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Abstract: Opera singer's voice expression is the soul of art. In reality, the singer's voice is susceptible to the
interference of background noise, and the melody and rhythm of the voice are highly dependent on personal
experience and state. In this paper, we propose a framework for enhancing the vocal performance of opera singers
that integrates speech signal processing methods and deep reinforcement learning. The framework employs an
improved convolutional transfer function generalized paraflap canceller algorithm (CTF-GSC) to suppress the
non-coherent noise in the performance environment to achieve the noise reduction effect. A model based on
two-layer unidirectional LSTM network and a model based on reinforcement learning AC algorithm are constructed
to enhance the rhythm and melody of the generated music. The results show that the improved CTF-GSC algorithm
effectively suppresses the correlated and non-correlated noise and enhances the vocal expression of the opera
singer's voice. The generated music tunes are richer, and the probability of notes in the key reaches 98.8%. This
study provides a new intelligent method for realizing the artistic performance of opera singing and opens up a new
path for performance innovation in vocal art.

Keywords: deep reinforcement learning; two-layer unidirectional LSTM network; reinforcement learning AC
algorithm; musical rhythmic melody generation

1. Introduction

The so-called opera, which is an organic combination of music, dance, stage art and other elements,
tells the story, fully reveals the characters, and brings the audience a sense of pleasure as a mode of
theater, which possesses a unique charm and is an important art form [1-4]. In opera performance, the
actor's voice expression is especially important, which directly determines whether the work can be
perfectly interpreted [S]. Actors in singing opera works, the skills are the most critical, but the voice
expression will give the complete work to add the finishing touch of an important piece, however, the
actor to show expressive voice is not an easy task [6-8]. It is firstly according to the form and connotation
given by the lyricist on the score; secondly, its realization depends on the actor's correct understanding of
the work, tacit cooperation, and with their own characteristics of the interpretation and processing, is the
work can be visualized, and enable the audience to achieve concentration, into the mood, moved, so that
the audience can be infected by the art while appreciating the art and get the enjoyment of the beauty of
the art [9-13]. However, in the actual performance, from time to time, the following situation occurs,
there are many opera singers themselves are very good, but it is difficult to fully display their voice
expression. This is because on the one hand, the performer does not deeply understand the connotation of
the work, and on the other hand, the performer lacks expressive power, and it is these two factors that
lead to the failure of the opera performance [14-16].

With the development of artificial intelligence, deep reinforcement learning provides technical
support to compensate for the above deficiencies. Deep reinforcement learning is a popular direction in
the field of artificial intelligence, which integrates the advantages of deep learning and reinforcement
learning, and is able to make decisions and learn in complex environments, and has been widely used in
the fields of automatic driving, game play optimization, and intelligent recommender systems, etc.
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[17-20]. In enhancing the voice performance of opera performers, deep reinforcement learning learns the
optimal strategy through the interaction between the intelligent body and the environment, can analyze
the noise characteristics and adjust the processing strategy in real time, continuously optimizes the
enhancement effect through the reward mechanism, and directly maps from the original waveforms to
the enhanced speech to reduce the intermediate error [21-24].

The environment of live opera performances is generally noisy, and the noise in the environment can
seriously affect the expressiveness and infectiousness of opera singers' voices. In order to solve the above
dilemma, this study is dedicated to applying advanced deep reinforcement learning techniques to opera
singing, and developing a set of intelligent programs that can enhance the expressiveness of opera
singers' voices. The traditional CTF-GSC algorithm is improved in a relevant way, and the variable
step-size normalized least mean square algorithm is used for adaptive noise cancellation, which enhances
the filtering degree of non-coherent noise. The rhythm generation part is completed by LSTM network,
and the melody generation part introduces the multi-label classification technique to realize the
simultaneous output of multiple notes, which improves the generation efficiency of the model and
provides an innovative and efficient method for the creation of opera singers.

