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Abstract: On the basis of the introduction of Long Short Term Memory (LSTM) model, we use the 

data of the top 10 languages user number from 1960 to 2017 to establish data sets, while data sets 

are divided into training sets and test sets. After testing, the model has higher accuracy. The LSTM 

network has three network structures, namely, the input, hidden, and output layers. As much, using 

the data set to construct the LSTM model with 10 input layers, 10 output layers and 18 hidden layers, 

we predict the number of speakers in 10 languages in the next 50 years. In short, except for the basic 

Japanese did not change much, other languages are more or less some increase. 
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1. INTRODUCTION 

The development of globalization has promoted international exchanges and cooperation and 

language has become a bridge of transnational exchange and interaction. A large multinational service 

company is investigating the opening of more global offices in order to expand its international 

business. This article focuses on the trends of global languages and the location of new offices. 

The first part of the question calls for considering various influencing factors and establishing a model 

that describes the trend relationship between the number of users and the time in each language. 

According to the established model predicts the number of native speakers in a language in the next 

50 years and the total number of users in the language change trend in the trend analysis of the current 

world-wide use of any one language will be the other Language replaced. Combined with the 

projected population migration patterns for the next 50 years, we will illustrate the distribution of the 

geographical locations of these languages in the same period. 

The second part of the question calls for an analysis of the addresses chosen for the opening of six 

new international offices and the language use of offices based on the modeling of the first part. And 

analyze the similarities and differences between such sites in the short and long term.  

The rapid development of deep learning on many tasks [1] brings hope for possibly alleviating the 

problem of avoiding manual feature engineering. It provides a different approach that automatically 

learns latent features as distributed dense vectors. Recurrent neural network (RNN) [2] and its variants 

long-short term memory (LSTM) have been successfully used in various sequence prediction 
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problems, such as general domain NER, language modeling [3] and speech recognition [4]. In this 

paper, we propose a Long Short Term Memory (LSTM) model. Without any external resources or 

hand-crafted features, our neural network method can be successfully used for this task. 

2. THE FOUNDATION OF LONG SHORT TERM MEMORY  NEURAL NETWORK 

2.1 Background 

The current distribution of languages and their users in the world are extremely uneven. There are 

quite a few people who use languages in small numbers, while the number of users in most languages 

is slightly lower. According to the survey found that a small number of languages as little as only a 

few hundred, dozen or even a few people in use. According to David Crystal, a well-known expert 

on world languages, it is conservatively estimated that up to 96% of languages are used by only 4% 

of the world's populations. There are approximately 6,900 languages in the world, while in half the 

world's population, these are basically one of the languages of Mandarin (including standard Chinese), 

Spanish, English, Hindi, Arabic, Bengali, Portuguese, Russian, Punjabi and Japan to be as the mother 

tongue. A language can be the mother tongue or the second and third languages. Driven by the 

economic globalization, the number of users of a certain language may increase or decrease in the 

impact of various factors such as the level of global economic development. 

The paper is mainly intended to discuss the various factors that affect the language and predict the 

total number of speakers in each language over time. Question is intended to discuss the prediction 

of the total number of speakers of various languages over time, with some other influencing factors. 

The language value model established in this paper obtains the 2017 top ten languages in the world 

through the references given in the title and uses the data to make a columnar distribution of language 

values. Analyze value trends of the 2017 top 10 languages in the world to predict how the total number 

of languages varies over time. 

This is a larger sample of predictive question to solve this problem requires the use of predictive 

models, as well as data. First, we assume that a country only speaks a certain way of language, and 

use the global population data to get the number data of ten languages in 1960-2017 years, and 

degrade and normalize these data. Then, we built Long Short Term Memory model to predict the 

number of users of the ten languages in the next 50 years and determine the number of users after 50 

years.  

2.2 Assumptions and Notations 

The assumptions are as follows. 

To simplify our problems, we make the following basic assumptions, each of which is properly 

justified. 

The people of a country will speak the language when the language is more widely distributed in this 

given country. 

People migrate to a nation will use the language distributed in that country. 

All immigrants are permanent immigrants. 

The migration of population is rational.  

