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Introduction - Application Tracking System TUT
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Fig: Resume Selection process



Introduction - Challenges TUT

Challenge 1

Challenge 2

Challenge 3

Challenge 4

Krohn, A. (2023). Evaluating Text Summarization Models on Resumes : Investigating the Quality of Generated Resume
Summaries and their Suitability as Resume Introductions (Dissertation, KTH Royal Institute of Technology). Retrieved from
https://urn.kb.se/resolve?urn=urn:nbn:se:kth:diva-332407
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Methodology- Proposed System TLITI
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Fig: Synthetic Resume Generation
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Methodology- Synthetic Resume Generation TUTI

]

> Pretrained-ModeIJ

Anchor Resumes
Synthetic Resumes

Fig: Synthetic Resume Generation

/o Create as system to crowdsource the real world data from participant \
e Take steps to ensure the privacy of the participant

e Identify resume sections to be generated by synthetic dataset

e Design prompts to generate the synthetic data with the LLMs

e Ensure that the generated dataset matches the real world distribution (evaluation)

\ /

[1]Zhuoyan Li, Hangxiao Zhu, Zhuoran Lu, and Ming Yin. 2023. Synthetic Data Generation with Large Language Models for Text Classification: Potential
and Limitations. In Proceedings of the 2023 Conference on Empirical Methods in Natural Language Processing, pages 10443—10461, Singapore.
Association for Computational Linguistics.
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Methodology- Dataset Collection
- _ Please select one of the jobs from the following jobs that is suitable for your resume. Please *

Data Protection and Privacy v 1 Leeald the job description from the link provided. If the link is not available please read the pdf.
: low.

Consent Form For Resume Data Collection *

Your personal information (name, address, email address etc.) will be anonymized or pseudonymized to ensure
59 ( ) o4 P Y The location of the job doesn't matter in our case, please ignore that.

Bl 7 U & X

The purpose of this study is to analyze resumes using large language models (LLMs) to explore more effective
methods for candidate profile summarization. This research aims to develop improvements to current

Appli Tracking Sy (ATS), which are widely used by companies to filter and rank job applicants. By
leveraging advanced LLMs to process and summarize resume data, this study seeks to identify patterns,
optimize the candidate evaluation process, and improve how ATS systems assess qualifications, skills, and
work experiences.

The ultimate goal is to propose new strategies that enhance the accuracy and faimess of candidate
evaluations, making the recruitment process more efficient for both employers and job seekers.

R h Project: Candidate Profile

Researcher: Ishwor Subedi (superviser : Anum Afzal )
University: Technische Universitat Minchen
Department: Engineering for Busi Information Systems (sebis)

Contact: ishwor.subedi@tum.de

Full Name: *

Short answer text

Email Address(optional) :

Short answer text

*

Consent to Participate : Do you consent to participate in this research by submitting your
resume for analysis?

' Yes, | give my consent.

No, | do not give my consent.

privacy. The resume data will be securely stored and only used for the purposes of this research. You may
request the deletion of your data at any time.

How Your Data Will Be Used:

* Your resume will be used solely for academic research.
* Your data will be anonymized to protect your identity.
* All data will be securely stored and deleted after 1 year.

Your Rights:

* Youcan ymise your CVy If as well. We accept CVs where p info are ised

* You can withdraw your consent and request your data be deleted at any time.
= You can contact me at ishwor.subed@tum.de if you wish to access or delete your data.

*

Consent to Data Privacy: Do you agree to the data protection and privacy terms stated
above?

Yes, | agree.

No, | do not agree.

Optional Consent for Future Use: Do you consent to your anonymized data being used for future
research? (Optional)

Yes, | agree to the use of my anonymized data for future research.

No, | do not agree.

You can submit anonymised CV of yourself as well. Please let us know if it's already .
anonymised or not. Is it already anonymised?

Yes, it's already anonymised

No, it's not anonymised. Please anonymise it.

Upload your resume(PDF format) *

'} View folder

If any of the link below doesn't work you read the job descriptions here : link

Please choose only one of the following that best suits you

| Senior Python Developer: https:/jobs.sap.com/job/Sofia-Senior-Python-Developer-1407/1100530701/

! Junior Al Developer for Intelligent Insights: https://jobs.sap.com/job/Sofia-Junior-Al-Developer-for-Intelli...

Machine Learning Engineer: https:/jobs.sap.com/job/Porto-Salvo-Machine-Learning-Engineer-2740-262...