2. CTF-GSC based speech enhancement algorithm
2.1. Speech signal modeling

In an acoustic environment containing noise, assume that there are M microphones forming a
microphone array, and the signal received by the microphone array is:

x,(t)=a,t)*s@t)+n, (t);m=1--- M (1)

where X, (t) denotes the signal received by the m th microphone, a,(t ) denotes the transfer
function from the pure speech signal to the 72 th microphone, * denotes the convolution, s(¢) denotes

the pure speech signal, and 7, (t) denotes the noisy signals, including coherent and incoherent noise,

received by the m th microphone. Performing a short time Fourier transform [25] on the above equation
and expressing it in vector form gives:

X(k,1)= AK)S(k, 1)+ N(k, ) @)

where k and / are the frequency index and time index, respectively, and A(k) is the time-invariant

transfer function. Taking the first microphone of the microphone array as the reference microphone and
the pure speech signal received from the reference microphone as the target speech signal, the above
acoustic model can be expressed by the relative transfer function model as:

X(k,1)= H(k)A4,(k)S(k,1)+ N(k,I) 3)

2.2. Basic CTF-GSC algorithm

The basic structural block diagram of the CTF-GSC algorithm is shown in Fig. 1, which consists of
three parts: fixed beamformer (FBF), blocking matrix (BM), and adaptive noise canceler (ANC).The
CTF-GSC algorithm is based on the traditional GSC algorithm, which takes into account the mutual
interference between different frequencies, and uses the scaling factors of the relative transfer functions
(RTFs) between each microphone for the fixed beamformer and blocking matrix for a new construction
to model the array signal transfer function using the CTF approximation form in the frequency domain.
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Figure 1. CTF-GSC algorithm block diagram.

In a noisy and reverberant complex environment with M microphones operating, only one target
speech signal source is set up. The speech signal captured by the i th microphone is:

¥,(n) = a,(n) () +u,(n) £ d, (n) +u,(n) @

where i =1,2,---,M , * denotes the convolution, s(7) denotes the target speech signal source,
al.(n) denotes the transfer function of the path from the target speech signal source to the i th

microphone, and d,(7) and u,(n) denote the speech signals and noise signals captured by the i th

microphone.
In the CTF-GSC algorithm, the CTF approximation form is referenced to the blocking matrix of the

traditional GSC algorithm, where the convolution matrix satisfies H,(k',k)=0,Vk"#k . So the

blocking matrix is designed as:

—H! —g! ... —H!]
I 10) 19)
B=| O I : (5)
e 9] I
And there:
H.(0,0) 0 0
0 H. (1,1
H, = . l(. ) (6)
: : : 0
0 0 H(N-LN-1

K(k){fflf” (k,k)Hi(k,k)}_ )

i=1
Then the BM module output is:
z;(k) = y,(k) = H,(k, k) y, (k) (®)

where i =2,---, M .
The FBF module output is:

M

A H
(S par (K} e = K(R) Y H (kK y, (k) ©)

i=I

The filter coefficients are updated iteratively using the NLMS algorithm in the ANC module:
3
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P, (p,k)
FIR _
G, (p+Lk)«<G,(p+1,k) (11)
Among them:
M
P (p.k)=pP, (p—LK) +1-p)> |y (p. 0| (12)
i=1

In the CTF-GSC algorithm, the most important thing is to estimate the RTFs between the speech
signals captured by each microphone, i.e., /1,(i =1,2,--+,M). Let the noisy speech signal captured by

the 7 th microphone be y, (k) and the noisy speech signal captured by the first microphone be b2 (k).

So there is:
(k) = d, (k) +u, (k) (13)
According to the vector transformation of STFT, the speech signal captured by each microphone is:
yi(k) = n (R (K k) +v,(k) (14)

where v, (k) denotes the noise signal captured by the 7 th microphone. When k' # k , h,(k',k)=0,
hl. (k,k) denotes the relative impulse response of the speech signals captured by each microphone at the
same frequency point, and h[ (k)= [hi (0,k), h[ (Lk),--, hi (P-1, k)]T .
Also:
v, (k) = u; (k) =y (k, K)U, (k) (15)
where U, (k) denotes the Toeplitz matrix consisting of the STFT coefficients of u, (k).

