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SUMMARY: Aiming at the problem of improving university English listening and speaking 

ability, this paper designs an English learning system based on deep learning and artificial 

intelligence technology, which is used as the kernel of the English teaching model to explore 

the teaching effectiveness. The system assists students in listening and speaking ability training 

in the form of intelligent conversation, embedded with the improved EMD-FD speech signal 

feature extraction algorithm and the multi-parametric English pronunciation quality evaluation 

model (MPEPQE). The results show that the MFCC extraction algorithm combined with the 

EMD-FD extraction algorithm is able to extract the features of the high-frequency region of the 

speech signal more completely than the single MFCC extraction algorithm, which in turn 

improves the speech recognition rate. Meanwhile, compared with the CNN+LSTM scoring 

model, the MPEPQE scoring model shows better fitting effect and adaptive ability, and its three 

index values of Pearson correlation coefficient, accuracy and average score difference are 

0.706, 84.52% and 0.613 respectively, which all achieve better results. In addition, a teaching 

model based on the AI English learning system was constructed, the use of which significantly 

improved students' English listening and speaking skills compared to the traditional teaching 

model (P<0.05). This study makes some necessary attempts and explorations for the full-scale 

promotion of the use of AI-enabled university English learning system in order to effectively 

use it to improve students' listening and speaking abilities. 

 

KEYWORDS: artificial intelligence; English listening and speaking ability; pronunciation 

quality evaluation; EMD-FD; English learning system 

1 Introduction 

With the vigorous development of “Internet Plus” and the gradual promotion of the new 

curriculum reform, the traditional English teaching mode is undergoing a profound change [1]. 

At present, some useful attempts have been made to apply artificial intelligence (AI) technology 

in the English subject. For example, more than 20 provinces in China have actively piloted the 

“human-computer dialogue” listening and speaking test mode in the English test, and the results 

of listening and speaking are included in the total score of the test instead of the results of 

listening, which highlights the importance and orientation of the combination of AI and 

listening and speaking ability test [2, 3]. At present, in the teaching field, affected by the 

diversity of teaching activities, the complexity of the teaching process and the mechanical 

nature of test-oriented education, the application of AI technology in the English language 

subject is still in its infancy, mainly in the higher education stage and some areas of individual 

primary and secondary schools, but has not yet formed a standard theoretical system and large-
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scale application [4-7]. 2024 implemented the reform of the English language teaching 

materials, the new version of English language textbook The unit content of the new version of 

English teaching materials is specially added to the special content of oral expression, which 

puts forward clear requirements for the cultivation of students' oral output ability and listening 

ability, and at the same time, it also puts forward higher standards for the teachers' listening and 

speaking teaching methods and teaching ability [8, 9]. And the traditional English listening and 

speaking teaching mode can't meet the problems of students' individualized needs, teachers' 

limited resources, the subjectivity of oral scoring, and the limitations of the language 

environment [10, 11]. Therefore, exploring the AI-driven teaching mode of college English 

listening and speaking ability can help improve the teaching effect and students' listening and 

speaking ability. 

AI technology in English listening and speaking teaching can perform tasks such as error 

correction, assessment, and material generation to achieve personalized and precise teaching. 

Literature [12] developed an AI English speaking error correction system based on speech 

recognition and synthesis technology, which is a mechanism to improve learners' pronunciation 

accuracy through automatic assessment and targeted error correction, which can effectively 

improve learners' oral pronunciation level. Literature [13] findings emphasize that AI-assisted 

oral assessment eliminates the subjectivity of traditional assessment, effectively improves 

grammar, vocabulary, intonation and fluency, and enhances learners' willingness to 

communicate in English in different contexts. Literature [14] reported that AI-generated 

adaptive listening materials can meet learners' individual needs and emphasized the importance 

of instructional integration and teacher guidance in realizing their potential. Literature [15] 

designed indicators for assessing college students' English reading and listening abilities based 

on scenario-based teaching and introduced a back-propagation neural network improved by 

genetic algorithm to assess students' listening and reading abilities. 

AI-driven innovative design of English speaking and listening teaching mode. Literature 

[16] constructed an AI-based interactive English speaking teaching platform, integrating an all-

round speaking corpus, a teaching monitoring assistance system, and a scoring system, which 

improved students' speaking performance. Literature [17] personalized oral English teaching 

based on students' oral characteristics through natural language processing technology, which 

improved students' comprehensive oral ability and learning motivation, as well as their 

comprehension and participation. Literature [18] created an AI English adaptive learning 

system using recurrent neural networks and natural language processing to personalize teaching 

through sequence modeling and real-time feedback, which significantly improved students' 

engagement and oral clarity and grammatical correctness. Literature [19] created an AI-driven 

English role-playing instructional model that significantly optimizes student performance and 

reduces linguistic errors, while emphasizing its value in facilitating positive learning 

interactions through corrective feedback to improve students' oral proficiency. Literature [20] 

showed that the AI-driven English listening and speaking flipped classroom model enhanced 

students' academic performance significantly, improved their speaking skills and self-managed 

learning. Literature [21] examined the effectiveness of English listening flipped classroom 

based on AI and particle swarm algorithm, which combined with animated videos significantly 

improved students' performance and learning motivation, and close to 70% of the students 

showed a strong willingness to this teaching mode. Literature [22] provides a personalized 

learning environment, instant feedback, and classroom interaction into English listening 

teaching with the help of AI-based voice recognition, virtual tutor, and other tools, which 

significantly improves students' listening comprehension. Literature [23] proposed a strategy 

to improve English listening ability based on AI wireless network, which effectively improved 
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students' listening performance and learning interest, and students' listening ability was 

significantly improved under the learning of this strategy. In addition, literature [24] studied 

the role of AI in English listening and speaking teaching through meta-analysis, analyzed 19 

empirical studies, pointed out that AI teaching has a significant effect on the improvement of 

speaking ability, while listening has a positive trend but not statistically significant, and 

emphasized the need to deepen the research on the impact of listening in the future. Literature 

[25] found that the innovative teaching modes of AI-based English IV listening material 

generation, human-computer interactive speaking training, PPT presentation and video 

production, etc., can enhance the learning interest and authenticity of expression, and improve 

students' listening and speaking ability, but they also reveal the problem of over-dependence 

that may lead to the problem, and they provide practical references for the digital transformation 

of teaching. The above research proves that AI technology can realize personalized and precise 

English listening and speaking teaching, which helps to improve the level of students' listening 

and speaking ability, but over-reliance should be avoided. 