Data Scientist/Scientifique des données URI: https://jobs.sap.com/job/Montreal-Data-ScientistScientifig...

Al Scientist URI: https://jobs.sap.com/job/Bangalore-Al-Scientist-560066/1125250501/

Backend Developer- https:/jobs.sap.com/job/Tel-Aviv-Backend-Developer-COP-67021/1121262901/

Junior Cloud DevOps Engineer : https://jobs.sap.com/job/Sofia-Junior-Cloud-DevOps-Engineer-1407/108...

Developer https://jobs.sap.com/job/Sofia-Developer-1407/1098517901/

Frontend Developer Associate (Angular) : https://jobs.sap.com/job/Budapest-Frontend-Developer-Associ...

Senior Developer-Java Java, Spring boot, SQL https://jobs.sap.com/job/Bangalore-Senior-Developer-Ja...

Senior Data Scientist - Machine Leaming : https://jobs.sap.com/job/ -Senior-Data-Scientist-Machin...

Full Stack Developer : https//jobs.sap.com/job/Sofia-Full-Stack- per-1407/1090647201/

Java Developer : https://jobs.sap. job/Bang: J per-560066/1099565901/

Frontend Developer - React js/Angular.js/Javascript : https:/jobs.sap.com/job/Bangalore-Frontend-Deve...
BTP Al Data Scientist / Machine Learning Engineer : https://jobs.sap.com/job/Porto-Salvo-BTP-Al-Data-S...
Senior Developer- JavaScript- UI5- NodeJS- (8+ yrs.) : https://jobs.sap.com/job/Bangalore-Senior-Develo...
Developer (GO, JAVA & KUBERNETES): https://jobs.sap.com/job/Montreal-Developer-%28G0%2C-JAVA-...
Nodejs, Devops, Kubernetes Developer: https://jobs.sap.com/job/Bangalore-Nodejs%2C-Devops%2C-Kub...

Developer - Al Core / Generative Al Hub: https2/jobs.sap.com/jo! g loper-Al-Core-Gi ti...

After ion1 Continue to next section Junior Backend Developer (Al Project): https://jobs.sap.com/job/Porto-Salvo-Junior-Backend-Developer-...
secti -
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Methodology- Data Preprocessing TUTI

4 N

e Anonymize the resume : automatic and Manual anonymization

e Identify the important sections in the resume you want to extract
Personal Information - anonymized

Education

Work Experience

Projects

Personal Achievements

Skills

O 0O 0 0O 0O O

e Extract the above mentioned section of the resume into a json format - done with LLM

& /
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Methodology- Data Preprocessing

Extract the Personal Information such as Name, email,phone number etc, Work Experience, Education, Personal Projects, and Skills from the given resume. Please include the works/achievements of the work experience and personal projects. Only extract the information that is present in
the given text. The information should be in the form of JSON format. The output JSON should have the following format:
resume_format="""{
"Personallnformation": {
"Name'
"Email": "",
"Phone": ",
"LinkedIn'

I
"WorkExperience": [
{
"JobTitle": "",
"Location": ",
"Duration": ",

"Achievements": [
|
}
I
"Education”: [
{
"Degree": ",
"FieldOfStudy": "",
"University": "",
"Location": ",
"Duration": ""

I
"PersonalProjects": [
{
"ProjectName": ",
"Description": ",
"TechnologiesUsed": [
b
"Achievements": [
|
}
1
"Skills": [
]
}

There could be any number of work experience, education, projects and skills."""

20250428 | Ishwor Subedi | Candidate Profile Summarization- A RAG Approach with Synthetic Data Generation
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Methodology- Dataset Generation (Baseline)

- Experiments with GPT-40-mini, Llama3.1-70B-Instruct-Turbo and Mixtral-8x22B-Instruct-v0.1
- Results not satisfactory with LLama and GPT-40-mini

Base_prompt_1 : Generate a resume for {job_title}

Base_Prompt_2: Generate aresume for the {job_title}. The generated resume should be in following json
format {example_json}

20250428 | Ishwor Subedi | Candidate Profile Summarization- A RAG Approach with Synthetic Data Generation
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Methodology- Dataset Generation

Experimental_Prompt1. You are an expert resume writer tasked with generating a synthetic resume.
The generated resume must closely follow the structure, style, and patterns found in the **example CV** provided below. Use the following guidelines:

