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ABSTRACT 
In the era of artificial intelligence, the technology of speech conversion has developed rapidly and has 
gradually become a hot topic of research in the field of speech processing. This paper explores the 
problem of speech signal extraction and generation based on Wave RNN model, and constructs a 
speech conversion generation model driven by artificial intelligence. First, the short-time Fourier 
transform is utilized to convert and preprocess the speech signal in the time-frequency domain. 
Second, a stepwise speech enhancement model is proposed to enhance the perceived strength of the 
speech signal. Then, a speech generation model based on improved self-attention mechanism and RNN 
is designed to realize the generation of speech signals. Finally, the model effect is evaluated for 
application. The time-frequency domain feature that mixes time-domain features and frequency-
domain features is able to capture the characteristics of speech signals more comprehensively than a 
single time-domain feature and frequency-domain feature, which corresponds to a higher recognition 
accuracy and a lower training loss value. Meanwhile, after speech enhancement, the average accuracy 
of model A~D speech recognition is improved by 19%~25%, which indicates that the stepped speech 
enhancement model used in this paper can substantially enhance the perceptual strength of speech 
signals. In addition, the language conversion model in this paper outperforms other speech conversion 
models in both MCD and RMSE, and its advantage in rhyme mapping is obvious, and the pitch of the 
output speech is more accurate and natural. The model in this paper has high practical value in speech 
signal generation and conversion. 
Keywords: wave RNN; short-time Fourier transform; stepwise speech enhancement; speech 
conversion 
 

1. Introduction 

Voice is one of the main ways for human beings to carry out daily communication and exchange, and 
is an extremely important tool in the development of human society [1]. With the maturity of the 
Internet and the breakthrough of communication speed, it becomes simple and feasible to transmit 
large amounts of data on the mobile terminal, and people's interaction needs on the mobile terminal 
have increased dramatically, and software functions such as video voice and live chat have gradually 
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come into daily life and become an indispensable part of daily communication [2-5]. Compared with 
the previous way of relying on keyboard input, voice interaction can greatly liberate the user's hands, 
through speech recognition, semantic understanding, speech synthesis, so as to realize the whole 
process of interaction [6-8]. However, with the development of modern technology, people need to 
communicate more and more information in their lives, so the amount of information in the 
communication process is also exploding in the development of technology, but at the same time, the 
bandwidth resources used for communication are not unlimited [9-11]. In the process of voice 
communication, before transmission at the sending end and storage at the receiving end, the voice 
signal needs to be compressed and encoded, the purpose of which is mainly to reduce the amount of 
transmission code and storage in the process of communication processing [12-14]. And low coding 
rate and high quality are often a pair of contradictory indicators, in the process of voice transmission 
at a lower bit rate, the voice quality will also have a certain degree of degradation [15-16]. The 
generation of low-rate speech compression coding technology can extract the feature parameters 
representing semantic information in the speech signal, followed by quantization coding and decoding 
inverse quantization, and the output side for the synthesis of the extracted feature parameters, and 
the ϐinal output reconstruction of the speech waveform [17-20]. Therefore, how to effectively extract 
and generate speech signals is a prerequisite to facilitate the digital transmission of speech signals 
[21]. 

In the current social environment, the bottleneck of traditional feature extraction methods is mainly 
in the efϐiciency and accuracy when dealing with large amounts of speech data. Literature [22] 
combines machine learning algorithms with audio signal processing techniques to achieve key feature 
extraction of audio signals through large-scale training and testing. Literature [23] also applies 
machine learning algorithms to the process of extracting feature parameters of speech signals, in 
addition to the use of fast algorithms to further improve the acceleration of feature parameter 
extraction, and enhance the performance of hardware and software processing of speech signals to 
complete the speech recognition process. Literature [24] shows that speech signal feature extraction 
is an important part of compression of raw speech data and enhancement of features in speech 
recognition, and proposes the Mel Frequency Cepstrum Coefϐicient Extraction Method (MSP-MFCC) 
under mixed signal processing architecture, whose extracted speech features can show good 
performance in low-power speech recognition applications. Literature [25] examined the speech 
signal processing method in speech emotion recognition, using algorithms such as Mel frequency 
cepstrum coefϐicients to extract features from speech signals, combining the feature selection stage 
with the feature classiϐication stage to effectively recognize generic emotions in speech. Literature [26] 
describes the neural network-based target speech feature extraction method, which can separate the 
target speech under the acoustic conditions of noise, reverberation, and interfering loudspeakers by 
processing similar features in the speech signal. 

In this paper, based on the Wave RNN model, the natural and accurate conversion of speech signal 
is realized by preprocessing the speech signal, speech enhancement and speech generation. Then the 
speech enhancement is divided into two steps, the ϐirst step generates the enhanced speech that is 
favorable to the machine hearing sense, and the second step combines the vocoder WaveRNN to get 
the speech that is suitable for the human ear hearing sense. Meanwhile, the acoustic model of speech 
synthesis is constructed by combining the multi-head self-attention mechanism, the relative position-
aware self-attention mechanism and the RNN model. In order to verify the effect of the model, in terms 
of the speech enhancement model, the features in different time-frequency domains are analyzed and 
the recognition accuracy of the speech signal before and after enhancement is compared. In terms of 
the speech signal generation model, and the model is applied with the speech conversion task to 
compare the similarity and naturalness of the generated speech from both objective and subjective 
dimensions. 
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2. Artificial intelligence-driven speech signal extraction and generation models 

In order to realize intelligent extraction and generation of speech signals, this paper ϐirst preprocesses 
the speech signals, then enhances the perceived intensity of the target speech signals by using a 
stepwise speech enhancement model, and constructs a sequence-to-sequence hybrid speech 
generation model by combining the improved self-attention mechanism and RNN to realize the 
synthesis of speech signals and their output. 

