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ABSTRACT In this paper, we propose MCNN-ReMGU model based on multi-window convolution and
residual-connected minimal gated unit (MGU) network for the natural language word prediction. First,
the convolution kernels with different sizes are used to extract the local feature information of different
graininess between the word sequences. Then, the extracted features are fed to the residual-connected MGU
network. Finally, the prediction results are output by the SoftMax layer. Through the residual-connection
processing of MGU network in the model, not only the problems of vanishing gradient and network
degradation are effectively solved, but also the long-term dependence between word sequences is effectively
extracted to predict the next word accurately. Meanwhile, the introduction of the convolution kernel in a
convolutional neural network (CNN) enables the feature information between word sequences to be extracted
more fully. The experimental results on the Penn Treebank and WikiText-2 datasets show that the proposed

method has certain advantages in the word prediction task.

INDEX TERMS Deep learning, convolution operation, residual connection, word prediction.

I. INTRODUCTION

Word prediction is one of the essential tasks of language mod-
els in the field of natural language processing (NLP), which
uses a language model to capture the joint distribution of
natural language word sequences. Some characters or words
are typically given to predict the probability of the following
characters or words. The traditional probability-based lan-
guage models, such as the Hidden Markov, Conditional
Random Field, and Decision Tree, are widely used to
solve the word prediction problem [1]. With the advance
of deep learning technology, language models based on
neural networks have been widely adopted in the field
of NLP. Recurrent neural network (RNN) [2] can cap-
ture the sequence connection between words within a sen-
tence, and apply contextual semantic information to the
current situation, thereby enhancing the semantic relevance
within the sentence. However, useful historical information
is weakened in processing the long-time information due to
gradient dispersion [3]. To address this problem, Hochre-
iter and Schmidhuber [4] adopted a long short-term mem-
ory (LSTM) network, by adding order dependence between
word sequences, to make full use of historical informa-
tion. Also, the gated recurrent unit (GRU) network [5], [6]
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effectively solved the gradient dispersion problems in RNN,
and GRU is a more simple structure and trained faster than
LSTM [7]. The model based on minimal gated unit (MGU)
[8], [9] is efficiently trained with fewer parameters, and a
single forget gate, achieving comparable prediction accuracy
comparable to other gate units [10].

As discussed above, the advance of the internal structure
unit can improve the performance of RNN in natural language
word prediction. However, deeper network or increased num-
ber of hidden nodes often induces the network degradation
and over-fitting issues. Li et al. [11] proposed a robust inde-
pendent recurrent neural network (IndRNN) where neurons
in the same layer are set independently of each other, and
neurons in different layers are cross-connected. This method
enabled the model to be robust at a relatively large net-
work depth and effectively overcame the problem of network
degradation. Zilly et al. [12] proposed Recurrent Highway
Network (RHN), which is an extension of the LSTM, to allow
multiple hidden state updates at each time step. In RHN,
the degradation of the weight matrix was alleviated so that
the vanishing gradient was resolved. The residual network
[13] addressed the gradient dissipation problem in the back-
propagation process by utilizing the nature of the identity
connection.

In order to reduce the over-fitting problem, two
approaches: the dropout [14]-[16] operation and batch
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normalization [17]-[19] are widely used. In the training
process, the dropout randomly prevented some neurons from
participating in the training and weakened the joint adapt-
ability between the neuron nodes to avoid over-fitting. The
batch normalization normalized the input data to ensure that
the data distribution remains unchanged and improved the
generalization ability of the model.

The convolutional neural network (CNN) [20] consists
of deep-stacked convolutional layers, which has a strong
processing ability for local information of data. CNN has
been successfully adopted in many computer vision appli-
cations. In this paper, utilizing the ability of local infor-
mation processing of CNN and the ability of the word
sequences feature extracting of residual-connected MGU
network, multi-window convolution and residual-connected
MGU network (MCNN-ReMGU) is proposed. First, the
convolution kernels extract the local feature relationships
between the word sequences. Then the residual-connected
MGU network fully learns the long dependency relation-
ship between the word sequences. Thus, both global and
local feature information of the word sequence is thoroughly
used in word prediction. Also, L2-norm [21], [22] and batch
normalization are employed to avoid the over-fitting of the
network.

