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Abstract

Aim: The aim of this paper is to implement automatic next word generation for text based apps using novel generative
pretrained transformers and improving the accuracy in comparison with n-gram approach.

Materials and Methods: N-gram and generative pretrained transformer models are applied on data, text file that consists of
a sequence of words. N-gram models accuracy of the next word which compares generative pretrained transformer models.
GPT-2 has been proposed and developed. The sample size was measured as per group 9876 with G-power value 0.8.
Results: The accuracy was maximum in next word generation for text based apps using novel generative pretrained
transformers 89.23% with minimum mean error when compared with N-gram model for the same dataset with p value 0.02
(p<0.05).

Conclusion: The study proves that novel generative pretrained transformers exhibit better accuracy than N-gram in suggesting
the next word for text based apps.

Keywords: Novel Generative Pretrained Transformer, N-Gram, Tokenization, Next Word Generation, Language Model,
Natural Language Processing.
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INTRODUCTION

Novel generative pretrained transformer-2 is used to create text. Al that is open to all novel generative pretrained
transformer-2 is a transformer-based, autoregressive language model that performs well on a variety of tasks,
including (long form) text production. The basic task of anticipating the next word was used to train novel
generative pretrained transformer-2 on 40GB of high-quality information (Métais et al. 2020). The model
accomplishes this through the use of attention. Since the N-gram is so famous, a lot of related research has focused
on using it to predict words. Only the previous n-1 words are conditioned on in an n-gram model when making a
prediction (Tur and De Mori 2011). notice that this represents the length of context rather than the total number
of words in the data. The trigram n-gram model, which divides the training data into three words by using
tokenization, is an example of a typical n-gram model (Yildirim and Asgari-Chenaghlu 2021). The evidence for
predicting the last word was based on the first two words. The application of this research includes mobile
applications related to the word processing and online text editor tools ((Irene et al. 2021; Beulah et al. 2021)).
The main application areas where natural language processing is employed are speech recognition, language
translation, question answering, language generation and summarization.

In the last 5 years, the google scholar has published more than 196 articles and the IEEE published more than 200
articles related to the word prediction models. Language models are used informally to assess the likelihood of a
sequence of words. Using LM and natural language processing , it is possible to estimate the probability of the
sequence P(W1,W2,...,,wm) given a sequence of words using tokenization of length m (Brownlee 2018). Different
sorts of LM exist depending on the situation. During the first phase of the experiment, each user created an LM
employing the user's and another of her selected persons talking data by natural language processing. The original
language model was made by Userl using the interaction with person 104, while the initial Language Model was
formed by User2 using the interaction with person 203 (Ardissono, Brna, and Mitrovic 2005; Seargeant and Tagg
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2014). When producing the LM , our application also offered Laplace (Add-One) smoothing. Because the
Language Model was being built on a single, brief interaction document, smoothing and tokenization was required
(Irene et al. 2021; Beulah et al. 2021). By permuting the sampling origin of a word, 200 sets of independent and
identically distributed experimental data (generated from independent and identically distributed random
variables) can be obtained (Irene et al. 2021). Each sample thus acquired can be used to calculate the probability
and its confidence limits. The data relative independence is the result of a period of relatively large sampling and
a similar distribution derived from the stationary hypothesis postulated for natural language. This criterion of
stationarity is embedded in a more general hypothesis that multiple ergodic Markov chains can represent natural
languages well (Mitzenmacher and Upfal 2005). It is possible to pick and insert it into the suggested words (Bird,
Klein, and Loper 2009) .With a simple tap, you may access the text. Of course, the best case scenario is the
suggestion's appearance of the desired term. After as few written characters as feasible, create a list.Our team has
extensive knowledge and research experience that has translate into high quality publications(Bhansali et al.
2021; Jayanth et al. 2021; Sudhakar, Ravel, and Perumal 2021; Sathiyamoorthi et al. 2021; Deepanraj et al. 2021;
Raju et al. 2021; Arun Prakash et al. 2020; Kamath et al. 2020; Shanmugam et al. 2021; Rajasekaran et al. 2020;
Adhinarayanan et al. 2020; Rajesh et al. 2020; Aurtherson et al. 2021)

The research gap identified from the literature is that existing approaches for the larger datasets have poor
accuracy. So to increase the accuracy for the next word prediction uses various approaches for the next word
generation. The study’s goal is to increase next word generation accuracy by combining novel generative
pretrained transformer-2 and comparing it to n-gram models.

