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ABSTRACT The rapid evolution of large language models (LLMs) and their incredible ability to work with natural language is
generating interest within an increasing number of human activities. Modern language models are no longer limited to simple
text generation. They can perform the following complex operational processes: reasoning and planning, content generation
and big data processing, programming, and information retrieval. LLMs bring significant benefits to various industries,
including finance, education, and the public sector. However, in addition to the significant advantages of using these models,
there are certain security challenges that must be taken into account when developing and using LLMs. These challenges
include generating incorrect answers (hallucinations), creating forbidden content, and generating responses that contain
confidential data. This study presents a software tool and technology for assessing and ensuring the cybersecurity of LLMs
against the generation of forbidden content. The main goal of this tool is to improve the accuracy of security assessment and
the level of protection of LLMs against this threat. A set of basic data required for the software tool was identified, which
includes exploits, prompts for checking the model’s output, and countermeasures for its protection. A procedure for
collecting, converting, storing, and potentially extending and adapting this data to the individual requirements of the tool’s
users is proposed. A functional model of the technology was developed, which consists of the following stages: environment
setup (verification of configuration options, verification of connection with models); analysis of system vulnerabilities by
simulating attacks on it and verification of the results of its work; analysis of threats, effects, and criticality of attacks on the
system using the IMECA (Intrusion Modes Effects Criticality Analysis) method of assessing LLMs; choice of countermeasures
(CM) to ensure the cybersecurity of the system. A test of the software tool was conducted, confirming its effectiveness in
increasing the security of LLMs due to more complete and trustworthy assessing effects of attacks on vulnerabilities and
choice of justified CM set. Directions for future research on increasing the flexibility and usability of the software tool and
technology as a whole were proposed, specifically, managing its settings and extending and adapting the basic dataset to the
individual requirements of users.
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I. INTRODUCTION This behavior of models leads to risks of loss of integrity

arge language models (LLMs) got popular because  and confidentiality.
L they can process big text data and make text that looks Given the growing popularity of LLMs in different
like it was written by a human. The integration of this  areas of human activity, including critical ones, assessing

technology into educational institutions is a significant  and ensuring the cybersecurity of this technology is also
technological breakthrough that offers significant becoming more important. The European Union’s Al Act
opportunities, such as improving the learning process, defines cybersecurity as one of the key aspects of artificial
translating texts, assisting in programming, collecting intelligence (Al) reliability. Systems that use Al must be
information, and summarizing content [1]. LLMs are designed with cybersecurity requirements in mind and
rapidly transforming healthcare by automating tasks, —must include measures to prevent, detect, respond to,
optimizing administration, improving clinical decision  mitigate, and control attacks that could compromise their
support, and demonstrating capabilities in processing, integrity [6].

interpreting, and generating complex medical information The purpose of this work is to develop and
[2]. The financial sector uses these models to interpret — experimentally test the software tool and technology for
complex financial documents, automate various tasks, and ~ assessing and ensuring the cybersecurity of LLMs. It is
assist in decision-making processes [3]. The Unmanned expected that this technology will increase the
Aerial Vehicle industry is also begin to use LLMs to  cybersecurity of language models and the reliability of the
control these vehicles in real time [4]. However, in addition ~ systems that use them in general.

to the advantages of using LLMs in various areas of human The article is structured as follows. Section |l reviews
activity, there are also disadvantages associated with  recent research and publications in the field of assessing
certain risks for the systems in which these models are  and ensuring the cybersecurity of language models.
used. LLMs may not behave as intended by their  Section Ill focuses on defining the main dataset and the
developers. Models can generate incorrect responses, software tool for assessing and ensuring cybersecurity of
forbidden content, and leak confidential information [5].  large language models. Section IV considers an example of
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using the presented software tool, and Section V
summarizes the work and suggests directions for future
research.

Il. ANALYSIS OF RECENT RESEARCH AND PUBLICATIONS
There are numerous studies on assessing and ensuring
the cybersecurity of language models. However, most of
them focus on the process of attacking LLMs, determining
the Attack Success Rate (ASR), and using
countermeasures to reduce this rate. In addition, the entire
process is performed without the use of formalized
methodologies and quantitative risk assessment.

