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Abstract—This paper mainly talks about the Recurrent Neural 
Network and introduces a more effective neural network model 
named LSTM. Then, the paper recommends a special language 
model based on Recurrent Neural Network. With the help of 
LSTM and RNN language models, program can predict the next 
character after a certain character. The main purpose of this 
paper is to compare the LSTM model with the standard RNN 
model and see their results in character prediction. So we can see 
the huge potential of Recurrent Neural Network Language Model 
in the field of character prediction. 
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I. INTRODUCTION

Before introducing the Recurrent Neural Network, you 
should know what is the neural network and how does it 
develop. The human brain has a complicated structure at birth 
and possesses an ability which we usually called the 
“experience” to set up its own rules. So an evolving neural 
system is synonymous with plastic brain. If regarding the neural 
network as a kind of self-adaption machine, there can be a 
definition as follows that the neural network is a large-scale 
parallel distributed processor consisted of simple processing 
units. The neural network has features of storing experience and 
using experience. And the neural network is similar to the brain 
in two aspects: getting knowledge from external environment 
through learning process and storing knowledge through 
connection strength among nerve cells. 

Neural network technology originated from perceptron in 
the 1950s. Perceptron is a dichotomy linear model which has a 
input layer, a output layer and a hidden layer. Cause monolayer 
is a linear model, it has a very serious problem that it can’t match 
“XOR” operation. Therefore, single-layer perceptron doesn’t 
has too much value. 

In the 1980s, Rumelhart, Williams, Hinton et al created 
multilayer perceptron and solved the shortcoming that single-
layer perceptron couldn’t simulate “XOR”. Multilayer 
perceptron uses “sigmoid” or “tanh” function to simulate the 
respond of nerve cells to stimulation and uses BP algorithm as 
its training algorithm. This is feed-forward neural network that 
we usually say. The layer number of neural network decides the 
ability of depicting reality directly, which is reflected in the 
Bengio’s paper: if a function matched by a k-layer network 
simply is matched by k-1 layer, it may need exponent level 

compute nodes [1]. But with the neural network layers becoming 
deeper, optimization function is more and more prone to local 
optimal solution and gradient disappear phenomenon is more 
serious. 

Until 2006, Hinton used the method of pre-training to relieve 
the local optimal solution problem and pushed hidden layers to 
7-layer [2], which made the deep neural networks acquire
ground-breaking development. In 2015. the emergence of
highway network [3] and deep neural residual [4] solved the
problem of gradient disappearing. But the increase of layers
brought a new question that the number of arguments is too large. 

Then we need an another neural network model to solve the 
problem that multilayer neural networks have too many 
arguments. It is Convolutional Neural Network which called 
CNN for short. CNN is a kind of feedforward neural network. 
And its artificial neuron can response part of around units in 
covered range. Convolutional Neural Network limits the number 
of parameters and is able to explore the characteristics of the 
local structure. But the mentioned neural network above can’t 
simulate time series models, such as natural language processing, 
speech recognition, handwriting recognition and so on. In order 
to meet this demand, the Recurrent Neural Network appeared. 

Like most of the neural networks, the Recurrent Neural 
Network is not something new. Its nodes directionally connect 
with each other into a loop. This internal state can show the 
dynamic timing behavior of the network. Differing from 
feedforward neural networks, RNN uses its internal memory to 
handle any input timing sequence, which make it easier to 
handle handwriting recognition and speech recognition. In the 
early 1990s, gradient disappearing is the biggest problem for 
Recurrent Neural Network. In the mid-1990s, the German 
scholar Sepp Hochreiter and Juergen Schmidhuber raised a 
special kind of Recurrent Neural Network named LSTM to 
solve gradient disappearing problem [5]. 

The full name of LSTM is Long Short Term Memory, which 
can selectively store and discard the information in the hidden 
layer of neural networks. In other word, it can decide the 
information storage time in neuron. The emergence of LSTM 
figured out the gradient appearing problem well and promoted 
the development of Recurrent Neural Network. 
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II. THEORY OF RNN 

A. Explanation of Standaard RNN 

Fig. 1. The expansion graph of RNN 

 As wo can see in the Fig. 1, it is the process that a standard 
recurrent neural network unfolds into a network. It has a input 
layer, a output layer and a hidden layer. The “x” means the input 
layer.  The “s” means the hidden layer. And the “o” means the 
output layer. It is obvious that the hidden layer is calculated by 
the current input layer and previous hidden layer. So we can 
understand that the key of this graph is the cyclicity of RNN. 
The formula showed in the graph is as follows. In this formula, 
the function “f” is nonlinear such as “tanh” function. 