In this paper, we employed the high-dimensional feature
extraction capability of convolution kernels to fully obtain the
depth feature information between word sequences, At the
same time, we carried on the residual connection processing
to the MGU network to make the network more sensitive to
gradient changes, and solved the network degradation prob-
lem caused by deep network depth and finally proposed the
MCNN-ReMGU model.

The main contributions of our work and the innovation of
this paper are as follows:

1. In order to fully mine the local feature information
between word sequences and improve the prediction
accuracy of the model, we introduced the convolution
kernel of CNN into the language model of sequence
prediction task, and checked the convolution operation
of adjacent word sequences by using convolution of
different window sizes, thus enhancing the influence of
adjacent word sequences on the prediction target.

2. To solve the problems of vanishing gradient and net-
work degradation caused by the increase in the number
of network layers, we conducted residual connection
based on MGU unit, so that the model could carry out
more in-depth training when the network depth was
relatively deep, and proved this theoretically.

3. In this paper, the MCNN-ReMGU model can
effectively obtain the global and local feature infor-
mation between the word sequences, and deeply exca-
vate the word sequence connection in sentences, thus
improving the word prediction ability of the model.

4. The research results of this paper can provide technical
support for automatic writing, text content input and
other tasks.
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FIGURE 1. Convolution operation.

Il. PRELIMINARIES

In conventional methods, the hand-crafted features were
usually used to extract the characteristics between word
sequences. Recently, neural network models (such as CNN
and RNN) have been increasingly adopted with the rapid
advance of deep learning, which can automatically extract
features from data, and have successfully extracted fea-
tures regardless of that is local information or temporal
information.

A. CNN

A deep CNN can effectively extract the feature information
from locally-adjacent words by its inherent ability in the local
feature learning [23], [24]. A typical CNN is composed of
an input layer, convolution layer, pooling layer, and fully
connected layer. In NLP, the input layer of CNN is a vector
representation of words defined as:

E € R, (1)

where E is the vector representation of words of the input
layer of CNN, m is the dimension of the word vector, and n
is the length of the given sentence.

The nodes of the convolution layer are only connected to
a local input, rather than fully connected to each input point.
Convolution layer convolves the input matrix with a different
size of kernels, extracting local features of input data:

c=f(W®x+b), @

where c is the text feature vector, x is the word embedding
matrix. W is the weight matrix, and b is the offset. f is the
activation function and ® indicates the convolution opera-
tion. Taking Fig. 1 as an example, the specific convolution
operation process is:

Cit = WX +WiXn+WauXo1+WaXz,  (3)
Cio = Wi Xpp+Wi X3 +Woi1 Xoo+WaXos,  (4)
Cot = Wi X1+ Wi X+ W21 X314+ WXz, (5)
Crn = Wi Xn+WiX3+Wo X324+ WXszs,  (6)

The function of the pooling layer is to compress the infor-
mation from the previous layer. The pooling layer takes
the feature vector obtained by the convolution layer, then
extracts locally more important feature information through
the down-sampling process. The fully connected layer pro-
duces the output of the entire network, taking the output of
the pooling layer as an input.

B. RESIDUAL NETWORK

The residual network [25], [26] can effectively solve the
problem of network degradation. It principally transforms the
fitted identity mapping function H (x) = x into the optimized
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FIGURE 3. MGU structure diagram.

residual function F(x) = H(x) — x. When F(x) = 0
in the residual function constitutes the identity mapping of
H(x) = x. That is, the network identity of this layer maps the
input of the previous layer, thereby avoiding the redundancy
generated by the redundant network layer and not increas-
ing the number of network parameters. The diagram of the
residual network is shown in Fig. 2.