In this paper, a university English learning system with AI intelligent dialog as the core is 

designed by combining the improved EMD-FD feature extraction algorithm, MFCC extraction 

algorithm, deep learning speech recognition system and multi-parameter pronunciation quality 

evaluation model MPEPQE. In order to test the effectiveness of the algorithmic modules of the 

system, simulation experiments were conducted. Following this, the system was used in the 

design of university English teaching mode, and teaching control experiments were organized 

to analyze the superiority of the experimental group that experimented with the teaching mode 

supported by the system in improving students' English listening and speaking abilities 

compared with the control group that used the traditional teaching mode. 

2 Design of English Learning System Combined with 

Artificial Intelligence Technology 

In order to improve college students' English listening and speaking ability, this paper combines 

artificial intelligence technology to design an English learning system. 

2.1 Principles of Speech Recognition and Evaluation 

2.1.1 Speech signal preprocessing 

The speech data acquired during the design process cannot be used directly as experimental 

data, this is due to the fact that the acquired speech data contains many impurities and redundant 

information. Therefore, the speech signal used for the experiment must be processed. 

The purpose of speech signal preprocessing is to optimize each frequency band of the 

speech information, and to improve the speech resolution of the high and low frequency bands 

while ensuring that the spectrum of the speech signal is smooth and smooth. The pre-processing 

mainly includes three parts: pre-emphasis, windowing and end-point detection. 

(1) Pre-emphasis 

The high-frequency band signals of voice information are prone to significant attenuation, 

while the attenuation speed is faster, which makes the voice signal incomplete before it is put 

into use. In order to solve the problem, pre-emphasis processing is carried out on the speech 

signal, and the essence of the processing realized is the filtering processing, which can be 

expressed as follows: 

 
1( ) 1 ,0.9 1.0H z z      (1) 
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where   denotes the pre-emphasis coefficient, taking a value close to 1. 

(2) Split-frame windowing 

The processing of time-varying signals is of high difficulty, and speech signal is exactly an 

unstable time-varying signal. However, due to the special characteristics of human voice 

information generation, it can be processed by using the method of short-time analysis. The 

premise of speech signal processing is to segment the complete speech information into several 

smooth segments for subsequent processing, which is referred to as the frame-splitting 

operation. The premise of the frame-splitting operation is that the integrity of the speech 

information must be ensured. The split-frame processing of the speech signal is essentially the 

windowing process, which can be expressed as: 

 ( ) ( )* ( )a ax m x m m  (2) 

There are various kinds of windowing functions corresponding to the windowing processing, 

and the functions used for the sub-frame processing include: Hamming window, Hanning 

window, and rectangular window. Since the spectrum needs to be analyzed in this study, the 

Hamming window with the smallest spectral leakage is chosen. The corresponding formula is: 

 
 0.54 0.46cos 2 / ( 1

Othe

1) 0
( )

r0

n N n N
n




     
 


 (3) 

where N  denotes the sub-frame length. 

(3) Spectral entropy method endpoint detection 

There are many impurities in the acquired speech signal, including silent segments, noise 

segments and so on. This part of the useless information will increase the amount of data 

processing calculations, but also affect the effect of voice signal processing. Endpoint detection 

is one of the effective methods to solve this problem, and the principle of this method is to 

eliminate the useless information segments by locating the position of useful information. 

In this study, the spectral entropy method is chosen for endpoint detection. Firstly, any frame 

of the speech signal data for denoising is transformed by FFT to obtain the spectral energy 

spectrum ( )iY k  of the corresponding frequency component, and then the probability density 

function of the corresponding frequency component can be obtained: 

 
/2

0

( )
( )

( )

i
i N

i

l

Y k
p k

Y l





 (4) 

where N  is the FFT length. 

The short-time spectral entropy of each speech frame is: 

 
/2

0

( ) log ( )
N

i i i

k

H p k p k


   (5) 

The following relationships exist: 

 1 2( ) ( , , , ) (1/ ,1/ , ,1/ ) logqH P H p p p H q q q q    (6) 
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where 
1 2( , , , )qP p p p  is the q -dimensional vector. 

In order to further strengthen the performance of the spectral entropy method, reasonable 

settings are made: 

1) In order to make it possible to distinguish the effective speech segment and invalid speech 

segment more clearly in the process of endpoint detection, reasonable settings are made. The 

frequency range is set to 250Hz~3400Hz, if the frequency of any one spectral line is kf , then 

there is a corresponding: 

  ( ) 0 300 Hz or 250 Hzi k kY k f f    (7) 

2) Due to the low value of the spectral entropy corresponding to some except special noise, 

it is impossible to remove this part of the noise signal when using the spectral entropy method 

for denoising. The above problem can be solved by setting the normalized spectral probability 

density, i.e., the upper limit of the density is set to: 

 ( ) 0 ( ) 0.9i ip k p k   (8) 

2.1.2 Speech signal feature extraction 

(1) Basic feature extraction method 

MFCC speech feature parameters are parameters that are changed by filtering and time 

domain, while the perceived frequency is also introduced in the transformation process, the 

function transformation relationship between the transformed parameters and the actual 

frequency is: 

 2595 log(1 / 700)MelF f    (9) 

where MelF  is the perceived frequency and f  is the actual frequency. 

The human ear has an innate ability to perceive sound signals, and if the ordinary frequency 

domain analysis can be replaced by perceptual frequency domain analysis in the process of 

speech feature extraction, the extraction accuracy will be greatly improved. The actual MFCC 

speech feature extraction flowchart is shown in Figure 1. 

Speech 

Signal

Pre-

emphasis

Framing and 

Window
FFT

Mel Filter 

Bank

Logarithmic 

Energy Calculation
DCT

MFCC Speech 

Feature Parameters
 

Figure 1: The extraction process of MFCC speech feature parameters 

The L -order MFCC speech feature parameters are: 

  
1

log ( )cos ( 0.5) / , 1,2, ,
M

n

k

C x k k n M n L


    (10) 

(2) Improved EMD-FD speech feature parameter extraction algorithm 

When carrying out feature extraction of speech information, the basic MFCC speech feature 
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parameter extraction has shortcomings in the processing of high-frequency segment speech 

signals. 

The traditional speech extraction algorithm cannot process the high-frequency segments of 

speech signals in a reasonable way, in order to solve this problem, the EMD-FD extraction 

algorithm is selected for speech feature extraction and further optimized. 

