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Abstract: To solve the insufficient educational resources

in offline classroom English teaching, the research focuses

on online teaching and designs an online grammar correc-

tion algorithm to help students realize automatic online

error correction. The algorithm is based on the Transformer

model algorithm based on multi-head attention mechanism

(MHAM), and integrates word order information into the

encoding process. Three pseudo-parallel corpora are used to

expand the number of training data. Finally, Adam is used

to optimize the model parameters to improve the model

performance. The accuracy, recall, and F0.5 of the algorithm

formed after two one-way optimization are the highest

values in the same type of optimization model. The SP +
Prehuman + TFcopy algorithm formed after double optimiza-

tion has the best comprehensive performance. The accuracy

rate reached 68.53 %, and the F0.5 value reached 58.26 %,

both of which were the highest values in the comparison

model. Moreover, this method can also provide certain tech-

nical support for the establishment of multilingual inter-

action platforms and high-quality natural language gener-

ation.

Keywords: deep classification; attention mechanism; trans-

form; Adam; grammar; error correction

1 Introduction

With the development and popularization of internet tech-

nology, students can now learn English through online

courses, applications, and other digital resources. This not
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only provides personalized and flexible learning methods,

but also greatly reduces the limitations on learning time

and location [1]. Although online English grammar teaching

has brought many conveniences to students, there are still

shortcomings in practical applications. Traditional teach-

ing methods often rely on fixed exercises and simple ques-

tion banks to test students’ grammatical competence [2].

These methods cannot simulate real language usage envi-

ronments well, nor do they take into account the diver-

sity and complexity of language usage [3]. In addition,

these systems often lack personalized feedback for individ-

ual students’ specific problems, which cannot effectively

improve students’ language errors such as speech and gram-

mar [4]. This requires the classification and correction of

English grammar. In traditional online classification gram-

mar correction, the recognition and correction of grammati-

cal errors are usually realized through the predefined rules,

which cannot cover all errors and adapt to new language

usage habits and error patterns [5]. This leads to a signifi-

cant decrease in the efficiency and accuracy of the system’s

error correction when encountering errors outside of the

rules [6]. The grammar error correction model is mainly

reflected in the computer-based processing of natural lan-

guage texts, which achieves automatic text recognition and

classification error correction through a large amount of

text training [7]. In large texts, the model needs to extract

text information features based on contextual information

[8]. However, the ultimate value of an efficient grammar

correction system lies not only in the efficiency of techni-

cal indicators, but also in how it can be transformed into

actual learning outcomes [9]. Research suggests that provid-

ing direct, immediate, and precise grammar corrections can

improve the effectiveness of online English learning. This

improvement occurs through the following mechanisms:

First, immediate feedback can avoid the solidification of

erroneous memories and help students quickly correct cog-

nitive biases. Second, precise classification and error cor-

rection can provide targeted explanations for individual

weaknesses. Third, continuous tracking of error types can

provide teaching references for teachers.
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However, there are still limitations in current related

research, mainly reflected in three aspects. First, existing

rule-based error correction systems have difficulty covering

complex grammatical phenomena and dynamically chang-

ing language habits. These systems have a weak ability

to recognize context-dependent errors, such as preposition

collocation and semantic coherence errors, and lack the

ability to adapt to students’ individual error patterns. Sec-

ond, although mainstream deep learning error correction

models can alleviate the problem of excessive error cor-

rection, they highly rely on large-scale high-quality manu-

ally annotated corpora. However, in real teaching scenarios,

data on student homework with error-correction annota-

tions is scarce. This results in the model having insuffi-

cient generalization ability in practical teaching applica-

tions and being ineffective at handling irregular errors.

Thirdly, existing research primarily focuses on optimizing

technical model indicators. However, it neglects the con-

nection between technology and teaching. This results in

a failure to consider differences in error characteristics

among students of different grades and English proficiency

levels. It also results in a failure to provide suitable functions

for teaching scenarios. Consequently, it becomes difficult

to effectively transform technological achievements into

teaching effectiveness.

Therefore, a deep learning based automatic grammar

correction model is developed, and a deep classification

grammar correction model combining multi-head attention

mechanism (MHAM) and Transformer model is designed.

Through this advanced grammar correction method, the

goal is to achieve high efficiency and precision at the

technical level. Additionally, it is intended to effectively

enhance the effectiveness, sustainability, and personaliza-

tion of students’ online English learning by leveraging the

aforementioned mechanisms.

