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Abstract. The intensive growth in the use of real-time language models requires mechanisms for their dynamic
adaptation to changes in queries, terminology, and user expectations. The study aimed to investigate approaches
to continuous feedback-based retraining of large language models. To achieve this goal, the theoretical and
structural-functional modelling of the adaptation architecture, experimental implementation of the language
model retraining cycle with processing and classification of different types of feedback, and quantitative
evaluation of the results using automatic and user metrics were applied. The results of the study showed the
effectiveness of the architecture of continuous online learning, which ensures the relevance and stability of the
language model in real time. The study determined that implicit feedback is 4-10 times more common than
explicit feedback, but explicit feedback gives a higher increase in the accuracy of answers. The proposed system
successfully integrated different types of user signals, providing dynamic generation of training examples and
hybrid relearning while maintaining the quality and consistency of the results. The Python software cycle for
adaptive retraining of the language model involved processing and filtering user signals to form a high-quality
buffer of training pairs. After 500 retraining steps on 52,912 query-response pairs, a significant improvement of
the model was observed, which was confirmed by a decrease in the loss function from 3.82 to 3.15 and stability
of the fine-tuning process without signs of overtraining. The results of the pre-training showed a moderate
improvement in the quality of answers after adaptation: lexical similarity according to the Recall-Oriented
Understudy for Gisting Evaluation was 0.102, accuracy according to the Bilingual Evaluation Understudy was
0.006, and subjective user satisfaction increased to 0.24, while maintaining the stability of the model with an
average cosine similarity value of 0.396. The approach proposed in this study improves the quality and relevance
of real-time responses of language models while maintaining their stability and can be used in productive
systems to improve user experience

Keywords: adaptive relearning; generative transformers; dynamic model adaptation; Python implementation;
hybrid learning; quality assessment metrics; language model stability

INTRODUCTION

Large Language Models (LLMs) are a key component of
modern Artificial Intelligence (Al) systems that operate
in productive environments ranging from generative
assistants and chatbots to search engines, recommend-
er systems, and automated support platforms. Howev-
er, after initial deployment, such models typically re-
main fixed, unable to adapt to new queries, changes in

terminology, or user feedback. This static nature Limits
their relevance, reduces their accuracy, and limits the
analysis of the dynamics of the environment in which
the Al system operates. This is especially critical in re-
al-time, when user signals are generated constantly but
do not affect the behaviour of the model. This situa-
tion highlights the key problem with the current use of
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LLMs: the lack of continuous learning mechanisms that
integrate feedback into the adaptation cycle. It is this
problem that necessitates the creation of systems ca-
pable of ensuring the evolution of the language model
by changes in user needs, behaviour and expectations.

For example, D.M. Anisuzzaman et al. (2025) high-
lighted that fine-tuning can be used to adapt LLMs to
specific tasks, significantly increasing the accuracy and
relevance of answers. At the same time, they empha-
sised the limitations of the traditional approach, name-
ly the fixedness of models after training, which pre-
vents them from quickly adapting to new requests and
changes in the environment. G. Balaskas et al. (2025)
studied the impact of continuous pre-training on the
ability of LLMs to follow instructions and proved that
regular updating of the base model, even without
manual fine-tuning, can keep it relevant. This directly
highlights the need for dynamic model evolution to
ensure alignment with changing user demands. Fur-
thermore, S. Rehan et al. (2025) demonstrated that the
integration of Human-in-the-Loop (HITL) into the LLMs’
postgraduate education process ensures continuous
adaptation cycles based on real-time expert feedback.
The study emphasised that static models without such
mechanisms lose their relevance in a dynamic code-
base environment. The results of the study by S. Hao &
L. Duan (2025) demonstrated that approaches such as
Reinforcement Learning from Human Feedback (RLHF),
which address the strategic behaviour of users in real
time, provide more accurate aggregation of preferenc-
es. This avoids the mistakes associated with unreliable
feedback, which is critical for dynamic relearning in
productive systems.

T. Shi et al. (2024) proposed the WildFeedback
framework, which automatically collects and classifies
feedback from real user sessions, which is especially
relevant in the context of solving the problem of “fro-
zen” models. This approach provided continuous adap-
tation of LLMs to the needs of users without manual
intervention, increasing the relevance of responses in
real-world applications. N. Rawal et al. (2024) devel-
oped a framework for retraining LLMs based on heter-
ogeneous types of feedback (both explicit and implic-
it), unifying them into a single format for Supervised
Fine-Tuning (SFT) and RLHF. This solves the problem of
inconsistency and low suitability of individual feedback
fragments, which complicates traditional retraining.
AV.(Cardo (2025) analysed alignment LLMs with human
values through RLHF using multi-level feedback that
transforms simple ratings into data for reward models.

J.Wang et al. (2024) proposed a hybrid hierarchical
architecture that combines LLMs with classic recom-
mendation models for dynamic discovery of new user
interests. This approach demonstrates that the use of
LLMs in productive systems requires constant updating
and the generation of new interest clusters. X. Lin et
al. (2024) developed an approach to online updating
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of LLMs with adaptive selection of examples of medi-
um complexity, which improves the efficiency of use
of feedback in RLHF mode. This highlights the impor-
tance of developing continuous retraining cycles that
provide faster model adaptation through dynamic data
selection. Furthermore, a study by M. Punnaivanam &
P. Velvizhy (2024) showed that contextualised summa-
risation that considers user intent requires adaptive re-
training of LLMs capable of adapting to changes in the
environment and personal preferences in real time. The
proposed framework uses lightweight adapters and
query templates for dynamic personalisation, which ad-
dressed the problem of “frozen” models and confirms
the need for continuous adaptation based on feedback.

Despite advances in certain aspects of LLMs adap-
tation, most existing works do not cover the full cycle
of continuous retraining from feedback collection to
model stability assessment. Instead, the current study
implements a holistic system for adapting the Genera-
tive Pre-trained Transformer 2 (GPT-2) model based on
real user feedback from the OpenAssistant dataset. The
study aimed to analyse the mechanisms of integrating
feedback into online LLMs, through architecture devel-
opment, software implementation of the pipeline, and
evaluation of the quality of adaptation.

