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ABSTRACT degraded compared with that of the natural speech even when a
. . . eneration algorithm considering GV is used. Therefore, the pro-
In this paper, we propose a postfilter to compensate modulation speg()sed method filters to fluctuate the generated parameter sequence.
trum in HMM-based speech synthesis. In order to alleviate overthg posfilter is trained using training data consisting of natural and
smoothing effects which is a main cause of quality degradation iy nhetic speech. Experimental results show quality improvements
HMM-based speech synthesis, it is necessary to consider featurgs,an the proposed methods is applied to spectral Andompo-

that can capture over-smoothing. Global Variange (GV) is one We”'nents, compared with conventional method considering GV.
known example of such a feature, and the effectiveness of parameter

generation algorithm considering GV have been confirmed. How-

ever, the quality gap between natural speech and synthetic spee@h PARAMETER GENERATION IN HMM-BASED SPEECH

is still large. In this paper, we introduce the Modulation Spectrum SYNTHESIS

(MS) of speech parameter trajectory as a new feature to effectivelg.1. Maximizing HMM Likelihood [9]

capture the over-smoothing effect, and we propose a postfilter based )

on the MS. The MS is represented as a power spectrum of the paratfi. HMM-based speech synthesis, context-dependent HMMs are
eter trajectory. The generated speech parameter sequence is filtefgined using natural speech parameters. In synthesis, sentence
to ensure that its MS has a pattern similar to natural speech. EXMMs corresponding to input text to be synthesized are constructed,
perimental results show quality improvements when the propose@nd speech parameter trajectory is generated to maximize HMM
methods are applied to spectral afgcomponents, compared with likelihood under a constraint on the relationship between static and

conventional methods considering GV. dynamic features, which is as follows:
Index Terms— HMM-based speech synthesis, over-smoothing, ¢= arginaxp (WelA), 1)
global variance, modulation spectrum, postfilter T
whereec = [e] -+ ,¢/, - ,er]| is a speech parameter vector
1. INTRODUCTION sequence of" frames,c; = [c; (1), ¢ (d),--- et (D))" isa

D-dimensional parameter vector at framée is a dimensional index,
Text-To-Speech (TTS) is a technology that can convert any text intg¥” is the weighting matrix for calculating the dynamic features [9],
speech, and it plays an important role in many speech applicationg. is a HMM parameter set, respectively.
The demand of synthesis techniques that can synthesize natural- parameter sequences generated with Eq. (1) tend to be over-
sounding speech is rapidly growing. One of the major reasons thamoothed, and the synthetic speech sounds muffled compared with
HMM-based speech synthesis [1] have been an active research targigé natural speech.
is its voice control capability [2, 3, 4] based on the elegant frame-
work of HMMs. On the other hand, the quality in synthetic speechzlzl Maximizing HMM and GV Likelihood [6]
is strongly degraded compared with natural speech and the synthetic
speech sounds muffled [5]. This is because traditional generatiofhe GV is defined as second moment of the parameter trajectory,

frameworks generate over-smoothed parameter trajectories. and is calculated as:
Global Variance (GV) [6] is one of the well-known features to _ ) T
capture this over-smoothing effect. Despite the fact that the GV is vl = ), v(d), v(D)] ’ @
calculated in a simple form according to the second moment of pa- 1 & 1 <&
rameters, generation algorithms considering the GV can efficiently v(d) = T Z et (d) — T er(d) | - ®)
alleviate the over-smoothing effect. However, the quality gap be- t=1 =1
tween natural speech and synthetic speech is still large. Speech parameter trajectory is generated to maximize both HMM
In this paper, we introduce the Modulation Spectrum (MS) ofand GV likelihoods.
parameter trajectory as a new feature to effectively capture the over- é = argmax P (We|A) P (v (e) | A)", (4)
smoothing effect, and propose a postfilter to compensate MS. The c

MS is represented as the power spectrum of the temporal paramehere), is a parameter set of GV andis a weight of the GV like-

ter sequence. The effectiveness of the MS in capturing the sound éhood. The statistics of the GV are trained from the natural speech

speech has been noted in other research area, such as spectral parameters.

