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Abstract—Early-stage candidate validation is a major bottle-
neck in hiring, because recruiters must reconcile heterogeneous
inputs (resumes, screening answers, code assignments, and lim-
ited public evidence). This paper presents an Al-driven, modular
multi-agent hiring assistant that integrates (i) document and
video preprocessing, (ii) structured candidate profile construc-
tion, (iii) public-data verification, (iv) technical/culture-fit scoring
with explicit risk penalties, and (v) human-in-the-loop validation
via an interactive interface. The pipeline is orchestrated by
an LLM under strict constraints to reduce output variability
and to generate traceable component-level rationales. Candidate
ranking is computed by a configurable aggregation of technical
fit, culture fit, and normalized risk penalties. The system is
evaluated on 64 real applicants for a mid-level Python backend
engineer role, using an experienced recruiter as the reference
baseline and a second, less experienced recruiter for additional
comparison. Alongside precision/recall, we propose an efficiency
metric measuring expected time per qualified candidate. In this
study, the system improves throughput and achieves 1.70 hours
per qualified candidate versus 3.33 hours for the experienced
recruiter, with substantially lower estimated screening cost, while
preserving a human decision-maker as the final authority.

Index Terms—Al-assisted hiring, candidate screening, decision
support systems, large language models (LLMs), multi-agent
systems, multimodal recruitment analytics, explainable scoring,
human-in-the-loop validation, public-data verification, resume
parsing and skill matching.

I. INTRODUCTION

Modern hiring process involves reviewing hundreds of ap-
plications for a single position while trying to follow a consis-
tent, fair, and thorough evaluation process. Even for smaller
companies, thoroughly reading resumes, conducting prelimi-
nary interviews, and checking candidates’ online activity can
easily take several days of a recruiter’s or hiring manager’s
time for each position. At the same time, expectations for
transparency and reduced bias in Al-based hiring tools are
growing. Systems are now expected not only to save time, but
also to maintain the quality of decisions at least as good as that
of experienced humans, and to justify their recommendations
in a way that practitioners can verify.

Most existing automation systems focus on individual steps
in this workflow. Applicant tracking systems (ATS) and com-
mercial resume screening tools use keyword filters or static
machine learning models to rank resumes. Some products han-
dle chatbot-style pre-screening, one-on-one video interviews,
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or social media checks. These tools can be effective in their
respective niches, but they rarely offer a single, multi-modal
view of a candidate based on all the information. As a result,
hiring teams are often forced to combine multiple systems and
manual checks, with limited control over how signals from
different sources are combined and no clear idea of how much
time they are actually saving compared to a thorough human
review.

Our proposed system is based on a specific hiring scenario: a
small, tech-savvy company is looking for a mid-level engineer
with experience in Python backend. In this situation, the most
time-consuming and error-prone part of the hiring process is
filtering and selecting candidates after they have applied. This
step involves basic resume screening, including compliance
with basic technology, a short structured interview, and public
record checks, as well as simple cues from the candidate,
such as fit with corporate culture, tone, professionalism, and
obvious red flags in the environment. Our goal is to automate
this stage of the selection process as much as possible, leaving
the final decision to the hiring manager.

In response to these gaps, we are implementing and studying
an Al-based candidate screening system that intentionally
integrates multiple modalities and stages of reasoning into one
coherent system.

The main research question is pragmatic: how much time
can such a system save compared to manual screening by an
experienced hiring professional, while maintaining comparable
quality of decisions? To investigate this, we evaluate the
system on a real database with 64 candidates for a backend
engineer position. For each candidate, we compare (i) the
system’s performance and processing time with (ii) the scores
and time spent by a human with more than 5 years of
experience in recruitment. We focus on two main outcomes:
processing time per candidate and the consistency between the
system’s recommendations and the human expert’s decisions,
e.g., to reject or move on to a technical interview. Beyond this
main question, the paper makes the following contribution:

1) Integrated multimodal design. We present a specific

architecture for a web-based multimodal hiring assistant
that combines resume analysis, semantic skill match-
ing, red flag detection, public profile verification, and
basic video analysis into a single pipeline driven by a



large language model. The system is configurable and
designed to be used by a technically competent hiring
manager rather than a specialized data analytics team.

2) Time and quality evaluation protocol. We propose an
evaluation scheme to compare Al-assisted candidate
screening with human baselines that clearly captures
both selection time and quality of the decision.