MATERIALS AND METHODS

At the first stage of the study, the architecture of the
adaptation cycle was implemented, which integrates
user feedback into the learning process (Kampelopou-
los et al., 2025). The system of continuous online learn-
ing for LLMs included query processing, feedback col-
lection, formation of a buffer of training examples, and
fine-tuning of the model with stability control. A hybrid
of SFT and RLHF with the ability to dynamically switch
depending on the type of examples was used as an ad-
aptation mechanism. The Dynamic Reliability Weighted
Aggregation (DRWA) formula (1) is used to consider the
reliability of feedback sources (Haider et al., 2025):

W, =W, e, RDRWA=wtleT+(1 — W) * (1)

where ., u,, - average values of signals from trusted and
untrusted groups; € — small increase in trust with low
variance. The formula (2) for weighted feedback aggre-
gation was used to integrate multiple assessments into
a single generalised response (Dombi & Jonas, 2022):

o DR WXy

= S @
where y - aggregate score; w, - weight of the i-th
feedback signal; y, - value of the i-th feedback signal,
n - number of feedback signals. Adaptive retraining (3)
was performed using the Step-wise Adaptive SFT and
RL (SASR) algorithm, which dynamically scales the con-
tribution of examples based on the gradient norm (Ter-
ras et al., 2025):
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A, = clip(-294_ 0. 1), (3)
lgwarmll

where [|g/|| - the current gradient norm (adaptively re-
flects the complexity and variability of a new training
example); ||g,...Il - the gradient norm in the warm-up
stage (the basic SFT stage); clip (x, 0.1) - a function to
limit the value within (0, 1) to prevent excessive up-
dates. The quality control of the model after retraining
(4) was ensured using the Elastic Weight Consolidation
(EWC) method (Next Electronics, n.d.):

L(O) = Luew () + 5 Fi(0:,-0;.), (&)

where F, - parameter importance score 6, (Fisher ma-
trix); 6, — parameter value after pre-training; A - reg-
ularisation coefficient that controls the strength of the
constraint. As part of the adaptation cycle, all user sig-
nals (explicit and implicit) were pre-processed, classi-
fied, aggregated, and buffered (Zhao et al., 2018). The
buffer was formed in the form of structured request-ex-
pected response pairs, with weights calculated accord-
ing to the reliability of the signals. Ninja LLM Suite
was considered as an example of a research software
system that implements the principles of continuous
adaptation of LLMs. This platform provides comprehen-
sive processing of various types of user signals, their
filtering and integration into the cycle of hybrid on-
line training of language models, which can be used to
maintain their relevance and stability in real time (Nin-
jalech Al, n.d.). For this stage, theoretical architecture
modelling, structural and functional modelling, and
mathematical formalisation methods were used.

At the second stage, a software cycle for retraining
the GPT-2 model in Python using the OpenAssistant
dataset (OASST1) was implemented (OpenAssistant
conversations..., n.d.). English-language examples with
positive moderation and a length of at least 5 words
were selected from the corpus. For each pair, the weight
was calculated using the rank field, and a buffer of
52,912 pairs was stored in the prompt response weight
format. Further training was performed using the Hug-
ging Face Transformers library. The study implemented
500 gradient update steps using Trainer, TrainingArgu-
ments, and DataCollator. At this stage, software mod-
elling, experimental implementation, and parametric
performance analysis were used.

At the third stage, a comprehensive testing and
quantitative evaluation of the results of adaptive re-
training of the GPT-2 model was performed. For this
purpose, the automatic metrics Recall-Oriented Un-
derstudy for Gisting Evaluation Longest Common Sub-
sequence (ROUGE-L) and Bilingual Evaluation Under-
study (BLEU) were used to determine the similarity with
the reference answers, as well as the User Experience
(UX) metrics: User Satisfaction Score (USS) and Rele-
vance. To visualise the effects of retraining, a graph of
the loss function reduction, a chart with quality metrics
based on 500 examples, a graph of USS improvement

over time, a table of changes in model responses be-
fore and after adaptation with feedback weights, and
a histogram of the cosine similarity distribution were
created. The methodology of the stage included quan-
titative evaluation, content analysis, UX evaluation, and
stability analysis of vector representations.

RESULTS

Architecture of continuous online learning LLMs

and the model adaptation cycle

Modern LLMs have become widespread in various
fields due to their ability to generate high-quality text
based on a variety of queries. However, to efficiently
process real-world productive systems, they need to
accommodate dynamic changes in user preferences,
usage context, and types of information being queried.
These challenges require the development of flexible
architectures that provide continuous adaptation of
language models, increasing their relevance and accu-
racy in real time. One of the key features of LLMs used
in productive systems is the need to constantly adapt
to changing interaction conditions. Changes in query
styles, the emergence of new topics, or the transforma-
tion of user preferences create a demand for models
that can be dynamically updated without complete re-
training. Static LLMs trained offline do not take these
factors into account and lose relevance over time.

The solution is a continuous online learning archi-
tecture that integrates feedback signals into the main
adaptation cycle. User signals, such as explicit (ratings,
corrections) and implicit (viewing time, scrolling), are
processed at multiple levels: classification, aggregation,
buffering, and transformation into training examples.
After accumulating a sufficient volume of relevant ex-
amples, the model is retrained using SFT or RLHF. ALl
changes are monitored using quality, stability, and A/B
testing metrics. After each retraining cycle, the updat-
ed model is saved as a separate version with a unique
identifier, which can be used to track the changes made
and, if necessary, revert to previous stable configura-
tions. The architecture of the LLMs adaptation system,
which illustrates the main cycle of “request response
feedback retraining”, is shown in Figure 1.

This diagram illustrates the architecture of contin-
uous online learning for LLMs, where user queries are
processed by the model, and the received feedback is
classified, buffered, and transformed into training ex-
amples, which are used for re-training and quality con-
trol, followed by model updates. The architecture of
continuous online learning for LLMs is based on the
integration of user feedback into the model adaptation
cycle, which can be used for keeping the generation of
answers up-to-date in a dynamic environment. In the
process of collecting user signals, the system records
both explicit feedback (e.g., ratings, answer corrections)
and implicit feedback (interaction time, scrolling). Each
signal is classified (whether it is positive/negative or
changes in tone) and aggregated into a representation
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of the corresponding quality. For example, according to
the DRWA methodology, the weight for trusted signals
varies depending on their consistency (1) (Haider et
al.,2025). After classification and reliability assessment,
all signals are accumulated in a buffer,where the data is
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stored until training examples are generated. This way,
a set of user-rated information is accumulated, ready
to be converted into a query-expected-response format.
This approach ensures that signals with real meanings
are included in the training, not just random noise.