                                                      (1) 

                                                                         (2) 

B. Explanation of LSTM 
LSTM is a special recurrent neural network. Because the 

repeating module of ordinary RNN only has a simple structure 
and LSTM uses a more complex structure to replace it. Then 
let’s  compare the structure of LSTM with the structure of 
standard RNN. The explanation of LSTM combines my own 
understanding with an article named “Understanding LSTM 
Networks” [6]. 

Fig. 2. The construction of standard RNN 

 This is the repeating structure inside the standard RNN. It is 
very easy to understand. Then I will introduce the structure 
inside the LSTM from four parts. 

Fig. 3. The construction of LSTM 

                                                   (3) 

 This part is to decide what information we are going to throw 
away from the cell state. The key to LSTM is the cell state, 
which we can regard it as hidden layer state. It runs straight 
down the entire chain with only some minor linear interactions. 
Therefore information can be easily maintained during 
transmission. Sometime the information in the cell state is 
unnecessary. And the LSTM will remove the information in the 
cell state through “forget gate layer”. The gate is a selective way 
of controlling information transmission which is “sigmoid” 
function It outputs a number between 0 and 1. The “1” means 
“completely keep this” and the “0” means “completely get rid of 
this”. It is very helpful for our language model trying to predict 
the next word based on all the previous ones. Because some 
information from the previous ones may be of no worth. 

                                                  (4) 

                                          (5) 

 This part is to decide what new information we are going to 
store in the cell state. Sometimes we want to add some new 
information to the cell state in our language model. The 
“sigmoid” layer decides which values to update and the “tanh” 
layer creates a vector of new candidate values that can be added 
to the state. 

                                                            (6) 

 This part is to update the old cell state combining what is to 
delete with what is to add. In other word, we drop useless 
information and add new information in our language model. 

                                                   (7) 

                                                                  (8) 

 Final part is to decide what to output. It is the time that we 
output the information we need. In our language model, since 
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that we want to know what is the next word, it may output the 
characteristic of the next word. 

III. CONSTRUCTION OF LANGUAGE MODELS 
We already have some knowledge of RNN. Then we want to 

construct the language model for RNN in order to generate new  
text. Specifically, RNN will be inputted a lot of text data and 
construct a model that predict the next character of a known 
character. Generally speaking, the function of language models 
is to judge if a word is said by people. It is a most precise task 
that constructing a language model from natural text. Because, 
the program need to process large data, do statistics and analysis. 
In other words, this job is to get the vector of output words 
without supervision from a mass of unmarked text. 

A. Vector Representations of Words 
 If a word wants to be processed by program, the first step is 
to find a way of transferring words into math representation. 
This is the vector representations of words. Since we want to 
train RNN character-level language models, the One-hot 
Representation is the most common way for our project. This 
approach encodes each character into a vector using 1-of-k  
encoding which means there are all zero except for a single one 
at the index of the character in the vocabulary. For example, the 
character “a” is encoded as [1 0 0 0 ...]. This way is very concise. 

 But if we want to train RNN word-level language models, 
the dimension of vector will be too large. In deep learning, the 
Distributed Representation is the most useful way to our 
language models. The word is encoded as a low dimensional 
vector in this way which is usually called Word Embedding.  
What’s more, it shortens the distance among similar words. The 
distance can be measured by the traditional Euclidean Distance 
or the cosine of the angle. When constructing a high dimensional 
language model, tradition word representation will cause 
dimension disaster and unacceptable complexity. It is why the 
Distributed Representation is popular in deep learning. Mikolov 
introduced the Distributed Representations of Words in his 
paper and said that learning good vector representations for 
millions of phrases was possible with Word Embedding [7]. 

B. Training of Language Models 
 Some people have tried to use artificial neural networks in 
statistical language models. For instance, Bengio used a three-
layer network to construct language model in 2001 [8]. As we 
can see in Fig. 4, ,..., , represent known words 
whose number is n-1. Now we need to predict the next word   
based on known words. C(w) means the vector of words which 
is a V*m matrix. V means the total number of words and m 
means the dimension of words vector. So the processing of w to 
C(w) means taking up a line in matrix C. The first layer is the 
input layer. It combines these n-1 vectors into a (n-1)*m 
dimension vector. The second layer is the hidden layer. It is 
computed as standard neural networks. The third layer is the 
output layer. The number of its nodes is V. Yi means the log 
probability that the next word is it. Finally, using softmax 
function transfers the Y into normalized probability. 

