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Abstract—Modern recruitment requires smarter, faster, and
more inclusive methods to manage the growing volume and
diversity of job applications and candidate resumes. Manual
screening is often ineffective and unreliable especially in low-
resource or multilingual contexts. To address this challenge,
we propose an approach that automates and optimizes key
stages of the recruitment process. This three-stage approach
includes: 1) extracting structured data from resumes using a
robust Named Entity Recognition (NER) system, which comprises
a NER annotator, a feature extractor, and a transition-based
parser; 2) employing a fine-tuned transformer model to perform
semantic matching between candidates and job descriptions;
and 3) leveraging a large language model to generate interview
questions tailored to specific job requirements, thereby improving
the relevance and personalization of candidate assessments. The
recruitment system was tested on a large-scale resume and
job posting dataset across multiple domains. Our NER model
reported an F1-score of 85.11% in entity extraction, and the
matching component reported accuracy levels as high as 92%
when using hierarchical job classes. The results prove the efficacy
of combining deep learning techniques with semantic reasoning
in enhancing automation, accuracy, and fairness in hiring.
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I. INTRODUCTION

With technology advancing rapidly and professional fields
becoming increasingly diverse, companies and recruitment
systems are now confronted with an unprecedented volume of
job applications. Large firms and headhunters process hundreds
of Curriculum Vitae (CVs) each day, with each document
exhibiting unique formatting styles, layouts, and structures.
This variability poses a significant challenge for automated
recruitment systems, which must efficiently extract, organize,
and evaluate candidate information at scale. Named Entity
Recognition (NER), a subtask of Natural Language Processing
(NLP), offers one of the most promising solutions to this
challenge. NER [1], [2], [3], [4], [5], [6], [7], [8], [9] refers
to the process of identifying and classifying named entities in
text into predefined categories including names, organizations,
locations, dates, and other specific terms. NER has shown no-
table success in extracting structured knowledge from unstruc-
tured resume content [10], [11], [12], [13], [14], [15], in the
framework of resume analysis. It helps important components
name, contact information, educational background, profes-
sional experience, technical and soft skills, and certifications to

automatically detect and organize. Another crucial component
of intelligent recruitment is the task of matching candidates
with job descriptions [16], [17], [18], [19], [20], [21], which
aims to automatically align candidate profiles with employer
requirements. The objective is to assess how well a candidate’s
qualifications, background, and skills correspond to the expec-
tations and preferences outlined in job postings. Automating
this matching process can significantly enhance the quality of
candidate selection, reduce time-to-hire, and improve overall
recruitment efficiency. However, this remains a complex and
inherently challenging task. It goes beyond simply identifying
similar keywords or job titles; it requires an understanding of
the semantic context in both resumes and job descriptions.
Terminologies often differ, experiences may only partially
align, and important qualifications may be implied rather
than explicitly stated. As a result, traditional keyword-based
methods are frequently inadequate. To achieve accurate and
meaningful matching, advanced techniques such as language
embeddings, semantic similarity modeling, and context-aware
entity alignment are increasingly being employed. Following
the candidate–job matching phase, companies often need to
conduct personalized evaluations of shortlisted applicants. At
this stage, recruiters must delve deeper into specific aspects of
each profile, which typically involves asking targeted follow-
up questions. However, many organizations lack the time
and resources to manually craft relevant questions for every
candidate. To address this, the automatic generation of entity-
driven interview questions has emerged as a valuable solution
[22]. By leveraging entities extracted from resumes and job
descriptions during the matching phase, the system can gen-
erate tailored questions for each candidate, helping recruiters
verify key information or probe specific skills and experiences.
For example, based on the entity work experience, the system
might generate questions such as: Can you elaborate on your
responsibilities at Company X? or What challenges did you
face during your role as a Data Analyst? Thus enabling a more
focused, consistent, and efficient evaluation process.

