A STATISTICAL APPROACH FOR MODELING PROSODY FEATURES USING POS TAGS
FOR EMOTIONAL SPEECH SYNTHESIS

Murtaza Bulut, Sungbok Lee* and Shrikanth Narayanan*

University of Southern California, Los Angeles, CA
Department of Electrical Engineering, *Also, Department of Linguistics
mbulut@usc.edu, sungbokl@usc.edu, shri@sipi.usc.edu

ABSTRACT ically instead of considering the whole set of possible POS tags,

Deriving statistical models for emotional speech processing is a chalhe focus has been mainly on content/function word distinction [4].
lenging problem because of the highly varying nature of emotiorf-or example in the Affect Editor [5] the content/function word dis-
expressions. We address this problem by modeling prosodic parariiction was used in adjusting the "stress frequency” and "hesitation
eter differences at the part of speech (POS) level for emotional ufauses” parameters. Another example is HMM based synthesis [6],
terances for the purpose of emotional speech synthesis. Symheg\@ere POS category was one of the contextual factors used for train-
at the POS level is appealing because POS tags carry salient infdRg of limited speech database emotional synthesizer. This paper
mation conveying speech prominence. Analysis of energy, duratiol‘_iJOkS at prosodic parameter differences at the POS level for emo-
and FO differences between matching neutral-angry, neutral-sad afignal utterances.

neutral-happy emotional utterance pairs shows that Gaussian distri- Duration and FO parameters have been generally paid more at-
butions can be used to model the parameter differences. Pairwig@ntion than energy in the analyses of emotional speech [1]. In this
comparisons of POS features reveal that it is more probable that th#ork we concentrate on investigating energy and show the differ-
normalized mean and median energy of sad POS tags are larger theiRces between emotions with respect to POS energy maximum, me-
neutral, angry or happy POS tags. They also show that for partidjian and mean values. The idea for modeling energy at the POS level
ular tags it is more likely that angry emotion has higher FO mediaris based on the reports showing that energy is an essential component
than happy emotion, and that sad emotion has higher FO median thifhprominence perception [7] and that speech prominence scores are
neutral emotion. Experiments of conversion of neutral speech intéelated to POS categories [8]. It can be expected that inclusion of
emotional speech using the Gaussian probability functions provideémotion specific energy modifications together with FO and duration
helpful insights into the application of statistical models in speectimodifications will improve emotional speech synthesis results.
synthesis.

Index Terms— POS, emotion, prosody, energy, conversion 2. PART OF SPEECH LABELING AND FEATURE
EXTRACTION

1. INTRODUCTION . .
Part of speech tagging of the sentences was performed using the

Synthesis of emotional speech is a complex process which requiréharniak POS parser [9]. This parser is based on a probabilistic
different features and segments to be modified in accord with eactienerative model and it achieves 90.1% average precision/recall per-
other. The important parameters which have been attributed to em&rmance on sentences shorter than 40 words. For a given sentence
tional effect generation are FO, duration and energy [1]. Importantlyinput it generates Penn tree-bank style parse tress [10]. For an exam-
it has been shown that emotional modulations in speech productigble input sentence, “Count the number of teaspoons of soysauce that
interplay with the goals of achieving linguistic contrasts [2]. As ayou add” (a sentence from the TIMIT database), the output gener-
result, any speech synthesis or conversion scheme for emotional éfted by the parser is: “(S1 (FRAG (-LRB- -LRB-) (**) (S (VP (VB
fects is inherently constrained by the underlying linguistic structurecount) (NP (NP (DT the) (NN number)) (PP (IN of) (NP (NP (NNS
of an utterance and hence should be accounted for as a part of tfeaspoons)) (PP (IN of) (NP (NN soysauce) (SBAR (IN that) (S (NP
process. In prior work, we explored emotional modifications at thePRP you)) (VP (VBP add)))))))) (. ) (") (-RRB- -RRB-)))".
phoneme level [3]. In this paper we analyze the prosody paramErom the generated output one can easily identify the Verb Phrase
eters at the level of part of speech (POS) categories, and preseiP), Noun Phrase (NP), etc., boundaries and POS tags for individ-
a probabilistic approach of how they can be applied to emotiona¥al words.
speech synthesis through conversion of neutral speech. Motivation The time domain word boundaries for each utterance were au-
for working in POS level comes from the potential of higher quality tomatically estimated using adapted-HMM models trained (using
synthesized speech than phoneme level modifications. HTK toolkit) on the TIMIT database and adapted by maximum like-

In the presented approach, instead of modeling the characterihood linear regression model using our emotional speech data.
tics of individual emotional categories, we propose modeling differ-  Utterance FO contours were measured using Praat software. Af-
ences between emotions in POS level. The results show that thet smoothing the FO vector by a median filter of length 3, the mean,
differences can be parameterized by fitting into Gaussian distribunedian, maximum, minimum statistics were calculated for each word.
tions. Average magnitude function was used for energy contour cal-

