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Abstract: The use of automatically generated summaries for 

long/short texts is commonly used in digital services. In this 

Paper, a successful approach at text generation using generative 

adversarial networks (GAN) has been studied. In this paper, we 

have studied various neural models for text generation. Our main 

focus was on generating text using Recurrent Neural Network 

(RNN) and its variants and analyze its result. We have generated 

and translated text varying number of epochs and temperature to 

improve the confidence of the model as well as by varying the size 

of input file. We were amazed to see how the Long-Short Term 

Memory (LSTM) model responded to these varying parameters. 

The performance of LSTMs was better when the appropriate size 

of dataset was given to the model for training. The resulting model 

is tested on different datasets originating of varying sizes. The 

evaluations show that the output generated by the model do not 

correlate with the corresponding datasets which means that the 

generated output is different from the dataset. 
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I. INTRODUCTION 

Sequence prediction problems were around for a long time. 

They are considered as one of the hardest issues to resolve in 

the data technology enterprise. These encompass an extensive 

range of troubles; from predicting income to locating patterns 

in inventory markets’ data, from information movie plots to 

recognizing your way of speech, from language translations to 

predicting your next phrase in your iPhone’s keyboard, from 

short testimonies to writing 50,000 phrase novels, machines 

are churning out phrases like by no means before. There are 

tons of examples available on the net in which builders have 

used machine gaining knowledge of to write portions of 

textual content, and the consequences range from the absurd 

to delightfully humorous. Thanks to essential advancements 

in the discipline of Natural Language Processing (NLP), 

machines are able to apprehend the context and spin up tales 

all with the aid of themselves. 

Natural language generation is a crucial building block in lots 

of applications, including device translation, talk generation, 

and picture captioning. While those packages display the 

realistic rate of producing coherent and sizeable sentences in a 

supervised setup, unsupervised textual content generation, 

which objectives to estimate the distribution of real text from 

a corpus, remains hard. Previous strategies that given in 

advance determined words, typically be bothered by exposure 

bias, i.e., the discrepancy between schooling and inference 

tiers.  
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During inference, each word is generated in series based on 

formerly generated phrases, while for the duration of 

education floor-reality words are used for every time step. 

Recently, adversarial training has emerged as a powerful 

paradigm to address the aforementioned issues. The 

generative adversarial network (GAN) matches the 

distribution of synthetic and real data by introducing a 

two-player adversarial game between a generator and a 

discriminator. The generator is trained to learn a nonlinear 

function that maps samples from a given (simple) prior 

distribution to synthetic data that appear realistic, while the 

discriminator aims to distinguish the fake data from real 

samples. GAN can be trained efficiently via back-propagation 

through the nonlinear function of the generator, which 

typically requires the data to be continuous (e.g., images). 

However, the discrete nature of text renders the model 

non-differentiable, hindering use of GAN in natural language 

processing tasks.  

Recurrent neural network language models (RNNLMs, 

Mikolov et al., 2011) represent the state of the art in 

unsupervised generative modeling for natural language 

sentences. 

The paper is divided into 5 sections. Section II describes 

various use cases for text generation, section III describes the 

architecture of text generating model, section IV describes the 

proposed Architecture and section V   describes work done 

and results using different datasets and section V describes 

the conclusion and future work. 

USE CASES OF TEXT GENERATION 

A.  NEURAL MACHINE TRANSLATION (NMT) 

As the name says, NMT is automatically translating the input 

sentences from one language to another language. Neural 

Machine Translation makes use of a single neural network 

consisting of two RNNs: 

Encoder RNN: Extracts all of the pertinent information from 

the source sentence to produce an encoding 

Decoder RNN: A language model that generates the target 

sentence conditioned with the encoding created by the 

encoder. Its architecture uses a simple seq2seq model and is 

trained on a sample of pairs of source and translating 

sentences. 

It’s is well explained by Zhen yang et.al.in his paper [12] 
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Fig.1: Seq2seq architecture for machine translation [20] 

B. Image Captioning 

Image Captioning is used when we want to generate 

description of the image. Given an image as an input, the 

model generates its corresponding output as the description 

related to the objects in the image. As our input is an image a 

CNN architecture can be used as a feature extractor along 

with an RNN for the text generation. 

 

 
Fig.2: CNN based architecture for image captioning 

C. Adversarial text generation 

Apart from using auto-encoders for text generation task, an 

approach of supervised classification for training can be used. 

In this approach, classifier will be trained to determine 

whether the generated text has a desired property or not. In 

this approach a classifier (also called a discriminator) is 

trained on top of generated text. They encode text using a 

variational auto-encoder and add an additional label (feature) 

in the encoding that is used by the decoder when decoding. 

Then, the discriminator on the other hand of the decoder 

determines whether the decoded text has the proper label. The 

dotted line indicates learning signal feeding backward from 

the classifier. 

 

Fig.3: Basic Gan architecture for generating synthetic 

data 

 

Gan’s consist of a generator and a discriminator (classifier). 