C. MINIMAL GATED UNIT
MGU is an effective simplified variant of the gated unit,
which is inspired by the GRU structure. Because the forget
gate is the most essential and indispensable [5], [27], [28],
only the forget gate structure is employed in MGU, unlike
the other recurrent neural networks such as LSTM and GRU,
as shown in Fig. 3.

Similarly to GRU, MGU merges reset gate and update gate,
thus modifying the calculation method of hidden state in the
recurrent neural network as follows:

fi=0(Wr-x; +Ur - hy_y + by), (7
a; = tanh(Wg - x; + Uqg(hy—1 - f1) + ba), ®)
he = —f) -1 +Ji - ar, 9

where x; represents the input value of the current layer at time
t. hy and h,_; are the state vector at the time ¢ and ¢t — 1,
respectively. o is the sigmoid function. a; is the candidate
hidden state at time ¢, that is the output value of the forgetting
gate. tanh is the hyperbolic tangent activation function of the
candidate hidden state. Wy, W, Uy and U, are the weight
parameter matrices; by and b, are the offset vectors.

lIl. MCNN-REMGU MODEL
The proposed MCNN-ReMGU model mainly consists of four
parts: word embedding layer, CNN local perception layer,
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FIGURE 4. Model framework.

residual connection MGU network layer, and softmax output
layer. The overall structure framework is shown in Fig. 4.

A. WORD EMBEDDING LAYER

Word embedding [29] is a distributed expression of words,
which maps words from a high-dimensional sparse space to
a relatively low-dimensional real vector space. In the input
layer, each word is first represented by a real vector through
the word embedding process. With the word embedding,
a given sentence S = [x1,...,X, ..., X,;] where x; is the
corresponding word in the sentence is expressed as follows:

Sy =lw1, ..., ...0n] € R, (10)

where n is the number of words in the sentence, d is the
dimension of the word vector, and w; is the vector represen-
tation of x; in the sentence.

B. CNN LOCAL PERCEPTION LAYER

CNN extracts sequence feature information with different
granularity by using different window sizes of convolution
kernels [30]. In the CNN local perception layer of this paper,
multiple 72 x d convolution kernels (4 is the window size of
the convolution kernel andd is the dimension of the embedded
vector) are used to conduct convolution operation on the sen-
tence S = [x1, ..., x,] € R"™4, and the local features of the
data are mined to achieve the purpose of feature enhancement
and reduction of model calculation parameters, as shown
in Fig. 5. The batch normalization is applied after each con-
volution operation to prevent the transfer of covariates within
the data. The batch normalization is defined as follows:

1 n

=~y X (11)
1 n

o= =) (12)
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~ Xi — UB

Xi= ——, (13)
1/‘71% + ¢
BN, p(x;) = yXi + B, (14)

where B is a small batch of data of size n as B =
{x1,x2,...,x,}.nand O'I% are mean and variance respectively.
y and B are the parameters to be learned. Since the batch
normalization process can eliminate the deviation, the offset
vector in (2) is removed, that is as:

m; = f(BN(We¢ ® Xiith—1)), 15)

where m; represents the i feature obtained by the convolu-
tion operation. BN and ® indicate the batch normalization
and convolution operations, respectively. f represents the
non-linear function ReLU. W, represents the weight matrix
of the convolution, which is a feature set obtained by a con-
volution operation on the input feature x with a convolution
kernel of window size h. Note that the beginning of the word
sequences are filled with the zero vector to avoid introducing
feature information of predicted words.

Then, connect the result obtained by sentence convolution
to obtain the output of the convolution layer, that is as:

M= [mlymZ,-'-»mn]' (16)

The output size of this layer is n x r after » convolution
operations due to the zero-padding in the word sequences.
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TABLE 1. Parameters setting.

parameter number

hidden units {150, 300, 600, 900}
{3,4,5}

{150(50, 50, 50).

filter sizes

300(100, 100, 100).
filter muymbers 600(200, 200, 200).

