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TOWARDS A PRACTICAL FRAMEWORK FOR LLMOPS: UNDERSTANDING AND
BUILDING OPERATIONAL EXCELLENCE FOR LARGE LANGUAGE MODELS

Polyakovska N. Towards a Practical Framework for LLMOps: Understanding and Building Operational Excellence
for Large Language Models. Effective life cycle management of large language models (LLMSs) ensures their reliability and
adaptability in production environments. The study's relevance is due to the rapid growth in the use of large language models in
various industries, accompanied by challenges such as high computational requirements, risks of generating false results
(“hallucinations”), and algorithmic bias. It is established that traditional MLOps methods do not provide adequate quality control
and scalability, which requires the development of specialized operational approaches for LLM. The study aims to form an
operational framework for LLMOps that covers all stages of the life cycle of large language models, from data processing to real-
time monitoring and support. The research methods are based on an interdisciplinary analysis of current practices of implementing
large-scale language models, identifying problematic aspects of their use, and developing practical recommendations for effective
system management. The main stages of the operational framework are identified, including data preparation, model development
and deployment, and control of results at the monitoring and support stages. The most critical aspects are integrating multi-level
monitoring, compliance with ethical standards, and introducing automated algorithms to reduce the frequency of false positives.
The study's results confirm that the proposed operational framework increases the reliability of language models in high-load
environments and ensures their adaptation to dynamic changes in the query structure. The use of distributed computing methods,
resource optimization, and post-processing verification helps minimize the risks associated with the performance and accuracy of
model responses. Simulation stress tests are recommended to check the system's stability during peak load periods. Conclusions.
The paper emphasizes the importance of continuously auditing models' operations to ensure their transparency and compliance
with regulatory requirements. Prospects for further research include optimizing retraining processes and implementing energy-
efficient computing resource management methods.

Keywords: LLMOps, large language models, MLOps, operational framework, ethical artificial intelligence, generative Al
life cycle, inference optimization.

