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1. INTRODUCTION 

Automated title generation is a newly emerging field, falling under the umbrella of natural language processing (NLP). The 

development of these techniques aims to provide a comprehensive summary of the research gist and include it as the title of the 

research paper, thus presenting the content of the research through the automatically generated sentence. It is worth noting how 

this method can help researchers in various fields improve their research capabilities and discover academic works [1], [2]. To 

ensure the relevance and clarity between the generated title and the content of the research paper, multiple linguistic and statistical 

techniques are used [3], [4]. 

The title is considered a front and summary of the content of a research paper, and it is used to infer the content of the research 

or article [5]. Many authors seek to index previously written good titles to develop appropriate techniques for automated title 

writing [6]. The extractive summarization technique has been used in the news field [6][7][8]. Based on the current reality, there 

is a lot of information that can be extracted from the article’s objectives and the meaning that the author wants to convey, but 

extracting the titles was based on extracting the related words and forming the title without considering the structural structure 

of the article [9]. 

Training a model involves fitting a parametric computational architecture (e.g., a deep neural network) on labeled data to learn 

a generalizable mapping from inputs to outputs. In this process, the model learns from the data so that it can handle tasks such 
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In an article, the title should cover the whole content with a few important words. Several 

automated title-generating tools are available in the Internet. This paper is aiming to design 

and implementation a new model to generate title using a list of keywords. The model using 

a new dataset that is generated from NIPS dataset with Configure training arguments. The 

proposed system preprocesses keyword data, trains on a curated dataset, and produces 

coherent, contextually relevant titles through controlled text generation. The proposed 

model shows a strong generative capability by accurately producing research titles from list 

of important keywords. Its efficient fine-tuning strategy enables high performance with 

minimal training resources. The experimental results show that the proposed fine-tuned T5 

title generation model can produce titles that are very close to the original scientific titles. 

For the paper “Learning to Play the Game of Chess”, the generated title matched the original 

exactly. As a result, all evaluation metrics reached 1.0, including cosine similarity, 

ROUGE-L, BERT_F1, and SciBERT_F1, indicating complete lexical and semantic 

agreement between the generated and reference titles. 
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as text generation and image recognition. This makes deep learning useful in many areas [10]. However, training these models 

is not easy. They usually need a large amount of high-quality labeled data, strong computational resources, and a long training 

time. They are also hard to interpret, which can make errors harder to understand [11]. Therefore, effective model training 

depends on good data, enough resources, and suitable evaluation methods to reduce overfitting and bias. 

Given the above context, the following subsections present the problem statement, research gap, and main contributions. With 

this above setting, the problem statement, research gap, and key contributions are as shown in the following subsections. 

 

Problem Statement: Although academic paper titles play a central role in increasing their visibility and enabling fast 

understanding, the process of writing concise and truthful titles is tedious and gives way to inconsistencies. Solutions to this 

issue can be provided by the existing automated methods, which give titles that are clumsy, verbose or poorly aligned to the 

research interest of the intended study where the model input does not directly specify which important concepts to include in 

the title. 

Research Gap: In spite of some studies using a strategy of summarizing salient sentences in abstracts, before generating titles, 

many studies are still using full-text abstract or generic text as the input to a model to generate the title. Moreover, end-to-end 

pipelines that integrate summarization-driven keyword construction, domain-weighted keyword selection, controlled keyword-

to-title generation, and semantic evaluation are not consistently presented in a reproducible manner, which can reduce title 

faithfulness and consistency. 

Contributions: This paper contributes the following: 

1) A dataset construction pipeline that derives six weighted keywords per paper from NIPS/NeurIPS papers and pairs them with 

the original titles for supervised training. 

2) A keyword-to-title generation model based on fine-tuning T5-base to map compact keyword inputs into fluent academic titles. 

3) A comparative evaluation against KeyToText and GPT-2 using both lexical and semantic metrics (Cosine similarity, ROUGE-

L, BERTScore-F1 (BERT/SciBERT)). 

The paper is organized as follows: Section 2 describes the dataset construction. Section 3 presents the methodology of the 

proposed model. Section 4 reports the results and discussion. Finally, Section 5 concludes the paper. 

