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Abstract. The study shown in this paper helps the human resource domain elim-
inate the time-consuming recruitment process task. Screening resume is the most
critical and challenging task for human resource personnel. Natural Language Pro-
cessing (NLP) techniques are the computer’s ability to understand spoken/written
language. Now a day’s, online recruitment platform is more vigorous along with
consultancies. A single job opening will get hundreds of applications. To discover
the finest candidate for the position, Human Resource (HR) employees devote
extra time to the candidate selection process. Most of the time, shortlisting the
best fit for the job is time-consuming and finding an apt person is hectic. The
proposed study helps to shortlist the candidates with a better match for the job
based on the skills provided in the resume. As it is an automated process, the can-
didate’s personalized favor and soft skills are not affected by the hiring process.
The Sentence-BERT (SBERT) network is a Siamese and triplet network-based
variant of the Bidirectional Encoder Representations from Transformers (BERT)
architecture, which may generate semantically significant sentence embeddings.
An end-to-end tool for the HR domain, which takes hundreds of resumes along
with required skills for the job as input and provides the better-ranked candidate
fit for the job as output. The SBERT is compared with BERT and proved that it is
superior to BERT.
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1 Introduction

In a business or organization, it is indeed critical to make the proper hiring decisions
for particular positions for Human Resources Manager or Head-hunter [1]. Recruitment
tools like “LinkedIn” and “Monster” search for skills and identify candidates who are
qualified for open positions. The list of resume search resultsmay be lengthy.All resumes
should bemanually reviewed to identify possible applicants. Especially, large companies
like “Google” frequently receive hundreds of thousands of resumes each year for job
applications. As a result, automation is introduced to make the work easy with time-
saving.
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The introduction of NLP simplifies the process of automatic sentence or test recog-
nition from papers or resumes [2]. In general vector, representations have become an
ever-existing entity in the NLP context. Word embedding properties have seen major
developments in the recent past, such as the superposition of word contexts [3], point-
wise linkages to shared data values between related words, and linear substructures [4].
However, locating sentences that are comparable based on context, meaning, subject,
etc. is a problem in naturally occurring language processing, which leads to the issue of
statement integration. The text can be organized, produced, processed, etc., and based
on this, it converts the vectors of the words into a vector representation of the sentence.
In contrast, an embedding definition is a numerical representation of a word, phrase,
sentence, or longer natural language utterance in a particular space. Additionally, word
embeddings distributed semantic vector representations of words have drawn a lot of
interest in recent years and have undergone a lot of changes [5]. The word embed-
dings were developed by analyzing the word distribution among arbitrary text data, and
because they are familiar with word semantics, they are a crucial part of many semantic
similarity algorithms.

Compared to word embeddings, sentences encompass a higher level of informa-
tion: the complete semantics and syntactic declarations of the sentence. The word2vec
model, which is one of the most popular models, employs neural networks to create
word embeddings [6]. Recent transformer-based models’ pre-trained word embeddings
provided cutting-edge outcomes in a variety of NLP tasks, including semantic similarity.
Based on this, modern language models like RoBERTa, BERT [7, 8], and ALBERT use
transformers to traverse the underlying corpus in both directions and create vector rep-
resentations of text data. In 2009, the BERT transformer model outperformed the best
results available for different NLP tasks, including semantic similarity. The BERTmodel
is typically tuned to serve a specific NLP task using labeled training data. Multilingual
BERT is enhanced by the alignment method suggested by Cao et al. [9]. Thus, the BERT
models produce bilingual illustrations of words that consider the word’s context in both
directions.

Performing sentence pair regression, like clustering and semantic search [10], can
be time-consuming with BERT due to the large corpus size. Converting a sentence into
a vector that encodes the semantic meaning of the sentence is one efficient technique
to address this issue. Transformers are the guide to a state-of-art model, and the next
section discusses more works accomplished on the NLP concept.

2 State of Art

As sentence embeddings are more realistic representations of text, recent papers on sen-
tence embedding transformers have focused on the mechanics of recognition. Fast Text
is a model that incorporates a character-based n-gram model in addition to the estab-
lished word embedding techniques Word2Vec and GloVe [11]. This makes it possible
to calculate word embeddings from the vocabulary.

