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Training Algorithm to Deceive Anti-spoofing Verification for

DNN-based Text-To-Speech Synthesis
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Abstract: This paper proposes a novel training algorithm for high-quality deep neural network-based speech
synthesis. The parameters of synthetic speech tend to be over-smoothed, and this causes significant quality
degradation in synthetic speech. The proposed algorithm takes into account an Anti-Spoofing Verification
(ASV) as an additional constraint in the acoustic model training. The ASV is a discriminator trained to
distinguish natural and synthetic speech. Since acoustic models for speech synthesis are trained so that
the ASV recognizes the synthetic speech parameters as natural speech, the synthetic speech parameters are
distributed in the same manner as natural speech parameters. The experimental results demonstrate that 1)
the algorithm outperforms the conventional training algorithm in terms of speech quality, and 2) it is robust
against the hyper-parameter settings.
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Fig. 1 Calculation of loss function in proposed algorithm.
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Fig. 2 Scatter plots of mel-cepstral coefficients with several
pairs of dimensions. From the left, the figures corre-
spond to natural speech, the conventional MGE algo-
rithm, and the proposed algorithm, respectively. These
mel-cepstral coefficients were extracted from one utter-

ance of the evaluation data.
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Fig. 4 MICs of natural and generated mel-cepstral coefficients.

The MIC ranges from 0.0 to 1.0, and the two valuables
with a strong correlation have a value closer to 1.0.
From the left, the figures correspond to natural speech,
the conventional MGE algorithm, and the proposed al-
gorithm, respectively. These MICs were calculated from

one utterance of the evaluation data.

HY, KANT 4 NAIZ&B5mMHE [11), [13], [24] &8
e LR,

ZIT, BRI NG AR EEOWE (B2 R
B P ERAELE [25]) ARET VTN XLIZE) EHE
L5200ty s, BAGTHEREE L GRTHAREED
FH GV 2K 3IZRT. ZOKEY, fEkO MGE #¥
LHIRUT, BETINIT) ALOEFR/REED GV I, H
REFD GVIEDWTWD ZEDHERTES. KIZ, A
W T AN LMEBOERGCOMBEE ERILT 572012,
Maximal Information Coefficient (MIC) [26] Z&l& L 7
(B 4). ZOMEY, [7] TREINTVD LI, HAY
ORI OB 2 R 20, MGE 238124 2 5 E
FORMEITROHBE 2RO Z EAMRTES. —H, &
ET VT AL & DGR ORI LA g9\ HEE
2FO. INHORERNS, RETIVT) ZLIEE GV DA

(© 2017 Information Processing Society of Japan

Vol.2017-SLP-115 No.1
2017/2/17

25T, FEXEOMBEMET 2 Z 225,
4. HEREIFYAM

4.1 EBREH

EERWFAMIZH NS T—2 & LT, ATREENT VA
503 3C[27] #FHL, AT k450 X&%FZ, Ty b
53 X & dHlilZ V. FET =20V v 7)) UL
16kHz, 7V —AY 7 M 5ms £ 95, ART MUK
& & UT STRAIGHT Z#7 [28] IZ& D 0 ins 24 KD A
W TAN T AMREL, BIEREEE UT Fy, 5 BRI
BB IR [29], [30] Z WS, AR ML
RO B AT L UC, 50 Hz DAy b A 7 &G
HEIZ & B trajectory smoothing [31] ZFIHT 5. a2V T
FARTNIE, FHE, E—IME, T/ M, H#E
WZ LV —ANLERENSED 274 RGN MV THD. K
FETIEANRY MV RO A% RIS 5 726, FEFICBE
T2IAVTHFART I EFANTWARN. DNN FHRC
&, AR MVEEE 0, 481 ICESET . £
Fo, FERT—RIZBTWET LV —LD 0% ERETS.

EFEORODEEE T & anti-spoofing D 72 D DNN
I, Feed-Forward #l& 3%, FHEAHROFTEE T I OEN
e 3, BRAVEDFEFEIX 400, BRAVE KO T8 OIS
{LEE%IE, T EH Rectified Linear Unit (ReLU) [32] K&
OKRIZEAE T 5. Anti-spoofing DERNEEIL 2, BRIVE
DFEFEUE 200, BEANE RO HTIEOTEVELBIEE, Th
ZH ReLU KU sigmoid BT HD. SHAMDOESEET
VI 7 L — Lm0 AT NIV EE D ERR - BRR R
(75 2k5t) %ML, anti-spoofing I&% DEHRHEHE (25
RIt) DA ANEL, HREFLAREH2#T 5.
BT VT ALE LT, ¥E3*0.01 D AdaGrad [33]
WS, Fy, FEFEEIEG, MRS, BREROREE
ZHHT 5.