Then the mutual power spectrum is solved simultaneously for the & th frame of the speech signal at
both ends of the equal sign of Eq. (13) and Eq. (14), and we have:

@2, (k) = P, (k)b (k, k) + @}, (k) (16)
O}, (k) =07, (k) =¥, (k)h,(k, k) (17)

Since the speech signal s(n) and the noise signal u(n) are uncorrelated,
Wi (k) =1, (k)+ W], (k), according to Eqs. (16) and ( 17), then there is:

Wi (k) =", (h (k, k) + Y], (k) (18)
Based on the power spectral dens/i\ty (PSDz\estimation, Eq. (18) is rewritten as:
(k) = P (k)h,(k, k) +e(k) (19)
where e(k) denotes the PSD estimation error:
D (k) 2 Br (k) — Dra (k) 0)
P k)2 Pri(k) = Pri(k) + P (k) 1)
Applying the weighted least squares method to Eq. (19) yields:
hi(k, k) = [@H (k)l”(k)@(k)}l 3 (TP (k) (22)

where T'(k) denotes the weight matrix, @/ (k) and W, (k) can be computed from the captured

speech signals, WY, (k) and @}, (k) can be obtained from the silent segment.
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2.3. Improved CTF-GSC algorithm

In the ANC module of the CTF-GSC algorithm, the basic fixed-step NLMS algorithm is used to
iteratively update the filter coefficients. The f4 denotes the step size factor, which controls the adaptive

speed and stability. The fixed-step-size NLMS adaptive algorithm is contradictory between convergence
rate, tracking rate and steady state misalignment noise; when 4 takes a small value, the steady state

misalignment noise is small and the accuracy is high, but the convergence and tracking speed are slow. In
order to overcome this drawback, the variable step size normalized least mean square (VSS-NLMS)
algorithm is used in this paper to improve the step factor 4.

k) = Outk ~1)+ (1 - e)% 3

v

where @ denotes the forgetting factor, A denotes the positive parameter with added design degrees

of freedom, 6‘5 (k) denotes the mean square error, and 63 (k) denotes the system noise power.
6, (k)=06; (k—1)+(1-0)y’ (k) (24)
N A I - D
sz (k)= 03 (k) ————re (k) ey (k) (25)
o, (k)
In Eq. (25), ;ey (k) denotes the correlation between V(k) and e(k) , and 6‘5 (k) denotes the input

signal power. They can be estimated by the following formula:

&j(k) = 0&}2, (k=1)+(1-80)y*(k) (26)

Fey (k) = OF ey (k= 1)+ (1= 0) y(k)e(k) 27)

The variable step size NLMS algorithm is invoked in the ANC module to iteratively update the filter
coefficients. The improved variable step-size NLMS algorithm can further reduce the influence of the
input speech signal on the noise estimation, so that the ANC system has faster convergence, higher
stability, and better suppression of interference, and minimizes the mean-square error between the output
signal of the filter and the desired output signal, so that the system outputs are the best estimation of the
useful signal. Thus, the CTF-GSC algorithm is more capable of suppressing noise.

3. Reinforcement Learning Based Enhancement Method for Voice Generation of
Opera Performers

3.1. Melodic and rhythmic generation problems
3.1.1. Description of the problem

Melody consists of notes, and the problem of melody generation is actually the problem of note
sequence generation. The essence of melody generation is to predict the subsequent notes through the
previous known notes. The music generation problem based on deep neural networks is to learn the
knowledge related to melodic progression and so on in the music samples through deep neural networks,
and then based on the knowledge learned by the network, predict the next note by giving the initial note
or randomly initialized notes, and then continue to predict the subsequent notes based on the data of the
note sequences that have already been generated to generate the complete note sequences. In this paper,
the method of generating rhythms and notes separately is used.

3.1.2. Problem definition

Formal definition of the music generation problem: In melodic and rhythmic generation, let the

sequence of notes Sn = {nl,nz,...,nL} , and a sequence of rhythms Sr = {I],I’z,...,rL} , where
1, ={8,,85,..., 8y}, ((=1,2,....L), L is the length of the note sequence, and N is the number of

notes contained at a given moment in the note sequence. When N =1 it means that the output is a single

note, and when N >1 it means that the output is a complex note. The note sequence Sn and the

rhythmic sequence Sr are first encoded accordingly and converted into data that can be input to the
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model as follows:

Sy = Encoder (S, ) = MultiHot (S, {nl’"h,n;"h,..., anh}
(28)

S’ = Encoder (S, ) = OneHot (S, ) = {rl””,r;”,..., rfh}

Let the final note sequence generated by the model be S¥ = {n®,nf,...,n7} , and the rhythmic

sequence is S¥ = {r*,r%,...,r }, and finally the rhythmic sequence S¥ and the note sequence S

are combined to get the complete melody S* = {{l’lg N5 } , {I’zg,nzg} yeres {I’Lg, nf}} .