Part of speech tags are popularly used in natural language proulations. In this method, instead of the squares of individual val-
cessing and in many text-to-speech systems. In TTS systems, types, their absolute values are summed over a shifting short-time win-
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tour characteristics such as the relative energies of each wo... \E'g' L Probablllt!es of emonor_\ 2 having gfe?‘tﬂ (acqusnc fea_ture)
each other) become visible. Having the relative energy informatim){alue than emotion 1. The displayed emotional pairs (emotion 1

between words (i.e., ratio of energies) enables us to study how th'eemOtiOn 2) are neutral-angry (top panel), neutral-happy (middle
shape of the energy contour is varied from emotion to emotion. panel) and neutral-sad (bottom panel). The plotted lines are for en-
ergy maximum [0), energy mediand, pitch median £) and dura-

tion (A).
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3. COMPARATIVE ANALYSIS OF PROSODY AT POS
LEVEL IN EMOTIONAL UTTERANCES Analyzing the results for the maximum energy of words (i.e., the
maximum value of the energy contour falling inside a word bound-
The speech material analyzed in this paper consists of 249, 201 a@dy) for neutral-angry pairs, it is seen that in most utterances angry
192 sentences recorded by two female speakers and a male speakéds have higher maximum energy than neutral words. Especially,
respectively. All of these semantically neutral sentences were utterdBis difference was observable for JJ, NNP, VBD, VBG and VBN
(i.e., acted) in 4 different ways, namely, expressing anger, happines&gs. for which the probabilities that an angry word will have higher
sadness and with neutral state, resulting in a total of 2568 (= 4 x 642#aximum energy than the matching neutral word were higher than
utterances. .6. In contrast, this behavior was true only for VBG in the neutral-

Having lexically matching utterances expressed in different emd?@PPy matching pairs. For other tags the probabilities were also gen-
tions, as in our case, enables us to directly compare the acousfeally higher thar0.5 but they fell inside the defined equal chance

features for different emotions. For every POS tag and speakef€dion (i-€.,0.4 < p < 0.6). Interesting results were observed for
utral-sad pairs. In general, without any normalizations sad words

we analyzed the differences in acoustic features for each one . )
the neutral-angry, neutral-happy, neutral-sad, angry-happy, angr%:;zve less energy than neutral words. However, _th!s be_hawor revers_ed
sad and happy-sad emotional pairs. The goal was to learn patterns 5|e_n the energy co_ntour was normalized (as itis in this case). In this
inform design of statistical emotion conversion schemes. The spdarticular dataset, it was calculated that sad JJ, NNS, VBD, VBP,
cific focus of our analysis was on the POS tags of content wordy BZ words have higher maximum energy than their neutral counter-
as they are known to affect the emotional and perceptual qualit?arts in more thaw0% of thg cases. These results |nd|catg shift Qf
the most [4, 5]. These particular POS tags were, JJ (representigg:erance level energy maximum to different tags as emotion varies.
adjectives, 413 (shows the number of occurrences in the analyzeid'€Y @lso show the POS tags that need to be paid more attention for
emotional dataset)), NN (singular or mass nouns, 804), NNP (prop&ach emotion.
singular nouns, 124), NNS (plural nouns, 214), PRP (personal pro- ANOVA (and similarly Kruskal-Wallis) analysis showed signif-
nouns, 472), PRP$ (possessive pronouns, 136), RB (adverbs, 358%nt differences between the maximum values of the content POS
VB (base form verbs, 261), VBD (past tense verbs, 112), VBGtags (listed above) for different emotions' (= 36.61, p < 0.05;
(gerund or present particle verbs, 132), VBN (past particle verbsx2 = 100.37, p < 0.05). Multiple comparisons of means and me-
114), VBP (non-3rd person singular present verbs, 84) and VBZ (3rdians (performed using Matlab statistical toolbox) showed that neu-
person singular present verbs, 57). tral maximum values have the lowest mean (mediau(ral <

