-
chine (SVM) ranker, which is trained to
rank possible stress patterns. The rank-
ing approach facilitates inclusion of arbi-
trary features over both the input sequence
and output stress pattern. Our system ad-
vances the current state-of-the-art, predict-
ing primary stress in English, German, and
Dutch with up to 98% word accuracy on
phonemes, and 96% on letters. The sys-
tem is also highly accurate in predicting
secondary stress. Finally, when applied in
tandem with an L2P system, it substan-
tially reduces the word error rate when
predicting both phonemes and stress.

Introduction

report separate figures on stress prediction accu-
racy, or they only provide results on a single lan-

guage. Some only predict primary stress mark-

ers (Black et al., 1998; Webster, 2004; Demberg

et al., 2007), while those that predict both primary

and secondary stress generally achieve lower ac-
curacy (Bagshaw, 1998; Coleman, 2000; Pearson
et al., 2000).

In this paper, we formulate stress assignment as
a sequence prediction problem. We divide each
word into a sequence of substrings, and use these
substrings as features for a Support Vector Ma-
chine (SVM) ranker. For a given sequence length,
there is typically only a small number of stress
patterns in use. The task of the SVM is to rank
the true stress pattern above the small number of
acceptable alternatives. This is the first system
to predict stress within a powerful discriminative
learning framework. By using a ranking approach,
we enable the use of arbitrary features over the en-
tire (input) sequence and (output) stress pattern.
We show that the addition of a feature for the en-
tire output sequence improves prediction accuracy.

Our experiments on English, German, and
utch demonstrate that our ranking approach sub-
stantially outperforms previous systems. The

&VM ranker achieves exceptional 96.2% word ac-

pitch, and loudness. This phenomenon is referre : L
to aslexical stress In some languages, the loca- curacy on the challenging task of predicting the
’ full stress pattern in English. Moreover, when

tion of stress is entirely predictable. For example, o o }
combining our stress predictions with a state-of-

lexical stress regularly falls on the initial syllable . .
the-art L2P system (Jiampojamarn et al., 2008),

in Hungarian, and on the penultimate syllable in . L
Polish. In other languages, such as English anye set a new standard for the combined prediction
' ’ of phonemes and stress.

Russian, any syllable in the word can be stressed.

Correct stress placement is important in text- The paper is organized as follows. Section 2
to-speech systems because it affects the accurapyovides background on lexical stress and a task
of human word recognition (Tagliapietra and Ta-definition. Section 3 presents our automatic stress
bossi, 2005; Arciuli and Cupples, 2006). How- prediction algorithm. In Section 4, we confirm the
ever, the issue has often been ignored in previpower of the discriminative approach with experi-
ous letter-to-phoneme (L2P) systems. The sysments on three languages. Section 5 describes how
tems that do generate stress markers often do netress is integrated into L2P conversion.
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2 Background and Task Definition English (c.f., allow vs. alloy). Second, since
phoneme predictors typically utilize only local

There is a long history of research into the prin-context around a letter, they do not incorporate the
ciples governing lexical stress placement.  Zipfgohal, long-range information that is especially

(1929) showed that stressed syllables are ofpaqictive of stress, such as penultimate syllable

ten those with low frequency in speech, while gmphasis associated with the suffition. By tak-

unstressed syllables are usually very common siressed orthography as input, the L2P system
Chomsky and Halle (1968) proposed a set ofg gpje 1o implicitly leverage morphological infor-
context-sensitive rules for producing English yation beyond the local context.

