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Abstract—The convergence of artificial intelligence (AI) 

technology and natural language processing (NLP) has rapidly 

increased the demands for an analysis on the natural language 

that involves plenty of ambiguities not present in formal 

language. For this reason, the language model (LM), a statistical 

approach, has been used as a key role in this area. Recently, the 

emerging field of deep learning, which applies complex deep 

neural networks for machine learning tasks, has been applied to 

language modeling and achieved more remarkable results than 

traditional language models. One of the important techniques 

that have led neural network-based LM success is the attention 

mechanism. Attention mechanism makes neural networks pay 

attention to specific words in the input sentence when 

generating the output words. However, although the attention 

mechanism has improved the performance of many neural 

network models, it requires tons of parameters to achieve the 

state-of-art level performance. This is because attention 

mechanism encodes the context of a word by simply 

accumulating the outputs from the network for all the input 

words, which may cause information loss. To compensate for 

this limitation, we propose an extension of attention mechanism 

by adopting a convolutional neural network to replace the 

accumulation. With only far fewer parameters, our model 

achieved comparable performance to the recent state-of-the-art 

models on the very popular benchmark datasets, yielding 

perplexity scores of 58.4 on the Penn Treebank dataset and 50.1 

on the Wikitext-2 dataset, respectively. 

 
Index Terms—Attention mechanism, deep learning, neural 

language model, neural network. 

 

I. INTRODUCTION 

In the field of natural language processing (NLP), the 

process of language modeling (LM) seeks to build a 

statistical model that approximates the probability 

distribution of subsequent words of a natural language given 

the preceding terms [1]. Given a sentence S, the probability of 

S can be calculated as 𝑃(𝑆) = 𝑃(𝑤1, 𝑤2, … , 𝑤𝑛), where w1, 

w2, …, wn are words in 𝑆 and 𝑛 is the length of S [2]. The 

emerging field of deep learning, which applies complex deep 

neural networks for machine learning tasks, has been adopted 
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to improve all aspects of statistical data analysis, including in 

NLP. A particular type of recurrent neural network (RNN) 

proven to be robust in processing sequential data is the 

Long-Short Term Memory (LSTM) [3] network. A variety of 

LSTM-based language models have been proposed and 

achieved better performance than other RNNs and traditional 

language models [4]-[7].  

Attention mechanism is one of the most important 

techniques that has improved the performance of neural 

network-based NLP. Many studies have applied attention 

mechanism to their neural networks and have shown 

state-of-the-art results in various NLP tasks such as machine 

translation and language model [8], [9]. Attention mechanism 

encodes the relevant context information of a given word 

from distant parts of a sentence by calculating a context 

vector which is a weighted sum of the outputs from the 

network and passes the context vector to the decoder to 

generate a word. In language modeling, specifically, 

attention helps to find a relationship between the target word 

which will be generated and the preceding words (or context) 

in a sentence by analyzing which words have a strong 

relationship with the target word. However, attention 

mechanism calculates a context vector by simply 

accumulating the weighted sum of the outputs from the 

network, which may cause information loss. As a result, 

many attention-based models tend to use tons of parameters 

to train their models and to achieve the state-of-the-art level 

performance. The size of neural networks is very important 

because the smaller the neural network, the smaller the 

memory requirement, power consumption, and the time 

required for the training [10], [11].  

In this paper, therefore, we propose a neural 

network-based language model with an extended attention 

mechanism. We customized attention mechanism by 

minimizing information loss that occurs while encoding the 

source context. Instead of simple accumulation of the outputs 

from the network into a context vector, our model makes a 

stack of the outputs from the network and then applies a 

convolutional neural network (ConvNet) with a 1x1 filter, 

which can reduce the dimension of the stack for faster 

computation and achieve less information loss [12]. Through 

this minimizing information loss capability of the customized 

attention mechanism, our model achieves comparable 

performance to the recent state-of-the-art models with only 

far fewer parameters. 

 

II. RELATED WORK 

A. Neural Network-Based Language Model 

Neural network-based language models have achieved 
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remarkable results compared to traditional language models. 

One of the most important techniques which have led to the 

success of applying a neural network to the LM is the 

recurrent neural network (RNN). RNN uses its internal 

memory (or cell) to process input sequences of arbitrary 

length. As a result, RNN can be applied to many NLP-based 

tasks such as speech recognition and language modeling. 

Currently, Long-Short Term Memory (LSTM) [3] has 

frequently been used instead of the traditional RNN. Using 

LSTM allows the network to continue learning over many 

time steps by learning long-term dependencies using internal 

cell states. Many LSTM-based language models [4]-[7] have 

shown improvement over RNN-based language models. 

