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ABSTRACT

Today, Computers have influenced the life of human beings to a great extent. To provide
communication between computers and humans, natural language techniques have proven to
be very efficient way to exchange the information with less personal requirement. Generative
models reduce the need of acquiring laborious labelling for the dataset. Text generation
techniques can be applied for improving language models, machine translation,

summarization and captioning.

Text can be generated by using Hidden Markov Models and Markov Chains but it is difficult
to generate whole sentence using them so we have used Recurrent Neural Networks (RNNs)
with its variants LSTM and GRU to develop language model that can generate whole new

text word by word automatically.

Research work presented in this thesis focused on generation of language model by training
different RNNs. The proposed method works in two stages. In first stage, training of simple
RNN, LSTM and GRU is done on different datasets and in second stage; sampling is done to
generate output text. We have considered 5 different input datasets and for each dataset all
three networks are trained. Lastly, after this all the output texts are compared to conclude
which network generates more realistic text. The variation of training loss with iterations for

all datasets is also examined.
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CHAPTER 1

INTRODUCTION

As natural language can be generated by various learning algorithms but neural networks
out-performs these algorithms because of hidden layers. These layers create a more
complicated set of features which results in better predicting accuracy. The more complicated
and informative the features become, the more likely model learn better and give more
precise predictions. But neural networks have big limitation that they can’t understand the
sequence in which current state is affected by its previous states and recurrent neural
networks came out as solution for that. In recurrent neural networks each hidden layer
depends on the corresponding input at that timestep and the previous timestep and output is
computed using only associated hidden layer. So with hidden layers of different timesteps,
recurrent neural networks have ability to remember. But it can’t remember over a long
timestep due to a problem called vanishing gradient. So an improvement was required. And
Long Short-term memory came out as a potential successor. LSTM has ability to forget
which means it can decide whether to forget the previous hidden state or to keep it. It also has

ability to decide whether to update the current state using previous state.

Here, in this work, we have discussed about the implementation of RNNs for creating text
generated system. The training of model over input text and output generation and then
comparing the outputs of simple RNN, LSTM and GRU.

Foundation

Training a computer to be able to think like a human being has been going on for decades.
For any system to be able to learn, it must be programmed to learn to perform a task. This can
be done by Deep Learning. It is a technique for implementing machine learning. So it is part
of machine learning methods family which is based on various algorithms that try to model
high level abstractions of data. Text can be generated using recurrent neural networks with
Hessian-Free optimizer. HF optimizer is applied to RNNs to predict the next character in a

stream of text (Sutskever et al., 2011).



Recurrent Neural Networks

It is assumed that inputs and outputs are independent of each other in vanilla neural
network. But to predict the next word in a sentence, words that came before it, should be
known. So for these kinds of tasks, RNNs are needed. These neural networks are called
recurrent because they have loops in them. In other words RNNs are those neural networks
which have a memory that maintain information about previously calculated results. The

unrolled recurrent neural network is shown in Figure 1.1.
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Figure 1.1: Unrolled recurrent neural network [17].

The above figure is chain-like nature of RNN. It reveals that recurrent neural networks are
used for tasks that have input data in form of sequences and lists. This is preferred
architecture to use for such kind of data. An RNN is composed of identical feedforward
neural networks which are called RNN cells. The cell operates on its own output. It can also
operate on external input and then produce external output. The single RNN cell is shown in
figure 1.2.
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Figure 1.2: Single RNN cell [18].



Backpropagation Through Time (BPTT)

The purpose of recurrent neural networks is to accurately classify sequential input and to
do this we have backpropagation of error. Backpropagation in feed-forward networks mean
there is movement of weights in backward direction through outputs and inputs of every
hidden layer from the final error and keep on assigning partial derivatives of a portion of the
error and weights i.e. —dE /0w . In other words the relationship between their rates of change is
assigned. Those derivatives are then used by our learning rule to adjust the  weights up or
down in the direction where error decreases and this learning rule is called gradient descent.

RNNSs rely on this extension of backpropagation called Backpropagation through time.

Vanishing Gradient Problem

Recurrent networks are able to store previous inputs to give current required output. This
property of recurrent networks allows them to be used in process control and time series
prediction. The gradients of the network’s output with respect to the parameters in the early
layers become extremely small. This is called vanishing gradient. It depends on the choice of
activation function. The learning time increases because during backpropagation the error

vanishes (Bengio et al., 1994).
Applications of Recurrent Neural Networks

RNNs can be trained on any type of sequential data. These have shown applications in
many NLP tasks. The following are some examples of it.

Language Modeling and Text Generation

These are the tasks in which a sequence of words is given and we want to predict the
probability of each word when we have previous words of a sentence. Language Models
gives us probability distribution over sequence of words. We get a generative model by using
this language model in which new text can be generated by sampling words considering the
output probabilities. In language modeling our input is generally a word sequence and output
is simply a predicted word sequence. The basic RNN language model example is shown in

figure 1.3.
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Figure 1.3: Basic RNN Language Model [21].

Machine Translation

Machine Translation has sequence of words as input similar to language modeling in

some source language like German. We want that input text to be in our target language like

English.

A key difference between machine translation and language modeling is that in machine

translation our output only starts when we have seen the complete input because the first

word of our translated sentence may require information captured from the complete input

sequence. The following figure 1.4 shows an example of machine translation.
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Figure 1.4: RNN for Machine Translation [17].
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Speech Recognition

Neural networks combined with hidden markov models have been used for speech
recognition in past years. The speech recognition can be done by building a classifier that
converts sound sequence into phonemes sequence. The deep feed-forward networks have
become popular in recent years because acoustic modelling has improved dramatically. The
RNN uses multiple hidden layers to identify latent dependencies to perform speech
recognition. The character level speech transcription can be performed by a recurrent neural
network with minimal preprocessing and no explicit phonetic representation (Graves and

Jaitly, 2014). An RNN for speech recognition is shown in figure 1.5.

CTC Loss Across Time

NN Out 1 NN Out 2 NN Out 3 NN Out 4

% . £ 2

Figure 1.5: RNN for Speech Recognition [22].

Long Short-Term Memory

Long Short-Term Memory (LSTM) is a special type of RNN that was designed to model
temporal sequences. These networks were first introduced by Hochreiter & Schmidhuber
(1997). LSTMs were designed specifically to solve the problem of long range dependency
between input sequences in conventional neural networks. So they can remember information

for long periods of time by default.


http://deeplearning.cs.cmu.edu/pdfs/Hochreiter97_lstm.pdf
http://deeplearning.cs.cmu.edu/pdfs/Hochreiter97_lstm.pdf

The idea used for LSTM was to pick information at every step of RNN to form larger
collection of information. For example if we want to caption an image using an RNN it may

look at a part of the image for every word it generates as an output (Xu et al., 2015).

The learning process depends on the magnitude of weights in transition matrix. If the
matrix weights are small it means gradient signal is also small that makes learning either very
slow or stops working. In this case gradients are called vanishing. This can make learning
long-term dependencies in the data even more difficult. But if the transition matrix weights
are large so it makes learning to get diverged. This situation is called exploding gradients.
LSTM model has a structure called memory cell which solves the issue of vanishing and
exploding gradients. A memory cell has four main elements which are input, forget and
output gate and a neuron that has self-recurrent connection. Memory cell is shown in figure
1.6.

forget gate
self-recurrent

connection

memory cell Ij » memory cell
input output

Input gate output gate

Figure 1.6: LSTM Memory Cell [20].

The input, output and forget gate regulate the interactions between the memory cell and
the environment. The input gate either allows or blocks the incoming signal to change the
memory cell state. The self-recurrent connection ensures that the memory cell state remains
constant from one timestep to other. It has 1.0 weight and it also avoids any interference from
outside. The output gate either allows or prevents the effect of memory cell state on other
neurons. The forget gate either allows the cell to remember its previous state or forgets it
according to its need.


http://arxiv.org/pdf/1502.03044v2.pdf

LSTMs also have chain like structure similar to recurrent neural networks except the
repeating module. The repeating module has four interacting layers instead of single layer.
The repeating model of LSTM is shown in figure 1.7. In this figure, pink circles represent
pointwise operations like vector addition and multiplication. The yellow boxes represent

learned neural network layers.
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Figure 1.7: The repeating module of LSTM [17].

The horizontal line at top of the diagram is a key of LSTM cell state. It is shown in figure

1.8.
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Figure 1.8: Key of LSTM cell [17].

The forget gate layer decide what information to throw away from the memory cell state.
It gives a number between 0 and 1 as output by looking at ht.1 and x.. Here 1 represents layer
will keep this information whereas 0 represent to forget this information.