stress from underlying word forms. Due 10 itS gjcating stress on letters can also be help-

importance in text-to-speech, there is also a long,| 5 hymans, especially second-language learn-
history of computational stress prediction SYS-ars. In some languages, such as Spanish, ortho-

tems (Fudge_z, 1984; Church, 1985; Wi”iamsgraphic markers are obligatory in words with ir-
1987). While these early approaches dependly oy stress. The location of stress is often ex-
on human definitions of vowel tensity, syllable yjiciiy marked in textbooks for students of Rus-
weight, word etymology, etc., our work follows gjan “ |y poth languages, the standard method of
arecent trend of purely data-driven approaches g, jicating stress is to place an acute accent above
stress prediction (Black et al., 1998; Pearson et a'the vowel bearing primary stress, e.gdios The
2000; Webster, 2004; Demberg et al., 2007). secondary stress in English can be indicated with
In many languages, only two levels of stressy grave accent (Coleman, 2000), emy&cede
are distinguished: stressed and unstressed. How- |, summary, our task is to assign primary and
ever, some languages exhibit more than two levelge o gary stress markers to stress-bearing vowels
of stress. For example, in the English wa&do-  , o input word. The input word may be either
nomi the first and the third syllable are stressednonemes or letters. If a stressed vowel is repre-
with the former receiving weaker emphasis thanggnteq by more than one letter, we adopt the con-
the latter. In this case, the initial syllable is said,,antion of marking the first vowel of the vowel se-
to carry a seco_ndary stress._ Although each Wor%uence, e.gmeéeting In this way, we are able to
has only one primary stress, it may have any nuMy, s o the task of stress prediction, without hav-
ber of secondary stresses. Predicting the full StréSfig to determine at the same time the exact sylla-
pattern is therefore inherently more difficult than 4 boundaries, or whether a vowel letter sequence

predicting the location of primary stress only. represents one or more spoken vowels (dgat-
Our objective is to automatically assign primary ing vs. be-at-i-fy).

and, where possible, secondary stress to out-of-

vocabulary words. Stress is an attribute of sylla-3  Automatic Stress Prediction

bles, but syllabification is a non-trivial task in it-

self (Bartlett et al., 2008). Rather than assumingUr stress assignment system maps a werdo a
correct syllabification of the input word, we in- stressed-form of the wordy. We formulate stress
stead follow Webster (2004) in placing the stress2ssignment as a sequence prediction problem. The
on the vowel which constitutes the nucleus of thessignment is made in three stages:

stressed syllable. If the syllable boundaries are ) )

known, the mapping from the vowel to the cor- (1) First, we map words to substrings)the ba-

responding syllable is straightforward. Sic units in our sequence (Section 3.1).

We investigate the assignment of stress to tW‘{z) Then, a particular stress pattet) {s chosen
related but different entities: the spoken word™ " ¢ o-h substring sequence. We use a sup-

(repre§ented by its phonetic transcription), apd port vector machine (SVM) to rank the possi-
the written word (represented by its orthographic ble patterns for each sequence (Section 3.2).
form). Although stress is a prosodic feature, as-

signing stress to written words (“stressed orthog+(3) Finally, the stress pattern is used to produce

raphy”) has been utilized as a preprocessing stage the stressed-form of the word (Section 3.3).
for the L2P task (Webster, 2004). This prepro-

cessing is motivated by two factors. First, stressTable 1 gives examples of words at each stage of
greatly influences the pronunciation of vowels inthe algorithm. We discuss each step in more detalil.
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Word Substrings  Pattern Wordl 3.2 Stress Prediction with SVM Ranking
w S - t — w

_) - . -
_ After creating a sequence of substring unis+
worker — wor-ker — 1-0 — wobrker
—
—

{s1-s9-...-sn'}, the next step is to choose an out-
put sequencet = {ti-to-...-tx}, that encodes
whether each unit is stressed or unstressed. We
use the number ‘1’ to indicate that a substring re-
ceives primary stress, ‘2’ for secondary stress, and
‘0’ to indicate no stress. We call this output se-
guence thetress pattertior a word. Table 1 gives

overdo ov-ver-do— 2-0-1 — overd
react re.ac — 0-1 — react
a&ebstreekt> aeb-rek — 0-1 — aebstréekt
prisid — ri-sid — 2-1 — prisid