2.1. Speech signal processing 

Speech signals are analog signals that carry speciϐic information. The extracted speech signal needs to 
be processed before proceeding to speech generation. Speech signal processing is the use of digital 
signal processing techniques to process the speech signal so that the information carried by the speech 
signal can be maximized. 
2.1.1. Basic concepts of speech signals: 
1) Sampling frequency: the total number of times per second the voice signal is sampled, the unit is 
Hertz (Hz), the common sampling frequency is 8kHz, 16kHz, 22.05kHz, 44.1kHz. The higher the 
sampling frequency, the more realistic and natural the sound reproduction. 
2) Sampling precision: also known as bit depth, indicates the number of bits of information contained 
in each sample point, the unit is bit (Bit), such as 8-bit, 16-bit. 16-bit is the most common sampling 
precision. 
3) Sample Size: This refers to the value of the amplitude of the sound waveform at that sampling point, 
in bits/s (i.e., bps). 

2.1.2. Pre-exacerbation. The transmission of signals in a medium generates certain losses, and the 
higher the frequency, the higher the losses. In order to obtain the highest quality signal possible, the 
high frequency loss part needs to be compensated. In speech signals, high-frequency signals are mainly 
affected by the lip-oral radiation, in order to compensate for this part of the loss and enhance the high-
frequency resolution of speech signals, pre-emphasis processing is required. The core idea of the pre-
emphasis technique is to amplify the high-frequency signal through a ϐirst-order high-pass ϐilter, so 
that the spectrum is balanced and the signal has uniform energy in different frequency bands, which 
is given by the following formula: 

 1( ) 1H z z    (1) 

Where    is the pre-emphasis coefϐicient, generally take the value of 0.9 1.0   . The speech 
sampling value at the moment of setting n  is ( )x n , and the result after the pre-emphasis processing 
is ( )y n . The pre-emphasis processing is expressed by the differential equation as follows: 

 ( ) ( ) ( 1)y n x n x n    (2) 

2.1.3. Split-frame windowing. Fourier transform is used in speech signal processing to convert the 
speech signal from time domain signal to frequency domain signal. The input requirement for the 
Fourier transform is a smooth signal, but the speech signal is not smooth from the macroscopic point 
of view because the lip changes will lead to a change in the speech signal, but from the microscopic 
point of view the speech signal is smooth for a shorter period of time because the lip changes will not 
be very fast. Therefore, the speech signal can be intercepted for Fourier transform to fulϐill the input 
requirement of Fourier transform. The process of splitting the speech signal into small segments is 
called subframing, and a small segment of the speech signal is called a “frame”. Macroscopically, there 
is no signiϐicant change in the speech signal within a phoneme, so the size of a frame has to be less 
than the length of a phoneme. The duration of a phoneme is 50ms-200ms, so the length of a frame of 
speech signal should be less than 50ms. From a microscopic point of view, a frame of speech signal 
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needs to contain enough vibration cycles for Fourier transform. The fundamental frequency of male 
voice is around 100 Hz, and the fundamental frequency of female voice is around 200 Hz, which 
translates into periods of 10 ms and 5 ms. Because of the need to include multiple vibrational cycles, 
the length of a frame of speech signal should be longer than 20 ms. 

After the frame splitting operation, there will be discontinuities at the beginning and end of each 
frame. When the speech signal is split into more frames, the error between the original speech signal 
and the original speech signal will be bigger. The windowing operation solves this problem and makes 
the speech signal more continuous after being divided into frames. After adding window, the speech 
signal without periodicity shows some characteristics of the periodic signal. Currently, the mainstream 
window functions include rectangular window, Hanning window and Hemming window. 

2.1.4. Fourier Transforms and Short-Time Fourier Transforms. A signal is in the time domain where 
the independent variable is time and the dependent variable is the change in the signal, so a time 
domain plot describes the relationship between amplitude and time. A signal is in the frequency 
domain where the independent variable is frequency and the dependent variable is the amplitude of 
the signal at that frequency, so the frequency domain plot describes the relationship between 
frequency and amplitude. For speech signals, features are harder to extract in the time domain, but are 
instead easier to extract in the frequency domain. The Fourier transform is the tool that converts the 
signal from the time domain to the frequency domain. The physical meaning of the Fourier transform 
is that a non-periodic signal is considered as the sum of inϐinitely many harmonic components with 
different and continuously varying frequencies [27]. The Fourier transformed signal is the spectrum 
of the original signal and is a complex function containing both amplitude and phase information. The 
Fourier transform equation is as follows: 

 ( ) ( ) i tF f t e dt






   (3) 

Where    denotes frequency, t   denotes time, i te    is a complex function, ( )F    is the image 
function of ( )f t , and ( )f t  is the image primitive function of ( )F  . In speech signals, ( )f t  is the 
time domain representation of the signal and ( )F   is the frequency domain representation of the 
signal. 

Fourier transform is a powerful means to analyze linear systems and smooth signals, but speech 
signals are not smooth, so in practice, the short-time Fourier transform (STFT) is often used [28]. The 
short-time Fourier transform is a process of splitting a longer signal into multiple segments of equal 
length, performing the Fourier transform on these segments, and stitching the results together. In the 
case of speech signals, after the signal has been processed by splitting the frames and adding windows, 
it is only necessary to perform the Fourier transform on each frame and splice the results with the 
following formula: 

 2( , ) ( ) ( ) i fSTFT t f x h t e d   






   (4) 

where ( )h t   is the analysis window function and ( )x   is the source signal. 

2.1.5. Mel spectrum. Mel spectrum and linear spectrum are two acoustic features of speech signals. 
The main steps of linear spectrum and Mel spectrum extraction are shown in Fig. 1. Linear spectrum 
is a speech signal feature obtained by pre-emphasizing the original speech signal language, adding 
windows in frames and short-time Fourier transform after several steps of operation. The linear 
spectrum reϐlects the changes of the speech signal in the frequency domain, but the relationship 
between the human ear's perception of the sound and the frequency of the sound is more complicated. 
Generally speaking, the human ear is more sensitive to low-frequency sounds compared to high-
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frequency sounds. A set of Mel ϐilters is used to process the linear spectrum to obtain the Mel spectrum, 
which makes the low-frequency characteristics of the linear spectrum more prominent in the Mel 
spectrum. 