To address these challenges, we propose an approach that
automates and optimizes key stages of the recruitment process.
The process begins with the extraction of structured informa-
tion from resumes using a robust Named Entity Recognition
framework, composed of an annotator, a feature extraction,
and a transition-based parser. This is followed by the use
of a fine-tuned transformer-based model to achieve semantic
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alignment between candidate profiles and job descriptions.
Finally, leveraging a large language model to generate in-
terview questions tailored to specific job requirements. This
recruitment process mitigates the limitations of traditional
recruitment workflows by automating resumes parsing, CVs-
job matching, and question generation ultimately reducing
manual effort, improving selection accuracy, and enhancing the
overall efficiency of the recruitment process for both employers
and applicants.

This study is structured as follows generally: Section
II discusses related work, stressing developments in entity
extraction from CVs and other matching techniques applied in
recruitment. Section III covers the preliminaries and details on
the models applied in this work. The suggested framework is
presented in Section IV together with information on extract-
ing important entities, matching between candidates and job
descriptions, and entity-based interview questions. Section V
addresses the experimental results, evaluating the performance
of the framework in relation to current models and so analyzing
its possible influence and performance. Section VI ends the
work by aggregating important contributions and suggests
future avenues of research to improve recruiting automation.

II. RELATED WORK

In the field of CV parsing, many companies process large
volumes of resumes to identify suitable candidates for em-
ployment, making manual analysis increasingly impractical.
As a result, significant progress has been made in Named
Entity Recognition for extracting structured information from
resumes [23], [24], as well as in developing algorithms that
efficiently match candidates with job requirements. Several
approaches have been proposed to tackle these problems. For
instance, Pham et al. [25] proposed a deep learning-based NER
model for resume parsing in their paper “Study of Information
Extraction in Resume”. Their method involves four main
steps: text normalization, rule-based NER, which based on
deep neural networks, and text segmentation. Using a 1,000
manually labeled Vietnamese resume medium-sized dataset,
they extracted entities such as names, addresses, talents, de-
grees, experience, and universities. Zhu et al. [26] proposed
a user behavior-based preference alignment framework for
fine-tuning LLMs to improve job recommendations through
resume completion. To address noise in behavioral data (i.e.,
bias and variance), they introduced a noise-robust LLM align-
ment method named Denoised Direct Preference Optimization
(Denoised DPO), which disentangles genuine user preferences
from noisy data. Specifically, they designed a novel reward
function for preference estimation by combining an LLM-
based component for real user preference with a regression
model for bias disentanglement. In addition, they developed
a Thurstonian-style model for job-seekers’ preference mod-
eling to stabilize data reliability amidst behavior variances.
Extensive offline and online experiments demonstrated the
effectiveness of this approach in enhancing recommendation
quality.

Vanetik and Kogan [27] improved resume-job matching
using semantic similarity by taking the assistance of BERT-
based sentence embeddings. They extracted entities like job
titles, credentials, and skills using SpaCy’s NER component,