Table 1: The steps in our stress prediction sys
tem (with orthographic gnd phonetic prediction examples of words, substrings, and stress patterns.
examples): (1) word splitting, (2) support vector \ye e supervised learning to train a system to
ranking of stress patterns, and (3) pattern-to-vowel it the stress pattern. We generate training

mapping. (s,t) pairs in the obvious way from our stress-
marked training wordsw. That is, we first ex-
3.1 Word Splitting tract the letter/phoneme portiony, and use it

The first step in our approach is to represent th(;f\0 create the substrings, We then create the

L e stress pattern;, usingw’s stress markers. Given
word as a sequence of individual units: w — the training pairs, any sequence predictor can be
s = {s1-s2-...-sy }. These units are used to define g pairs, any seq P

the features and outputs used by the SVM rankerused’ for example a Conditional Random Field

Although we are ultimately interested in assigning(CRF) (Lafferty et al., 2001) or a structured per-

S . ceptron (Collins, 2002). However, we can take
stress to individual vowels in the phoneme and Iet-advanta e of a Unique property of our problem to
ter sequence, it is beneficial to represent the task in 9 que property P

units larger than individual letters. use a more expressive framework than is typically

. o ) used in sequence prediction.
Our substrings are similar to syllables; they L
: ) The key observation is that the output space of
have a vowel as their nucleus and include con-

sonant context. By approximating syllables Ourpossible stress patterns is actually fairly limited.
. | : ’ Clopper (2002) shows that people have strong
substring patterns will allow us to learn recur-

- . epreferences for particular sequences of stress, and
rent stress regularities, as well as dependenci

between neighboring substrings. Since determinE%'S is confirmed by our training data (Section 4.1).

. ) . . In English, for example, we find that for each set
ing syllable breaks is a non-trivial task, we in- .
) . o of spoken words with the same number of sylla-
stead adopt the following simple splitting tech- . .
) . bles, there are no more than fifteen different stress
nique. Each vowel in the word forms the nucleus

of a substring. Any single preceding or follow- patterns. In total, among 55K English training ex-

ing consonant is added to the substring unit. Thusamples, there are only 70 different stress patterns.

. . [n both German and Dutch there are only about
each substring consists of at most three symbolgO patterns in 250K exampldsTherefore, for a
(Table 1). ' '

Using shorter substrings reduces the sparsity o?artpular mput sequence, we can safely limit our
e ) . consideration to only the small set of output pat-
our training data; words likeryer, dryer andfryer
terns of the same length.
are all mapped to the same formry-er. The

SVM can thus generalize from observed words to Thus, unlike typical sequence predlctqrs, we do
o not have to search for the highest-scoring output
similarly-spelled, unseen examples.

: according to our model. We can enumerate the
Since the number of vowels equals the num-,

ber of syllables in the phonetic form of the word, full set of outputs and simply choose the highest-

. . . scoring one. This enables a more expressive rep-
applying this approach to phonemes will always . . )

resentation. We can define arbitrary features over

generate the correct number of syllables. For let-

ters, splitting may result in a different number of the entire output sequence. In a typical CRF or

units than the true syllabification, e.gronounce structured perceptron approach, only output fea-

_, ron-no-un-ce This does not prevent the systemtures that can be computed incrementally during

. . search are used (e.g. Markov transition features
from producing the correct stress assignment afte

the pattern-to-vowel mapping stage (Section 3.?jhat permit Viterbi search). Since search is not
is complete. 1See (Dou, 2009) for more details.
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needed here, we can exploit longer-range features. Substring Siyti
Choosing the highest-scoring output from a Sis T, b

fixed set is a ranking problem, and we provide the Context Si—1,ti

full ranking formulation below. Unlike previous 8i—18i, L

ranking approaches (e.g. Collins and Koo (2005)), Sit1,ti

we do not rely on a generative model to produce SiSit1,ti

a list of candidates. Candidates are chosen in ad- 8i—15iSi+1, bi

vance from observed training patterns. Stress Pattern ¢1ts ... tx

3.2.1 Ranking Formulation Table 2: Feature Template

For a substring sequence,of length N, our task

is to select the correct output pattern from the se
of all length<V patterns observed in our training
data, a set we denote @sy. We score each possi-