2 Related works

2.1 Research on rule based grammar
correction

Rule based grammar correction methods are the earli-

est developed technological path, which rely on manually

writing grammar rule libraries to match error patterns in

text. Typical representatives include theLanguageTool basic

module and early Grammarly systems [10]. This method’s

core advantage lies in its strong interpretability. It can

provide accurate positioning and correction suggestions

for clear rules, such as subject-verb agreement and tense

changes. It can also be quickly deployed without the need

for large-scale data training. However, its limitations can

no longer meet the needs of modern online teaching. One

reason is that the rules are not fully covered, with a recog-

nition rate of less than 40 % for complex contextual errors,

such as preposition placement and semantic coherence. It

is also unable to adapt to the dynamic evolution of language

usage habits [11]. Second, the generalization ability is weak,

and the personalized error handling effect on non-native

learners due to negative transfer of their mother tongue

is extremely poor [12]. Third, maintenance costs are high.

Adding new types of errors requires linguistic experts to

manually update the rule library. This makes it difficult to

address the variety of errors in online teaching [13].

2.2 Research on grammar correction based
on traditional machine learning

With the development of statistical learning techniques,

grammar correction methods based on classification mod-

els are gradually replacing rule-based systems, transform-

ing error correction tasks into classification problems

through feature engineering. For example, the error cor-

rection system based on the maximum entropy model pro-

posed by Rafique A et al. identified article errors by extract-

ing features such as part of speech and syntactic struc-

ture, achieving an accuracy rate of 58 % on the dataset [14].

The SVM classifier constructed by Kamel J et al. was opti-

mized for preposition errors. Moreover, the recall rate was

increased to 45 % [15].

2.3 Research on grammar correction based
on deep learning

The breakthrough of deep learning technology has brought

new ideas to grammar correction tasks, and its mainstream

research can be divided into three categories. Convolu-

tional/recurrent neural network model: The multi-layer

convolutional neural networkmodel proposed by Voloshina

T et al. identified basic syntax errors through local feature

extraction, with an F0.5 value of 49.7 % on the test set.

However, due to limitations in its network structure, it was

unable to effectively capture long-range dependencies. Its

error correction accuracy for complex sentences is only

55 % [16]. Recurrent neural networks and their variants,

such as LSTM, could address sequence dependency issues.

However, they experienced gradient vanishing and substan-

tial performancedegradationwhenprocessing lengthy texts

[17].

Basic transformer model: The Transformer architec-

ture proposed by Hossain N et al. broke through the

bottleneck of long-distance dependencies with multi-head



Z. Xiao: Analysis classification grammar error correction — 3

attention mechanism and was widely used in syntax cor-

rection [18]. However, this type of model relied heavily on

manually annotated parallel corpora. In real teaching sce-

narios, student homework data with error correction labels

was scarce. This resulted in themodel having an insufficient

ability to generalize.

Fine tuning of pre-trained language models: In recent

years, fine-tuning methods based on pre-trained models

such as BERT andGPT have become a research hotspot. Tinn

R et al. used BERT for error detection tasks and achieved an

F1 value of 72 % on the W&I-dev dataset [19]. Kortemeyer G

et al.’s study showed that GPT-4 had a Kendall correlation

coefficient of 0.662 when evaluated using human judgment,

which far exceeded traditional automatic evaluation met-

rics. However, when directly used for error correction tasks,

there was an issue of over generation, with a modification

rate of up to 18 % for error free sentences [20].

2.4 Research on pseudo parallel corpus
generation

To address the scarcity of annotated corpora, researchers

propose generating pseudo-parallel corpora to expand

training data. The mainstream methods can be divided

into two categories. One is regularized noise injection,

which generates erroneous sentences by randomly deleting,

replacing, and inserting words. The second is model driven

error generation. It uses a small amount of annotated data

to train error generation models and then “contaminates”

correct sentences.

According to the literature analysis above, the primary

objective of existing research is to address the three core

limitations of grammar correction models: corpus adap-

tation, error correction accuracy, and teaching practical-

ity. The existing rule-based models rely on manual rule

libraries, resulting in incomplete error coverage and weak

generalization ability. The basic Transformer model overly

relies on scarce annotated corpora and is prone to excessive

error correction. A single pseudo corpus optimizationmodel

is difficult to meet the practical needs of “precise error cor-

rection + personalized support” in online English teaching

due to insufficient corpus authenticity and lack of adapt-

ability to teaching scenarios. In response to these shortcom-

ings, the research method employs a collaborative design

consisting of an improved Transformer architecture, multi-

strategy pseudo corpus generation, and a dual optimiza-

tion module. This design enhances the ability to capture

semantic and word order through a replication mechanism

and position encoding. Additionally, it solves the problem

of weak long-distance dependency processing in traditional

models. Combining three types of pseudo corpus fusion

(noise injection, real error simulation, and an error genera-

tion model) with real student homework data improves the

corpus’s authenticity and the model’s generalization ability.