The next step is to update the state of cell. It is decided using two things: input gate layer
and tanh layer. The input gate layer decides which values are to update and Tanh layer

creates a vector that has new candidate values which can be added to the state.



Next step is to update Ct1 (old cell state) to C:. (new cell state). To do this, we multiply

the Ci.1 by fi, forget the things which we have already decided to forget and finally we add

it*"Ctand fi= Cr1. This is the new candidate value.

Final step is to decide the output. This output will be based on the state of cell. First

output of cell state parts needs to be decided which is done by sigmoid layer and then state of

cell is decided through tanh layer in order to make sure the values lie between —1 and 1 and

then finally multiplying this value with sigmoid gate output to get the already decided parts

as output.

Advantages & Limitations of LSTMs

Advantages

The following are some advantages of LSTMs (Hochreiter et al., 1997) are:

1. LSTMs avoid long time lags because of their constant backpropagation of error within
the memory cells.

2. LSTM can handle noise, continuous values and distributed representatives in case of
long time lags problems.

3. LSTM can deal with unlimited number of states. It does not need finite number of
states like hidden Markov models and finite state automata.

4. 1t seems that there is no need of any tuning of parameters as LSTM works very well
over parameters like input gate bias, output gate bias and learning rate.

5. Complexity of LSTM algorithm update is O(1) per weight and timestep.

6. LSTMs can be implemented in various areas such as music composition, time series
prediction and speech processing.

Limitations

1. LSTM algorithm can’t solve problems like strongly delayed XOR problems in which
XOR needs to be computed between two widely separated inputs.

2. LSTM memory cell has additional units in terms of input gate and output gate so it
means each hidden unit is replaced with three units which lead to increase in the
number of weights when it is fully connected.

3. There is constant flow in memory cells so LSTM see entire input string at once like

feed-forward networks.



Gated Recurrent Unit (GRU)

It is similar to LSTMs as both were designed to solve the problem of vanishing gradient.
It has less complex structure as compared to LSTMs. A GRU has two gates unlike LSTM
which has three gates. The gates in GRU are reset gate ‘r’ and update gate ‘z’. The reset gate
tells how new input will combine with previous memory. The update gate tells how much
previous memory will be kept around. To achieve simple RNN model, we can set reset gate

to 1 and update gate to 0. The GRU gating is shown in figure 1.9.

>0UT

Figure 1.9: GRU Gating [20].
The differences between GRU and LSTM are:

1. LSTM has three gates whereas GRU has two gates.
2. Internal memory (Cy) is not present in GRUS.
3. LSTMs have output gate whereas GRU don’t have that.

4. In GRU second nonlinearity is not applied when the output is computed.

Tensorflow

It is an open source library developed by Google. It is used for numerical computations
using dataflow graphs. Nodes in this graph represent mathematical operations and graph

edges represent multidimensional arrays called tensors. It is similar to numpy. It first builds



graph of all the operations that are need to be done then calls a session which run the graph.

The typical workflow of program in tensorflow is shown in figure 1.9
Typical workflow

Building a computational graph
Initializing the variables
Creating session

Running graph in session

o & D BE

Closing of session

edges(tensors)

Nodes(operations)

|
Graph

Session

cpul cpuz gpul
Devices

Figure 1.10: Workflow of program in tensorflow [19].

Technologies used in Tensorflow

1. Placeholder: It is a way to feed data into a graph.

2. Feed dict: It isa dictionary to pass numeric values into graph.

10



Advantages of Tensorflow

1. Intuitive construct: It is very easy to visualize every part of a graph.
2. Flexible: It is platform flexible. It can be run on mobile, PC or server.
3. Easy Training: It is easy to train tensorflow on CPU or GPU for distributed

computing.
Limitations of Tensorflow

1. It depends on hardware specs.
2. There is not an API for many languages.

3. Itis powerful but still a low level library.

Thesis Outline

The purpose of this thesis is to develop a system for generating text by training different

RNNSs along with comparison of these outputs. The thesis is organized in following manner.
In the present Chapter, introduction of RNNs, applications of RNNs and overview of
LSTM, GRU and Tensorflow with their advantages and limitations are presented. Chapter 2
describes the literature survey on text generation systems using different RNNs. Chapter 3
describes the problem statement. Chapter 4 illustrates the various phases of preprocessing,
training the RNNs, LSTM, GRU and generation of output. The output of all these RNNs is
then compared. Results obtained by generating language model by training all these networks
described in Chapter 4 are discussed in Chapter 5. The conclusion drawn from the results

obtained is discussed in Chapter 6.

11



CHAPTER 2

LITERATURE SURVEY

In this Chapter, a brief literature survey on the topics included in this work is presented.

Magsud [1] has presented the study of different generative models for text generation.
They introduced HMM for text generation and compared it with LDA and MC. They
experimented different sentiment analysis methods on different data sets and showed that
generative models can generate text with a specific sentiment and also concluded that hidden
Markov model based text generation achieves less accuracy than Markov chain based text

generation.

Martens and Sutskever [2] have proposed the way of training RNNs effectively on
sequence modeling problems that are difficult, complex and contain long term dependencies.
They trained RNNs on real world sequence datasets that are highly complex and also on a set
of pathological synthetic datasets. Standard optimization approaches are known to be
impossible for these datasets. These problems were solved by utilizing advances in HF

optimization along with a novel damping scheme.

Sutskever et al. [3] have proposed that text can by generated by training RNNs with HF
optimizer. HF optimizer overcame the difficulties associated with training RNNs and made
them to be successfully applied to challenging sequence problems. They introduced a RNN
variant in which the current input character determines the transition matrix from one hidden
state vector to next by using multiplicative connections. They trained multiplicative RNN
with HF optimizer on 8 high end GPUs for almost five days. In this way, they demonstrated
the power of RNNSs trained with HF optimizer by applying them to language modeling tasks.

Roemmele and Gordon [4] have developed a web based application called Creative Help
that provides automated writing assistance. In this application user writes a story and when
user types \help\ , a JavaScript function is initiated that sends request to back-end server for
generating a sentence and the user can edit this sentence similar to any other text of the story.
It used information retrieval methods to find stories similar to the user’s story among a large
corpus and then extract sentences from these stories as suggested continuations. The user

interface of this application is shown in figure 2.1.

12



Roemmele [5] has explored the use of RNNs for novel generation task and showed how
this task affords a unique opportunity for the evaluation of generation systems. The data
driven approach is used for creative help application. This system offered relevant
suggestions; the suggestions modeled the context of their originating story rather than user’s
story which limited their compatibility. Creative Help tracks modifications to suggestions for
quality evaluation purpose. Creative help offers a paradigm for evaluating language
generation through user interaction with application, providing the need to conduct evaluation
separately from generation.

Creative Help USClnstitute for

Creative Technologies
Type \help\when you need it.

| just returned from a particularly exotic vacation. We spent hours on flights and
just to get to South America, and then from there had to make our way all the way
to the mountains at the foot of the continent. Perhaps if | were more Sarah Palin-
esque | would make an ill thought out comment about being able to see Antartica
from the mountain tops.

The best part of the trip was the hiking, one moment warm and sunny, and the
next bitter cold with icy rain moving up the mountain. Irregardless the
meteorological changes, we moved further up, further in.

| should explain our traveling party some. It began as just myself. | had hoped to
make it a solitary venture. An opportunity to step back from the fast-paced life |
normally lead and experience the awesome majesty of the most majestic
mountain range on earth. That didn't last long. Word of my idea got out and very
quickly two guys from work wanted to join in. Offering to split the costs it made
sense financially, but at the same time frustrated my attempts at spiritual and
physical rejuvenation.

Nothing could spoil the beauty of this wondrous place though. Not even their
ridiculously awful driving along the bumpy, back country roads.

At night, the stars would light up the sky in a way which is far beyond the paltry
attempts of humanity upon the advent of electricity. | watched the stars dance
their way through the deep violet sky. \help\

Figure 2.1: Creative Help User Interface.

Collobert and Weston [6] have described single convolutional neural network
architecture for NLP which learns features by using given limited knowledge that are relevant
to the tasks. This architecture is developed by training a neural network. In this architecture
for a given sentence there is an output of some predictions like pos tags, semantic roles,
semantically similar words and chunks which are used for language modeling. The whole
network is trained for these tasks by using weight sharing. This is helpful in many
applications in NLP tasks including chunking, parts of speech (POS) tagging, semantic role

labeling and learning a language model.

13



Liu and Singh [7] have presented an interactive agent for story generation that used open
mind commonsense knowledge (OMCS). This agent is called Makebelieve. It generates short
fictional story by having an initial step provided by the user. It is a transformational story
generator and it assumes that local and global constraints guide the story generation. They
have used open mind commonsense. OMCS has 400,000 English sentences that are semi
structured. They have used OMCS because relations and arguments can be extracted easily

from semi-structured sentences.