HonsikoBebka H.O. Ha muisixy no mpaktuyHoi pamku LLMOps: po3yminHsi Ta ¢opMyBaHHsI omepauiiiHoi
AOCKOHAJIOCTI 1151 BeJINKUX MOBHHUX MojeJeii. EQexTrBHe ynpaBiiHHS )KUTTEBUM IUKJIOM BEIHKUX MOBHHX Mozenei (LLM) e
KJTIOYOBHM aCIeKTOM 3a0e3ledyeHHs iXHbOI HaJidHOCTI Ta agaNTUBHOCTI y BHPOOHHYMX CepelioBHINAX. AKTYalbHICTh
JOCII/UKEHHSI 3YMOBJICHAa CTPIMKMM 3pOCTaHHSIM BHKOPHCTaHHS BEIMKHX MOBHHX MOJENEH Yy PI3HUX raiay3sX, L0
CYIPOBODKYETBCS BHMKJIMKAMH, TAaKAMH SIK BHCOKI OOYHCIIOBaJbHI MNOTpeOHM, PH3MKM TeHepalii XUOHHMX pe3yNbTaTiB
(«raxronnHamniity») Ta arOPUTMIYHA yIIepeKeHicTs. BeTaHoBIeHO, o Tpaauiiitai Metonu MLOps He 3a0e31euyoTh HaJIe)KHOTO
PiBHS KOHTPOIIIO SIKOCTi Ta MacIiTabOBaHOCTI, [0 BIMarae po3poOKH CIemiaTi30BaHuX onepaniiHux miaxonis mit LLM. Meta
nociipkeHHs — popMyBaHHA onepaniiHoi pamku LLMOps, sika OXOIUTIOE BCi €TaIu KXKUTTEBOTO IIUKITY BETMKHX MOBHUX MOJIEIIEH:
BiZl 0OOpOOKH AaHUX IO MOHITOPHHTY Ta MATPUMKH B peaJbHOMY Yaci. MeTou TociiHKeHHS 0a3yI0ThCs Ha MUK IUCIUTUTIHAPHOMY
aHai3i Cy4aCHUX MPAKTUK YIPOBA/UKEHHS BEIMKHX MOBHHX MOJIeJIeH, BUSIBICHHI NPOOIEMHUX acHeKTiB IXHbOr0 BUKOPHCTAHHS
Ta po3poOIli MPaKTHYHUX PEKOMEHIANIN JUis €(EKTUBHOTO YIPaBIiHHS CHCTeMaMHd. BU3HAUue€HO OCHOBHI eTamu omnepariiHoi
paMKH, 30KpeMa IiIroTOBKY AaHHX, PO3POOKY Ta pO3rOpTaHH MOJIENI, a TAKOXX KOHTPOJIb Pe3yIbTaTiB Ha eTarnax MOHITOPUHTY 1
niaTpuMKy. HallOinbI KpUTHYHIME aCTIEKTaMH € iHTerpallist 6araTopiBHEBOr0 MOHITOPHHTY, JOTPUMAaHHS €THYHHUX CTAHJAPTIB i
BIPOBA/DKEHHSI aBTOMAaTHU30BAaHUX AJITOPUTMIB JUISl 3MEHIICHHS YacTOTH NMOMMIKOBHX BiAmNOBineil. Pe3ynbraTé IOCHiKEHHS
MiATBEPKYIOTH, IO 3aPONIOHOBAHA OTIepalliiiHa paMKa MiIBUIIY€E HaIiifHICTh pOOOTH MOBHHX MOJIeNIel y BUCOKOHABAHTAXKEHIX
cepenoBHIIax i 3a0e3meuye IXHIO aJanTallifo 0 AWHAMIYHUX 3MiH y CTPYKTYpi 3anuTiB. BUKOpHUCTaHHA METOJIB PO3MOIIIEHIX
0o04HCIIeHb, ONITHMI3ALlil PECypCiB i TIEPEBIPKU PE3yIbTATiB HA €Tali MOcTOOPOOKH CHpHsie MiHIMI3aIlil pU3UKIB, MMOB’A3aHUX 13
MPOIYKTUBHICTIO Ta TOYHICTIO BiAMOBiAeH Mozemi. PekoMeHIoBaHO BIPOBAIKYBAaTH CUMYIIALINHI CTpPEC-TECTH VIS MEPeBipKH
CTIHKOCTI CHCTEMH IIiji Yac MIiKOBUX IEpioJiB HaBaHTaXXCHHS. BHCHOBKHM. Y poOOTI HAroJONIEHO Ha BaXJIMBOCTI MOCTIHHOTO
ayauty poOOTH Mojenell i 3abe3ledeHHs iXHBOI MPO30POCTi Ta BIAMOBITHOCTI HOPMATHBHHM BHMOTaM. [lepCreKTHBH
MOJAITBIIHX TOCITI/KEHb CTOCYIOTHCS ONTHMI3allii POLIeciB IOBTOPHOTO HABYAHHS 1 YIPOBAHKEHHS METO/IiB eHeproe(eKTHBHOTO
YIPaBIiHHS 00YHCITIOBAIBHUMHU PECYPCaMU.

Kumrouosi ciaoBa: LLMOps, Benuki MoBHI Mozeini, MLOps, onepamniiiHi paMKy, €THYHUH MTYyYHAI IHTENEKT, )KUTTEBAI
kI reHepatuBHoro LI, ontumizanis iHdepeHii.

Problem statement. The problem of practical implementation and operation of large language
models lies in the complexity of managing their life cycle, which includes development, deployment,
monitoring, and support in real time. High computational requirements, high dependence on high-quality
data, and sensitivity to changes in the operating environment characterize these models. Traditional MLOps
practices do not fully meet the specific needs of working with large language models, as such systems
require specialized approaches to assess the relevance of results to user requests, prevent model
"hallucinations,” and ensure ethical compliance. At the same time, using large language models in critical
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areas such as medicine, education, and finance requires the development of a comprehensive operational
framework that covers both technical and ethical aspects.

The scientific significance lies in the creation of an interdisciplinary approach that combines
knowledge from the fields of distributed computing, machine learning, large language models and
cybersecurity. The practical value of such a framework lies in the possibility of scalable and controlled
application of language models to process large amounts of information while minimizing the risks
associated with data privacy violations or algorithmic bias. Developing a practical LLMOps framework
will ensure the effective integration of models into production environments and promote the
implementation of ethical standards of artificial intelligence in real-world use cases.

Analysis of the latest research and publications. The operational management of large language
models (LLM) covers key aspects such as model lifecycle optimization, scalability, quality control, and
ethical challenges associated with generative algorithms.