and employed keyword extraction using TF-IDF. The integra-
tion of keyword-based methods, BERT embeddings, and NER
formed a solid base for automatic candidate ranking. Bakliwal
et al.[28] addressed the problem of orphan entity resolution
using a knowledge graph-based approach and models such
as BERT and RoBERTa. Their model, via concept mining,
association mining, and NER, detected and contextualized
doubtful resume entries. The inferred knowledge graphs linked
these entities to external knowledge bases, improving con-
textual comprehension and candidate-job matching. Wang et
al. [29] examined the impact of pretrained language models,
including BERT, ERNIE, ERNIE2.0-tiny, and RoBERTa, on
NER performance. By fine-tuning all the models, they eval-
uated the effect of different pretraining strategies on extrac-
tion of entities from unstructured text and offered valuable
information on model selection for NER applications. Tran
et al. [30] proposed a practical solution to occupational skill
identification in Vietnamese job advertisements in a bid to
address the skill mismatch most prevalent in the domestic labor
market. Rather than approach skill detection as a standard
NER task, they approached it as ranking. Identified phrases
were ranked by semantic similarity with context neighbors
without involving extensive annotated datasets or supervised
NER models. Rosenberger et al. [31] introduced CareerBERT,
a deep learning-based model for resume-to-job matching en-
hancement. The model acquires the ability to update and adapt
to dynamic labor market shifts using unstructured resume and
job posting data. CareerBERT integrates ESCO taxonomy and
EURES job posting data into an active and structured job
corpus. The accuracy and validity of recommended jobs are
improved as a consequence. Tyagi et al. [32] countered gen-
dered bias in resume matching systems using word embedding
refinement and improving classification algorithms. Their sys-
tem demonstrates how gendered words, descriptions, and skill
mentions can produce biased representations in resumes that
result in unequal job classification. Using real-world datasets,
they demonstrated high correlation between embedding bias
and occupational gender skewing and proposed debiasing
techniques to decrease the bias. Lastly, Barducci et al. [33]
addressed the problem of resume information extraction in
the Italian labor market by proposing an effective end-to-
end framework. Their system provides a complete candidate
overview, including personal information, skills, and work
experiences. The framework extracts raw data from resumes
and segments them into semantically consistent parts using
linguistic patterns. Each segment is then processed with a NER
algorithm, based on pre-trained language models, to extract the
most relevant information.

Previous studies have demonstrated a wide range of ap-
proaches aimed at addressing entity extraction challenges in
resume parsing and job matching. While substantial progress
has been made such as generating evaluation questions from
resumes, identifying resumes that closely match specific job
descriptions, and aligning job postings with suitable candidates
significant gaps remain. These include the underutilization of
advanced deep learning models, limited integration of semantic
embeddings, and insufficient application of knowledge graphs
for contextual understanding. To address these limitations,
this study proposes a more comprehensive approach to entity
extraction from resumes using a NER-based framework. The
goal is to enable more accurate and context-aware parsing of
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candidate profiles, facilitate scalable and effective matching
between resumes and job descriptions, and automatically gen-
erate relevant interview questions based on extracted entities.

III. PRELIMINARIES

This section provides the necessary background to support
the rest of the study, including named entity recognition, text
embeddings, pre-trained transformer-based models from the
BERT family, and large language models.

A. Named Entity Recognition

Named Entity Recognition [1] is a core task in natural
language processing that involves identifying and classifying
entities in text into predefined categories such as persons,
organizations, locations, dates, and others. NER systems typi-
cally rely on sequence labeling techniques, where each token
is assigned a tag indicating whether it belongs to an entity
and what type it represents. NER is widely applied in various
real-world scenarios, including information extraction from
unstructured text, question answering, content classification,
knowledge graph construction, and automated resume analysis.
In the recruitment domain, for example, NER is essential
for extracting structured information from resumes and job
descriptions, such as candidate names, educational qualifica-
tions, professional experience, and specific skills. Modern NER
approaches leverage contextual embeddings and transformer-
based architectures to achieve high accuracy and robustness,
particularly in domain-specific or noisy text environments.

B. Embeddings

Embeddings are numerical models of unprocessed data
text or category values, for example into continuous vector
spaces. Basic to deep learning models, reflecting semantic
linkages and similarities between data points unlike traditional
discrete or one-hot representations is not a secret. Mostly
for the preservation of pertinent information, embeddings
convert high-dimensional data into dense, lower-dimensional
representations. This ensures more successful and efficient
application for jobs involving classification, grouping, and
similarity analysis. By grouping semantically or structurally
similar objects closer together in the embedding space, embed-
dings let machine learning algorithms find underlying patterns
in the data and overcome expressly specified constraints.

C. BERT Family

Processing text bidirectionally, the deep learning model
BERT (Bidirectional Encoder Representations from Trans-
formers) [34] considers both left and right contexts concur-
rently. It discovers contextual links between words inside
a sentence by means of Transformer architecture and more
importantly, self-attention methods. For many NLP uses, large
corpus pre-training helps BERT provide highly contextualized
embeddings. In fields including Named Entity Recognition,
it has greatly increased performance, sometimes exceeding
historical benchmarks. By means of fine-tuning, BERT can be
customized to domain-specific tasks even with limited labeled
data.