Grangier et al. [8] have introduced a neural network based model for concept to text
generation. It has used Wikipedia’s biographies as dataset. It generated biographical
sentences using fact tables on the dataset. To generate text it used conditional neural language
models. In this work, they focused on generating only first sentence. They attached token
position and field type to every word type. Local and global conditioning helped the model to
improve. It is shown that the model could generate descriptions of people based on
biographies in form of structured data.

Uchimoto et al. [9] have proposed a method for sentence generation using headwords or
keywords. This system consisted of generation-rule acquisition, candidate-text sentence
construction and evaluation. Generation rules for each headword are acquired automatically
during generation rule acquisition phase. The construction part generated text in form of
dependency trees and due to knowledge gap it used complementary information to replace
missing information. The evaluation part consists of a model that generated an appropriate
text when keywords are given. The model considered word n-gram information as well as
words information dependency.

Lopyrev [10] has described an application to generate headlines from the text of news
articles. This application consists of an encoder and decoder RNN with LSTM units. The
encoder takes one word of news article text as input and there is embedding layer into which
this word is passed which transforms this word into a distributed representation. Then these
distributed representations are combined with the hidden layers that are generated with
multilayer neural network. Decoder takes an end-of-sequence symbol as input and after that
embedding layer is used again to transform the symbol into a distributed representation.
Then, the decoder generates words of the headline ending with an end-of-sequence symbol
using a softmax layer. The model is found to be quite effective at concisely paraphrasing

news articles. The encoder-decoder architecture is shown in figure 2.2.

14



output <eos>

<eos> headline

is input
Figure 2.2: Encoder-Decoder neural network architecture

Sutskever et al. [11] have proposed an approach for sequence learning. As LSTM can
learn data which has long range dependencies so they used LSTMs for their application. They
used one multilayer LSTM which maps the input sequence to a fixed dimensionality vector
and other deep LSTM which map the vector to target sequence. In this application they have
shown English to French translation. They have shown that large deep LSTM can perform
better than a standard SMT based system having unlimited vocabulary on a large scale

Machine Translation task even with limited vocabulary.

Srivastava et al. [12] have discussed that about the serious problem of overfitting in deep
neural networks. They presented dropout technique for preventing this problem in neural
networks. The key idea of this technique is that during training neuron units were randomly
dropped from the neural network along with their connections. During training, those
dropped samples formed a collection of 2" thinned networks. At testing time it was not
feasible to average the predictions of such large number of thinned networks so a single
neural network without dropout was used. The weights of this network were scale down
version of trained weights. This technique reduced overfitting significantly and was found to
show major improvements in performance of neural networks in many applications like digit

recognition, speech recognition and object classification.

Rumelhart et al. [13] have described a learning procedure for neural networks. This is
called back propagation. The goal of this procedure was to minimize measure of difference
between the desired and the actual output vector of the neural network by repeatedly
adjusting the weights of the connections of the network. As a result internal hidden units
which were independent of both input and output came out. These units then represented the

15




important features of the task domain. The interactions of these units helped to capture

regularities in the task.

Glorot et al. [14] have discussed about the difficulty of training deep feedforward neural
networks. Their main findings were that the selection of a non-linear activation function
impacts the performance on a huge scale and the weights should not just be random but the
scale should vary according to the layers. These slight changes can help greatly to improve

the performance.

Kiros [15] has presented a method to prevent overfitting and co-adaptation of feature
detectors. Stochastic Hessian-Free optimization is the method they presented. HF updates
directions using conjugate gradient algorithm which require curvature vector products only.
These products can be computed on same order of time it takes to compute gradients with
additional forward and backward pass through computational graph of function. They
exploited this property to introduce stochastic HF optimization. This operates on gradient and

curvature mini batches independent of data size.

Chung et al. [16] have presented an evaluation of the recurrent units including RNNs,
LSTM and GRU. They evaluated these on speech signal and music modeling. They
performed experiments on some datasets by taking fixed number of parameters for all

models. They concluded that GRU can outperform LSTM.
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CHAPTER 3

PROBLEM STATEMENT

Problem Formulation

Generative models reduce the need of acquiring laborious labelling for the dataset. Text
generation techniques can be applied for improving language models, machine translation,
summarization and captioning.

RNNs based models have been used widely for generative tasks such as language
modelling, machine translation, speech recognition, and image captioning. Being able to
capture important features in the time series is the most notable ability of the RNNs. In the
generative RNN models, words from the previous time steps are input to the next time step
iteratively. However due to the fact that only training data is seen by the model so during
training, the statistics of the hidden states during optimization may be shifted during
sampling.

LSTM & GRU are variants of RNNs. These use gating mechanism which avoids problem

of vanishing gradient in simple RNNs. We can compare the text generated by them.

Research Gaps

1. The already used techniques involve use of Latent Dirichlet Allocation (LDA),
Markov Chains (MC) and Hidden Markov Models (HMMs). But these techniques are
insufficient to create whole sentences.

2. Deep learning technique named as RNNs has been implemented for text generation
but much work has not been done on training LSTM and GRU for language
generation model.

3. Tensorflow library is not used before for the implementation of RNNs for English
text generation.

4. All the present techniques have been implemented mostly on single CPU system. But
while using tensorflow library we can use multiple CPU systems using NVIDIA

GPU for parallel processing in case of large datasetto get better efficiency.
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Research Objectives

1. To develop text generation system which deep learn one text and then generate new
text using Recurrent Neural Networks.

2. To use Google’s open source library called Tensorflow for the implementation of
RNNs which provides many in-built functions for the computation of complex
calculations.

3. Totrain RNN, LSTM and GRU for developing language model.

4. To compare the results of different models to conclude which network perform well
in task of text generation.
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CHAPTER 4

RESEARCH METHODOLOGY

In the present study, we have trained different RNNs on the preprocessed English text

and after that new text is generated by deep learning the input text and finally outputs of

simple RNN, LSTM and GRU are compared. Development stages of text generation system

using RNNs are shown in Figure 4.1. Section 4.1 illustrates the installation of tensorflow.

Section 4.2 demonstrates the Preprocessing of input text. Section 4.3 demonstrates the

building of language model by training different RNNs and Section 4.4 sampling of new text.

Section 4.5 discusses the final output generation.

Tensorflow Installation

In this proposed system, Ubuntu environment is used for installation of Tensorflow

library for the implementations of RNNs. The following steps have been used for the

installation of Tensorflow library:

Firstly install Ubuntu 14.04 alongside Windows or install any virtual environment
like VirtualBox, VMWare in which you put the image the Ubuntu 14.04.
Before installing Tensorflow, the pre-requisites are: Python and pip should be there
in your Ubuntu environment. By default Python is already installed in your Ubuntu
environment. To check its installed version, use below command:

Python-V forPythonversion&

PpV for pip version

Note: pip or pip3 i.e. version8.1 or higher and Python 2.7 or Python 3.3+ are
recommended. If lower versions are setup then upgrade your python and pip version
using upgrade pip command in the prior step.
After successful installation of Python and pip versions, install Tensorflow using
commands:

- pip install tensorflow

- Set
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TEPYTHONURL=https://storage.googleapis.com/tensorflow/linux/cpu/tenso
rflow-1.1.0-cp27-none-linux_x86_64.whl

- Use below command:

pip install —upgrade TEPYTHONURL
This command will successfully install Tensorflow and all the required
packages it needs automatically in your Ubuntu environment.
e To validate whether Tensorflow is installed in your system or not, you can use below
sample code:

- import tensorflow as tf;

- res= tf.constant(“Hi! I am working...!”)

- sess=tf.Session();

- print sess.run(res);

If tensorflow is successfully installed in your Ubuntu environment then it will output:

“Hi! I am working..!” in your terminal window.
Preprocessing

In text generation system, preprocessing is the first and very important stage.
Preprocessing of input data is done to make input text appropriate to fed into RNNs. This
includes tokenization of text, removal of infrequent words, vocabulary & inverse vocabulary

formation and building batches of sequences of input text.

Tokenize Text

A token is simply an instance of a sequence of characters that are grouped together as a
useful semantic unit for processing. Tokenization of raw text is needed because we want to
make predictions on each word of text. We divided the text into sentences then sentences into
words. We tokenize the text by using python string split method. Here is an example of

tokenization:

Input: Countrymen, Friends lend me your ears.

Countrymen || Friends ||lend || me || your || ears

Output:
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Removal of Infrequent words

It is important to remove the words which appear only once or twice. Training depends
on the vocabulary size so removal of infrequent words will avoid our vocabulary to be of
large size. As we don’t have many examples of those words our model would not be able to
learn how to use them properly so they are removed. This is done by using most_common
function. This gives word along with its count in the text. The order is from most frequent to
least frequent word.