The algorithm first carries out the collection of continuous dynamic change trajectories of 

speech feature vectors, and the collection process is realized by the feature differentiation 

method, which can be expressed as: 

 1_ ( ) ( ) ( )i i iD Feature j Feature j Feature j    (11) 

where Feature  denotes the EMD-FD speech feature parameter, _D Feature  denotes the 

sequence of differential feature vectors, P  is the feature order, and N  is the number of 

feature vector sequences. 

The feature vectors with different orders are reorganized with the feature order as the 

classification basis, and the optimized EMD-FD speech feature parameters can be expressed as: 

 
( )

0,1,2, , 1

_ , 1, , 2 1

i

i P

Feature i P
EMD FD

D Feature i P P P

 
  

  
 (12) 

2.1.3 Language models 

The essence of the language model as a probabilistic model is to find the joint probability of 

the characters 1 2, , , tw w w  in this sentence, and Eq. (13) can be derived using Bayes' formula: 

 
   

       
1 2

1 2 1 3 1 2 1 1

, , , t

t t

P W P w w w

P w P w w P w w w P w w w 




 (13) 

where  P W  is the probability of the whole sentence. It can be shown that the joint 

probability can be expressed as the conditional probability of the occurrence of the t th word 

given the first 1t   words, and that the probability of the whole sentence can be obtained by 

multiplying them together. 

And these conditional probabilities can also be obtained by simple computation. Assuming 

that a corpus of definite size is already available, computing the conditional probabilities 

 1 1t tP w w w   is simply a matter of calculating the 1 1tw w   occurrences, and the number 

of times 1 1t tw w w  occurs, and dividing the two counts gives the conditional probability. 

Assuming that the corpus contains V  words, a conditional probability of a word appearing 

after about n  word-length characters needs to be computed, then there are nV  free parameter 

variables to compute this conditional probability. 

Assuming that a word is related to its first 1n  occurrences, n  can take different integer 

values, usually 1,2,3n  . 

Language models are usually trained using maximum likelihood estimation and finally 

normalized. The above three values are commonly used, and the most common case is when 

3n  , which is the ternary language model. 

Another problem that arises when training language models is data sparsity. Therefore, data 

smoothing is needed, and common smoothing methods include: additive smoothing, Good-
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Turing smoothing, linear interpolation smoothing, Katz smoothing and so on. 

In traditional speech recognition system, the results obtained from acoustic model and 

language model are decoded together, and an optimal path algorithm is used to select a path 

with the highest integrated probability as the final recognition result, which is output to the user. 

2.1.4 Deep learning based speech recognition system 

This section briefly introduces a deep learning network structure, LSTM, which is commonly 

used in the field of speech recognition.The principle of Long Short-Term Memory Network 

(LSTM) is very much like the habit of human beings to learn in normal times, where some 

things need to be memorized for a long time while some short-term memories will be forgotten. 

In LSTM, a neuron is replaced by a cellular CELL. in each CELL, the most critical is the cellular 

state tC , which interacts with each cell in only one linear way, and therefore preserves the 

information very well. 

LSTM has three gates: forgetting gate, input gate, and output gate, which determine and 

update the state of the cell. The so-called gates are a way to allow information to be selected to 

pass through, and they contain a sigmoid function as well as an arithmetic operator. By tuning 

the parameters, each gate can control how much of the input information can be output. 

(1) Oblivion gates: 

   1* ,t f t t ff W h x b    (14) 

where tf  represents the output of the forgetting gate, and the inputs to the forgetting gate at 

moment t  are the previous cell output 1th  , and the input tx  at moment t , and the amount 

of this information passing through is controlled by the weights 
fW  and the bias 

fb , i.e., the 

information in the cell state is selectively forgotten. 

(2) Input gate: 

 
  

  
1

1

* ,

tanh * ,

t i t t i

t c t t c

i W h x b

C W h x b

 



  


 

 (15) 

where ti  is the output of the input gate, 1th   is the output of the previous cell, tx  is the input 

at moment t , iW  and ib  are the weights and biases of the sigmoid neuron, and cW  and cb  

are the weights and biases of the tanh neuron, respectively. 

The input gates need to decide what information to keep for the new input. First, the sigmoid 

neuron will compute the output of the input gate, which determines what values will be updated. 

Then, the tanh neuron computes and obtains the new candidate value tC , and subsequently 

multiplies the two vectors *t ti C  to update into the cell state. 

(3) Cell state update: 

 1* *t t t t tC f C i C   (16) 

where tC  is the cell state at moment t  after the update, tf  is the output of the forgetting 

gate, 1tC   is the cell state at moment 1t  , and *t ti C  is the product of the output of the input 

gate and the candidate value. 
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When the information passes through the forgetting gate and the input gate, the cell state 

will update the cell state according to the results of the two gates, and the previous cell state 

1tC   will be multiplied by the result of the forgetting gate, tf , and added to the result of the 

input gate, *t ti C , to get the current t -moment cell state, tC . 

(4) Output gate: 

 
  

 

1,

* tanh

t o t t o

t t t

o W h x b

h o C

  


 (17) 

where to  is the output of the sigmoid neuron, and th  is the output of that cell at moment t . 

After updating the cell state, a decision needs to be made about what to output to the next 

cell in the chronology, and to the next layer of connected cells. 

The properties of LSTM make it suitable for speech recognition tasks as it preserves the 

correlation between temporal sequences well. 

2.1.5 Multi-parameter pronunciation quality evaluation 

Taking college students' spoken English as the research object, this paper establishes the Multi-

Parametric English Pronunciation Quality Evaluation Model (MPEPQE) for college students 

as shown in Fig. 2, based on the realization of the evaluation of multiple pronunciation quality 

indicators such as intonation, speech rate, rhythm and intonation, and comprehensively 

analyzing the relationship between the indicators, with an emphasis on considering the weights 

of the individual indicators in the evaluation of the overall pronunciation quality. 

