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ADAPTIVE KNOWLEDGE REGULARIZATION FOR CONTINUAL LEARNING IN
TRANSFORMER ARCHITECTURES

The subject matter of the article is development of latent representation regularization mechanism in trans-
former-based architecture under conditions of continuous learning with domain shifts. Modern language models
achieve high quality in static learning scenarios, but they remain limited in long-term operation cases, incre-
mental adaptation to new domains and lacking resistance to catastrophic forgetting, especially in the absence of
access to previously observed data. This paper explores the possibility of overcoming these limitations by com-
bining uncertainty inspired regularization and forgetting attention mechanisms into one transformer architecture.
The goal of the study is to design, implement and validate transformer-based architecture with multi-level rep-
resentation regularization mechanism that can help transformer-based language models efficiently adapt to al-
ternative data distribution while retaining previously acquired knowledge. The proposed approach aims to
achieve an equilibrium between model adaptability and stability in continual learning without requiring com-
plete model retraining or legacy data retention. The tasks to be solved in this study include: formalization of an
unified conceptual latent representations regularization method that combines Bayesian uncertainty inspired
latent representations regularization with head-wise attention scaling in attention mechanism,; implementation
of this method into the transformer model; creating the experimental case of continuous language modeling with
sequential domain shifts; give quantitative estimation of model forgetting and stability in prediction quality;
compare the proposed model to classical naive fine-tuning, LoRA and parameter regularization methods. The
conclusions demonstrate that the proposed method achieves lower forgetting, lower perplexity on previously
learned domains and a better stability—plasticity trade-off than naive fine-tuning, LoRA and Elastic Weight Con-
solidation, while requiring comparable computational resources. The scientific novelty of proposed approach
consists in development of layer-selective latent regularization framework for continual language modeling
which integrates an attention with forgetting mechanism with preserving domain-invariant representations
through statistical alignment in latent space for reducing forgetting in continual learning scenarios. Unlike ex-
isting approaches to continual learning that consider model regularization either on parameter or memory level
(by using previous data), the proposed approach moves regularization into representation space, where it uses
both direct regularization via proposed uncertainty-based regularization and indirect regularization via atten-
tion with forget gate, ensuring the models’ possibility of stable continual language modeling in non-stationary
environments.

Keywords: continual learning; catastrophic forgetting, latent space; attention mechanism; uncertainty,; lan-
guage models; natural language processing, transformers, information entropy.

tion, incrementally learning from streaming data and sta-
ble knowledge retention throughout entire operation cy-

1. Introduction

1.1 Motivation

The research presented in this paper belongs to the
field of computer science, in particular to the area of ma-
chine learning, natural language processing, continuous
learning. From applied point of view, the work results are
relevant for artificial intelligence systems (Al agents)
that are working in continuous operating, such as dia-
logue agents, decision support systems, automated ana-
lytical platforms. These systems are expected to function
over long periods of time, interacting with evolving data
and adapting to changing tasks and domains.

Relevance of the problem is caused by growing
need of Al systems, especially Large Language Model-
based, that are suitable for long-term autonomous opera-

cle. The absence of controllable regularization mecha-
nisms is one of the main causes of model performance
degradation over time. As a result, models require retrain-
ing on large datasets, that costs money, is time-consum-
ing and intelligent services, based on such kind of model,
are less reliable in long-term deployment scenarios.

1.2 State of the art

The problem of catastrophic forgetting in neural
networks is one of the major problems of machine learn-
ing systems that are working in dynamic environments
and need to constantly adapt to new data and tasks [1].
First, specification of the problem. Phenomenon of cata-
strophic forgetting happens when models’ performance
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on their previous knowledge drastically decreases when
model adapts to new knowledge.

Modern studies, oriented on reducing catastrophic
forgetting in continual learning are commonly catego-
rized into four major groups: replay-based methods, pa-
rameter regularization methods, parameter isolation
methods and hybrid approaches that combine elements
from other methods, listed above. [2]

Replay methods based on storing legacy learning
data or reproduction of this data using generative models
(generative replay). [3] However they suffer from scala-
bility issues, privacy concerns and storage overhead. And
for generative replay, training process of such models is
complicated and requires a lot of resources. Also, in
transformer-based continual learning scenarios, use of re-
play may require storing large token buffers that is im-
practical. One of the recent improvements of this type of
methods is Selective Attention-Guided Knowledge Re-
tention, approach [4], that uses selective attention distil-
lation to improve efficiency of data usage allowing of us-
age only fraction of replay samples. While replay meth-
ods remain among the most effective empirically, their
reliance on stored or generated data limits scalability in
natural language processing in continual learning scenar-
ios.

Regularization methods, on the other hand, are con-
trolling not model memory, but its parameters and how
they are updated. These methods constrain parameter up-
dates to preserve knowledge from previous tasks. In such
methods there is no need for data storage and the princi-
ple used to reduce forgetting is protecting task-specific
weights. For example, Elastic Weight Consolidation
(EWCQC) [5] uses Fisher Information as parameter im-
portance estimate and during training model is punished
if this parameters changed a lot. But such approach often
trades plasticity for stability and is potentially limited to
certain number of tasks (when all model parameters are
constrained already, model would not learn efficiently on
new tasks). Also, in high -dimensional transformer mod-
els parameter importance estimates may be unreliable.