Input speech

Linear spectrum

Mayer spectrum

Pre-weighted

Splitting of frames

Add Windows

Short time Fourier 
transform

Mel filtering

 
Fig. 1. Feature extraction process of linear spectrum and Meir spectrum 

2.2. Stepped Speech Enhancement Model 

The key technology to improve speech quality is to enhance the perceived strength of the target signal, 
i.e., speech enhancement, the essence of which is to suppress the noise signal expression so as to 
enhance the target speech content. In this paper, a stepped speech enhancement framework is 
proposed, and the main idea of the method is to design a stepped cascade network, where different 
enhanced speech is obtained at each stage respectively. 

2.2.1. General Architecture of Speech Enhancement Modeling. The general structure of the stepped 
speech enhancement model is shown in Figure 2. The model divides speech enhancement into two 
stages, the ϐirst stage is suitable for generating enhanced speech suitable for machine perception, and 
the second stage continues to enhance on the basis of the ϐirst stage, transforms the linear spectrum 
into Mel spectrum, and then synthesizes speech signals suitable for human ear perception by using 
the Wave RNN vocoder, which better avoids the inϐluence of the noise phase information on the ϐinal 
result after enhancement by the traditional method and the resulting speech sound quality This can 
better avoid the inϐluence of noise phase information on the ϐinal result and the resulting speech sound 
quality after enhancement by traditional methods. 

Feature 
extraction

Signal 
separation

First-order 
model

Time channel 
change

Second-order 
model

WaveRNN 
decoder

Inverse Fourier transform

Mainstream speech 
enhancement methods

Textual method

 
Fig. 2. The overall structure of the stepped speech enhancement model 
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1) Model Input. In most speech enhancement studies, the time-domain signal is converted to a 
frequency-domain signal for study and then inverted to a time-domain signal. The speciϐic expression 
is shown in Equation (5): 

 ( ) ( ) ( )j j m
n

m

X e x m n m e  






   (5) 

Where: n   is the key to distinguish from the standard Fourier transform, and ( )n m    is the 
sequence of window functions. For the Fourier transform, different window functions will get different 
transformation results, generally when 2 /k N  , get the short-time Fourier transform expression 
as shown in equation (6): 

 
2

( ) ( ) ( ) ( ) ,0 1
km

j
j N

n n
m

X e X k x m n m e k N


 
 



       (6) 

In order to better utilize the signal energy in the frequency domain segment characteristics, this 
paper utilizes the Gaussian ϐilter principle to make the energy in different intra-frame frequency bands 
more concentrated and ϐilter part of the noise energy signal. At the same time, the original energy 
model is retained by splicing, combined with the Gaussian ϐilter principle to enhance the expression 
in the low-pass frequency domain region, which is to some extent conducive to the overall noise 
suppression performance. The speciϐic representation is shown in Eq. (7): 

 ( ( ), , ( ), , , ), (0 )i n i nY G x G x Y Y i n      (7) 

Where Y  denotes the model input, iY  denotes the speech energy spectral information at frame 
i , ( )G x  denotes the energy spectral information after Gaussian ϐilter processing, the ϐiltering formula 
is shown in (8), and the ϐinal input to the model is the splicing of the pre-activation and post-activation: 

 
2 2

221
( )

2

x y

G x e 






  (8) 

2) Speech enhancement framework based on machine hearing sense. The speech enhancement 
framework based on machine hearing sense is generally based on the design of DNN residual structure, 
and its main part consists of feed-forward neural network. In the network structure, each modular 
feature is directly fused with the features of the latter n+1 layers, which can eliminate the gradient 
disappearance in the deep structure of the network and help the fusion of local and global information. 
In the hidden layer structure for better integration of contextual information, this paper adds a global 
shared regular expression, using the network characteristic batch (number of frames of a single 
segment of speech) to strengthen the frame-to-frame connection, so that the context between 
independent frames can affect the global expression, eliminating the independence of frames from 
each other, the speciϐic expression shown in equation (9): 

 
( ) ( )

( )

( )

[ ]
ˆ

[ ]

k k
k

k

x E x
x

Var x


  (9) 

Where ( )[ ]kE x denotes the global mean and ( )[ ]kVar x  denotes the global variance. 
The idea of residual connection is borrowed from ResNet network structure on DNN, which makes 

better use of model expressivity. The residual injection expression is deϐined as shown in Eq. (10): 

 ( ) ( )F x H x x   (10) 

where x   denotes the input vector, ( )H x   is the deep layer output, and ( )F x   denotes the short-
connected transformed input of the different layers. The ϐinal output expression is built on an 
unactivated linear layer that expresses the ϐinal augmented amplitude value obtained by the model. 
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3) Speech enhancement framework based on human ear hearing sense. In this paper, we propose to 
use the enhanced amplitude spectral features for input and continue to enhance to obtain the 
enhanced Mel spectral features. In the enhancement framework based on human ear auditory 
perception, this paper discards the original phase information and reconstructs the speech timing 
signal through WaveRNN vocoder to get the ϐinal enhanced speech suitable for human ear auditory 
perception. The overall enhancement expression is shown in Eq. (11): 

 _ ( _ )output wavsecond order first order WaveRNN denoisy   (11) 

4) Vocoder Wave RNN. In order to better adapt to the future low-resource environment, this paper 
adopts the Wave RNN vocoder in the back-end speech reconstruction. The Wave RNN adopts a single-
layer recurrent neural network structure in the structure, combined with dual softmax layer structure, 
and achieves the optimal level of synthesis on the current back-end synthesis, which can generate real-
time 24KHz 16-bit high-ϐidelity speech. In generating speech, a long sequence is mainly represented 
by multiple short sequences, and each short sequence is generated at the same time, in such a way to 
ensure that the long sequence generation speed, so as to ensure that the ϐinal synthesized speech 
synthesis in real time. 

In WaveRNN, in order to better ensure the sequence generation model real-time, the speciϐic 
decoding speed is shown in Equation (12): 

 
1

( ) | | ( ( ) ( ))
N

i i
i

T u u c op d op


   (12) 

Where ( )T u  denotes the ϐinal vocalization time to generate a sentence, a sentence has | |u  sample 
points. n denotes the number of model layers,  c op   denotes the time required for each layer of 
computation in the speech generation stage, and ( )d op  denotes the hardware consumption time. 