MATERIALS AND METHODS

The proposed work is done in the computer networks lab, Department of Computer Science and Engineering,
Saveetha School of Engineering, Saveetha Institute of Medical and Technical Sciences. The sample size was
measured as per group 9876 with G-power value 0.8. The accuracy in predicting the next word was performed by
evaluating two groups. The study uses a dataset downloaded from gutenberg website. This study was developed
using jupyter notebook software,and hardware configurations are intel i5 core processor, 50GB HDD, 4GB RAM,
and the software configurations are windows OS, python jupyter notebook. The work was carried out on 9876
records from the text file from an online website gutenberg. The independent variable is the text file given as an
input to the prediction model and the dependent variable is the prediction output (Tachibana and Otsuka 2018).

Generative Pretrained Transformer Model

Novel generative pretrained transformer-2 is a large transformer-based language model trained on a dataset of 8
million web pages. It's objective is to predict the next word, based on all the previous words within some text. Use
the Hugging Face Transformer library which provides over 32+ pretrained models for NLG and NLU (ready to
use in PyTorch and TensorFlow 2.0).

Pseudocode for Generative Pretrained Transformer Model
Step 1: install Transformers and import useful libraries
Step 2: Load datasets
Step 3: Text Tokenization
Step 4: Trainer class
Step 5: Text generation
Step 6: Text generation with different decoding methods
1. text_beam
2. text_random_sampling
3. text_k_sampling
4. text_p_sampling

N-gram Model

An N-gram model is built by counting how often word sequences occur in corpus text and then estimating
the probabilities, since a simple N-gram model has limitations, improvements are often made via smoothing,
interpolation and backoff.

Pseudocode for N-gram Model
Step 1:Import libraries and package
Step 2: Remove unnecessary data
#remove punctuations and make the string lowercase
#changes the word to lowercase and removes punctuations from it
Step 3: Do processing
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Step 4:Load the corpus for the dataset
Step 5: create the different Nc dictionaries for ngrams

#create trigram probability dictionary

#create bigram probability dictionary

#sort the probability dictionaries of quad,tri and bi grams
Step 6:Take user input and print output

Statistical Analysis

The SPSS statistical software was used in the research for statistical analysis. Using dependent variables like
training examples, corpus values, vocabulary size, input sequence length and independent variables are accuracy
and loss values (Kandasamy et al. 2021). Group statistics and independent sample tests were performed on the
experimental results and the graph was built for two graphs with two parameters under the study.

RESULTS

The proposed algorithm GPT-2 and existing algorithm N-gram model were run at a time in jupyter notebook. As
the sample sets are executed for a number of iterations the accuracy and loss values of GPT-2 and N-gram
classifiers vary for prediction of next word as shown in Table 1. Analysis of overall prediction of next word by
GPT-2 and N-gram model is done. GPt-2 shows better accuracy 89.23 % than N-gram. The statistical analysis for
the parameters of accuracy and loss based on the iterations and epochs were done. The standard error is also less
in GPT-2 in comparison with N-gram as shown in Table 2. In Figure 1, the comparison of the significance level
for GPT-2 and N-gram models was analyzed with the value P=0.01, Both GPT-2 and N-gram have a less
significant level less than 0.05 .