of speech perception [7], and the use as acoustic features in HMM-  The GV generated using Eq. (1) is usually smaller than that of

based speech recognition [8]. Because the generated sequencehis natural speech parameters. Compensation of GV by this method
temporally smoothed, the MS of the synthetic speech tends to bienproves speech quality, but the improvements are still limited.
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Fig. 2. Schematic diagram of the proposed method.
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Fig. 1. Modulation spectrum of 9-th mel-cepstral coefficient se-

quence.
where N/ (~;u<N),E(N)) is a Gaussian distribution of mean vec-
3. MODULATION SPECTRUM ANALYSIS tor u®™ = [ .. ’“%fr and diagonal covariance matrix

ol Caicuimett using tne Foutio wanstom of e parameter s ™) = ding | (o09)” -+ (a5, ) ] i and (o)) s

quence [10], [n this paper we define the MS as its log-scaled powanean and a variance af; (m) and A is a parameter set of MS.
s_pectrum. This feature, of course, can represent the temporal ﬂucmﬁ?obability distribution functionV’ <.; w@, E(G)) is estimated in
tion of the parameter sequence. The M) of parameter sequence

cis calculated as: the same manner using the speech parameter sequences generated

with the generation method described in Section 2. To avoid the ef-

s(e) = [s W@, s (D)T} ! ., (5) fect of the duration difference between natural and generated speech
T parameter sequence, the parameter sequence is generated under the
s(d) = [sa(0), - ,sa(m), -, sa(M)] , (6)  natural speech duration.
wheresgq (m) is them-th MS of thed-th dimension of the parameter
sequencée; (d),--- ¢ (d), -+ ,er (d)] T, misamodulation fre- 4 2. Synthesis Process

quency indexM is one half number of the Discrete Fourier Trans-

form (DFT) length. In this paper, the MS is calculated from a pa-The following filter is applied to the generated speech parameter se-
rameter sequence that is zero-padded to set its sequence lengthgtencec:

2M. '

Here, we analyze the MS of natural and synthetic speech. The sa(m) = (1 (kl\?)sd (m)
MS mean of the 9-th mel-cepstral coefficient sequence generated us- Td,m (s (m) — (G)) FRCY
ing Eq. (1) “HMM” ) and Eq. (4) “HMM+GV") are shown () d Ha,m Ha,m
in Fig. 1. Additionally, the MS of natural speech parameter se- . i dm .
quence (“natural speech”) is shown in same figure for comparisoﬁ’.\’herek isa postflltgr emphas_|§ coefficient valued between 0 and 1.
It is observed that the MS of “HMM” is markedly degraded com- If # = 1, the MS will be modified to be close to the MS of natural
pared with that of “natural speech.” This is because temporal fluctuSPeech parameter sequences. On the other hane; i, the filtered
ation observed in the natural speech parameter sequence is lost in gfauence will be the same as the non-filtered sequence. The filtered
HMM frameworks. We can also find that the MS of “HMM+GV” is Parameter sequence is calculated from the MS and frequency phase
closer to natural one but there is still a big gap between the MSs diharacteristics of the parameter sequence, which are calculated be-

+ k , (8)

,m

“HMM+GV" and “natural speech.” fore filtering.
From these result, we can expect further improvements in qual-
ity by directly accounting for this difference in the MS. 4.3. Application to F, Component
4. POSTFILTER BASED ON MODULATION SPECTRUM While the proposed postfilter can be directly applied to the spec-

) ) ) tral component, additional process is required for application to the
In this section, we propose a postfilter to compgnsate the MS of thpo component because observEg contours are not a continuous
generated parameter sequence. The schematic diagram of the Peguence. To solve this problem, we use continugusnodeling
posed method is shown in Fig. 2. Parameters of the proposed po$i1] which can estimaté, values at the unvoiced frames. Accord-
filter are trained using natural and generated parameter sequencesdl to [12], we estimate thé, values of the unvoiced frames with

the training data. spline-based interpolation. To avoid the MS’s fluctuation of the con-
. tinuous Fy contour, we removed micro prosody by Low Pass Filter
4.1. Training Process (LPF). We believe that the effect of micro prosody on speech quality
The following probability distribution function is estimated from S small as referring in [13]. Moreover, we subtracted utterance-
natural speech parameter sequences: level Fy from or_lgln_al Ey \_/alues befor(_e_est_lmatlng continuodis
contours to avoid discontinuous transition in zero-padding process.
P(s(c)|As) =N (s (e); u™, Z(N)) , (7 Since theF}, estimation quality is degraded by spline-based extrap-
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95