WaveRNN has two softmax layers, the high and low results are multiplied by GRU at the same time 
to get the value of the ϐinal sample point, as shown in Eqs. (13) to (20): 

 1 1[ , , )t t t tx c f c   (13) 

 *
1( )t u t u tu R h I x    (14) 

 *
1(t r t r tr R h I x   (15) 

 *
1( ( )t t e t e te t ro R h I x   (16) 

 1 (1 )t t t t th u oh u e     (17) 

 , ( )c f ty y split h  (18) 

 2 1( ) ( ( ))t cP c softmax O relu O y  (19) 

 4 3( ) ( ( ))t fP f softmax O relu O y  (20) 

where * denotes the mask matrix, where the last coarse input ct  is connected only to the ϐine part of 
state , , ,r t t tu r e h  and therefore only affects the ϐine output fy . The ϐine parts tc  and tf  are encoded 
as scalars of [0, 255] and scaled to the interval [1, 1]. Matrix R , consisting of matrix , ,u r eR R R , is 
computed as a single matrix-vector product to produce contributions to all three gates ,i iu r  and ie . 
The activation functions are standard sigmoid and tanh nonlinear functions. One possible architectural 
variant is to have ih  depend only on 1tx   and use a fully connected layer that is then summed or 
connected. 
2.2.2. Loss function: 
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1) Loss function. In previous speech enhancement models, most of them follow the Euclidean distance 
as the ϐinal optimization function, and the mathematical formulation of the root mean square error 
(MSE) loss function is obtained as shown in Equation (21): 

 2
2

1

1 ˆ ( , )|| ||,
N

n
r n n n

n

E X Y W b X
N






   (21) 

where rE  denotes the root mean square error, ˆ ( , , )n l
n n lX Y W b

  and nX  denote the estimated and 
true eigenvalues at a sampling rate of n  , respectively, N   is the number of features, and n l

n lY 
  

denotes the number of relevant frames in the inputs (2 1), ,l W b   denotes the set of two covariates 
of the model, respectively, and in general 5l  . 

In this paper, the MSE and cosine similarity measures are united so that the two vectors not only 
have approximate modal values but also have the same direction. The modiϐied mathematical 
expression of MSE loss is shown in Eq. (22), respectively: 

 
2
2

1

ˆ ( , , )

,

|| || )1
ˆcos( ( , ) )

n lN
n n n

cr n
n n n n

X Y W b X
E

N X Y W b X










  (22) 

where crE   denotes the corrected error. Then for the reverse update process, the ,w b   -iteration 
expression for layer l  is shown in Eqs. (23) to (28): 

 1 1( , ) ( , ) ( , ),1 1
( ,

l l l l l lc
n n n n n nl l

n n

E r
W b W b W b l L

W b

  
           (23) 

 2

( )
( ( 1) , ( 1) )

1 1

l lW n b n

l L

 


 




    


  

 (24) 

 

ˆ( ( , , ) )

ˆ( ( , , ) )

( , )

n l
n n n

n l
n n n

l l
n n

cosa X Y W b X

cosa X Y W b X

W b



 







 




 (25) 

 2
2

ˆ|| ( , , ) ||n l
n n nX Y W b X    (26) 

 
2
2

ˆ|| ( , , )

( , )

m l
n n n

l l
n n

X Y W b X k

W b



  



 (27) 

 ( , ) ( , )l l l l
n n n nW b W b      (28) 

where L   denotes how many layers the model has in total, 1L   denotes the regression layer,   
denotes the weight decay coefϐicient, and   denotes the update momentum. 
2) Joint loss function. In order to better express the performance of the stepwise model, in this paper, 
an end-to-end training method is used, and a joint optimization loss is designed to combine the results 
of the two phases and train the model together, which strengthens the linkage of the model in the 
whole, and helps to improve the overall performance. The speciϐic loss function is shown in Eq. (29): 

 1 2
ˆ ˆ( , ( , )total cr Magnitude Magnitude cr Mel MelL E X Target E X Target    (29) 

where 1 2,   denotes the weighting relationship between the two models, respectively. In the joint 
training of this paper, the two models before and after are set to be equally important proportions, and 
the ϐinal weight distribution is 1 21, 1    . ˆ ˆ, , argMagnitude Mel MagnitudeX X T et   and MelTarget   denote the 
amplitude spectrum spectra after ϐirst-order enhancement, the Mel spectra after second-order 
enhancement, the target amplitude spectra and the target Mel spectra, respectively. 
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2.3. Speech generation model based on self-attention mechanism and RNN 

In this section, a hybrid sequence-to-sequence speech generation model based on RNN and improved 
self-attention mechanism is proposed, which not only models the global context-dependent 
information in text and speech features well, but also takes into account the temporal relationship in 
the speech generation process, which greatly improves the stability of the sequence-to-sequence 
acoustic model based on the self-attention mechanism, and at the same time obtains a better 
naturalness of speech generation. 

2.3.1. Multi-pronged self-attention mechanisms. In this paper, we use a parallelizable multi-head 
self-attention mechanism to learn the hidden features in the encoder and decoder. In the traditional 
single-head attention mechanism, given the query vector Q  of the decoder and the output features 
V  of the encoder, the computation procedure is: 

 ( , , ) ( , )Attention Q K V f Q K V  (30) 

Where, Q  corresponds to the decoder hidden layer features 1 2{ , ,..., }NH h h h , V  corresponds 
to the encoder output representation L , V  is the index matrix of the encoder output features, and 

( , )f Q K  is the scoring function using softmax normalization. The Transformer framework uses the 
dot product scoring function: 

 ( , )
T

k

QK
f Q K softmax

d

 
   

 
 (31) 

where kd  is the dimension of the index vector K . 
In contrast, in the multi-head attention mechanism, we decompose , ,Q K V   into different 

subspaces by linear transformation and compute the content vectors in each subspace using the 
attention mechanism in Eq. (31): 

 1( , , ) ( , ,   ) O
PMultiHead Q K V Concat head head W   (32) 

 ( , , )Q K V
i i i ihead Attention QW KW VW  (33) 

where P   indicates that this multi-head attention mechanism contains P   heads, ihead   is the 
content vector of the i th subspace, and , , ,Q K V OW W W W  is the trainable matrix of different linear 
transformations, respectively. By learning different content vectors from multiple subspaces, the 
multi-head attention mechanism is able to jointly learn better content representations from different 
subspaces. 