Under the Masked Language Modeling aim, Bert is trained
whereby the model is taught to forecast random words in a

phrase by masking them. Moreover, next sentence prediction
(NSP) improves sentence-level comprehension. Though more
contemporary models like RoBERTa eliminate the NSP aim,
BERT’s multi-layer Transformer encoders capture deep lan-
guage patterns, making it quite well-suited for NER, infor-
mation extraction, and automated text processing applications.
Dynamic masking eliminates the NSP aim and produces a
superior variant of BERT, RoBERTa, thereby, enhancing the
pretraining process. Unlike BERT’s fixed masking, RoBERTa
exposes the model to a wider diversity of linguistic settings,
as masking patterns vary on the same input across training
epochs. From this, in NER, resulting more solid representa-
tions and better task performance. RoBERTa has shown more
accuracy and efficiency in named entity extraction, however
its architecture is essentially similar BERT.

By means of disentangled attention via DeBERTa
(Decoding-enhanced BERT with disentangled attention), one
obtains important benefits by separating content and spatial
embeddings. While traditional models mix lexical meaning
and spatial information, DeBERTa especially separates these
elements thereby improving the model’s grasp of word order
and sentence structure. This method shows especially good
performance in entity recognition tasks, where exact capture
of subtle dependencies is essential. DeBERTa also features
a new decoding technique designed to raise token prediction
accuracy.

More recently, CamemBERT a multilingual BERT-based
model tailored for the labor market domain, has shown strong
performance in skill and occupation extraction tasks. It is
trained using job-related taxonomies and multilingual job
corpora to enhance cross-lingual generalization and semantic
understanding in employment-related text. By specializing in
the semantics of job postings and CVs, CamemBERT proves
particularly effective for both skill detection and entity recog-
nition in multilingual or non-standard CV formats.

D. Large Language Models

LLMs are advanced neural network architectures trained
on massive text corpora to understand and generate human-
like language. Built primarily on transformer architectures,
LLMs utilize self-attention mechanisms to model complex
linguistic patterns, enabling them to perform a wide range
of natural language processing tasks such as summarization,
translation, question answering, and dialogue generation. Their
ability to generate contextually relevant and coherent responses
makes them suitable for integration into applications requiring
intelligent language understanding and generation. Notable
examples of LLMs include Google Gemini developed by
Google DeepMind for advanced language understanding and
generation, and Meta’s LLaMA (Large Language Model Meta
AI) designed as an efficient, open-weight model for research
and practical applications. These models represent key mile-
stones in the evolution of generative AI and have significantly
contributed to progress across a variety of domains.

IV. PROPOSED APPROACH

This section describes the method adopted to enhance
and automate the recruitment process. The approach leverages
NER for entity extraction, candidate–job matching, and entity-
based question generation.
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Fig. 1. Overview of the proposed NER pipeline architecture.

A. NER-Based Entity Extraction

The structure of the NER entity extraction model is il-
lustrated in Fig. 1. This framework is composed of five key
modules: data collection, preprocessing, feature extraction, and
the transition-based parser. To effectively leverage these com-
ponents for feature learning and entity recognition, the process
begins with model representation. This involves collecting a
dataset of resumes in various formats and converting them
into machine-readable text. The preprocessing stage consists
of two essential tasks: Named Entity Recognition annotation
and tokenization. Following that, a pre-trained transformer
model processes the tokens to generate contextual embeddings
that capture semantic relationships between words. Finally,
the transition-based parser applies a sequence of learned tran-
sitions to progressively predict entity boundaries and assign
labels, enabling the extraction of structured entities from
unstructured resume text.