### 1. Output Format:
The resume should be produced in the following JSON format:
{example_json}

### 2. Similarity to Example CV:
- **Follow the Pattern**: The generated resume should mirror the organization, flow, and structure of the example CV, including:
- Section order (e.g., Work Experience, Projects, Education, Skills).
- The style and level of detail in descriptions.
- The types of roles, responsibilities, and projects listed.
- **Work Experience™*:
- Include job titles, responsibilities, and achievements similar to those in the example CV, but modify company names, locations, and exact timeframes.
- Maintain similar industries and roles but rephrase the descriptions to introduce uniqueness.
- **Projects**:
- Reflect a similar scope, complexity, and style to the projects in the example CV.
- Include comparable tools, frameworks, or technologies, while changing project names and specific details.
- **Education**:
- Keep the degree types and fields of study aligned with the example CV but vary institution names and years.
- **Skills and Certifications**:
- List skills that align with the example CV, with slight additions or removals to create variation.

#i## 3. Introduce Variations:

While closely following the example CV's structure, introduce variations where appropriate:

- Replace names of companies, projects, and institutions with realistic alternatives.

- Slightly modify timeframes and career progression while keeping them plausible.

- Adjust tools, technologies, or techniques mentioned to provide diversity but ensure relevance to the example pattern.
- Add or rephrase achievements and responsibilities to maintain uniqueness.

#i## 4. Tone and Style:
- Maintain a professional tone that is consistent with the example CV.
- Use concise bullet points for readability.

### Example CV for Reference:
Here is the example CV that the generated resume should emulate in pattern and structure:
{example_cv}

Output the resume strictly in the JSON format specified above.THe output should just be synthetic CV nothing else.

20250428 | Ishwor Subedi | Candidate Profile Summarization- A RAG Approach with Synthetic Data Generation
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Methodology- Dataset Generation(Prompts)

Experimental_Prompt2 : You are an expert resume writer tasked with generating a synthetic resume.
The generated resume must closely follow the structure, style, and patterns found in the example CV provided below. Use the following guidelines:
### Similarity to Example CV:

{example_cv}

Follow the Pattern:
Mirror the flow, and structure of the example CV, including:

Section order (e.g., Work Experience, Projects, Education, Skills).
The style and level of detail in descriptions.

The types of roles, responsibilities, and projects listed.

Work Experience:

Retain the same domain and industry focus but introduce diversity in roles, company types, and career trajectories (e.g., startups, multinational corporations, or government roles).

Enrich job descriptions with unique responsibilities and achievements relevant to the domain but distinct from the example CV.

Incorporate diverse metrics, tools, or frameworks to highlight different career impacts (e.g., specific revenue increases, customer satisfaction improvements, or technical implementations).
Projects:

Reflect a similar scope, complexity, and style to the projects in the example CV while diversifying themes (e.g., emphasize different goals, technologies, or outcomes).
Change the focus of individual projects slightly to reflect broader expertise in the domain (e.g., if the example involves "e-commerce optimization," introduce "healthcare tech" or "supply chain systems" as variations).
Education:

Use different but plausible institutions, fields of study, and years. Add unique academic achievements or extracurricular involvements for variation (e.g., leadership roles, research papers, or exchange programs).
Skills and Certifications:

Introduce domain-relevant but distinct skills and certifications to provide variety. For example, replace "Python" with "R" or "SQL," or add modern tools and technologies (e.g., "Kubernetes," "Tableau," or "DataOps").

### Introduce Substantial Variations:

- Adjust career progression to reflect diverse experiences (e.g., mix large enterprises, startups, freelance consulting, or non-profit work within the domain).

- Provide a mix of leadership, technical, and cross-functional roles depending on the job title provided

- Rewrite responsibilities and achievements with unique metrics (e.g., "Reduced costs by 20% through process automation” vs. "Implemented a cloud-native solution, improving uptime by 30%").
- Use alternate phrasing for similar contributions to reflect individual approaches and nuances.

- Change project goals or contexts while maintaining similar skills and challenges (e.g., instead of "redesigning a retail app," describe "modernizing a fintech dashboard").

- Introduce realistic but varied timelines and experiences (e.g., different durations in roles, sabbaticals, or overlapping responsibilities).

### Output Format:
The resume should be produced in the following JSON format:
{example_json}

The output should just be synthetic CV nothing else.