Multi-Parameter Speech Quality Evaluation 

Model and Method for College Students

Pitch Accuracy 

Evaluation

Speech Rate 

Evaluation

Rhythm 

Evaluation

Intonation 

Evaluation
 

Figure 2: The multi-parameter pronunciation quality evaluation model for college students 

(1) Pronunciation Evaluation 

Pitch evaluation mainly examines whether the content information of the pronounced 

sentence is complete and accurate, whether the pronunciation is clear and fluent, and whether 

there are pronunciation errors. In this paper, MFCC coefficients based on the human ear hearing 

model are used as the evaluation parameters of pitch, and a speech recognition model is built 

through deep belief network for speech recognition to determine whether the content is 

complete and correct. At the same time, we calculate the correlation coefficient between the 

standard utterance and the MFCC features of the input utterance to determine whether the 

pronunciation is clear and fluent, and combine the two to provide pitch evaluation and feedback 

on the quality of English pronunciation. The process of pitch evaluation is shown in Figure 3. 
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Figure 3: Pitch accuracy evaluation 

(2) Speaking Speed Evaluation 

The speed of speech usually refers to the speed of articulation, which is a measure of how 

fast or slow a speaker pronounces words, and can be reflected by calculating the number of 

syllables N  he/she speaks in a unit of time T , which can be roughly measured in terms of 

the total duration of speech including pauses. 

In this paper, we use speech speed evaluation based on speech duration by calculating the 

duration ratio   between the test utterance and the standard utterance: 

 
Std

Test

Len

Len
   (18) 

where StdLen  is the duration of the standard utterance and TestLen  is the duration of the test 

utterance. 

Further,   is compared with the set utterance rate threshold, and the utterance rate 

evaluation process is shown in Figure 4. It is worth noting that the durations are preprocessed 

using the dual-threshold endpoint detection method of short-time energy and short-time average 

over-zero rate, which can effectively exclude the noise interference of the voiceless segment. 

Calculate 

Speech 

Rate 

Duration 

Ratio Φ

Endpoint 

Detection

Endpoint 

Detection

Calculate 

Sentence Duration

Calculate 

Sentence Duration

Speech 

Rate 

Evaluation 

and 

Feedback

Standard 

Speech

Test 

Speech
 

Figure 4: Evaluation of speaking speed 

(3) Rhythm Evaluation 

The rhythm of a language is the differences and similarities in the height, weight, length 

and slowness of the speech, and appears in regular alternating cycles with each other in some 

kind of class of speech unit fragments. 

The rhythm evaluation mechanism is shown in Figure 5, which includes the following steps: 

1) Extract the short-time energy value of speech to form a speech intensity graph. The 

loudness of stressed syllables in a sentence is directly reflected in the energy intensity in the 

time domain, i.e., the speech energy intensity of stressed syllables is large. According to the 

definition of short-time energy of speech signal ( )s n : 

  
2

( ) ( )n

m

E s n n m




   (19) 
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Short-time energy values are extracted for speech sentences to form an intensity profile. 

2) Regularize the sentences. In order to facilitate data processing and obtain more objective 

evaluation results, before evaluating the test utterances, the duration of the test utterances needs 

to be proportionally regularized to a degree similar to the standard utterances. 

3) The improved dynamic time normalization (DTW) algorithm is used to calculate the 

intensity profile match between the standard utterances and the input utterances. 

The basic principle of the DTW algorithm is dynamic time regularization, which matches 

the otherwise mismatched lengths of time between the test template and the reference template. 

The disadvantage of the traditional DTW algorithm is that when template matching is 

performed, all frames have the same weight and all templates must be matched, and the 

computation is relatively large, especially when the number of templates increases faster, the 

amount of arithmetic grows especially fast. 

In this paper, the intersection points that need to be operated are limited to the parallelogram 

by setting the matching boundary. The R  and T  are divided into N  and M  frames in 

equal time, which can be divided into three paths (1, )aX , ( 1, )a bX X , ( 1, )bX N  to 

calculate the distances, and according to the coordinate calculation, we can get 

1
(2 )

3
aX M N   and 

2
(2 )

3
bX N M  , aX , bX  is taken as the closest integer. When the 

constraints 2 3M N  , 2 2N M   are not satisfied, dynamic matching is not performed, 

which reduces the system expenditure. 

The frame matching between each frame on X  axis and min max[ , ]y y  on Y  axis, miny , 

maxy  are calculated as follows: 

 min

1
[0, ]

2

2 ( 2 ) ( , ]

b

b

x x X
y

x M N x X N




 
   

 (20) 

 max

2 [0, ]

1 1
( , ]

2 2

a

a

x x X

y
x M N x X N




   
   
 

 (21) 

If a bX X , the matched paths can be categorized as (1, )bX , ( 1, )b aX X , ( 1, )aX N . 

For each frame forward of X -axis, although the number of frames corresponding to Y -axis 

is different, the regularization property is the same, and the cumulative distance is: 

 

( 1, )

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

( 1, 2)

D x y

D x y d x y D x y

D x y

 
 

    
   

 (22) 

where D  and d  denote the cumulative distance and frame matching distance, respectively. 

(4) Setting the accent threshold and non-accent threshold as the double threshold of the 

feature as well as the rereading vowel duration for the division of the accent unit and 

determining the number of accented pronunciations. 

In this paper, the double threshold comparison method is used for accent endpoint detection, 

and the thresholds are set after a large number of experimental verifications, as in Eqs. (23)~(24): 
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      5Stressed syllable threshold max _ min _ 2.uT sig in sig in   (23) 

      0Unstressed syllable threshold _ _max min 1lT sig in sig in   (24) 

In the double threshold comparison method, the maximum speech energy value maxS  in 

the sentence which is greater than the stress threshold uT  is searched one by one according to 

the energy value of the sentence, and then the speech energy values lS  and rS  equal to the 

non-stress threshold lT  are searched to the left and right of maxS , then the stress signal of the 

sentence can be set to lS  and rS  and at the same time the energy value between lS  and rS  

is set to 0 to avoid repeated search between lS  and rS . In this paper, the smallest unit of the 

stressed syllable unit is set as an approximate stressed vowel duration, which is 100ms. 

Through the above steps, the division of sentence stress units is completed. 

5) The improved dPVI parameter is used to calculate the respective rhythmic correlations 

between the standard utterance and the input utterance. 

Using successive syllable unit segment durations to calculate the pairwise variation index 

(PVI) yields syllable duration variability and can be used as a measure of speech rhythmic 

correlation. 

Based on the variability characteristics of English speech unit durations, this paper adopts 

the improved dPVI parameter calculation formula to compare the syllable unit fragment 

durations of standard and test utterances separately, and uses the converted parameters as the 

basis for systematic evaluation: 

 
1

1

100 1 2 1 2
m

k k t t

k

dPVI d d d d Len




 
     

 
  (25) 

where d  is the length of the speech unit segment divided into sentences, 

 min Number of  units, Number of  unitsm Std Test , and Len  is the length of the standard 

utterance. Since the length of the test statement has been regularized to be comparable to the 

length of the standard statement before the PVI operation, the calculation can only use Len  as 

the calculation unit. 

