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 This research paper explores the use of Meta AI’s large language model 

LLama 3 for automating the resume screening process. Traditional resume 

screening methods that rely on keyword searching and human review can be 

inefficient, biased, and fail to identify qualified candidates.LLama 3, trained 

on large-scale text datasets, has the potential to accurately analyze resumes by 

understanding context and semantic details beyond simple keyword 

matching.The study presents a system that converts resume PDFs to text, 

inputs the text along with the job description into the LLama 3 model, and 

generates a ranked list of candidates with reasoning for their job fit. This 

discusses the data preparation, model setup, and performance evaluation of 

this system. Results show LLama 3 can rapidly process batches of resumes 

while reducing human bias in the screening process. The system aims to 

streamline hiring by automating the initial resume screening stage to surface 

top candidates for further in-depth evaluation. Key benefits include improved 

accuracy in identifying relevant skills, reduced bias compared to human 

screeners, and significant time savings for recruiters. The paper also examines 

ethical considerations around using AI for hiring decisions. Overall, this work 

demonstrates the promising application of large language models like LLama 

3 to transform and enhance resume screening practices. 
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1. INTRODUCTION  

Automated resume screening has emerged as a critical area of interest in recruitment, aiming to 

address the inefficiencies and biases inherent in traditional manual review methods. A pioneering system for 

extracting information from unstructured resumes using Natural Language Processing (NLP) techniques 

marked an initial step toward streamlining the screening process [1]. The effective use of rule-based NLP to 

extract housing status from clinical narratives highlighted the potential of utilizing contextual cues in 

unstructured text for identifying social determinants of health [2]. The use of NLP for predictive modeling of 

HIV diagnoses highlights the capability of these techniques to extract meaningful information from complex 

textual data [3]. The versatility of NLP across domains shows its use for accurately calculating adenoma 

detection rates in screening colonoscopies and for large-scale labeling of clinical records [4], [5]. These 

approaches reliance on domain-specific, rule-based, or traditional techniques limits the ability to capture 

nuanced context and generalize to diverse, unstructured data like resumes. The integration of machine learning 

https://creativecommons.org/licenses/by-sa/4.0/
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algorithms such as Support Vector Machines (SVM) and Random Forest has enhanced resume screening by 

improving the accuracy and scalability of text classification. A two-level classification system was applied for 

extracting features from resumes, achieving 85% accuracy in heading prediction using the XGBoost algorithm 

[6]. A cosine similarity-based system, as presented in [7], demonstrated high accuracy and efficiency in 

extracting relevant skills and qualifications. An SVM-based model improved hiring efficiency by matching 

resumes with job descriptions [8], while a three-phase NLP-driven approach enhanced semantic resume 

analysis and candidate ranking [9]. The use of K-Nearest Neighbors (KNN) and SVM was explored for 

classifying candidates and resumes [10]. KNN classified candidates into different packages based on their 

profiles, while SVM categorized resumes into testing and development profiles. Machine learning techniques 

for resume screening are limited by the need for manual feature extraction, poor handling of unstructured 

resumes, and difficulty in processing long-form text and context. 

A Deep Residual Convolution Long Short-Term Memory (DR-CLSTM) network combines CNN and 

LSTM to predict option prices more accurately and efficiently than traditional models like Black-Scholes by 

capturing complex market dynamics [11]. The study [12] explores NLP and LSTM-based models, showcasing 

improvements in resume classification accuracy across various applications. CNN and LSTM were used to 

diagnose arrhythmias from ECG signals [13], while combining Fourier-Bessel expansion with LSTM that 

achieved 90.07% classification accuracy [14]. A multi-layer Recurrent Neural Network (RNN) improves skill 

and experience identification while integrating engagement surveys and business intelligence to support HR 

decisions and team allocation [15].  

Deep learning models for resume screening has limitations such as the need for pre-processing and 

embeddings, fixed context windows that hinder long resume handling, and difficulty capturing complex cross-

paragraph relationships. Transformers, particularly Bidirectional Encoder Representations from Transformers 

(BERT), have revolutionized resume screening with their ability to capture bidirectional context. The study 

[16] uses BERT and NER to automate resume screening, improving accuracy and reducing manual effort. A 

BERT-based framework fine tuned on historical job application data is used to objectively predict person-job 

fit and improve resume screening efficiency [17]. Sentence-BERT (S-BERT) is widely used in automated 

resume screening for generating embeddings and improving relevance ranking via cosine similarity, often 

outperforming traditional BERT models in accuracy and efficiency through hybrid NLP approaches [18]–[20]. 