Eonsider previously-observed output patterns, it is
impossible for our system to produce a nonsensi-
: o : ) cal result, such as having two primary stresses in
ble mput-out'put combination using a1_|mear model.One word. Standard search-based sequence pre-
Each substring sequence and possible output Ioaclj'ictors need to be specially augmented with hard

'iIeirn,t(S,t_Iz,h is reprefsented Vt\{'thl a Stet of fi'?‘tures’constraints in order to prevent such output (Roth
(s,t). The score for a particulas(t) combina- and Yih, 2005),

tion is a weighted sum of these featur&s® (s, t).
The specific features we use are described in Se%-. 22 Features
tion 3.2.2.

Let t/ be the stress pattern for théh training The power of our ranker to identify the correct
sequence’, both of lengthN. At training time,  stress pattern depends on how expressive our fea-
the weights,\, are chosen such that for eagh  tures are. Table 2 shows the feature templates used
the correct output pattern receives a higher scoréo create the feature® (s, t) for our ranker. We
than other patterns of the same lengthiu €  use binary features to indicate whether each com-

Ty, u #t7, bination occurs in the currens,¢) pair.
o , For example, if a substringion is unstressed in
A-@(s),t)) > X B(s7, u) (1) a(s,t) pair, theSubstringfeature{s;, t; = tion,0}

_ ~ will be true? In English, often the penultimate
The set of constraints generated by Equation Ly)aple is stressed if the final syllable fion.

are calledank constraints They are created sep- \we can capture such a regularity with t®n-
arately for every(s’,t’) training pair. ESSen- ey features; . 1,t;. If the following syllable is
tially, each training pair is matched with a Setyjon and the current syllable is stressed, the fea-
of automatically-created negative examples. Eacly, o {si41,%; = tion,1} will be true. This feature

negative has an incorrect, but plausible, stress pagjj| |ikely receive a positive weight, so that out-

tern, u. . put sequences with a stress beftimn receive a
We adopt a Support Vector Machine (SVM) so- higher rank.

lution to these ranking constraints as described by Finally

I[Jr? a}[chlms (2002). .The Iearr]:ter fmdg the We'(%[.ht ortant feature. Note that such a feature would
at ensure a maximum (soft) margin separatio ot be possible in standard sequence predictors,

between the correct scores and the COMPEUTOry here such information must be decomposed into

We use an SVM because it has been successtul 'lUIarkov transition features likg_¢;. In aranking

similar settings (Iearnir_1g with thousgrjds_of Spars?ramework, We can score output sequences using
features) for both ranking and classification taskstheirfull output pattern. Thus we can easily learn

and because an efficient implementation is avail; . .
, the rules in languages with regular stress rules. For
able (Joachims, 1999). guag g

A . il h ib| languages that do not have a fixed stress rule, pref-
ttest time We Simply Score each possible C)L{t'erences for particular patterns can be learned using
put pattern using the learned weights. That is

) this feature.
for an input sequence of length IV, we compute

A (I)_(S’ t) forallt € Ty, and we take the highest 2tjon is a substring composed of three phonemes but we
scoringt as our output. Note that because we onlyuse its orthographic representation here for clarity.

the full Stress Patterrserves as an im-
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3.3 Pattern-to-Vowel Mapping System Eng Ger | Dut
The final stage of our system uses the predicted P+S P P P

patternt to create the stress-marked form of the SUBSTRING | 96.2 98.0) 97.1) 93.1
word, w. Note the number of substrings created ORACLESYL | 954 96.4) 97.1) 93.2
by our splitting method always equals the number TOPPATTERN | 66.8 68.9]| 64.1| 60.8

of vowels in the word. We can thus simply map rapje 3: Stress prediction word accuracy (%) on
the indicator numbers iito markers on their cor- phonemesfor English, German, and DutchP:

responding vowels to produce the stressed word. predicting primary stress onlf+S: primary and
For our examplepronounce— ron-no-un-ce secondary.