900(300, 300, 300)}

Layers {1,3,5,7}
batch sizes 20
number steps 35

dropout 0.5
learning rates 0.25
regularization coefficient A 0.001

C. RESIDUAL CONNECTION TO MGU NETWORK LAYER
As mentioned earlier, when the depth of the network is
increased without special restrictions, redundant network lay-
ers will be generated, which eventually leads to poor net-
work performance. In order to solve the problem of network
degradation, this paper adopts the residual connection to the
original MGU. Also, the activation function of the candidate
hidden state in (8) is modified to the ReLLU activation func-
tion, which can avoid the vanishing gradient caused by the
saturation function so that the deeper network can be trained
[31]. The ReLU function is defined as:
x, x>0

ReLU(x) = 0 x<0 a7

The derivative of ReLU is 0 when x < 0, whereas it is a
constant: 1 when x > 0 so that the back-propagated gradient
does not vanish.

Batch normalization processes the weighted input x; and
the output A, of MGU for each layer. So the improved
ReMGU structure is shown in Fig. 6:

For a given input x1, x2, ..., X,, at time, the ReMGU is
computed as follows:

£l =oBNW} - x)+ U} i), (18)
al = ReLUBN(W!, - x"y+ ULl _, -fly), (19
Bo=a—fh-n_ +f-d, (20)
B = BN(h) +x!, 21

where a! represents the candidate hidden state at time ¢ of
the I™ layer. fzﬁ is the state vector passed to the next layer
after the residual connection processing of the [ layer, that
is, the input of the [ + 1 layer at time z. hﬁ is only used
as the state vector transmitted to the / layer at time ¢ + 1.

188039



IEEE Access

J. Yang et al.: Natural Language Word Prediction Model Based on Multi-Window Convolution and Residual Network

TABLE 2. Test results of different models on PTB dataset. The gray background indicates the best among the methods with the same hidden unit and the
same number of network layers. The bold indicates the best among RNN, LSTM, GRU, and MGU for the same parameters, comparing the performance

between MGU-based and other gate-units-based neural networks.

Model Layers 1 3 5 7
Hidden Units Valid Test Valid Test Valid Test Valid Test
RNN 164.3 163.2 155.4 154.1 175.7 174.1 199.1 198.6
LSTM 1119 114.0 105.8 103.9 114.0 113.3 132.4 131.2
GRU 112.1 1144 105.9 104.3 113.5 112.8 131.8 131.0
MGU 150 112.6 114.9 106.2 104.6 113.7 113.0 132.2 131.4
ReMGU 110.1 109.3 104.3 103.1 103.0 101.7 101.3 100.4
MCNN-MGU 101.5 100.4 96.3 94.9 103.3 102.6 109.0 107.5
MCNN-ReMGU 95.2 94.7 89.6 88.7 89.3 88.8 86.8 86.2
RNN 144.4 143.7 137.1 136.5 158.7 158.0 172.0 171.3
LSTM 100.9 100.3 94.4 93.6 105.8 105.2 123.3 122.0
GRU 100.6 99.9 95.1 94.2 104.5 103.9 122.6 121.2
MGU 300 100.5 99.7 94.8 94.3 104.4 103.7 122.8 121.6
ReMGU 98.1 97.4 93.4 92.5 91.5 90.7 89.7 89.1
MCNN-MGU 84.5 83.7 80.7 80.2 89.4 88.9 96.9 96.2
MCNN-ReMGU 82.7 81.5 79.5 78.3 77.8 76.7 76.2 75.2
RNN 137.2 136.3 133.7 133.1 151.3 150.6 180.5 179.2
LSTM 88.6 87.7 80.6 80.4 93.4 92.6 109.0 108.3
GRU 88.9 88.1 81.5 81.0 92.7 91.8 108.6 107.7
MGU 600 88.3 87.6 81.4 80.8 92.3 91.5 109.2 108.0
ReMGU 86.4 85.5 80.0 79.2 78.9 78.0 71.7 76.7
MCNN-MGU 71.8 70.4 67.2 66.2 73.9 73.1 78.4 71.7
MCNN-ReMGU 70.6 68.7 65.2 63.7 60.8 59.3 58.1 56.6
RNN 134.9 134.0 133.1 131.9 148.3 147.5 177.4 176.6
LSTM 80.6 79.7 77.0 76.2 88.2 87.5 102.8 102.1
GRU 81.4 80.2 77.4 76.5 88.1 87.4 102.2 101.4
MGU 900 81.2 80.8 77.1 76.4 88.4 87.7 101.7 101.0
ReMGU 79.7 79.1 75.7 75.5 74.4 73.5 72.8 71.9
MCNN-MGU 773 76.7 75.1 74.3 80.3 79.5 85.2 84.4
MCNN-ReMGU 75.9 74.4 73.7 72.6 72.0 71.2 70.4 69.3