Fig. 4. The process of constructing neural network language models 

 Later, Tomas Mikolov used a new recurrent neural network 
based on language model with applications in speech 
recognition [9].  Although Recurrent Neural Network is 
different from the above neural network in structure, their 
theories are similar. The biggest advantage of Recurrent Neural 
Network is that it can make full use of all the above information  
to predict the next word. 

IV. AMENDMENT OF PARAMETERS 
 Now we have known the language model. But there are still 
two crucial tasks to do in order to optimize the parameters of our 
Recurrent Neural Network Language Models. The first one is 
loss function. The second one is backpropagation. 

A. Loss Function 
 Assuming that we have got the target word according to 
initial parameters. Then we want to know the error about real 
word. So the loss function is necessary. Here we would like to 
minimize the average negative log probability of the target 
words. The function is as formula (9) which is not very difficult 
to implement.  

                                                     (9) 

B. Truncated Backpropagation 
Since we have known the loss function, the next step is to  

optimize parameters and reduce the loss. Next we illustrate the 
principle of it through a simple example. 
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Fig. 5. The graph of artificial neural networks 

As we can see in the Fig. 5, i1 and i2 mean the input layer, 
h1 and h2 mean the hidden layer, o1 and o2 mean the output 
layer, b1 and b2 mean the intercept. Assuming that the total error 
is variance, now the job is to decrease the error. Then, we talk 
about how to  update the weight. The formula is as follows. The 
character  is learning rate. Through many times of iteration, the 

 will be lower and lower. 

                                       (10) 

                                                            (11) 

V. RESULT AND ANALYSIS 
I use two language models, language model based on 

standard RNN and language model based on LSTM, to process 
the same input text from a famous play. Fig. 6 shows the result 
of standard RNN after dozens of minutes. At the beginning of 
training, the output text looks like messy characters. But after 
training, the output text looks like words. Fig. 7 shows the result 
of LSTM. It uses three layers and 256 hidden nodes. We can see 
that the accuracy of words is improved greatly and it already has 
the structure of sentence and play. 

Fig. 6. Result of standard RNN 

 

Fig. 7. Result of LSTM 

VI. CONCLUTION AND FUTURE WORK 
    This paper mainly tells the development of neural networks, 
the distinction between standard RNN and LSTM, and language 
models based on neural networks. The program is run by 
tensorflow platform, which shows the ability of RNN in 
sequential processing. For the later work, if the program uses 
RNN to implement a word-level language model, the result may 
be greatly improved. 

ACKNOWLEDGMENT 
    This paper is partly supported by “the Excellent Young 
Teachers Training Project (the second level, Project number: 
YXJS201508)”, “Key Cultivation Engineering Project of 
Communication University of China (Project number: 
3132016XNG1606 and 3132016XNG1608)”, “Cultural 
technological innovation project of Ministry of Culture of P. R. 
China (Project number: 2014-12)”, and partly supported by 

The comprehensive reform project of computer science and 
technology, department of science and Engineering”. The 
research work was also supported by “Chaoyang District 
Science and Technology Project (CYXC1504)”. 

REFERENCES 
[1] Y. Bengio, “Learning Deep Architectures for AI,” Foundations &Trends 

in Machine Learning, 2009, pp. 1-127. 
[2] G.E. Hinton, R.R. Salakhutdinov, “Reducing the Dimensionality of Data 

with Neural Networks,” Science, 2006, pp. 504-507. 
[3] K. He, X. Zhang, S. Ren, J. Sun, “Deep Residual Learning for Image 

Recognition,” arXiv:1512.03385, 2015. 
[4] R.K. Srivastava, K. Greff, J. Schmidhuber, “Highway networks,” 

arXiv:1505.00387, 2015. 
[5] S. Hochreiter, J. Schmidhuber, “Long short-term memory,” Neural 

Computation, 1997, pp. 1735-1780. 
[6] “Understanding LSTM Networks”. http://colah.github.io/posts/2015-08-

Understanding-LSTMs/, August 2015. 
[7] T. Mikolov, I. Sutskever, K. Chen, et al, “Distributed Representations of 

Words and Phrases and their Compositionality,” Advances in Neural 
Information Processing Systems, 2013, pp. 3111-3119. 

[8] Y. Bengio, H. Schwenk, J. Senécal, et al, “Neural Probabilistic Language 
Models,” Journal of Machine Learning Research, 2006, pp. 1137-1155. 

[9] T. Mikolov, M. Karafiát, L. Burget, et al, “Recurrent neural network 
based language model,” IConference of the International Speech 
Communication Association, Makuhari, Chiba, Japan, DBLP, 
September.2010, pp. 1045-1048. 

616

Authorized licensed use limited to: IEEE Xplore. Downloaded on July 05,2024 at 09:16:44 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