olation, we calculate the MS from the non-silence fraimes
In synthesis, the utterance-level mean and unvoiced/voiced re- 90 e gs 8.2 HMM+MS
. ! . N0 R s S A
gions of the generatet, contour are extracted before applying the _j HMM+GV+M§\°\:\ e
proposed filter. After filtering, first, the filtered continuoBs con- 8 AN '§ 3| HMM:GV=MS
tour is calculated in the same manner as the spectral componeanJ 80 \l\\ £
Then, the filteredF, contour is calculated by adding the mean to x \\ 228
the filtered continuou#y contour and restoring the unvoiced/voiced Q75 %
regions. 5] ©
’ 370 820
. . ' Q o
4.4. Relationship to GV-based Postfilter 365 Sou4
A postfiltering process to ensure the GV of the generated parameter g, 7
sequence is proposed in [14]. The generated speech parameter are Natural speech 22 Natural speech
linearly converted as follows: 55 05 04 06 08 1 02 0‘.4 06 08 1
M(GV,N) Filter coefficient Filter coefficient
~ d )
& (d) NL(iGV’G) {ee (d) = (e (d))} + (e (d)), ©) Fig. 3. HMM likelihood for theFig. 4 HMM likelihood for the
filtered spectral parameters. filtered Fp contours.
whereu VN, 103V are the GV mean af-th dimension of the P P
natural and synthetic speech parameters in the training data, respec-1 00z - 3.6
tively, and {c, (d)) is the mean ofi-th dimension of the synthetic Natural spgech /’h HMM+GV-+ »SHHH
speech parameters. In this method, since only the variance of the 50 ,/ 3.4
sequence is considered, the MS degradation is not completely rég 3
covered, thus the generation of parameters including temporal flucg / 2 3.2
tuation of natural speech parameters is difficult. On the other handg@ ¢ <
the proposed method can recover this fluctuation because we directig HMM-+M 5 3
consider the MS itself. Therefore, the proposed method can be ex& < o
) o ) 2.8 ot
pected to yield quality improvements. 2 -50 2 MMANS
According to the Perceval's theorem, the power of a temporalg» / g>2 6 '//
sequence is preserved during a DFT. the GV defined in Eq. (3) repre= 100 = " Nalural speech
sents the power of the sequence except the bias component. Because / o4 Vil
the MS is defined as the power spectrum of the sequence, the sum 7
of the MS over all modulation spectra except the bias component is _15¢ 20
0.2 0.4 06 08 1 0 02 04 06 08 1

equivalent to the G¥ In the GV-based postfiltering process, MSs of

all modulation frequency except bias is converted in the same way.
Namely, the GV-based conversion process is special case of the pro- - I . -
posed MS-based conversion process under the following conditiong'g' 5. GV likelihoad for the fil-Fig. 6. GV likelihoad for the fil

éred spectral parameters.  teredF, contours.
G ¢ 1 m =0
/’Ld,m - 0’ Jd,m - MEIGV,')

Filter coefficient Filter coefficient

I (10)
) . ] ‘ .O_ther.WISe consisted of spectral and excitation parameters and their delta and
in which the postfilter emphasis coefficient is set.toConversely,  delta-delta features. Five-state left-to-right HSMMs were used. The

the proposed method can convert MSs in each modulation spectrupFT length to calculate MS is set to 4096, which is over the max-

individually. imum frame length in training and evaluation data. A 10 Hz-cutoff
LPF is used to remove the micro prosddy
5. EXPERIMENTAL EVALUATION We conducted some evaluations with the following systems:
5.1. Experimental Conditions HMM : generated with Eq. (1)

. ) ) HMM+MS : applied the proposed postfilter to “HMM”

We trained a context-dependent phoneme Hidden Seml-MarkovHMM+GV ) ted with Eq. (4
Model (HSMM) [15] for a Japanese female speaker. We used 450 - genera e. with Eq. (4) ]
sentences for training and 53 sentences for evaluation from phonetMM+GV+MS : applied the proposed postfilter to “HMM+GV”
ically balanced 503 sentences included in the ATR Japanese speebte that the postfilter of “HMM+GV+MS” is trained using param-
database [16]. Speech signals were sampled at 16 kHz. The shifter sequences generated with GV.
length was set to 5 ms. The Oth-through-24th mel-cepstral coeffi-
cients were extracted as spectral parameters and log-sEgladd 5.2, Objective Evaluation for Emphasis Coefficient
5 band-aperiodicity [17, 18] were extracted as excitation parame- ) ) ) o
ters by the STRAIGHT analysis system [19]. The feature vectolh order to determine the filter emphasis coef_flmgnt for the s_peqtral
and F, components, we calculate the HMM likelihood, GV likeli-

1we also considered simple approaches to estitAatef silence such as  hood, and MS likelihood for filtered parameter sequence for settings
the use of utterance-level meankf or the use of thé value in the nearest  of the emphasis coefficient from 0 to 1. For comparison, the likeli-

voiced frame. However, we have confirmed that current method is better tgood for natural speech parameter sequence is calculated.
model the MS.