£, wp=0.0 & LT, KEFE25EDMGE F#EIZ
O FEBETINEAMETS. RIZ, wp % 0.0 A EIZHE
U, anti-spoofing FH K RRET N T) AL LD EEE
TN EBRERHIZERT . OO KEREIL 25 [ &
45. /272U, anti-spoofing I%, HAH AR EREL MGE
FHBOGHREFREEZ HOBEHINT 5 L 5 129t
T5. ZOHMbOKERIEIZS METd. BETILTY
AL MM B, KO Ep, &, KE®FIZ, O
RUZB % anti-spoofing & HFHE TN A HVTHEAET .

RERDFZFTINT) AL ERETIVITY XL EHKT S
72, T, BEEMEE LT, ABREFRMEE DA
(X (1)) &, anti-spoofing IZH T BFFEMEZEHE TS, iF
MBEEEEFREE2zBREHE LML 2H& 2R
9. U, FERERZ MY % anti-spoofing 1£, MGE %
BrOGKRETEREEZ HOCIHIREE TS, ZhbDR
BRI, ETINVIT) XLIZEIT2EA wy % 0.0



BERRLEBF SRR E
IPSJ SIG Technical Report

0.75
0.70
2
o 0.65
C
o
= 0.60
o
c
S 0.55
©]
0.50
0.45
1.0 —————————v—v—
0.8 ¥ :
1.000
2 ‘
€ 0.6 [ {0.995
()]
£
8 04k [ 0.990
=3 ; ; ; ; ; ; ;
(%) 0.985 koo
0.2Hf e g
B 0.980 L L L L L L L
0.3 0.4 05 0.6 0.7 0.8 0.9 1.0
0. 1 1 1 1
8.0 0.2 0.4 0.6 0.8 1.0

Wp

5 wp OBLITHED Bk (B LFEFRE (F) 0£1k
Fig. 5 Parameter generation loss (above) and spoofing rate

(below) for various wp.

N5 1.0 DEPTEAITTHET D, KIZ, #ETINVT
D AL & 2 EESES R 2 MERT 5 -OD LR 2 E
3 5.

4.2 EHFEER

FEFIAE R Z™ 5 1I0RT. ZOMEY, wp 230.0 005
BINg 21220 T, ARGREE BRI 5 2 & 2R
TEX5. LML, wp D04 %2 BRdL, TDLD LdEmIE
Honaw, —HT, wp 280.0 7056 0228nd 3L X,
FEFRRIZKIEICHENT 5. &£/2, wp MN02 222 &, i
FRRIFIFIFEM LRV L EHRTE S, INHDFER K
D, BETIVIY ALZAND Z LT, EREAIEAT
%73, anti-spoofing (ZHUN 9 S RHEEZ KT IS Z LA
RINT.

4.3 FHFEER
ERERDOEBE KT 572012, 8 HOFIHFIZ LD
TVT77 VYA ABT AN ENT S, ARTIEUFOF
BT 5.
MGE: #t£0 MGE %3 [3]
Proposed (wp =0.3) : FEFEEAH0.99 2L E
Proposed (wp = 1.0) : wp OEHERE
FBFEHAE R EZ R 6 (R T. BETINITY XA (Pro-

(© 2017 Information Processing Society of Japan

Vol.2017-SLP-115 No.1
2017/2/17

Preference score

Proposed
(wp=1.0)

Proposed
(wp=0.3)

MGE

00 02 04 06 08 10

B 6 TR (=7 —/N—I3 95%EH X H)
Fig. 6 Preference scores of speech quality with 95% confidence

intervals.

posed) 13ERD MGE ##H (MGE) &L TEWAD
TEERLUTOD 2O, BETIVITY ALIL S EEAGE
SIRPHERTE S, XI5, BETINVTY) XL L% MK
95 &, Proposed (wp = 0.3) & Proposed (wp = 1.0) M
MICIEEREZENAR LN, X 51280 T, wp #°0.3
M5 1.0 % &L 256, BEEHMIEIXIZIEFEL RN L
5, EEFOEES ZOHFTIRIFEL v FHEY
Nd. THHDREREY, BETIVITY XALIFNAI8=)8
T A—ZDFFENN U TR EEIZENET S Z L AVRT
nrz.

5. &HYIC

ARETIE, BEEREHEEERTIHEAMWNAT AN Y
I EFEEHRODOFIEL UT, anti-spoofing (24 258 7
W) ALEREL, EBREHEIZ LD TOEREEZRL
To. S1RiE, W [34] RO FEMAZ [23] O anti-spoofing
IZOWTHETT 5.

BEE AU, REREEREM - ) RX—T 3 v
& B SR B 70 25 A (ImPACT), £ I A
BEEEAN IR, K% O JSPS BHifF 2 16H06681 Dk %

ZiF7z.