Compared with a single reverse translation pseudo corpus

model, the real error matching degree is increased by more

than 40 %. Balancing the generation probability through

spell-checking, preprocessing, and replication mechanisms

reduces the error-free sentencemodification rate from 18 %

to below 5 %. Overall accuracy improved by about 10.5 %

points compared to the basic Transformer model. At the

same time, the researchmethod designs a statistics panel for

error types anda grade adaptation function for teaching sce-

narios. It covers five types of high-frequency errors and pro-

vides instant rule feedback. This overcomes the limitations

of existing models that focus on technical indicators and

neglect teaching value. It transforms “technical correction”

into “teaching empowerment” and provides more accurate,

practical technical support for online English teaching.

3 Construction of deep

classification syntax correction

algorithm

3.1 Transformer core algorithm

The self-attentionmechanism (SAM) is the core of the Trans-

former model, which enables the model to perform parallel

calculations and capture long-distance dependencies when

processing sequences [21]. In this structure, each word of a

sentence corresponds to three matrices of query quantity

q, key vector k, and value vector 𝑣. The query quantity q

is responsible for calculating the correlation information

between the current coded word and other words in the

sentence. The key vector k is responsible for querying and

encoding the information of word relevance. The value vec-

tor 𝑣 is the information about the words to be encoded.

These three vectors are obtained by multiplying the word

embedding vector of the word and three different weight

matrices WQ, WK , and WV . The vectors corresponding to

each word are combined to generate Q, K, and V matri-

ces. Then the dot product results of the query matrix Q

and the key matrix K are scaled and normalized. The final

processing result is obtained by point multiplication of the

result and the value matrix. The process of SAM is shown in

formula (3.1).

Att(Q,K,V) = softmax

(
QKT√
bk

)
V (3.1)
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Figure 3.1: The overall structure of SAM.

The size of bk in formula (3.1) is the dimension of q and

k. The overall structure of SAM is shown in Figure 3.1.

Taking the attention score of the word ‘Thinking’ as an

example, it first needs multiply the word embedding vector

x1 of the word by three weight matrices to obtain the corre-

sponding query vector q1, key vector k1, and value vector 𝑣1.

Then it needs tomultiply the obtained q1, k1, and k2 to get the

corresponding attention score, and divide the score by the

root of the q1 and k1 dimensions to scale the attention score.

Finally, the softmax function is used to normalize and scale

it, and the final result is obtained by weighted sum with the

value vector. The concrete SAM calculationmethod is shown

in Figure 3.2.

MHAM is equivalent to the combination of multiple

SAMs [22]. The MHAM encoding “Thinking Machines” is

studied for interpretation. The attentionmechanismof eight

heads is selected in the study. When encoding the word

“Thinking”, at first, the word is converted into the word

embedding vector x. Then it needs to multiply the word

embedding vector by eight different weight matrices to

obtain eight different sets of query vectors qi, key vector ki,

and value vector 𝑣i(i = 0, 1,… , 7). Next it needs to operate

each head in the sameway as self-attention to get the vector

zi(i = 0, 1,… , 7). Finally, these vectors are spliced together

with the weight matrix to get the encoded vector z. The cal-

culation is generally carried out in the form of matrix. The

matrix operation process of MHAM is shown in Figure 3.3.

MHAM provides more possibilities for the code model

to acquire multiple semantic information. Each header can

be responsible for different semantic information, such as

capturing local semantic information around the coded

word, or capturing long-distance semantic information.

Thinking Machines

x1

q1

k1

v1

x2

q2

k2

v2

112 96

z1 z2

Figure 3.2: SAM calculation method.