relationship between the word sequences in the sentence

The offset vector b in (7) and (8) are removed due to the batch
normalization.

Here, only the back-propagation (BP) between ReMGU
layers are discussed because the ReMGU is a residual net-
work based on the upper and lower layers of the network.
Assuming that / is the current number of network layers, L
be a layer deeper than the /, and several network layers exist
between the L layer and the layer, (22) is obtained from (21)
as follows:
ik = !

= BN(hy™") o

x,+Z

Therefore, the partial derivative of x* with respect to x/ can
be expanded as follows:

ke + 2

Bx,l ax,l
0 L—1
1+ o >

According to the chain rule, the gradient of the loss func-
tion ¢ with respect to can be expressed as:

BN(hl (22)

BN (i)

BN(H). (23)

de  de oxf
ax!  oxk ox!
oe a L—1
= —(1+— BN(h)). 24
a0t o Y., BNGp) (24)
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"BN(h) can-
not always be —1 [32], and thus the Vanlshlng gradlent caused
by the continuous multiplication of multiple layers between
the L layer and the / layer can be avoided. The ReMGU
designed in this paper is more sensitive to the gradient change
of deep network, which is conducive to effective informa-
tion transmission between network layers and thus solving
network degradation.

During the entire training process, -~ o Z

D. OUTPUT LAYER
The softmax function provides the normalized values for the
final word prediction, where the output & from the ReMGU
is taken as an input:

$ = softmax(Wh + by). (25)

where Wy and b are weight matrix and bias vector, respec-
tively. In this paper, cross-entropy with L2 norm is adopted
as the loss function, defined as:

D c

Loss = — Zi:l Zk:l yf-‘ logflf-‘ + A1 (26)
where D and C are the size of the training datasets and
the number of categories of data, respectively. y; and y; are
the actual and predicted categories, respectively. A||6]|? is
the regularization-term to avoid the over-fitting and negative
migration, where A and 6 are the regularization coefficient
and model parameter.

VOLUME 8, 2020
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FIGURE 7. (a) the complete variation curve, (b) partially enlarged diagram
of ReMGU and (c) partially enlarged diagram of MGU.

IV. EXPERIMENTAL RESULTS

This section validates the predictive performance of the pro-
posed method. First, we analyze the impacts of multi-window
convolutions and residual connection MGU network on the
prediction. Then, the proposed method is comprehensively
compared with compared methods.