6) Comprehensively compare the number of accents, intensity curve matching and dPVI 

parameters of test utterances and standard utterances for rhythmic evaluation and feedback of 

English pronunciation quality. 
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Figure 5: Rhythm evaluation 
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(4) Tone of voice evaluation 

Intonation, i.e., the accent of speaking, is the configuration and change of the speaker's 

voice tone in terms of height, depression, and weight. The process of tone evaluation in this 

paper is shown in Figure 6. Firstly, the whole speech data is divided into frames, and then the 

posterior analysis is carried out in frames, using the autocorrelation function method (ACF) in 

the time domain to extract the pitch of each frame of data corresponding to an English sentence, 

further setting the range of pitch values to exclude unstable speech frames with abnormal pitch 

values, followed by smoothing the whole pitch by setting the median filter, and finally, using 

the DTW algorithm to calculate the pitch of the standard utterance with the Finally, the DTW 

algorithm is used to calculate the degree of intonation fit between the standard utterance and 

the input utterance, so as to provide intonation evaluation and feedback on the quality of English 

pronunciation. 
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Figure 6: Intonation evaluation 

The autocorrelation function method uses an autocorrelation function to compute the 

similarity between a sound frame ( )s i , 0,1,2, , 1i n   and itself: 

 
1

0
( ) ( ) ( )

n

i
acf s i s i


 

 


   (26) 

where n  is the length of a frame of speech data and   is the amount of time delay, the pitch 

of this frame can be calculated by first finding the value of   that will keep ( )acf   in a 

reasonably specific interval. 

2.2 Intelligent Conversation System for College English Listening and 

Speaking 

Combining the various techniques mentioned above, an intelligent session system is designed 

in this paper. When a learner interacts with an AI character in a specific environment or 

approaches an AI character in a free activity scene, a session is opened, and the flow of the 

session is shown in Fig. 7. 
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Figure 7: Conversation flow 

2.2.1 Speech recognition 

Before speech recognition, the system preprocesses the audio stream with the aim of noise 

reduction and removing noises. The system aims to exercise learners' conversational and 

English application skills, and does not exclude learners with a certain degree of accent. To this 

end, this paper designs and constructs a spoken English corpus, SELL, for Chinese English 

learners, and based on the SELL corpus, the trained speech recognition system will be more 

targeted to help the system to recognize the learners' speech. 

2.2.2 Pronunciation assessment 

Pitch accuracy, Speed of sound, Rhythm, Intonation, 0.3, 0.25, 0.25, 0.2, Pitch accuracy, Speed 

of sound, Rhythm, Intonation 

In order to cooperate with the training of spoken English, a comprehensive evaluation of 

learners' pronunciation is made. The pronunciation evaluation system in this system contains 

four scoring criteria: pitch accuracy, speed of sound, rhythm, and intonation, and there are four 

sub-scores for each of the four criteria, and then the total score is subsequently calculated 

according to Equation (27): 

 *0.3 *0.25 *0.25 *0.2itotal acc spe r thy nS S S S S     (27) 

where accS , 
speS , 

rhyS , and intS  denote the pitch score, pitch score, rhythm score, and 
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intonation score, respectively. When the whole training is completed, the system automatically 

calculates the average score of all the assessment results in the session, as well as the total score, 

and when it is completed, the system displays all the scoring details and the total score to the 

learner, and records the scoring details in the learner's personalized learning information in 

order to track the learning progress. 

2.2.3 Intelligent dialog 

The application scenario in this system is mainly for the AI character to guide and help learners 

in English listening and speaking training, which belongs to the task-oriented intelligent 

conversation system. 

The detailed flow of the whole intelligent conversation system is shown in Fig. 8, the user's 

voice is captured, noise reduced and packaged by the microphone, and then speech recognition 

is carried out, and the result of the recognition is transmitted on one side to the pronunciation 

evaluation module, which compares the recognition result with the reference text and gives the 

evaluation result, and meanwhile, the result of the recognition enters the template matching to 

get the valid matching result, and then the response is given by considering the evaluation result 

comprehensively. If the evaluation result is invalid or the matching fails, the result of this 

processing is discarded, and if it succeeds, the AI character responds to the learner according to 

the matching result. 

Reference 

Text

Audio Preprocessing

Microphone 

Capture

Noise 

Reduction

Packaging 

Processing

Audio Package

Noise-Reduced

 Audio Package

Speech 

Recognition

Speech 

Evaluation

Text 

Matching

Result 

Search

Discard

Display

Recognition

 Results

Evaluation

 Results

 and Text

Valid

 Results

Invalid

 Results

Valid

 Text

Recognition

 Results

Invalid

 Text

Full

 Sentence

 Speech

 

Figure 8: Detailed process of the intelligent dialogue system 

2.3 Experimental results and analysis 

In this section, the relevant modules in the designed AI English learning system are 

experimentally evaluated to verify the effectiveness of the system. 

2.3.1 Speech feature parameter simulation analysis 

(1) Comparison of feature extraction algorithms 

Taking a piece of speech data as an example, the EMD-FD speech feature parameters of 

this piece of speech are extracted by the improved EMD-FD extraction algorithm, and the 

EMD-FD speech feature parameter curves of this piece of speech data are obtained as shown 

in Fig. 9. The speech spectra before and after the improved EMD-FD extraction algorithm are 

shown in Fig. 10, where (a) and (b) are the original speech spectrum and the improved EMD-

FD algorithm speech spectrum, respectively. 
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It can be seen that in the entire 2400-5000 Hz frequency range, the speech spectrum of the 

improved EMD-FD extraction algorithm is basically consistent with the original speech map, 

so the improved EMD-FD extraction algorithm can be used to extract the features of the speech 

high-frequency region, while for the low-frequency region and the middle-frequency region, 

due to the large amount of computation of the improved EMD-FD extraction algorithm, and the 

MFCC extraction algorithm is relatively simple, so this paper adopts the hybrid speech feature 

parameters of MFCC and EMD-FD extraction algorithm as the speech recognition feature 

parameters. 