However, it does not take the word order of the input sen-

tence into account in the calculation process. Therefore, sen-

tences with different word sequences have the same coding

results. However, in the actual natural language processing

process, the encoding process is generally required to incor-

porate the word order information in the sentence. There-

fore, the Transformermodel introduces location coding into

the SAM coding process. The position vector corresponding

to eachword in the sentence is different. The position vector

is determinedmanually, and the design rules of the position

vector are shown in formula (3.2).

p(i, 2𝑤) = sin

(
i

10000 2𝑤
d

)
(3.2)

In formula (3.2), 𝑤 is the word vector corresponding to the

currentword, and d is the dimension of theword vector. The

Transformer model includes encoder and decoder sections,

each consisting of 6 layers. Each encoder layer consists

of a MHAM and a forward fully connected network, with

residual connections and normalization. The decoder layer

adds an additional attention layer on top of the encoder. The

overall model structure processes sequential data through

modularity and repetition layers. The overall structure of

the Transformer model is shown in Figure 3.4, where N is

the number of layers of the encoder and decoder.
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Figure 3.3: Matrix operation process

of multi-head attention mechanism.
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Figure 3.4: Hierarchy of encoder and decoder.

When correcting grammatical errors, they are usually

reflected in the use of individual words in sentences. The

rest is usually grammatically correct. To avoid the disturb-

ing effect of grammar correction algorithm on sentences

without grammatical errors, a Transformer model based

on replication mechanism is proposed. It can directly copy

words without grammatical errors into the target sentence.

The research takes an English grammar correction task as a

machine translation task. For the input of source statement(
x1,… , xN

)
containing syntax errors, the target statement

(
y1,… , yT

)
is corrected accordingly. Formula (3.3) is the

sequence generation process of the correction sentence.

⎧⎪⎪⎨⎪⎪⎩
hsrc
1,…,N

= encoder
(
Lsrcx1,…,N

)
ht = decoder

(
Ltrgyt−1,…,1, h

src
1,…,N

)
St
(
g
)
= softmax

(
Ltht

) (3.3)

In formula (3), L represents the word embedding matrix.

hs
1,…,N

represents the implicit state after the source state-

ment is encoded by the encoder. ht indicates the implicit

state of the prediction target word. St
(
g
)
is the probabil-

ity distribution of the target word. At present, the num-

ber of sentences with grammatical error correction and

manual tagging is small, which greatly limits the research

progress of the algorithm. The research will increase the

training data by creating pseudo-parallel sentence pairs,

and explore the impact of different generation methods of

pseudo-parallel sentence pairs on model performance.

3.2 Copy mechanism and its application

The study uses three methods to generate pseudo parallel

corpora to expand training data for grammar error cor-

rection, as shown below. (1) Noise is added directly to the

correct sentence. By performing BPE word segmentation

on the sentence and performing deletion, replacement, and

occlusion operations with a certain probability are per-

formed to create grammar errors. (2) Real language learning

errors are simulated. Common errors are collected in the

English learning. Moreover, a word modification dictionary

is created, which is used to perform specified probability
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substitutions, synonym substitutions, or part of speech per-

turbations on words in high-quality corpus. (3) A gram-

mar error generation model is trained. Utilizing existing

manually annotated data, a model is trained to generate

incorrect sentences and expand the dataset. A correct sen-

tence sequence x =
(
x1, x2,… , xn

)
is processed and the cor-

responding wrong sentence y =
(
y1, y2,… , ym

)
is gener-

ated are assumed. The probability of sentence syntax error

generation and the loss function of the model are shown

in formulas (3.4) and (3.5). The parameter 𝜎 is trained by

minimizing the loss function.

s
(
x|y) = m∏

t=1
s
(
xt
||y, x1:t−1;𝜎) (3.4)

L(𝜎) =
m∑
t=1

− log s
(
xt
||y, x1:t−1;𝜎) (3.5)

Through the method of formula (3.4), a grammar error

generation model can be trained. English corpus without

grammar errors can be input into the model. Moreover, the

English text with grammar errors can be obtained, thus

generating a large number of parallel sentence pairs. The

Transformer model based on the replication mechanism

adopted in the study directly copies the correct words into

the target sentence. The probability distribution of words

in the target sentence is the combination of the probability

distribution S
ge

t
generated by the error correction model

and the probability distribution Sco
t
copied by the source

sentence. The specific principle is shown in formula (3.6).

St
(
g
)
=

(
1− 𝛽

co
t

)
⋅ sge

t

(
g
)
+ 𝛽

co
t

⋅ sco
t

(
g
)

(3.6)

In formula (3.6), 𝛽co
t
∈ [0, 1], and 𝛽cot represents the balance

parameter of each time step t used to control the generation

probability and replication probability. Figure 3.5 shows

the structure of Transformer model based on replication

mechanism.

Figure 3.5 shows the structure of the model in detail.