1) Data preprocessing: From multiple sources including a
broad spectrum of companies, job vacancies, and skill levels
we assembled a diversified collection of resumes in PDF and
Word formats. These resumes are written in English and follow
a consistent structure, enabling uniform data representation.
We denote the dataset as D = {d1, d2, . . . , dn}, where D
represents the collection of n resumes, and each di is a
raw document. For more details about the dataset, refer to
Section V.

Each document di in the dataset is first manually or semi-
automatically annotated with named entities directly on the
raw text. These annotations are created as labeled character
spans and stored as triplets: Ai = {(sk, ek, lk)}. Here, sk and
ek denote the character-level start and end offsets of an entity,
and lk is the corresponding entity label (e.g., AGE, SKILLS).

After annotation, the raw text is passed through spaCy’s
rule-based tokenizer, which segments it into a sequence of
tokens: Ti = {ti1, ti2, . . . , tim}. During training, the character-
based entity spans Ai are automatically aligned with the token
boundaries defined in Ti, producing token-level supervision for
the NER model.

2) Contextual embedding: Once tokenized, the sequence
Ti is passed into a pre-trained transformer model such as
RoBERTa, via the spaCy-transformers integration. This model
generates a contextual embedding for each token:

Ei = Em(Ti) = {ei1, ei2, . . . , eim}, eij ∈ Rd (1)

These contextual embeddings in Eq. (1) encode each token
with rich semantic and syntactic information by leveraging
sentence-level dependencies and multi-head attention mech-
anisms.

3) Transition-based parser: The final step is handled by the
Transition-Based Parser module, which consumes the token
vectors and predicts entity boundaries and labels through a
sequence of learned transitions. At each state s, the model
scores and selects the most probable action as, as shown in
Eq. (2):

as = argmax
a∈A

fscore(σs, a) (2)

where, σs is the parser state, A is the set of possible transi-
tion actions (e.g., BEGIN, CONTINUE, OUT), and fscore is the
internal scoring function (a feed-forward network with maxout
layers). The final labeled spans are stored in doc.ents for
downstream use.

B. Matching

Fig. 2 illustrates the overall architecture of the matching
process between candidates and job descriptions. It consists of
four main components: Input Data, Entity Extraction, Feature
Extraction, and Similarity Matching. The process begins with
unstructured input data, namely job descriptions and candidate
resumes written in French.

In the first step, entities are extracted using a custom NER
model, as detailed in Fig. 1. This model identifies key ele-
ments such as skills, technologies, and job-specific attributes
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Fig. 2. Overview of the matching framework.

from both the job descriptions and the CVs. These extracted
entities are then passed to a feature extraction module, which
employs a pre-trained transformer model to produce contextual
embeddings. Finally, cosine similarity is computed to assess
the semantic alignment between each job description and the
resumes. If the similarity score exceeds a given threshold, the
corresponding CV is considered a potential match.

1) Input: The system takes as input a job description J =
{J1, J2, . . . , Jn} and a set of resumes R = {R1, R2, . . . , Rn},
where each Ji and Ri consists of unstructured text written in
French. The input for each comparison is formally defined
as Input = (Ji, Ri), representing the pairing between a job
description and a candidate resume.

2) Entity extraction: Entities such as skills, technologies,
and job-related information are extracted from both the job
description and the resumes using a Named Entity Recognition
(NER) model F . For each pair, the model is applied as SJi

=
F (Ji) and SRi

= F (Ri), where SJi
denotes the set of entities

extracted from the job description Ji, and SRi
corresponds

to the entities extracted from the i-th resume Ri, for all i ∈
{1, . . . , n}.

3) Feature extraction: The extracted entities are then
passed through a CamemBERT-based transformer model
which serves as the embedding function Em to generate dense
vector representations [see Eq. (3)]:

U = Em(SJi), Vi = Em(SRi) ∀i (3)

where, U ∈ Rd is the embedding vector for the job
description, and Vi ∈ Rd represents the embedding vector for
the i-th resume.