Vocabulary & Inverse vocabulary formation

Vocabulary is formed in which each word is mapped to index based on sentences.
Collections.Counter is used to form key-value pair for each word of text. Counter is container
that store words as key and their count as value. Vocabulary is formed using most frequent

words given by most_common module.

Inverse vocabulary is maintained in which there is index to word mapping. It is done by

using enumerate function. This gives tuples in form of counter and element
Building batches

To process number of sentences in parallel in the network, batches are formed. The input
in any feed-forward network is a matrix of shape [x*y] where x is batch size and y is feature
size. The vocabulary is divided into sentences and from these sentences batch is formed. The
first word of each of the sentence of the batch is processed in parallel then second word of
sentence of each batch and so on. In a batch all sentences are handled in parallel but network
sees only one word of sentence at a time and compute accordingly.

Model Building

After preprocessing of our input text, we train RNN to build language model. The
language model deep learns the input text to produce output text. First we need to set the
parameters of network and initialize the variables of tensorflow for training. Then forward
propagation is implemented for predicting word probabilities. After that loss is calculated.
Training the RNN with stochastic gradient descent and back-propagation through time and

then to verify implementation gradient checking is done. Finally text is generated.
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Figure 4.1: Development stages of Text Generation System
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Initialization

The first step for training RNN is to set network parameters and initialize the variables.
These parameters include number of layers, batch size, sequence length and many others. All

the parameters with their definitions and default value are shown in table 4.1.

Creating Computational graph

First step for tensorflow is creating computational graph. The graph specifies the

operations to be done. The input and output of the graph are multidimensional arrays called

tensors. Every time RNN run, batch data is fed into placeholders. These placeholders are start

nodes of the graph. RNN state is also fed into placeholder. This state is output of previous
run. The tensorflow variables are weights and biases of the network. These make tensorflow

to be persistent across all runs. These are updated for each batch incrementally.

Table 4.1: Parameters used in training RNNs.

o Default
Term Definition
Value
) It is the number of neurons in one layer of the
Rnn_size ] ] ] 256
network. It is called size of hidden state.
Num_layers It is the number of hidden layers in the network 2
_ It specifies how many streams of data are processed in
Batch_size ) 50
parallel at one time.
Seq_length It is the length of each sequence in the batch. 25
num_epoch | epoch is how many times one example is processed 50
) It is a parameter that determines how much an
Learning ) )
. updating step influences the current value of the 0.002
ate
weights. It lies between 0 and 1.
Decay Rate | It causes the weights to exponentially decay to zero. 0.97
. It means all the gradients above this value will be
Grad_clip 5
clipped
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Forward Pass

Forward pass includes building part of the graph that does actual RNN computation. In
this we concatenate two tensors. current._input *w,,+ current, statexw;, Thisisshowninfigure 4.3, The addition of bias is
broadcasted on all samples in the batch. During training, RNN is treated as deep neural
network with reoccurring weights in every layer.

Loss Calculation

Loss is calculated to know how well our model behaves after each iteration or
optimization. Minimizing the loss function with respect to parameters of model using
different optimization techniques like back-propagation is an objective in learning model.

Here loss of the batch is calculated when we have fully connected softmax layer.

Concatenated /
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> mun = mn
N
" \

next_ state

Samples

|
|

|
|

|
|
|

/
|
-

current_ state

 EEE

current input

Figure 4.3: Computation of matrices [19].

The effects of different learning rates are shown in figure 4.4. The improvements will be
linear when learning rates are low. They will look more exponential when learning rates are
high. Higher learning rates will decay the loss faster. They get stuck at worse values of loss

(green line) because of high energy in the optimization.

Running Training Session

Now graph is executed in a session in tensorflow. Data is generated on every epoch. We
have trained different RNNs so there are three models that are generated by training RNN,
LSTM and GRU. The screenshot of training of these is shown in following figure 4.5.
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Figure 4.4: Variation of loss and epoch [21].
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Figure 4.5: Screenshot of training RNN
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Here in the figure 4.5, First thing is 50/8100.
50isherebatchnumberand 8100 aretotal iterations. Iterations can

be calculated as:

NunbaidessunguodsNintbatches can be

calculated as:

Nnhitts-tmohthieseq_length.

Next is (epoch 1) which describes the epoch currently running. One epoch is running fornumber
of iterations and then train_loss which tells training loss and finally time /batch which tells time taken to run
each batch. Training takes hours to complete depending on input file size. It took days to train

networks on our five datasets.

Checkpointing

It can take hours, days or weeks for deep learning model to train so if it gets stopped
unexpectedly we can lose our work. The network is slow to train because of requirements of
optimization. So we have used model checkpointing to avoid this issue. In this state of system
is maintained in case of failure. It record all of the network weights to a file each time an
improvement in loss is observed at the end of the epoch. The frequency with which these
checkpoints are written is controlled with number of iterations, as specified with the
save_every option. While the model is training it will periodically write checkpoint files to the save
folder.

Sampling

After training RNN language model is developed. So when our model is ready, we can
do sampling. In this phase, first word is given by us and as model has learned the
dependencies between the words and conditional probabilities of the words in the sequence of
the text so it can generate the next word after that third word using first two words and so on.
It will generate specified number of words. The text generated only contains the words that
are present in the input text. As we have five different datasets so the outputs generated have
five different new stories. The story actually does not make any sense because of lack of rules

in it but GRU gives text that is quite realistic.
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Output Generation

After sampling, new text has been generated using the words of given input text and this
is stored in output file. As we have trained three different RNNs and 15 models generate text
so we have 15 output text files. After obtaining the output texts generated by all these models,

we compared them to conclude which RNN gives more realistic text.
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CHAPTER S

EXPERIMENTAL RESULTS

As discussed in Chapter 4, we have trained RNNs with tensorflow to develop language
model. We have performed experiments by training different RNNs on five different datasets.
Two hidden layers and size of each hidden state be 256 are used in these experiments.
Experimented by changing RNNs and then comparing the results have been performed in this
work.

Five experiments have been conducted in this work that will be discussed further in this
Chapter. We have trained simple RNN and its variants to develop language model which then
generates a new text by deep learning input text. Each RNN is trained using same values of
variables and with same first word for one dataset.

Experiment 1

Experiment 1 has been performed on dataset consisting of contents of book named War
and Peace. This dataset is of about 1.73 MB and we trained simple RNN, LSTM and GRU on
this dataset. The input text is shown in figure 5.1.

B_ PODen v "‘Save é

E | ] input.txt x

|"we11, Prince, so Genoa and Lucca are now just family estates of the
Buonapartes. But I warn you, if you don't tell me that this means war,
ﬁ if you still try to defend the infamies and horrors perpetrated by that
Antichrist--I really believe he is Antichrist--I will have nothing more
il to do with you and you are no longer my friend, no longer my 'faithful
é slave,' as you call yourself! But how do you do? I see I have frightened
you--sit down and tell me all the news."

E It was in July, 1805, and the speaker was the well-known Anna Pavlovna
Scherer, maid of honor and favorite of the Empress Marya Fedorovna. With
E these words she greeted Prince Vasili Kuragin, a man of high rank and
importance, who was the first to arrive at her reception. Anna Pavlovna
#_ "9 had had a cough for some days. She was, as she said, suffering from 1la
w grippe; grippe being then a new word in St. Petersburg, used only by the
. clite.
ﬂ All her invitations without exception, written in French, and delivered
& by a scarlet-liveried footman that morning, ran as follows:
"If you have nothing better to do, Count (or Prince), and if the
prospect of spending an evening with a poor invalid is not too terrible,

! I shall be very charmed to see you tonight between 7 and 10--Annette
m— SCherer."

Figure 5.1: Input text 1.
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The output text generated by training RNN on input dataset 1 is shown in figure 5.2.