3) Insights on design and interpretability. Drawing on the
system’s implementation and pilot deployment, we dis-
cuss practical design decisions that help make Al rec-
ommendations more transparent and easier to override
by humans.

4) Ethical and regulatory framework for screening based
on public data. We describe how an Al-based validation
system can use publicly available data while taking
into account issues of privacy, bias, and regulatory
requirements. In particular, we position the system as
a decision support tool rather than an autonomous
decision-maker, and highlight open issues regarding bias
auditing, candidate consent, and explainability that need
to be addressed in future work.

II. RELATED WORK

The idea of automating personnel hiring processes is not
new. As early as 1983, Dave Bartram [I] proposed the
MICROPAT automated system for the automated selection of
aviation pilots. It was a rule-based personnel selection system
that predated ATS. For Large Language Models (LLM), the
trajectory effectively began with BERT: in 2019, one of the
early papers to frame hiring tasks using transformer-based
language models is work by Bhatia et al. [2]], which proposed a
system that structured resumes, parsed the document, and used
a BERT classifier to normalize non-standard text fragments.
Since then, both the capabilities of such approaches and the
breadth of the related research have expanded substantially.

A. Communications module

The most standard component of hiring-process automation
is communication with people. According to recent work by
Wauttke et al. [3]], in controlled experiments their LLM-based
interviewer elicited more information from candidates than a
human interviewer (52.39 words on average versus 32.81),
and the ratings for relevance and clarity were higher by 0.3-
0.4 points. On the other hand, this had a strong effect on
respondents’ subjective evaluations: Al interviews were rated
as less interesting (2.5 versus. 3.9) and associated with a
lower willingness to repeat (2.5 versus. 3.6). This suggests
that with careful prompting and improved human-likeness,
it is possible to obtain higher-quality responses and increase
scalability while maintaining respondent experience. In a study
by S. Akram, P. Buono, and R. Lanzilotti [4], the authors also
emphasize that, at the time of the study, chatbots most com-
monly struggled to demonstrate deep understanding, nuance,
cultural sensitivity, and emotional support. However, given
the rapid progress of LLMs and the fact that they are often
evaluated primarily on how natural they sound rather than on

practical utility, it would be valuable to conduct a comparable
follow-up study. In any case, even then the conclusion was
that chatbots are a useful tool for optimizing the process.

B. Resume evaluation

Another task that was automated early on is resume eval-
uation. Initially, ATSs relied on rule-based approaches and
keyword filters. These systems searched for exact matches
of required skills or positions and assigned scores based on
the frequency of the terms. But as models improved, current
capabilities make it possible to move beyond exact wording
and instead use semantic comparison to count candidates who
describe equivalent experience using different terminology. For
example, K. Khelkhal and D. Lanasri [5]] applied heuristics
to identify names, phone numbers, and years of experience,
while for the skills list they applied the all-MiniLM-L6-v2
embedding model, which maps skill phrases into a shared
vector space; they then computed cosine similarity and ag-
gregated the results into a weighted overall score. At the
same time, there are more technically advanced applications.
For example, Lo et al. [6] developed a multi-agent LLM-
based pipeline for resume review, where the key idea is to
decompose the overall process into specialized agents and
to use Retrieval-Augmented Generation (RAG) to incorporate
external knowledge without additional fine-tuning. In this
setup, the authors assessed skills, work experience, educational
background, role alignment, and self-assessment. The resulting
score structure is broadly similar to how human evaluations are
distributed, while the authors provide a qualitative comparison
against a single-LLM baseline and emphasize the benefit
of RAG through a higher Pearson correlation. C. Gan, Q.
Zhang, and T. Mori [[7] investigated the quality of LLMs for
resume assessment. Based on 50 manually annotated resumes,
LLaMA2-13B achieves a ROUGE-1 score of 34.75 in a zero-
shot setting, which increases to 37.30 after fine-tuning. GPT-4
showed a relatively high correlation, such that 11 of the 12
top-rated resumes matched the human assessment, while being
approximately an order of magnitude faster. However, most
existing resume scorers stop at producing a ranked list or a
numeric score. They rarely provide explicit flags for suspicious
career patterns or fine-grained justifications that can be easily
inspected or adjusted by hiring managers.