The self-attention mechanism is a special case of the attention mechanism, which aims to learn the 
hidden layer representation of the input features themselves, rather than learning the content vectors 
between the encoder and decoder's [29]. In the multi-head self-attention mechanism, both Q  and V  
come from the same input features. As an example, the hidden layer representation 

1( ( ), )t t th AttRNN g y s   of the decoder at moment t  is learned by the self-attention mechanism: 

 ( , , )th MultiHead Y K Y  (34) 

where 1{ ,..., }NY y y  is the input vector for all moments of that hidden layer, and K  is the index 
vector obtained from Y  by linear transformation. Similarly, the above equation can be used to learn 
each hidden layer feature representation in the encoder and decoder. 

From Eq. (34), it can be found that the hidden layer feature th  at moment t  is able to directly 
access the input information of all moments at a distance of (1)O , which means that the self-attention 
mechanism is able to model the global contextual information well. Meanwhile, since the structure 
does not contain recurrent neural network units, it can avoid the problem of gradient vanishing in RNN 
and can be trained in full parallel, which greatly improves the training speed of the model. It is worth 
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noting that since the decoder in the sequence-to-sequence model generates each frame output vector 
autoregressively, this means that all hidden layer features after the moment t  cannot be used in the 
process of generating 1ˆty  . Therefore, in the decoder based on the self-attention mechanism, each self-
attention layer executing the scoring function needs to add a masking vector with negative inϐinity to 
the weights of all connections after t  moments before the softmax operation to ensure that the model 
will not compute inputs after t  moments during parallel training. 

2.3.2. Self-attention mechanism based on relative position perception. Self-attention mechanisms 
that do not take into account the connection between similar features may lead to the problem of 
distraction during feature learning. In this paper, we propose to solve this problem by using a relative 
position-aware self-attention mechanism for modeling speech generation models. 

The process of learning the hidden layer representation feature 1{ ,..., }NH h h   by the self-
attention mechanism can be written as follows: 

 
1

( )
N

V
i ij j

j

h x W


  (35) 
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k

xW x W
e

d
  (37) 

where 1{ ,..., }NX x x  is the input of the self-attention layer, N  is the length of the input and output 
sequences, and ije  i.e., the connection relationship between the output of frame i  and the input of 
frame j . From this equation, it can be seen that in the process of generating the output ih  of the 
hidden layer, K

jx W   directly determines the contribution of each frame input sequence jx   to the 
generation ije . 

In the relative position-aware self-attention mechanism, in this paper, a trainable local connection 
network is added to the original global connection network, so as to take more into account the input 
representations of the nearest neighbors at the current moment in the model training and generation 
process. At this time ije  the computational process is: 

 
( )( )Q K T

i j ij
ij

k

xW x W a
e

d


  (38) 

where ija  is the nearest-neighbor connectivity network, representing the additional contribution of 
jx  to the generation of ije . 
In order to effectively enhance the nearest neighbor connections and at the same time be able to 

apply to all lengths of training and test data, assuming that we want to enhance the front and back m  
connections at the current moment, the relative position-aware self-attention mechanism uses the 
operation of truncation to ignore the connections with a distance greater than m   in the nearest 
neighbor network, at which time each nearest neighbor connection ija  can be written as: 

 ( , )ij clip j i ma    (39) 

 clip( , ) max( ,min( , ))t m m m t     (40) 

where { ,..., }m m    is a trainable matrix to control the contribution of the nearest neighbor input 
features. In order to ensure the parallelizable computational capability of the model, this truncation 
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operation directly assigns the boundary connection vectors of the nearest-neighbor networks to the 
more distant connections. 

2.3.3. Hybrid speech generation model. Although the self-attention mechanism uses position-
encoded information to model the temporal information of sequences, neither absolute nor relative 
position representation can well represent the temporal relationships within the sequences, while 
RNN can model the temporal information well, but suffers from the problems of weak global 
dependency modeling ability and vanishing gradient [30]. In order to model the global context 
information of sequences well and retain the temporal information of sequences, this paper further 
proposes to construct a hybrid speech generation model using a relative position-aware self-attention 
mechanism and RNN networks to enhance the naturalness of synthesized speech. The framework of 
the hybrid speech generation model proposed in this paper is shown in Fig. 3, which mainly includes 
a multiplexed text encoder and an autoregressive decoder based on the self-attention mechanism. 
Among them, the text encoder contains an RNN-based coding sub-module and a coding sub-module 
based on the self-attention mechanism, and the outputs of the two sub-modules are spliced together 
after a layer of linear transformation as the ϐinal text feature representation. 

In the coding module of RNN, this paper uses the CBHG network to model the temporal relationships 
of text sequences [31]. The main purpose of the coding module based entirely on the self-attention 
mechanism is to model the global contextual information in the text, which is closely related to the 
rhythms of the generated speech. The self-attention mechanism-based coding module contains a total 
of N  operation block, each of which contains two sublayers: a self-attention mechanism layer and a 
feed-forward neural network layer. The operation process of each sub-layer is as follows: 

 ( ( ))y LayerNorm x SubLayer x   (41) 

where x  is the input of each sublayer, y  is the output of each sublayer, SubLayer denotes the self-
attention mechanism or feed-forward neural network sublayer, and LayerNorm denotes the output of 
the neuron for normalization. With the multiplexed text encoder, we are able to retain both the 
temporal modeling capability of RNN and the global dependency modeling capability of the self-
attention mechanism, which signiϐicantly improves the stability and effectiveness of the speech 
generation model. Although the decoder of the framework is also based on an autoregressive structure, 
the decoder uses a fully auto-attentive mechanism to learn the hidden layer features, so the decoder 
can be trained in full parallel. 
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Fig. 3. Hybrid acoustic model framework based on self-attention mechanism and RNN 

3. Speech enhancement modeling experiments and analysis 

3.1. Experimental environment and parameters 

In this paper, experiments are conducted on two public datasets, RAVDESS and SAVEE, to validate the 
model performance. To enhance data diversity, various data enhancement techniques are employed to 
facilitate the model to learn a wider range of feature representations. The datasets are divided into 
training, validation, and testing sets in the ratio of 8:1:1 for effective model training and evaluation. 
For deep learning framework selection, Keras is used for model training and hyperparameters are 
adjusted by grid search method to optimize model performance. The optimal hyperparameters 
identiϐied include a batch size of 64 and appropriate weight selection to improve the weighted average 
accuracy of the model in this paper. In addition, the “Adam” optimizer and the “categorical cross-
entropy” loss function were chosen to facilitate effective model learning. 