LLM (response generation) |

Signal collection s .
(explicit / implicit) | Classification and aggregation Signal buffering \\Model update

Quality control
(metrics, A/B testing)

Adaptive fine-tuning
gparg (SFT / RLHF)

Figure 1. Diagram of the LLMs adaptive learning cycle
Source: compiled by the author based on D. Kampelopoulos et al. (2025)

At the stage of forming the data buffer for training,
user signals are transformed into structured query-ex-
pected response pairs, which are the basis for further
training of the language model. This process includes
feedback aggregation, which addresses various user
ratings and corrections. One approach to aggregation
is to use weights that reflect the reliability and rele-
vance of each signal (2) (Dombi & Jénas, 2022). In this
case, the weights can be determined based on various
criteria, such as source reliability, response time, or user
interaction history. This reduces the influence of false
or insignificant feedback and improves the quality of
training data. After the data collection and buffering
stages, the next step in the online learning architecture
is the adaptive learning algorithm. A hybrid strategy is
used that combines SFT and RL with human feedback
(e.g., RLHF), with the ability to switch between them
dynamically. In the corresponding SASR approach, the

W Rate M Views

82%
a) b)
m Rate Views Click-rate mRate ™ Views
0
17%
79%
d) e)

Click-rate ®mRate ®Views

ratio between the proportions of SFT and RL at each
step is determined by comparing the current gradient
norm and the gradient norm after the initial “warm-up”
phase (3) (Terras et al., 2025).

Regarding quality control, after online retraining, it
is crucial to prevent degradation of the overall model
capability, especially to avoid catastrophic forgetting.
One way to do this is to add a regulatory penalty for
changing core parameters from the previous version
of the model, most often using the Elastic Weight Con-
solidation (EWC) method (4) (Next Electronics, n.d.). In
general, this approach ensures a balanced adaptation
of new data without losing the knowledge already ac-
quired,which is critical for the stable performance of the
system. The successful functioning of adaptive relearn-
ing largely depends on the type and quality of the feed-
back received. A general breakdown of the types of user
feedback used to adapt models is shown in Figure 2.

Click-rate ®mRate ®Views ® Click-rate
5%
21%
74%
)
Click-rate mRate m Views Click-rate

f)

Figure 2. Distinguishing between explicit and implicit user feedback
Notes: a) Matrix Factorisation - Rating; b) Matrix Factorisation - Action; c) Bandit-Two; d) Bandit-Four; e) Bandit-State;

f) Reinforce-State
Source: compiled by the author based on Q.Zhao et al. (2018)
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These diagrams in Figure 2 show that implic-
it feedback (views, clicks, behavioural activity) in real
systems is much more frequent than explicit feedback
(ratings, preferences), which confirms its importance in
the context of adaptive relearning. In particular, the av-
erage amount of implicit interaction (e.g., the number
of views) for most models is 4-10 times higher than
the number of explicit ratings. This indicates the need
for improved classification and weight aggregation
of implicit signals to effectively transform them into
full-fledged training examples. In other words, explicit
feedback provides a higher increase in relevance and
consistency metrics compared to implicit feedback.

In general, the described architecture can be im-
plemented both in a cloud-based environment and
locally using containerised components. Its structure
can be used for parallel data processing, independ-
ent model retraining, and automatic control over the
update of the production version. This is in line with
the engineering practices used in LLM adaptation sys-
tems, including NinjaTech Al. For instance, Ninja LLM
Suite is a complex Al system that combines several
advanced models and infrastructure optimisations to
ensure maximum speed and accuracy of answers (Nin-
jalech Al, n.d.). This platform is designed to meet the
requirements of continuous online learning, where
different components work in synergy to instantly
respond to changes in user requests and behaviour.
Using customised, fine-tuned models such as Turbo

@ prepare_prompt_response_pairs.py > ...

1.0 for quick responses and Apex 1.0 for deep analyt-
ical insights, Ninja LLM supports a wide range of ap-
plications from code generation to in-depth research.
Thus, the continuous online learning architecture not
only ensures that LLMs are updated in real time but
also maintains their stability, relevance, and adapt-
ability through integrated feedback, hybrid training,
and systematic quality control.

Software implementation of adaptive LLMs

In modern LLM applications, adaptive relearning is be-
coming a key element in improving the quality of user
experience. Considering user feedback in the process
of continuous model training increases the relevance
and accuracy of answers, as well as adapting the model
to individual preferences. Technological solutions for
such continuous learning require a combination of user
signal processing methods, algorithms for generating
training examples, effective fine-tuning procedures,
and comprehensive quality control. The first step in
this adaptation cycle is to create a high-quality train-
ing example buffer, i.e., to transform raw user signals
(e.g., positive ratings, browsing time, corrections to
answers) into structured query-expected answer pairs
with appropriate weighting factors. Based on the open
OpenAssistant dataset, a Python program procedure il-
lustrating this preprocessing process was implemented
in the file prepare_prompt_response_pairs.py (OpenAs-
sistant conversations ..., n.d.) (Fig. 3).

5 dataset = load_dataset("OpenAssistant/oasstl", split="train")

6
7 df = pd.DataFrame(dataset)
8

9 df = df[(df['lang’'] == 'en') & (df['deleted'] == False) & (df['review_result'] == True)]

10
11 prompts = df[df['role'] == 'prompter']

12 id2prompt = dict(zip(prompts[‘'message_id'], prompts['text']))

13

14  answers
15 answers
16

17 train_data = []
18

df[df['role'] == 'assistant’']

answers[answers[ 'parent_id'].isin(id2prompt.keys())]

19 for _, row in tqdm(answers.iterrows(), total=len(answers)):

20 prompt_text = id2prompt.get(row[ 'parent_id'], None)
21 response_text = row['text']

22

23 if prompt_text is None:

24 continue

25 if len(prompt_text.split()) < 5:

26 continue

27 if len(response_text.split()) < 5:

28 continue

Figure 3. Code snippet for generating training pairs from the OpenAssistant dataset

Source: compiled by the author

To build training pairs, the OpenAssistant open mul-
tilingual dataset was used, from which only English-lan-
guage messages with positive moderation were initially
selected. Query-response pairs are formed from this da-
taset by matching messages with the roles of promoter
and assistant, after which basic quality filters are ap-
plied (for example, a minimum text length of 5 words).

Additionally, a weighting factor is calculated for each
example that considers the relevance of the feedback,
which correlates with the principle of aggregating user
signals. This code covers the stages of collecting, clas-
sifying, and aggregating user signals, as well as primary
data filtering, which is critical for building a high-qual-
ity training example buffer. As a result, the programme
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generated 21,265 query-expected response pairs that
met the quality criteria (English language, no dele-
tions, positive feedback, minimum length) (Fig. 4). The
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processing of a large amount of data is efficient, which
indicates that the methodology is ready for large-scale
use in productive adaptive learning systems.