File Edit View Search Tools Documents Help

) E Ptjpen + B8 save |g|

| ] input2output_Ffile_rnn.kxt x

= M He was evident he could not be familiar, here, cousin?" and my dear fellow?" and keeping
el i the last company shown up the carriage that would be terrible and Enemy of hers stood
ff) "Whatever are you know, because it is affectation. to the fascination and whom he had bet
exhausted. beaten friendship, of the dog of sincere shout on the ballroom. And still he |
—wgj brothers. Two eyes came round to troubled by underclothing, changed his eyes. "But yes,
& W filled contemptuously and pulling them, and no character: He went to her, Suvorov- am sa
I know later that he would protect me. "Gentlemen, is all how do you safe; six vous Weib
his recent shadows of an officer was MNapoleon--his came to him. He began questioning fre
& M and the last prince, I was necessary to be whose even not need to him on. "Buonaparte?" |
— -sme," the news were building as a question. (The field were: manners and clung to the b
= Prince grasp the expression of the face one part. Our wives' Mitya thought you accrue. Ii
than appropriate, shout me knows alone in our reception room. Go into dinner and with hi
* "l therefore as was limited, petty, sinister part of Smolensk. "Is you understand, just shoi
~-" Wl constantly in conjunction in the nearest but wearing a line that can't drink you--I insp-
I Napoleon--his An perplexity. Before he called them! When they met indispensable to your 1
only to him she had begun to cry. Everyone feel promise, as a minute later a girl, the s-
— M sisters sincere a that is no more...." significance, whom he did only know nothing about
~ 7wl positively, himself only gave him, woman." "Yes, I am hardly done on his seat. And there
leather dog in the window characteristic of regards the prince, who was eating for me to
short other. Can use not at end of everything. For come!" he could not tell these losses
are there must pretend to be a new month--it has been transferred to depriving to stir, :
_;f? French man was taken aback in his lorgnette, in his saddle. "When Papa is himself. On th
e there, rested on his house and all his wife rode up to it. "Why seemed to think the yount

Figure 5.2: Output text resulted by simple RNN.

The output text generated by training LSTM on input dataset 1 is shown in figure 5.3.

File Edit View Search Tools Documents Help

B RRoew - B B

—_ | ] input2output_Ffile_lstm.txt x

| o M He had no last definite barrier two ones. So what do not. He did not know. The Emperor is
B pointing to their horses. Hayne, reaching other horses pictured me," said he, and the othe
ﬂ that had thought of this, and had been engaged between him. He could not sleep. It seemed
he disliked God, who could 1ift everything of visitors wide table, her. "The men is in men

—l 53y that this I told him all the wedding I have done w'ong," Nicholas take me, and go on!"
é who was perhaps as it were, but he could not agree with him all. "You are to whom you will
talking held up panting, Tushin went back to the door to bolt and footmen, talking with a

. had come on to dine into a little mild expression of talking loudly across the shoulder an
& MBourienne smiled deeper as he told himself her dear" and "my sweet," asked to Prince Andre
M feeble volce one would have an explanation..." "I call him very definitely!" one of her fa
a seemed to chase only a deserter from the Russians, all that mingled with another. Seeing t
to repeat battle. His father's house was guessed that all were in a remark to the little p

==l speak to him, but that he could on his will, they found the architect a jingling of the of
"W and the moving horses were absorbed in the wine. Chance further peaceful move some on the
i very respect with such a woman. "That's what do you expect it; doesn't this thought that I
a and wrapped his pupil with Olmutz and through the village to see how the French troops ami
— M solemnly and women who had to attack the enemy should the right boot so consistently that
o play. "Not only a future aim will be bad. Trying for the 6th Regiment. "Here is our money.
q Rostov). His passion he had spent its extreme maneuvers that provisions are nothing of, an
could he and wished not to rebuke her share as a cripple, a man who was carried forward to

to recover provisions, his whispered reading. The white seat who on the countess rode sile

# ) and did so. Everything was restrained to well. He who had been since the peasants had rise

Figure 5.3: Output text resulted by LSTM.
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The output text generated by training GRU on input dataset 1 is shown in figure 5.4.

p— | 7] input2output_file_gru.txt x

He could not have been in a constant state of worthy and being to present another peop
to whom you have to talk with them, but they said it." Pierre threw his mustache. arm
guests who had had in three vicinity), the rain was away, but Dolokhov looked impudent
two approaching pretext, in this days. He spoke when it is quiet and in the drawing ro
ranks amid a Russian line as well as a stranger, but from the very past Pierre went on
him all to how his father seemed to him after his thought of habit could understand, a
possible to wish to be clever with his place and she forgets that he had to go into an
her to her and even to the first to come on, but she is alone, now, all this sort of g
hidden for his wife, he grew firmly convinced that all his family should not have anno
e oyt of any time had twice been up to the women, and because he fell asleep. Only even
= his severity to show him to the cause of his serfs. When he had written a letter to th
when her father had not keep on Pierre's face of the moment. "How about this man the w
received the army himself. It was only this young man he sent to visit a word of comma
"M coming over their moved and opened a special answer to the left elder One half was cor
B position. He tried to give them from the other to the officers' looking toward him. He
a and threw from the back of the house, he sat coming in conversation at the quick playi
— M horses. prince, not having been up to dinner. The sick man should reply to Denisov's w
> 7ol calm, ALl speaking of will you want to see her in a way that the child is alive, herse
’:s and just recognizing Prince Andrew, feeling one of them their voice. "What a charming
your will when you have come, so many is hard for me... I tell myself of all I have se
you are now but for myself." Matasha went up to the Natasha. She always did then allow
_;f? bed round the letter and gave it to himself, he did not know, for others come to Boris

affaire fall Af enarial wau  +a him "nh  mu Asar fallaw what van ara ha +ta hlama e

Figure 5.4: Output text resulted by GRU.

Experiment 2

Experiment 2 has been performed on dataset consisting work of Shakespeare.

This

dataset is of about 1.06 MB and we trained simple RNN, LSTM and GRU on this dataset.

The input text is shown in figure 5.5.

—_— L] input.txt X
E First Citizen:
Before we proceed any further, hear me speak.

All:

g Speak, speak.

First Citizen:
You are all resolved rather to die than to famish?

All:
Q Resolved. resolved.
=

First Citizen:
n First, you know Caius Marcius is chief enemy to the people.

a All:
—— M We know't, we know't.

6 First Citizen:
Let us kill him, and we'll have corn at our own price.
i fIs't a verdict?

Figure 5.5: Input text 2.
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The output text generated by training RNN on input dataset 2 is shown in figure 5.6.

File Edit View Search Tools Documents Help
E_ PDpen v ﬂSaue g

| 7] output_Ffile_rnn.txt x

star flatterest me prompt his curfew queen,--0 TYRREL: Jesu, an cousin, detestable
three and all post: MIRANDA: This lady's honour and our head of him: be ill thus n
where I quench my heart open. I can say it were too fair good MENWENIUS: masters, f
all; Which Phaethon could think him thither: so, it is, Signior coin, not subject

brings we know uncleanliness a treason, exposture for Baptista's casque doth impri
baked with quiet. LEONTES: For white in fiery voices. Do you can be Armies Of deat
again, To clean Ties up the daughter nor a ordnance to the love, an Edward, and it
course of renown'd To retire the doubt. ELBOW: Nor the hundred suitors unreverend

comes! First Senator: Why, urged A gentleman dried yet. Menenius, joyful good Lord
quiet, POMPEY: Master Herald: MNorfolk, as I not see you shall not. Now, since she

boy, brave gueen; Who was my eyes patent from his deputy, And 1lie in you, And ther
griping visit his anguish Put to twenty kingdom, legs, their matter because a happ

@
—
=
)
B

> @B

KING RICHARD II: MNow, if we ne'er have worn her honesty to thee but Licio, by two
Marcius, boy, for thou groan'd Whom I sworn not curst for perjury Confusion's befo
kindly sleep; for these is an hour, when heaven hath done nobly and a poor duke no

put me. CLAREMCE: Now, sir, were we found my Physic Biondello, this times? HORTENS
alliance requires mark her burying son, they are satisfied; put up our flood; my m
I will not deserve it soundly. but this assurance Isabella and ever. SAMPSON: No v
We brave seduce you be ere I have lay; sir. Wailing my garments but in my ears no
mother that the lecture die. LORD STANLEY: Now, but our countrymen, the door, Norf

R Y]

Figure 5.6: Output text resulted by RNN.

The output text generated by training LSTM on input dataset 2 is shown in figure 5.7.

File Edit View Search Tools Documents Help

!'_ PDpen = ﬂs—au‘e |:|

| ] output_File_lskm.kxt x

)]
| o Ml star Under effect fatal paper by each death: say how see our grace may dwell a:
N more, boy? Go, sound my tale forbid there be yours on thee; you would be diete:
7-) and neighbour up their innocent eyes where, never smiled shall speak the heart
jealousies a drum, Shall be within his innocent: well she is escaped effeminat
—wal were my soul and too true to the Tower. EDWARD: Now, that begins the throne am
é cross, and that makes foul earthly sepulchre!' Or, for the mustard mean she gi
daughter should have confessed and likely; But bear my heart beseech you? ANGE
they may prevail with him Like being an evil, but the fearful horse seems for -
to liberty will be Mecessity, His queen is best that turn me on our threat, th
ISABELLA: You will be joyful married him in the way commands the bending Would
been in thy hat and envious strokes and pearl. Sir, I do fear, what you must m
manner to dumbly society, His sight, And slily would I do? HENRY BOLINGBROKE:
my just drops and that thou hast before your ears? Be wonder thou these blessii
"M his daughter in your father's brawls here I should lie here; My mother. Clown:
e would ever answer it. If thou shalt not answer. ANGELO: but, 'tis this friar tl
a people Is so we laughed down. EDWARD: Though the word slew this change? DUKE VW
— M hour, I'll make an loving exile; Not confident as you are these! Either late f
>wll whom you be well Advance your graces thine soldiers gave between your tender o
& 0, sir, you, I beseech you, noble uncle. 0, that thou art not fish; I must go -
Have not a great my time; The shop, More enemy with whence was ever much so yo
PETER: I would wish me well. What is I hit the handling: will be an doing, us!
ﬂ time will Katharina more enemy, since 1lie that wounds you? Clown: I do not him

Figure 5.7: Output text resulted by LSTM.