if the SVM chooses the stress pattern, 0-1-0-

0, we produce the correct stress-marked word,

pronbunce If we instead stress the third vowel, 0-

0-1-0, we produce an incorrect outpptpnaince

CELEX also provides secondary stress annota-
tion for English. We therefore evaluate on both
primary and secondary stre$3+S) in English and

on primary stress assignment alori®) for En-
glish, German, and Dutch.

In this section, we evaluate our ranking approach

to stress prediction by assigning stress to spokeft-2 Comparison Approaches

and written words in three languages: EnglishWe evaluate three different systems on the letter
German, and Dutch. We first describe the data andnd phoneme sequences in the experimental data:
the various systems we evaluate, and then provid
the results.

4 Stress Prediction Experiments

f) SUBSTRING is the system presented in Sec-
tion 3. It uses the vowel-based splitting

4.1 Data method, followed by SVM ranking.

The data is extracted from CELEX (Baayen et al.,2)
1996). Following previous work on stress predic-
tion, we randomly partition the data into 85% for
training, 5% for development, and 10% for test-
ing. To make results on German and Dutch com-
parable with English, we reduce the training, de-
velopment, and testing set by 80% for each. Af-
ter removing all duplicated items as well as abbre-
viations, phrases, and diacritics, each training set
contains around 55K words.

In CELEX, stress is labeled on syllables in the
phonetic form of the words. Since our objec-

ORACLESYL splits the input word into sylla-
bles according to the CELEX gold-standard,
before applying SVM ranking. The output
pattern is evaluated directly against the gold-
standard, without pattern-to-vowel mapping.

) TOPPATTERN is our baseline system. It uses

the vowel-based splitting method to produce a
substring sequence of lengt. Then it simply
chooses the most common stress pattern among
all the stress patterns of lengith.

SUBSTRING and QRACLESYL use scores pro-

tive is to assign stress markers\vowels(as de-

duced by an SVM ranker trained on the training

scribed in Section 2) we automatically map thedata. We employ the ranking mode of the popular
stress markers from the stressed syllables in thiearning package SVt (Joachims, 1999). In
phonetic forms onto phonemes and letters repeach case, we learn a linear kernel ranker on the
resenting vowels. For phonemes, the process igaining set stress patterns and tune the parameter
straightforward: we move the stress marker fromthat trades-off training error and margin on the de-
the beginning of a syllable to the phoneme whichvelopment set.

constitutes the nucleus of the syllable. For let- We evaluate the systems usingrd accuracy
ters, we map the stress from the vowel phonemehe percent of words for which the output form of
onto the orthographic forms using the ALINE al- the word,w, matches the gold standard.

gorithm (Dwyer and Kondrak, 2009). The stress
marker is placed on the first letter within the sylla-
ble that represents a vowel souhd.

4.3 Results

Table 3 provides results on English, German, and
————— ) ) Dutch phonemes. Overall, the performance of our

Our stand-off stress annotations for English, German, . . .
automatic stress predictor,uBSTRING, is excel-

and Dutch CELEX orthographic data can be downloaded at: ) -
http://www.cs.ualberta.ca/-kondrak/celex.html. lent. It achieves 98.0% accuracy for predicting
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System Eng Ger | Dut 100

P+S P | P | P )
SUBSTRING | 93.5 95.1| 95.9| 91.0
ORACLESYL | 94.6 96.0| 96.6 | 92.8 o
TOPPATTERN | 65.5 67.6| 64.1| 60.8 °\;
c
Table 4: Stress prediction word accuracy (%) on 3
letters for English, German, and DutcIP: pre- ;}
dicting primary stress oni\P+S: primary and sec- g
ondary.
: : , : P S
primary stress in English, 97.1% in German, and 10000 100000