The probability distribution of the target word is gener-

ated by the basic Transformer model. The implicit state

hsrc
1,…,N

(Hsrc) of the input word of the source statement and

the implicit state of the target word are used to solve the

copy score. The solution of copy-based attention score is

consistent with that of conventional Transformer attention

score, as shown in formulas (3.7) and (3.8).

qt,K,V = h
trg

t
WT

q
, HsrcWT

k
, HsrcWT

𝑣
(3.7)

Sco
t

(
g
)
= softmax

(
Rt
)

(3.8)

In formula (3.7), qt,K,V are the query, key, and value vectors

used to calculate the attention distribution and copy the

hidden layer. The attention distribution obtained bynormal-

ization is taken as the copy score, and the balance parameter

𝛽
co
t
is estimated by copying the hidden layer, as shown in

formula (3.9).

𝛽
co
t
= sigmoid

(
Wt

∑(
T

R
t
⋅ V

))
(3.9)

The loss function of the model is shown in formula

(3.10).

3.3 Summary of deep classification
grammar correction algorithm process

Based on the above description, the overall process of the

deep classification based grammar correction algorithm

model designed for research is shown in Figure 3.6.

As shown in Figure 3.6, the deep classification syntax

correction model proposed by the research is built around

Encoder

Decoder

Attention Distribution Final Distribution

Copy score

Vocabulary Distribution Figure 3.5: Transformer model structure

based on replication mechanism.
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Figure 3.6: The overall process of syntax correction algorithm model based on deep classification.

a Transformermodel based onmulti-head attentionmecha-

nism (MHAM). First, the SAM is utilized to achieve sequence

parallel computing and long-distance dependency capture.

Attention scores are generated through matrix operations

of query vectors (q), key vectors (k), and value vectors (V).

Multiple SAMs are then combined into an MHAM to obtain

multidimensional semantic information. Additionally, posi-

tional encoding is introduced to address the Transformer

model’s insensitivity to word order by incorporating sen-

tence order information. The Transformer model includes

6 layers of encoders (including MHAM and forward fully

connected network) and decoders (with additional atten-

tion layers). Second, three methods are used to generate a

pseudo-parallel corpus to expand the training data. A repli-

cation mechanism is also introduced to enable the model

to directly replicate grammatically correct words in the tar-

get sentence. By balancing parameters and combining the

error correction model to generate probabilities and source

sentence replication probabilities, the final probability dis-

tribution of the target word is obtained. Finally, the Adam

algorithm is used to optimize the model parameters, while

a dual optimization strategy is employed to further improve

the model performance, resulting in the final SP + humans

+ TFcopy algorithm.

3.4 Model evaluation metrics

To comprehensively and objectively assess the performance

of the grammar error correction model, three core metrics

and one auxiliary metric are adopted.

1. Accuracy: Measuring the proportion of correctly cor-

rected errors among all error correction attemptsmade

by the model is shown in formula (3.10).

Accuracy = TP

TP + FP
(3.10)

TP (true positive) represents the number of errors that

are actually present and correctly corrected by the

model, and FP (false positive) represents the number

of non errors that are incorrectly identified and mod-

ified by the model. This metric focuses on reducing

“excessive error correction” to ensure the reliability of

the model’s outputs.

2. Recall: Measuring the proportion of correctly corrected

errors among all actual errors in the test data is shown

in formula (3.11).

Recall = TP

TP + FN
(3.11)

FN (false negative) represents the number of errors

that are actually present but not detected by the model.

This metric reflects the model’s ability to identify

errors, especially edge and complex errors.

3. F0.5-Score: A weighted harmonic mean of Accuracy and

Recall, with a weight of 0.5 assigned to Recall and 2 to

Accuracy, is shown in formula (3.12).

F0.5 =
(
1+ 0.52

)
× Accuracy × Recall

0.52 × Accuracy+ Recall
(3.12)

Thismetric prioritizes Accuracy over Recall, which

aligns with the research goal of avoiding excessive
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error correction in online teaching scenarios while

maintaining the ability to identify basic errors.

4 Algorithm performance analysis

4.1 Definition of basic parameters
and optimization strategies
for experimental design

The experimental content is implemented on the Python

1.0 platform, and the fairseq framework is used to train

the model, while the Tesla V100 is used to accelerate the

model training process. In this study, “SP + Rehuman +
TFcopy” represents a complete system that integrates spell-

checking modules and uses pre-trained Transformer mod-

els based on replication mechanisms that simulate human

error-generated corpora. “SP” represents the spell-checking

module, which detects and corrects spelling errors before

the input text enters the main grammar correction model.