LSTM’s cell contains two states named hidden state at 

time step t, ht, and the cell state at time step t, Ct. ht and Ct 

memorize preceding information and carry it toward the 

cascading cells. However, it is hard to memorize all the 

information of preceding cells because each of them is 

represented by only one matrix. Consequently, this can cause 

a vanishing memory problem. This has led attention 

mechanism being proposed and applied to RNN-based neural 

networks for many NLP tasks.  

B. Attention Mechanism 

Attention is one of the most influential ideas in deep 

learning. The purpose of the attention is to make a model pay 

attention to the important areas such as contexts in NLP and 

objects in computer vision tasks. Fig. 1 shows an example of 

the attention mechanism applied on an object detection task. 

The attention mechanism in this example helps the model 

focus on the areas that contain important information for 

object detection. 

 

 
Fig. 1. An example of attention mechanism for an object detection task in 

Zhao, Bo, et al. [13]. 

 

 
Fig. 2. An example of attention mechanism for a NLP task in Bahdanau et al. 

[14]. 

 

The attention mechanism in NLP was originally proposed 

in the “encoder-decoder” architecture for neural machine 

translation [14]. The encoder-decoder model encodes the 

input sequence to one fixed length vector and decodes the 

vector to generate the output sentence. Attention in the 

encoder-decoder model helps to find which parts of the input 

words are relevant to each word in the output sentence from 

the encoded vector, allowing modeling of dependencies 

regardless of their distance in the input or output sentences. 

As shown in Fig. 2, given input words 𝑥, the encoder-decoder 

model generates its output 𝑦 from hidden state 𝑠 which is 

calculated as 𝑠𝑖 = 𝑓(𝑠𝑖−1, 𝑦𝑖−1, 𝑐𝑖) . The context vector 𝑐 for 

the current output word is calculated as 𝑐𝑖 = ∑ ℎ𝑗𝛼𝑖𝑗
𝑇𝑥
𝑗=1  

where T is the number of words in the input sentence, aij is an 

attention weight and hj is a sequence of annotations to which 

an encoder maps the input sentence [14]. This context vector 

summarizes the meaning of the whole input sentence for the 

current output word. 

The attention mechanism has been applied to many 

different NLP-based approaches. Self-attention [8] was 

introduced for machine translation task. A self-attention 

module computes the relationship at a position in a sequence 

by paying attention to all positions and taking their weighted 

average in an embedding space. In addition, BERT [9], a 

deep learning model that has given state-of-the-art results on 

a wide variety of natural language processing tasks, also 

applied self-attention mechanism to its model. Even though 

they showed remarkable performances, the problem of 

information loss is still remaining because of its simple 

accumulation process for the calculation of the context vector 

c described earlier. As a result, many attention-based models 

tend to use tons of parameters to achieve the state-of-the-art 

level performance.  

 

III. SYSTEM ARCHITECTURE 

A. Proposed Language Model 

Fig. 3 shows the architecture of the proposed language 

model. ConvNet in the figure represents a convolutional 

neural network that performs a convolution operation with a 

1×1 filter stride by 1 at a time. Batch norm and fc denote a 

batch normalization layer and a fully-connected layer, 

respectively. Finally, ⊕ is the element-wise matrix addition 

operator. 

 
Fig. 3. Proposed architecture with an example sentence. 
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Our proposed model employs the basic idea of the 

attention mechanism described in Section II.B. That is, when 

predicting the next possible word given its preceding words 

in a sentence, it focuses and decides which preceding words 

have a strong relationship with the predicting word by 

adopting the attention mechanism. Basically, the attention 

mechanism accumulates feature maps (i.e., hidden states) 

into a 2-D matrix which is called a context vector. In contrast, 

our model stacks feature maps into a 3-D matrix. However, 

using a 3-D matrix as a parameter for further calculation 

causes a dimensional inequality problem since its dimension 

is different from that of the feature map (i.e., 2-dimensions), 

which resulted from the last inputted word. Therefore, a 

ConvNet with a 1×1 filter is applied to reduce the dimension 

of the stack so that the dimension of the stack is reduced to 

that of the feature map. The implication of dimensionality 

reduction is to exclude unimportant information from the 

preceding words, which is similar to what the attention 

mechanism does. After applying the ConvNet, the batch 

normalization layer (batch norm) normalizes the dimension- 

reduced preceding information to decrease the dependency of 

weights initialization and to prevent the overfitting problem. 