93.1% in Dutch. It also predicts both primary and
secondary stress in English with high accuracy,
96.2%. Performance is much higher than our base- Figure 1: Stress prediction accuracy on letters.
line accuracy, which is between 60% and 70%.
ORACLESYL, with longer substrings and hence
sparser data, does not generally improve perfor2007), which achieves 90.1% word accuracy on
mance. This indicates that perfect syllabificationletters in German CELEX, assuming perfect letter
is unnecessary for phonetic stress assignment. syllabification. In order to reproduce their strict
Our system is a major advance over the preexperimental setup, we re-partition the full set of
vious state-of-the-art in phonetic stress assignGerman CELEX data to ensure that no overlap of
ment. For predicting stressed/unstressed syllable¥ord stems exists between the training and test
in English, Black et al. (1998) obtained a per-Sets. Using the new data sets, our system achieves
syllable accuracy of 94.6%. We achieve 96.29@ Word accuracy of 92.3%, a 2.2% improvement
per-wordaccuracy for predicting both primary and 0ver Demberg et al. (2007)’s result. Moreover, if
secondary stress. Others report lower numberé/€ also assume perfect syllabification, the accu-
on English phonemes. Bagshaw (1998) obtaine#eCY is 94.3%, a 40% reduction in error rate.
65%-83.3% per-syllable accuracy using Church We performed a detailed analysis to understand
(1985)’s rule-based system. For predicting boththe strong performance of our system. First of all,
primary and secondary stress, Coleman (2000jote that an error could happen if a test-set stress
and Pearson et al. (2000) report 69.8% and 81.0%battern was not observed in the training data; its
word accuracy, respectively. correct stress pattern would not be considered as

The performance on letters (Table 4) is also@n output. In fact, no more than two test errors in
quite encouraging. $BSTRING predicts primary any test set were so caused. This strongly justi-
stress with accuracy above 95% for English andies the reduced set of outputs used in our ranking
German, and equal to 91% in Dutch. Performancdormulation.
is 1-3% lower on letters than on phonemes. On We also tested all systems with the Stress Pat-
the other hand, the performance oRACLESYL  tern feature removed. Results were worse in all
drops much less on letters. This indicates thatases. As expected, it is most valuable for pre-
most of SUBSTRING'S errors are caused by the dicting primary and secondary stress. On English
splitting method. Letter vowels may or may not phonemes, accuracy drops from 96.2% to 95.3%
represent spoken vowels. By creating a substringvithout it. On letters, it drops from 93.5% to
for every vowel letter we may produce an incorrect90.0%. The gain from this feature also validates
number of syllables. Our pattern feature is there-our ranking framework, as such arbitrary features
fore less effective. over the entire output sequence can not be used in

Nevertheless, 88STRING's accuracy on letters standard search-based sequence prediction.
also represents a clear improvement over previ- Finally, we examined the relationship between
ous work. Webster (2004) reports 80.3% wordtraining data size and performance by plotting
accuracy on letters in English and 81.2% in Gerdearning curves for letter stress accuracy (Fig-
man. The most comparable work is Demberg et alure 1). Unlike the tables above, here we use the

Number of training examples
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full set of data in Dutch and German CELEX to phoneme-generator and a stress predictor based on
create the largest-possible training sets (255K exstress pattern counts. In contrast, Webster (2004)
amples). None of the curves are levelling off; per-first assigns stress to letters, creating an expanded
formance grows log-linearly across the full range.input set, and then predicts both phonemes and
stress jointly. The system marks stress on let-
5 Lexical stress and L2P conversion ter vowels by determining the correspondence be-

. . . 1Iween affixes and stress in written words.
In this section, we evaluate various methods o .