2. CREATE A DATASET 

In this section, a new dataset will be created according to our model requirements.  Neural Information Processing Systems 

(NIPS) [12] is one of the top machine learning conferences in the world. It covers topics ranging from deep learning and computer 

vision to cognitive science and reinforcement learning. This dataset includes the title, authors, abstracts, and extracted text for 

all NIPS papers to date (ranging from the first 1987 conference to the current 2016 conference). Extracted the paper text from 

the raw PDF files and are releasing that both in CSV files and as a SQLite database [12][13]. 

The structure of a new dataset contains a title and keywords which is used to build our model in next section. To build it, for 

each paper in the NIPS dataset, read the abstract, apply preprocessing steps (such as case normalization [15], noise removal [16], 

tokenization [9][15], stop-word removal [17], and lemmatization [14] ensures clean, analyzable input for NLP tasks.,), then apply 

the luhn summarization [18] algorithm, finally, apply the modify Yake algorithm to extract a six weighted words. in last, a new 

dataset saved as original title (NIPS title) and six keywords extracted. Table 1 summarizes the dataset construction settings, and 

Table 2 shows the sample of a new dataset. 

Table 1: Dataset description and construction settings 

Item Description 

Source dataset NIPS/NeurIPS papers dataset (Kaggle) [12] 

Raw file (used fields) papers - Copy.csv (title, paper_text) 

Abstract extraction 
Abstract text is extracted from paper_text using heuristic markers (abstract 

→ introduction); records without a detected abstract are skipped 

Preprocessing 
Lowercasing, regex-based noise cleaning, tokenization, stop-word removal 

(NLTK + custom list), short-token filtering, and WordNet lemmatization 

Summarization Luhn summarization (Sumy); top 3 sentences retained 
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Keyword construction (Modified YAKE) 

YAKE produces ranked candidates; domain weighting is applied using 

CS_Words.txt with factor cs_boost_factor=0.3; the final top-6 weighted 

keywords are selected as model input 

Output training dataset Pairs: (original title, six keywords); saved as CS_Dataset.csv 

 

Table 2: Sample of a new dataset 

Title Keywords 

Self-Organization of Associative 

Database and Its Applications 
['efficient', 'database', 'method', 'self-organizing', 'associative', 'application'] 

Using a neural net to instantiate a 

deformable model 

['model', 'recognition', 'imaging', 'method', 'efficient', 'algorithm'] 

 

A Mean Field Theory of Layer IV 

of Visual Cortex and Its 

Application to Artificial Neural 

Networks 

['cell', 'network', 'layer', 'signal', 'single', 'cortical'] 

An experimental comparison of 

recurrent neural networks 
['recurrent', 'neural', 'network', 'architecture', 'identification', 'proposed'] 

Bayesian Query Construction for 

Neural Network Models 
['data', 'model', 'informative', 'sequential', 'bayesian', 'selection'] 

 

3. METHODOLOGY OF OUR MODEL 

T5 is a transformer-based sequence-to-sequence model that formulates NLP tasks in a unified text-to-text framework [19]. A 

new model was developed by fine-tuning the T5-base architecture to generate research titles from structured keyword inputs. 

The experimental environment was set up by detecting available computational resources and loading the pre-trained model and 

tokenizer. The dataset was loaded in local CSV files generated in the foregoing section. Its integrity was tested by ensuring that 

the necessary fields were present and then it was preprocessed by converting keywords into a list representation and building 

input-output pairs to be used in the further training of the model. 

The T5-base model uses an encoder-decoder Transformer model. The keyword prompt is fed to the encoder and the decoder 

produces title based on what is represented. At the fine-tuning stage, the model is trained using the (keywords title) pairs, and 

this allows the titles obtained to resemble the reference titles that are in the training set. 

To carry out evaluation, the created dataset was split into 90 per cent training data and 10 per cent validation data. The 

HuggingFace Trainer framework was used to train the model with explicitly defined hyperparameters with a learning rate, a 

batch size, the number of epochs, the number of gradient accumulation steps, and the evaluation strategy. The framework 

coordinated training, validation, checkpointing, and backpropagation, hence, leading to the generation of a strong fine-tuned 

model and tokenizer to be deployed further. Table 3 provides the exact hyperparameters used in the experiments and the decoding 

configurations are those used in title generation. 