3.2. Rhythmic and melodic generation models

For melody generation, this paper proposes ACMGM, a melody generation model based on
reinforcement learning AC algorithm, which consists of two main parts: data processing and model
network. The data processing module transforms the original score data into data that can be input to the
model and transforms the model output into a score file. The model network is based on the LSTM
network [26]. In this paper, the note data extracted from the original music files are used to pre-train the
LSTM network and serve as the return network of the ACMGM model, so as to provide feedback
corresponding to the value return for the actions taken by the Actor.

The final note sequences are generated by the Actor network in the ACMGM model and integrated
with the rhythmic and note sequences into a complete MIDI score through the data processing module.

The rhythmic sequences are generated by a separate rhythm generation model, which is implemented
through an LSTM network and trained with rhythmic data extracted from the original music data files.
The rhythm data is floating-point duration data in seconds, and the floating-point form of the duration
data is mapped to an integer data range by means of the base duration unit in order to facilitate data
processing.

3.2.1. Data processing

The processing of musical note data in this paper is mainly realized based on the music data
processing module in MagentA framework. However, since this paper needs to perform multi-hot
encoding for note data, and the music data processing module in MagentA does not have the mechanism
of multi-hot encoding for notes, so this paper extends the function of the music data processing module in
MagentA and adds the mechanism of multi-hot encoding for notes. In addition, the music data processing
module in MagentA does not have a separate mechanism for processing rhythm data, so this paper
extends the rhythm data processing function on the basis of MagentA data processing at the same time.

After the original MIDI format score is preprocessed by the extended music data processing module,
the note data is finally encoded as multi-hot data that can be used as model input, and the rhythm data is
encoded as one-hot form data.

3.2.2. Rhythm generation

The network structure of the rhythm generation model is a two-layer unidirectional LSTM network,
and in order to facilitate the use, the rhythm generation and model training are run separately.

The rhythmic data used in the model training process is processed by the music data processing
module of MagentA framework. Since there is no mechanism in MagentA for the time being that is
specifically used to extract the rhythmic data in the score file, this paper extends the functionality based
on the data processing framework of MagentA and adds the function of rhythmic data extraction, and in
order to facilitate the unified processing of note data and rhythmic data, this paper extracts the rhythmic
data at the same time as the note data, and the rhythmic data is extracted from the note data. In order to
facilitate the unification of note data and rhythm data, this paper extracts the rhythm data at the same time
as the note data, and stores the note data and rhythm data into different lists. Since the generation of
rhythm is not like the generation of melody which needs to consider the case of polyphonic melody, and
does not involve the scenario of generating multiple rhythmic timings at the same time, the rhythmic
timings only need to be encoded as one-hot data.

The rhythm generation process starts with initializing the model by reading the trained model

parameter file to initialize the model and given an initial duration data 7, or an initial rhythm sequence

S = {rl sFysenns rN} or use randomly selected duration data 7. as the initialized duration data for

random



the rhythmic sequence and initialize the length L of the generated rhythmic sequence. The initial note

%, is computed by LSTM network and output O, , O, is transformed by Linear layer to get
Olim,ar , and Ohnear is then entered into the soff max module to output rhythmic time-value's

probability distribution, and finally randomly select the corresponding rhythmic time value according to
the probability distribution. The flow of rhythm generation calculation is shown in Eq. (29):

Oriear = Opin * w +b, weR>™ beR>
(29)
OSOﬁmax = SOﬁ max (Olinear )

The model generates a rhythmic sequence Sf = {ﬁ,rz,...,VL} after L cycle, and the final data

processing module converts the rhythmic sequence S rg into a MIDI format music file for output.

3.2.3. Melody Generation

For the generation of melody, this paper proposes the note sequence generation model ACMGM
based on the reinforcement learning AC algorithm.Among them, for the generation of melody with
polyphony, this paper realizes the simultaneous output of multiple notes by the method of multi-label
classification technique.

In this paper, the LSTM network is firstly trained with the note dataset, then the pre-trained network
is set as the reward network in reinforcement learning, and finally the corresponding reward value 7 is
obtained by feeding the notes into this reward network.