A fully-connected layer (fc) is applied to match the shape of 

the result with the last feature map. Finally, the result from 

our customized attention is added to the last feature map. 

B. Layers in Proposed Model 

1) Embedding & LSTM layer 

Because the neural network only takes numerical values as 

its input, word embedding, a technique to convert textual data 

to vector representation [2], [6], [7], [15], [16], is required. 

We employ the word embedding layer at the very first 

position of our model to transform words into vectors. Let 𝑉 

refer to the word vocabulary that stores every presented word 

in our dataset. Given a word 𝑤𝑡  at time step 𝑡 , 𝑤𝑡  is 

converted into a vector and transformed into matrix 𝑥𝑡 with 

size 𝑛 ×  𝑘 , where 𝑛  is the size of 𝑉  and 𝑘  is the 

dimensionality of embedding. 

LSTM solves the problem of learning long dependencies 

by using memory cells at each time step. LSTM mainly 

contains three gates, i.e., input gate I, forget gate f, and output 

gate o at each cell. At time step t, LSTM takes an embedded 

word as input 𝑥𝑡 and calculates the hidden state ℎ𝑡 and cell 

state 𝐶𝑡 via the following: 
 

𝑖𝑡 = 𝜎(𝑊𝑖⨀[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖), 

𝑓𝑡 = 𝜎(𝑊𝑓⨀[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓), 

𝑜𝑡 = 𝜎(𝑊𝑜⨀[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜), 

𝑔𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐⨀[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝐶), 

𝐶𝑡 = 𝑓𝑡⨀𝐶𝑡−1 + 𝑖𝑡⨀𝑔𝑡 , 

ℎ𝑡 = 𝑜𝑡⨀𝑡𝑎𝑛ℎ(𝐶𝑡), 
 

(1) 

where Wi, Wf, Wo, and Wc are the weights, bi, bf, bo, and bC are 

the biases, ℎ𝑡−1 is the old hidden state, and 𝐶𝑡−1 is the old 

cell state. Operator ⨀  is the element-wise matrix 

multiplication, and 𝜎(∗)  and 𝑡𝑎𝑛ℎ(∗)  are non-linearity 

functions that denote the element-wise sigmoid 𝜎(𝑥) =
1

1+𝑒−𝑥  and hyperbolic-tangent 𝑡𝑎𝑛ℎ(𝑥) =
2

1+𝑒−2𝑥 − 1 , 

respectively. 

2) Convolutional attention layer 

The attention mechanism originally computes a weighted 

sum of feature maps, where each feature map ht has a weight 

at, and accumulates them into a context vector 𝑐. Here, 0  at 

 1 and their total sum is 1. Compared to this, the proposed 

approach makes a stack of feature maps. Each feature map ht 

at time step t is multiplied with 𝛼𝑡 and stacked into a 3-D 

matrix called the context map cm as: 
 

𝑐𝑚 = 𝑠𝑡𝑎𝑐𝑘(ℎ1𝛼1, ℎ2𝛼2, … . , ℎ𝑇𝛼𝑇). (2) 

 

After that, to deal with the inequality of dimensions, a 

convolutional neural network with a 1×1 filter [17], [18] is 

applied to reduce the dimension of the context map cm. This 

convolutional neural network with a 1×1 filter is well known 

for faster computation and less information loss [12]. With 

context map cm, a convolutional neural network performs a 

convolutional operation with a 1×1 filter stride by 1 at a time. 

The padding is unnecessary, because the convolutional 

neural network has the exact same output size as the input, 

unlike a 3×3 filter, which is the most common filter size for 

convolutional neural networks. The output size wo can be 

calculated by the following: 
 

𝑤𝑜 =
𝑤𝑖 − 𝑓 + 2𝑝

𝑠
+ 1, (3) 

 

where wi is the size of the width of an input, f is the size of the 

filter, p is the size of the padding, and s is the size of the stride. 