20250428 | Ishwor Subedi | Candidate Profile Summarization- A RAG Approach with Synthetic Data Generation © sebis
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Methodology - Synthetic Data Generation (Evaluation)

BERTScore - evaluate the semantic similarity between anchor resume and synthetic resumes
ROUGE score- evaluate n-gram similarity between anchor resume and synthetic resumes
1- Jaccard similarity - evaluate token overlap among synthetic resume to ensure variation

On top of above metrics human supervision was present throughout the resume generation

Generating Realistic Synthetic Curricula Vitae for Machine Learning Applications under Differential Privacy (Bruera et al.,
LEGAL 2022)

20241028 | Ishwor Subedi |Candidate Profile Summarization- A RAG Approach with Synthetic Data Generation © sebis


https://aclanthology.org/2022.legal-1.11

Methodology - Retrieval Augmented Generation

Similarity Matching

Query
+

Job
Description

Retreiver Model | «

>
Synthetic Resumes Vector Database
Top- Kresumes
+
Top- Kresumes Job Description
A 4
Candidate 6 satisfies (
the most condition for -
R 3 Pretrained-Model
e given jo
requirements L

Summary

Fig: Resume Summarization and Analysis
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Baseline

e Use of Name Entity Recognition
based parsing to extract resumes
(spacy NER with assisted Skill
classification)

20250428 | Ishwor Subedi |Candidate Profile Summarization- A RAG Approach with Synthetic Data Generation

Applicants

o Name Entity Matc!wing
" |Recognition Model Algorithm
Applicant Resumes
\Z

Top-K Matched
Resumes

Biol, Ivic Jan & Abalorio, Cristopher. (2024). Utilizing Named Entity Recognition for Web-Based Resume Scoring.
International Journal of Engineering Trends and Technology. 72. 381-387. 10.14445/22315381/IJETT-V7217P142.
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Methodology- Retrieval Augmented Generation

e Job description and Resume
encoded with Sentence
transformers

e  Mixtral as pre-trained LLM

e Synthetic Dataset as knowledge
base

e Similarity matching as Retrieval

model

Query
+
Similarity Matching qu .
. Description
o < Retreiver Model | «
Synthetic Resumes Vector Database

Top- K resumes
+

Top- Kresumes Job Description

Y
Candidate 6 satisfies (
the t dition f .
Prem e | - Pretrained-Model
the given job
requirements L
Summary

Fig: Resume Summarization and Analysis
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priority_statement =
The percentage weight indicate how much importance should be given to these section of the resume. Analyse the resumes according to these importance.
Summarize how each resumes fulfills the requirements of thie section and each each summary lacks in that section section. Give score to each section on
how much they satisfy the condition in the job description.

The score for each section should be out of 100. For each resume along with the explaination about how it matches and lacks in each section there should
be final dictionary containing job_title,skills_weight,experience weight, education weight and achievement weight """

PROMPT=""
Given the following job requirements and retrieved resumes, generate a summary based on weighted importance:

Job Details:

{job_description}

- (Weight: {skills_weight}%)

- (Weight: {experience_weight}%)
- (Weight: {education_weight}%)

{priority statement}

Resumes:
{RETREIVED RESUMES}

Provide summary of why each CV matches on how they match job description or what they lack from job description.Keep the summaries very short and to
the point. Write how the resume matches the job description and how it lacks anything that is required in the job description. Finally give the id of the resume
which you think is best suited for the job.

Only perform the task asked nothing else.”




Methodology - Evaluation

Evaluation of Retrieval System
Precision@K : Measures how many of the top K retrieved items are relevant.

- Formula: (# of relevant items in top K) / K
- High Precision@K — Less noise in top results.

Recall@K : Measures how many of the relevant items are found in the top K results.

- Formula: (# of relevant items in top K) / (Total # of relevant items)
- High Recall@K — More complete retrieval.

- Formula: MRR = avg(l / rank of first relevant item)
- High MRR — Relevant items appear early in the list.

Accuracy: Based on given job description, does the retrieved CV matches the job title

MRR (Mean Reciprocal Rank): Averages the inverse rank of the first relevant result across all queries.

20241028 | Ishwor Subedi |Candidate Profile Summarization- A RAG Approach with Synthetic Data Generation

© sebis



Methodology - Evaluation

Evaluation of LLM outputs:

Domain Expert Evaluation
Three domain expert asked to
evaluate the summary based on
following criterias:

o Relevance

o  Completeness

o  Clarity and Conciseness

o  Accuracy

20250428 | Ishwor Subedi |Candidate Profile Summarization- A RAG Approach with Synthetic Data Generation

* Relevance: Evaluator judges whether the summary
highlights the most relevant skills, experience, and
experience.