Before training the Actor and Critic networks of the ACMGM model, the payoff network RewardNet
first needs to be pretrained. The model structure of RewardNet is similar to that of the rhythmic
generation model, but in order to increase the focus on the important notes in the note sequences and to
fully learn them, the Attention module is added to the RewardNet model compared to the rhythmic
generation model. In addition, the activation function in the rhythmic generation model is changed from

Soft max to Sigmoid in order to support the generation of polyphonic melodies. The loss function of

the model was changed from soff max to Sigmoid cross-entropy loss function. The payoff network

model is trained by the melody data extracted from the original music files, and the network parameters
are saved locally after the payoff network training is completed. The model training calculation process
is as follows:

O,

linear

=0,

Istm

*wl b, weR”™P peRloss
= sigmoid _cross _entropy(O,,.,., ) (30)

= cross _entropy (Sigmoid (O,inear ))
where D, is the number of note categories and the sigmoid function is defined as

1
Jx) =
1+ exp(—x)
Taking the binary classification model as an example, its Sigl’)10id cross-entropy loss function is
calculated as follows:

1 1
loss =—| y*log| —— [+ (1—-p)*log| | ————
- Y g(l+exp(x)j =7 g( 1+ exp(x)j

= y*log(1+exp(x))+(1—-y)*log (x +log(1+ exp(—x))) 31)
=(1-y)*x+log(1+exp(—x)) = x—x* y +log(1+exp(—x))

where X is the output of the model before the activation function and ) is the corresponding label.

When x < 0 in order to avoid X being too small resulting in €xp(—x) overflow, Eq. (31) is converted
to the following equivalent form, the



loss = x— x* y+log(l +exp(—x)) 1
=—x*y+log(l +exp(x)) .

And in reality, to ensure the stability of training and to avoid overflow, the equivalent formula of the
above equation is used:
loss =max(x,0)—x* y+log(1+exp(—abs(x))) (33)

The return value problem is solved by the return network, and then the LSTM network is used as the
basis to construct the Actor and Citric networks in the reinforcement learning AC algorithm.

4. Simulation and Case Study on Enhancement of Opera Performer's Voice
Expression

4.1. Denoising results of improved CTF-GSC algorithm

The original signal waveform is shown in Figure 2.

A/dB
o

0 500 1000
t/ms

Figure 2. Original signal waveform.

Three microphones, spaced 1 cm apart, are uniformly distributed in a straight line to form a
microphone array, with the angle between the incoming wave direction and the array at 30° and the
incidence direction of the speech at 45°. The received signal is used for the simulation of the algorithm.
The simulation assumes that the order of the filter is W=7, and the number of sampling points is 1000.
After adding Gaussian white noise with a signal-to-noise ratio of 3 dB and mean value of zero to the
original signal, the resulting waveform of the input signal is shown in Fig. 3.



A/dB
fe)

3

0 200 400 600 800 1000

t/ms

Figure 3. Input signal waveform with noise added.

After adding noise, the output signal waveform of the input signal after Wiener filtering is shown in
Fig. 4. Through simulation, it is found that Wiener filtering is more effective in suppressing noise, and
can suppress most of the doped noise, but not completely suppress all the noise. The limitation of Wiener
filtering lies in the fact that it needs to know many parameter information of the original signal. This
condition is often not satisfied in practical applications.
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Figure 4. Output signal waveform after Wiener filtering.

After adding the noise, the waveform of the output signal after the input signal is adaptively filtered
9



by the GSC is shown in Fig. 5. As can be seen in Fig. 5, the denoising effect is good and most of the noise
is suppressed because the adaptive filtering tracks the signal by adjusting the changes in its own filter
parameters to find the minimum time difference of the output signal.

A/dB
o

' 1 4 1
0 500 1000
t/ms

Figure 5. Output signal waveform after adaptive filtering.