The development of large language models began with the creation of innovative architectures and
training methods. In particular, A. Vaswani et al. proposed a transformer architecture that replaced recurrent
and convolutional neural networks, providing high performance and parallelism of computation. This
solution significantly increased the speed of processing long text sequences and laid the foundation for
modern LLMs [1].

The next significant step was the study by J. Kaplan et al., who established the dependence of model
performance on the number of parameters and the amount of training data. The conclusions of this work
allowed developers to create large-scale models such as GPT, which demonstrate high efficiency in
generative tasks [2].

A study by T.B. Brown et al. revealed the potential of few-shot learning, which allows models to
achieve high performance with only a few instruction examples. This opens up opportunities for effective
adaptation of models without the need for complete retraining [3].

In turn, L. Ouyang demonstrated the benefits of a reinforcement learning approach based on human
feedback, which provides more accurate and relevant answers. This approach allows models to better
respond to real user requests and reduce the number of false answers [4].

The information security challenges in large-scale systems are highly relevant, especially with the
rise of large language models (LLMs). A study by Yifan Yao et al. emphasized LLMs’ dual role in
enhancing security, including code vulnerability detection, while also posing risks like user-level attacks
and information leakage. Proper security measures and further research are essential to address these
vulnerabilities [5]

Regarding adapting LLM to specific tasks, E.J. Hu proposed the LoRA (Low-Rank Adaptation)
method, which allows for effective fine-tuning of models with minimal computational costs. This technique
greatly facilitates the integration of models into workflows without the need for complete retraining [6].

M. Howard and G. Quattrocchi emphasized the importance of infrastructure automation to support
scalable systems. They explored the benefits of using the Infrastructure-as-Code approach, which simplifies
the management and deployment of large computing systems [7].

F. Zeng's research was devoted to distributed model training. He proposed optimizing data exchange
between cluster nodes to reduce delays and improve system performance when training large models [8].

E. Frantar made a significant contribution to inference optimization by introducing the GPTQ method
for quantized model training. This method can significantly reduce the amount of memory while
maintaining high-generation quality [9].

M. Chen's work was devoted to speeding up inference through the use of optimized computing units.
The proposed approach reduces the query execution time in production environments [10].

Evaluation plays a critical role in the quality control of language models. Y.-T. Lin and Y.-N. Chen
has developed the LLM-Eval metric, which provides a multidimensional assessment of answers' coherence
and actual accuracy. This study demonstrated the need to move from the traditional BLEU and ROUGE
metrics to more comprehensive metrics for generative models [11].

The study by K. Kenthapadi analyzed real-time model monitoring systems that allow for quick
detection of anomalies in LLM performance. The author emphasized the importance of adaptive monitoring
systems to reduce the risk of decreased performance and response quality [12].

In the context of ethical challenges, L. Weidinger et al. have investigated the social risks associated
with algorithmic bias and misinformation that models can generate. The authors emphasize the importance
of developing ethical standards to prevent the harmful effects of LLM [13].
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C. Borchers considered the problem of bias and “hallucinations,” proposing methods of adaptive
fine-tuning and correction of hints to reduce false generations. These approaches minimize the risk of false
answers and increase system user confidence [14].

T. Rebedea developed practical solutions for the security of LLM applications. He introduced the
concept of “guardrails”—Ilimiters that control the output content of models. His research shows that
software guardrails significantly reduce the risks of malicious generation and increase the level of security
[15].

H. Inan described the integration of security modules into systems of user interaction with models.
The authors emphasized the importance of such modules to ensure transparency and minimize the risk of
false answers in critical scenarios [16].

The research analysis shows that significant progress in the fields of LLM and MLOps has created
the prerequisites for the formation of a separate LLMOps field that combines distributed learning, adaptive
tuning, and automated monitoring approaches. The main areas of research include the development of
model architectures, computational optimization, response quality assurance, and minimization of bias and
“hallucinations.”

Highlighting previously unsolved parts of the problem. Despite the development of MLOps,
large language models (LLMSs) have specific needs that remain insufficiently explored. In particular, this
concerns processing large amounts of unstructured data, optimizing distributed computing, and ensuring
speed without losing quality. Monitoring systems without high computational costs have not been
developed to detect delays and "hallucinations™ in real time.