C. Technical assignment evaluation

This topic is particularly interesting because it has largely
progressed in a different direction. One of the core LLM
use cases is assistance with code generation. Companies
invest substantial effort into improving their models for this
purpose or building specialized models, and there are also
many datasets for evaluating LLM performance. One widely
used benchmark is SWE-bench Verified [8]]. However, in our
context, it is necessary to consider systems that assess code
written specifically by a human, i.e., approaches based on
the LLM-as-a-Judge paradigm. For example, Jiang et al. [9]
examine the capabilities of 26 different models for judging
tasks related to code generation, test generation, and code



repair via pair-wise judging. A total of 5,352 examples were
created using more capable LLMs, and Gemini-2.5-Pro per-
formed best, achieving 82% accuracy. The authors note that
test generation is the most challenging task, and they also
identify positional bias, which reaches up to 14% in some
models. Akyash et al. [10] proposed the StepGrade framework
for automated assessment of programming assignments, where
GPT-4 follows a sequence of reasoning steps via Chain-of-
Thought (CoT) to evaluate code functionality, quality, and
efficiency, and to produce both a score and detailed feedback.
Compared to standard prompting, CoT yields more specific
and actionable recommendations for improving the code. Its
scores are generally closer to human ratings, as reflected by
lower MAE per category.

D. Visual evaluation

Due to the annual ACM Multimedia (ACM MM) confer-
ence, a substantial number of improvements and new ap-
proaches for multimodal inputs emerge each year. For exam-
ple, at ACM MM 2025 [11] topics such as multimodal senti-
ment, emotion and personality analysis, as well as multimedia
verification were covered. As an illustration, within the confer-
ence context, Zhao et al. [[12] presented a framework for esti-
mating a person’s level of depression. Based on Qwen2-Audio
and a self-supervised vision encoder adapted via Parameter-
Efficient Fine-Tuning (PEFT), the system achieves 0.825 F1
on the DAIC-WoZ test set, outperforming prior multimodal
and unimodal analysis approaches. Regarding the assessment
related to a specific interview, Laukaitis et al. [[13] propose
the FAIR-VID framework for evaluating applicant statements
(documents, completed forms, and video interviews), with
an emphasis on transparency, human-in-the-loop operation,
and an explicit note that the approach may be applicable to
recruiting workflows. The system uses Gemma 3 27B as the
multimodal model in a zero-shot setting and LayoutLMv3
Base as a layout-aware transformer operating over OCR-
derived inputs. For video, language descriptions are generated
for each frame, along with a JSON file containing predefined
fields about the applicant and the surrounding context. The
system performs offer prediction using the completed form
and document, achieving 85% precision and 82% recall, while
the additional use of video materials increased both metrics by
6 percentage points.

E. Answer evaluation

Answer assessment is a fairly common task where LLMs
provide substantial support. As a result, recent papers often
address adjacent issues. For example, Rao et al. [14] ex-
amined how GPT-40 and Google Gemini 1.5 Flash evaluate
interview transcripts across different cultural contexts. Even
after swapping demographic attributes such as gender, caste, or
region, a statistically significant difference remained between
scores assigned to residents of India and those assigned to
residents of the United Kingdom, and the authors attribute
this gap to differences in linguistic features. Bergerhoff et al.
[15] studied the correlation between GPT-4 ratings and those

of an assistant professor. The automated assessment module
performed retrieval of relevant fragments from the course
materials and autonomously generated follow-up questions
and clarifications. Based on a survey of 21 students, the
correlation with the examiner’s scores was 92%. In addition,
82% of students reported lower stress, and 61% reported
higher perceived fairness compared to a human examiner. On
the other hand, 90% of respondents believed the system could
be gamed. A slightly different scenario was considered by
Pack et al. [[16]. They investigated the validity and reliability
of a set of LLMs (PaLM 2, Claude 2, GPT-3.5, GPT-4) as
automatic essay scoring systems for English language learners.
Using 119 essays, they performed duplicate model scorings
and compared them to human ratings, finding correlations in
the 60-85% range depending on the model and the scoring
attempt. Interestingly, the OpenAl models showed lower corre-
lation on the second scoring pass than on the first, whereas the
other models exhibited improved similarity to human scores.