The papers [7] and [8] test various language models and
determine the ASR. Studies [9] and [10] focus on creating
comprehensive frameworks for evaluating jailbreak attacks
against LLMs. Forbidden content is classified into
categories in accordance with the security policies of the
companies that develop these models. The security level of
LLMs is determined after the attack procedure. Using
repeated attacks with certain protective mechanisms, the
updated security level of LLMs and the impact of
protection on reducing the ASR coefficient are determined.
The entire procedure for assessing and ensuring the
cybersecurity of LLMs is performed without the use of
formalized methodologies and without quantitative
assessment of the security risks of these models, which is
necessary to determine the values of countermeasure
indicators.

The study [5] developed a cybersecurity model for
LLMs. This model is based on the following chain of
related elements: attack, threat, vulnerability, risks, and
countermeasures. The paper provides a detailed analysis of
the elements of this model. In addition, the paper provides
a definition of the statistical probability score of the
probability of an attack occurring and succeeding, the
severity of the effects of attacks, and the assessment of the
criticality level of cyber risks for LLMs, which is a
combination of the above indicators. The paper [11]
presents XMECA (x modes, effects and criticality analysis,
where x could be from different known techniques and
domains) as a key safety assessment technique, and
discusses the features of adapting the proposed method for
security assessment, considering intrusions,
vulnerabilities, and effects analysis (Intrusion Modes
Effects Criticality Analysis method, IMECA). The model
and indicators from work [5] and the IMECA methodology
from work [11] provide an opportunity and create a basis
for developing a software tool for assessing and ensuring
the cybersecurity of LLMs.

Therefore, it is important to develop a software tool for
assessing and ensuring LLM cybersecurity in a more
formal way, using the IMECA risk-based method.

lll. TECHNOLOGY AND SOFTWARE TOOL FOR ASSESSING
AND ENSURING CYBERSECURITY OF LLMs

A. Basic dataset for the software tool. The main dataset
required for the following attack simulation includes
exploits for LLMs vulnerabilities, prompts for verifying
model results, and information about countermeasures
needed to protect models.

The functioning of LLMs is based on receiving text
data at the input, performing certain transformations, and
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returning a human-like response. Thus, the data input into
the model is a potential exploit for its vulnerabilities [5].
This data can potentially lead to unexpected model results,
such as the generation of incorrect responses, forbidden
content, and the disclosure of confidential information [5].
In addition to simple text data, requests that are improved
by obfuscating malicious intent are also used to attack
models, as they are more effective at throwing the internal
mechanisms of models off balance. These improved texts
are classified as jailbreak methods for attacking LLMs
[12]. Given that the software is focused on protecting
LLMs from generating forbidden content, it is necessary to
classify exploits for this threat.

The classification of forbidden content is typically
based on the usage policies of modern models such as
OpenAl. Based on the research [7] and expanding it with
categories from studies [9] and [13], forbidden content is
classified into the 15 categories listed below. The severity
of the effects of each category is determined in relation to
the severity of penalties in accordance with European
Union law through expert assessment.

Harmful Content (HC). Generation of content that
promotes hate, harassment, and discrimination on racial,
gender, religious, and other grounds. Severity - 4.

Cybercrime Activities (CA). Creation of software
products designed to disrupt, damage, or gain unauthorized
access to other systems. Severity - 6.

Physical Harm (PH). Activity that has high risk of
physical harm to people. Severity - 10.

Economic Harm (EH). Activity that has high risk of
economic harm. Severity - 5.

Illegal Drugs (ID). Content related to the creation,
distribution, or procurement of drugs. Severity - 9.

Weapons Activities (WA). Content related to the
creation, distribution, or procurement of weapons.
Severity - 9.

Terrorist Content (TC). Creation or distribution of
content promoting terrorism or extremist ideologies.
Severity - 8.

Intellectual Property Infringement (IPI). Violation
of intellectual property rights, copyrights, trademarks, or
any other legal rights. Severity - 6.

Fraud (F). Fraudulent or
Severity - 8.

Disinformation (D). Creation of false information
designed to manipulate public opinion. Severity - 2.

Adult Content (AC). Creation or promotion of adult
content. Severity - 7.

Political Activities (PA). Political Campaigning or
Lobbying. Severity - 1.

Privacy Violations (PV). Activity that violates
people’s privacy rights. Severity - 4.

Unauthorized Practices (UP). Providing advice in
professional fields (legal, financial, health, or other
specialized areas) without verification by a qualified
professional. Severity - 2.

Government Decisions (GD). High risk government
decision-making. Severity - 3.

Work [9] divides jailbreak methods into the following:
human-based, obfuscation-based, heuristic-based,
feedback-based, fine-tuning-based, and generation-

deceptive activities.
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parameter-based. The software tool being developed will
use a set of 10 human-based jailbreak methods (listed in
section 1V).