- - ) Following the above approaches, we can expand
combining stress prediction with phoneme gener;

. , . o the input or output symbols of our L2P system to
ation. We first describe the specific system that we P PUt sy : ys
) include stress. However, since both decision tree

use for letter-to-phoneme (L2P) conversion. We . .
. . ... _systems and our L2P predictor utilize only local

then discuss the different ways stress prediction

can be integrated with L2P, and define the system%onteXt’ _they may produce invalid global OUtPUt'
. . . ) ne option, used by Demberg et al. (2007), is to
used in our experiments. Finally, we provide the

add a constraint to the output generation, requiring
results. :
each output sequence to have exactly one primary

5.1 The L2P system stress.

_ o _ We enhance this constraint, based on the obser-
We combine stress prediction with a state-of-the,ation that the number of valid output sequences

art L2P system (Jiampojamarn et al., 2008). Likeg tajrly limited (Section 3.2). The modified sys-
our stress ranker, their system is a data-driven Ssm produces the highest-scoring sequence such
quence predictor that is trained with supervisedpat the output's corresponding stress pattern has

learning. The score for each output sequence ifean ohserved in our training data. We call this
a weighted combination of features. The featurgyq sress pattern constraint This is a tighter

weights are trained using the Margin Infused Regnstraint than having only one primary stréss.
laxed Algorithm (MIRA) (Crammer and Singer, anqther advantage is that it provides some guid-
2003), a powerful online discriminative training gnce for the assignment of secondary stress.

framework. Like other recent L2P systems (Bisan_i Inspired by the aforementioned strategies, we
and Ney, 2002; Marchand ar_ld Damper, 2007; Jigyajuate the following approaches:
ampojamarn et al., 2007), this approach does not
generate stress, nor does it consider stress whenl) JOINT: The L2P system’s input sequence is let-
generates phonemes. ters, the output sequence is phonemes+stress.
For L2P experiments, we use the same training
testing, and development data as was used in Se
tion 4. For all experiments, we use the develop-

ment set to determine at which iteration to stop

training in the online algorithm. 3) POSTPROCESS The L2P system’s input is let-
ters, the output is phonemes. It then applies the
SVM stress ranker (Section 3) to the phonemes
to produce the full phoneme+stress output.

g) JOINT+CONSTR: Same as@INT, except it se-
lects the highest scoring output that obeys the
stress pattern constraint.

5.2 Combining stress and phoneme
generation

Various methods have been used for combining

stress and phoneme generation. Phonemes can ik LETTERSTRESS The L2P system’s input is
generated without regard to stress, with stress as- |etters+stress, the output is phonemes+stress.
signed as a post-process (Bagshaw, 1998; Cole- It creates the stress-marked letters by applying
man, 2000). Both van den Bosch (1997) and the SVM ranker to the input letters as a pre-
Black et al. (1998) argue that stress should be pre- Process.

dicted at the same time as phonemes. They e%;} ORACLESTRESS The same input/output as
pand the output set to distinguish between stresse LETTERSTRESS except it uses the gold-

and unstressed phonemes. Similarly, Demberg et standard stress on letters (Section 4.1)
al. (2007) produce phonemes, stress, and syllable- e
boundaries within a single joint n-gram model. “In practice, the L2P system generates a top-N list, and
Pearson et al. (2000) generate phonemes and str we take the highest-scoring output on the list that satisfies

A e - GRS constraint. If none satisfy the constraint, we take ¢ipe t
together by jointly optimizing a decision-tree output that has only one primary stress.
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System Eng Ger | Dut (from 88.8% to 91.4%). This can be explained by
P+S P P P the fact that English vowels are often reduced to
JOINT 78.9 80.0| 86.0|81.1 schwa when unstressed (Section 2).
JOINT+CONSTR | 84.6 86.0| 90.8 | 88.7 Predicting both phonemes and stress is a chal-
PosTPROCESs | 86.2 87.6| 90.9 | 88.8 lenging task, and each of our globally-informed
LETTERSTRESS | 86.5 87.2| 90.1| 86.6 systems represents a major improvement over pre-
ORACLESTRESS | 91.4 91.4| 92.6| 945 vious work. The accuracy of Festival is much
Festival 61.2 62.5|71.8|65.1 lower even than ourdINT approach, but the rel-
ative performance on the different languages is