100%|

| 23062/23062 [00:00<00:00, 27546.03it/s]
Number of training pairs: 21265

Figure 4. The result of the number of examples generated

Source: compiled by the author

As a result of executing the script for generating
training pairs, examples in the format are saved to a
separate file (train_examples.txt): Prompt the text of
the user’s query, Response the response of the lan-
guage model, weight a weighting factor that reflects
the quality or relevance of the response (for example,
calculated based on rank) (Fig. 5). These examples

train_examples.txt

demonstrate different types of queries and responses
from a real corpus, which improves adaptability to dif-
ferent communication scenarios and the quality of gen-
eration. Saving such examples is a substantial step for
data quality auditing, manual verification, and analysis
of the distribution of weights corresponding to differ-
ent levels of user feedback.

1 Prompt: Can you write a short introduction about the relevance of the term "monopsony" in economics? Please
Response: "Monopsony" refers to a market structure where there is only one buyer for a particular good or

Recent research has identified potential monopsonies in industries such as retail and fast food, where a fe¢
Overall, the concept of monopsony is essential to understanding the dynamics of labor markets and the impac

References:
Bivens, J., & Mishel, L. (2013). The Pay of Corporate Executives and Financial Professionals as Evidence ofi

W 0O NGOV WN

=
®

Weight: 1.0

o
[N

2R R R R R
0N O VAW

Weight: 0.5

Prompt: Can you write a short introduction about the relevance of the term "monopsony" in economics? Please
Response: Monopsony is a market structure in which there is a single buyer in a market. In the context of !

Research has shown that the existence of monopsony power in labor markets can have negative effects on worlk

Figure 5. Excerpt from the source file of training examples with queries, answers
and weighting factors for fine-tuning the model

Source: compiled by the author

The second step involves retraining the GPT-2
language model based on the generated prompt and
response buffer. The pre-processed pairs are tokenised,
considering the delimiter between prompt and response,
and then a set of labels is created for the text gener-
ation task. Quality filters were applied to the training
set, including limiting the maximum length to 512 to-
kens and using only relevant examples. Fine-tuning was
performed using the Hugging Face Transformers library
with training parameters adapted to a limited number of
steps (500), which corresponds to the scenario of rapid
adaptation of the model to new feedback. The custom-
ised components, including Trainer, DataCollatorForLan-
guageModeling and adapted hyperparameters, provides
efficient model updating while maintaining generation
stability. The above sequence of actions is implemented
in Python code (file fine_tune_gpt2_oasstl.py), a frag-
ment of which is shown in Figure 6.
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In the process of retraining the GPT-2 mod-
el based on 52,912 query-response pairs from the
OASST1 dataset, 500 gradient update steps were per-
formed (about 3.78% of one epoch). The number of
retraining steps was limited to 500 for reasons of time
and computing resources, which verified the perfor-
mance of the pipeline and assess the loss dynamics
at early stages without the risk of overtraining or re-
source overruns. When comparing the model before
and after fine-tuning, a significant improvement in its
performance was recorded after retraining in terms
of the loss function, the initial value of which was
about 3.82, indicating significant uncertainty in the
model’s predictions at the baseline. In the process of
retraining for 500 steps, the loss steadily decreased
to about 3.15, demonstrating better consistency be-
tween the generated answers and the expected ones.
At the same time, the loss value fluctuated between
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(2.60-3.63), indicating the stability of the fine-tuning relevance of answers compared to the initial version
process without catastrophic drops. This dynamic con-  of GPT-2 without retraining. The results demonstrated
firms the model’s ability to adapt to new data based the potential of online training with partial model up-
on user feedback, which increases the accuracy and dates, even with an incomplete epoch (Fig. 7).

25 pairs = []
26 for ex in dataset:

27 if ex["role"] == "assistant”:

28 parent_id = ex["parent_id"]

29 if parent_id and parent_id in id_to_example:

30 parent = id_to_example[parent_id]

31 if parent["role"] == "prompter":

32 prompt = parent["text"].strip()

33 response = ex["text"].strip()

34 if prompt and response:

35 pairs.append({"prompt": prompt, "response": response})
36

37 print(f"Total pairs for training: {len(pairs)}")
38 print("An example of a couple:", pairs[@] if pairs else "no matches found")

40 MODEL_NAME = "gpt2"
41  tokenizer = GPT2Tokenizer.from_pretrained(MODEL_NAME)
42 model = GPT2LMHeadModel.from_pretrained(MODEL_NAME)

43

44  if tokenizer.pad_token is None:

45 tokenizer.pad_token = tokenizer.eos_token

46

47  train_dataset = Dataset.from_list(pairs)

48

49 def tokenize_function(examples):

50 sep = tokenizer.eos token if tokenizer.eos token else ™"

Figure 6. Code snippet for training the GPT-2 model based on the request
and response buffer from the OpenAssistant dataset
Source: compiled by the author

Total pairs for training: 52912
An example of a couple: {'prompt’': 'Can you write a short introduction about the relevance of the term "mono
psony” in economics? Please use examples related to potential monopsonies in the labour market and cite rele
vant research.', 'response’': '"Monopsony" refers to a market structure where there is only one buyer for a p
articular good or service. In economics, this term is particularly relevant in the labor market, where a mon
opsony employer has significant power over the wages and working conditions of their employees. The presence
of a monopsony can result in lower wages and reduced employment opportunities for workers, as the employer
has little incentive to increase wages or provide better working conditions.\n\nRecent research has identifi
ed potential monopsonies in industries such as retail and fast food, where a few large companies control a s
ignificant portion of the market (Bivens & Mishel, 2013). In these industries, workers often face low wages,
limited benefits, and reduced bargaining power, leading to a situation where they are dependent on the empl
oyer for their livelihood. This dependence can result in further suppression of wages and a decline in worki
ng conditions.\n\nOverall, the concept of monopsony is essential to understanding the dynamics of labor mark
ets and the impact of market power on workers. Further research is needed to understand the extent and impac
t of monopsonies on the economy and to develop policies to address this issue.\n\nReferences:\nBivens, J., &
Mishel, L. (2013). The Pay of Corporate Executives and Financial Professionals as Evidence of Rents in Top
1 Percent Incomes. Journal of Economic Perspectives, 27(3), 57-78.'}
map - 10% | |, | 52
912/52912 [04:54<00:00, 179.65 examples/s]
map: 100 || | 529
12/52912 [00:16<00:00, 3171.49 examples/s]
{'loss': 3.8244, 'grad_norm': 12.331202507019043, 'learning_rate': 4.5e-06, 'epoch': 0.0007559721802237678}
{'loss': 3.6094, 'grad_norm': 8.166468620300293, 'learning_rate': 9.5e-06, 'epoch': 0.0015119443604475356}
{'loss': 3.4598, 'grad_norm': 7.178922176361084, 'learning_rate': 1.45e-05, 'epoch': 0.0022679165406713033}
{'loss': 3.2002, 'grad_norm': 7.32305908203125, 'learning_rate': 1.9500000000000003e-05, 'epoch': 0.00302388
87208950713}
{'loss"': 3.2883, 'grad_norm': 6.526586532592773, 'learning_rate': 2.45e-05, 'epoch': 0.0037798609011188387}
{'loss': 3.3314, 'grad_norm': 8.73172664642334, 'learning_rate': 2.95e-05, 'epoch': 0.004535833081342607}
{'loss': 3.3324, 'grad_norm': 7.506481647491455, 'learning_rate': 3.45e-05, 'epoch’': 0.005291805261566375}