A. EXPERIMENTS DETAILS

The proposed MCNN-REMGU model is implemented in
the Tensorflow 1.14 framework. Specifically, several neural
networks based on different gate units: RNN, LSTM, GRU,
MGU, and the proposed ReMGU are implemented. Also,
the proposed MCNN-MGU is implemented. They were ana-
lyzed and compared on the Penn Treebank (PTB) dataset
[33]. Further, the performance of the proposed method is
compared with the state-of-the-art methods [11]-[16], [34]
on the PTB and WikiText-2 (WT2) datasets. Lastly, further
ablation studies on the L2-norm and batch normalization are
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TABLE 3. The compared results on the PTB dataset.

Model Parameters  Valid  Test
Zaremba et al. [14] (2014)-LSTM 20M 862 827
(medium)
Zaremba et al. [14] (2014)-LSTM (large) 66M 822 784
i;:el(}i/) et al. [12] (2016)—Variational RHN 23M 679 654
Li et al. [11] (2017)-res-IndRNN (11 29M 665 653
layers)
Melis et al. [15] (2017)4-layer skip
connection LSTM (tied) 24M 609 589
Merity et al. [16] (2018)-AWD-LSTM 24M 60.7 588
Dai et al. [34] (2019) Transformer-XL 24M 58.6 569
gzngCNN—ReMGU (600-hidden units,7- 23M 531 566

TABLE 4. The compared results on the WT2 dataset.

Model Parameters Valid Test
fgﬁﬁb&;ﬂu% [14] (2014)- 20M 947 9.1
f;rmb("]’ar;) al. [14] (2014~ 66M 889 862
L de\;N (“1"1 la[ylezr]s) (2017)-res- 2M 732 714
%4;;13 et al. [16] (2018)-AWD- M 614 653
?ra;nsfoertmer—a)l(.L B4 o 24M 66.7 648
Si‘éfjsen ﬁi??li;l\f)GU (1200- 26M 64.4 63.2

conducted to investigate the effect of corresponding regular-
ization measures on model over-fitting.

B. PARAMETERS SETTING

After a lot of manual attempts and the parameter setting
standards recommended in reference [14], we set the exper-
imental parameters in this paper as follows. The sizes of
convolutional kernels are 3, 4, and 5, and their filters num-
ber are evenly distributed according to hidden units, whose
sum is equal to the word vector dimension. To evaluate the
performance of the language model with different network
depths and different hidden units, we selected them from
sets {1, 3, 5, 7} and {150, 300, 600, 900}, respectively.
Also, random sampling and batch processing are conducted
on experimental data. The comparison model also adopts
the dropout mechanism, and all non-hyper parameters are
randomly initialized and adjusted as the network is trained.
The detailed parameter settings are summarized in Table 1.

C. EXPERIMENTAL RESULTS AND ANALYSIS

In this paper, perplexity (PPL) is used as the evaluation index
for the language models. Generally, a lower perplexity in the
probability distribution model indicates better sample predic-
tion of the language model [35]. The experimental results of
different models on PTB dataset are shown in Table 2.
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TABLE 5. Ablation study for different regularization methods: L2-norm and batch normalization.

Model Valid Test

MCNN-ReMGU (W/O L2 norm) 70.2 67.8
MCNN-ReMGU (W/O batch normalization) 85.6 84.1
MCNN-ReMGU 65.2 63.7

Table 2 shows that the proposed MCNN-ReMGU gives
the lowest PPL value compared to the models having the
same number of hidden units and the same network depth.
Moreover, for the same hidden unit condition, the PPL value
of the model proposed in this paper decreases as the number
of network layers increases.

The following conclusions can be drawn from Table 2:

1. All the neural network models based on RNN, LSTM,
GRU, and MGU units can obtain the long-term dependence
between word sequences, but the networks outperform based
on LSTM, GRU, and MGU are better than the traditional
RNN. Also, the prediction accuracy of the network based on
MGU is competitive to that of LSTM and GRU networks,
which verifies the conclusion of reference [10].

2. ReMGU and MCNN-ReMGU provide better prediction
accuracy than MGU and MCNN-MGU, respectively, show-
ing that the residual connection can improve the prediction
performance.

