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Speech recognition technology and speech evaluation technology is the core of computer-aided speech learning. Of the two, speech recognition
technology is particularly critical and plays a vital role. This paper analyses the application of emotion mining and deep learning algorithms in
the recognition and teaching of English speech. Emotional visualization can enable teachers and curriculum managers to be more intuitive when
sensing emotional changes in students’ learning process, and will assist teachers to provide personalized teaching and intervention. The experimental
results show that the model presented in this paper for English phonetics teaching, speech recognition and evaluation is reasonable and valid. It
can give learners timely, accurate and objective evaluation and feedback guidance, and can help learners identify the differences between their own
pronunciation and the standard pronunciation. In addition, this paper optimizes the English language model by means of the sub-word modeling
method, which alleviates the problem of sparseness and robustness of the traditional whole-word language model brought by the very large vocabulary
of adhesive words.
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1. INTRODUCTION

The core of Computer Aided Language Learning (CALL)
is speech recognition technology and speech evaluation
technology, with the former being the key. Speech recognition
technology, namely Automatic Speech Recognition (ASR),
is the technology whereby voice signals are converted into
corresponding commands or texts through automatic recogni-
tion and understanding by machines (generally referred to as
computers), in order to produce intelligent voice interaction
between human beings and machines (Mushtaq et al., 2017;
Wang et al., 2018). Therefore, speech recognition has become
a popular research field in recent years. Because of the
complexity of speech changes, the large number of speech
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signals, the many speech feature parameters, and the large
amount of computation of speech recognition and evaluation,
this requires a large amount of voice and signal processing,
necessitating better software and hardware resources and
algorithms (Bleisch et al., 2014). From the classic dynamic
time warping algorithm (DTW) to the mainstream hidden
Markov model (HMM) to the traditional artificial neural
network, speech recognition technology has made much
progress, but it has also encountered an unprecedented
bottleneck (Zhang et al., 2016). It is difficult to make further
improvements to its accuracy and speed; hence, the difficulty
in making a breakthrough in the commercialization of speech
recognition (Mishra et al., 2016; Upadhyay et al., 2018).

Chinese students generally study Chinese for several years
and they have a certain Chinese foundation before they begin
to learn English (Meltzner et al., 2017; Jesse et al., 2017).
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Therefore, English pronunciation is influenced by dialect
and Mandarin. Students who have correct pronunciation
and fluency when they first learn English are rare. In
addition, there are some similarities between English and
Chinese pronunciations (Stoean et al.,2010; Kang et al., 2015;
Dorothy et al., 2017). Therefore, the standard of the student’s
Mandarin may directly affect the accuracy of his/her English
pronunciation.

All languages in the world have three core elements:
vocabulary, grammar, and speech. As a tool for conversation,
language is important, of which pronunciation is the most
important. (Cao et al., 2016). The purpose of learning
English is to use this language as a tool for conversation, to
accurately express one’s thoughts and to understand others’
thoughts (Liang et al., 2014; Mernik et al.,2015). Standard
speech is fundamental to spoken expression and listening
comprehension. Only English with a good voice system can
learn English well.

The smallest and most natural unit of speech is the phoneme.
Acoustically, the phoneme is divided in terms of sound quality
(Mahboubi, 2014; Sun et al., 2015). Physiologically, a
phoneme is formed by the action of pronunciation. For
example: /eg/ contains two pronunciations of /e/ and /g/,
which are two phonemes. The same phoneme is the sound
formed by the same pronunciation action, and the different
phonemes are the sounds formed by different pronunciation
actions. For example, the two /d/ pronunciations in /hænd/
and /bænd/ are the same, so they are the same phonemes; the
/b/ and /z/ are pronounced differently, so they are different
phonemes. The analysis of phonemes is generally based on
pronunciation actions. For example, the pronunciation action
of /m/ is: the upper lip and the lower lip are closed, the vocal
cords vibrate, and the air rushes out of the nasal cavity, which
is classified as a lip nasal pronunciation (Wang et al., 2016).

The symbol used to record phonemes in phonetics is called
the phonetic symbol. For example, international phonetic
symbols are generally marked with “//”. To clarify: “A
phoneme is represented by only one phonetic symbol, and
a phonetic symbol represents only one phoneme. The
International Phonetic Alphabet (IPA) is developed by the
International Phonetic Association and strictly stipulates the
principle of ‘one note and one tone’, that is, ‘one phoneme
corresponds to one symbol and one symbol corresponds to
one phoneme’. It is based on the Latin alphabet and is
supplemented by a method of changing glyphs and borrowing
letters from other languages”. To ensure consistency, most
symbols guiding the pronunciation still retain the original
sound of Latin or other languages.