To ensure that the model learns sufϐiciently, the model is trained on a high-performance Tesla P100 
GPU for 120 training cycles, and the effectiveness of the model is veriϐied by comparing the model in 
this paper with the other three models. 

3.2. Analysis of data results 

3.2.1. Different characterizations. In this section, ϐirstly, different features are extracted in the SAVEE 
dataset, which are time-domain features (ZCR, RMS), frequency-domain features (MFCC, Log-Mel, and 
CQT), and hybrid features composed of time-domain plus frequency-domain (ZCR, RMS, MFCC, LogMel, 
and CQT), and experiments are carried out by utilizing the speech enhancement model of this paper, 
and except for the different features, the other conditions are all the same, and a comparison of the 
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results of different features is obtained as shown in Table 1. Where UAR denotes unweighted average 
accuracy and WAR denotes weighted average accuracy. 

According to the evaluation metrics presented in Table 1, the performance differences of different 
feature combinations in the classiϐication task can be observed. The hybrid time-frequency feature set 
exhibits excellent performance in all key performance metrics, reaching 67.86%, 66.01%, 68.31%, 
69.18%, 68.74%, and 67.38% in UAR, WAR, Precision, Recall, F1-Score, and Accuracy, respectively. In 
contrast, the frequency domain features, although slightly lower than the hybrid time-frequency 
features on most of the metrics, still outperform the case of using only the time domain features. The 
performance of time-domain features in all evaluation metrics is unsatisfactory, with its unweighted 
average accuracy of 64.22%, weighted average accuracy and accuracy failing to exceed 64%. It can be 
shown through experiments that the method of fusing time-frequency features proves to have obvious 
advantages. And the time domain features, although not as directly reϐlecting the speech state as the 
frequency domain features, contain key clues such as the beginning, end and duration of the sound. In 
order to fully utilize the potential of these features, hybrid time-frequency features are used, and 
careful trade-offs and adjustments are made based on the speciϐic needs of the task and the 
characteristics of the data to optimize the model performance. 

Table 1. Comparison of results with different features 

Feature 
Evaluation index/% 

UAR WAR Precision Recall F1-Score Accuracy 

Time domain 64.22 61.83 63.24 63.05 63.14 63.42 

Frequency domain  66.54 63.12 66.07 64.23 65.14 64.54 

Time-frequency domain 67.86 66.01 68.31 69.18 68.74 67.38 

The loss function and accuracy curves under the time-domain feature, the frequency-domain feature, 
and the hybrid time-domain plus frequency-domain feature are shown in Figs. 4(a), 4(b), and 4(c), 
respectively, where the left graphs both represent the model loss function values on the training set 
and the test set, and the right graphs both represent the model accuracies on the training set and the 
test set. 

As can be seen from Fig. 4(a), at the beginning of training, the loss function curves of both the 
training set and the test set show a signiϐicant decreasing trend, reϐlecting the gradual optimization of 
the model prediction performance. However, when the training proceeds to about the 28th cycle, the 
growth of the model performance stabilizes and the loss function curve becomes smooth. At the same 
time, the accuracy curve continues to climb, indicating that the model's accuracy in classifying samples 
continues to improve. Eventually, the model performance under the time-domain feature is 1.0112 
loss function value and 63.42% accuracy. Then, further analyzing the experimental results of 
frequency domain features and time-frequency domain features, it is observed that the loss function 
curve also shows a decreasing trend while the accuracy curve rises, which further conϐirms the 
optimization trend of the model during the learning process of different features, and the model 
performance reaches a stable state at about the 19th of the training cycle, and the early stopping 
strategy is also effective at this stage. Under the frequency domain features, the ϐinal performance of 
the model is a loss function value of 1.0461 and an accuracy of 64.54%. Under the time-frequency 
domain features, the model performance is even more outstanding, reaching a loss function value of 
0.9932 and an accuracy rate of 67.38%. By comprehensively comparing the experimental results of 
these different feature sets, it can be found that using a combination of time-domain and frequency-
domain features is able to complement each other in terms of feature representation, thus capturing 
the characteristics of the speech signal in a more comprehensive way. This may be due to the fact that 
the time-domain features capture the temporal dynamics of the signal, while the frequency-domain 
features reveal information about the frequency distribution of the signal, and the combination of the 
two provides a richer and more comprehensive representation of the data for the model. Therefore, 
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the combination of time-domain and frequency-domain features will continue to be used in 
subsequent studies for in-depth exploration. 

 
(a) Time-domain features 

 
(b) Frequency-domain features 

 
(c) Time-frequency domain features 

Fig. 4. Loss function and accuracy curves under different feature sets 

3.2.2. Speech enhancement analysis. Facing the quality problem of speech, this paper adopts the 
stepped speech enhancement model to enhance the perceived strength of the target speech signal. In 
order to explore the effectiveness of the speech enhancement model, the performance of multiple 
models on different datasets is analyzed. The target speech recognition results before and after speech 
enhancement by different models are shown in Table 2. Among them, Models A~C represent the three 
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speech recognition models of CNN, CNN+BiLSTM, and CNN+BiLSTM+Attention, respectively, while 
Model D is the model after integrating Models A~C with weighted average. 