Sentence-Pair BERT (SPBERT), a fine-tuned BERT variant, encodes resumes and job postings into unified 

embeddings to predict compatibility through adapted next-sentence prediction [21]. Transformer model is a 

powerful technique for resume screening, but are limited by challenges in zero or few shot classification, 

handling long texts, and requiring costly fine-tuning. 

 Large Language Models like GPT, Claude, and LLaMA 2 are increasingly used in abstract screening 

to automate evaluation through advanced language understanding and contextual analysis [22]. The paper [23] 

proposes an LLM-based resume screeninagent framework for resume screening that is 11 times faster than 

manual methods and achieves an 87.73% F1 score, surpassing GPT-3.5 in summarization, grading, and 

decision-making. LLM framework with Retrieval-Augmented Generation (RAG) automates resume screening 

through context-aware extraction, evaluation, summarization, and scoring, closely aligning with HR 

assessments and enhancing recruitment scalability [24], [25]. Current resume screening method including rule-

based systems, classical machine learning models, and early deep learning approaches are limited in handling 

unstructured and lengthy resumes due to their lack of contextual understanding, dependence on manual feature 

extraction, restricted context windows, and high fine-tuning costs. To overcome these constraints, there is a 

growing need for a scalable, adaptable, and context-aware solution capable of accurately evaluating resumes 

with minimal manual input. This study seeks to enhance resume screening by utilizing LLama 3 model’s 

capabilities to replace biased and inefficient keyword-based methods, enabling accurate candidate ranking, 

reduced human bias, and automation of the initial stages of hiring. 

The remainder of this paper is organized as follows: Section 2 details the methodology, including the 

data preparation process, PDF-to-text conversion, system configuration using LM Studio, and the design of the 

L3-based resume screening framework. Section 3 presents the results followed by section 4 discussion, 

covering model configuration, processing efficiency, comparative analysis of candidate evaluations, and 

performance benchmarking against other LLMs. Section 5 concludes the study, summarizing key findings, 

societal implications, and future scope with recommendations for ethical AI deployment in recruitment. 

 

 

2. METHOD  

This section outlines the methodological framework adopted to develop an automated resume 

screening system using the LLama 3 language model. It includes the formal problem formulation, data 

preparation, system architecture, model integration, and configuration settings. The approach emphasizes the 
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use of contextual embeddings and prompt-based reasoning for accurate candidate-job matching, while ensuring 

fairness, scalability, and explainability. 

 

2.1.  Problem Definition 

Automated resume screening can be formally modeled as a multi-criterion ranking problem, where 

the objective is to match a set of candidate resumes to a job description based on predefined evaluation criteria 

while minimizing false positives and false negatives.  

Let R, j, C be: 

R= {r1, r2,...,rn} be the set of candidate resumes 

j be a job description with requirements Q= {q1, q2 ,...,qm} 

C= {c1, c2,...,ck} represent the set of evaluation criteria such as skills, experience, and qualifications 

The goal is to learn a ranking function: 

f: R×Q→R 

such that for each resume ri, the function f(ri, j) computes a relevance score based on textual similarity, 

contextual alignment, and domain-specific requirements. The optimization objective is to maximize candidate-

job relevance while mitigating misclassification errors. 

 

2.2  Data Preparation and System Architecture 

This section describes the data preparation and system architecture implemented for the proposed 

automated resume screening system using the LLama 3 model. The process begins with converting 

unstructured resume documents, typically in PDF format, into structured plain text to enable downstream 

processing such as embedding generation, classification, and candidate ranking. 

To perform this conversion, LM Studio which is a a specialized software platform for running large 

language models. LM Studio supports local deployment of the LLama 3 model, enabling efficient and private 

execution without reliance on cloud-based APIs. The platform streamlines the transformation of resumes into 

analyzable text by facilitating precise segmentation of key sections such as education, experience, and skills. 

