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Abstract - In the recession period, need of an efficient ATS has been rapidly increasing. In this paper we
presented a Generative Al based ATS system for effective and efficient recruitment process using FLAN-T5. The
paper aims to provide a Real time Al powered solution aligned with Large Language Model. The paper shows
in-depth research on prompt engineering, Instruction fine tuning and use of Reinforcement learning for evaluating
human feedback to create a Generative Al based mode which provides feedback based on evaluation of model
on resume for enhanced Al based remarks on Resume for user to make a efficient resume using Intellirecruit.

Index Terms - Al-based Application Tracking System, FLAN T5, Large Language Model, Generative Al,

Intellirecruit

l. INTRODUCTION

In today’s highly competitive job market, the art of crafting a compelling resume that seamlessly adapts to the
complex requirements of various job descriptions has become a crucial endeavor for job seekers worldwide. As
companies and organizations are flooded with an overwhelming influx of applications for every open position,
the task of standing out from the crowd becomes more and more daunting. It is essential for job seekers to not
only demonstrate their qualifications, but also to ensure that their suitability for the desired position is clearly
reflected on their resumes. To address this growing challenge, the integration of artificial intelligence and natural
language processing technologies into application tracking systems (ATS) has proven to be a ray of hope and

promise in changing the recycling process for the better.

This research paper explores an innovative approach to ATS: leveraging the Large Language Model (LLM)
Transformer T5 model to enable comprehensive resume optimization for job seekers. Our primary goal is to
develop an ATS plat form that empowers users, including students and experienced professionals, to carefully
and efficiently tailor their resumes to specific job descriptions. Central to the effectiveness of our system is its
intuitive interface, designed to streamline the resume optimization process. Users simply enter the job description
and their resume and prompt our ATS to perform a comprehensive analysis. Leveraging the LLM Transformer
T5 model, the system evaluates the fit between the resume and the job description and provides users with

valuable feedback and suggestions for improvement. The importance of our research lies in its transformative
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potential to revolutionize the traditional application process and empower individuals to navigate the complexities

of the modern job market with confidence and competence. By leveraging advanced Al technologies such as the
LLM Transformer T5 model, our goal is to provide job seekers with the necessary tools and resources to not only
effectively optimize their resumes, but also significantly increase their chances of landing sought-after

employment opportunities.

In the following sections of this paper, we address the technical intricacies of our proposed ATS platform and
provide a comprehensive overview of its architecture, methodology, experimental results, and implications for
future research as well as development. We are confident that our work represents an important step forward in
reshaping the landscape of resume optimization and application strategies, ultimately leading to greater success

and prosperity for job seekers worldwide.

1. BACKGROUND

Previous models have often used recurrent neural networks (RNNSs) for similar tasks. However, LLMs have now
replaced RNNs for several reasons. A key advantage of LLMs over RNNs is their higher temporal and spatial
complexity. LLMs are more efficient in terms of computational resources and enable faster processing of large
amounts of data compared to RNNs. Additionally, LLMs tend to provide greater accuracy in natural language
processing tasks. RNNs often struggle to capture long-range dependencies in text data, resulting in lower
accuracy, especially when dealing with complex language structures. In contrast, LLMs excel at understanding
and generating human-like texts, thanks to their attention mechanisms and extensive pre-training on large text
corpora. Another limitation of RNNs is their fixed number of parameters, which limits their ability to capture the
complexity of natural language. To improve accuracy, RNNs typically require a larger number of parameters, but
there is a limit to how many parameters RNNs can effectively handle. LLMs, on the other hand, benefit from
their architecture, which allows scaling to a much larger number of parameters and allows them to better capture
the nuances of the language. In terms of processing input text, LLMs follow a similar procedure to RNNs, but
with advanced capabilities. They take input text and process it across multiple layers of attention mechanisms
and neural network architectures, allowing them to capture contextual information and semantic relationships
within the text. This allows LLMs to generate more accurate and contextually relevant outputs compared to
RNNs.