There are also unresolved issues of eliminating algorithmic bias and integrating automatic
adjustments depending on the specifics of queries. Existing solutions are often focused on technical
indicators but do not consider users' needs in different industries.

The proposed operating model covers all stages of the model lifecycle, including multi-level
monitoring, automatic anomaly resolution, and ethical compliance. Practical recommendations for industry
scenarios increase the reliability and scalability of LLMs, facilitating their effective integration into
production environments.

The study aims to create a holistic LLMOps framework for effective life cycle management of
large language models that considers performance, ethics, and compliance with production requirements.

Obijectives of the study:

1. Analyze current approaches to MLOps and identify specific requirements for working with large
language models, focusing on data processing, distributed computing, and building an operational model
that covers all life cycle stages - from data preparation to supporting the model's functioning in real time.

2. Investigate methods for monitoring models in production environments focusing on detecting
delays, accurate model outputs, and ethical compliance, and develop approaches to address critical risks of
LLMs, such as bias and hallucinations, by integrating quality control and performance optimization
mechanisms.

3. Provide practical recommendations for implementing the LLMOps framework in real-world use
cases to ensure models' reliability, scalability, and adaptability in highly loaded environments.

Summary of the primary material. In modern research and practice, MLOps is considered a
comprehensive approach to automating machine learning models' development, deployment, and operation.
However, this approach is insufficient for large-scale language models (LLMs), as they have unique needs
and challenges. One of the main differences is the scale of data processing and the need for distributed
computing. Large language models operate on vast amounts of textual data that must be thoroughly cleaned,
anonymized, and structured. In addition, LLM fine-tuning and inference processes require significant
computational resources, making them unsuitable for standard MLOps approaches without high-
performance clusters and specialized hardware. Accordingly, data processing and infrastructure
management become critical steps in working with LLM (Table 1).

Table 1 — Comparison of traditional MLOps and specific requirements for LLMOps in the context

of data processing and computing resources
Aspect Traditional MLOps Requirements for LLMOps

Data processing Use of structured data sets with basic Working with large volumes of unstructured data that
cleaning and normalization methods requires anonymization, synthetic additions and
classification
Data storage Conventional relational databases or Use vector databases for quick access and search of
standard file systems relevant text fragments
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The need for graphics processing units (GPUs) and
cluster computing to speed up training and reduce latency
Terabytes of text data to customize models and process
user requests

Standard processors (CPUs) for most
stages of training and inference
Limited by the number of parameters
and the number of datasets

Computing resources

Data volumes

Scalability Local computing or small clusters Scalable infrastructure to support distributed learning and
inferences
Tools Use of standard libraries and platforms Using specialized frameworks for LLM optimization,

such as TensorFlow, MLflow such as Hugging Face Transformers
Source: compiled by the author based on [1; 2; 8; 9].

Table 1 illustrates the key differences between traditional MLOps and LLMOps requirements. For
large language models, data processing requires working with large amounts of text, often including
anonymization and synthetic augmentation. Vector databases are used for data storage and faster access to
information. It is also critical to have a high-performance infrastructure to ensure efficient data processing
and support for parallel computing.

The life cycle of large language models (LLMs) covers all stages - from data preparation to real-
time model maintenance and updating. The peculiarity of the LLM life cycle is its iterative nature and
constant dependence on environmental changes. Creating an operational model involves considering such
aspects as processing large volumes of unstructured data, efficient deployment and customization of
models, and regular monitoring and support to ensure that models are adapted to new requests and
conditions. Integrating such approaches avoids performance degradation and improves the accuracy of
model responses while minimizing the risk of bias or "hallucinations." The main stages of the LLM lifecycle
can be represented in the form of an operational model that considers the key tasks at each stage (Fig. 1 or
Table 2, as appropriate).