2.2.1  Resume Preprocessing 

Resumes are typically received in PDF format, which is unstructured and unsuitable for direct 

machine processing. A preprocessing step is required to convert these resumes into machine-readable text. This 

was accomplished using a Python script developed with the PyPDF2 library. The script defines a function that 

accepts the file path of the input PDF and the desired output text file. It opens the PDF in binary mode, uses 

the PdfReader class to parse its contents, and extracts text page by page using the .extract_text() method. The 

resulting text is then written into a .txt file that preserves the original logical flow of resume components. These 

structured text files serve as the primary input to the LLama-based processing pipeline, ensuring that relevant 

information such as qualifications, skills, and work experience can be effectively interpreted by the language 

model. 

 

 

 
 

Figure 1. Proposed System Architecture for Automated Resume Screening using LLama 3 Model 

 
2.2.2  System Architecture Overview 

Figure 1 illustrates the system architecture developed for automated resume screening using the 

LLama 3 model. Once resumes have been converted to structured text and paired with the corresponding job 
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description, both inputs are simultaneously processed through the LLama 3 model in a multi-stage pipeline. 

Initially, the inputs are transformed into contextual embeddings that capture semantic relationships between 

candidate profiles and job requirements. These embeddings are then subjected to Root Mean Square (RMS) 

normalization to enhance stability during inference. Next, the model applies Grouped Multi-Query Attention 

with Key-Value (KV) caching, an optimization technique that allows the model to efficiently focus on the most 

relevant parts of the input across multiple resumes. Following attention, the output is passed through a 

feedforward neural network utilizing a SwiGLU (Switch Gated Linear Unit) activation function, which helps 

in modeling complex hierarchical relationships. This output is combined with the original embeddings and 

normalized again. Finally, a linear transformation is applied, and the resulting vectors are passed through a 

SoftMax layer to compute relevance scores. These scores represent the degree of alignment between each 

resume and the job description, enabling the system to rank candidates accordingly. This architecture enables 

high-resolution semantic matching and forms the backbone of the LLama-based ranking function 

 

2.2.3  Model Deployment via LM Studio 

The LLama 3 model employed in this study is the Meta-LLama-3-8B-Instruct variant, chosen for its 

optimal balance between model complexity and computational efficiency. Deployment was carried out using 

LM Studio, an open-source platform that supports local execution of large language models without requiring 

cloud-based infrastructure. The model was configured with a quantization level of Q4_K_M, a context length 

of 8192, and an embedding size of 4096, enabling it to process long and information-rich input sequences 

effectively. Architecturally, it includes 32 transformer layers and 32 attention heads, with 8 heads designated 

for key-value (KV) caching, enhancing attention performance during inference. Positional encoding was 

handled using Rotary Position Embedding (RoPE) with a frequency base of 500,000, which improves the 

model’s ability to understand token order in long sequences. 

To fine-tune the generation quality and diversity, temperature was set to 0.8, top-K sampling to 40, 

and a repeat penalty of 1.1 was applied to discourage repetitive outputs. For improved efficiency, GPU 

acceleration using NVIDIA CUDA was enabled, and CPU multithreading was optimized to reduce latency. 

The full model was loaded into RAM to support fast inference, and parameters such as prompt evaluation batch 

size and context window were adjusted based on system capabilities and data size. This configuration ensured 

smooth and efficient execution of the resume screening workflow while maintaining high accuracy in 

candidate-job matching. 

 

 

 
 

Figure 2. Configuration Settings of LLama V3 for Automated Resume Screening (a) Model Selection in LM 

Studio (b) GPU Core Count and Memory Allocation Settings for LLama 3 Model Deployment (c) Hardware 

Parameters Setup 

 

2.2.4  Prompt Engineering and Execution 

 To interact with the model, specific prompts were crafted for both the job description and candidate 

resumes. The job description was input using the command: “I need your help in deciding among all candidates 
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which one is the best fit for this job description: [Job Description].” Each resume was converted to structured 

text and concatenated into a single input file. The following prompt was used for screening: “Based on the job 

description and the provided candidate profiles, help me decide which candidate is the best fit for the job using 

the resume summary of each candidate's skills, education, achievements and experience.” LLama 3 processed 

these inputs and directly returned the name of the most suitable candidate, along with a reasoned explanation 

for the selection. 