I1l. RELATED WORK

This survey examines the intersection between Applicant Tracking Systems (ATS), Large Language Models
(LLMs), and transformative models like Gemini Pro. It navigates the development of automated recruitment
processes driven by Al and NLP technologies. The research highlights the profound impact of LLMs, particularly

Transformer-based models such as T5, on redesigning resume analysis and job recommendation tasks.
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Additionally, transformative models like Gemini Pro that integrate text, graphics and audio data improve

candidate assessment. This research provides a brief overview for researchers and practitioners working on Al-

driven recruiting practices [1].

In the paper titled “Resume Screening using NLP and LSTM” authored by Bharadwaj et al. [1], the study
addresses the important process of resume review and highlights the challenges of manual reviews and the
increasing popularity of automated methods such as Application Tracking Systems (ATS). Their proposed
application aims to help job seekers find the right job by back-classifying data based on machine learning
capabilities like LSTM combined with neural networks and NLP. In their paper titled “Resume Screening Using
Machine Learning and NLP: A Proposed System,” Kinge et al. [2] present a model that uses Natural Language
Processing (NLP) to quickly extract and organize resume content with the aim of accelerating hiring processes.
The system consists of corporate, employee and administrative modules monitored by a management module and
integrates NLP analysis, optical char acter recognition (OCR) and a customized ranking algorithm. Named Entity
Recognition (NER) ensures the understanding of domain-specific terms. Goals include streamlining hiring,
presenting qualified candidates and curbing unethical behavior, with plans for resume analysis from multiple

sources and integration of psychometric assessments for a comprehensive assessment.

In their study investigate how generative Al can enable systematic literature reviews (SLR) in research [3]. They
evaluated six Al tools and their large language models in categorizing 596 articles for an SLR on developing non-
technical skills in medical education. Forefront showed the best performance with the GPT-4 LLM. While the
study highlights the potential of automating SLR steps to increase research productivity, it also acknowledges
limitations such as the dynamic nature of Al technology and practical limitations. Nevertheless, the significant

impact of generative Al on scientific research is highlighted.

In their paper “JobRecoGPT— Explainable job recommendations using LLMs,” Ghosh, P. and Sadaphal, V. [4]
compare traditional deterministic methods with approaches that use Large Language Models (LLMs) for job
recommendations. They distinguish between directed algorithms with predefined criteria and undirected
algorithms based on the LLM understanding. The authors advocate a hybrid approach that com bines
deterministic techniques with LLMs. The results show that the hybrid method is the second most effective after
LLM Unguided, although deterministic methods are faster but less precise. The use of LLMs improves job
recommendations by identifying nuances in unstructured data and providing smarter suggestions. Gan, Zhang,
and Mori in their study highlights the effectiveness of large language models (LLMS) in automated resume
screening. The results show the superiority of GPT 3.5-Turbo in terms of evaluation accuracy and summary over
LLaMA2-13B [5]. Optimizing LLaMA2 models improves performance and sometimes outperforms GPT 3.5
Turbo. The evaluation suggests consistency between automated screening systems and human HR assessment

criteria, suggesting potential for LLM-based HR agents. Time comparisons show the efficiency of LLM-based
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automated screening compared to manual methods. Despite limitations, the study highlights the feasibility of

LLMs in automating resume screening and suggests future research directions.

In their research ZeRO removes memory redundancy in in parallel training of data and models and enables scaling
over 1 trillion parameters with existing hardware. Experimental results demonstrate ZeRO’s ability to train
models with over 100 billion parameters with superliner acceleration on 400 GPUs, achieving 15 petaflops of
throughput. ZeRO also makes it easier for researchers to use by making it easier to train models with up to 13
billion nodes without the need for parallel models. Additionally, Zero’s breakthrough led to the development of

Turing-NLG, the world’s largest language model at the time, with 17 billion errors and correct bursts.

