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Motivation

1. Self-attention has been extensively used in text-to-speech
(TTS) because of its parallel structure and superior strength
IN modeling sequential data.

2. The inference procedure becomes relatively slow when
employing a self-attention decoder for end-to-end speech
synthesis since the number of operations required by self-
attention scales quadratically in sequence length.

3. The original self-attention may be substituted by a more
efficient alternative with only linear computation complexity.



Main idea

1. The self-attention in the TTS model’s decoder is replaced
by the stack of a global average attention (GAA) module and
a local predictive attention (LPA) module.

2. The GAA module assigns the same average attention
weight to each token to build stable global dependencies.
The LPA module combines lightweight and dynamic
convolution to construct flexible local dependencies.

3. The modified decoder can be accelerated via dynamic
programming to have only linear computation complexity in
Inference.



Method

=i The overall framework of
our speech synthesis model

= and the structure of the
proposed efficient decoding
self-attention (EDSA):
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Method (Cont’d)

The GAA module:
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Method (Cont’d)

The LPA module:
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Fig. 5 Standard (a) and multi-head (b) local predic-
tive attention networks



Method (Cont’d)

Paired with the EDSA module, a dynamic programming
decoding algorithm is proposed to accelerate the inference:

a; = Ay + Uy, (10)
w;., gy = Linear(a;/t), (11)
w; = Sigmoid(g; ) - w; + W, (12)

0 = Z Dropout(Softmax(w; )); - v;. (13)
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Major results

Table 1 Mean opinion score (MOS) and Mel cepstrum distortion (MCD) with 95% confidence intervals

Model MOS MCD
CSMSC LJSpeech CSMSC LJSpeech
Ground truth 4.48+0.06 4.5140.05 N/A N/A
Tacotron 2 4.2640.07 4.15+0.07 6.78+0.09 7.6240.11
Transformer 4.31-0.07 4.20=0.08 6.73+0.09 7.40£0.10
Ours 4.2840.08 4.19+0.07 6.67=0.08 7.4340.10

Bold values indicate the better results of the Transformer baseline and our model. N/A: not applicable

Table 2 Comparison mean opinion score (CMOS)
with 95% confidence intervals

Model CMOS
CSMSC LJSpeech
EDSA 0 0
Without GAA —0.144+0.17 —0.1140.16
Without LPA —0.1840.16 —0.2340.15

GAA: global average attention; LPA: local predictive
attention



Major results (Cont’d)

Table 3 Real-time factors (RTFs) of different models with 95% confidence intervals

Model RTF with about 400 frames RTF with about 200 frames
CPU GPU CPU CGPU
Tacotron 2 4.044+0.015 15.702+=0.079 3.9264+0.023 16.0514+0.217
Transformer 0.2458+0.012 2.1836=0.023 0.164+0.006 1.7760.056
Ours 1.370+0.010 2.6431+0.026 1.350=0.005 2.656+0.009

Bold wvalues indicate the better results of the Transformer baseline and our model

Table 4 Number of employed floating-point operations (FLOPs) of different models in inference

Number of FLOPs (x10'%)

Model Number of parameters (x10°)
400 (400, SA) 800 (800, SA)
Tacotron 2 28.158 0.010 N/A 0.021 N/A
Transformer 52.949 2.183 0.654 10.032 3.534
Ours 48.245 0.162 0.003 0.418 0.006

Bold values indicate the better results of the Transformer baseline and our model. N/A: not applicable; SA: self-attention



Conclusions

1. An efficient decoding self-attention module has been
presented for end-to-end speech synthesis.

2. The proposed alternative can model both long- and short-
range dependencies with the number of operations scaling
linearly in the sequence length.

3. Experimental results on both Mandarin and English
datasets demonstrate that the suggested method can
accelerate the inference remarkably with negligible
performance loss.
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