Table 3: Fine-tuning and decoding configuration (implementation-based) 

Parameter Value 

Model checkpoint t5-base 

Train/validation split 90% / 10% (random_state=42) 

Epochs 200 

Learning rate 5e-4 

Batch size (train/eval) 8 / 8 

Gradient accumulation steps 2 

Warmup steps 500 

Weight decay 0.01 

LR scheduler linear 

Best model selection load_best_model_at_end=True, metric_for_best_model=eval_loss 
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Decoding (inference) 
num_beams=4, do_sample=True, temperature=0.7, top_p=0.9, max_length=64, 

early_stopping=True 

Tokenization (max length) input=128, target=64 

Random seed 42 

 

For evaluation, a title-generation function was implemented to produce titles from unseen keyword sets. During inference, 

keywords were formatted, tokenized, and input into the model, which generated titles using beam search with temperature-

controlled sampling and top-p filtering. Empirical testing showed that the model produced coherent, contextually appropriate, 

and semantically meaningful titles, demonstrating the effectiveness of the fine-tuning approach for automated academic title 

generation. Algorithm 1 show the steps of generating our model. And figure 1 shows the flowchart of generate our model. 

Algorithm 1: Generate our model 

Input: 

Output: 

Dataset with fields (title, keywords) 

Model 

Step 1: Environment Initialization 

● Detect GPU availability and set PyTorch device. 

● Load the T5-base tokenizer and T5-base model from the HuggingFace Transformers library. 

Step 2: Dataset Loading 

● Load a new dataset file  

● Validate required columns: title, keywords. 

Step 3: Data Preprocessing 

Step 4: Train/Validation Split, divide the processed data into (90% training set, 10% validation set) 

Step 5: Tokenization, Tokenize input and target texts using T5-base tokenizer. Add labels field using the 

tokenized targets. 

Step 6: Convert training/validation Pandas dataframes into Dataset objects. 

Step 7:  Use DataCollatorForSeq2Seq to dynamically pad sequences and prepare model inputs. 

Step 8: Set Training Configuration  

Step 9: Model Training 

● Instantiate a Trainer object. 

● Train the model using the tokenized dataset. 

● Save the final fine-tuned model and tokenizer. 

Step 10: Model Inference (Title Generation): Load the fine-tuned model. 

Step 11: Testing 

● Evaluate the model using a sample list of keywords. 

● Print the generated title. 

 

 

Fig. 1. Flowchart to generate our model 

4. RESULT AND DISCUSSION 
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To evaluate the performance of the proposed title generation approach, three models are considered: our fine-tuned T5- model, 

the KeyToText model, and the GPT-2 model. For all experiments, the abstracts in the dataset are first pre-processed by applying 

text cleaning, stop-word removal, and lemmatization. Then, the Luhn summarization algorithm is applied to obtain a condensed 

version of each abstract. After that, the Modified YAKE algorithm is used on the summarized text to extract the most informative 

keywords, which are then fed into the three models to generate the final titles. Table 4 shows the generated title using our model 

comparing with original title. Table 5 shows the generated title using KeyToText comparing with original title. Table 6 shows 

the generated title using gpt-2 comparing with original title. Evaluation was performed using cosine similarity as a statistical 

measure to quantify the similarity between generated and reference titles based on their vector representations [20][21], along 

with ROUGE-L [22], BERTScore (BERT_F1) [23], SciBERT_F1 [24], and supporting evidence from recent title-generation 

studies [25]. 