In their paper “TRANSFORMING HR PRACTICES: RE SUME RANKING USING BERT EMBEDDINGS,”
Gund, M., Chavhan, D., Magar, S., Ghadage, S. and Jadhav, R. [7] present a novel approach to resume screening
and-Ranking using advanced Natural Language Processing (NLP) techniques, with a focus on Large Language
Models (LLMs) like BERT. This method aims to improve objectivity and efficiency in candidate evaluation by
going beyond traditional keyword-based methods. By leveraging BERT’s contextual understanding and text
analysis capabilities, the study aims to modernize hiring practices and provide benefits such as reduced bias,
improved candidate matching, and time savings. The paper highlights BERT’s potential to revolutionize HR
practices by promoting data-driven decision-making and balancing technology with human expertise in hiring

processes.

Li et al. [8] evaluates models for tasks T1 and T2, with context-aware models outperforming the baseline for T1.
Models with multi-head attention show notable improvements for T2. The study highlights the importance of
contextual information and attentional mechanisms in improving accuracy in both tasks. The paper “Attention is
All You Need” [9] introduces the Transformer, an innovative network architecture based exclusively on attention
mechanisms for sequence transduction tasks. The paper was written by Vaswani et al. authored and demonstrated
Transformer superiority in machine translation. Transformer surpassed the current baseline by achieving a BLEU
score of 28.4 on the WMT 2014 English German task and a BLEU score of 41.0 on the English-French task.
Importantly, these results were achieved while requiring less learning time than previous models; This represents
a significant advance in natural language processing. In their paper “Training Compute-Optimal Large Language
Models” Hoffmann et al. [10] studied the advantages of sample size and number of tokens for training the
Transformer language model on a budget system. They found that current large language model was inadequate
due to the focus on measurement without changing the curriculum. Having taught more than 400 language
models, they concluded that both structure and instruction must be equally important for effective education.
Their predicted computationally optimal model, Chinchilla, outperforms larger models such as Gopher, GPT-3,
Jurassic 1, and Megatron-Turing NLG on various tasks on a variety of tasks while using lower computing power.
Chinchilla achieved an average accuracy of 67.5% on the MMLU scale, a 7% improvement over Gopher. In their
study titled “An Advanced Real-Time Job Recommendation System and Resume Analyzer,” Prasad et al. [11]

present a methodology for creating a synthetic dataset for competency extraction using the ESCO ontology.
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Training a large language model (LLM) with sentences from job advertisements generates synthetic data that

improves the accuracy of skill extraction. The experimental evaluation shows that synthetic sentences outperform
typical ESCO descriptions and demonstrate the effectiveness of generating large-scale synthetic datasets cost
effectively. In their paper “A Cosine Similarity-Based Resume Screening System for Job Recruitment,” Wailthare
et al. [12] present a system that uses cosine similarity, NLP with LSTM networks and ensemble learning. The
system, based on NLP and LSTM, achieved a remarkable 94% accuracy in classifying resumes, outperforming
other models. Additionally, another system identified 33.59% of relevant skills, supporting candidate selection.
Despite slightly lower accuracy, a linear SVM based system proved valuable to recruiters. Amro, Najjar and
Macido [13] present “An Intelligent Decision Support System for Recruitment: Resumes Screening and
Applicants Ranking”. The study evaluates different techniques for evaluating resumes and compares NLP-based
strategies and ontology-based recommender systems. Their proposed solution, | Recruiter, integrates NLP and
deep learning for automated resume screening. The prototype system, developed in Python, uses cosine similarity
for semantic analysis and skip-gram models for training and is tested on unstructured resume collections. The
results show fast turnaround times, perfect accuracy in candidate selection, and a commendable 92% accuracy in
ranking. I-Recruiter outperforms other models in terms of efficiency and accuracy, making it reliable choice for

resume screening in recruiting processes.