E. Public data evaluation

Entity resolution (ER) is a particularly active topic overall,
largely because of the underlying optimization challenges.
Information from the internet can be useful not only in the
candidate selection domain, but in practice the volume of
available data can be overwhelming. Zhang et al. [|17]] propose
using active in-context learning and domain-invariant simi-
larity to improve context selection for LLMs and strengthen
entity matching. The publicly available preview notes that
improvements are observed across different LLMs. Fan et al.
[18] developed the BATCHER framework for batch prompting,
which reduces API costs without degrading quality. Using
GPT-3.5 and GPT-4, their system achieves up to 7x cost
savings while maintaining comparable quality. Munne et al.
[19] addressed the heterogeneity and incompleteness of data
across different knowledge graphs. Their ProLEA framework
proposes the following solution: GPT-4 generates entity pro-
files from attributes, relations, and context, then a BERT-
based embedding module produces a shortlist of candidates
using similarity and finally, GPT-4 performs re-ranking, ap-
plies a threshold to resolve conflicts, and provides feedback
to improve the embedding model. Across multiple datasets,
the approach reaches over 96% quality, although disabling
reasoning substantially reduces this performance. Cui et al.
[20] consider the problem from the perspective of verified
misinformation detection, where the LLM not only classifies
content but also reconstructs an evidence trail. Their agent,
built as a multi-tool system, reports improved performance
on three selected datasets (FakeNewsNet, LIAR, and COVID-
19) compared to a baseline GPT-40 (for example, F1 on
FakeNewsNet is 89.3 for the proposed agent versus 84.7 for
standalone GPT-40). Despite their practical appeal, publicly-
based screening is controversial in research and ethics discus-
sions. Concerns include privacy and proportionality, potential
bias and opacity. Given that, our system analyzes data that
is only publicly accessible and primarily uses to verify key
claims rather than to drive the main scoring.



G. Culture fit evaluation

While attractive to practitioners, this area is scientifically
and ethically fraught. Validity of inferred traits is often un-
clear, training data may encode existing biases, and over-
reliance on culture fit raises the risk of homogeneity and
discrimination against candidates with different backgrounds
or communication styles. In Hoffmann et al. [21]], the authors
propose an econometric framework to identify which signals
LLMs implicitly weight, whether scoring logic differs across
demographic groups, and how these patterns can be compared
to human preferences. They find that, in general, the model’s
behavior aligns with intuitive signals derived from similar
information. However, the same attributes may be evaluated
under different rules for different demographic profiles. Kim et
al. [22] examine the halo effect in hiring, where an overall im-
pression shifts ratings across multiple competencies, and show
that a similar phenomenon can also arise in MLLM systems
when they are influenced by irrelevant multimodal context.
Li et al. [23]] evaluate cultural bias driven by the dominance
of English-language corpora in GPT-3.5, contrasting it with
custom CultureLLM models.

H. Integrated multi-modal hiring assistants

There is a growing body of research on integrated, multi-
modal Al hiring assistants. Some recent academic systems
combine modules for resume parsing, semantic matching,
and basic interview analysis into unified pipelines, sometimes
orchestrated via multi-agent LLM frameworks. Industrial
platforms increasingly advertise “end-to-end Al recruiting,”
bundling resume scoring, chatbots, scheduling, and analytics
into a single product.

However, even in this integrated space, several gaps remain:

e Modularity and configurability. Many platforms expose
limited control over how signals from different sources
are weighted or combined. This makes them hard to adapt
to the needs of a small, technically sophisticated company
that wants to tune behavior per role and retain control
over decision logic.

o Transparent reasoning. A substantial portion of existing
systems behave like black boxes, they output scores or
recommendations without exposing intermediate reason-
ing steps.

« Explicit evaluation of time-quality trade-offs. While ven-
dors frequently claim large time savings, there are rela-
tively few detailed, peer-reviewed evaluations that quan-
tify both processing time and agreement with experienced
human recruiters on the same dataset.

Our system sits in this integrated multi-modal category but
aims to address these gaps explicitly. It is conceptually aligned
with these LLM-based approaches but organizes candidate
validation as a deterministic pipeline of interpretable modules
orchestrated by an LLM, exposes configuration in a human-
editable way and is evaluated not only for decision quality but
also for the practical outcome that matters most in our context:
how much time it saves an experienced hiring professional

while maintaining comparable screening quality. This design
emphasizes configurability and transparency for a technically
competent hiring manager, rather than relying on an unclear
end-to-end neural model.