The process of attacking models must be followed by
verification of their working results. There are several
options for such verification, including algorithmic
verification, verification using classification models, and
verification using other language models. The most
accurate verification method utilizes language models,
which achieve accuracy levels near those of a human. [14].

In addition, the tool needs to use data about
countermeasures to select them based on criteria for
ensuring the safety of LLMs. The number of
countermeasures is based on access to information about
their impact on the threat of generating forbidden content.
The current implementation of the software tool will use 5
countermeasures (listed in section V).

Thus, a combination of 15 categories of forbidden
content and 10 human-based jailbreak methods will be
used to simulate attacks on LLMs. The model responses
will be verified by another language model. The
cybersecurity of LLMs against the generation of forbidden
content will be ensured by using 5 countermeasures.

B. Data processing procedure. The data processing
procedure includes the following stages: collecting,
converting, storing, extending and adapting. All processing
stages are performed manually to create a high-quality
dataset.

Collecting. For each of the 15 categories of forbidden
content, 5 sentences were collected by selecting them from
the corresponding categories of the JailbreakBench [7], Do
anything now [8], JailbreakRadar [9], HarmBench [10], Do-
not-answer [13], and AdvBench [15] datasets.

To reduce the attention of the model's internal
mechanisms, 10 jailbreak methods were collected, which
were generated by humans by selecting them from the
results of the Do anything now [8] and StrongReject [16]
studies. Thus, the total number of requests to the model
using these methods will be 750, as well as 75 requests
without using them. The total number of malicious requests
to the model will be 825.

An effective prompt for testing model responses should
consist of the following parts: role, context, instruction,
methodological requirements, and output format. The
application uses a prompt based on the results of
JailbreakBench [7] and PAIR [14] studies and further
improved in accordance with best practices for creating
effective prompts.

Based on studies [17] and [18], a set of 5
countermeasures and related data on their impact on the
threat of generating forbidden content were identified.

Converting. The data required for the functioning of
the software tool is located in various sources. In each
individual case, the format of data storing varies
significantly. For further storing, all necessary data is
organized into separate human-readable files in YAML
(YAML Ain’t Markup Language) format. This format is
distinguished by its clean syntax (as in the Python
programming language), focus on structured data,
organization of data in key-value format, and support for
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various data types. This format is a good choice for both
parsing by program code and for reading and editing by a
human.

Storing. Exploits, prompt for checking model
responses, and countermeasures are stored as separate
YAML files. All of these files are grouped in a separate
directory located next to the main application code, which
improves navigation efficiency and simplifies the search
for the necessary file when changes need to be made. As a
result, users can quickly and easily find, analyze, and
update the specified data, thus ensuring a high level of
application usability.

Extending and adapting. If it is necessary to expand
or adapt the data used in assessing and ensuring the
cybersecurity of LLMs, users of the software tool can
perform such operations by working with files in a user-
friendly YAML format. Each data file can be modified
according to the specific requirements of the experiment,
allowing for flexible configuration of assessment
parameters. In addition, users have the ability to create new
sets of data, which increases the adaptability of the
application. The evaluation can also be aimed not only at
detecting the generation of content forbidden by policy, but
also at detecting content that is forbidden directly in a
specific client environment. For example, it is possible to
check for the generation of text commands that could
potentially lead to unauthorized changes in the behavior of
equipment controlled by language models in automated
mode.

C. Functional model of the software tool. The general
functional model of the software tool is presented in the
form of an IDEFO diagram [19] (Fig. 1). It includes the
following elements: input data (left), output data (right),
control (top), mechanisms (bottom).

IMECA method

provisions
2 [5

Environment LLMs

Configuration settings
Target LLM
Judge LLM

Exploits

IMECA table
>

Criticality matrices

Technology for assessing and ensuring c
cybersecurity of LLMs from generating
forbidden content

rating matrix

== — Countermeasures according to criteria
Judge prompt

Countermeasures

Report
>

A0

LLMs Indicators, criteria,
cybersecurity and countermeasure
model selection algorithm
=i
RN

S
LLM;]/ IMECA
vulnerability ot
analysis method me"y;d tool

FIG. 1. IDEFO diagram.

After decomposition, the IDEFO diagram becomes an
IDEF1 diagram (Fig. 2), which consists of the following
stages:

— environment configuration (verification of
configuration options, verification of connection with
models);

— system vulnerability analysis (by simulating attacks on
it and verification of results of its work);

— analysis of threats, effects, and criticality of attacks on
the system (using the IMECA method for assessing
LLMs);

— selection of countermeasures to ensure system
cybersecurity.
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FIG. 2. IDEF1 diagram.