It is generally believed by phoneticists that speech can
be divided into two categories: vowels and consonants,
depending on whether the airflow is blocked by the vocal
organs when exhaled from the lungs. When speaking, the
unobstructed phoneme of the airflow is a vowel, and the
phoneme whose airflow is obstructed is a consonant. The
difference between a vowel and a consonant is that the airflow
is unobstructed in the channel when the vowel is emitted,
and the airflow in the channel is hindered to varying degrees
when the consonant is emitted, that is, the airflow is closed
or the airflow is narrowed. In addition, we can distinguish
vowels and consonants in other ways: 1) Airflow. When the

vowel is pronounced, the airflow is weaker. In contrast, the
airflow is stronger when the consonant is emitted, especially
when a voiceless consonant is emitted. 2) The tension of the
articulated organ. When vowels are pronounced, the vocal
organ tension is average. However, when a consonant is
produced, the tension of the vocal organ occurs at the moment
of pronunciation and occurs at a certain point in the utterance,
while the other vocal organs do not exhibit a state of tension.
3) Sound. From the perspective of acoustic phonetics, vowels
have greater loudness and intensity than consonants. 4) Music
and noise.

Hence, it can be seen that the current English speech
recognition technology is still in the research stage, and most
of the research has certain deficiencies in terms of the fault
tolerance rate. Based on this, this study constructed an English
speech recognition system based on machine learning, and
tested and evaluated the performance of the system.

2. RESEARCH METHOD

2.1 Hidden Markov (HMM) Acoustic
Modeling

The conversion formula for the Mel domain frequency and the
ordinary linear frequency is:

fmel = 2959 log10

(
1 + f

700

)
(1)

As shown in Figure 1, a typical HMM can be mathemati-
cally described using five sets of parameters, namely:

M = {O,�, π, A, B} (2)

In equation (2), O represents the sequence of observation
vectors {o1, o2, · · · , oT } from time 1 to time T, and �0
represents the set {s1, s2, · · · , sK } of finite implicit state
sequences contained in the K HMMs. The model parameters
that need to be determined in the HMM are represented
by three sets of parameters: λ = {πA, B}. π =
{π1, π2, · · · , πK } denotes the distribution of K states in
which the HMM is at the starting time, A = {ai j }K×K

denotes the state transition probability matrix, and B denotes
the probability distribution function {bi (o)} under different
states. In speech recognition systems, the state output density
function is usually characterized by a Gaussian Mixture Model
(GMM), that is:

bi (ot ) =
k∑

k=1

wik · 1√
(2π)D| ∑ik |

exp

[
−1

2
(ot − μik)

]
(3)

In the figure, ai j represents the transition probability
between states jumping from state i to state j. bi (ot ) represents
the probability of outputting the observation vector ot when
jumping from state i.

The parameters of the HMM must satisfy the following
conditions:
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Figure 1 Schematic diagram of the first-order HMM acoustic model.

Figure 2 Corresponding image of the problem and the solution algorithm.

πi ≥ 0, ai j ≥ 0, bi (ot ) ≥ 0
N∑

i=1

πi = 1
N∑

j=1

ai j = 1
∫

bi (ot ) dot = 1 (4)

Considering its practical application, HMM should make
two important assumptions: One is the first-order Markov
hypothesis, that is, the state St of the current time t is only
related to the state St−1 at the previous moment t − 1 and has
nothing to do with any state at any other time. The formula
is:

p
(

st |st−1
1

)
= p (st |st−1) (5)

The other is the output-independent hypothesis, which
means that the output value at the current time is only
governed by the probability density of the current state and is
independent of other output values and states that have already
been generated. The formula is:

p
(

xt |xt−1
1 , xt

1

)
= p (xt |st ) (6)

In order for HMM to better serve the speech recognition
system, there are three classic problems that we need to solve:

(1) Probability calculation problem: In the case of given
model parameters, how the probability p (O|λmm) of the
observed vector O appears is calculated.

(2) Code problem: Under the premise of the given observa-
tion vector and model parameters, how optimal the state
sequence Q is calculated, so that the joint probability
p (O, Q|λmm ) is the largest.