III. METHODOLOGY

The proposed system is a modular, multi-agent pipeline
that initially takes as input a candidate’s resume, a technical
assignment, and answers to questions provided in either text
or video format, and then performs step-by-step processing.
A schematic overview is shown in First, the inputs
are collected and harmonized into a Markdown representation.
Next, the context-construction module uses an agent to infer
the candidate’s context in terms of skills and culture and
compares it against the job description and the company’s
values. All available information is then consolidated within
the public-data analysis module, which reviews all permissible
information about the candidate, verifies it, and checks it
for consistency. This enables a comprehensive view of the
candidate’s profile and helps identify missing points, which are
subsequently addressed by a dedicated communications mod-
ule that requests specific clarifications, questions or links. The
resulting context is aggregated and passed to the next agent,
which assesses the candidate’s skills and overall fit with the
company’s requirements by computing a corresponding score.
All candidates are then assembled into a ranking using custom
weights for each candidate aspect, together with a detailed
report, and the top 10 candidates selected by the system are
forwarded to the recruiter for validation. With a report that
transparently explains any score reductions and highlights the
candidate’s strengths and weaknesses, the recruiter can quickly
review the profile, verify key claims, and make a final decision.

A. Preprocessing

Typically, candidate filtering begins once a company pub-
lishes a vacancy on a job-posting platform. This may be
a specialized website (e.g., Indeed) or the company’s own
website. This leads candidates to apply and submit their
resumes, which are ingested by the first preprocessing module.
The core engine is the GPT-40 LLM accessed through the
OpenAl API and constrained by a strict, normalized JSON
schema, which makes it possible to determine what the can-
didate has submitted and what is missing. A large share of
candidates indicate that they want to work but forget to submit
even a resume, so an automated agent will communicate
politely with the candidate until it receives the resume, the
technical assignment solution files (depending on the role),
and answers to a short set of behavioral questions, which
are also defined depending on the role. Video responses are
preferred, but based on our experience, on average 4 out of
5 candidates ultimately do not submit a video. Therefore, we
allow text responses, while warning that the candidate’s score
will be slightly reduced. Next, file processing is performed:
for resumes, information is extracted using PaddleOCR for
optical character recognition, which prevents prompt-injection
via hidden instructions embedded in the resume. For the
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technical assignment, depending on the task, an efficiency
score is computed that accounts for speed and quality on
dedicated test sets with diverse edge cases, along with an
LLM-based assessment under predefined parameters of the
codebase characteristics (format consistency, type checking,
complexity, duplication, presence of tests, etc.), quality evalu-
ation, and risks related to security and code copying. For video
analysis, the ffmpeg library is used to sample 1 frame every 5
seconds and to extract the audio track. Images are described by
GPT-40 Vision to provide an overall assessment of candidate
professionalism using explicitly defined characteristics, such
as acceptable attire, non-excessive makeup, the face being vis-
ible on video, and clearly inappropriate or concerning symbols
in the background. Our system adopts a conservative stance
on video analysis, rather than attempting to infer personality
traits or deep psychological characteristics, it uses video inputs
to verify that the candidate is the same person across docu-
ments and profiles, capture obvious visual/contextual issues
and enrich the qualitative understanding of communication
style. The candidate’s photo from the resume (if available)
is also provided to the same model to check similarity and to
complement the professionalism assessment. For transcription,
the OpenAl Whisper speech-to-text model is used. All of these
outputs, converted into textual descriptions, are harmonized
and transformed into Markdown using the Docling library.

B. Initial Context

All data are then passed to the base-context generation
module. Using the job description and company information,
a GPT-4o-based agent, constrained by a strict normalized
JSON schema, is enforced to extract the candidate’s personal
data, including education, employment history, skills, projects,
technologies, languages, achievements, and related attributes,
capturing useful information not only from the corresponding
resume sections but also across the materials as a whole.
Skills are normalized via an alias map and, when needed,
are expanded through a graph or ontology. Through careful
prompting, a low temperature setting, and a JSON-only con-
figuration, we obtained stable initial candidate profiles with
minimal variability.

C. Context Augmentation

The next GPT-40 agent uses Model Context Protocol (MCP)
tooling and the APIs of specific services to access the inter-
net and to retrieve and analyze candidate information from
LinkedIn, GitHub, and other social platforms such as Meta,
Instagram, WhatsApp, Viber, Telegram, and X, as well as
to search for broader public traces with additional use of
DuckDuckGo. For the accounts that are identified, the agent
collects and validates available information about employment,
skills, and other relevant details to confirm that the biography
is consistent, minimizing the risk of linking to incorrect
accounts while increasing the evidentiary threshold for key
facts. The collected data are then used for a consistency check:
extracting similarities, discrepancies, and red flags, including
indicators of deception, calls to terrorism, or manifestations

of toxicity. If the agent has substantial uncertainty and such
links are not provided in the resume, it contacts the candidate
through the communications module and requests the addi-
tional information. As a result, a complete candidate profile is
produced, which also accounts for the candidate’s credibility
and online presence.