Table 2 — Main stages of the life cycle of large language models and their key tasks
Life cycle stage Process content Key tasks

Data processing

Data collection, cleaning and anonymization
using structuring algorithms and synthetic
augmentation methods

Formation and maintenance of an up-to-date
dataset that meets the requirements of
confidentiality and relevance

Model development

Fine-tune models or use prompt engineering to
adapt to specific tasks

Optimize model parameters, evaluate
performance using specialized metrics, and
prepare for deployment

Deployment

Integrate the model into the production
environment with a scalable infrastructure

Containerize the model, ensure uninterrupted
operation, and develop scaling strategies

Monitoring

Continuous data collection on model
performance, analysis of performance metrics
and response quality

Detect anomalies, monitor compliance with
ethical standards, evaluate latency and
throughput

Support and updates

Adaptation of the model to new working
conditions, integration of feedback and re-
training

Re-fine-tuning or updating the parameters of the
prompts, integrating new data to improve
accuracy and reliability
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Figure 1. Main stages and components of the proposed LLMOps framework
Source: authors' own development

The proposed operational model for managing the life cycle of large language models (LLMs)
consists of several interrelated stages that form a closed cycle. Such a cyclic structure ensures iterative
processes and continuous improvement of the models in the production environment.

At the data processing stage, a comprehensive data collection, cleaning, and anonymization process
is carried out to form a high-quality training dataset. Particular attention is paid to structuring unstructured
data and applying synthetic augmentation methods to increase the volume and relevance of data without
risking loss of model accuracy.

Model development involves adapting the LLM to specific tasks through fine-tuning or prompt
engineering. This stage involves using optimization techniques such as LoRA or PEFT to reduce
computational costs and improve efficiency. The quality of the model is evaluated using specialized metrics
such as perplexity, answer consistency and query processing speed.

The model is deployed through containerization and integration into the production environment,
considering the needs of scaling and ensuring stability even under high loads. At this stage, ensuring low
latency and continuity of request service is important.

Monitoring the performance and quality of the model is critical for the timely detection of anomalies,
including model “hallucinations” or biased results. For this purpose, modern metrics collection systems and
automated systems for notifying about critical deviations are used. If degradation of results is detected, re-
training or updating of hints can be initiated.

The model maintenance and updating phase involves implementing feedback and using new data to
adapt the model to changing environmental conditions. This may include model re-fitting or integration of
new approaches to data processing and parameter optimization. This ensures that model responses remain
relevant and accurate even in dynamic use cases. Thus, the proposed LLMOps framework demonstrates
not only the structured management of the model's life cycle but also scientifically substantiates the
feasibility of a cyclical organization to ensure sustainability, reliability, and compliance with ethical
standards. Monitoring large language models (LLMSs) in production environments is key to ensuring their
stability, performance, and compliance with ethical standards. Given the scale and complexity of such
models, monitoring goes beyond standard metrics such as accuracy and performance. It includes an
assessment of response latency, error rate, response coherence, and detection of “hallucinations.” Particular
attention is paid to compliance with ethical principles, as LLMs can show biased responses or generate
inaccurate information, potentially creating user risks. Effective model monitoring requires the integration
of automatic notification and feedback analysis systems, which allows for tracking critical deviations and
initiating corrective measures in real-time (Table 3).

Table 3 — Key metrics for monitoring large language models in production environments
[ Monitoring metrics Content of the indicator | Importance for model management |
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Latency of response

Time from receiving a request to
receiving a response from the model

Allows you to assess whether the model
meets performance requirements and
how efficiently the infrastructure is
used

Consistency of the answer

The level of logical integrity and
meaningful sequence of answers

Helps determine whether the model
generates clear and correct texts
without contradictions

User feedback

User-provided ratings, reactions or
qualitative feedback on whether the
response was accurate, useful, or met
their expectations.

Helps evaluate the model's performance
from the user's perspective, measure
satisfaction, and identify areas for
improvement in accuracy, relevance,
and usability.

Percentage of “hallucinations”

Share of responses containing false or
fictitious information

Determines the need for additional
training stages to increase the reliability
of answers

Compliance with ethical standards

Presence of prejudice or discriminatory
statements in the answers

Helps ensure that the model meets
ethical standards and regulatory

requirements
Source: compiled by the author based on [11; 13; 14; 15; 16].

LLM models in production environments are monitored in real time using automated metrics
collection and analysis systems. For example, to assess response latency, tools monitor the speed of request
processing and notify you when the acceptable limits are exceeded. High latency may indicate an overload
of computing resources or the need to use additional GPU clusters. The consistency of the answer is checked
both by automatic algorithms and with the involvement of a human to assess the context and content of
answers in complex queries.