 

 

3. RESULTS  

For this study, the LLama 3 model (8B version) was deployed in LM Studio, requiring at least 8GB 

GPU and more than 8GB RAM. Key hyperparameters such as temperature (0.8) and top-K (40) were fine-

tuned to balance diversity and determinism. Resume PDFs were converted to text using PyPDF2, and all 

resumes were evaluated using the same standardized prompt. 

 

3.1.  Execution Time and Batch Analysis 

Figure 3(a) shows that a batch of three resumes took approximately 2 seconds to process, averaging 

0.66 seconds per resume. As batch size increases, the total execution time shows a non-linear trend, likely due 

to GPU memory limitations. Figure 3(b) displays a slight decrease in the average word count per resume as the 

batch size increases, suggesting possible token truncation or context-length prioritization. 

 

 

 
 

Figure 3. (a) Number of resumes versus Total execution time (b) Average number of words 

processed per resume in a batch  

 

Analysis indicates that processing a batch of three resumes takes approximately 2 seconds, resulting 

in an average scanning speed of 0.66 seconds per resume. As the number of resumes increases, the processing 

time is expected to follow a non-linear trend and may eventually plateau due to potential GPU memory 

limitations. To improve processing efficiency, batch processing strategies similar to the bubble sorting 

algorithm can be employed. The plot in Figure 3(b) displays the average word count of resumes processed by 

the LLama V3 model for batch sizes ranging from 1 to 3. The x-axis represents the number of resumes in a 

batch, while the y-axis shows the average number of words per resume. The data suggests a slight decrease in 

average word count per resume as the batch size increases, for example with 336 words for a single resume 

and 202 words for a batch of three. 

 

3.2.  Comparative Analysis and Final Decision Output 

Figure 4 displays a comprehensive comparative analysis table generated by LLama 3, evaluating three 

candidates (Abhinav Deotale, Harit Patwa, and Abhishek Walawalkar) against the specified job requirements. 

The tabular output demonstrates the model's capability to systematically analyze and categorize candidate 

qualifications across multiple dimensions like, Skills Assessment here the output presents a detailed breakdown 

of each candidate's technical and soft skills, highlighting their relevance to the position requirements. Next is 

the Experience Evaluation where the model quantifies and qualifies professional experience, providing not just 

duration metrics but also contextual analysis of role relevance to the target position. Then stands the 

Educational Qualification Analysis beyond listing degrees, the table includes an evaluation of educational 

relevance to the job requirements, demonstrating LLama 3's ability to contextualize educational backgrounds. 

Further is the Achievement Recognition being in the notable accomplishments are extracted and presented with 

an implicit weighting toward achievements most relevant to the position and with the last being Decision 

Support Visualization which with its structured format enables rapid identification of strengths and gaps across  
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Figure 4. Comparative Analysis of Three Candidates Evaluated in a Single Batch using LLama 3  

 

candidates, serving as an effective decision support tool. This output represents a significant advancement over 

traditional keyword-based resume screening by providing standardized, multi-faceted candidate comparisons. 

The execution time of 2.29 seconds for generating this comprehensive analysis further demonstrates the 

efficiency gain over manual review processes, which typically require 15-30 minutes per resume. Hiring 

decisions can be affected by bias from initial information, leading recruiters to favor candidates based on early 

impressions rather than overall qualifications.  

Figure 5, presents the proposed output generated by LLama 3, which identifies the candidate deemed 

to be the best fit for the job role. Additionally, the output provides a detailed rationale behind LLama 3’s 

decision, offering insights into the factors that make this particular candidate the most suitable for the position. 

This comprehensive analysis not only facilitates the selection process but also enhances transparency by 

providing clear justifications for the model’s decision-making. Leveraging LLama 3’s advanced capabilities, 

recruiters and hiring managers can make more informed and objective decisions, ultimately improving the 

quality and efficiency of the recruitment process. It is also important to noting that this data only shows a very 

small sample size, so it’s not possible to draw any definitive conclusions from it. It is also unclear whether this 

trend would hold for larger batches of resumes. 