(3) Estimated problem of model parameter λmm : After
giving enough observation vector sequences, how can
we estimate the model parameters λmm using the existing
data so that the estimated hidden Markov model is the
most probable model for generating a given observation
vector.

According to the HMM, any state sequence S may generate
the observation vector O with a certain probability, so
p(O|λmm) should be the cumulative sum of the probabilities
corresponding to each possible state sequence, that is:

p(O|λ) =
∑

s

p(O, s|λ) =
∑

s

p(s|λ)p(O, s|λ) (7)

Then, for an HMM with a total of M states, if the length
of time is N, the number of all possible state sequences
is M N . Moreover, the computational complexity increases
exponentially as the number of states and the length of
time increase, which is unacceptable. The algorithm that
effectively solves this complexity problem is the Forward-
Backward Algorithm, which will be discussed below.

The definition of forward probability is:

αi (i) = p (o1, o2, · · · , ot , st |λ) (8)

This means that the output vector at time 1 to t is
o1, o2, · · · , ot and the state at time t is the probability of i.

First, it is initialized:

α1(1) = 1α1( j) = 0( j = 1) (9)
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Figure 3 Diagram of forward probability.

Second, the recursive is taken:

αt+1( j) =
[

N∑
i=1

αt (i)ai j

]
b j (ot+1) 1 ≤ i ≤ N1 ≤ t ≤ T−1

(10)
Finally, the output probability is obtained:

p(O|λ) =
N∑

i=1

p (o1, o2, · · · , ot , sT = si |λ) =
N∑

i=1

αT (i)

(11)
Definition of backward probability:

βt (i) = p (ot+1, ot+2, · · · , oT |st = si , λ) (12)

Its meaning is the probability that the output vector is
ot+1, ot+2, · · · , oT from t + 1 to T under the premise that
the state at time t is i.

First, it is initialized:

βT (N) = 1βT ( j) = 0( j = N) (13)

Second, the recursive is taken:

βt ( j) =
N∑

j=1

ai j b j (ot+1) βt+1( j) 1 ≤ i ≤ N1 ≤ t ≤ T − 1

(14)
Finally, the output probability is obtained:

p(O|λ) =
N∑

i=1

p (o1, o2, · · · , oT |s1 = si , λ) =
N∑

i=1

β1(i)

(15)
The complexity of the calculation can be greatly reduced

by the forward and backward algorithm.
When the observation vector O and the hidden Markov

model parameter λ are given, the decoding problem requires
determining the most likely state sequence of the output
observation vector O from the model parameters λ. Specif-
ically, if an HMM has M states and the time length is N,
the number of all possible state sequences is M N . Then, the

decoding problem is to determine the most likely sequence of
states, M N , from which the observation vector 0 is generated.

The formula is described as:

s∗ = arg max
s

p(O, s|λ) (16)

Then, this problem can be solved by the Viterbi algorithm.
First, we need to define the function:

δt (i) = max
s1,s2,···st−1

p (s1, s2, · · · st−1, st = i, o1, o2, · · · , ot |λ)

(17)
The above equation shows the maximum probability path

with state i at time t.
First, it is initialized:

∂1(i) = πi bi(o1) (18)

Second, the recursive is taken:

δt (i) = max
1≤i≤N

[
δt−1(i)ai j

]
b j (ot ) 2 ≤ t ≤ T 1 ≤ j ≤ N

(19)
Finally, the optimal sequence output probability is deter-

mined:

pmax = max
1≤i≤N

[δT (i)] (20)

The biggest difference between the Viterbi algorithm and
the forward algorithm is the difference between the summation
and the maximum value. The forward algorithm is used
for summation and the Viterbi algorithm is used to find
the maximum value. The output probability of the general
optimal path will account for more than 99.5% of the output
probability of all paths. The training problem is how to obtain
the specific value of the HMM model parameters through a
better algorithm when the observation sequence O is obtained.
Moreover, that the likelihood probability p(O|M) of the
observation vector 0 is largest under this model parameter
is satisfied.

Derivation of the EM algorithm:
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Figure 4 Diagram of backward probability.

(1) Define the function:

ζt (i, j) = p
(
st = st , st+1 = s j |O, M

)
= at (i)ai j b j (ot+1) βt+1( j)

N∑
i=1

∑N
j=1 at (i)ai j b j (ot+1) βt+1( j)

(21)

This indicates the probability that the time t is the state
i and the time t + 1 is the state j under the premise that
the model input parameters and observation vectors are
given.