D. LLM Analysis

The next GPT-40-based agent uses the full candidate pro-
file for evaluation. First, Named Entity Recognition (NER)
is applied to extract all explicit mentions of technologies
and relevant attributes. Next, Entity Disambiguation (ED)
resolves ambiguities by separating specific entity mentions
from background context - for example, “react,” which may
be used either as a verb or as a framework. Each entity is
then mapped via Named Entity Linking (NEL), producing
a structured representation that connects each entity to the
skills list, achievements, attributes, and related categories. This
makes it possible to distinguish general candidate statements
from supporting evidence with an associated confidence level.
This structure is then used for evaluation that combines
semantic matching with LLM-based matching, including evi-
dence scoring based on direct experience, projects, answers
to questions, and GitHub activity. A separate depth check
is also performed to identify indicators of genuine under-
standing, such as awareness of limitations, common pitfalls,
metrics, and trade-offs. In addition, the agent searches for
predefined negative indicators, including vague phrasing, date
inconsistencies, long employment gaps, multiple concurrent
jobs, signs of Al-generated content, incomplete profiles, and
a lack of publicly available supporting evidence. All of these
steps are implemented using GPT-40 with a strict normalized
JSON configuration and a multi-step prompting sequence to
ensure comprehensive use of the available context. The module
outputs are aggregated into a compact set of interpretable
scores with explanations for technical fit, culture fit, and
risks. Technical fit reflects how well the candidate matches
the project and role requirements, while culture fit evaluates
not only similarity but also the candidate’s general tendencies
in problem-solving, collaboration, communication, leadership
signals, and initiative across seven predefined categories (work
style, collaboration, communication, growth mindset, own-
ership, innovation, and a values list) according to the text
description of the company and project values. The goal is
not to predict personality in a psychometric sense, but to help
the hiring manager quickly see whether there is any observable
support in the candidate’s materials for the values the company
claims to care about.

E. Candidates ranking

The technical fit and culture fit scores are already aggregated
indicators of a candidate’s similarity to the role, as determined
by the previous module. All risk penalties are reformatted onto
a 0-1 scale. Accordingly, the formula for computing a single
numeric score is:

Slotal = ﬁ ' Ttech + (1 - ﬂ) : Tculture - R7 (1)



where Sy 1S the final numeric candidate score used for rank-
ing (higher is better), Tiecn € [0,1] is the aggregated technical
fit score produced by the previous module, Teyre € [0, 1]
is the aggregated culture fit score produced by the previous
module, R € [0, 1] is the aggregated risk penalty normalized
to a 0-1 scale (higher values correspond to higher risk and
therefore a stronger reduction of the final score), and 8 € [0, 1]
is a weighting coefficient that controls the trade-off between
technical and cultural fit (5 — 1 emphasizes Tien, while 8 —
0 emphasizes Tiyre). The module also generates a concise
report outlining each candidate’s strengths and weaknesses, as
well as the reasons for any score reductions. The profiles of
the 10 candidates with the highest scores are forwarded to the
next stage for validation.

F. Human-in-the-loop validation

A professional recruiter, using the reports via a Gradio
interface, can efficiently review candidates, verify claims, and
make a final decision for each one. The human reviewer
can also request the next batch of candidates and provide
feedback. Claude Code powered by Opus 4.5 has access to
the full repository and detailed documentation, which enables
rapid incorporation of feedback and immediate verification of
correctness using a broad test suite.

IV. EXPERIMENTAL RESULTS

Our Al-driven candidate validation system is implemented
in Python and relies on open-source libraries for data pre-
processing and orchestration. Document harmonization into
Markdown is performed with Docling; video preprocessing
uses ffmpeg for frame sampling and audio extraction; and
PaddleOCR is used to parse text from scanned PDFs, serving
also as an additional safeguard against hidden-instruction
prompt injection. The human-in-the-loop validation interface
is implemented in Gradio. The LLM and speech-to-text com-
ponents are integrated via the OpenAl API (GPT-4o, text-
embedding-3-small, Whisper), with critical stages - structured
extraction, NER/ED/NEL, evidence scoring, and final aggre-
gation - executed in a strict JSON-only mode with a controlled
multi-step prompting sequence to minimize output variability.
For context augmentation, the system accesses public sources
through MCP-based tools and performs additional search via
DuckDuckGo. The pipeline runs on hardware equipped with
an Nvidia GeForce RTX 3050, enabling efficient end-to-
end processing. When local deployment is required under
stricter privacy constraints, the system can be adapted to local
LLM runtimes such as Ollama while preserving the overall
architecture.