“Pre” stands for pre-training, which refers to pre-training

the model using the three methods described in Section 3.2

(directly adding noise, simulating real errors, and train-

ing error generated models) to generate large-scale pseudo

parallel corpora. The suffixes “man” and “human” specif-

ically refer to the method of generating pre-trained cor-

pora,while “Preman” indicates the use of artificially defined

rules to generate pseudo parallel corpora for pre-training.

“Prehuman” refers to pre-training pseudo parallel corpora

generated by simulating real language learning errors or

using error generation models trained on manually anno-

tated data, which are closer to real errors. “TFcopy” refers to

the Transformermodel based on the replicationmechanism

proposed in this study. “Double optimization” refers to the

simultaneous use of two optimization strategies. One is to

introduce a spell checking module, and the other is to use

pseudo parallel corpus for pre-training.

4.2 Experiment 1: comparison of different
transformer network structures

For experiment 1, three different network structures based

on Transformer are used to train grammatical error correc-

tion tasks, and the error correction results are compared.

The three methods are the basic TFbase, the TFmore that

expands the dimensions and increases the number of atten-

tion heads at each level on this basis, and the Transformer

model based on the replication mechanism proposed by the

research, namely TFcopy model. Table 4.1 shows the struc-

tural parameters of three different models.

Table 4.1: Structural parameters of three different Models.

TFbase TFmore TFcopy

Word embedding dimension 512 1,024 512

Number of attention heads 8 16 8

Hidden layer dimension of

feedforward network

2,048 4,096 4,096

Number of network layers of

encoder and decoder

6 6 6

The dropout value is 0.3 and the initial learning rate is

1 × 10−4, the minimum learning rate value is 1 × 10−9, and

the number of max-tokens is 4,000. Adam algorithm is used

to optimize themodel so that the adjustment of learning rate

can be automated. 𝜒 1 = 0.9. 𝜒 2 = 0.99.

4.3 Experiment 2: training and fine tuning
of TFcopy model

For experiment 2, TFcopy is used for training and fine-tuning

of the model, and the parameter settings of other exper-

imental environments and training stages are the same

as experiment 1. The hidden layer dimension of the feed-

forward network of the reverse syntax error generation

model is 1,024, and the number of attention heads is 4. Lang-

8, NUCLE, W&I_dev, and FCE_dev are used for model train-

ing, including onemillion sentences. There are two datasets:

W&I_dev, FCE_dev for verification and adoption, including

7,000 sentences. The test set uses the CoNLL-2014 dataset,

which includes 5,000 sentences. The results of the error

correctionmodel after the introduction of the spelling check

module on the CoNLL-2014 testing dataset are compared

with those of the other two models, as shown in Figure 4.1.

Sub-fig. (c) in Figure 4.1 shows the comparison results

of the bias model formed by the designed model under

different optimization settings. The accuracy value of TFcopy
+ SPmodel is 68.76 %, the recall value is 33.48 %, and the F0.5
value is 53.31 %. All values are the highest in the same basic

optimization setting model. The second accurate is 62.18 %

of TFcopy, the second recall is 32.33 % of TFmore + SP, and the

second accurate is 51.65 % of TFmore + SP. The same basic

optimization model that is close to TFcopy + SP in terms of

overall indicators does not exist, and TFmore + SPl is the only

model with the second performance. TFcopy + SP with the

best optimized setting is compared with other models, and

the peak accuracy of the best model under the MCNN and

SMTmodel cluster is 67.06 %. The peak recall rate of the best

model is 23.17 %, and the peak F0.5 value of the best model is

49.73 %, both of which are smaller than the relevant values

of the TFcopy + SP model. At the same time, in the classifier

model, the peak accuracy rate of the best model is 60.19 %,
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Figure 4.1: Results of different error correction models on the CoNLL-2014 training dataset.
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the peak recall rate of the bestmodel is 25.68 %, and the peak

F0.5 value of the best model is 17.45 %. Both of them are less

than the relevant values of the TFcopy+ SPmodel. The output

effect of the model is shown in Figure 4.2.

From Figure 4.2, the output value of the study is

close to the real value, and the overall trend is consistent,

indicating that the model has certain accuracy in grammar

error detection and classification.

4.4 Comparison of the effectiveness
of pre-training pseudo parallel corpora

The effect of the pre-training model and the addition of the

spell check module on the CoNLL-2014 training dataset is

shown in Figure 4.3.

From Figure 4.3, the accuracy rate of SP + Preman

algorithm reaches 60.52 % among all optimized algorithms,

which is the highest accuracy rate among all comparison

models. The recall rate of SP + Preman algorithm reached

31.46 %, which is not the highest value in the comparison

model, but is close to the highest value. The F0.5 value of SP+
Preman algorithm reaches 48.68 %,which is also the highest

accuracy of all comparison models.