(2) Define the function:

γt (i) =
N∑

j=1

ζt (i, j) (22)

This indicates the probability that state t is the state i
when the model parameters and the observation vector
are given.

(3) Define the function:

T −1∑
t=1

γt (i) (23)

This indicates the probability that the vector is in state i in
the case when the model parameters and the observation
vector are given.

(4) Define the function:

T −1∑
t=1

ζt (i, j) (24)

This indicates the probability of state i jumping to state
j in the case where model parameters and observation
vectors are given.

(5) Under the above definition, the model parameters are
updated as follows:

∗ ∗ ∗πi = γt (i) (25)

The equation above indicates the probability of being in
state i at time t = 1.

âi j = Probability of state i transitioning to state j

Probability of state i

=
∑T −1

t=1 ζt (i, j)∑T −1
t=1 γt (i)

(26)

The formula above gives the weight update between
nodes.

b̂i (ok) = Probability of sample ok in j state

Probability of state j

=
∑T

i=1 γi ( j)∑T
i=1 γi (i)

(27)

The equation above indicates the likelihood of an update
of the j state.

Assuming M = {A, B, π} is the original model parameter
and ∗ ∗ M = {**A,**B, ∗ ∗ π} is the model parameter after
revaluation, then the following conclusions can be proved:

1. When the model is already optimal, there must be:

M = ∗ ∗ ∗M (28)

2. The parameters of the new model make:

P(M/ ∗ ∗ ∗ M) > P(O/M) (29)

It can be seen that as the iteration continues, ∗∗∗M will
converge to the optimal parameters.

3. MODEL BUILDING

As shown in Figure 5, the data input to the speech
feature extraction module is waveform data obtained by pre-
processing the simulated speech signal, and then sending it to
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Figure 5 System framework for speech recognition.

Figure 6 Spectrogram corresponding to the time domain signal waveform.

the feature extraction module. All speakers are different in
terms of age, gender, pronunciation habits and feelings, some
of which will change with time. Hence, people will produce
different voice signals when expressing the same content.
Moreover, to a large extent, acoustic features represent speech
signals. Good acoustic characteristics should try to meet
three conditions. Firstly, the acoustic characteristics should
be well differentiated, the differences between the similarities
should be as small as possible, and the differences between
different classes should be as large as possible, which makes
it easier to identify different information, and also facilitates
more accurate modeling of different acoustic modeling units.
Secondly, the extraction of speech features can be regarded
as the compression coding process of speech information,
and it is necessary to retain the information related to the
speech content and eliminate other factors that are not closely
related to the content. Moreover, it is necessary to reduce the
dimension of the parameter when the information is retained
enough, that is, the feature dimension should be moderate,

so as to accurately and efficiently enter the training of the
acoustic model. Finally, reliability and independence need
to be considered, and there must be the ability to prevent
interference from environmental noise.

(1) Spectrogram
A speech signal is usually analyzed in terms of time or

frequency. However, both methods have limitations: Time
domain analysis does not have an intuitive understanding of
the frequency characteristics of speech signals, and frequency
domain analysis cannot determine the relationship of speech
over time.

The spectrogram is a map that expresses three-dimensional
information on a two-dimensional plane. Its abscissa indicates
time, the vertical scale indicates frequency, and the gray value
of each pixel reflects the energy of the corresponding time
and corresponding frequency. The spectrogram allows the
properties of the phoneme to be well observed. The formant
(the thicker bar in the spectrogram) carries the distinguish
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Figure 7 Flow chart for calculating the cepstrum coefficient

ability of the speech, and the speech can be better recognized
by observing the variation of the formant.

(2) Feature Extraction
This is commonly used for speech recognition features

and includes: Linear Prediction Coefficients (LPC), Mel-
Frequency Cepstral Coefficients (MFCC), and Perceptual
Linear Prediction (PLP). With linear predictive analysis, the
speech signal at a certain moment can be linearly represented
by the combination of signals at several previous moments.
The basic problem is to directly derive a set of linear prediction
coefficients based on the speech signal. When the mean square
error (MSE) between the linear prediction estimate and the
sampled value of the speech signal reaches a minimum value,
the linear prediction coefficient can be extracted. The most
important speech feature parameters are those extracted by
means of cepstrum analysis, and the cepstral coefficients are
implemented based on the homomorphic processing method
that transforms a nonlinear problem into a linear problem.
First, the original speech signal (actually a convolutional
signal) is subjected to Discrete Fourier Transform (DFT) to
obtain the spectrum (at this time, it becomes a multiplicative
signal, and the convolution of the time domain is equivalent to
the product of the frequency domain.). The discrete spectrum
then takes the logarithm to turn the multiplicative signal into an
additive signal. Finally, it is restored to a convolution signal by
Inverse Discrete Fourier Transform (IDFT) to obtain cepstral
coefficients. This method of finding cepstral coefficients can
obtain relatively stable speech feature parameters.