According to (3), no matter what the size of input wi is, the 

size of output wo is always exactly the same as wi, since f is 1, 

p is 0 and s is 1. In addition, the purpose of this convolution is 

the dimensionality reduction, thus a pooling layer is also 

unnecessary. In order to compute the dimension-reduced 

context map, i.e., the new context vector 𝑐 obtained from the 

context map cm, the convolution layer sums up the 

contributions: 
 

𝑐 = ∑ ∑ ∑ 𝑤𝑥,𝑦,𝑧 ∙ 𝑐𝑚(𝑖−𝑥,𝑗−𝑦,𝑘−𝑧)

𝑑𝑒𝑝𝑡ℎ

𝑧=0

𝑐𝑜𝑙𝑢𝑚𝑛𝑠

𝑦=0

𝑟𝑜𝑤𝑠

𝑥=0

. (4) 

 

Here, 𝑐𝑚(𝑖,𝑗,𝑘) represents the element at the ith row, the jth 

column, and the kth depth in 𝑐𝑚 . This convolutional layer 

with a 1x1 filter reduces the dimensionality of a context map 

𝑐𝑚 into 𝑐. In addition, the 1x1 filter is trained by the network 

so that the network can decide which information can remain, 

replacing the simple accumulation process of the traditional 

attention mechanism. The output of this convolutional layer 

is passed to the following batch normalization (batch norm) 

and fully-connected layer (fc). 

Batch normalization is one of the ideas to prevent the 

gradient vanishing and the gradient exploding problems by 

normalizing layer inputs to reduce internal covariate shift 

[19]. We adopt batch norm at the end of the convolutional 

layer to accelerate the training rate and to prevent overfitting. 

fc is used to match the shape of 𝑐 to ℎ𝑡, and 𝛽 is a trainable 

weight which is used to calculate an attention vector from the 

result of fc. We recommend to initialize both fc and 𝛽 with 
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Xavier Initialization [20] which initializes the weights from a 

distribution with zero mean and variance 2 (𝑛𝑖𝑛 + 𝑛𝑜𝑢𝑡)⁄  

where 𝑛𝑖𝑛 and 𝑛𝑜𝑢𝑡 are respectively the number of inputs and 

outputs of the layer, otherwise the gradient of the network 

tends to exploding. 

Afterwards, an attention vector is calculated by 

multiplying the result from fc and 𝛽. Finally, the attention 

vector is used to calculate the final result by adding to ℎ𝑡. 

Once the new ℎ𝑡 is calculated, the softmax function, which 

converts the vector of arbitrary real values to another vector 

in which each element is in the range 0 to 1 where the total 

sum is 1, calculates the output to obtain probability 

distribution over the next word. 

 

IV. EXPERIMENT 

A. Dataset 

The Penn Treebank (PTB) dataset [21] is one of the most 

popular benchmark datasets to measure the quality and 

performance of the language models. This PTB dataset was 

preprocessed by Mikolov et al. [15]. They replaced rare 

words such as names of persons and companies with a special 

symbol ‘<unk>’ and numerical words such as age and date 

with a symbol ‘N’, which are hard to be predicted by 

language models because of its uniqueness.  The Wikitext-2 

dataset [22] is also a very popular benchmark dataset. 

Compared to PTB dataset, Wikitext-2 dataset, which is 

extracted from Wikipedia articles, has been proposed as a 

more realistic benchmark containing numbers, cases, and 

punctuations. 

 
TABLE I: THE PENN TREEBANK AND WIKITEXT-2 DATASET 

 
PTB Wikitext-2 

Train Valid Test Train Valid Test 

Articles 2,000 155 155 600 60 60 

Tokens 930K 74K 82K 2M 211K 238K 

# of Vocab* 10,000 33,231 

OoV** 4.8% 2.6% 

*# of Vocab: Number of words in the vocabulary 

**OoV: Out-of-Vocabulary 
 

As shown in Table I, the preprocessed PTB dataset is 

composed of 930K words in the training set, 74K words in 

the validation set, and 82K words in the test set, respectively. 

Wikitext-2 dataset consists of 2M tokens for training set, 

211K for validation, and 238K tokens for test set. We 

conducted this experiment on both preprocessed PTB dataset 

and Wikitext-2 dataset. 

B. Evaluation and Discussion 

1) Evaluation and comparison 

Perplexity (PPL) is a well-known measurement for 

language modeling, indicating how well a probability model 

predicts a sample. PPL is the exponential of the average 

negative log-likelihood. Given words w1, w2, …, wm in a 

sentence S, PPL is calculated as: 
 

ℒ = −
1

𝑚
∑ log𝑒 𝑃(𝑤𝑖)

𝑚

𝑖=1

, 

𝑃𝑃𝐿 = 𝑒ℒ , 

(5) 

where m is the number of words in S and 𝑃(𝑤𝑖)  is the 

likelihood of 𝑤𝑖. A lower PPL indicates better performance. 

In this experiment, we evaluated our model based on PPL 

score. 