Without speech enhancement processing, the performance of each model shows signiϐicant 
variability on different datasets. In particular, Model D demonstrates excellent classiϐication 
performance on the RAVDESS and SAVEE datasets, achieving average accuracies of 67.39% and 
64.85%, respectively, showing signiϐicant advantages over the other models.The high performance of 
Model D on the RAVDESS dataset may be attributed to the high complexity of the dataset, which are 
factors that increase the difϐiculty of the speech recognition task. On the contrary, the simplicity of the 
SAVEE dataset may contribute to the model's speech recognition, but its smaller size may limit the 
model's ability to generalize, resulting in relatively low accuracy. In contrast, after speech 
enhancement, the average accuracy of speech recognition of models A~D on the RAVDESS dataset is 
improved by 20.11%, 19.49%, 23.99%, and 20.22%, respectively, and on the SAVEE dataset by 24.18%, 
21.81%, 20.57%, and 20.95%, respectively. This indicates that the stepped speech enhancement model 
used in this paper works signiϐicantly in enhancing the perceived strength of speech, and can 
substantially increase the likelihood of speech signals being accurately recognized. 

Table 2. Different models recognition results before and after speech enhancement 

Data set Model Pre-speech enhancement /% Post-enhanced speech /% 

RAVDESS 

Model A 54.62 74.73 

Model B 59.35 78.84 

Model C 61.46 85.45 

Model D 67.39 87.61 

SAVEE 

Model A 54.67 78.85 

Model B 57.43 79.24 

Model C 60.85 81.42 

Model D 64.85 85.80 

4. Experimental results and analysis of speech signal generation 

In order to verify the effectiveness of the proposed speech signal extraction and generation model, this 
paper conducts model application experiments to evaluate the quality of converted speech obtained 
through speech extraction and generation from both objective and subjective perspectives. 

4.1. Objective assessment 

1) Evaluation metrics. In this paper, the model performance is evaluated based on the Mel's Cepstrum 
Distortion (MCD) and the Root Mean Square Error (RMSE) of 0log F  between the modeled converted 
speech and the reference speech. 

MCD is deϐined as: 

 2

1

ˆ[ ] 10 / ln10 2 ( )
D

d d
d

MCD dB Y Y


   (42) 

where D  is the characteristic dimension of the Mel cepstrum coefϐicients, and d̂Y  and dY  are the 
d  th dimensional characteristics of the transformed and original Mel cepstrum coefϐicients, 
respectively, with smaller values of MCD reϐlecting smaller distortions. 

0log F RMSE is deϐined as follows: 
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where N  denotes the total number of speech frames, and 0̂i
F  and 0i

F  denote the 0F  features of 
the converted speech and the reference speech frame i  respectively. 

Since all the conversion systems use Mel spectral features as acoustic features, it is not easy to obtain 
0F  and Mel inverted spectral coefϐicient features in the converted acoustic features. In this paper, the 

Wave RNN vocoder is utilized to extract 0F  and 25-dimensional Mel inverted spectral coefϐicients 
from the reconstructed waveforms for evaluation. Considering the time difference, dynamic time 
planning is used to align the converted speech with the target reference speech to compute the MCD 
and 0log F  RMSE, where the 0log F  RMSE is computed only on the voiced frames in the reference 
utterance. 
2) Objective assessment results and analysis. The results of the evaluation of the MCD and RMSE for 
the different systems are shown in Table 3, and the results are derived from the average of 288 
transformed pairs (4 source speakers × 2 target speakers × 36 utterances) for each source-target 
gender group and 72 utterances (2 target speakers × 36 utterances) for the MSTTS speech synthesis 
for both genders. The “source” in the table represents the direct distortion between the source and 
target utterances, and since it was not transformed, it represents the worst case of distortion. 

From the results, it can be seen that the model in this paper outperforms all other speech conversion 
models in both MCD and 0log F RMSE. Female speakers have higher 0log F -square deviations than 
male speakers, which is also reϐlected in the 0log F RMSE of the MS-TTS system that generates the 
speech of female target speakers (0.40 > 0.36). For both male and female target speakers, the model 
in this paper shows a clear advantage in rhyme mapping, which not only provides accurate linguistic 
content, but also a more natural pitch of the output speech. 

Table 3. Average MCD and logF0 RMSE results 

Source-target Model MCD (dB) logF0 RMSE 

Female-Female 

The source 8.52 0.28 

AutoVC 4.11 0.31 

PPG-VC 4.24 0.34 

Ours 3.86 0.25 

Female-Male 

The source 8.59 0.51 

AutoVC 3.48 0.43 

PPG-VC 3.49 0.38 

Ours 3.32 0.32 

Male-Male 

The source 9.58 0.42 

AutoVC 3.62 0.31 

PPG-VC 3.64 0.39 

Ours 3.42 0.27 

Male-Female 

The source 10.47 0.65 

AutoVC 4.26 0.33 

PPG-VC 4.32 0.35 

Ours 3.98 0.28 

Text-Female MS-TTS 4.41 0.40 

Text-Male MS-TTS 3.93 0.36 

By comparing the model in this paper with MS-TTS, it is noted that the difference lies in the encoder. 
The former takes speech as input while the latter takes text as input. The results show that the source 
speech is more informative than the text input in terms of providing speaker-independent rhyme 
patterns for target speech generation. This can be explained by the fact that the rhyme pattern of a 
sentence is a modulation between speaker-independent components (e.g., rhyming phrases, 
intonation) and speaker-related components (e.g., stress, pitch). 



ARTIFICIAL INTELLIGENCE-DRIVEN SPEECH SIGNAL EXTRACTION 5349 

 

In order to visualize the speech conversion effect, male to female is taken as an example to compare 
the natural speech and the generated speech of each model 0F   shown in Fig. 5. Figures (a)~(f) 
represent the conversion effects of source, target, AutoVC, PPG-VC, MS-TTS and the model in this paper, 
respectively. 