The rate of “hallucinations™ is critical to maintaining user confidence in the system. If the model
regularly generates false or fictitious answers, re-tuning or updating the prompt engineering is triggered to
reduce the error rate. Ethical compliance is monitored by analyzing the content of answers for
discriminatory statements or biases. To prevent violations, mechanisms for automatically blocking certain
answers and regular audits by artificial intelligence experts are implemented.

Eliminating critical risks associated with the operation of large-scale language models (LLMS),
such as bias and the generation of false information (“hallucinations™), is a priority to ensure their reliability
and compliance with ethical standards [13]. One of the key risks is model bias, which arises from
imbalances in the training data or insufficient control over the generation of responses [5]. This factor can
affect both the content of the answers and their context, which poses a potential threat of incorrect
information, especially in sensitive industries such as medicine, education, and law enforcement. Another
significant risk is model “hallucinations” — cases where the model generates confident but false or fictitious
statements that are not based on factual data [4].

To minimize such risks, it is important to implement comprehensive quality control mechanisms
and optimize model performance. The selection and cleaning of training data help reduce the number of
potentially biased or unreliable fragments that affect model performance. When preparing datasets,
classification, and sample balancing methods are used to ensure that different points of view are represented
and that certain categories of data are not dominated. In addition, one of the most effective methods is the
introduction of special filters at the stage of post-processing the results, which allows the model's responses
to be checked for compliance with ethical standards and the absence of potentially dangerous statements
[15].

An important component is monitoring and automatic intervention systems allowing for real-time
deviation detection. In particular, models can be configured to interrupt or block responses beyond the
defined ethical framework or show signs of “hallucination.” Using metrics, such as consistency of answers
and checking for inconsistent statements, allows for maintaining high accuracy and logical integrity of the
generated texts [11]. In addition, integrating models with verified knowledge databases helps narrow the
generation space to factually correct data, reducing the likelihood of false statements. In practice, these
approaches can be implemented as automated response evaluation modules that apply several verification
algorithms to analyze the relevance of model results to current queries and their validity [12]. Such modules
can operate in real time, creating multi-level protection against the impact of inaccurate data or bias risks.
An additional element of control is a regular audit of model results by experts who analyze cases of false
answers and adjust settings to maintain maximum transparency of the process. Implementing these methods
and tools can significantly reduce critical risks and ensure the sustainability of models in various use cases.
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Implementing the LLMOps framework in real-world scenarios should consider the need to adapt to a
dynamic environment and the specifics of application tasks in various industries. One of the key aspects is
to create a scalable implementation strategy with the gradual connection of additional modules and stages
of verification of the system's compliance with the practical needs of users. This involves integrating the
system at a pilot level to test workloads and identify potential problems before launching at full capacity.
In real-world production environments, implementing the framework also involves introducing a system
for regularly collecting feedback from end users to update models in response to specific requests. An
important component is simulation testing, which allows the system to be tested under stressful conditions
to ensure its uninterrupted operation during peak loads. This approach avoids errors in critical situations
and increases the system's reliability. Thus, the implementation of the LLMOps framework becomes an
effective solution for creating systems with a high level of adaptability and scalability. Integrating pilot
testing, personalization, and simulation tests makes it possible to achieve stable operation of language
models in real production environments while minimizing risks.

Conclusions and Prospects for Further Research. The article establishes that effective life cycle
management of large language models (LLMs) requires specialized approaches for data processing, model
tuning, monitoring, and adaptation to environmental changes. The main problems in this context are high
computational resource requirements, the risk of “hallucinations,” and algorithmic bias, which can reduce
the accuracy and credibility of the results. The analysis of practical scenarios confirmed the need to
implement multi-level monitoring and quality control systems that ensure timely detection of errors and
support the stable operation of models.

The main recommendations are to use distributed computing technologies to scale systems,
integrate mechanisms for automated response correction, and comply with ethical standards through regular
audits and inspections. The proposed LLMOps operating framework increases the reliability of models,
ensures their adaptability to dynamic conditions, and minimizes the risks of bias by integrating sources of
verified knowledge. Prospects for further research are related to the optimization of relearning processes
and the implementation of efficient energy consumption methods in scalable computing systems. It is also
advisable to develop tools for assessing models' coherence and ethical compliance in different linguistic
and cultural contexts, which will contribute to the formation of universal practices to maintain transparency
and accountability of language models on a global scale.
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