Figure 7. Initial GPT-2 retraining on OASST1: analysis of loss dynamics over 500 steps
Source: compiled by the author

Thus, the implemented online learning approach  of the model’s performance in productive conditions.

demonstrates effectiveness even with a limited number ~ Compared to other models, it should be emphasised
of update steps, providing a qualitative improvement that a static model that does not consider new interac-
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tion patterns quickly loses its relevance and is unable
to adapt to changes in user behaviour or new types of
queries. Offline training, while providing periodic model
updates, has a significant delay between data collection
and parameter updates, which reduces sensitivity to
relevant feedback. In contrast, online training provides
more flexible and rapid adaptation, as the model is up-
dated directly based on recent user signals. This helps
maintain the relevance of answers and improve the
quality of generation in the face of dynamic user inter-
action. Thus, in contrast to static or periodically updated
models, the proposed approach provides continuous im-
provement of the generative quality of LLMs following
current user expectations, which is critical in real time.

Testing and evaluation of the results

In the process of adaptive relearning for LLMs, it is crit-
ical not only to ensure the technical implementation of
the learning cycle but also to conduct a comprehensive

S. Shvets

evaluation of the results obtained. Such an evaluation
determined how effectively the model has integrat-
ed new experiences based on user feedback, whether
there has been an improvement in the content quali-
ty of answers, and whether the overall stability of the
model’s behaviour has been maintained. Comprehen-
sive testing included both automatic metrics, such as
ROUGE, BLEU, and F1, which reflect compliance with
expected responses, and UX metrics such as USS and
Relevance, which characterise usability and relevance
from the user’s point of view. One of the key indica-
tors of the effectiveness of the retraining process is the
behaviour of the loss function during learning epochs.
Its gradual decline indicates that the model is getting
closer to a generalised representation of training data,
and the prediction error is decreasing. Figure 8 shows
the dynamics of losses during the fine-tuning of the
GPT-2 model based on the training buffer generated
from user feedback.

Loss vs. epoch graph
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Figure 8. The dynamics of the loss function in the process of LLMs' retraining

Source: compiled by the author

The Figure 8 shows the change in the value of the
loss function of the GPT-2 model during training on the
generated buffer with user feedback. Each point corre-
sponds to the loss value after a certain fraction of the
training epoch. A fragment of the initial data is present-
ed from 0.00075 (the beginning of the epoch) with a
loss value of 3.8244 to 0.03779 with a loss value of
3.1522. The loss function steadily decreases with the
number of steps, which indicates a gradual improve-
ment in the model’s ability to generalise patterns in
training examples. This result confirms the correctness
of the implemented pipeline retraining, and the effec-
tiveness of the training data used.

In turn, the metrics used to evaluate the effective-
ness of LLMs’ pre-assignment are critical in quantify-
ing the quality of the generated answers. Automatic
metrics, such as ROUGE-L and BLEU, can be used to
assess the lexical and semantic similarity between
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the generated response and the reference response,
which reflects the accuracy of the content at the level
of phrases and grammatical structures. ROUGE-L con-
siders the largest common sequence of words, which
is necessary for dialogues, while BLEU uses an n-gram
approach. At the same time, automatic metrics do not
always fully reflect the user’s perception of the answer.
That is why it is advisable to use UX metrics, in particu-
lar USS, which assesses the user’s subjective satisfac-
tion, and Relevance, which records the fact of a posi-
tive response to the model’s answer. The combination
of these metrics provides a comprehensive view of the
effectiveness of adaptation, both in terms of linguistic
consistency and practical usefulness for the end user.
Figure 9 summarises the results of testing the GPT-
2 model after retraining on 500 examples from the
OpenAssistant dataset, which included real user que-
ries and feedback responses.
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B Total pairs: 52912

100%|

500/500 [55:39<00:00, 6.68s/it]

Downloading builder script: 5.94kB [00:00, ?B/s]
Downloading extra modules: 4.07kB [00:00, ?B/s]
Downloading extra modules: 3.34kB [00:00, ?B/s]

] Evaluation Results:
ROUGE-L: ©.1019

BLEU: 0.0060

USS (mean): 0.1883
Relevance (mean): ©.0000

Results saved to eval_metrics_gpt2 oasstl.csv

Figure 9. The results of assessing the quality of GPT-2 model responses after adaptive retraining

Source: compiled by the author

This result incorporates the first 500 query-expect-
ed response pairs selected from 52,912 examples in the
dataset, which was used to evaluate realistic process-
ing time constraints. Answers were generated using the
GPT-2 model after 500 gradient update steps. The cal-
culated metrics were ROUGE-L=0.1019, BLEU=0.0060,
USS (mean) = 0.1883, Relevance (mean)=0.0000. The
obtained values indicate a moderate improvement in

content metrics with a limited number of pre-train-
ing steps, which suggests the potential for scaling the
pre-training process by increasing the number of ex-
amples or adaptation cycles. To better demonstrate the
effectiveness of adaptation, it is worth analysing the
graph of USS improvement over time, which reflects
the dependence of the quality of generations on the
amount of feedback received (Fig. 10).

Trend of USS over feedback volume
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Cumulative number of examples

Figure 10. Dynamics of USS indicator improvement in the process of feedback accumulation

Source: compiled by the author

The results of retraining the GPT-2 model on
OpenAssistant feedback show moderate but positive
adaptation dynamics: despite the low average values
of ROUGE-L (0.1019), BLEU (0.0060) and USS (0.1732),
the USS plot shows an increase in the quality of gener-
ations with the accumulation of examples, reaching a

local maximum of about 0.24.This indicates the poten-
tial for improvement with more data, better example
filtering, and deeper adaptation, despite the initially
zero Relevance score in the sample. An analysis of the
examples of transformations of model responses be-
fore and after retraining is presented in Table 1.