The study “Gemini: A Family of Highly Capable Multi modal Models” by Team et al. [14] introduces Gemini, a
set of multimodal models developed at Google. These models are trained on image, audio, video and text data to
excel in both general skills and domain-specific reasoning. The Gemini family includes Ultra, Pro and Nano sizes
and covers various application requirements. The cross-benchmark evaluation shows that shows Gemini Ultra
model, achieves human expert performance on the MMLU exam benchmark, and improves the state-of-the-art
in all 20 multimodal benchmarks examined. Ono and Morita [15] study “Evaluating Large Language Models:
ChatGPT-4, Mistral 8x7B, and Google Gemini Benchmarked Against MMLU”. They highlight the rapid
advances in Al, particularly NLP, which have led to the development of sophisticated LLMs such as ChatGPT -
4, Mistral 8x7B and Google Gemini. The study emphasizes the importance of comparing these models to the
Massive Multi Task Language Understanding (MMLU) benchmark to gain insight into their performance on

different language tasks to guide future improvements and applications.

IV. TECHNIQUES

A. In-Context Learning

LLMs feature In-Context Learning (ICL), which allows them to learn from contextual examples without
having to update parameters. This ability allows LLMs to carry out complex tasks such as mathematical
reasoning using some examples provided. ICL includes three types of prompts: zero-shot, one-shot, and few-
shot learning. Zero-shot learning makes predictions without specific examples, one-shot learning uses a single
example, and few-shot learning uses a small number of examples for prediction. We chose few-shot learning

for our model because it strikes a balance between leveraging contextual information and minimizing the
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number of examples required. This approach allows our model to efficiently adapt to new tasks and contexts

with only a limited amount of training data, improving its versatility and practicality in real-world applications.
During the inference phase, our model uses the trained LLM to generate predictions or outputs based on the
input data provided. This process involves taking different types of input, such as text or images, and

processing them through the model’s architecture.

B.Inference
As the input data passes through the layers of the model, it undergoes transformation and analysis, with each
layer extracting and processing relevant features. This process is similar to the way the human brain interprets
information, with different parts of the brain processing different aspects of perception and understanding. An

important aspect of the inference process is measuring the

“temperature” of the input text, which reflects the complexity or uncertainty of the input. This temperature
parameter helps the model adjust the level of confidence in its predictions. Higher temperatures allow for
greater exploration of different possibilities, while lower temperatures prioritize more reliable predictions.
Ultimately, based on the input data and the model’s learned parameters, the inference process provides an
output that represents the model’s prediction or understanding of the input. This output can take different
forms depending on the task, such as class labels, text generation, or structured predictions, and serves as the

model’s response to the input data.

C. Transformer
There are a lot of transformers which are used to create LLMs in today’s digital world as shown below in the
Fig. 1 the graph was created for comparison of the model [15] We choose Large Language Models (LLMS) in
our model due to their versatility and effectiveness in various natural language processing (NLP) tasks. LLMs,
like the FLAN-T5 we use, are known for their ability to generate high-quality text and perform tasks such as
summaries, essay writing, information retrieval, and executing actions via APIs. The Transformer architecture
forms the backbone of LLMs and enables their robust performance in processing and understanding text data.
Specifically, FLAN-T5 is a variant of the T5 model, designed to fine-tune specific downstream tasks. It
leverages the architecture of the Transformer, which tokenizes input text and processes it through multiple
layers of self-attention mechanisms. FLAN-T5 is characterized by its efficiency in handling various NLP tasks

and is therefore suitable for our application in CV optimization within the ATS system.
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Fig. 1. Comparison of various LLMs done by BloombergGPT

We chose FLAN-T5 because of its proven performance on NLP tasks, its adaptability in fine-tuning for
specific tasks, and its ability to process and generate text with high accuracy and coherence. In addition,
FLAN-T5 benefits from advances in Transformer architecture and ensures efficient and effective processing
of input text for resume optimization in our ATS system.