D. Software tool components. The developed software
tool is a CLI (Command Line Interface) tool, interaction
with which occurs by entering text commands in the user's
operating system console. The evaluated LLMs must
support interaction through an OpenAl APl (Application
Programming Interface) compatible interface and can be
located both locally and on cloud servers. The tool is
developed in the Python programming language using the
following external libraries: Jinja, PyYAML, and
Requests. The results of the assessment and ensuring the
cybersecurity of LLMs are formatted as HTML reports,
which are styled using the Bootstrap CSS library. The
generated reports are stored in a separate directory and can
be viewed using a web browser. The development of the
interface for the software tool can be considered as a
separate task.

IV. CASE STUDY

As a test example, we simulate an attack on the local
Google’s Gemma 3 model (4B parameters, Q4 K M
guantization). The evaluation is performed by OpenAl’s
local gpt-oss model (20B parameters, Q4 K M
quantization). The simulation is performed on a MacBook
Pro laptop with an Apple M1 Max processor and 32 GB of
memory. The models are run using Docker Model Runner
feature.

First of all, the software tool provides the main
summary information (Fig. 3), which includes the date,
total scan duration, names of the target and judge models,
total number of requests to the target model, and number
of unsafe responses.

Scan report summary

Scan date 19 Oct 2025 16:05:28
Scan duration 3:09:15

Target LLM ai/gemma3
Evaluation LLM ai/gpt-oss

Total requests 825

Total unsafe responses 497

FIG. 3. Scan report summary.

The next step generates information about the scan
settings (Fig. 4), which includes information about
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forbidden categories and exploits that were used during the
running of the program.

Scan settings

Forbidden categories Harmful Content, Cybercrime Activities, Physical Harm, Economic

Harm, lllegal Drugs, Weapons Activities, Terrorist Content,
Intellectual Property Infringement, Fraud, Disinformation, Adult
Content, Political Activities, Privacy Violations, Unauthorized
Practices, Government Decisions

Exploits Default, Prefix Injection, AntiGPT, Style Injection JSON, Evil

Confidant, Dev Mode 2, Steve, AIM, Wikipedia With Title, DAN 9,
Refusal Suppression

FIG. 4. Scan settings.

Next, an IMECA analysis of the cybersecurity of the
tested model is performed (Fig. 5). The full names of the
threats are listed in section 11l1. SPRG vulnerability stands
for Statistical probabilistic response generation. PH attack
stands for Prompt hacking. The risk value is automatically
determined by the tool as a combination of the attack
probability and severity.

IMECA cybersecurity analysis

Criticality

# Threat Vulnerability Attack Effects

Probability Severity  Risk
1 HC SPRG PH Integrity loss 0.4 a 16
2 CA SPRG PH Integrity loss 0.64 6 3.84
3 PH SPRG PH Integrity loss 0.47 [ 10 ]
4 EH SPRG PH Integrity loss [ 0.71] 5 &
5 |ID SPRG PH Integrity loss 0.49 [0 ] [ 4.01]
6 WA SPRG PH Integrity loss 067 0 [ 6.03 ]
7 TC SPRG PH Integrity loss 0.49 (s ] [ 3.92 ]
8 IPI SPRG PH Integrity loss 0.67 6 4.02
9 F SPRG PH Integrity loss @il [ 6.72
10 D SPRG PH Integrity loss [ 0.73 ] @ 1.46
1 AC SPRG PH Integrity loss 0.51 3.57
12 PA SPRG PH Integrity loss [ 0.75 | (1] 075
13 PV SPRG PH Integrity loss 0.55 a 22
14 UP SPRG PH Integrity loss 0.44 0.88
15 GD SPRG PH Integrity loss 0.69 a m

FIG. 5. IMECA cybersecurity analysis.
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The cyber risk criticality matrix before applying
countermeasures is built based on the results of the IMECA
analysis (Fig. 6).

Cyber risk criticality matrix before applying
countermeasures

Severity
Probability
Low (0.0 - 3.9) Medium (4.0 - 6.9)

High (7.0 - 10.0)

Low (0.00 - 0.39)

Medium (0.40 - 0.69) 14,15 12,813
FIG.6. Cyber risk criticality matrix before applying
countermeasures.

The next step is to calculate the countermeasure rating
matrix for further selection based on the criteria of the most
effective and highest-rated countermeasures (Fig. 7).