4. ANALYSIS AND DISCUSSION

4.1 Speech Recognition Experiment

The Language Model (LM) is a customary way of describing
human language. It mainly reflects the intrinsic relationship
between words and words in the organizational structure,
and the language model determines which word sequence
is more likely, and several words are known to predict

the next word. The language model that can accurately
describe the law of language change directly affects the
efficiency and performance of decoding, which is directly
related to the overall performance of speech recognition.
According to different production methods, language models
can be grouped under two categories, namely, statistical-
based language models and rule-based language models. The
statistical-based language model is obtained by training a large
amount of data. It describes the language model from the
mathematical point of view and can calculate the probability
of occurrence of each sentence in the original language. Rule-
based language models require linguistic scholars and experts
as they are based on linguistically relevant knowledge and are
artificially compiled in conjunction with real-life language
situations. However, this language model has limitations
when dealing with large-scale real text, so it is generally not
used.

In order to verify the validity of this model, the recognition
rates of this model and other models in speaker-independent
isolated word recognition are compared through experiments.
In this paper, we use the Spoken ArabicDigit dataset in the
UCI machine learning library, which includes 8800 Arabic
digital voice data (88 people pronounce 10 Arabic numbers,
repeating each one ten times) 6600 pronunciations of the first
66 people as training set, and 2200 pronunciations of 22 people
as test sets. The software used for the experiment is MATLAB
R2013a.

Firstly, the speech feature parameters are averaged into
segments, and the speech feature parameters can be expressed
as S (K, J), where K is the order of the feature parameters,
J is the number of frames of the feature parameters after
segmentation, and T is the number of original speech
frames. The formula for calculating the average characteristic
parameters into N segments is:

M(i) = S(K, J), J =
[

T

N
(i − 1) + 1

]
, . . . ,

[
T

N
i

]
(30)

The total number of speech feature parameters at each stage
is shown in Table 1. The data given in Table 1 indicates
that the piecewise mean dimension reduction regularization
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Table 1 Dimension Reduction and Regularization of Speech Feature Parameters by Segmental Means.

factors I II III IV V VI

Matrix size T × K
( T

N

) × K
( T

N M

) × K

(
T

N M × 1
T

N M

)
× K M × K M × N × K

Number of
parameters

T × K T × K T × K K × M × N K × M × N K × M × N

Table 2 Evaluation Index Results-Sample Number.

index Consistent One level difference Two level difference Three level difference

Pitch 207 32 1 0
Speech rate 197 43 0 0
Rhythm 204 33 3 0
Tone 192 44 4 0

Table 3 Evaluation results of experimental indicators.

index Consistency rate Adjacent agreement rate Pearson

Pitch 86.25% 99.58% 0.8
Speech rate 82.08% 100% 0.493
Rhythm 85.00% 98.75% 0.543
Tone 80.00% 98.33% 0.627

algorithm can reduce the dimension of the characteristic
parameter matrix with the size of T ∗ K to the parameter
matrix with the size of K ∗ M ∗ N. This algorithm successfully
removes the influence of the number of speech frames
T on the size of the data after dimensionality reduction
regularization. The size of the parameter matrix after
dimensionality reduction regularization is related only to the
order K of the characteristic parameters, the size N of the
segment and the size M of the sub-segment, which means that
speech of different lengths can be regularized into the same
size matrix, thereby greatly facilitating the application and
improvement of the speech recognition algorithm.

Choosing the right acoustic model modeling unit is essential
and the first problem encountered in acoustic modeling. A
suitable granularity modeling unit can significantly improve
the performance of the speech recognition system. A good
acoustic modeling unit should have three attributes: consis-
tency, trainability, and sharing. Consistency means that the
same modeling unit in different speech instances requires
the basic consistency of acoustic pronunciation. Trainability
means that each modeling unit can correspond to enough
modeling instances. Sharing means that the practice of
different modeling units can share common training exam-
ples.