SE

[1] H. Zen, K. Tokuda, and A. Black, “Statistical paramet-
ric speech synthesis,” Speech Communication, vol. 51,
no. 11, pp. 1039-1064, 2009.

[2] K. Tokuda, Y Nankaku, T. Toda, H. Zen, J. Yamagishi,
and K. Oura, “Speech synthesis based on hidden Markov
models,” Proceedings of the IEEE, vol. 101, no. 5, pp.
1234-1252; 2013.

[3] Z. H. Ling, S. Y. Kang, H. Zen, A. Senior, M. Schus-
ter, X. J. Qian, H. Meng, and L. Deng, “Deep learning
for acoustic modeling in parametric speech generation:
A systematic review of existing techniques and future
trends,” IEEE Signal Processing Magazine, vol. 32, no.
3, pp- 3552, 2015.

[4] Y. J. Wu and R. H. Wang, “Minimum generation er-
ror training for HMM-based speech synthesis,” in Proc.
ICASSP, Toulouse, France, May 2006, pp. 89-92.

[5] Z. Wu and S. King, “Improving trajectory modeling for
DNN-based speech synthesis by using stacked bottleneck



BHRLEFARERE
IPSJ SIG Technical Report

(6]

(7]

(9]

(10]

(1]

(12]

(13]

(14]

(15]

(16]

(17]

features and minimum trajectory error training,” IEEE
Transactions on Audio, Speech, and Language Process-
ing, vol. 24, no. 7, pp. 1255-1265, 2016.

T. Toda, L. H. Chen, D. Saito, F. Villavicencio,
M. Wester, Z. Wu, and J. Yamagishi, “The Voice Con-
version Challenge 2016,” in Proc. INTERSPEECH, Cal-
ifornia, U.S.A.; Sep. 2016, pp. 1632-1636.

Y. [jima, T. Asami, and H. Mizuno, “Objective evalua-
tion using association between dimensions within spec-
tral features for statistical parametric speech synthesis,”
in Proc. INTERSPEECH, California, U.S.A., Sep. 2016,
pp. 337-341.

T. Toda, A. W. Black, and K. Tokuda, “Voice conver-
sion based on maximum likelihood estimation of spec-
tral parameter trajectory,” IEEE Transactions on Au-
dio, Speech, and Language Processing, vol. 15, no. 8, pp.
2222-2235, 2007.

Y. Ohtani, M. Tamura, M. Morita, T. Kagoshima, and
M. Akamine, “Histogram-based spectral equalization for
HMM-based speech synthesis using mel-LSP,” in Proc.
INTERSPEECH, Portland, U.S.A., Sep. 2012.

S. Takamichi, T. Toda, A. W. Black, G. Neubig, S. Sakti,
and S. Nakamura, “Postfilters to modify the modula-
tion spectrum for statistical parametric speech synthe-
sis,” IEEE Transactions on Audio, Speech, and Lan-
guage Processing, vol. 24, no. 4, pp. 755-767, 2016.

S. Takamichi, T. Toda, A. W. Black, and S. Nakamura,
“Modulation spectrum-constrained trajectory training
algorithm for GMM-based voice conversion,” in Proc.
ICASSP, Brisbane, Australia, Apr. 2015, pp. 4859-4863.
K. Hashimoto, K. Oura, Y. Nankaku, and K.Tokuda,
“Trajectory training considering global variance for
speech synthesis based on neural networks,” in Proc.
ICASSP, Shanghai, China, Mar. 2016, pp. 5600-5604.
T. Nose and A. Ito, “Analysis of spectral enhancement
using global variance in HMM-based speech synthesis,”
in Proc. INTERSPEECH, MAX Atria, Singapore, May
2014, pp. 2917-2921.

TRRERE, EHEIEZ AT, and SRIEVE, “DNN SHH GO 7/«
HD Anti-spoofing ZFE L ZFE 7N TV XA BERE
BF2 2016 FHREMARRIBERIE, pp. 149-150,
Sep. 2016.

Y. Saito, S. Takamichi, and H. Saruwatari, “Training
algorithm to deceive anti-spoofing verification for DNN-
based speech synthesis,” in Proc. I[CASSP, New Orleans,
U.S.A., Mar. 2017.

H. Zen, A. Senior, and M. Schuster, “Statistical para-
metric speech synthesis using deep neural networks,”
in Proc. ICASSP, Vancouver, Canada, May 2013, pp.
7962-7966.