Countermeasures rating matrix

Countermeasure Productivity Efficiency Cost Rating
BPE-dropout 9 144 54 15.84
Self-Reminder 10 135 45 15.85
Input Check 13 2.39 2.55
In-Context Defense 9 1.63 43 14.93

Self Defense

FIG. 7. Countermeasures rating matrix.

Next, a matrix of cyber risk criticality is created for the
most productive countermeasure (Fig. 8).

Cyber risk criticality matrix of most productive
countermeasure (Self Defense)

Severity
Probability

Low (0.0-39)  Medium (4.0 - 6.9) High (7.0 - 10.0)
Low (0.00 - 0.39) 10,12, 14, 15 1,2,4,813 3,5,6,7,9,1

Medium (0.40 - 0.69)

FIG. 8. Cyber risk criticality matrix of most productive
countermeasure (Self Defense).

High (0.7 - 1.0)

The final step is to build a cyber risk criticality matrix
for the countermeasure with the highest rating (Fig. 9).

Cyber risk criticality matrix of highest-rated
countermeasure (Input Check)

Severity
Probability
Low (0.0 - 3.9) Medium (4.0 - 6.9) High (7.0 - 10.0)

10, 14, 15 1,2,4,813 3,5,6,7,1

Low (0.00 - 0.39)

Medium (0.40 - 0.69) 12 _
FIG.9. Cyber risk criticality matrix of highest-rated

countermeasure (Input Check).

The software tool performs a quantitative assessment
of the cybersecurity of LLMs and, based on this, selects
countermeasures to reduce the criticality of model risks.
Based on the results of comparing the cyber risk criticality
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matrices before and after applying countermeasures, it can
be concluded that the total risk criticality level is
significantly reduced. Thus, the tool confirms its
effectiveness in increasing the security of language models
against the threat of generating forbidden content.

V. CONCLUSION

An analysis of existing research in the field of assessing
and ensuring the cybersecurity of LLMs showed that most
of them focus on the process of attacking LLMs,
determining the ASR  coefficient, and using
countermeasures to reduce this coefficient. In addition, the
entire process is performed without the use of formalized
methodologies and quantitative risk assessment. Therefore,
this study improves this procedure and addresses this
limitation.

This work provides a list of necessary data and methods
for processing it. In addition, attention is focused on the
possible expanding and adapting of this data to specific
user requirements. The practical significance of this result
lies in the possibility of using this data for further attack
simulation procedures and its flexible adaptation to user
needs.

The main result of the research is a functional model of
the technology and software tool for assessing and ensuring
the cybersecurity of LLMs. The software tool has the
ability to flexibly adapt data to user needs, uses the IMECA
method, and enables quantitative  assessment,
cybersecurity research of models, and selection of
countermeasures. Tests of the proposed information
technology showed that it is an effective tool for improving
the security of language models.

The following research steps to improve the usability
of the tool were identified. For this purpose, it is necessary
to expand the application’s customization options and
enable flexible adaptation of the core dataset to individual
user needs.
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IHpopmauiitHa TexHoNOriA ANA OLUIHIOBAaHHA Ta