Table 5: Combined phonemend stress predic- . ita similar

i %) for English, German and ' .
tion word accurgcy (% . ' ' A few papers report accuracy on the combined
Dutch. P: predicting primary stress onlyP+S:

) stress and phoneme prediction task. The most di-
primary and secondary.

rectly comparable work is van den Bosch (1997),
which also predicts primary and secondary stress
Note that while the first approach uses 0”|YUsing English CELEX data. However, the re-
local information to make predictions (featuresported word accuracy is only 62.1%. Three other
within a context window around the current let- papers report word accuracy on phonemes and
ter), systems 2 to 5 leverage global information ingyress, using different data sets. Pearson et al.
some manner: systems 3 and 4 use the predictionsoo) report 58.5% word accuracy for predicting

of our stress rgnker, while 2 uses a global stresgponemes and primary/secondary stress. Black et
pattern constrairt. al. (1998) report 74.6% word accuracy in English,
We also generated stress and phonemes usiRghijle Webster (2004) reports 68.2% on English
the popular Festival Speech Synthesis SyStemand 82.9% in German (all primary stress only).
(version 1.96, 2004) and report its accuracy. Finally, Demberg et al. (2007) report word accu-
53 Results racy on predicting phonemes, stressid syllab-
' ification on German CELEX data. They achieve
Word accuracy results for predicting both 86.3% word accuracy.
phonemes and stress are provided in Table 5.
First of all, note that the QinT approach, 6 Conclusion

which simply expands the output set, is 4%- L .
. We have presented a discriminative ranking ap-
8% worse than all other comparison systems

roach to lexical stress prediction, which clearl
across the three languages. These results cleariJ b y

indicate the drawbacks of predicting stress usﬁ{J tperforms previously developed systems. The

ing only local information. In English, both izglrgif)hbl;:? rgretlﬁ/ola;r;glrj]ziacge;:]r:jde%%r:]cleeﬁr;t,rspfe“_'
LETTERSTRESS and PRoSTPROCESS perform grap P P

best, while RSTPROCESS and the constrained sentations, and flexible enough to handle multi-

: le stress levels. When combined with an exist-

system are highest on German and Dutch. Results . . ) .
) " Ing L2P system, it achieves impressive accuracy
using the oracle letter stress show that given g . . )
. In generating pronunciations together with their
perfect stress assignment on letters, phoneme

. . ﬁ ress patterns. In the future, we will investigate
and stress can be predicted very accurately, in all | .. .
additional features to leverage syllabic and mor-
cases above 91%.

We also found that the ph dicti phological information, when available. Kernel
ca SIO ound tha 'the Ft) otneme pre I'(t: 0N aC%%nctions could also be used to automatically cre-
curacy alone (i.e., without stress) is quite SIMate aricher feature space; preliminary experiments

lar for akl)l. thg stystems. dThr? gains oveoldT have shown gains in performance using polyno-
on combined SIress and pnoneme accuracy algia and RBF kernels with our stress ranker.

almost entirely due to more accurate stress as-
signment.  Utilizing the oracle stress on lettersacknowledgements

markedly improves phoneme prediction in English
This research was supported by the Natural

5This constraint could also help the other systems. How-gciences and Engineering Research Council of
ever, since they already use global information, it yieldl/o .
marginal improvements. Canada, the Alberta Ingenuity Fund, and the Al-

Shttp:/iwww.cstr.ed.ac.uk/projects/festival/ berta Informatics Circle of Research Excellence.
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