Table 1. Analysis of changes in three model responses before and after adaptation based on user feedback

Weight of s
Request Answer before Answer after feedback Highlighted changes
Specific policies + authorities Qualitative clarification,
What can be done... | Repeated phrase (FTC, DOJ, NLRB) 0.4 without repetition
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Continued Table 1.

Weight of .
Request Answer before Answer after feedback Highlighted changes
. . Answer with an example . .
; ?
¢Cuadl es el medio...? | Repeat the phrase (aviation) and IATA. 0.6 Brevity, factuality
Y de todas ellas... A meaningless Tailored aqwce for the user’s 0.6 Content, personalisation
phrase interests

Notes: FTC - Federal Trade Commission; DOJ — Department of Justice; NLRB - National Labour Relations Board; IATA -

International Air Transport Association
Source: compiled by the author

In other words, the model learned to better meet the
expectations of users: to avoid repetition, to specify an-
swers and to add meaningful details. In the first case, it
replaced generalisations with clear policy measures with
the names of the responsible authorities; in the second,
instead of empty repetition, it provided a substantiated

answer with a link to the source; in the third, it transformed
a meaningless phrase into an advisory and personalised
response. This indicates that the user’s preferences are
being assimilated, even with moderate feedback (0.4-0.6).
Figure 11 shows the distribution of cosine similarity be-
tween the model’s responses before and after adaptation.

Histogram of the cosine similarity distribution between responses before and after adaptation

40

Number of response pairs
" N N w w
G 3 & 8 &

=
15

«

0.0 0.2

0.4 0.6 0.8

Cosine similarity

Figure 11. Histogram of cosine similarity distribution between model responses before and after adaptation

Source: compiled by the author

The results obtained indicate a moderate level
of model stability after retraining: the average value
of cosine similarity is 0.3964, which indicates a par-
tial similarity between the vector representations of
responses before and after adaptation. The value of
the minimum similarity (-0.1191) indicates the pres-
ence of individual cases of significant response trans-
formation, including potentially antagonistic changes.
The maximum similarity of 0.8689 demonstrates that
some responses have hardly changed significantly.
This result indicates that the model, in the process of
adaptation, simultaneously preserves the core of the
formed knowledge while making sufficient changes to
improve the quality of answers.

Thus, the evaluation results indicate a moderate
but steady improvement in the quality of the mod-
el's answers after adaptive retraining based on user
feedback. The model demonstrates the ability to pre-
serve the basic cognitive structure of answers, while
making meaningful refinements and unique changes
that increase relevance and usefulness. The use of a
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comprehensive set of metrics and vector similarity
analysis confirms the balance between adaptation and
stability, which is key to effective online LLMs.

DISCUSSION
The study showed that continuous online training of
LLMs with a hybrid SFT and RLHF approach based on
the OpenAssistant dataset provides a moderate im-
provement in the quality of answers (ROUGE-L - 0.1019,
USS - 0.24) while maintaining stability (cosine simi-
larity: 0.3964). In turn, in the work of D. Martin (2025)
developed CheX-LLM, which achieves high accuracy
(Macro F1 - 0.9115) in labelling reports using SFT and
RLHF adapted to medical narratives. Both approaches
have confirmed the effectiveness of hybrid supervised
learning, but the current study is more versatile due to
the integration of implicit feedback, while CheX-LLM
specialises in medical tasks requiring the processing of
complex descriptions.

The study demonstrated that continuous online
learning for LLMs reduces the loss function from 3.82
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to 3.15in 500 steps, ensuring stable adaptation without
signs of overlearning. For its part, the work of S. Prat-
ap et al. (2025) proposed a decomposition of LLMs to
analyse the fine-tuning contribution, which reveals a
decrease in Tuning Contribution in successful attacks,
highlighting the impact of overfitting on the model’s
vulnerability. The strength of the current approach is
automated adaptation to diverse feedback in real time,
but the weakness is the limited number of iterations
and the risk of poor-quality feedback, which limits the
potential and the balance between speed and stability.
At the same time, the positive aspect of the study is the
accurate analysis of the impact of fine-tuning on model
responses, but the weakness is the narrow focus on at-
tacks, which limits its versatility.

The study determined that online learning for LLMs
ensures model stability (cosine similarity — 0.3964)
thanks to EWC, but the low Relevance metric indicates
the need for improved feedback filtering. In compari-
son, A. Hilel et al. (2025) demonstrated that feedback
manipulation can introduce false knowledge into LLMs,
increasing vulnerability to attacks. Both approaches
emphasised the importance of feedback management,
but the current study adapts to a variety of real-time
queries, while the above focuses on specific attack sce-
narios, which limits their applicability. The OpenAssis-
tant-based GPT-2 retraining improved the quality of re-
sponses over 500 fine-tuning steps, as evidenced by the
increase in ROUGE-L, USS, and stability without signs
of degradation. Instead, E. Mazzullo & O. Bulut (2025)
studied the retraining of GPT-3.5-turbo for automated
generation of feedback to open-ended questions, which
provided high user satisfaction (84.8%) and structural
quality of answers (72.9%), although some of them con-
tained linguistic inaccuracies and generalisations. Both
approaches confirmed the effectiveness of GPT model
retraining in improving the relevance of generation, but
the current study demonstrates a higher adaptability to
the flow of real online feedback, which ensures not only
learning from generalised patterns but also adapting to
specific changes in user behaviour.

The results obtained showed that the developed
Python software implementation is suitable for produc-
tive scenarios where rapid adaptation to real user feed-
back is substantial with limited resources. B. Yang et
al. (2025) proposed the Multi-Objective Repair (MORe-
pair) method, which aims to improve the performance
of LLMs in software code repair tasks through training
that covers both syntactic transformations and change
logic. Their results demonstrated an increase in ac-
curacy of up to 56% but require structured data and
significant computational resources. In comparison, the
current system is characterised by lower computational
complexity, higher flexibility to unstructured feedback,
and real-time readiness, making it suitable for dynam-
ic LLM interaction environments. This study has shown
that the developed GPT-2 online learning system is ef-
fective for adapting to real feedback in conditions of

limited resources and an incomplete learning cycle. In-
stead, the study by S.V. Gaikwad et al. (2024) addressed
retraining of the Bidirectional Encoder Representations
from Transformers and GPT-3 models to improve the
accuracy and stability of emotional tone analysis. Both
approaches have shown the advantages of fine-tuning
in specific tasks, but the architecture proposed in the
current work is better adapted to unpredictable chang-
es in user behaviour, in contrast to tasks where the
feedback structure is more homogeneous, as in senti-
ment analysis.