A. Dataset

We evaluated the system on a dataset of 64 resumes of
middle-level Python backend engineers. The dataset was in-
dependently reviewed by two human baselines: a professional
recruiter with more than five years of experience and a
recruiter with approximately one year of experience. Each
recruiter marked the candidates whom they would advance to

a technical interview for this role. Using the decisions of the
more experienced recruiter as a reference, we can examine how
well the system reproduces the boundary between candidates
who are considered strong enough to proceed to a technical
interview and those who should be filtered out at the validation
stage, and we can also compare its suggestions with the
choices made by the less experienced recruiter. At the same
time, it is important to acknowledge that this design inherits
any biases present in the recruiters’ judgments, and that the
labels reflect decisions for a specific position and seniority
level rather than a universal ground truth.

B. Evaluation metrics

For evaluating the candidate validation system we treat the
decisions of the more experienced recruiter as the reference
classification and compute precision and recall of the system
with respect to this reference. To capture both the speed of
operation and the implicit cost of false positives and false
negatives, we propose an aggregate efficiency metric based
on the expected time spent per genuinely suitable candidate.
Formally, we define

Ts‘cr
qR

Ttech
P )

Tavg = (2)
where T, denotes the average total time required to validate
and technically interview one truly suitable candidate, Ty, is
the average time in hours needed to screen a single candidate
at the validation stage, Ticcp, is the average duration in hours
of one technical interview, R is the recall of the system with
respect to the professional recruiter, P is the corresponding
precision and ¢ captures the base rate of suitable candidates
in the applicant pool. When P = 1 and R = 1, the expression

reduces to
Tscr

Tavg = + thcha (3)
which corresponds to spending required number of screening
passes and only one technical interview per good candidate.
Lower recall increases the first term and reflects the fact
that more candidates must be screened to identify the same
number of good ones; lower precision increases the second
term and reflects additional technical interviews spent on
candidates who ultimately turn out not to be suitable. In this
way T, approximates the average time cost of obtaining one
good candidate and discourages strategies in which a recruiter
or system quickly passes a large fraction of applicants to
technical interview, thereby shifting the burden onto technical
specialists. If desired, the metric can be extended with weights
to reflect different monetary or opportunity costs of recruiter
and engineer time, for example

w 71% T T h
Ta(vg) = wscrqilc% + wtech%a 4

where wge, and wyecn are positive coefficients that encode the
relative importance or cost of time spent at the screening and
technical-interview stages.



TABLE 1
CONFUSION MATRIX FOR THE LESS EXPERIENCED RECRUITER AGAINST
THE PROFESSIONAL RECRUITER (PROFESSIONAL LABELS AS REFERENCE).

Predicted (Less experienced recruiter)
Qualified (+) Not qualified (-)

Actual (Professional)

Qualified (+) 14 7
Not qualified (-) 3 40
TABLE II

CONFUSION MATRIX FOR THE PROPOSED SYSTEM AGAINST THE
PROFESSIONAL RECRUITER (PROFESSIONAL LABELS AS REFERENCE).

Predicted (System)
Actual (Professional)  Qualified (+)  Not qualified (-)
Qualified (+) 16 5
Not qualified (-) 2 41