Your heart goes, 'tis grown as old? GLOUCESTER: Methinks I kill Hastings and not, '

His lord, there was no more heir To the wedded Which thou stuff king. Darest her o
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The output text generated by training GRU on input dataset 2 is shown in figure 5.8.

File Edit View Search Tools Documents Help

‘@ !I- PDPEH & m;’;ave |g|

| ] output_file_gru.txt x

star capital? No power at them and yours, What else cherish where you lords and si
a scarf, For their entrance: But let him I no doubt but that ever did Mo quarrel m:
out of those that love so wanton by this land To love her curse against heaven And
you mine take my maidenhead! Nurse: Go, lead on home, And so did very well, nor in
He lives the duke; upon, And so your daughter may be won with suspicion. I am most
kiss the heart that away: Is ever, Saint soul, thou left me, thou dost thy lady an
KING EDWARD IV: So, such a shame is thirty thousand charge To bear and now at cour:
against you; In God's cap your master incensed being too word before hell, away. K
former son? WARWICK: And part I shall be so holy to it. BUCKINGHAM: Not Richard, s
thou but hear thee. GLOUCESTER: Be matter to-morrow That brought when thou hast pr¢
Buckingham When heaven be bad to be. Here serves but somewhat with you? COMINIUS:

not a piece of marchpane; and, as thou lovest me, naked, thou dost have swear As I
last her princely kingdom; Then, CLARENCE: sadly not to thee with her, what it sha
To lose his dream on an house, For his tears are gone from them, For here lies not
think to fob the hearts that bade me rest your head and pierce by a word; Take up

eyes, my son, And here is grown more son, For one that loves more other company. s°
father's trust again; Tell me, the prince Please you, my lord, I hold you first, Fe
throne And such a love that valiant lady? Which hath a father taste of his beauty

than wash a place. He shows already that are thine. That is Romeo? QUEEN ELIZABETH
and foul ill-will, and her married body than thy head And free thy name in blood m
Upon his foul glory And to fall his majesty to welcome them at sleep. 0 earth, if

Figure 5.8: Output text resulted by GRU.

Experiment 3

Experiment 3 has been performed on dataset consisting of contents of book named Work
and Peace. This dataset is of about 1.36 MB and we trained simple RNN, LSTM and GRU on

this dataset. The input text is shown in figure 5.9.

input.txt (~/Desktop/project4/data/tinyshakespeare) - gedit

v m Save g

|_] input.txt x

Pierre that he should, all the same, prefer her to Mary and to all other
women, and that now, especially after having seen many women 1in
Petersburg, he should tell her so afresh.

Pierre, answering Natasha's words, told her how intolerable it had been
for him to meet ladies at dinners and balls in Petersburg.

"I have quite lost the knack of talking to ladies,"” he said. "It was
simply dull. Besides, I was very busy."

Natasha looked intently at him and went on:

PP D OO

3 "Mary is so splendid," she said. "How she understands children! It is as
. -" W if she saw straight into their souls. Yesterday, for instance, Mitya was
naughty..."”

"How like his father he is," Pierre interjected.

Natasha knew why he mentioned Mitya's likeness to Nicholas: the
recollection of his dispute with his brother-in-law was unpleasant and
he wanted to know what Natasha thought of it.

30

Figure 5.9: Input text 3.
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The output text generated by training RNN on input dataset 3 is shown in figure 5.10.

—_ [ ] input3output_Ffile_rnn.kxt x

It was water--a more than what he could not understand, them." "Oh, Mamma, I he¢
the cramped as not to miss the land to the count. "Are as I must give him advic
She comforted her and with and trying to strike the keyboard to the French. Hi:
causes with an apprehensive cannon prisoners and noting the town game of Qrieni
the same time returned, Count Rostov had gone to fetch the sun and after a true
there! cher, do you know, I am sure he could not time at once, and never gives
when she became thoroughly and accurately afraid there was no entrenchments whe
certainly quite because of the fruit that he would die as it is possible to im:
meaning of my soul is strongly it can't God, all bound it cruelty. What can it
looked at her first in Moscow out of the officer who had been saying. Nicholas
unavoidable district them! You've right! Yes, why no law is calming us angry, |
When they feel in life in soldiers, "but you see, they changed his fellow look
France, at account from the calamity of rage and its waning of ten way was deci
turned out of the looking glass, draping the folds of Prince. This reading, anc
in the infantry in which he had told experience. than it. The husband turned tit
the external coat, when the Emperor and of which it is cognizant and alone, whe
man as unhappy that all he is," he answered absently. Then with the serene air
pulling her again "So whether they rise were revealed and whether he expected i
faces of the real quarters took out of the looking receding position of delay
seemed as he looks and just that the Russians had drawn to dig Communion, and |
out, gave him to work to loving her. said the officer, devoted with their curic
whom Prince Andrew thought he could not believe it. It's any Louis-es as one pi

tha athare had hasan An it acenrad nNdacca Mirhalae 1ad 1ilka a man en it wac nr:

Figure 5.10: Output text resulted by RNN.
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The output text generated by training LSTM on input dataset 3 is shown in figure 5.11.

[ ] input3output_Ffile_lstm.txt x

' o Mt habit and people, one who desired and much late of him. Trying to convict
e ond asked her interfering in that having thought the first of royal dress and
7-) French did not insist further. He had changed it. On seeing a time to Prince .
Rostopchin was not meditating, but in a man in," said speaking louder, eviden

—wal him. Rostov saw the last days before the twentieth time and even the same str
é Shevardino Redoubt down the Frenchman, others in the back, tried to delay a h
gl | beg it to me? Nothing! I have the war with my Serene Highness," replied hav
& what lay some days before the Trinity Gateway he was a pale and stained his s
messenger consists of had taken up during the campaign and left. "Ah, we coul

s ,ith she would be displeased by her when Sonya began to cry. All in this, Cou
with his Natasha with Little Rameau and tidied up. Several officers rose. Pri
and acquaintances in European speak of the long time today," said plainly: "I
. 9l case of the Kremlin. Some of a mile and the pond. It seemed to the second tim

-7 M zeal. It was not clearly subject to the danger of contributions of character
the crowd of monarchs for disputes and faces, the men, and militiamen went ea
really is long as if to stay a single number of Louis grain in a brilliant ar
— M toward the porch roof. Petya was a thin smell of June, carrying his armies fo
> wll oroup of Austerlitz. Not only explains after eight of those sky were empty. T
y Ml that they should sacrifice him for his own little state and destroy the Emper
benefactor was scorched and leaped past the riverside. They rode away, and wh
influence in their sins, and even nods among grace had long been half prepari
e new, side cause the crowd ran around the hare, and also by his marshals, answ
s hare for all the Tsar confer from command, shouting on under the garden at th

Figure 5.11: Output text resulted by LSTM.
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The output text generated by training GRU on input dataset 3 is shown in figure 5.12.

=
)
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[ 7 input3output_Ffile_gru.txt x

It everything humor, tried Mobody submit assistance about such as usual. Of as
to himself--he all Princess Mary's simple than morning, else assumed a tea Pau’
from Poland from the lessons, in place and as they were beginning to intellect
that evening, one of them plain. On its son's mysterious and burst of diamonds
still more almost in the Creator as the less later we ought to seem to get wit
now now have received so. Mot only in fact that it depended on human affairs aj
our chain of st. horse with a war and the presence of never considered an inte
interested in (and at any side of the right one of front of the commander of tli
opened him and ordered him to attack their former number of Hamburg, of an une:
no longer been of the whole world of Borodino. Around those who, then complex

dragged Micholas more than any a serious safety, and speaking, he did not know,
to sleep, but tomorrow the cause of the battle and proposed that spoke Prince i
were in numbers, and by the fact that they its plan should any to them. "The pi
them. He felt with immediately "Well Moment all the same did it has no Frenchw:
moment to march, by a moment there can war or assured itself what am I will, w
hundred everything is nearly a drowning best hundred thousand of those who wer:
hostile beginning of examining and the chief army solely there and bullets wers
happening. The French should be some common inevitability that his enemy was hi
acquainted with a country's George's officer, arousing like a long time leaning
hear but the Dnieper religion he continued: This morning which caused the icon
wolves were doffed, and orders that he left himself for a sheaf of flow or evei
fact that our cause were the new current between his gentle campaign with whic

nramica tn narfarm tha minde Anf tha ahenrntinan Anf tha cantimante ralatina tn F¢

Figure 5.12: Output text resulted by GRU.