The results (averaged over all speakers) comparing the energyappy < sad < angry), which was significantly different than the
duration and FO feature values across emotions for the content Pd&eans (and medians) of the maximums of the emotional speech. The
tags are shown in Fig. 1. Shown in the figure is the probabilityresuns also show that angry maximums were S|g_n|f|cantly different
that for an emotional pair (emotion1-emotion2), the second emotioffoM happy maximums, but not from the sad maximums.
(emotion 2) has higher feature values than the first emotion (emo- In order to observe how energy is distributed among words in an
tion 1). The probabilities were computed by counting the number ofitterance depending on the emotion, absolute differences between
the instances where the target event occurs (i.e., emotion 2 featuserted POS tag energy maximums in each utterance were compared.
> emotion 1 feature) between matched utterances and dividing thiEhe mean of differences between the maximums of the two POS tags
total count by the total number of the compared utterances. For anakith the highest maximum energies werd 678, 0.1851, 0.2085
ysis we define th@.4 < p < 0.6 region as an equal chance region and0.2183 (and significantly different based on ANOVA analysis,
and specifically concentrate on POS tags falling outside this regionF' = 14.24, p < 0.05) for angry, happy, sad and neutral emo-



tions, respectively. Pairwise comparisons showed that neutral or sapteater tham.6. Considering that in many emotional speech studies
speech is significantly different than happy or angry speech. Ththe FO values of happy and angry emotions were difficult to differ-
differences between neutral-sad and happy-angry pairs were not signtiate, these results are very helpful.

nificant. When the three or four POS tags with the highest maxi- The probabilities calculated for neutral-sad words were mostly
mums were considered, the mean of differences of maximums weiiaside the equal chance region, except for FO median of PRP words
again significantly different{’ = 26.88, p < 0.05; F = 22.99, and FO mean of NNP, PRP, RB and VBD words, for which it was
p < 0.05). For these cases, pairwise comparisons showed thahore probabley > 0.6) that sad words had higher values. Such dif-
neutral speech is significantly different than emotional (i.e., angryferences may be important in emotional speech synthesis. The dif-
happy or sad) speech and that angry speech is significantly differefégrences in the FO median (mean) values were significant, ANOVA
than happy or sad speech. There were not any significant differesults wereF" = 261.08, p < 0.05 (F' = 215.61, p < 0.05).

ences between happy and sad speech. When the differences between
the maximums of the five tags with highest maximums were con-
sidered the differences (in terms of statistical significance) between
happy, angry and sad speech were not observable anymore. How-
ever, neutral speech was still significantly different than these emgy,
tions. When all words in the sentences were considered there wer.

not any significant differences between emotional and neutral spee %tegories Is an attractive approach, because unlike the unlimited
. ysig ; ralsp umber of words there are only specific POS categories. If a model
in terms of the mean of the differences of sorted word maximum en-

can be estimated for each POS tag, then it will be possible to apply
ergy values.

c ti | lculati h d that th . dif this model across different sentences and across different emotions.
onventional enérgy calcufations snowed that theré IS a difier- ) 10 analysis of the distribution of acoustic features con-

ence _bet_ween energy levels of emotional uttgrances. These new '$ioned on individual POS tags for various emotion types it was
sults indicate that in neutral utterances the differences between t Sserved that they do not fit into a particular distribution in any

energy maximums of words is much more salient than in emotion imple way. For that reason, instead of considering the individual

speech. In contrast, in emotional utterances it is more common t((-3’motion-dependent variations in the acoustic features, we decided
see energy contour p_eal_«_ng at “."“'“p'e wo_rd locations. The r_esu_lt[% concentrate on acoustic featuliéerencedbetween emotions. In
tShl;JV‘t' tgat there are dsgnlflcan:_dlffelretr:ces In hov_vr:]he emle)rgy IS t(.j's‘éontrast, the patterns of the differences were easier to fit into statis-
ributed among words in emotional utterances. -1hese observalioly ;| gistriputions. As can be seen from the example plot (Fig. 2), it

are especially beneficial for modeling the shape of utterance eNer¥as found that a normal distribution can be used to approximate the
contours for various emotions.

differences between acoustic features well (as determined by statis-

Comparisons of energy median values of POS tags, which werg.»| chi_square tests with 5% significance level). Note that although
calculated from the normalized utterance energy contours also reveg)

4. STATISTICAL MODELING OF EMOTIONAL
DIFFERENCES

odeling the acoustic features of speech at the word level using POS

in sad words is spr_ead over the whgle wor_d in contra;t toangry Wordénd in most cases it provided a good fit to the data. In Table 1, the
where the energy is concentrated in particular locations. approximated mean.j and standard deviatiow) values for some
These conclusions are derived from the results for energy M&ggs and emotional pairs are shown as examples. It is important to

dian (and also energy mean), where we see that in more than 603te that the normal distribution fit to the data is only an approxi-
ofinstances angry JJ, NN, NNS, PRP$, VB, VBD, VBN words hadmation. For some pairs it is a very good fit (e.g., Fig. 2a), while for

smaller median values than their neutral counterparts. Sad JJ, NNpme other cases it provides only a moderate fit (e.g., Fig. 2i).
NNS, VBG, VBN words had higher median energies than their neu-
tral pairs in more that 60% of the instances. Similarly, sad JJ, NN

NNS, RB, VB, VBD, VBN, VBZ words were more likely to have
higher medians than their happy or angry pairs. A

ANOVA and multiple comparisons tests were performed on the | I
median energy values of the analyzed content POS tags. The te-
sults show significant difference# (= 44.45, p < 0.05) between (a) neu-ang JJ (b) neu-hap JJ (c) neu-sad JJ
the four emotions. Multiple comparisons showed that difference-
between neutral and happy emotions were not significant, as oth
pairwise differences were significant. Similar results were calculate
for the POS energy mean comparison, where the ANOVA statistic
wasF = 46.07, p < 0.05.