 

Figure 9: EMD-FD speech feature parameters 

 

Figure 10: Calculation of EMD-FD extraction algorithm for voice data 

(2) Simulation tools 

The speech feature parameter extraction algorithms are all done using MATLAB and 

LIBSVM toolbox. Among them, LIBSVM toolbox is an open-source library based on support 

vector machine, which mainly solves pattern recognition, classification and regression 

problems, supports multi-language development, and provides a simulation and analysis 

interface with MATLAB software. Since it is an open source library, it contains various source 

codes, which can be supplied to developers for their own modification and improvement. 
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(3) Simulation conditions 

Simulation presets: the sampling frequency of the speech signal is 8kHz, the pre-emphasis 

coefficient is 0.975, the sub-frame length is 512, the window function selects the Hamming 

window, the endpoint detection utilizes the spectral entropy method in this paper, and the 

number of filters contained in the final Mel filter bank is 24. In this paper, the SELL corpus is 

selected as a source of speech data, which contains a large amount of speech data. Four groups 

of speech data are selected from the SELL corpus for simulation, which are female speech w1, 

w2, w3, w4, male speech m1, m2, m3, m4, and noise-containing female speech w1, w2, w3, w4, w5 

and noise-containing male speech m1, m2, m3, m4, m5, and the total number of sentences in each 

group is 600. Then the 24-dimensional LPCC and MFCC speech feature parameters of each 

speech sentence were extracted by LPCC and MFCC extraction algorithms, respectively, and 

then the 1-dimensional EMD-FD speech feature parameters were extracted by EMD-FD 

extraction algorithm. 

(4) Simulation results and analysis 

The extracted 1-dimensional EMD-FD and 24-dimensional MFCC speech feature 

parameters form a 25-dimensional hybrid speech feature parameter to compare the recognition 

effect with the single LPCC and MFCC speech feature parameters. The recognition simulation 

results of female speech, male speech, female speech with noise, and male speech with noise 

are shown in Tables 1~4, respectively. 

According to the analysis of Tables 1~4, the average equal error rate of MFCC speech 

feature parameters decreased by 0.57%~1.74% compared to LPCC speech feature parameters. 

According to the analysis of Table 1 and Table 2, the average equal-error rate of the mixed 

EMD-FD and MFCC speech feature parameters compared to the single MFCC speech feature 

parameter decreased in 2.12% and 1.69% in female speech and male speech, respectively. 

According to the analysis in Table 3 and Table 4, the average equal-error rate of the speech 

feature parameter of the mixture of EMD-FD and MFCC did not change at all in the case of 

speech containing noise. In summary, LPCC speech feature parameter speech recognition effect 

is the worst, while MFCC speech feature parameter recognition effect is better than LPCC 

speech feature parameter.MFCC and EMD-FD mixed speech feature parameter not only 

ensures the integrity of the speech, but also shows the nonlinear characteristics of the speech, 

which improves the speech recognition rate. 

Table 1: Equal error rate of female speech recognition 

Characteristic parameters 
Equal error rate /% 

w1 w2 w3 w4 Average value 

LPCC 18.49 17.58 18.37 18.64 18.27 

MFCC 17.98 17.12 18.16 17.53 17.70 

MFCC+EMD-FD 15.71 14.65 16.19 15.77 15.58 

Table 2: Equal error rate of male speech recognition 

Characteristic parameters 
Equal error rate /% 

m1 m2 m3 m4 Average value 

LPCC 18.15 20.26 19.89 18.93 19.31 

MFCC 17.74 18.78 18.26 16.32 17.78 

MFCC+EMD-FD 15.93 16.41 16.07 15.94 16.09 

 

  



INGEGNERIA SISMICA – INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING 

17 

Table 3: Equal error rates of female speech recognition with noise 

Characteristic parameters 
Equal error rate /% 

w1 w2 w3 w4 w5 Average value 

LPCC 20.77 20.09 20.86 19.48 20.75 20.39 

MFCC 18.63 19.31 18.44 18.76 18.09 18.65 

MFCC+EMD-FD 15.71 16.12 16.19 15.16 14.73 15.58 

Table 4: Equal error rates of male speech recognition with noise 

Characteristic parameters 
Equal error rate /% 

m1 m2 m3 m4 m5 Average value 

LPCC 20.16 19.97 20.83 19.68 20.54 20.24 

MFCC 18.81 19.32 18.41 18.59 18.15 18.66 

MFCC+EMD-FD 15.92 16.51 16.87 15.79 15.36 16.09 

2.3.2 Performance Analysis of Pronunciation Evaluation Models 

(1) Performance metrics of pronunciation evaluation system 

In order to make a comprehensive assessment of the model's scoring performance, we will 

quantitatively analyze the experimental results with the help of some rubrics. 

1) Pearson's correlation coefficient 

It is mainly used to reflect the linear correlation between two sequences, and its 

mathematical expression is as follows: 

 ,

cov( , )
X Y

X Y

X Y


 
  (28) 

where the two sequences X  and Y  represent system ratings and teacher ratings respectively, 

cov( , )X Y  is the skewed variance of X  and Y , and X  and Y  are both standard 

deviations. The value range of 
,X Y  is [ 1,1] , if the result is positive it means that there is a 

positive correlation between the two series, and if it is negative it means that there is a negative 

correlation between the two series. The closer the absolute value of the coefficient is to 1, the 

higher the correlation between the two sequences. 

(2) The average score difference between human and machine scoring 

This index is mainly used to describe the degree of deviation between machine scoring and 

human scoring. We use the letter d  to denote this indicator, and its calculation formula is as 

follows: 

 Machine Humand E S S   (29) 

3) Accuracy 

This paper defines whether the scoring results are accurate by establishing a human-

machine scoring error maximum. If the score difference between human scoring and machine 

scoring is less than this error maximum, the scoring result is considered accurate. Finally, the 

ratio of the number of accurate scoring results to the total number of samples in the test dataset 

is calculated as the accuracy index of the scoring model. In the practical application 

environment, we consider any human-machine scoring error within 1 point to be an accurate 

machine prediction result. 

(2) Analysis of model scoring results 
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In this paper, we test the Multi-Parametric English Pronunciation Quality Evaluation 

(MPEPQE) model and the CNN+LSTM scoring model using 200 pieces of test data, and 

calculate 3 kinds of evaluation indexes to comprehensively evaluate the performance of the 2 

scoring models. 

The prediction results of the MPEPQE scoring model and CNN+LSTM scoring model on 

the total speaking score are shown in Figures 11 to 12, respectively. It can be found that the 

MPEPQE model exhibits a better fit than the CNN+LSTM model. Also, from the lowest student 

scores, we are able to see that the MPEPQE neural network exhibits better adaptability in the 

face of some extreme values. 