Vaswani et al. [12] suggested the Transformer, a self-attention network, as a rem-
edy for the neural sequence-to-sequence issue. When a self-attention network is used to
visualize a phrase, each word is represented by a scaled sum of all the other words in the
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phrase. Liu et al. [13] used a sentence’s inner attention to show that self-attention pool-
ing existed before self-attention networks. By generalizing scalar attention to vectors,
Cho et al. [14] devised a fine-grained attention approach for neural machine transla-
tion. Natural Language Inference (NLI) and other supervised transfer tasks can help
complex phrase encoders that are often pre-trained like language models. The Universal
Sentence Encoder improves unsupervised learning by training a transformer network on
the Stanford NLI (SNLI) dataset. According to Giorgiet al. [15], the task that sentence
embeddings are trained on greatly influences their quality. The SNLI datasets, according
to Conneau et al. [16], are appropriate for training sentence embeddings.

Therefore, to successfully develop the Chinese Depth Approximation Networking
(DAN) and transformers, Parameswa et al. [17] offer an approach that uses Internet
responses. Naseem et al. [18] fed the static word embeddings GloVe through the deep
neural networks and carried out a controlled neural interpretation operation to obtain the
perspective encoding. TheRemiers et al. [19] ELMomodel is amethod for a deeper sum-
marized description. The internal states of words are used to teach a deep bidirectional
LanguageModel (biLM) that has already been trained on a large text corpus. Pre-trained
language models of the fine-tuning variety have unfrozen pretrained parameters that can
be changed for a new assignment. The text presentation is no longer extracted using this
approach. Two significant tasks were introduced by Devlin et al. [20] in their autoencod-
ing pre-trained language model BERT, a deep bidirectional Transformers model: Mask
Language Model (MLM) and Next Sentence Prediction (NSP). During the tuning stage,
the only activities that deviate from one another are those at the input and output layers.
Dai, Zihang, et al. [21] proposed the Transformer-XL generalized autoregressive pre-
trained language model, which can learn bidirectional contexts by maximizing expected
likelihood across all possible factorization order permutations. Additionally, two groups
of the pre-trained language model can be identified based on the pre-training procedure:
Auto Encoding (AE) and Auto-Regressive (AR). AR language models like ELMo and
XLNet aim to estimate the probability distribution of a text corpus by employing an
autoregressive model. However, AE language models like BERT and its variations like
RoBERTa by Liu, Yinhan, et al. [22] seek to recreate the original data from corrupted
input without resorting to explicit density estimates.

One major problem with BERT-type models is the introduction of fictitious symbols
likeMASK during pretraining, despite their complete absence from the final output text.
The pre-trained model effectively illustrates how words or phrases link to one another
and access various data. Thus, embedding-based key phrase extraction has recently
demonstrated strong performance. Lee et al. [23] suggested a Deep Belief Network
(DBN) to model the hierarchical relationship between key phrase embeddings. It is
simple to distinguish the target document from others using this strategy. Reference
Vector Algorithm (RVA) by Papagiannopoulou et al. [24] is a key phrase extraction
technique that uses local word vectors as a guiding principle, employing an average
of the embeddings trained on distinct files using GloVe as the reference vector for all
candidate phrases. The score used to rank the candidate key phrases is then determined
by calculating how closely the embeddings of each candidate key phrase match those of
the reference vector.



102 V. James et al.

Bennani-Somerset et al. proposed EmbedRank [25] based on the cosine similarity
between the candidate key phrase’s embeddings and the document’s sentence embed-
dings. EmbedRank creates a document representation using the phrase embedding mod-
els Doc2Vec and Sent2Vec. They employ Maximal Marginal Relevance (MMR) to
further broaden the keyword’s applicability. Pre-trained language models, in particu-
lar, BERT, have recently gained popularity and significantly enhanced performance for
several NLP applications. Pre-trained BERT and its variations have mostly proved suc-
cessful in the English language. A language-specific model might be retrained using the
BERT architecture for other languages, or one could employ pre-trained multilingual
BERT-based models.

3 Problem Definition

Identifying a qualified candidate for the job is a complex undertaking. Typically, manual
processes are used in the traditional hiring process. The HR department’s qualified
recruiters and other significant resources are needed for the manual recruitment process.
Businesses sometimes receive a substantial volume of resumes for each job opening,
some of which may not even be suitable for the position. Additionally, these hiring
procedures take a lot of time and effort to discover qualified applicants for open positions.

Therefore, manually selecting the most pertinent applicants from a lengthy list of
potential candidates is difficult. Numerous recent research has focused on the drawbacks
of themanual hiring process.Dealingwith resumes in the advertising of job specifications
and hiring procedures. Selecting people who fit a given job profile is a vital task for most
firms. As online hiring becomes more common, traditional hiring methods become less
successful.