The output signal waveform based on the CTF-GSC algorithm is shown in Fig. 6. From Fig. 6, it can
be seen that the improved algorithm suppresses the noise well, both in the coherent noise environment
and in the non-coherent noise environment, and basically can keep the same with the original signal
waveform in Fig. 2.
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K 1 g I
0 500 1000
t/ms
Figure 6. Output signal waveform after algorithm fusion.
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4.2. Sound Expression Enhanced Melodic and Rhythmic Generation Results
4.2.1. Effect of different parameters on experimental results

In this paper, four sets of comparison experiments were done to test the effect of different numbers of
neurons in the hidden layer on the experimental results, and the effect results are shown in Fig. 7. As can
be seen from Fig. 7, the more the number of neurons, the stronger the network's ability to learn the nature
of the dataset and abstract the features of the data, and the more effective it is to reduce the error between
the predicted value and the target value, and the number of neurons is 512, the value of the loss is only
0.65. The size of the dimension of the hidden layer has a very important impact on the quality of the
generated music, but the use of a deeper and wider neural network in the training phase requires more
computational effort.

1.8
Number of neurons=64
16 esm=s Number of neurons=128
' Number of neurons=256
esmms Number of neurons=512
14
9]
L 1.2+
—
1.0
0.8 S
0.6
T ™ T ¥ T ¥ T E T L
0 1000 2000 3000 4000 5000
Epochs

Figure 7. The effect of different neurons on the training effect.

For the music files generated by different iterations, this paper does spectrum analysis for the
generated music and sample music, and the results of spectrum analysis are shown in Fig. 8, Figs. (a)~(d)
show the original sample music spectrum and the generated music spectrum with 1500, 2500 and 4500
iterations, respectively. It can be seen that the music generated at 1500 iterations has a lot of frequencies
that the sample music does not have, so the generated music is also disorganized. At 2500 iterations, the
frequency spectrum of the generated music starts to show the frequencies of the sample music, but the
frequencies of the generated music are missing some frequencies in the sample music. When the iteration
reaches 4500 times, the frequency distribution of the generated music sequence generally converges with
the sample frequency distribution. It can be proved that the larger the number of iterations, the more the
weighting parameters are learned and adjusted, which will improve the accuracy of the model to some
extent.

11
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(a) Original sample music spectrum
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(c) Iteration of 2500 music spectrum
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(d) Iteration of 4500 music spectrum

Figure 8. Spectral analysis.

4.2.2. Generating music sound spectrograms for analysis

In order to show the melodic characteristics of the music generated by this paper's method more
intuitively, the acoustic spectrogram analysis of the generated music and the sample music is added, and
the results of the acoustic spectrogram analysis are shown in Fig. 9, and Figs. (a) to (¢) show the acoustic

13



spectrogram of the original music, the acoustic spectrogram of the generated music, and the difference
map between the original music and the generated music, respectively. It can be seen that the acoustic
spectrograms of the music generated by this paper's method and the acoustic spectrograms of the sample
music are very close to each other in the overall distribution, so it can be verified that the music generated
by this paper's method has similar melodic characteristics as the sample music.
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(a) Primitive music spectrum
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(b) The music is generated
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(c) Generate music and sample music differences
Figure 9. Sound spectrum analysis results.

4.2.3. Comparative analysis of the characteristics of generated music

In order to show the effectiveness of this paper's method, two sets of experiments are done in this
paper, and the comparison network is a conventionally trained character-level LSTM-based music
generation network. This network and this paper's method are set up by the same experimental
environment, and each generates 400 pieces of music as test samples.

Twelve equal temperament is a method of musical law, which divides a pure octave into twelve equal
parts, each of which is called a semitone, and is the predominant tuning method. The number of times the
twelve equal-tempered notes are used in the two test samples are extracted and their statistical
distributions are calculated, and the results are shown in Fig. 10.

The test samples generated by the conventionally trained LSTM have a high number of occurrences
of'the notes C, D, E, G, A, and B, and the remaining notes are almost absent, while the proportion of each
note in the music generated by this paper's method is not much different. The comparison results can
prove that this paper's method selects a larger variety of notes when generating music, i.e., the generated
music tunes are richer.
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Figure 10. The statistical distribution of the two averages.

In order to show the effectiveness of the method of this paper even further, the representation of
music theory rules was quantified. Seven effective feature information are extracted from the generated
test sample music, compared with the known music rules, and the statistical data are calculated, and the
results are shown in Table 1.

It can be seen that the music generated by this paper's method effectively avoids the phenomena of
excessive note repetition and interval spanning, and the probability of a note being out of key is only
1.2%, and the generated music has a very obvious improvement in classical style compared to the
conventionally trained LSTM, which is more in line with the music theory rules.