4) Similarity: To measure the alignment between a job de-
scription and a resume, cosine similarity is computed between
their corresponding embeddings, as defined in Eq. (4):

sim(U, Vi) =
U · Vi

∥U∥ · ∥Vi∥
, ∀i (4)

A resume is considered a match if the similarity in Eq. (5)
exceeds a predefined threshold:

sim(U, Vi) ≥ τ (5)

where, τ = 0.5 denotes the similarity threshold.

This similarity-based matching approach between candi-
dates and job descriptions, as formulated in Eq. (5), enables a
more accurate and efficient recruitment process.

C. Entity-Based Question Generation

After a match is confirmed between candidates and job
descriptions, the process triggers a Large Language Model
to generate relevant interview questions. For this task, we
evaluated two LLMs: Google Gemini and Meta’s LLaMA.
While both models are capable of producing grammatically
correct and contextually appropriate questions, Google Gemini
demonstrated superior performance in terms of relevance and
alignment with the extracted entities.

Gemini’s advantages lie in its advanced instruction tuning,
stronger contextual reasoning, and ability to generate coherent
and targeted questions without the need for additional fine-
tuning. On the other hand, LLaMA-based models often require
instruction-tuned variants to achieve comparable results.

Therefore, Google Gemini is preferred in our pipeline due
to its robustness, high-quality output, and ease of integration.

V. EXPERIMENTAL RESULTS AND EVALUATION

We assessed in this work several approaches and models
for entity extraction and matching between candidates and job
descriptions.
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A. Extract Entities

In this subsection, we first introduce the dataset used in the
experiments. We then describe the experimental setup for both
NER-based entity extraction model and the baseline models.
Finally, we present a series of experimental results to validate
the effectiveness of the proposed model.

1) Data description: We performed entity extraction to
improve hiring efficiency in recruitment systems by applying
Named Entity Recognition to the task of parsing and analyzing
resumes. To support this, we compiled a dataset comprising
both structured and semi-structured resume documents. The
dataset, stored in .json format, included a total of 1,000
resumes. Of these, 800 were used for training and 200 for
testing. This 80/20 split was adopted to ensure a reliable
assessment of the model’s ability to generalize to unseen data.

Each resume was annotated with key entities relevant to
recruitment and candidate evaluation. These included: Name,
LinkedIn Link, Location, Degree, College Name, Email Ad-
dress, University Name, Skills and Certifications. These en-
tities were carefully chosen to reflect the most critical infor-
mation recruiters seek during the hiring process. The dataset
covered a broad range of resume formats and writing styles,
thereby improving the robustness and generalization capabili-
ties of the NER models.

2) Implementation setup: We evaluate the proposed entity
extraction method to improve hiring efficiency in recruitment
systems by applying Named Entity Recognition to the dataset
described earlier. This dataset provides a solid foundation for
assessing the performance of various text-based models under
different hyperparameter configurations.

Our model was trained using the hyperparameters in Ta-
ble I. Specifically, we used RoBERTa as our underlying trans-
former for feature extraction due to its superior performance
on language understanding tasks. 0.1 was the dropout rate that
we utilized in order to reduce the probability of overfitting by
randomly eliminating neurons when training. We employed the
Adam optimizer, where learning rates are adapted dynamically
for all parameters, and set the initial learning rate to 5× 10−5

in order to achieve steady and smooth convergence.

TABLE I. SUMMARY OF MODEL HYPERPARAMETERS AND DETAILS

Category Value

Evaluation Metrics F1-Score, Precision, Recall

Feature Extraction RoBERTa

Dropout Rate 0.1

Optimizer Adam

Learning Rate 5 × 10−5

Early Stopping 1600 steps

GPU Allocator PyTorch

Max Steps 20

For monitoring training and preventing overfitting, we
employed early stopping with patience 1600 steps, i.e., training
would be halted if improvement in validation loss was not
observed within that time. Training was conducted for a max-
imum of 20 steps (or epochs), with adequate iterations for the
model to learn without incurring high computational expenses.