 

Figure 11: Scoring results of the MPEPQE model 

 

Figure 12: Scoring results of the CNN+LSTM model 

The performance evaluation results of the two scoring models are shown in Table 5, the 

MPEPQE model outperforms the CNN+LSTM model in the three indexes of Pearson's 

correlation coefficient, accuracy and average score difference, and the gap between the two is 

more obvious in terms of human-computer scoring correlation (0.706>0.547). Overall, the 

Multi-Parametric English Pronunciation Quality Evaluation (MPEPQE) model constructed in 

this paper performs better and can be applied to the task of speech quality assessment in AI 
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English learning systems. 

Table 5: Performance evaluation of scoring models 

 Pearson correlation Average score difference Accuracy rate 

Between manual scoring 0.775 0.498 - 

MPEPQE model 0.706 0.613 84.52% 

CNN+LSTM model 0.547 0.649 81.34% 

3 Experimental research on improving English listening and 

speaking skills based on AI learning system 

This study utilizes an English learning system based on AI technology to conduct a teaching 

experiment, aiming to investigate the effect of this teaching mode in improving English 

listening and speaking skills. 

3.1 Experimental Program Design 

3.1.1 Experimental hypotheses 

The implementation of listening and speaking skills development strategies using the AI 

English Learning System and teaching activities in the sophomore experimental class can 

develop students' listening and speaking skills in English. 

3.1.2 Experimental variables 

(1) Experimental Variables 

This study utilizes the listening and speaking skill development strategy supported by the 

AI English learning system in the teaching activities of the experimental class. Regular teaching 

methods without any AI English learning system support are utilized in the control class. 

(2) Dependent Variables 

Changes in students' English scores and changes in students' English listening and speaking 

skills. 

(3) Interference Variables 

Students' pre-existing cognitive experience, the psychological orientation of the classroom 

teachers, and the psychological state of the experimental and control groups. 

(4) Control of experimental interfering variables 

The experimental class and the control class are selected as far as possible as two classes 

similar in all aspects. The same teacher teaches the experimental class and the control class. 

The learning content and progress of the two classes are kept the same. Students in the two 

classes maintain their original learning status and study normally, and students are unaware of 

the experimental research being conducted by the teacher and the fact that their class is an 

experimental class, so as to avoid increasing the psychological burden and learning burden on 

the students. The experimental and control classes used the same test instruments. 

3.1.3 Experimental modalities 

In this study, an unequal experimental group control pre and post measurement calibration 

experimental design was used, and the experimental design is shown in Table 6. 
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Table 6: Experimental design 

Simultaneous pre-
test 

Pre-test 
results 

Group of subjects 
Experimental 

processing 
Simultaneous post-

test 

R1 
R1≈R2 

Experimental 
group 

Accept R3 

R2 Control group Not accepted R4 

3.1.4 Experimental subjects 

In this study, two sophomore classes in college A were selected as research subjects, in which 

class A, as an experimental class, utilized the listening and speaking ability development 

strategy supported by the AI English learning system to carry out teaching activities, and class 

B, as a control class, used the original traditional teaching method to carry out teaching 

activities. In order to reduce the influence of interfering variables, the experimental class and 

the control class were taught by the same teacher, with the same teaching content but in different 

forms. The basic situation of the experimental subjects is shown in Table 7. 

Table 7: Basic information of the experimental subjects 

Class Natural class Number Class 
Experimental class 1 47 Class A 

Control class 1 46 Class B 

3.1.5 Experimental tools 

(1) Student Questionnaire 

The student questionnaire was compiled according to the listening and speaking ability, 

through which the changes in students' language perception ability, language comprehension 

ability, language evaluation ability, language application ability and information acquisition 

ability were analyzed. First of all, the students' listening and speaking ability was pre-tested. 47 

questionnaires were distributed in the experimental class before the experiment was carried out, 

and 46 valid questionnaires were returned, with an effective rate of 97.87%. A total of 46 

questionnaires were distributed in the control class and 44 valid questionnaires were returned 

with an effective rate of 95.65%. At the end of the experiment, 47 questionnaires were 

distributed to the experimental class and 45 valid questionnaires were retrieved with an 

effective rate of 95.74%. Forty-six were distributed to the control class and 43 valid 

questionnaires were retrieved, with an effective rate of 93.48%. 

(2) Test scores 

The English test questions are prepared to compare the students' achievements in improving 

their listening and speaking ability by using the listening and speaking ability cultivation 

strategy supported by the AI-based English learning system through the comparative analysis 

of the scores, and to verify the degree of influence of the university English listening and 

speaking ability cultivation strategy based on the AI-based English learning system on the 

cultivation of the students' listening and speaking ability. 

3.2 Experimental results and analysis 

3.2.1 Impact of AI English Learning System on Student Achievement 

The statistical results of the two English test scores of the control and experimental groups at 

the beginning and end of the experiment are shown in Table 8. It can be seen that the average 

score of the first test of the experimental class was lower than that of the control class 

(64.27<66.31) while the second was higher than that of the control class (78.54>70.62). 
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Table 8: Comparison of the average English scores of the two classes 

 Class N Mean SD Standard error 

Pretest 
Experimental class 47 64.27 8.451 0.628 

Control class 46 66.31 7.982 0.642 

Pretest 
Experimental class 47 78.54 10.457 0.735 

Control class 46 70.62 9.653 0.759 

 

Then, based on the comparison of the differences between the mean English scores of the 

two classes, the corresponding differences in the overall mean scores were tested for 

significance. The results of the independent samples t-test for the two tests between the 

experimental and control classes are shown in Table 9. 

It can be observed that in the first test before the experiment, the lower and upper 95% 

confidence intervals of the difference between the listening scores of the control class and the 

experimental class were -1.274 and 3.239, respectively, containing zero, with a t-value of 1.724 

and a degree of freedom of 91. The probability of significance of the two-tailed t-test was 

0.173>0.05, which indicated that there was no significant difference between them. In contrast, 

in the second test after the experiment, the listening scores of the experimental class were 

significantly higher than those of the control class, and the difference between the English 

scores of the control class and the experimental class was significant in both cases 

(p=0.004<0.05). This indicates that after receiving different teaching methods and approaches 

for a period of 16 weeks, the progress of English scores of students in the experimental class is 

greater than that of the control class, which proves the effectiveness of the AI English learning 

system designed in this paper in improving the performance of college students' listening and 

speaking skills. 