* Completeness: The domain expert will have to provide a
ranking on whether the summary highlights all the skills,
experience, and education projects or not.

* Clarity and Conciseness: This metric shows whether the
summary is easy to understand and how well structured the
summaries are.

* Accuracy: Evaluator will provide the rating based on
whether the information provided in the summary is factual
compared to the information on the resume
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Results - Synthetic Data Generation (Baseline )

ROUGE, BERT, and 1-Jaccard Similarity Scores Across Roles
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Although
representing high
diversity among the
resumes, the
ROUGE score is
very low
representing no
similarity with real
world resumes.

/
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Results - Synthetic Data Generation (Prompt first Variation)

ROUGE, BERT, and 1-Jaccard Similarity Scores Across Anchor CVs (Prompt 3)
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Higher BERT score
showing synthetic
resumes are closer
semantically,

But a very high
rouge score
represent the
overfitting with the
anchor resumes
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Results - Synthetic Data Generation (Final Variations)

ROUGE, BERT, and 1-Jaccard Similarity Scores Across Anchor CVs (Prompt 4)
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~

Keeping the
BERT score
same from the
previous prompt
the ROUGE
score is more
reduced

A balance
between the
overlap with real
world resumes
and diversity
among the
synthetic
resumes

/
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Results - Comparison NER Baseline vs Retreiver

Method | Top-K | Precision@K | Recall@K | MRR | Accuracy
RAG 3 0.6667 0.6667 0.6500 0.6
NER 3 0.2167 0.2167 0.1833 0.1
RAG 5 0.8333 0.8333 0.6950 0.6
NER 5 0.3167 0.3167 0.2083 0.1
RAG 7 0.9000 0.9000 0.6950 0.6
NER 7 0.3167 0.3167 0.2083 0.1

e

\_

- Overall the RAG retrieval outperforms the NER base retriever
- The precision, recall, MRR and Accuracy increases significantly for NER as we
increase the value of K, but it remains stagnant for NER

20250428 | Ishwor Subedi | Candidate Profile Summarization- A RAG Approach with Synthetic Data Generation




Average Score

Results - Generator (Human Evaluation)

Comparison of Summary Evaluations by Annotators

B Annotator 1
I Annotator 2
I Annotator 3

Relevance Completeness Conciseness Accuracy
Evaluation Criteria

20250428 | Ishwor Subedi |Candidate Profile Summarization- A RAG Approach with Synthetic Data Generation

TUTI

ﬁ

Agreement on relevance\
and conciseness of
summaries

On completeness
dimension annotator 1 is
slightly stringent

On accuracy there is slight
disagreement between
the annotator

Annotator 2 pointed out
instance where LLM
interpreted requirement
of Phd in job description
and Candidate currently
doing Phd. as same
Similarly, Job requirement
stated “Msc. Informatics
and related field” and
LLM didn’t interpret

“Msc. Data Science”
\ related field. oS
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Research Question 1: How to generate synthetic data matching the real-world distribution
of resumes?

- The in-context learning example with example CV performed better than the baseline approach in

e Research Question 2: How to evaluate the quality of synthetic resume data? A

- The quality of synthetic resume dataset evaluating real-world representation and diversity was
evaluated with BERTscore, ROUGE and Jaccard similarity. ( say that these were effective with
human evaluation was used )

- /
2

Research Question 3: Could a RAG-based approach for candidate selection perform better
than the Named Entity Recognition baseline?
. - The RAG-based retriever consistently outperformed the NER-based baseline on all the key metrics

<

Research Question 4: How do we evaluate the RAG-based resume evaluation system?
- could be evaluated with traditional retrieval metrics(Precision@k,Recall@k, Accuracy, and MRR) in
addition to human evaluations. For the human assessment, domain experts examined generated
summaries’ relevance, completeness, clarity, and accuracy

\ /
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-

Limitations

- Only manual prompt engineering and analysis tried
- Models tried limited with resources

\_

-~

Future work

- Expanding the dataset collection to larger set

- Total resume generated : 21 x 7 = 147

- Trying automate prompt engineering methods

- Trying other models as Generators

- Graph-RAG could be implemented in order to make retriever more specific in order to focus on
specific areas

/
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