C. Performance

To make the error structure explicit, we additionally re-
port confusion matrices against the professional recruiter as
a reference: the less experienced recruiter vs. professional
labels are shown in while the proposed system vs.
professional labels are shown in On average, the
professional recruiter in our company reviews approximately
1.07 candidates per hour and paid approximately $15 per hour,
whereas the less experienced recruiter in our sample processes
about 0.33 candidates per hour with a salary of $8 per hour. A
substantial share of time is spent on candidate communication,
verifying information using public data sources, and repeatedly
switching between processes. In comparison, over the same
period our system processes approximately 3.28 candidates.
Taking into account the observed precision and recall metrics
and assuming an average technical interview duration of
0.5 hours and approximately one suitable candidate per 3
applicants, the resulting average time cost per truly suitable
candidate, as defined by the efficiency measure in the previous
subsection, is shown in [Fig 2] for both human baselines and
for the system. Under this metric the system achieves an
average of 1.70 hours per good candidate, which is better
than the time spent by a professional recruiter 3.33 hours
and substantially better than the less experienced recruiter.
This outcome is driven by a combination of a relatively low
error rate and a significantly higher validation throughput
compared to individual human screeners. When the financial
aspect is considered, the gap becomes even more pronounced:
in addition to compute, we account for OpenAl API us-
age for GPT-40 text processing ($2.50 per 1M input
and $10.00 per IM output tokens), text-embedding-3-small
embeddings ($0.02 per 1M tokens), Whisper speech-to-text
transcription ($0.006 per minute) and GPT-40 Vision ($0.0028
per one frame with a resolution 1920x1080, since the price
for 1280x720 will be the same). Under this accounting, the
estimated average system processing cost is $2.29 per qualified
candidate versus $50 for an expert recruiter, as shown in [Fig 3
For reference, the cost for a typical recruiter is approximately
$95 per qualified candidate.

Average Time to Review One Qualified Candidate
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Fig. 2. Comparison of average review time per qualified candidate for expert
recruiters, standard recruiters, and the proposed system.
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Fig. 3. Comparison of average review cost per qualified candidate for expert
recruiters, standard recruiters, and the proposed system.

V. DISCUSSION

With the growing maturity of multi-agent architectures, such
systems are increasingly being applied across diverse do-
mains to support complex decision-making processes. In this
context, our system demonstrates a measurable improvement
over less experienced recruiters in the early-stage validation
of candidates. Importantly, it does not only output a single
numeric score but also produces a detailed, modular report
with transparent explanations of each component score. This
interpretability makes the system potentially useful not only
as an automated screener but also as a decision-support tool
for professional recruiters, by accelerating their review of
candidates and providing all available information in a single,
structured view that can then be validated and finalized by
a human. As discussed earlier, the architecture can also be
deployed in a fully local configuration without transmitting
personal data to third parties, which is essential in privacy-
sensitive environments.



A. Conclusion & Future Recommendations

In this work, we proposed a multimodal approach to can-
didate validation that jointly considers resumes, short screen-
ing responses and publicly available information in order to
assess technical skills, culture fit and salient risk factors. The
framework is implemented as a pipeline of five main modules,
which produce not only aggregate numeric scores but also a
fully traceable report with explanations for each component.
By combining standard computational methods with large lan-
guage models, the system is designed to be robust to variations
in wording and formatting and to operate across different
roles without relying on hand-crafted features for a single
vacancy. To evaluate its effectiveness, we tested the system
on real candidates and compared its recommendations and
efficiency against recruiters with different levels of experience.
The results indicate that the proposed approach outperforms
a professional recruiter, highlighting its usefulness as both
an automation mechanism and a scalable Al-based decision-
support solution in hiring contexts.

There remains substantial untapped potential in working
with multimodal candidate data. Incorporating more powerful
foundation models and advanced reasoning methods with
expanded MCP instruments could further improve decision
quality, even if such enhancements may introduce additional
latency. Beyond the validation stage, there is scope for au-
tomating adjacent parts of the pipeline, such as drafting and
publishing job postings, organizing screening interviews, and
generating follow-up questions tailored to individual candi-
dates. At the same time, the present implementation warrants
a more extensive empirical evaluation. Future studies should
consider a larger and more heterogeneous set of resumes,
spanning multiple roles and seniority levels, and compare the
system’s performance against a broader panel of recruiters. To
reduce individual rater bias and enable statistically grounded
conclusions, each candidate should be independently evaluated
at least 5 experienced recruiters, blinded to the system output
and guided by a shared scoring rubric. The aggregated panel
score can then serve as a reference while inter-rater reliability
and paired bootstrap or permutation tests can be used to quan-
tify uncertainty and statistical significance. As with any socio-
technical system, both humans and models introduce biases,
it is therefore necessary to systematically investigate whether
the system treats candidates of different genders, ethnicities
and backgrounds fairly, and to identify where its weaknesses
lie. This also raises the question of how the system evaluates
artificially generated or heavily model-assisted resumes, which
might be systematically advantaged if their style aligns closely
with the evaluation model. Finally, there is an important
ethical question of transparency in deployment: in real hiring
workflows, Al-generated recommendations should be clearly
indicated as such, so that their role in the decision process is
visible and accountable.
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