3. MCNN-MGU and MCNN-ReMGU provide better pre-
diction accuracy than MGU and ReMGU, respectively. The
results show that the convolution operations of multiple sizes
can fully extract and learn the characteristic relationship
between the word sequences in the sentence (especially the
word sequences that are close to the predicted word position),
thereby improving the predictive ability of the model.

4. As the number of layers in the network increases up
to 3, the PPL values are decreased, indicating that properly
increasing the network depth for deep learning can improve
the learning ability of the model. However, when the net-
work depth is further deepened, the PPL values of the neural
network models (such as RNN, LSTM, GRU, and MGU)
that have not undergone residual processing increase. But the
PPL value of the neural network models connected through
the residual (such as ReMGU and MCNN-ReMGU) fur-
ther decreases, indicating that the residual connection can
effectively solve the problem of the vanishing gradient and
network degradation of a multi-layer neural network, thus
enabling deeper learning of the model.

5. As the number of hidden units increases, the PPL value
also decreases, indicating that adding hidden units at the
network layer can enrich the network structure to enhance the
learning ability of the network. However, when the number of
hidden units reaches 900, the PPL values of MCMM-MGU
and MCNN-ReMGU increase. This is because the increase
in model complexity causes the over-fitting problem, thereby
deteriorating prediction accuracy.

Fig. 7 shows the training losses in the whole epochs and
part of the epochs period for ReMGU and MGU. As shown
in Fig. 7, when the network depth reaches three layers,
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the loss value of MGU increases as the network depth deep-
ens, whereas the loss value of ReMGU continues to decrease.
At the same time, ReMGU has lower loss values than MGU,
and the convergence of ReMGU is faster, indicating that the
GRU network after the residual processing effectively solves
the problem of vanishing gradient and network degradation
so that the network is adequately trained.

Tables 3 and 4 compare the performance of the proposed
method with the state-of-the-art methods on PTB and
WT2 datasets. As shown in Tables 3 and 4, the pro-
posed MCNN-ReMGU provides better or competitive per-
formance (lower PPL values), indicating that the inroduction
of residual-connected MGU network and multi-window con-
volution kernels can fully extract the features between word
sequences, so that the model can predict the results more
accurately. Note that the test results of the proposed MCNN-
ReMGU on the WT2 and PTB datasets are better than those of
Transformer-XL [34], and the advantage on the WT2 dataset
is more obvious. This is because the size of the WT2 dataset
is twice that of PTB, so a large number of 1,200-hidden units
and 3-layers are used in the MCNN-ReMGU model based on
a larger dataset, which improves the prediction performance
without over-fitting. At the same time, it can be seen from
Table 4 that a large number of hidden units can enhance the
learning ability of the neural network model, so as to more
fully extract the feature information between word sequences.

The ablation study for L2-norm and batch normalization
is conducted. The network with 600 hidden units and three
layers are analyzed on the PTB dataset. As shown in Table 5,
significant performance improvements are achieved by both
employing L2-norm and batch normalization.

V. CONCLUSION

For the prediction task of natural language words, this paper
proposes the MCNN-ReMGU model based on multi-window
convolution and residual-connected MGU network com-
bined with data regularization technology. Based on the PTB
dataset, we verify the effectiveness of multi-window convo-
lution and residual-connected MGU network in extracting
high-dimensional features between locally adjacent words
and feature information between word sequences, respec-
tively. At the same time, it is found through experiments
that the residual connection to the MGU network not only
addresses the vanishing gradient problem and network degra-
dation but also fully learns the long dependence relationship
between word sequences. Also, L2-norm and batch normal-
ization are employed to alleviate the over-fitting effectively.
The overall experimental results show that the proposed
MCNN-ReMGU significantly improves the performance of
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the word prediction task over the traditional methods. Also,
the proposed method provides competitive performance to
state-of-the-art methods.
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