Recruiting the most pertinent multilingual candidates through the manual hiring
process is one of the most critical issues in multilingual job offers and resumes.

The proposed model investigates developing a resume shortlisting and ranking with
Transformers to address the difficulty of selecting the right candidate out of two hundred
resumes. An automated recruiting system is essential to make it easier for job seekers to
access recruitment opportunities and to minimize the amount of human effort involved
in the hiring process.

The main goal is to improve the current resume ranking scheme and make it more
adaptable for both parties.

1. Those who were hired as candidates: Candidates who have recently graduated and
are looking for a job. A significant portion of those applicants is so desperate that
they are willing to work in any position unrelated to their skill set and abilities.

2. The client organization that recruits the applicants: A job recruiter’s objective is to
select the top candidate fromall qualified applicants basedon the JobDescription (JD).
The process takes time for both the individual and the business. With an automatic
resume sorting system, the business may produce the finest candidate list possible
based on the limits and requirements they gave for that particular role. Since the
appropriate person will be hired for the position, this hiring method will benefit both
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the candidate and the organization. Therefore, neither the client firm nor the hired
candidate would have any regrets.

The three objectives of this study are:

1. Collect the resumes as per the defined JD: The resumes are collected by HR from
online job platforms, referrals fromexisting employees, and third-party consultancies.
But getting the exact JD-related resumes are challenging. For this model two hundred
resumes have been collected.

2. Build a custom algorithm to shortlist the resume as per the JD given: The skills are
extracted to a pandas data frame with the help of ResumeParser. The resumematches
will be shortlisted and added to a list based on the JD that HR has provided.

3. Create a ranking algorithm to get the best out of shortlisted resumes: JDs and can-
didates’ skill sets are compared, and the most suitable individual with the necessary
skills is shortlisted. The model is trained using SBERT and BERT model encodings,
and the top N resumes are sorted according to their cosine similarity to sentences and
words, respectively.

4 Proposed Method

Finding the “right” applicant for a position has never been simple. In addition to having
the required training and work experience, a prospective employee typically needs to fit
in with the current team and support the company’s vision. A new dilemma has emerged
with the rise of internet job boards and globalization. Today’s recruiting professionals
frequently need to analyze hundreds of online profiles and resumes only to pick whom
to approach due to how simple it has become to build an online profile and apply to a
position with a few clicks.

It is not surprising that various technology solutions have been offered to aid
recruiters in addressing the problem of candidate screening because automating the
shortlisting of candidates can lead to lower costs and higher recruiter productivity. To
rank the resume successfully, an efficient context test-based embedding is needed. To
achieve textual similarity, transfer-based models like BERT and XLNet are used. In
addition, an efficient pre-trained model is required due to its poor accuracy. SBERT, a
version of the BERT network that can produce semantically significant sentence embed-
dings by combining Siamese and triplet networks, is employed in this way [26]. The
suggested architecture is depicted in Fig. 1.

The number of resumes is the input used in this proposed model methodology to
shortlist the most suitable individuals. ResumeParser is used to extract the required
details of jobseekers, likeName,MobileNumber, EmailAddress, andSkills. Exploratory
Data Analysis (EDA) is used to remove duplicates, locate databases, and predict and
removemissing or null values from text or sentences in resumes. The next step is data pre-
processing. At this step, improper words are eliminated, the text is normalized, and the
words are prepared for further processing with stop words, Stemming, Lemmatization,
and Latent Dirichlet Allocation (LDA). Making vector representations of all words and
documents and collectively embedding them in a common vector space is the first step
in the extraction of relevant skills and expertise. Then SBERT and BERT are used to
create a model.
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Fig. 1. Proposed Model

The produced embedding vectors can be subjected to the Semantic Textual Similar-
ity (STS) task employing metrics such as the Manhattan distance, Cosine similarity, and
Euclidean distance. BERT, Siamese networks, and Pooling layer are the three key prin-
ciples that the SBERT architecture employs. Using a pre-training method called MLM,
which typically masks a portion of the tokens in a sentence and predicts them based
on their context. BERT is a deep bidirectional transformer because MLM predicts that
tokens will approach it from both directions. This is different from traditional left-to-
right models, which only work one way. The JD is then matched with terms described
in skills to get a cosine similarity score that may be used to rank and shortlist candidates
appropriately in the HR field.