Training was conducted in PyTorch with GPU acceleration,
providing efficient use of resources through dynamic memory
allocation and fast batch processing.

For evaluating the performance of the model, we employed
typical NER evaluation metrics: Precision, which provides an
estimate of the accuracy of the entity predictions; Recall,
which provides an estimate of the capability of the model
to capture all entities of interest; and F1-score, the harmonic
mean of recall and precision. These estimates provide an
overall estimate of the capability of the model to correctly
and comprehensively extract entity information from resumes.

3) Model variations: To assess the performance of various
transformer-based architectures for Named Entity Recognition
(NER) in the context of resume entity extraction, experiments
were conducted using three widely adopted pre-trained models:
BERT, DeBERTa, and RoBERTa, each employed as a feature
extractor. All models were fine-tuned under identical training
conditions to ensure a fair comparison. Their performance was
evaluated across multiple entity types using standard evaluation
metrics, including Precision, Recall, and F1-score.

Table II presents the relative performance of the three
models across ten target entity types. All results are listed in
percentages (%) for each measurement. RoBERTa generally
outperformed both BERT and DeBERTa for nearly all cate-
gories, achieving the highest F1-scores in major domains such
as Name, LinkedIn Link, Location, Degree, College Name,
Email Address, University Name, Skills and Certifications, and
also in the overall score for all entities

RoBERTa achieved a combined F1-score of 85.11%, out-
performing DeBERTa (82.94%) and BERT (80.14%). This
improvement is a witness to the enhanced contextual depth
understanding capacity of RoBERTa for resume content. The
model performed strongly in proper categories like Email
Address and Skills, which are central to hiring decision-
making.

While BERT was a decent baseline, it lagged behind in
recall for many entity types, indicating a bias towards missing
relevant entities. DeBERTa had better recall than BERT, espe-
cially in categories such as Email Address and Location, but
was less dependable overall than RoBERTa.

These findings confirm that choice of transformer archi-
tecture exerts a significant impact on the effectiveness of
NER-based resume parsing. Of the models tested, RoBERTa
emerged as the most powerful and most reliable and there-
fore an infinitely feasible option to use in automated hiring
processes.

B. Matching Evaluation

In this part of our analysis, we evaluate the performance
of the candidates–jobs matching component. We begin by
introducing the similarity-based scoring framework used to
quantify the relevance between candidates and recruiters. We
then present a summary of the matching performance, includ-
ing evaluation metrics and comparative analysis.

1) Similarity-based scoring framework: To assess the ef-
fectiveness of our matching system, we use a similarity-based
scoring approach. When a CV or a job description is entered,
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TABLE II. COMPARISON OF OUR NER RESULTS ON RESUMES (%)

Feature Extraction

Entities BERT DeBERTa RoBERTa

F1-Score Precision Recall F1-Score Precision Recall F1-Score Precision Recall

All Entities 80.14 80.43 81.91 82.94 83.61 83.37 85.11 85.24 86.47
Name 79.09 79.34 80.57 81.65 83.86 79.66 85.20 85.06 87.56
LinkedIn Link 78.95 79.31 79.33 77.52 83.95 71.73 84.75 84.71 87.79
Location 79.24 78.17 80.34 81.91 83.14 82.28 84.69 84.86 86.47
Degree 78.49 77.67 79.46 81.44 83.26 80.52 85.28 84.47 87.02
College Name 78.81 78.14 79.50 78.09 83.12 74.83 84.82 84.36 85.88
Email Address 80.37 79.10 81.70 84.85 84.11 85.59 85.54 85.63 87.33
University Name 78.92 77.43 80.46 81.52 83.10 80.00 84.90 85.19 85.78
Skills 80.01 79.89 80.57 84.22 84.94 84.65 85.03 84.94 86.83
Certifications 78.04 76.57 79.58 78.90 83.52 75.60 85.20 84.82 87.08

the system calculates a semantic similarity score between them
using embeddings generated by the CamemBERT model. The
evaluation pipeline is detailed below:

a) Entity embedding for job description and CVs: Let
T denote the job description text and Ci represent the entities
(e.g., skills) extracted from the i-th CV. The embeddings for
both are obtained via the CamemBERT model, as defined in
Eq. (6):