Z. Wu, P. L. D. Leon, C. Demiroglu, A. Khodabakhsh,
S. King, Z. Ling, D. Saito, B. Stewart, T. Toda,
M. Wester, and J. Yamagishi, “Anti-spoofing for text-
independent speaker verification: An initial database,
comparison of countermeasures, and human perfor-
mance,” IEEE Transactions on Audio, Speech, and
Language Processing, vol. 24, no. 4, pp. 768-783, 2016.
N. Chen, Y. Qian, H. Dinkel, B. Chen, and K. Yu, “Ro-
bust deep feature for spoofing detection — the SJTU
system for ASVspoof 2015 Challenge,” in Proc. INTER-
SPEECH, Dresden, Germany, Sep. 2015, pp. 2097-2101.
I. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu,
D. Warde-Farley, S. Ozair, A. Courville, and Y. Ben-
gio, “Generative adversarial nets,” in Proc. NIPS, 2014,
pp. 2672-2680.

(© 2017 Information Processing Society of Japan

[20]

[21]

[22]

[25]

[26]

[27]

[28]

[29]

Vol.2017-SLP-115 No.1
2017/2/17

G. E. Hinton and R. R. Salakhutdinov, “Reducing the
dimensionality of data with neural networks,” Science,
vol. 313, no. 5786, pp. 504-507, 2006.

H. Zen and H. Sak, “Unidirectional long short-term
memory recurrent neural network with recurrent out-
put layer for low-latency speech synthesis,” in Proc.
ICASSP, Brisbane, Australia, Apr. 2015, pp. 4470-4474.
B. Huang, D. Ke, H. Zheng, B. Xu, Y. Xu, and K. Su,
“Multi-task learning deep neural networks for speech
feature denoising,” in Proc. INTERSPEECH, Dresden,
Germany, Sep. 2015, pp. 2464—2468.

S. Reed, Z. Akata, X. Yan, L. Logeswaran, B. Schiele,
and H. Lee, “Generative adversarial text-to-image syn-
thesis,” in Proc. ICML, 2016, pp. 1060-1069.

Tk, BEGAR, dbSefhsd, HSHEM, FIRME, and M
R, “HREHN/ST A NV w 7 BREE D 72 OHT
FERIHDKAN 74 NVE Y VT BFERBEES
RATFRERE, vol. SP2016-12, pp. 89-94, Dec. 2016.

T. R. Marco, S. Sameer, and G. Carlos, ““Why should
I trust you?”: Explaining the predictions of any classi-
fier,” in Proc. KDD, San Francisco, U.S.A., Aug. 2016,
pp. 1135-1164.

D. N. Reshef, Y. A. Reshef, H. K. Finucane, S. R.
Grossman, G. McVean, P. J. Turnbaugh, E. S. Lander,
M. Mitzenmacher, and P. C. Sabeti, “Detecting novel
associations in large data sets,” vol. 334, no. 6062, pp.
1518-1524, 2011.

M. Abe, Y. Sagisaka, T. Umeda, and H. Kuwabara,
“ATR technical repoart,” , no. TR-I-0166M, 1990.

H. Kawahara, I. Masuda-Katsuse, and A. D.
Cheveigne, “Restructuring speech representations
using a pitch-adaptive time-frequency smoothing and
an instantaneous-frequency-based F0O extraction: Pos-
sible role of a repetitive structure in sounds,” Speech
Communication, vol. 27, no. 3-4, pp. 187-207, 1999.

H. Kawahara, Jo Estill, and O. Fujimura, “Aperiodicity
extraction and control using mixed mode excitation and
group delay manipulation for a high quality speech anal-
ysis, modification and synthesis system STRAIGHT,” in
MAVEBA 2001, Firentze, Italy, Sep. 2001, pp. 1-6.

Y. Ohtani, T. Toda, H. Saruwatari, and K. Shikano,
“Maximum likelihood voice conversion based on GMM
with STRAIGHT mixed excitation,” in Proc. INTER-
SPEECH, Pittsburgh, U.S.A., Sep. 2006, pp. 2266—2269.
S. Takamichi, K. Kobayashi, K. Tanaka, T. Toda, and
S. Nakamura, “The NAIST text-to-speech system for the
Blizzard Challenge 2015,” in Proc. Blizzard Challenge
workshop, Berlin, Germany, Sep. 2015.

X. Glorot, A. Bordes, and Y. Bengio, “Deep sparse rec-
tifier neural networks,” in Proc. AISTATS, Lauderdale,
U.S.A., Apr. 2011, pp. 315-323.

J. Duchi, E. Hazan, and Y. Singer, “Adaptive subgradi-
ent methods for online learning and stochastic optimiza-
tion,” Journal of Machine Learning Research, vol. 12,
pp. 2121-2159, 2011.

S. Hochreiter and J. Schmidhuber, “Long short-term
memory,” Neural Computation, vol. 9, no. 8, pp. 1735—
1780, 1997.