Table 4: Result of generated title using our model 

No Keywords_6_Used Original Title Generated Title Evaluation Metrics 

1 ['program', 'games', 'learns', 

'chess', 'learning', 'play'] 

Learning to Play the 

Game of Chess 

Learning to Play the 

Game of Chess 

Cosine= 1.0 

ROUGE-L=1.0 

BERT_F1=1.0 

SciBERT_F1=1.0 

2 ['security', 'privacy', 

'computing', 'cloud', 'data', 

'protection'] 

Data security and 

privacy in cloud 

computing 

 

The Privacy-preserving 

cloud computing  

Cosine= 0.6328 

ROUGE-L=0.3077 

BERT_F1=0.9217 

SciBERT_F1=0.8083 

3 ['processor', 'real-time', 

'wavelet', 'decomposition', 

'reconstruction', 'continuous'] 

Analog VLSI 

Processor 

Implementing the 

Continuous Wavelet 

Transform 

Analog VLSI Processor 

Implementing the 

Continuous Wavelet 

Transform 

Cosine= 1.0 

ROUGE-L=1.0 

BERT_F1=1.0 

SciBERT_F1=1.0 

4 ['system', 'nonlinear', 

'parametric', 'uncertainty', 

'parameter', 'neural'] 

Neural Control for 

Nonlinear Dynamic 

Systems 

Nonlinear Parameter 

Estimation in Nonlinear 

Systems 

Cosine=0.2884 

ROUGE-L=0.3333 

BERT_F1=0.9143 

SciBERT_F1=0.8297 

 

Table 5: Result of generated title using KeyToText model 

No Keywords_6_Used Original Title Generated Title Evaluation Metrics 

1 ['program', 'games', 'learns', 

'chess', 'learning', 'play'] 

Learning to Play the 

Game of Chess 

 The program "games| 

learning|"" is "play. 

Cosine = 0.3041 

ROUGE-L= 0.3077 

BERT_F1= 0.8270 

SciBERT_F1 =  0.5830 

2 ['security', 'privacy', 

'computing', 'cloud', 'data', 

'protection'] 

Data security and 

privacy in cloud 

computing 

 

The security of a cloud 

with a data protection 

of 512 m. 

Cosine = 0.0585 

ROUGE-L = 0.1176 

BERT_F1 = 0.8404 

SciBERT_F1 = 0.6185 

3 ['processor', 'real-time', 

'wavelet', 'decomposition', 

'reconstruction', 'continuous'] 

Analog VLSI 

Processor 

Implementing the 

Continuous Wavelet 

Transform 

The real-time "wavelet" 

"reintegration" is 

"continu.". 

Cosine = 0.1559 

ROUGE-L = 0.2667 

BERT_F1 = 0.8506 

SciBERT_F1 = 0.5311 

4 ['system', 'nonlinear', 

'parametric', 'uncertainty', 

'parameter', 'neural'] 

Neural Control for 

Nonlinear Dynamic 

Systems 

 The system "system| 

nonlinear| 

parametric|||incided" is 

logical. 

Cosine = 0.0700 

ROUGE-L = 0.1429 

BERT_F1 = 0.8427 

SciBERT_F1 = 0.5248 

 



Iraqi Journal for Computers and Informatics   10.25195/ijci.v52i1.714 DOI:                           . 
 

160 
 
 

Table 6: Result of generated title using gpt-2 model 

No Keywords_6_Used Original Title Generated Title Evaluation Metrics 

1 ['program', 'games', 'learns', 

'chess', 'learning', 'play'] 

Learning to Play the 

Game of Chess 

program games learns 

chess learning play a 

game of chess.The 

game is played by a 

group 

Cosine = 0.5574 

ROUGE-L = 0.4167 

BERT_F1 = 0.8904 

SciBERT_F1 = 0.6999 

2 ['security', 'privacy', 

'computing', 'cloud', 'data', 

'protection'] 

Data security and 

privacy in cloud 

computing 

 

security privacy 

computing cloud data 

protection. The 

company has also 

announced that it will 

be launching a 

Cosine = 0.3233 

ROUGE-L = 0.1739 

BERT_F1 = 0.8546 

SciBERT_F1 = 0.6204 

3 ['processor', 'real-time', 

'wavelet', 'decomposition', 

'reconstruction', 'continuous'] 

Analog VLSI 

Processor 

Implementing the 

Continuous Wavelet 

Transform 

processor real-time 

wavelet decomposition 

reconstruction 

continuous-wave 

wavefunction (CWR) 