4.2 Experimental Results and Analysis

According to the method described in this paper, the scores for
four indicators-pronunciation, speed, rhythm and intonation–
in 240 sentences (10 sentences for each of the 24 students) can
be obtained. The results are compared with those obtained
through manual evaluation. The experimental results are
shown in Tables 2 and 3.

In terms of intonation, 207 samples are evaluated with
the same level of machine evaluation and manual evaluation,

and the number of samples with a level of difference is 32.
The difference between two grades is only 1, and there is no
difference in the number of samples of three levels. It shows
that the rate of agreement between machine and artificial pitch
is 86.25% , the adjacent concordance rate is as high as 99.58%,
and the Pearson correlation coefficient is 0.8, indicating that
the intonation evaluation method is feasible.

In terms of speech speed, 197 samples are evaluated with the
same level of machine evaluation and manual evaluation. The
number of samples with the difference level is 43, and there is
no difference between two or three samples. This shows that
the rate of agreement between machine and artificial speech
speed is 82.08% , the adjacent concordance rate is 100% , and
the correlation coefficient is 0.493, indicating that the speed
evaluation method is credible.

In terms of rhythm evaluation, there are 204 samples with
the same level of machine evaluation and manual evaluation.
The number of samples with the difference level is 33,
the difference between two grades is only 3, there is no
difference of three level samples, indicating that the rate of
consistency between machine and artificial rhythm is 85% ,
the adjacent concordance rate is as high as 98.75% , and the
Pearson correlation coefficient is 0.543, indicating that the
rhythm evaluation method in this paper is credible. Some of
experimental results are shown in Table 4.

Acoustic modeling units commonly used in speech recog-
nition have syllables, phones, and tri-phones. As a modeling
unit, the consistency of syllables is weak, but its training
is strong, and can be applied to digital string recognition
scenarios. As a modeling unit, the consistency of phonemes is
general, but its trainability is relatively strong and suitable for
isolated word recognition application scenarios. The ternary
phoneme is very consistent as a modeling unit, but it is weakly
trainable and suitable only for large vocabulary and large-scale
speech recognition applications. In speech recognition, the
phenomenon of co-pronunciation is considered, that is, each
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Table 4 Experimental Data.

index Pitch speed rhythm tone overall

01
Machine rating A A B B A
Manual rating A A B B A

02
Machine rating A A B B A
Manual rating A A B B A

03
Machine rating A A B B A
Manual rating A B B C A

11
Machine rating A A B B A
Manual rating A A B B A

12
Machine rating A A B A A
Manual rating A A B A A

pronunciation may be distorted by the influence of adjacent
sounds, and the context-dependent acoustic unit is usually
selected as the modeling unit of the acoustic model. If only the
influence of the previous note on the current note is considered,
it is called a bi-phone. If both the previous note and the
influence of the next note on the current note are considered, it
is called a tri-phone. In this paper, context-sensitive triphones
are used as the modeling unit in English speech recognition.

Unlike cepstral properties and linear prediction, the Mel
cepstral coefficients and perceptual linear predictions are
based, to some extent, on the mechanism of human auditory
perception. The MFCC process involves first converting the
signal from the time domain to the frequency domain by
FFT, and then convolving the logarithmic energy spectrum
with a set of uniform triangular filters in the Mel frequency
domain. Finally, the output of the filter bank is converted
by the discrete cosine transform method, and then several
coefficients after DCT are taken as MFCC. At this time, a
series of cepstrum vectors can be used to describe the speech,
and each vector is the MFCC feature vector of each frame.
Numerous studies have shown that MFCC parameters are
superior to other parameters for the improvement of speech
recognition systems in terms of performance.

5. CONCLUSION

Speech recognition is a very representative cutting-edge
technology in the field of artificial intelligence, which is
directly related to the future life experiences of human beings.
The combination of deep learning and speech recognition
will definitely advance the field of artificial intelligence.
This study constructed an English speech recognition system
based on and from the perspective of machine learning.
Furthermore, it tested and analyzed the performance of the
system, which will contribute to the development of artificial
intelligence. At the same time, the subject was based on deep
learning, and firstly studied the acoustic modeling based on
DNN, and introduced the network structure and algorithm
of DNN. Then, the DNN-HMM-based acoustic model was
trained with 300 hours and 500 hours of English speech data,
respectively. In addition, this paper optimized the English
language model by means of the sub-word modeling method,
which alleviates the problem of sparseness and robustness of
the traditional whole-word language model brought by the
super-large vocabulary of adhesive words.
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