We first evaluated our approach and compared with the 

traditional LSTM model. Table II shows the performance of 

models based on PPL score. As shown in Table II, PPL 

scores for the test set have been improved from 115.0 to 58.4 

for PTB dataset and from 143.0 to 50.1 for Wikitext-2 dataset. 

There is about 50% and 65% of improvement, respectively. 

This result shows that applying our approach to the 

traditional LSTM based language model is able to improve 

the performance in terms of PPL with only a small amount of 

network size increased. 

 
TABLE II: COMPARISON OF PERFORMANCE BASED ON PPL SCORE 

 
PTB Wikitext-2 

LSTM Ours Imp.* LSTM Ours Imp. 

Valid 119.2 61.3 48.55% 150.2 53.7 64.25% 

Test 115.0 58.4 49.17% 143.0 50.1 64.97% 

*Imp.: Improved 

Table III shows the comparison of performance with 

various recent studies based on PPL score. FRAGE + 

AWD-LSTM-MoS + dynamic eval in Table  III is referred to 

as the state-of-the-art performance for both PTB and 

Wikitext-2 dataset. Even though our proposed approach does 

not achieve the state-of-the-art performance, it shows 

reasonable PPL score considering the number of parameters 

required to train the model. For PTB dataset, our model 

requires only 8M number of parameters to achieve 58.46 PPL 

score. The state-of-the-art PPL is 46.54, and that model 

requires 22M number of parameters. Similarly, with the same 

amount of parameters as used for PTB dataset, the proposed 

model shows 50.1 PPL score for Wikitext-2 dataset. 

Compared to the state-of-the-art model which requires 35M 

for the training, our model requires a much smaller number of 

parameters yet achieves relatively reasonable performance. 
 

TABLE III: COMPARISON OF PERFORMANCE WITH STATE-OF-THE-ART MODELS BASED ON PPL SCORE 

Models 
PTB Wikitext-2 

Valid Test # of Param* Valid Test # of Param 

Variational RHN 

(Zilly et al. 2016) 
82.62 78.29 32M - - - 

Transformer-XL 

(Zihang et al. 2019) 
56.72 54.52 24M - - - 

AWD-LSTM-DOC 

(Takase, S. et al. 2018) 
54.12 52.38 23M 60.29 58.03 37M 

AWD-LSTM-DOC + Partial Shuffle 

(Ofir Press, 2019) 
53.79 52.0 23M 60.16 57.85 37M 

FRAGE + AWD-LSTM-MoS + dynamic eval 

(Gong, C. et al. 2018) 
47.38 46.54 22M 40.85 39.14 35M 

Ours 61.33 58.46 8M 53.7 50.1 8M 
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2) Discussion 

The size of neural networks is a very important matter. The 

smaller the neural network, the smaller the memory 

requirement, power consumption, and the time required for 

the training. Han et al. [10] mentioned neural networks are 

both computationally intensive and memory intensive, 

making them difficult to deploy on embedded systems with 

limited hardware resources. Schwartz et al. [11] also argue 

that the financial cost of the computations can make it 

difficult for academics, students, and researchers, in 

particular those from emerging economies, to engage in deep 

learning research. They also define and advocate the use of 

Green AI referring to AI research that yields novel results 

without increasing computational cost instead of Red AI 

which seeks to obtain state-of-the-art results in accuracy (or 

related measures) through the use of massive computational 

power.  These researches show that our proposed model may 

outperform other state-of-the-art models in terms of resource 

efficiency. 

 

V. CONCLUSION 

We proposed a neural language model based on LSTM 

network with an extended attention mechanism to mitigate 

information loss resulting from the simple accumulation 

process of the traditional attention mechanism. Our model 

makes a stack of the outputs from the LSTM network and 

then applies a convolutional neural network with a 1x1 filter, 

which can reduce the dimension of the stack for faster 

computation and less information loss. After that, the newly 

calculated context vector goes through a batch normalization 

layer and fully-connected layer to minimize the dependency 

of weights initialization and to prevent the overfitting 

problem. We evaluated the performance of our model on the 

very popular benchmark datasets which are PTB and 

Wikitext-2 datasets and compared them with the traditional 

LSTM-based language model and recent studies. Our model 

improved PPL scores of the traditional LSTM model from 

115.0 to 58.4 on PTB and from 143.0 to 50.1 on Wikitext-2 

dataset, respectively. In addition, the state-of-the-art model 

for both PTB and Wikitext-2 datasets requires 22M and 35M 

number of parameters to achieve the performances. 

Compared to this, our model only requires 8M number of 

parameters yet shows relatively reasonable performance. 
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