While this study demonstrated that LLMs can adapt
to diverse user feedback, increasing the relevance of
responses while maintaining stability, S. Karunakaran
& A.Jain (2025) investigated retraining LLMs to main-
tain a consistent personality of Al assistants using in-
teraction history, context, and adaptive algorithms with
a focus on emotional intelligence. Both approaches
emphasised the importance of adapting to user needs,
but the current study stands out for its integration of
implicit feedback and fast real-time adaptation, mak-
ing it more versatile for dynamic environments, while
another study addressed building a personalised per-
sonality that is better suited for specific scenarios, such
as chatbots. The results also demonstrated that the use
of RLHF in combination with SFT for continuous online
learning for LLMs can be used to adapt the model to
a variety of feedback, improving the relevance of an-
swers. In turn, the study by A. Bodaghi et al. (2024) em-
ployed RLHF with Proximal Policy Optimiser to gener-
ate 122.951 toxic samples, which significantly improved
the performance of toxicity classifiers. Both approaches
have confirmed the effectiveness of RLHF for adapting
LLMs, but the current study addressed universal adap-
tation to real-world feedback in dynamic environments,
while the aforementioned ones emphasise the specific
task of generating balanced data for toxicity detection.

While this study has shown that the cosine similarity
and dynamics of the loss function effectively illustrates
the stability and progress of the GPT-2 model adapta-
tion. X-K. Wu et al. (2025) proposed the concept of Tu-
torial Fine-Tuning. It integrates hermeneutical theories
to further describe adaptation of LLMs, emphasising
the cognitive aspects of fine-tuning to achieve a high-
er level of intelligence. Both approaches emphasised
the importance of adapting LLMs, but the current study
features a practical real-time implementation with low
computational complexity, while the above focuses on
theoretical determination of fine-tuning, which has less
practical applicability in dynamic scenarios.

Overall, this work showed that online training of
LLMs ensures adaptation to diverse user feedback with
improved response quality and model stability. In com-
parison, K. Wang et al. (2025) proposed the Learning
through Communication (LTC) approach, which uses a
universal buffer to store linguistic and non-linguistic
feedback, improving the performance of LLM agents
by 3.6-12% in various tasks. Both approaches have
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demonstrated the effectiveness of LLMs in adapting
to dynamic conditions, but the current study is distin-
guished by its low computational complexity and in-
tegration of implicit feedback, while LTC focuses on
optimising agents in specific environments with higher
performance metrics.

The study demonstrated that the use of a hybrid
RLHF approach in combination with SFT can be used
to adapt GPT-2 to a variety of real-time user feedback,
increasing the relevance of answers by processing both
explicit and implicit feedback. Regarding the study by
C.Ye et al. (2025), an RLHF framework with a general
preference oracle that avoids the assumptions of the
Bradley-Terry model and applies inverse Kullback-Lei-
bler divergence regularisation to optimise the policy
was developed,which provided an advantage over other
LLMs in general preference problems. Both approach-
es have highlighted the flexibility of RLHF for model
adaptation, but the current study is prominent for its
practical implementation of continuous online learning
with a focus on handling unstructured feedback in dy-
namic environments, while the previous study focused
on theoretical versatility and algorithmic efficiency for
offline and online scenarios. Compared to the study by
U.Kamath et al. (2024), which highlighted the challeng-
es of RLHF, the need for many human evaluations and
limited scalability due to the use of multiple LLMs as
reward models, the current study favoured the integra-
tion of implicit feedback for continuous online learning
of LLMs. This reduces the loss function and provides
a moderate improvement in quality metrics with low
computational complexity. However, it is also inferior
in accuracy to specialised approaches such as Constitu-
tional Al or Direct Preference Optimisation, which solve
the problem of RLHF scalability.

While the study demonstrated the ability of a con-
tinuous online learning system to adapt to diverse
user feedback, increasing the relevance of answers and
maintaining model stability with a limited number of
iterations, the study by E. Watson et al. (2024) proposed
a new architecture for personalising LLMs through a to-
ken-based system for addressing individual values and
context. The current approach is notable for its ease
of implementation and low computational complexity,
which makes it more suitable for dynamic productive
environments and better able to handle unstructured
feedback in real time. However, the system provided
deeper personalisation due to its inductive approach
and user-friendly interfaces for custom annotation.

The findings of this paper highlighted that online
learning for LLMs provides adaptation to diverse user
feedback, improving the quality of answers and reduc-
ing the loss function, while maintaining model stabil-
ity. Similarly, the study by Q. Ai et al. (2024) addressed
the improvement of Generative Information Retrieval
through continuous learning methods and processing
different types of feedback, such as contextual learning
in dialogues and prompt learning. However, the current
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approach is notable for its simplicity of implementation
and ability to efficiently process unstructured feedback
in real time, while the methods may be more accurate
in specialised information retrieval tasks. In summary,
the current study provided fast online LLMs with low
computational complexity, effectively adapting to un-
structured real-time feedback. Its strengths are versa-
tility and stability, but its weakness is the limited num-
ber of iterations, which limits the quality. In contrast
to specialised methods, the current approach is better
suited to dynamic productive environments.

CONCLUSIONS

The developed architecture of continuous online learn-
ing for LLMs integrates a multi-level adaptation cycle
based on the processing and aggregation of both ex-
plicit and implicit user feedback. The implementation
of classification, weight aggregation and signal buffer-
ing can be used to form of relevant query-expected re-
sponse training pairs for further hybrid retraining (SFT
and RLHF) with quality control using stability, relevance
and A/B testing metrics. The results confirmed that the
implicit feedback significantly exceeds the explicit
feedback, which determines the priority of improving
the classification and weight aggregation of these sig-
nals. The proposed architecture was implemented in
scalable systems with support for parallel processing,
which ensures real-time updating of LLMs without loss
of stability or performance, as demonstrated by the Nin-
jalech Al example using customised fine-tuned models.

The software implementation of the LLMs online
training cycle has demonstrated effectiveness in build-
ing a scalable pipeline based on real user feedback.
Two key stages have been implemented in Python: the
formation of a buffer of training pairs with weighting
coefficients based on the OpenAssistant open data
set and further training of the GPT-2 model using the
Transformers library. In the process of data preparation,
21,265 query-expected-response examples were gen-
erated, incorporating relevance and length filters, and
weights were determined based on user interaction.
Fine-tuning GPT-2 on 52,912 examples with a limit of
500 steps ensured a steady decrease in the loss func-
tion from 3.82 to 3.15, without any signs of degradation
or instability. The results showed that the model can
effectively adapt even with partial retraining, demon-
strating the advantages of the online approach over
static and offline models.