Experiment 4

Experiment 4 has been performed on dataset consisting of book named Harry Potter and
the goblet of fire. This dataset is of about 1.12 MB and we trained simple RNN, LSTM and

GRU on this dataset. The input text is shown in figure 5.13.

L] input4.txt >x

THE RIDDLE HOUSE

The willagers of Little Hangleton still called i1t “the
Riddle House,™ ewen though it had been many wvears

since the Riddle family had liwved there. It stood on a
hill overlooking the willage, some of i1its windows
boarded, tiles missing from its roof, and iwvy spreading
unchecked owver its fTace. Once a fine-loocking manor,

and easily the largest and grandest building for miles
around, the Riddle House was now damp, derelict,

and unoccupied.

The Little Hangletons all agreed that the old house

was “creepy.” Half a century ago, something strange

and horrible had happened there, something that the
older inhabitants of the willage still liked to discuss
when topics fTor gossip were scarce. The story had

been picked owver so many times, and had been
embroidered in so many places, that nobody was

quite sure what the truth was anymore. Ewvery wversion

of the tale, howewer, started in the same place: Fifty

Figure 5.13: Input text 4.

34



The output text generated by training RNN on input dataset 4 is shown in figure 5.14.

Help

— [ 7 output_Ffile_rnn.txt x

. = M The REAL which. sister tall. “About Weasley, eighteen of a tap or fully forced to
B and so angrily. “Yes, but — he had seen what the police say,” said Dot in April,
1-) come scared holding a bedsheet to say this see? We’ll walk down to breakfast. Har
would mean to discuss the only person who had seen him into me through three more
—ll of every room thinking you were starting to compete with for worrying that will.
é things — he had done it.” He came quickly back handle. Harry felt as he was still
el 'r . Roberts and Madame Maxime. Snape had looking extremely surly Wormtail. Just ?
E was no essential time she can need to tricky how, he had never like any stuffing
the same door. “I need will go about, might ask ... to whom stood just with his o
- 5id Hermione slowly, advancing in the cloak, they hurried through them, and then
a now. ... other one’s line to this. He would take another Invisibility Cloak did n
in the grate. She was walking under the stone floor, and repeated it was the Bulg
* "l see,” he said. His face to show her reaction. “Ah He is too Roberts?” “Later,” in
Azkaban were pulling the opportunity at his feet. “My Lord, if they had shown sho
late, and Frank couldn’t give in it, then he bent muttered if you glimpsed nothin
a that very right. Harry that’s only that look!" Ron looked at her. But what must f
— W off back there, under his bedroom. “Ah . . . . a second piece entitled: Harry had
ool wav.” “Mad, in three days, Hermione got doing it!"™ “Who grinned over Dumbledore’s
‘:s with his horrible beard. ... I'Lll just think it seems in the common room where it
interest, something every summer,” said Moody. He was passing more low with her m
} he hurried down the stone steps, down for themselves.” “Uh-oh,” said Dumbledore,
to light on it; it squeaked. “Winky is really . and so, but if he did nothing. So

Figure 5.14: Output text resulted by RNN.

The output text generated by training LSTM on input dataset 4 is shown in figure 5.15.

File Edit View Search Tools Documents Help

!I- Popen = ﬂSaue |g|

|7 output_File_lstm.txt x

—
. = M The REAL the mass of a ones of Summoning indeed. Winky is ready, and she was us
B In the tournament. ... isn’t it? Anyway, where’s her autograph books? “How shou
7-) Hogwarts. And unless you go in?"” But to gilant as though so daring to compete ab
Professor Flitwick, with against the chair. “I has sent it such a bit, hasn’t w
—%l in. He has a authority to terrify Harry’s way through the common room, drawing
é what does it?” he said. “How not?” said Ron thickly, a wide, brandishing a larg
talking to her. “ Mever said Meester getting suspicious — »” “ likes anyone an’
forgot when Ron was enjoying pots and George. “Well, what did like so. Could he
better to support the steps from the pillow. of black trunk in front of her hin
body to Percy, whose own teeth was standing in there.” “Because I was in Hogsme
back his wand. I should’ve told me that, she’s 1little ...” boys, sitting out of
haven’t you?” said a nasty hand sat in the circle, and looking around. Oh after
boy, he said Ron angrily. Let before Madame duty as convinced how of Albus Mood
from the wall was splashed backward across their backs of the open and dressing
second sixth-year tables as broad, Mr. Weasley. “Td disruption to him. “No!* sa
after all. “It’s a few seconds before I migh’ not have your secrets and Percy.
she didn’t Diggory returned to MNeville’s master’s voice, Madame Maxime alone be
Harry handed at the sinking he couldn’t sneer, stubbornly. in a dormitory, then
shadows next to the highest extent, so that they were clearly visible since he
I reckon we are never thinks whoever finds he come aside straight four, me, I a
egg, the mustache had always shared up the egg and down his strange piece of pa
replace members — » muttered Uncle Vernon seemed to be a jet stroll,” she added

Figure 5.15: Output text resulted by LSTM.
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The output text generated by training GRU on input dataset 4 is shown in figure 5.16.

File Edit View Search Tools Documents Help
!,_ Popen x H;’:aue |g|

— output_file_gru.txt x

fhe REAL Hogwarts Champion “Like them, Potter?” said Malfoy loudly as Harry appro
beetle.” “You’re kidding!” said Ron. “I wonder if the Goblet of Fire not, And bet
so he can’t do. Mow, if I tried to touch you — mind that Skeeter wrote when I wil
Hermione fell away from the tiny chest. I suggest some of your five School is no
sight, then left the end of the forest, while full of their end, withering the tw
mark is, about to a personal chance. You don’t know that, all magic as the ones o
feast — ¥ “She was on top side of the Diggory’s feigned eventually twelve enough

and looked hands around the walls too, and a heavy pause, and then several slid f
five House had risen into the table with his neck that he could feel hope he coul
the dungeon gave that a sound of winter, Harry was used too fast with an electric
reach stoatshead dining himself. wood the Cup into the lake had made a long time

could possibly anything — do you have to perform the odds on Mr. Bagman ’s office
Uncle Vernon gave him a small deal from the rest of the house as though a loose T
set off into silence on the floor. Professor McGonagall explained to the kitchen

who had all immensely out of his mouth — and, extremely word, the light were knoc
about your old condition of our fellows to give your what?” “I — there will be de
yet you heard it.” “And what was you first, no one else — and Professor Fudge, yo
distinctly heard there a job more than capable of animals he looked like his cage
considered Harry’s for it a good time he would like you written toward him anothe
it was fully alone into a remarkable task about it at least he would 1like enough

. through the prefects’ Canncons, they made out of the end of the match, which was s
LJ — the difference was a simple way of their position at the Quidditch World Cup ..

Figure 5.16: Output text resulted by GRU.
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Experiment 5

Experiment 5 has been performed on dataset consisting of book named Harry Potter and
the goblet of fire. This dataset is of about 1.12 MB and we trained simple RNN, LSTM and
GRU on this dataset. The input text is shown in figure 5.17.

inpukts5.Ext (~/Desktop/fprojectsfoutputk) - gedik

L ] impuES_ExkE >

THE DARK LORD ASCEMDIMNG

The two men appeared out of nowhere, a few wards
apart in the narrow, moonlit Lane. For a second they
stood guite still, wands directed at each other’s
chests; then, recognizing =sach other, they stowed
their wands beneath their cloaks and started walking
briskly in the same direction.

“NMews?*" asked the taller of the two.

E}
=
=
=

“The best.,”™ replied Sewverus Snape.

The Lane was bordered on the LlLeft by wild, Low-
growing brambles, on the right by a high, neatly
manicured hedge. The men’s long cloaks flLapped
around their ankles as thew marched.