4.5 Performance verification of dual
optimization model (SP+ humans+
TFcopy)

In general, the SP + Preman optimization setting algorithm

designed by the research has the best performance. The test

results of the CoNLL-2014 test set are shown in Figure 4.4.

In Figure 4.4, the SP + Prehuman + TFcopy algorithm

with dual optimization settings performs well on the
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CoNLL-2014 test set in this study,with anaccuracy of 68.53 %,

ranking first among all compared algorithms. At the same

time, the F5 value of the algorithm also reaches 58.26 %,

the highest among similar model-based optimization algo-

rithms and other types of models. In the horizontal com-

parison, the highest accuracy of the error correction model

based on MCNN is about 67.06 %, while the highest accu-

racy of the error correction model based on character level

CNN is about 54.70 %. Both lower than the algorithm in this

study. In terms of recall rate, the SP + Prehuman + TFcopy
algorithm reaches 36.43 %, which is higher than the best

model based on MCNN (about 27.55 %) and also better than

the model based on character level CNN (about 34.70 %).

Based on various indicators, the SP + Prehuman + TFcopy
algorithm performs the best overall on the CoNLL-2014 test

set. The practical performance effects for different syntax

error types are shown in Figure 4.5.

From Figure 4.5, the MLConv (4 ens)+EO model with

relatively high F0.5 value is selected for comparison. The

accuracy rate, recall rate, and F0.5 value of the designed

model in singular and plural errors of nouns are 63.53 %,

53.46 %, and 66.67 %, respectively, which are higher than

57.71 %, 40.32 %, and 64.37 % of MLConv (4 ens)+EO model.

The accuracy rate of prepositional errors and F0.5 value of

the designedmodel are 23.64 %, 8.92 %, and 40.24 %, respec-

tively, which are higher than the 23.26 % and 36.74 % of

MLConv (4 ens)+EOmodel. Themodel designed in the study
is inferior in the recall rate, but the overall gap is not large,

which does not affect the comprehensive performance judg-

ment. At the same time, the accuracy rate, recall rate, and

F0.5 value of the designed model are 56.37 %, 43.68 % and

60.79 % respectively, which are higher than 55.67 %, 37.84 %

and 58.2 % of MLConv (4 ens)+EO model. To sum up, the

designed model is only slightly inferior in the recall rate,

but the gap is not large. It shows significant advantages in

other performance values. The grammar correction model

designed by the research can provide an effective teaching

aid for online English teaching. The low overall recall rate is

due to the fact that the research model focuses on improv-

ing error correction accuracy by introducing replication

mechanisms and dual optimization strategies. In terms of

parameter settings and loss function optimization, it places

more emphasis on reducing the risk of “excessive error

correction”. This “guarantee all” strategy sacrifices the abil-

ity to identify some edges and complex errorswhile improv-

ing accuracy (up to 68.53 %).

4.6 Analysis of error correction effectiveness
for specific grammar error types

The effectiveness of the SP + Prehuman + TFcopy grammar

correction model is further illustrated in practical applica-

tions. A computerwith 16 GBof RAM is used for testing in the

Matlab2017a andWindows 10 operating system. 1,200 online

English assignments from A school’s first, second, and third

year students are selected as the test subjects, which con-

tain 322,56 English sentences. The accuracy of correcting

singular and plural errors, preposition errors, article errors,

adjective errors, and pronoun errors are tested in these

assignments. The specific results are shown in Figure 4.6.

Figure 4.6 shows the error correction test results of

online English homework in high school using the error cor-

rectionmodel. FromFigure 4.6(a), the error correction accu-

racy of high school students’ homework is relatively high

in all parts, especially for adjective errors, reaching 95 %,

while the accuracy of article errors is relatively low, at 89 %.

From Figure 4.6(b), the overall error correction accuracy of

high school sophomores’ assignments is slightly lower than

that of high school freshmen. The error correction accuracy

of preposition and adjective errors is the same, both at 90 %,

while the error correction accuracy of pronoun errors is

the lowest, at 86 %. From Figure 4.6(c), the error correction

accuracy of high school students’ homework continues to

decline, with the error correction accuracy of article errors

being 88 %, which is the same as high school students’,

while the error correction accuracy of adjective errors is

58.82
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Figure 4.5: Comparison of effects of different models in specific error types.
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Figure 4.6: Grammar test results of English homework for different grades in high school.

the lowest, only 83 %. The accuracy slightly decreases with

grade, as older students’ English assignments may be more

complex, using more advanced and diverse grammatical

structures and vocabulary, which may lead to challenges

for error recognition and correction. Second, the training

data of the error correction model may not be sufficient

when facing the more complex language characteristics of

older students, resulting in a decrease in the model’s cop-

ing ability. Although the accuracy has decreased, the error

correction accuracy is still at a high level, indicating that

the model is still effective in practical applications and can

provide reliable error correction services for students of

different grades.