The generator’s input is a random seed which creates 

synthetic data out of it such as images or sentences. The 

discriminator’s task is to tell the difference between the 

synthetic data and real examples of that data. The results of 

the discriminator can serve as the error value for the generator, 

so that if the discriminator can easily tell the real data from the 

synthetic data, the error for the generator is high.  

II. BACKGROUND 

 RECURRENT MODELS 

Recurrent neural networks suffers from the issue called short 

term memory, i.e., they are unable to memorize the long 

sequence pattern.so, of we want to generate text from a large 

corpus then there is a possibility that they might skip an 

important information. While using back propagation, RNN 

suffers from vanishing gradients. Gradients are used to update 

the weights of a neural network. The vanishing gradient 

problem arises when the gradient shrinks as it back 

propagates over time. If a gradient value becomes extremely 

small, it doesn’t contribute too much learning. 

In order to overcome this issue LSTM and GRU based RNN 

neural network can be used. They have internal mechanisms 

called gates that can regulate the flow of information. These 

gates help the network to manage which information to keep 

and which to forget. 

 

Fig .4: Architecture of RNN and GRU [22] 

III.  PROPOSED WORK 

Possible Approaches for proposed work 

 Use of text Generating Algorithms: Widely used text 
generating algorithms are RNN and its variants. We 
have used RNN, LSTMs and GRU for text generation 
task. 

 Text Classifier: A CNN (Convolution Neural Network) 
architecture has been used for text classification task. 

 Data Acquisition: corpus of Wikipedia articles, 
Shakespeare’s sonnets, and machine translation datasets 
for translation of English to French, Hindi and Guajarati 
has been acquired. 
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Fig.5: Basic flow for Text Generation 

Fig.5 shows the flow for text generation and Fig.6 show the 

flow of the proposed model. 

Fig.6: Flow of proposed work 

IV. WORK DONE AND RESULTS 

In our experiments we have used LSTM, GRU and 

adversarial training for text generation. There has been great 

result using LSTM and GRU. They performed really well 

given the corpus. We implemented it for neural machine 

translation and text generation given an input string. We 

observed its performance varying no. Of epochs, adding 

temperature to improve the confidence of the generated 

output and giving different size of datasets.  On comparing the 

results, we came to know that for a neural network to learn 

efficiently it has to be provided with larger dataset so that it 

can learn to generate text grammatically correct. Even if the 

number of epochs are very less then also the network fails to 

learn and generate grammatically correct sentences.   

 

 
Fig 7: NMT with larger dataset (11mb) 

When we trained our model on datasets of different sizes 

we were amazed to see how model reacted to training with 

varying size of corpus. In Fig 7, the model was trained over 

dataset of English-French of 11MB size. The results were 

quiet promising and translated the text correctly in French 

from English. 

 
Fig 8: NMT with smaller dataset (7kb) 

When we tested our architecture over the Gujarati dataset of 

size 7KB the model was not able to learn efficiently and did 

not translate to English words to Gujarati appropriately. Fig 8 

shows the result how the model decoded to input sentences.  

 

 
Fig 9-: NMT with small dataset (327kb) 
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Similarly, we again tested the model over a corpus of size 

greater than Gujarati corpus and smaller than French corpus 

i.e. of. The model was not able to decode the input sentences 

sometimes while for some input sentences it did decode it 

properly. 

 
Fig 10-Generated text with Starting string ‘M’ and 20 

epochs 

No. of epochs plays an important role while training the 

model. No. of epochs is proportional to the confidence of a 

model saying how confident the model is with the generated 

output. When the model was trained to generate 

Shakespeare’s sonnets given the Shakespeare’s corpus the 

model was not able to generate grammatically correct 

sentences because the model was trained only with 20 epochs. 

Fig8 shows how the generated sonnets came out to be. When 

the same model was ran over 50 epochs the result came out 

amazingly nice. It was non-discriminative with the original 

Shakespeare’s sonnets. Here we intuitively told our model to 

generate sonnets given a particular starting key. Fig 10 shows 

the amazing result generated by the model. 

 

 
Fig.11-Generated text with Starting string ‘M’ and 50 

epochs 

 
Fig.12: Loss and time taken for 50 epochs 

As the number of Epochs have increased the network learned 

better to form a sentence that is grammatically sound and 

logical. Increasing the no of epochs corresponding to the size 

of dataset helps model to learn better and gives a more 

accurate outcome in response to the text generation. 

The Fig.10 and Fig.11 shows that the network trained with 

less epoch generated poor results whereas those with balanced 

epochs were grammatically correct. Similarly in NMT the 

model translated sentences correctly only when the size of 

dataset was big enough for the model to learn. 
 

 
Fig 13: Comparative study of LSTM models on varying 

datasets 

An LSTM based Machine Translation Model was trained and 

tested on 3 corpus of varying sizes. .The comparison of their 

loss function same has been shown in the above figure while 

Table 1 shows the comparative parameters and they outcome. 

 

Table 1: Comparative study of Generative model 

 

V. CONCLUSION AND FUTURE WORK 

We show the generation of text using variants of RNN 

model and how change in various attributes affect the 

generation of text and translation task. Further we would like 

to generate text using Adversarial training (GANS) and 

generate varied types of text using the same.  
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