And the notations are presented as follows. 
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Table 1 the notations 

Number Symbol Significance 

1 Q  The communicative value of language 

3 ip
 Language popularity 

4 ic  Language centrality 

5 iP
 

The total number of languages spoken in all 

languages worldwide 

6 sN  
The total number of people in all languages 

worldwide 

7 sM  
The total number of people who speak a second 

language worldwide 

8 ℎ𝑡 The output of the hidden layer at time t 

9 𝑊𝑥ℎ  
The corresponding weight matrices from input 

layer to hidden layer 

10 𝑊ℎℎ 
The weight matrices from hidden layer to hidden 

layer 

11 𝑏ℎ The bias for the hidden layer 

12 σℎ Activation function 

13 𝑦𝑡 The predict label of t-th sequence 

14 𝑊ℎ𝑜  The weight matrices from hidden layer to output 

15 𝑏𝑜 The bias for the output 

16 σ𝑦  Activation function 

17 𝑖𝑡 Input gate 

18 f𝑡 Forget gate 

19 𝑜𝑡 Output gate 

20 𝑐𝑡 The memory cell of time t 

21 ℎ𝑡 The output of hidden layer 

2.3 The model of Long Short Term Memory (LSTM) 

The value of language refers to the communicative value of language, which is composed of the 

centrality of language and the popularity of language. For users of world languages, the 

communicative value of language can be expressed as [5]: 

                                                        
   

      
   

i i
i i i s s

P C
Q p c

N M
             (1) 

The 𝑃𝑖  represents the popularity of a language, which equals the total number of languages spoken in 

the world divided by the total number of languages spoken in all languages in the world. And 𝑐𝑖 

represents the centrality of a language, which is equal to the total number of languages in the world 

in which the second language is used divided by the second language in the world .The total number 

of people, it said the language and the global language of other languages link. This value is the 
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language in the global language group status. Language value is a measure of a language 

communicative value and language vitality indicators. The higher the language value, the higher the 

status of language. That is, the higher the social value, the stronger the social competitiveness, and 

the more people who learn the language. 

The characteristic of LSTM makes it easy to model temporal sequences [6]. For the video sequences, 

current output depends on the current input and the previous status. More generally, suppose given 

input sequences denoted by x = {x1 , x2, … , xt, … , xT}, where t represents th frame, and there are 

totally T frames. We get the formulation as following:  

                                     ℎ𝑡 = σℎ(𝑊𝑥ℎ𝑥𝑡 +𝑊ℎℎℎ𝑡−1 + 𝑏ℎ)                                            (2) 

where ht denotes the output of the hidden layer at time t, Wxh stands for the corresponding weight 

matrices from input layer to hidden layer, Whh is the weight matrices from hidden layer to hidden 

layer, bh is the bias for the hidden layer, and σh is activation function. Finally, we can get the output 

through following formulation: 

                                                       𝑦𝑡 = σ𝑦(𝑊ℎ𝑜ℎ𝑡 + 𝑏𝑜)                                             (3)  

where yt denotes the predict label of t-th sequence, Who stands for the weight matrices from hidden 

layer to output, bo is the bias for the output, σydenotes the activation function. 

The major problem of RNN is that it can only model the short time sequences because the error 

gradients vanish quickly as the networks become deeper. To solve this problem, LSTM introduces 

three gates to keep the status [7]. As in figure 1, there are 3 gates, including input gate (it), forget gate 

(ft), and output gate (ot). Where it and ot control information that flows in or out the network, ft 

controls the influence of previous sequences. Details are formulated as follows: 

                                

{
 
 

 
 

𝑖𝑡 = 𝜎(𝑊𝑥𝑖𝑥𝑡 +𝑊ℎ𝑖ℎ𝑡−1 +𝑊𝑐𝑖𝑐𝑡−1 + 𝑏𝑖)
f𝑡 = 𝜎(𝑊𝑥𝑓𝑥𝑡 +𝑊ℎ𝑓ℎ𝑡−1 +𝑊𝑐𝑓𝑐𝑡−1 + 𝑏𝑓)

𝑜𝑡 = 𝜎(𝑊𝑥𝑜𝑥𝑡 +𝑊ℎ𝑜ℎ𝑡−1 +𝑊𝑐𝑜𝑐𝑡−1 + 𝑏𝑜)

𝑐𝑡 = f𝑡⨀𝑐𝑡−1𝑖𝑡 + tanh⨀(𝑊𝑥𝑐𝑥𝑡 +𝑊ℎ𝑐ℎ𝑡−1 + 𝑏𝑐)

ℎ𝑡 = 𝑜𝑡⨀𝑡𝑎𝑐ℎ 𝑐𝑡

                   (4) 
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Fig. 1 The LSTM architecture 

As much, using the data set to construct the LSTM model with 10 input layers, 10 output layers and 

18 hidden layers, we predict the number of speakers in 10 languages in the next 50 years. 