5 Modeling

The term “dictionary” refers to a list of distinct words for each category of documents
after the stop words have been eliminated and the words have been stemmed. These
stemmed nonstop words can easily address several fields in a database by adding field
names to them. Both words with several grammatical forms and words with similar
meanings derived from them are handled by an algorithm. Taking all these stages into
account, the techniques employed in the example are:

Step 1: Divide the text into words.
Step 2: Eliminate all punctuation and symbols and, if desired, lowercase all words.
Step 3: Eliminate the stop words.
Step 4: Use the Snowball Stemming Algorithm to stem the words.
Step 5: Add parenthesis to each word before adding the field names (if appropriate).
Two hundred resumes are gathered from various sources as part of the data collection

process. All the necessary features, including Name, Email address, Mobile Number,
and abilities, are retrieved with the aid of ResumeParser.Amodel for BERT and SBERT
is constructed based on the JD following EDA and data preprocessing. The N number of
resumes with the highest ranking is listed using the cosine similarity between the skill
set and required JD. The proposed software design is described in Fig. 2.

SBERT for the STS task permits two steps in the prediction of similarity:
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Step 1: First, using a sentence encoder, obtain sentence embeddings for each
sentence.

Step 2: Next, as the model-predicted similarity SBERT and BERT, compute the
cosine similarity between the two embeddings of the input sentence. SBERT used
the bert-base-nli-mean-tokens model and is compared to the BERT bert-base-uncased
model.

Fig. 2. Software Design

6 Analysis and Results

Sentence embedding that outperforms the Classical Least Squares (CLS) vector is
obtained by the average of the SBERT context embedding’s one or two layers. The
average of the last two layers of SBERT, denoted by last2avg, consistently yields better
results than the average of the last layer of BERT. Since unsupervised learning methods
like topic modeling do not guarantee that their results can be understood, correlation
metrics have gained popularity among text-mining experts.

The degree of semantic similarity among top-ranking terms in each topic is mea-
sured by correlativity. It determines the co-occurrence scores of words in the modeled
documents. As coherence also works with syntactic information with the aid of a slid-
ing window that traverses across the corpus and checks occurrences. The notion behind
coherence calculation is strongly related to embedding representations of text. Different
methods can be used to calculate the correlation. SBERT gives a better solution than
BERT when a comparison of top ten ranked resumes based on JD.

Table 1 shows the consistency and alignment of different sentence embeddingmodels
(BERT and SBERT) and their averaged STS results. Among BERT and SBERT, models
with superior alignment and homogeneity outperform in comparison with the models
which do not have alignment and homogeneity. Scores for each pair of sentences are
calculated by applying the cosine similarity scoring function to the sentence vectors. The
SBERTmethod is used to arrange the sentences tomaximize the sum of their similarities.
The findings of this method show that the SBERT method always performs better than
the BERT method.



106 V. James et al.

Table 1. Coherence value comparison for BERT and SBERT

Data Set Model Correlation value for Similarity

STS1 SBERT 0.42649

BERT 0.194206

STS2 SBERT 0.378602

BERT 0.119996

STS3 SBERT 0.377433

BERT 0.047986

STS4 SBERT 0.374302

BERT 0.156387

STS5 SBERT 0.373682

BERT 0.182748

STS6 SBERT 0.373111

BERT 0.048559

Fig. 3. Performance analysis of SBERT with Coherence

Based on Table 1, the graphical representation is provided in Fig. 3.
Table 1 analysis reveals that the SBERT performs better than the BERT in terms of

correlation. Compared to SBERT, the similarity variation is lower, as depicted in Fig. 3.
Resumes in the STS3 dataset exhibit a relatively low similarity variance. As a result, the
SBERT executes the ideal sentence embedding to rank the candidate’s information with
the JD of the job provider in the minimum similarity variance.
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7 Conclusion and Future Works

The proposed SBERT transformer helps recruiters screen resumes more quickly and
effectively, cutting the cost of hiring. Thus, the company will then have access to a
potential applicant who will be successfully placed in a business that appreciates the
candidate’s skills and competencies. These days, many applicants submit applications
for interviews. Every interview should include a review of resumes. Going through each
resume one by one is not a good idea. It becomes quite difficult for theHR team to narrow
down candidates for the following stage of the hiring process. The SBERT streamlines
the process by summarizing resumes and classifying them by how closely they match
the organization’s necessary skills and requirements.

The proposed method evaluates candidates’ skills and ranks them by the JD and skill
requirements of the employing organization. A summary of their resume is supplied
to provide a fast overview of each candidate’s qualifications. One of the main issues is
when a candidate lists skills forwhich they have no experience because themodel focuses
on the skill set listed on the resume submitted by the candidate. Artificial Intelligence
techniques or any other effective sentence embedding transformers can be used for
further improvement.
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