ET = Em(T ), ECi = Em(Entitiesi) (6)

where, T denotes the job description text, Entitiesi rep-
resents the set of extracted skills from the i-th candidate’s
CV, ET is the embedding vector corresponding to the job
description, and ECi refers to the embedding of the entities
extracted from the i-th CV.

b) Similarity computation using cosine metric: The
similarity score KMi between the job description and each
CV is calculated using cosine similarity [Eq. (7)]:

KMi =
ET · ECi

∥ET ∥∥ECi∥
(7)

where, ET · ECi
denotes the dot product between the job

description and the candidate CV embeddings, and ∥ET ∥ and
∥ECi

∥ are the Euclidean norms of the respective embedding
vectors.

c) Score normalization: To ensure consistent scoring
across different inputs, the similarity scores are normalized
using their mean µ and standard deviation σ, as given in
Eq. (8):

µ =
1

n

n∑
i=1

KMi, σ =

√√√√ 1

n

n∑
i=1

(KMi − µ)2 (8)

If σ = 0, it is replaced with σ = 1 to avoid division by
zero. The normalized difference is then computed [Eq. (9)]:

Diffi =
KMi − µ

σ
(9)

d) Rating conversion: The normalized score is mapped
on a 0 to 10 rating scale using the transformation in Eq. (10):

Ratingi = min (10,max (0, 5 + Diffi)) (10)

This ensures that:

• Ratings remain within the range [0, 10].

• Ratings are centered around a neutral baseline of 5.

e) Matching accuracy metric: Finally, the matching
accuracy is computed as the average rating of the top k most
similar CVs, as shown in Eq. (11):

Accuracy =
1

k

k∑
i=1

Ratingi (11)

In our evaluation, k = 5 was used.

2) Summary of matching results: The matching accuracy
was evaluated using the method described in the previous
section (Accuracy Computation Method). The result reflects
the average performance of the top five matched CVs, based
on cosine similarity between job descriptions and resume
embeddings.

The evaluation shows that the CamemBERT-based model
achieves strong performance, with an accuracy of 92%. This
highlights the effectiveness of the proposed semantic matching
pipeline in retrieving relevant candidate profiles from unstruc-
tured textual data.

These findings suggest that the proposed AI-based job
matching system offers accurate candidate recommendations,
efficient processing, and strong potential for deployment in
real-world recruitment workflows.
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VI. CONCLUSION AND FUTURE WORK

In this work, we propose an approach that automates and
optimizes the recruitment process. By combining entity ex-
traction, candidates–jobs matching, and entity-based question
generation, the approach offers a complete solution for stream-
lining the recruitment process. Leveraging natural language
processing techniques and semantic similarity models, the
process reduces manual effort, enhances candidate evaluation,
and increases objectivity in decision making. One major chal-
lenge encountered is the handling of resumes that contain text
embedded in images, often the case with visually designed re-
sumes. This can lead to data loss and the unintended exclusion
of qualified candidates. Addressing this limitation is crucial to
ensure data integrity and maintain the system’s effectiveness
across varied recruitment contexts.

Future work could focus on incorporating OCR (Optical
Character Recognition) technologies or image-to-text conver-
sion models to enable the processing of a broader range of
resume formats. Enhancing the system with real-time feedback
mechanisms, improving its scalability for large-scale hiring
scenarios, and expanding its adaptability across different in-
dustries would further increase its utility. Moreover, integrating
context-aware decision-making and optimizing computational
performance could elevate the overall intelligence and respon-
siveness of the system. These developments would contribute
to building a more resilient and inclusive recruitment solution,
delivering tangible benefits for both organizations and job
seekers.
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