3. SIMULATION RESULTS 

With the development of science and information technology, the popularity of languages is closely 

linked with the languages used and promoted by governments, the languages used in schools, social 
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pressures, the centrality of languages and the development of global tourism, international business, 

immigration, and electronic communications And the use of social media, the use of technology to 

facilitate fast and easy translation of the language is crucial. With the development of globalization, 

information and integration, the popularity of language is more closely connected with the centrality 

of language. Access to literature shows that language popularity and language center are two core 

factors of the language value model.  

For statistical convenience, we only review the top ten languages in the list. Through the language 

value model to calculate the value of 2017 world's top ten languages into the software to make the 

world's top ten languages values in 2017 columnar distribution is reproduced in figure 2 below. 

 

  Fig. 2 Top ten languages in columnar distribution of language values 

 

                  Fig. 3 Number of speakers in 10 languages between 1960 and 2017 

As can be observed in the histogram, the highest value of English is 0.09412. The lowest value of 

Punjabi and Japanese is 0.00002. The language values of English, Putonghua and Hindi are much 

higher than those of the other seven languages, and the vitality of the language is strong. We can be 

anticipated that over time, the number of speakers of English Putonghua, and Hindi will have the 

number of speakers of English is comparatively increased. Slightly higher values of Arabic, Spanish 

and Russian languages suggest that the number of Arabic, Spanish and Russian languages will hardly 

change much in the future. The low values of Bengali, Portuguese, Punjabi and Japanese are at a 

disadvantage in the top ten mothers in the world, which will reduce the number of speakers in Bengali, 

Portuguese, Punjabi and Japanese, where The relative decrease in Punjabi and Japanese is most 

pronounced. 
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We assumed that a certain country speaks only one language and screened in the world for countries 

that speak the top ten languages, and obtain data on the number of people using the 10 languages 

between 1960 and 2017. The datum is shown in figure 3 below. 

There is a trend of data, so first eliminate the data trend, and then the data normalized, and the first 

two thirds of the dataset as a training set, the latter as a test set to build the input node is 10, the output 

node 10, hidden nodes for the 18 time-recurrent neural network, the use of test data to test the 

reliability of the model. 

 

Fig. 4 Error-Cost 

From the figure4, we can see that the number of iterations around 1400 convergence, the error tends 

to 0.00001 or so, indicating that the model is based. After testing, the model is more reliable. 

Therefore, this paper builds the following parameters time-based recurrent neural network model to 

predict the total number of ten language speakers in the ensuing 50 years. The number of iterations is 

placed at 2000, the activation function uses the sigmoid function. 

The forecast results are shown in figure 5 below: 

 

Fig. 5  The forecast results 
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As can be observed in the figure5, the number of language users in Putonghua, English, Spanish and 

Hindi has risen dramatically over the next 50 years. In Punjabi, the total number of Russian speakers 

is relatively low after 50 years. The number of Japanese speakers will not increase significantly in the 

next 50 years. 

4. CONCLUSION 

We can see that the Q value of the four languages of Mandarin, English, Spanish and Hindi are ranked 

in the top four of the ten languages, while the Q values of Russian, Punjabi and Japanese are the last. 

The greater the Q value, the stronger the viability of the language, so Japanese, Russian, Punjabi in 

the future is liable to be replaced by other languages. On the basis of the introduction of Long Short 

Term Memory (LSTM) model, we use the data of the top 10 languages user number from 1960 to 

2017 to establish data sets, while data sets are divided into training sets and test sets. After testing, 

the model has higher accuracy. Finally we predict the number of speakers in 10 languages in the next 

50 years. In short, except for the basic Japanese did not change much, other languages are more or 

less some increase. 
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