The following three observations can be obtained from Fig. 5: 
1) PPG-VC, AutoVC and the model in this paper generate speech with the same duration as the source 
speech because they perform frame-level mapping. 
2) The 0F  -rhyme patterns of both PPG-VC and AutoVC are closer to the source utterances (their 

0log F RMSEs are 0.22 and 0.26, respectively) than to the target utterances (their 0log F RMSEs are 
0.24 and 0.27, respectively). This suggests that the implicit codes of both the PPG and the autoencoder 
are inϐluenced by the source speaker. 
3) The 0F -rhyme pattern of the model in this paper is closer to the target utterance ( 0log F RMSE=0.89) 
than to the source utterance ( 0log F RMSE=0.09). This indicates that the context vectors are speaker-
independent, which allows the decoder to perform good speech restructuring of the target speaker 
using the target speaker embedding. 
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(a) The source (b) The target 

 
(c) AutoVC (d) PPG-VC 

 
(e) MS-TTS (f) Ours 

Fig. 5. Comparison example of a male-female speech conversion generating F0 

4.2. Subjective assessment 

The subjective assessment was determined based on the test results of the listening test participants. 
In this paper, AB and XAB preference tests were conducted to assess speech quality and speaker 
similarity, respectively. Twenty-four samples were randomly selected from the converted samples of 
each experimental system and provided to each of the 18 participants for all listening tests. All 
listening test participants were university students and faculty members for whom English was the 
ofϐicial language of instruction. 

4.2.1. AB Preference Test. A and B were randomly selected speech samples from different systems, 
and the listening test participants were asked to select samples with higher quality and naturalness. 
Three sets of comparisons were made, and each participant evaluated eight samples separately. The 
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results of the ABC test experiments for the four source-target groups are shown in Fig. 6, (a) to (d) for 
female-female transitions versus text-female transitions, female-male transitions versus text-male 
transitions, male-male transitions versus text-male transitions, and male-female transitions versus 
text-female transitions, respectively. 

The p-value was calculated for all the experimental results and was <0.01 for all the experiments 
except for the “Ours vs. AutoVC” comparison experiment in the female-to-female transition, where the 
p-value = 0.016. Therefore, the performance improvement of this paper's model over other methods 
is statistically signiϐicant. By comparing this paper's model with PPG-VC and AutoVC models, it is 
observed that this paper's model also consistently outperforms PPG-VC and AutoVC in all source-
target pairs. And the model in this paper outperforms the baseline MS-TTS in female-female, female-
male, and male-female transitions, and slightly underperforms the MS-TTS in male-male 
transitions.Overall, the model in this paper outperforms the other baseline VC models and is on 
average comparable to the performance of the MS-TTS system. 

 
(a) Female-Female and Text-Female 

 
(b) Female-Male and Text-Male 
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(c) Male-Male and Text-Male 

 
(d) Male-Female and Text-Female 

Fig. 6. Four source-target group AB test results 

4.2.2. XAB preference testing. X is the reference target speech sample, and A and B are randomly 
selected speech samples from different systems. Listening test participants were asked to evaluate 
both test samples simultaneously and select the one that was more similar to the target speaker. For 
each comparison group, participants similarly evaluated an average of eight samples, and the ABC test 
results for the four source-target groups are shown in Figure 7, with (a) to (d) being female-female 
transitions versus text-female transitions, female-male transitions versus text-male transitions, male-
male transitions versus text-male transitions, and male-female transitions versus text-female 
transitions, respectively. 

The p-value was calculated for all experimental results and was <0.01 for all experiments except for 
the “Ours vs. MS-TTS” comparison experiment in text-to-female conversion where the p-value = 0.029. 
This again can show that the performance improvement of this paper's model is statistically signiϐicant. 
By comparing this paper's model with other baseline models, it can be seen that this paper's model 
signiϐicantly outperforms PPG-VC and AutoVC for all speaker pairs in terms of speaker similarity. In 
addition, the performance of this paper's model is comparable to that of MS-TTS. 
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(a) Female-Female and Text-Female 

 
(b) Female-Male and Text-Male 

 
(c) Male-Male and Text-Male 
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(d) Male-Female and Text-Female 

Fig. 7. Four source-target group XAB test results 
It can be observed from the evaluation experiments that the speech signal extraction and generation 

model proposed in this paper signiϐicantly outperforms the AutoVC and PPG-VC baseline systems in 
terms of speech quality, naturalness, and speaker similarity, and is able to achieve the generated 
speech quality of TTS without the need to use text as an additional input at runtime. 

5. Conclusion 

In this paper, the processes of speech signal preprocessing, speech enhancement, and speech 
generation are converted naturally and accurately using the Wave RNN vocoder model. 

The hybrid time-domain and frequency-domain feature set achieves 67.86%, 66.01%, 68.31%, 
69.18%, 68.74%, and 67.38% in UAR, WAR, Precision, Recall, F1-Score, and Accuracy, respectively, 
which is signiϐicantly better than single time-domain features and frequency-domain features. And the 
model performance is more prominent under the time-frequency domain feature, reaching a loss 
function value of 0.9932 and an accuracy of 67.38%. It indicates that the combination of time-domain 
and frequency-domain features can capture the characteristics of speech signals more 
comprehensively and provide a richer and more comprehensive data representation for the model. 
Speech enhancement experiments were conducted using a mixture of time and frequency domain 
features. After speech enhancement, the average accuracy of speech recognition of models A~D is 
improved by 20.11%, 19.49%, 23.99%, and 20.22% on the RAVDESS dataset, and 24.18%, 21.81%, 
20.57%, and 20.95% on the SAVEE dataset, respectively. It shows that the stepped speech 
enhancement model used in this paper can signiϐicantly enhance the perceived strength of speech 
signals and substantially increase the possibility of speech signals being accurately recognized. 

In addition, the speech conversion model proposed in this paper outperforms all other speech 
conversion models in both MCD and 0log F  RMSE. For both male and female target speakers, this 
paper's model shows a clear advantage in rhyme mapping, which not only provides accurate linguistic 
content, but also outputs speech with a more natural pitch. In the AB preference test and XAB 
preference test experiments, except for the p-value=0.016 for “Ours vs. AutoVC” in female-female 
transitions, the p-value=0.016 for “Ours vs. MS-TTS” in text-female transitions. “in female-to-female 
conversion with p-value=0.029, and p-value<0.01 in all other experiments, which indicates that the 
performance enhancement of the model in this paper is statistically signiϐicant compared to other 
methods, and it has a signiϐicant advantage in terms of the quality of the generated speech, its 
naturalness, and the similarity of the speakers. 
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