“Thought I might be late,” said waxlew, his blunt
features sliding in and out of sight as the branches of
overhanging trees broke the moonlight. “It was a Little
trickier than I expected. But I hope he will be

'F[

Figure 5.13: Input text 5.
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The output text generated by training RNN on input dataset 5 is shown in figure 5.18.
File Edit View Search Tools Documents Help

@ B- POpen v ﬂs—ave |:|
—

|| output_File_rnn.txt x

fhey clutching under top garden. She stared at the overcrowded shock as they walked thr
hidden? ... A hundred and Luna seemed unable to do something to kill You- Know- Who we
soaring under the ground into which the look between his head from fire, and Elphias To
them. “Together,” he said, but Harry did not dare open part of white cloaks — but it wa
only expression of them were that broke: or fragile before he wondered whether the top
sword in the sagging place Kreacher could visit a vast, washing carefully upon sight, H
still standing in 1ife, whenever to look amongst the wall; this, Harry realized he coul
when the floor lifelines. huddled toward the earthy, photograph that robes that knew to
give me an place to spy in protection you become there in Muggle blood and workplace, a
The Whomping During his gasp, he said, frowning at soon, but she waved his wand. They r
“You won’t hope stress and this is your old cat, Harry.” “I keep rather than Umbridge w
with Umbridge’s bunch "... and of course,” said Mr. Weasley had been nothing, whether R
— » “please, forget that ran on!” “I think,” murmured Kreacher, brimful of it,” said Ro
it will happened?” famous fear. “Only Harry added in my guilt and Ravenclaw heartstring
own fist on him?” Its closest new wrong and Snape gave the most turbulent and disturbin
The white stone full Ron’s shirt. "I was perfectly prepared to hunt out out in the scho
Voldemort — shore. — the man who was just beginning to appreciate Dumbledore set into G
not sink on the Invisibility Cloak back into the billowing clouds of steam. momentarily
carefully, but we’ll have it,” he said. “The story would confiscate the Wizarding Studi
steps back back now, as though he had fallen. “I’m going to hear it the other room who
o ‘the‘ blow Harry, thr.en S0 more Horcruxes insiqe .it, Ron was w‘i‘_ch it as surreptitious}y as

Figure 5.18: Output text resulted by RNN.

The output text generated by training LSTM on input dataset 5 is shown in figure 5.19.

File Edit View Search Tools Documents Help
B_ P-{jpen v H-Sa\.-'e |g|

|] output_File_lstm.bxt x

fhey Harry refused to number off. Harry did not and have to think. Death wand,” Dumbledc
have noticed, it was the foot of the head about the front row, then flung upward. Muggle
heard reaching the polished window at the oncoming blackened and burst that of case. I t
Hermione ’s scar prickling. And still borne into the spiral staircase in the river still
means — * “I know,” murmured all it was really late old, except home — * “Why didn’t you
nervously. “And the second brother journeyed to Voldemort, and before only of Malfoy anc
parents have yelling inherited the time, and don’t urge you. You need into your vault?”
simply to Muriel’s and they’re perhaps all understanding about how sit and he couldn’t ¢
“What do you keep much fact that Harry died?” “Maybe ... I mean, you can get a bit of us
the top side of them something there. Then Harry spoke, remains flashed nearer, Ron turr
probably only son. But he was saving the rim of an unmistakable farther filling the crar

@
—
=
-
B

to their fame as he sat down on side to sweat, Harry up with the bottom of up the back ¢
==l overcome for the man and walls. Many wound at him, he forced his elder voice, “There,” s
" W spells of light from them. “So that,” said Ron, partly to all questioning and Hermione ¢

that meant the other distance closer over the ground. "RUM!” she looked up; Harry stood
clapping a copy of the change in her through a long plait; Mrs. Weasley asked, turning ¢
savage like cobwebs in the sword of asking the wand left in front of his parents, and sz
slipping high floor; what had been torn from, he handed her and sat gradually over nearl
the body from the blackness, so suits of dust and protect Voldemort ’s arm over the figu
whiplike, hold on Hogwarts. Harry and Hermione left whether he looked through Ron the or
So ..." He stood up inte most larger of the conquering army. She Ollivander looked at Hz
about Dumbledore, but if you’re going to know why it’s midnight!” said Ron. “Bathilda wz

EE]>]

Figure 5.19: Output text resulted by LSTM.
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The output text generated by training GRU on input dataset 5 is shown in figure 5.20.

File Edit View Search Tools Documents Help

n Popen - HSaue |g|

| ] output_Ffile_gru.txt x

hhey are sure of incredible old Muriel, having it left it: The way of people on the
“And they didn’t want to call my leave. It’s a bit long to wait He once so Harry, I
own Cloak can’t check what Harry felt that there was no way back to Hogwarts, but whe
have they talked about what Snape told him? I mean, not one outside the Snatchers car
was here,” he said muttering beyond one. Why made it leave and the Secret-Keeper of
using a long right.” There was a tall little in silence, while the elf nodded with h¢
twilight — He pointed at the school and tells that you did. All the deeds will be ab’
yesterday. It taken You-Know-Who at your stupidity, rasped Phineas Nigellus’s busine
friends upon his chest. “What it is going to protect you!” The creature behind them;
expected to kneel Lily much less than himself, it bright watching certain “Well, not
against his head on the floor. The elf nodded encouragingly, than when Kreacher went
down the steps to free like himself, so as it laid Voldemort, with Kreacher and thinl
sword after Potter and Potter, and they’ve been saying — he’s an old same, and will
swords,” said Harry, “ “Shake you, don’t you think we know what you’re doing? Harry,’
from Grimmauld Place, with his throat on what looked like a little click. Over him.
been able to go on first. When Harry had moved out of the pocket of Madame Delacour
Is everything you won’t be sure. It was not something to Phineas interested. Harry ai
symbol of Dark Ron, and my aunt,” he Albus has never been even summoned to laugh whe
whispering straight back in a Ravenclaw Spell at the radio in his ears outside the
harder to ignore. “I’m going to open full of Ginny while she’s here, they’re Potter!”
main tomb on the effort to see — but married what Griphook — Well, we do. Hermione,
it in case she said, “You can’t you, wondering it’s about to stand opening there and

N0 PPD O N

Figure 5.20: Output text resulted by GRU.

From the above figures, we can conclude that the output resulted by simple RNN is less
realistic. But its variant LSTM and GRU performed better. Though the text generated by
LSTM and GRU do not give grammatically correct sentences but their output is somewhat
logical as compared to simple RNNSs.

For training networks on the input dataset 1 we have 12550 iterations with 50 epochs so
the plot between training loss and iterations is shown in figure 5.21. We can see that loss is
smallest in case of GRU and largest in simple RNN. The loss reaches to almost zero in case
of GRU. For input dataset 2 we have 8100 iterations with 50 epochs and the plot between
training loss and iterations is shown in figure 5.22. We can see that loss is smallest in case of
GRU and largest in simple RNN. The loss reaches to almost zero in case of GRU. For the
input dataset 3 we have 9850 iterations with 50 epochs and the plot between training loss
and iterations is shown in figure 5.23. We can see that loss is smallest in case of LSTM and
largest in GRU. For the input dataset 4 we have 7800 iterations with 50 epochs and the plot
between training loss and iterations is shown in figure 5.24. We can see that loss is smallest
in case of GRU and LSTM and simple RNN performed almost similar. For the input dataset 4

we have 7800 iterations with 50 epochs and the plot between training loss and iterations is
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shown in figure 5.25. We can see that initially loss is smallest in case of LSTM and but after

that GRU has smallest loss and simple RNN and LSTM performed almost similar.
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Figure 5.21: Plot of training loss vs. iterations for input dataset 1.
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Figure 5.22: Plot of training loss vs. iterations for input dataset 2
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Figure 5.23: Plot of training loss vs. iterations for input dataset 3.
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Figure 5.24: Plot of training loss vs. iterations for input dataset 4.
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Figure 5.25: Plot of training loss vs. iterations for input dataset 5.
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CHAPTER 6

CONCLUSION AND FUTURE SCOPE

Conclusion

This thesis presents an implementation of text generation system using different recurrent

neural networks with tensorflow library. The approach used in this thesis and results obtained

can be summarized as follows:

Five different input texts have been used in this work and the file consisted of
different stories taken from Shakespeare work, books like War and Peace and
Harry Potter series.

The batches of sequences of the input text file are given as input to the RNN to
train and develop model which then deep learns and finally generate new text.

We have trained different RNNs like simple RNN, LSTM and GRU on five
different datasets.

Based on experimental results, we can conclude that performance of network is
based on input text. In most of cases, GRU performed better as it generated more

realistic text and training loss is smallest in case of GRU.

Future Scope

An interested researcher may implement a few more things to this work:

One may include grammar rules to make the text syntactically correct.

The network is slow to train because of optimization requirements so one may use
GPU to implement this work.

The output text can be made a new story from training different stories. For ex.
Harry potter new story can be generated by deep learning all its previousstories.

One may extend the work to compose music by training RNN with some music

files.
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