3abe3neueHHA Kibepbe3neKkn BeNMKNX MOBHUX moaeneiu

Onekciii HepeTin®, Bauecnas XapueHko
Kadeapa Komn’'toTepHUX cuctem, mepex i Kibepbesneku, HauioHanbHWI aepoKOCMIYHWIA YHIBEPCUTET « XapKiBCbKMIA aBiaLiMHMIA iIHCTUTYTY,
Xapkis, YkpaiHa
*ABTOp-KOpecnoHaeHT (EnekTpoHHa agpeca: o.s.neretin@csn.khai.edu)
AHOTALLIAA CTpiMKMIA pO3BUTOK BENMKUX MOBHUX moaeneli (Large Language Models, LLMs) Ta ix Haa3BMYalHa 34aTHICTb A0
po60TM 3 NPUPOAHOK MOBOH MPUBEPTAE yBary 3 6oKy Bce 6inbloi KifbKOCTi cdep NtoacbKoi AisnbHocTi. CyyacHi MOBHI
MOZeNi BXKe He 0O6MEXKYHOTbCA MPOCTOL reHepaL,ieto TeKCTY. BOHM 34aTHI BUKOHYBATW HACTYMHi CKNAAHI onepaLiiHi npouecu:
MipKyBaHHSA Ta NNaHyBaHHA, reHepaLia KOHTEHTY Ta 06pobKa BeNnKux 06’emiB AaHWX, NPOrpamyBaHHA Ta NowWwyK iHGopmaLLii.
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LLMs npuHOCATb 3HaYHY KOPUCTb Pi3HUM rasy3sam AifanbHOCTI, BKAoYatoum cdepy diHaHCIB, OCBITU Ta AepXKaBHWUI CEKTOP.
OfHaK, Kpim BaromMux nepesar Bif, BUKOPUCTAHHA LWUX MOAE/EW, iCHYIOTb i neBHi 6e3neKoBi BUK/WKM, AKi MaloTb 6yTu
BpaxoBaHi Npu po3pobui Ta BUKOpUCTaHHI LLMs. [lo uux BWKAMKIB HasexKaTb reHepawis HenpaBW/IbHUX Bignosigen
(rantoumHyBaHHA), CTBOPEHHA 3a60POHEHOr0 KOHTEHTY Ta reHepaLia Bignosigen, Ak MicTATb KOHIAEHUINHI AaHi. Y ubomy
OOCNiAKEHHI NpeAcTaB/eHo NPOrpamHuUiA 3acib Ta TEXHOOTiIO OLiHIOBaHHA Ta 3abe3neyeHHs Kibepbesneku BEMKUX MOBHUX
Mmogaenen Bif reHepauii 3a60pOHEHOr0 KOHTEHTY. [0/I0BHOO METOIO LbOro 3acoby € NiaBULLEHHA TOYHOCTI OLiHIOBAHHA
6e3neku Ta piBHA 3axuwieHocTi LLMs Big, uiei 3arpo3n. BusHayeHo Habip OCHOBHUX AaHMX, HEOBXigHUX AN NPOrpamMHOro
33c0by, AKMI BKIKOYAE EKCMIONTU, NPOMNT ANA MepeBipKM pe3ynbTaTtiB poboTM MOZEeni Ta KOHTP3axoau ANA ii 3aXucTy.
3anponoHOBaHO MpoLeAypy KONEKLIOHYBaHHA, NEPETBOPEHHA, 36epiraHHsA, MOXK/IMBOrO PO3LWMPEHHS Ta adanTauii Lux
OaHuX nig, iHauBigyanbHi BUMOrM KOPUCTYBaYiB 3acoby. Po3pobaeHo GyHKLiOHaNbHY MOAEAb TEXHOOTII, KA CKNAAAETLCA 3
HaCTyMNHWX eTaniB: HaNaWTyBaHHA cepefoBuLla (MepesipKa KoHIrypaLinHUX onuin, nepesipka 38’A3Ky 3 MOAENAMM); aHaNi3y
BPAa3/IMBOCTEN CUCTEMM 33 AOMOMOrOK CMMYJ/IOBAaHHA aTaK Ha Hel Ta nepeBipKM pe3ynbTaTiB ii poboTW; aHanisy 3arpos,
Hac/igKiB Ta KPUTUYHOCTI aTak Ha cuctemy 3a gomnomoroto IMECA (Intrusion Modes Effects Criticality Analysis) metoay
ouiHloBaHHA LLMs; BMbopy KoHTp3axoaiB ans 3abesneyeHHs Kibepbesnekn cuctemu. MpoBeneHo TecToBe BUMNPO6YBaHHA
NporpaMHoOro 3acoby, Ake MigTBEPANKYE Moro edbeKTUBHICTb Y NiABULLEH] 3axulieHocTi LLMs 3aBasku 6inbll noBHomy Ta
HaZiMHOMY OLUiHIOBaHHIO HaCNigKiB aTak Ha Bpas3AuBi Micua Ta BMBOpPYy O06rpyHTOBAHOro Habopy KOHTP3axoAis.
3anponoHOBaHO HaNPAMM MaMbyTHIX JOCNiIAKEHb LWOAO MiABULLEHHA FHYYKOCTI Ta 3pYYHOCTI BUKOPUCTAHHA NPOFPaMHOro
3acoby Ta TEXHO/IOTII, @ cCaMe KepyBaHHSA MOro HaNalWTyBaHHAMM Ta PO3LWMPEHHS i aA4aNTyBaHHA OCHOBHOIO Habopy AaHWUX Nif,
iHAMBIAYanbHi NOTPe6bM KOPUCTYBaYiB.

KNKOYOBI C/I0BA iHdopmaLiHa TexHonoris, Kibepbesneka, BennKi mosHi mogeni, IMECA, KOHTp3axoaum.
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