V. METHODOLOGY

Our model uses Large Language Models (LLMs) within the ATS system. The ATS (Applicant Tracking System)
accepts input in the form of resumes and job descriptions. After that, these inputs are processed on the backend
by LLMs, which are advanced language models with the ability to comprehend and produce content that is similar
to that of a human. Based on the queries or questions predefined in the system, the LLM processes the input data
and generates an output. This output typically includes ratings, rankings, or recommendations regarding the

suitability of the candidate’s resume for the specific job description.

A. Dataset

For training our model we feed the SAM Sum dataset for summarization tasks in FLAN-T5. This dataset
consists of collections of tasks and dates test is used to train the model to summarize Description provided in
JD. Further a prompt template was designed to world with the SAM Sum dialogue summary dataset. These
templates consist of different instructions that all specially request the model to do the same thing in each
Request of JD with different Domain of Role reviewing the Resume Score.

B.Prompt Engineering

For Preparing the model we will first use In-context learning (ICL) where the Instruction will be feed with

few shots learning prompt. This learning used in prompt engineering with 5 examples per Query. In order to
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increase the model’s capacity for the job at hand, extra training is carried out on it using fresh data when we

feed in-context learning.

C. Fine Tuning

Even though Incontext Learning (IC) is quite useful in day-to-day scenarios the effectiveness of this Method
is quite efficient. The Reason is because Incontext learning may not work for smaller LLMs as they face the
problem of Catastrophic forgetting. 1C fed with examples takes up space in the context window which also
led to space complexity problem when we work with model of humongous parameters. To overcome this
limitations Fine Tuning was introduced. Fine Tuning is supervised Learning. In this process you feed the input
component with labeled dataset examples to update the weights on each node of the training process in LLMs.
We deal with this Mechanism when we work on Pretrained model with Dataset of Gigabytes and Terabytes
of data.

This data is then Trained based on Task Specific Templates which follows the format of ‘Prompt]...],
Completion[...]. The model evaluates these templates and undergoes iterations training to modify the pre-
trained model into fine tune LLM. An advanced method to fine tuning is Instruction Fine Tuning, here the
model world with each prompt/completion pair included with a specific instruction to the LLM. This can be
shown as INSTRUCTION (Classify the following text:), PROMPT (I love this DVD; Sentiment: Positive: |
don’t like this chair; Sentiment:), COMPLETION (Sentiment: ‘Negative’). The example shows the
‘instruction-prompt-completion’ relationship which can be used for fine tuning the model with instructions
where the instruction statement may vary on the input text for tasks such as Classification: Classify the
following text; Essay Writing: Write an Essay on following Scenario; Summarizing: Summarize the following
text; Translation: Translate this sentence to, Information Retrieval, etc. Full fine tuning refers to these
instruction sets when all model weight parameters are adjusted. A revised model with updated weights is the
outcome of the procedure. Although the fine-tuning family provides a better result than Context learning, the
process uses a large amount of memory during the training process. This can be improved by memory
optimization techniques and parallel computing strategies

D. Single Task Fine Tuning

There may be situations where the program just needs to do one task. In this situation, you can optimize a pre-
trained model to perform better on the tasks you find interesting alone. For instance, summarizing utilizing a
dataset of relevant cases. This process requires training instruction for the dataset in the range of 500 to 1000
examples which leads the model in a better performance in contrast to the millions and billions of pieces of
information that the model was shown during the training phase making the model more task specific rather

than a general model. The only drawback to this technique is catastrophic forgetting which happens to
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the full fine-tuning task, as it can degrade performance of the model on the other side of instructions because
the model becomes specifically oriented to this single task and forgets the previous training approach. To
understand this in quite detail we can take an example of ChatGPT where a new window opens every time but
we can access the previous version of text and continue where we left. This previous window is trained by us
on a single task, but if you ask something else to this model apart from the provided domain it gets confused
as it cannot identify the pattern which it was following and may generate a false response.