2properly describing, the sum of linear-scaled MS except bias is equiva- 3We evaluated training accuracy of MS likelihood in various cutoff fre-
lentto GV. guencies, and we have confirmed that this setting is the best.
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16 174 efficient sequence.
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Filter coefficient Filter coefficient
F|g 7. MS ||ke||h00d for the f|I'F|g 8. MS likelihood for the fil- we set the coefficient t0.0.
tered spectral parameters. tered continuougy contours.
1 1 S . .
- 05% confidence intorval — 95% confidence interval 5.3. Subjective Evaluation for Speech Quality
08l T | o8l | To evaluate the quality improvements yielded by the proposed post-
' filter, we conducted a preference test (AB test) on speech quality
s g by eight listeners for the spectral afy components Every pair
06l P 10 X-) N, WO of these four types of synthetic speech was presented to listeners in
3 ’ g% 8 ' ] random order. Listeners were asked which sample sounds better in
S 7 S z% terms of speech quality. The “HMM” system is used for the compo-
RoTe J g I— { @04l %/ j nent that the proposed methods were not applied to.
&’ % ;‘:) % The result of the preference test for spectral component is shown
/ / in Fig. 9, and an example of the spectral parameter sequence is
0.2f 1 0.2 shown in Fig. 11. We can see that the score of “HMM+MS” sys-
/ / tem dramatically increases over the “HMM” system, and achieves a
. // / similar score to the "THMM+GV"” system. Additionally, further im-
0 H HM HMMHEMM 0 HNIT VT EIIM HM provement by applying the proposed method to “HMM+GV” can
be observed. From these result, the effectiveness of the proposed
+MS +GV +GV +MS +GV +GV . Lo )
+MS +MS method in quality in the spectral component was yielded.
Similarly, the preference score for tihg component is shown in
Fig. 9. Preference score fgrg. 10, Preference score fdf Fig. 10. Again, "HMM+MS" and "HMM+GV+MS" achieve a bet-
spectral component. component. ter score than “"HMM,” but there are not additional gains over when

GV is considered. The reason why the score differences among con-
ventional and proposed methods are smaller than those in the spec-
The HMM likelihood, GV likelihood, and MS likelihood for fil- ~ tral components is that both natural and generdigedontour tran-
tered spectral parameters are shown in Fig. 3, Fig. 5 and Fig. Bjtions are smoothly and these MSs are closer than those in spectral
respectively. It is observed in Fig. 3 that the HMM likelihoods of parameter sequence.
“‘HMM+MS” and “HMM+GV+MS” decrease as the emphasis co-
efficient increases, and their values are always higher than that of
“natural speech.” In the GV likelihood shown in Fig. 5, we can see 6. SUMMARY
that these likelihoods cross that of “natural speech’.&5. On the
other hand, MS likelihoods increase as the coefficient increases bif this paper, we proposed a postfilter to compensate the modula-
their values always lower than “natural speech.” From these resultgion spectrum of the generated parameter trajectory in HMM-based
we determined filter emphasis coefficient for spectral component tgpeech synthesis. The experimental results demonstrated that the
be0.85. quality improvements by the proposed method are yielded for both
Those likelihoods for the filteredy contour are shown in Fig. spectral and®, components. As future work, we will incorporate
4, Fig. 6 and Fig. 8, respectively. The transition of these likelihoodshe modulation spectrum to the parameter generation algorithm.
as the coefficient changes show the same tendency as those for the )
spectral components except the relation with the likelihoods of “nat-~‘cknowledgements: Part of this work was supported by JSPS
ural speech.” We can find that all likelihoods of “HMM+MS” and KAKENHI Grant Number 22680016.
“HMM+GV+MS” are higher than “natural speech” when setting the
emphasis coefficient ovéx75, and we can also find that the coeffi- 4Some samples are available frofnttp://isw3.naist.jp/
cient1.0 is the highest point of MS likelihood. From these results,~ shinnosuke-t/sample_mspf.html
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