Table 9: T-tests of English scores before and after the experiment 

 Class Mean SD 

95% Confidence Interval of 

the difference t df 
Sig (2-

tailed) 
Lower Upper 

Pretest 
Experimental class - 

Control class 
-2.04 3.412 -1.274 3.239 1.724 91 0.173 

Posttest 
Experimental class - 

Control class 
7.92 3.935 -4.817 -0.317 

-

4.569 
91 0.004 

3.2.2 Changes in Students' English Listening and Speaking Skills Before and After the 

Experiment 

The changes in the mean of the indicators of English listening and speaking ability of the 

students in the experimental class and the control class after receiving different teaching styles 

and methods are shown in Table 10. The t-test of the difference between the mean scores of 

students' English listening and speaking ability in the two classes before and after the 

experiment is shown in Table 11. 

It can be seen that the difference between the mean scores of students' English listening and 

speaking ability in the two classes before the experiment ranges from 0.04 to 0.33, while the 

difference between the mean scores of the two classes after the experiment ranges from 0.81 to 

1.32. The t-test shows that, in the first survey before the experiment, the control class and the 

experimental class have the same mean scores in the indicators of English listening and 

speaking ability in the categories of language perception, language comprehension, language 

evaluation, language use, information acquisition and so on. Acquisition ability and other 

indicators of English listening and speaking ability are not significant (P>0.05). And in the 
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second survey after the experiment, there was a significant difference between the indicators of 

the two classes (P<0.05). This indicates that the students who use AI English learning system 

are significantly better than those who do not use AI English learning system in terms of English 

listening and speaking ability, i.e., the teaching mode of applying AI-enabled learning system 

can significantly improve the English listening and speaking ability of college students. 

Table 10: Comparison of the English listening and speaking ability of the two classes 

Indicator  Class N Mean SD Standard error 

Language perception ability 
Pretest 

Experimental class 46 14.27 1.735 0.592 
Control class 44 14.38 1.623 0.588 

Posttest 
Experimental class 45 15.89 1.247 0.534 

Control class 43 14.75 1.159 0.475 

Language comprehension 
ability 

Pretest 
Experimental class 46 15.61 1.372 0.575 

Control class 44 15.28 1.295 0.564 

Posttest 
Experimental class 45 16.74 1.138 0.531 

Control class 43 15.42 1.751 0.493 

Language evaluation ability 
Pretest 

Experimental class 46 15.22 1.603 0.694 
Control class 44 15.18 1.624 0.685 

Posttest 
Experimental class 45 16.48 1.862 0.557 

Control class 43 15.36 1.415 0.509 

Language application ability 
Pretest 

Experimental class 46 14.17 1.648 0.541 
Control class 44 14.29 1.572 0.538 

Posttest 
Experimental class 45 15.54 1.926 0.553 

Control class 43 14.41 1.617 0.494 

Information acquisition ability 
Pretest 

Experimental class 46 9.28 1.944 0.426 
Control class 44 9.47 1.815 0.417 

Posttest 
Experimental class 45 10.42 1.515 0.408 

Control class 43 9.61 1.234 0.335 

Table 11: T-tests of English listening and speaking ability before and after the experiment 

 Class Mean SD 
95% Confidence Interval of 

the difference t df 
Sig (2-
tailed) 

Lower Upper 

Pretest 

Experimental class - 
Control class 

-0.11 0.214 -1.452 3.657 0.924 88 0.275 

Experimental class - 
Control class 

0.33 0.206 -1.384 3.541 1.352 88 0.064 

Experimental class - 
Control class 

0.04 0.198 -2.241 3.057 0.346 88 0.782 

Experimental class - 
Control class 

-0.12 0.175 -2.341 4.671 0.459 88 0.105 

Experimental class - 
Control class 

-0.19 0.221 -1.687 3.254 0.578 88 0.224 

Posttest 

Experimental class - 
Control class 

0.81 1.435 0.115 3.427 2.214 86 0.037 

Experimental class - 
Control class 

1.14 1.527 0.142 3.196 2.267 86 0.008 

Experimental class - 
Control class 

1.32 1.638 0.038 3.162 2.048 86 0.003 

Experimental class - 
Control class 

1.12 1.452 0.342 2.859 1.657 86 0.005 

Experimental class - 
Control class 

1.13 1.559 0.089 1.875 2.259 86 0.005 
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4 Conclusion 

In this paper, a university English learning system is designed by combining artificial 

intelligence technology. The system realizes the auxiliary training of students' listening and 

speaking ability by loading modules such as improved EMD-FD special extraction algorithm, 

deep learning speech recognition system and multi-parameter pronunciation quality evaluation 

model MPEPQE, which can be used as an innovative tool for English teaching mode. 

By using the improved EMD-FD algorithm to extract features in the high frequency region 

of speech from 2400-5000 Hz, combined with the MFCC algorithm to extract features in the 

low and middle frequency regions, the effective extraction of features of speech signals is 

realized.The speech feature parameters of the mixture of EMD-FD and MFCC are lower than 

those of the single MFCC speech feature and LPCC speech feature parameters in terms of the 

average equal-error rate, which can ensure the integrity of speech. It can ensure the integrity of 

speech, show the nonlinear characteristics of speech, and improve the speech recognition rate. 

The fitting effect of MPEPQE model is significantly better than that of CNN+LSTM model, 

and it shows better adaptive ability. At the same time, the MPEPQE model outperforms the 

CNN+LSTM model in the three metrics of human-computer score correlation, accuracy and 

average score difference. Overall, the MPEPQE model performs better and can be applied to 

the task of speech quality assessment in AI English learning systems. 

In this paper, we address the question of “whether the university English listening ability 

development strategy based on AI learning system is effective in developing students' listening 

ability”, and use quasi-experimental research to conduct teaching experiments. The results of 

the study show that the students who use the university English listening and speaking ability 

cultivation strategy based on the AI learning system improve their English listening and 

speaking ability, and the improvement effect is significantly better than that of the control group 

who uses the traditional mode (P<0.05). It indicates that the English listening and speaking 

ability cultivation mode based on intelligent speech system is effective. 

This study takes the cultivation of students' listening and speaking ability as the starting 

point, designs teaching activities, applies cultivation strategies and carries out teaching practice. 

It is hoped that the research experience of this study can provide some reference for subsequent 

studies. In later studies, researchers can try to apply new technology tools in the classroom, 

break the traditional teaching mode, realize the combination of in-class and out-of-class, make 

full use of AI technology, and carry out new teaching methods. 
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