E.Model

Text-to-Test Transfer Transformer, or T5, is an encoder decoder model that has been pre-trained on a variety
of multi-task, supervised and unsupervised jobs by Google. The Transfer learning in the model is first pre-
trained on our use case scenario for ATS Resume screening. The basic idea it solves is first converting the
Text data into a wide variety of text tasks with use of Sentence piece to encode text as word piece tokens. For
our model the vocabulary data for word pieces are 35,000 on 200 Tokens. For our task, from the T5 family
we choose T5-XXL which can carry 11 billion of parameters. The model was fine-tuned on 1) TO-SF : which
is used for Commonsense reasoning, Question Generation, Closed book QA, Adversarial QA, Extractive QA,
Title/ Context generation, Topic Classification, etc. This will help our model to understand the complexity of
the model and feed instruction in Instruction fine tuning template while framing the structure on model. This
was trained on 55 Dataset, 14 Categories and 193 tasks at its limit. For reasoning, the model will then forward
the content to CoT where the model will evaluate its Context on Arithmetic reasoning, Explanation generation,
Implicit reasoning and sentence composition. For the generation task the model Muffin will create Natural
Language inference to tune the parameter by validating the context with Code instruction generation, program
synthesis and dialog context generation. Prior to the model being used in the testing phase, it is reviewed using
the Natural Instruction v2 Human Ethical Checking Model. This model verifies the program execution, named

entity recognition, cause-and-effect classification, and toxic language detection.

V1. EVALUATION

To ensure the accuracy of our summarization model, we use ROUGE evaluation metrics, a widely accepted
standard for text summarization. ROUGE (Recall-Oriented Understudy for Gisting Evaluation), compares the
generated summary with one or more reference summaries to determine its effective ness. In the context of
Language Model Evaluation (LLM), ROUGE metrics are based on the concept of N-grams. An N gram represents
a connected sequence of N words within a given text. By analyzing the presence and overlap of N-grams between

the generated summary and the reference summaries, we can quantify the performance of the model.
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These metrics provide quantitative insights into the model’s performance at different levels of granularity
(unigram vs. bigram). By evaluating precision, recall, and F1 scores, we gain a comprehensive understanding of
how efficiently the generated summary sizes the core aspect of the reference text. This iterative process allows

us to refine and improve the summarization model over time.

VII. RESULT
In our ATS system that uses LLM technology, we started with the T5 model. Looking forward, we intend to
diversify our approach by integrating other Large Language Models (LLMs) such as Palm FLAN. Through this
expansion and enrichment of our dataset, we expect to improve the overall performance and effectiveness of the
system in resume screening and job matching tasks. Additionally, we focused on optimizing model parameters,

conducting in-depth analysis, and stimulating discussions to maximize results.

Reviewed your resume and suggested improvement in following areas.

Scon my Resume

Fig 2. Review generated on Application

In the above fig. 2 Review generated on Application, we can see that the Product Intellirecrit provides an interface
of review for Resume as an output along with remarks made based on analysis of model via prompt engineering

and fine tuning for both the data to results the skills as an output using LLMs.
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VIIl. CONCLUSION

Our ATS system, powered by the FLAN-T5 Generative Al model, represents a significant advancement in
recruitment technology. The incorporation of n-gram and ROUGE evaluation metrics has greatly enhanced its
performance and accuracy. These evaluation techniques ensure robustness in resume analysis, resulting in an
efficient screening process and high-quality summaries for informed decision-making. As we further refine and
optimize our system, the integration of such evaluation methods will continue to play a crucial role in ensuring

its reliability and effectiveness across various hiring scenarios.

IX. FUTURE SCOPE

A key aspect of our future road-map is the integration of PAL (Program Aided Language) models into our web
application. By leveraging the React: Reasoning and Action framework for data collection, we aim to improve
the system’s ability to more accurately understand and interpret job descriptions and candidate profiles. This
integration will enrich the decision-making process and strengthen the system’s recommendation capabilities.
We expect to overcome scalability challenges and effectively address changing needs. This strategic move will

allow us to realize the full potential of LLM technology and deliver unprecedented value to our users.
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