Cosine = 0.2038 

ROUGE-L = 0.2222 

BERT_F1 = 0.8644 

SciBERT_F1 = 0.6590 

4 ['system', 'nonlinear', 

'parametric', 'uncertainty', 

'parameter', 'neural'] 

Neural Control for 

Nonlinear Dynamic 

Systems 

system nonlinear 

parametric uncertainty 

parameter neural 

networks.The results of 

this study are presented 

in 

Cosine = 0.1208 

ROUGE-L = 0.0952 

BERT_F1 = 0.8620 

SciBERT_F1 = 0.5911 

 

Tables 4, 5, and 6 show that our fine-tuned T5 model achieves better results than both KeyToText and GPT-2 in cosine similarity, 

ROUGE-L, BERT_F1, and SciBERT_F1. In Paper 1, the fine-tuned T5 model produces exactly the same title as the reference 

title, “Learning to Play the Game of Chess.” As a result, it reaches the maximum value for all metrics: cosine similarity = 1.0, 

ROUGE-L = 1.0, BERT_F1 = 1.0, and SciBERT_F1 = 1.0. In contrast, the title generated by KeyToText, “The program ‘games| 

learning|’ is ‘play.’”, achieves considerably lower scores. These values are lower (cosine = 0.3041, ROUGE-L = 0.3077, 

BERT_F1 = 0.8270, SciBERT_F1 = 0.5830), which shows that the title is different in both structure and meaning from the 

reference title. GPT-2 gives the title “program games learns chess learning play a game of chess. The game is played by a group,” 

which performs better than KeyToText (cosine = 0.5574, ROUGE-L = 0.4167, BERT_F1 = 0.8904, SciBERT_F1 = 0.6999). 

However, it still does not match the fine-tuned T5 model because the text is long and contains unnecessary phrases. 

 In Paper 2, “Data security and privacy in cloud computing,” the fine-tuned T5 model also provides strong results. It achieves a 

cosine similarity of 0.6328, a ROUGE-L score of 0.3077, a BERT_F1 of 0.9217, and a SciBERT_F1 of 0.8083 These values 

show that the model keeps the meaning of the reference title and follows its general structure. The generated title, “The Privacy-

preserving cloud computing ,” is short and clearly expresses the main idea of the paper. In contrast, the KeyToText output is not 

close to the reference title. Its cosine similarity (0.0585) and ROUGE-L score (0.1176) are very low, which shows weak similarity 

in both wording and meaning. While the BERT-F1 score (0.8404) is reasonable, the SciBERT-F1 score (0.6185) indicates that 

the scientific terms are not well maintained. GPT-2 produces an output that contains some related keywords, but it is not written 

as a proper title and includes extra text. Its evaluation scores also show that the result is only partly related to the reference title 

and is not appropriate as a concise academic title. The same trend appears in papers 3 and 4. Overall, our model gives the best 

results compared with KeyToText and GPT-2. KeyToText often produces broken or unclear titles, whereas GPT-2 tends to 

generate longer titles than needed. 

5. CONCLUSION 

This study compared our model with two baseline methods, KeyToText and GPT-2, to examine their ability to generate titles 

for scientific papers. The results in Tables 4, 5, and 6 show that our model achieved the best performance across all four-

evaluation metrics: cosine similarity, ROUGE-L, BERTF1, and SciBERTF1. This indicates that the model was more effective 

in preserving the meaning of the original title and maintaining its overall structure. Although the same keyword-based input was 
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used for all three models, KeyToText often generated unclear titles or titles with grammatical problems, which is reflected in its 

lower cosine similarity, ROUGE-L, and SciBERT scores. GPT-2 performed better in terms of semantic similarity, but it often 

produced longer titles, making them less suitable as concise academic titles. Overall, the fine-tuned T5 model gave better results 

than both baseline methods in relevance, clarity, and consistency. This suggests that it is a reliable method for automatic title 

generation in scientific papers. The proposed framework was evaluated using the NIPS dataset in computer science and machine 

learning. In future work, the same pipeline can be applied to other domains and languages by developing domain-specific 

datasets, fine-tuning the model for each domain, and adjusting keyword weighting to produce accurate and fluent titles. 
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