DISCUSSION

The Context Based Word Prediction system outperforms the standard frequency-based technique. Various
Markov models were examined in order to determine which one better modeled the causal relationship in between
two parameters For sequence tagging, the SVMHMM model was used (Zucchini, MacDonald, and Langrock
2017). Due to the fact that it was proven to be improper for the given problem. There are numerous classes. The
bi-gram model can be extended to a tri-gram or more, but as SMS text messages are usually short, it's not
necessary. A greater N-gram model would be useless for short sentences (Hasida and Pa 2018). At the moment,
simply model first-order Markov dependency between the position of subsequent words.

As previously stated, when the network's depth is raised without special constraints, duplicate network layers are
created, resulting in poor network performance (Long and Sedghi 2019). This study uses the residual link to the
original MGU to overcome the problem of network deterioration (Tachibana and Otsuka 2018). In addition, the
activation function of the candidate hidden state is changed to the ReL.U activation function, which avoids the
vanishing gradient induced by the saturation function and allows for the training of a deeper network . Train it on
another supervised corpus during fine tuning, supervised in the sense that consider the words in the history and
the words to be predicted next given that history. Many people have employed GPT-1 since it has fewer parameters
than GPT-2 and GPT-3, making it ideal for low-memory environments (Ramachandran, Liu, and Le 2017). Study
proved that initializing seq2seq models with pre-trained language models as encoders and decoders benefits the
model

(Irene et al. 2021; Tachibana and Otsuka 2018; Zucchini, MacDonald, and Langrock 2017). Their research
introduces the MCNN-ReMGU model for natural language word prediction, which is based on multi-window
convolution and residual-connected MGU network combined with data normalization technology. Demonstrate
the effectiveness of multi-window convolution and residual-connected MGU networks in extracting high-
dimensional features between relatively adjacent words and feature information between word sequences,
respectively, using the PTB dataset. GPT-1 is a decoder-only transformer that predicts following words based on
probability using masked self attention. GPT-1 was trained using data with a vocabulary size of 40478 and a
maximum sequence length of 512 characters (Irene et al. 2021). It creates a model of language. To construct a
language model, an Innovative Generative pretrained transformer is pretrained on an unsupervised corpus.

The limitations of the proposed language model do not have required memory for storing the predicted words .It
works well for input data files of size less than 40 Mb. For larger data files, more memory and CPU power will
be needed. Although the proposed methodology obtained satisfactory results, the approach's shortcoming is the
requirement for enhanced word prediction accuracy and memory for storing the predicted word. This could be
paired with more data text files in the future, resulting in improved outcomes.

CONCLUSION
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The results show that the proposed Innovative Generative pretrained transformer model outperforms N-gram in
terms of accuracy and loss for next word generation. The proposed Generative pretrained transformer model
proves with better accuracy 89.23% when compared with N-gram for next word generation.
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TABLES AND FIGURES

Table 1. Comparison of accuracy and loss achieved during the evaluation of GPT-2 vs n-gram for prediction

with different iterations /epochs.

Algorithm Corpus Training Test dataset | Epochs Accuracy | Loss/Uncertainty
examples

150 60.23 40.78

GPT-2 79741 12353 9876 200 79.98 59.48
280 89.23 69.45

2-gram 45.23 47.45

N-gram 79741 12353 9876 3-gram 67.56 59.23
4-gram 70.83 69.54
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Table 2. Statistical analysis of mean,standard deviation and standard error mean of algorithms
Like GPT-2 vs N-gram.

Group N Mean Std.deviation Std.error mean
ACCURACY 1 3 76.48 14.81 8.55
2 3 61.20 13.93 8.04
LOSS 1 3 56.57 14.55 8.40
2 3 58.74 11.05 6.38
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Fig. 1. Comparison of mean accuracy and mean loss of both GPT-2 and N-gram. The standard error appears i.e.,
+/- 1 SD to be less in GPT-2 compared to N-gram. X-axis: GPT-2 vs N-gram algorithm. Y-axis: Mean accuracy
and Mean loss.
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