Table 1. Comparison of the rules of music theory.

Feature Regular training LSTM/% This method/%
Overrepetition 63.5 21.8
Average self-correlation 14.8 2.1
The note is no longer tuned 10.2 1.2
The interval is less than eight 75.5 91.8

degrees

The biggest note of unique 68.4 58.4
Unique smallest note 58.1 57.4
Classical style 47.6 78.9

4.3. Results of musical analysis of vocal expressiveness of opera singers

In order to verify the artistic rationality and application value of the methodology proposed in this
paper, Farewell, My Dreams of the Past is selected as the object of analysis, which provides an excellent
model for studying how different actors use voice techniques to portray characters.

Farewell, sweet dreams of the past is one of the most central arias in the opera, expressing a
terminally ill daughter's longing for love after receiving a letter from her father. The aria is sung in a
single three-part sectional song with dynamic reproduction. The oboe's introduction foreshadows the
central material of the aria - a motif that suggests a sense of longing. Violetta then sings two repetitions of
this motif: “Farewell, the happy dreams of old, the rosy color in the cheeks is gone”. After a middle
section and a recapitulation of gradually detached memories and longings, the coda again features a solo
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oboe that brings the music back to a bleak reality, and Violetta[27] struggles with the motive “to stay”
with the final result, as stated in the lyrics: "It's all over now! It's all over now".

Figures 11 and 12 show the IOI deviation and intensity analysis of the songs of two different opera
singers, Callas and Muzio. By adding the IOI deviation analysis of the intensity presentation, the end of
Callas's 1958 London version of Farewell to Dreams of the Past is compared with the recording left by
Claudia Mugzio, an Italian singer whom she greatly admired, in 1935. It can be seen that there are some
similarities between the two in terms of intensity and deviation. It is believed that Callas had listened to
Muzio's recordings on a regular basis and may have been more or less influenced by them. But the
differences between the two are also obvious: Muzio expresses Violetta's physical and mental state at this
point in time mainly through extra-musical means, such as short breaths, whereas Callas realizes the
score's “broadening and fading” and “weak wisps of sound” more accurately and precisely through an
extremely demanding control of the voice. The “wisp of a voice” is a requirement that Callas realizes
more precisely through a very demanding modulation of the voice. Whereas Callas slows down at the end
and the last note is airy, Muzio adopts a strong, albeit no less dramatic, finish that is a bit pushy.

The results of these analyses suggest that the ultimate goal of expressive sound enhancement methods
is not to produce a standardized sound, but rather, like the artist, to provide a set of individualized,
quantifiable aids to artistic expression.
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Figure 11. The ioi deviation and strength of the karas song.

17



80 - Deviation
Strength

= 40 -

)

=

S

<

2}

T o L/\

40 4

—T T T T T T "~ T T T 1
& 10 12 14 16 18 20 22 24 26 28 30

Note number

o -
g
N -

Figure 12. The ioi deviation and strength of muzio songs.

5. Conclusion

With the continuous development of deep reinforcement learning technology, many deep
reinforcement learning techniques have now been applied to artificial intelligence music generation. In
this paper, a comprehensive sound performance enhancement method based on deep reinforcement
learning is successfully constructed.

Experimental results show that the algorithm proposed in this paper has a good ability to suppress
both coherent and incoherent noise in the opera performance environment, and the sound signal
waveform output by the algorithm can be consistent with the original sound signal waveform. It
effectively reduces the distortion of the opera singer's voice in the noisy environment and improves the
quality and expressiveness of the voice. And based on the two-layer unidirectional LSTM network and
the reinforcement learning AC algorithm generates music that selects a larger variety of notes and a more
balanced number of notes, and generates a more stable music structure, more personal style, which can
enhance the expressive power of the sound.

The results of this paper confirm the potential of deep reinforcement learning technology in
optimizing and generating works of art, which can be used in the daily training of opera singers and
singing assistance during stage performances, injecting the vitality of modern science and technology
into the classical art.

However, due to the complexity of music, the music generated by the method in this paper does not
fully meet the actual needs of people in various neighborhoods, so further research is needed to explore
more styles and different scenarios to improve the quality of music generation.
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