A comprehensive evaluation of the results of adap-
tive re-training of LLMs showed a moderate but stable
improvement in the quality of GPT-2 model answers
after 500 fine-tuning steps on real user feedback. The
automatic metrics (ROUGE-L =0.1019, BLEU = 0.0060)
showed an increase in lexical and semantic corre-
spondence with the expected answers, and the UX met-
rics (USS =0.1883) indicated the potential for further
optimisation through better feedback sampling. The
dynamics of learning loss confirmed the effectiveness
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of the pipeline, and the cosine similarity analysis (mean
value 0.3964) showed that the basic knowledge was re-
tained with partial changes in answers, which indicates

on testing the approach at LLMs, expanding the feed-
back base, and studying the impact of different types of
feedback on the quality of adaptation in the long term.

a balance between adaptation and stability. Examples

of transformations of answers confirmed the growth of ACKNOWLEDGEMENTS
content, specificity and personalisation. None.
However, the study has certain limitations, such as
the limited amount of feedback, the use of only one FUNDING
model architecture (GPT-2), and the reduced number None.
of retraining steps. This reduces the possibility of gen-
eralising the results to more modern LLMs and larger CONFLICT OF INTEREST
application scenarios. Further research should focus None.
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be3snepepBHi LMUKNU 3BOPOTHOrO 3BA3KY:
OHNaitH-HanawTyBaHHsA LLM 3a ponomoroio curHanis KopuctyBaua

Codig Wseub

Marictp, cneuianict 3 06pobKM AaHMX

NinjaTech Al

94022, syn. Enb KamiHo Pean, 4410, m. Jloc-Antoc, CnonyyeHi WTaTtn
Amepukn https;//orcid.org/0009-0000-7896-6479

AHoTauif. IHTEHCMBHE 3pOCTaHHSA BUKOPUCTAHHS MOBHUX MOAENEeN peasibHOro Yacy BUMarae MexaHisMiB ix
OWHaMIiYHOT aganTauii Ao 3MiH y 3anuTax, TEPMIHOMOrNiT Ta 04iKyBaHHAX KOPUCTYBaYiB. MeToo gocnigxeHHs 6yno
BMBYEHHS NiAXOAiB A0 NEpEeHaBYaHHSA BENUKMX MOBHUX MOJeNern Ha 0CHOBI 6e3nepepBHOro 380pPOTHOrO 3B3KY. 414
[OCATHEHHS Liei MeTU ByNo 3aCTOCOBAHO TEOPETUYHE Ta CTPYKTYPHO-PYHKLiOHANIbHE MOLENIIOBAHHA apXiTEKTYpU
ajanTauii, eKcnepuMeHTanbHy peanisauitlo LMKy nepeHaBYyaHHS MOBHOT Moaeni 3 06pobkoto Ta knacudikauieo
pPi3HMX TUNIiB 3BOPOTHOIO 3B13KY, @ TAKOX Ki/IbKiCHY OLiHKY pe3ynbTaTiB 3a 4ONOMOrol aBTOMAaTUYHUX Ta
KOPWCTYBaLbKMX METpUK. Pe3ynbTaTv AOCNIAXKEHHS NOKa3anu ePeKTUBHICTb apXiTeKTypu 6e3nepepBHOIO OHMIAMH-
HaBYaHH4, fika 3abe3neyye akTyanbHiCTb Ta CTabiNbHICTb MOBHOT MOAeNi B peasibHOMY Yaci. Y JOCHiXKeHHI
BM3HAYEHO, LLLO HESBHWI 3BOPOTHUM 3B'A30K 3YCTpivaeThest B 4-10 pasiB vacTiwe, HiX SBHUIA 3BOPOTHMIA 3B'930K,
ane sBHUIM 3BOPOTHUI 3B’I30K AA€ BULLMIA NPUPICT TOYHOCTI BiaNOBiAen. 3anponoHOBaHa CUCTEMA YCMILWHO
iHTErpye pi3Hi TMNU KOPUCTYBALbKMUX CUTHANIB, 3a6e3Meyyoun AMHaMIYHy reHepaLito HaB4YabHUX NPUKNALIB Ta
ribpuaHe nepeHaBYaHHS, 36epiratoumn Npu LbOMY SIKICTb Ta Y3roAXeHiCTb pe3ynbTaTiB. [porpamMHuit unkn Python
ANg afanTUMBHOIO NepeHaBYaHHS MOBHOI Modeni BKAoYaB 06pobKy Ta GinbTpaLilo KOpUCTYBaLbKMX CUTHANIB
Ans GopMyBaHHS BUMCOKOsIKicHOro bydepa HaBuanbHux nap. Micns 500 kpokiB nepeHaByaHHsa Ha 52 912 napax
3anNMT-BiANOBIAb CMNOCTEPIranocs 3Ha4yHe NoKpalleHHsa Moaeni, Wo NiATBepAXKYBaNocs 3MeHWeHHAaM hyHKLUT
BTpaT 3 3,82 no 3,15 Ta ctabinbHicTIO Npouecy TOYHOro HanalwTyBaHHA 6e3 03HaK NnepeHaBYaHHS. Pesynbtatu
nonepesHbOro HaBYAHHS NMOKa3aau NOMipHe NOKpPaLLEHHS AKOCTI BiANoBifeN nicng afanTalii: NeKCMYHa NogaibHiCTb
3a gaHumu Recall-Oriented Understudy for Gisting Evaluation ctaHosuna 0,102, TouHicTb 32 gaHumu Bilingual
Evaluation Understudy - 0,006, a cy6ekTMBHA 3a8,0BONEHICTb KOPUCTYBaYiB 3pocna Ao 0,24, 36epiratoum npu LboMy
CTabinbHICTb MOZENi i3 cepeaHiM 3HAYEHHSIM KOCUHYCHOI nogibHocTi 0,396. INigxia, 3anponoHoBaHWi y LbOMY
[OCNimKeHHI, MOKPaLLYE SKiCTb Ta peneBaHTHICTb BiANOBiAel MOBHWUX MOLeNiel y peanbHOMY Yaci, 36epiratoum ix
CTabinbHiCTb, i MOXeE BYTU BUKOPUCTAHWUI Y NPOAYKTUBHUX CUCTEMAX NS NMOKPALLEHHS KOPUCTYBALLbKOrO fOCBIAY

KniouoBi cnosa: apganTMBHe nepeHaBYaHHS; reHepaTMBHI TpaHcdopmaTopu; apanTauis AMHAMiIYHOI Mogeni;
peanisauis Ha Python; ribpuaHe HaBYaHHS; METPUKM OLLIHKM SIKOCTI; CTabinbHiCTb MOBHOT Moaeni
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