Pairwise word duration comparisons show that in most cases sad
words have longer and neutral words have shorter durations. It we
also interesting to observe that in most cases (with probalpility
0.5) happy words were shorter than angry words. ANOVA analysis / \
for durations showed significant differences between emotibns ( _

28.95, p < 0.05). .

For FO median (and also mean) the results are as expected. An- (g) neu-ang JJ (h) neu-hap JJ (i) neu-sad JJ
gry or happy words have h|gher FO median (mean) values than ’[Hélg 2. The histogram and the approximated normal distribution
neutral or sad words. The interesting and important results here aféirve for emotional feature differences for adjectives (3J). Plots (a),
for the angry-happy word pairs. It is observed that the probabil{d), and (g) are fotVeutral — Angry; (b), (e), (h) forNeutral —
ity that an angry word (JJ, NNP, NNS, RB, VB, VBD, VBG, VBN, Happy; and (c), () and (i) forNeutral — Sad differences in energy
VBP, VBZ) will have higher FO median (mean) than its happy pair ismaximum (a,b,c), FO mean (d,e,f) and tag durations (g,h,i).

(d) neu-ang JJ (e) neu-hap JJ (f) neu-sad JJ




E. Max FO Mean Tag Dur. will require significant amount of data, they will have smaller vari-
p_| o p_| o p_| o ances and will provide better harmony between target parameters,
JJ | n|a|-093| .278 | -37.06 | 56.41 | -.066 | .143 thus better conversion. These are the topics that we plan to address
JJ | n| h|-048| .254 || -24.95| 62.37 || -.043 | .148 in the future research.
JJ | n|s|-083]| .260| -10.52| 58.97 || -.071 | .211
NN [ n| a]|-062]| .259 | -38.60| 62.59| -.059 | .144 6. CONCLUSIONS
NN | 'n|h|-056].260 | -31.90 | 68.40 | -034 ) .142 asigtical approach for modeling the differences in the POS level
NN |njs|-061|.246) -17.39) 64.48 -.045) .170 acoustic features of matching happy, angry, sad and neutral utter-
VB | njaj-051|.2521 -47.84 66.86 -.029 | .131 ances was presented. It was shown that Gaussian probability den-
VB | 'n|h|-041 .285 -34.60| 72.58 | -.019 | .133 sity functions can be used to model the differences in the statistics
VB |n|s|-027] 273 -15.14| 70.47 ) -.024 | .142 of energy, FO and duration parameters at the POS level for various
RB [ n|a|-079]|.270 || -40.36 | 57.66 || -.051 | .162  gmotions.
RB | n|h|-036| .260 | -33.10| 62.51 | -.035 .170 Application of these probability density functions in conversion
RB | n|s|-036] .262| -16.87 | 61.69 || -.026 | .186 of emotional speech showed that modeling of a single POS tag is
PRP | n | a|-036|.295| -43.55| 80.09 | -.032 | .091 not sufficient and that additional models that take neighboring words
PRP|n | h | -021| .286| -37.23| 84.26 | -.018 | .096 into account (similar to N-gram models in speech recognition) should
PRP|n| s | -014| .289| -17.31| 84.72 || -.014 | .010 be considered.

Table 1. The normal distribution approximation mean and standard  Pairwise comparisons of POS level features revealed that, in
deviation values for modeling the differences in the energy maximost cases, the normalized mean and median energy of sad POS
mum, FO mean and tag duration parameters of neutral(n)-angry(agags are larger than neutral, happy or angry POS tags, indicating im-

neutral-happy(h) and neutral-sad(s) POS pairs. portant differences in energy distribution in emotional utterances. In
addition, it was observed that POS based analysis can be helpful for
5. APPLICATION OF THE STATISTICAL POS MODELS differentiating between happy and angry, and neutral and sad emo-
TO SYNTHESIS: FIRST EXPERIMENTS tions, which often have resembling acoustic features. In summary,

the study shows that explicitly accounting for linguistic constraints
The statistical approximations presented in the previous section cas essential within any statistical modeling approach to emotion syn-
be used for conversion of neutral speech to emotional speech. Fottlgesis.
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