 

 

 
 

Figure 5. Final Candidate Selection Based on Job Description and Resume Analysis using LLama 3 
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4. DISCUSSION  

The proposed automated resume screening approach, leveraging the capabilities of the LLama 3 large 

language model, offers several distinct advantages over traditional methods. First, it significantly accelerates 

the initial screening process by rapidly analyzing large volumes of resumes, extracting relevant information, 

and efficiently identifying top candidates. This time-saving aspect allows recruiters and hiring managers to 

focus their efforts on in-depth evaluations of the most promising applicants. Moreover, LLama 3’s contextual 

understanding of language enables it to move beyond simplistic keyword matching, enhancing the accuracy of 

candidate evaluations. By holistically analyzing resumes, the model can identify qualified individuals who may 

not use exact keyword phrases but possess the relevant skills and experience required for the role. The 

applications of this AI-driven approach extend beyond traditional job recruitment. It could be adapted for 

internal employee promotion processes, streamlining the identification of suitable candidates within an 

organization based on their skills and experience. Additionally, career counselling services could leverage this 

technology to match individuals with appropriate job opportunities based on their qualifications and career 

goals. 

   

Table 1. Comparison of resume screening performance using different LLMS 
Model Average Score 

Meta LLama 3 66.92 

GPT-4 73.85 

Claude 3 Sonnet 64.66 

Gemini Pro 1.5 69.10 

 

     An experiment was conducted to compare Meta LLama 3 with other leading LLMs for resume 

screening, with results shown in Table 1. Metrics such as accuracy, precision, and recall were used, and while 

LLama 3 showed strong results, GPT-4 achieved the highest average score. LLama 3, when implemented in 

LM Studio, supports a maximum input of 4096 tokens (~3000 words). Given the average resume length of 500 

words, around six resumes can be processed per input. This study introduces a novel application of LLama 3 

for automated resume screening, leveraging its contextual understanding and offline deployment through LM 

Studio to address privacy concerns. It presents empirical data on performance, including an average runtime 

of 0.66 seconds per resume in small batches, and highlights LLama 3’s ability to provide comparative candidate 

analysis with explanations. GPU memory limitations and batch processing strategies are discussed, along with 

ethical concerns like potential model bias. 

      The proposed system could benefit recruitment by enabling more efficient job matching and 

potentially reducing unemployment. Its objective assessments may help minimize human bias, fostering 

inclusivity and fairness. By automating initial screening, recruiters can focus on in-depth evaluation and 

cultural fit. The model also has potential applications in career counselling and internal promotions. However, 

its effectiveness depends on diverse, unbiased training data. While not a new algorithm, this work integrates 

LLama 3 into a complete workflow involving PDF-to-text conversion, job description prompting, and batch 

optimization within LM Studio. The system should support, not replace, human judgment. Despite limitations, 

LLama 3 shows significant promise in modernizing and improving recruitment practices. 

 

 

5.        CONCLUSION  

 This study highlights the significant potential of large language models (LLMs), particularly Meta  

AI’s LLama 3, in transforming automated resume screening systems. levant skills and experiences and 

matching candidates to job descriptions more accurately than traditional keyword-based methods. By 

employing LLama 3’s advanced natural language understanding capabilities, the proposed system surpasses 

traditional keyword-based approaches through contextual analysis of candidate profiles. Unlike earlier systems 

that rely heavily on surface-level term matching, LLama 3 effectively interprets the semantic relevance of a 

candidate’s skills, qualifications, and experience in relation to specific job descriptions. The system 

demonstrated an average scanning speed of 0.66 seconds per resume for small batches, though larger batches 

may require optimized processing due to GPU constraints. LLama 3 also outperformed basic keyword 

approaches by evaluating candidate qualifications holistically. However, scalability challenges were noted as 

batch size increased, primarily due to GPU memory and processing constraints, indicating the need for model 

optimization or hardware augmentation in large-scale deployments. Future work should enhance 

interpretability and fairness in LLama 3-based screening through explainable AI and bias mitigation 

techniques. Also improving dataset diversity and designing effective prompts can boost accuracy and reduce 
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unfair outcomes. Domain specific fine tuning and human in the loop feedback will support continuous model 

refinement.  
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