Providing more immediate and accurate feedback on

grammar corrections can enhance students’ engagement

and confidence in learning, as well as promote long-term

knowledge retention. For example, when a student repeat-

edly makes errors in the third person singular and plu-

ral forms of the verb “He go to school” in their essay, the

system can immediately highlight the error and provide a

correction suggestion of “He goes to school”, while giving a

concise rule prompt of “adding -s to the verb after the third

person singular subject”. This instant feedback avoids the

solidification of error patterns and improves students’ accu-

racy of the grammar point in their next writing. Meanwhile,

the system can adapt to different levels of language com-

plexity, provide teachers with efficient teaching aids, opti-

mize teaching processes, and offer personalized learning

support. For example, when writing argumentative essays

in the third year of high school, the system can recognize not

only basic subject-verb agreement errors, but also redun-

dant expressions in complex sentence structures, such as

“desire the fact that”, and suggest more precise “although”

structures. This helps high-level students improve the accu-

racy and conciseness of their language. Teachers uses the

“Error Type Statistics Dashboard” in the system backend to

identify collective weaknesses in the use of articles in class.

They then designs targeted thematic training, transforming

unified teaching into precise, personalized guidance.

5 Conclusions

Aiming at the problem of insufficient grammar teaching

resources in classroom English teaching, a deep classifi-

cation grammar correction algorithm for online English

grammar teaching was researched and designed. The core

achievements could be summarized into two aspects. One

was to construct an architecture based onMHAM improved

Transformer model as the core, which solved the problem

of missing word order information by introducing posi-

tion encoding. It effectively reduced the interference of

incorrect sentence pairs during model training through the

integration of a replication mechanism. Simultaneously, it

employed three pseudo-parallel corpus generationmethods

to expand the volume of training data. Finally, the SP +
Prehuman+ TFcopy algorithm formed by the dual optimiza-

tion of “spelling check module (SP)+pseudo parallel corpus
pre-training” achieved an accuracy of 68.53 % and F0.5 value

of 58.26 % on the CoNLL-2014 test set, both ofwhichwere the

highest compared models. Moreover, the error correction

effect was better than the MLConv (4 ens)+EO model on

typical errors such as singular and plural nouns and arti-

cles. Second, the model performed stably in real teaching

scenarios. It had an error correction accuracy rate of over

83 % for 1200 English assignments across three high school

grades. It could adapt to the difficulty of assignments in
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different grades and could also assist teachers in achieving

precise teaching through the “Error Type Statistics Panel”.

Through real-time feedback, it helped students avoid fixed

error patterns.

At the same time, the research has certain limitations.

The model had a low recall rate of 33–36 %, which sacri-

ficed the ability to identify edge and hidden errors because

accuracy was prioritized. There were differences between

pseudo parallel corpora and personalized errors in real lan-

guage learning, and therewere insufficient training samples

for complex and difficult sentences in higher grades. The

model lacked the ability to dynamically adapt to individual

student error characteristics, and personalized support only

stayed at the group level.

This study’s broad significance lies in providing a

new approach to online English teaching: “technology-

empowered precision teaching.” This approach solves the

problems of feedback lag and uneven resources in tradi-

tional teaching. In the field of NLP, the effectiveness of

the Transformer model when combined with a replication

mechanism and a pseudo-parallel corpus for grammar cor-

rection tasks has been verified. This provides a reference for

text correction research in scenarioswith limited resources.

Therefore, future research can be improved from three

aspects. One is to optimize the design of the loss func-

tion, introduce a recall accuracy balance mechanism, and

enhance the ability to identify implicit and edge errors.

The second is to construct a multimodal corpus that inte-

grates erroneous data from real students, and enhances

the authenticity and pertinence of the data by combin-

ing tags such as native language background and learn-

ing stage. The third is to add a student portrait mod-

ule. This module can adjust personalized error correc-

tion strategies by tracking individual error trajectories.

This further enhances the model’s adaptability in teaching

scenarios.
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