Parameter isolation methods allocate separate pa-
rameters for each domain or task to avoid overwriting
task-specific parameters. In context of transformer mod-
els, this approach takes form of adapters [6], LoORA mod-
ules [7] or prompt-based components added per task.
This approach provides strong task separation and is
compatible with large pretrained transformer models via
parameter-efficient tuning. One of the recent papers us-
ing this approach is Adapter-Based Multi-Modal Contin-
ual Learning with a Two-Stage Learning Strategy [8].
Overall, adapters and related parameter isolation strate-
gies are particularly suitable for natural language pro-
cessing in continual learning scenarios, but adding new
tasks for model may require architectural expansions and

finding balance between knowledge transfer across tasks
and isolation remains an active challenge.

Hybrid approaches combine elements from replay,
regularization and isolation to leverage complementary
strength. These models benefit in memory usage balanc-
ing, stability control and task adaptation. For instance,
method, Averaged Gradient Episodic Memory [9] com-
bines replay with gradients regularization to prevent deg-
radation of performance on previously learned tasks.
Similarly, Dark Experience Replay [10] uses replay buff-
ers alongside regularization of logits to stabilize models
prediction capabilities across different tasks. These meth-
ods often achieve state-of-art empirical performance that
address different aspects of catastrophic forgetting and
represent one of the most promising directions in solving
this problem.

The proposed model introduces a representation-
level regularization mechanism that differs fundamen-
tally from existing replay-based, parameter regulariza-
tion-based and parameter isolation-based approaches.
Unlike parameter regularization approaches which con-
strain individual parameters based on estimated im-
portance, the proposed method stabilizes latent feature
distributions in transformer layers. This prevents seman-
tic drift, avoiding unreliable parameter importance esti-
mation for high-dimensional transformer models, allow-
ing the model to maintain domain-invariant semantic
structures while still permitting parameter adaptation.
Usage of forget gate in attention mechanism can be rep-
resented as a method of controlled sharing of knowledge
between domains.

1.3 Objectives and tasks

Formulation of the problem: develop and experi-
mentally validate a continual learning method for trans-
former-based language models that reduces forgetting
while preserving adaptation to new domains.

Research objectives:

1. Analyze current approaches to the problem of
catastrophic forgetting in transformer language models
and to methods of continual learning.

2. Develop uncertainty-inspired regularization
mechanism suitable for transformer architecture.

3. Integrate a contextual forgetting mechanism
based on Forgetting Attention with proposed regulariza-
tion method.

4. Implement a transformer-based language model
with the proposed multi-layer regularization mechanism
using PyTorch framework.

5. Experimentally evaluate the proposed method
by measuring perplexity, forgetting, stability—plasticity
trade-off, and latent representation drift under sequential
domain adaptation conditions.
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6. Compare the proposed method with naive fine-
tuning, EWC and LoRA in terms of perplexity, forgetting,
computational cost, and stability—plasticity trade-off.

The article is structured as follows:

Section 2 describes the materials and methods used
in this study, including: formal definition of the problem,
the description of the proposed representation-level reg-
ularization framework, the FoX-inspired attention mech-
anism, the model architecture and hyperparameters, used
in experiments, data description and preparation, experi-
mental setup, approaches, that are chosen for comparison
with proposed method. Section 3 shows results of the ex-
perimental evaluation and case-study, including perplex-
ity dynamics, forgetting metrics, stability-plasticity anal-
ysis, layer-wise representation drift. Here is also provided
a detailed discussion of the obtained results, their mean-
ing, and their comparison to existing approaches.

Section 4 concludes the article by summarizing the

main findings and outlining directions for future research.

2. Materials and methods of research

First, formalization of the task. Model is working in
continuous learning scenario, sequentially learning on se-
quence of text dataD, D = {D;,D,, ..., Dy}, D; N D; = 9,
Vi,j = 1,N,i # j. At the learning step i model have ac-
cess only to the dataset D;, it does not have access to pre-
viously observed datasets {D;,D,, ..., D;_;}. In terms of
evaluation models® efficiency, the goal is to minimize
models’ perplexity on current dataset D; and at the same
time minimize perplexity degradation on previous da-
tasets {D;, D5, ..., Dj_1 }. From optimization perspective,
the goal is to obtain during model training a sequence of
parameter states 64, 0, ..., Oy, where 6; stands for mod-
els’ parameter set after model finished training on dataset
D;. At each learning step, the task-specific loss function
is defined (1).

Li(8;) = Egxyy-p, [1(fo, ®), y)]. fori =T N, (1)

where D; is data distribution on current learning step
E is the expectation operator over samples from Dj;
y is the target sequence corresponding to the input

1 is per-sample loss function;

fo, is language model with parameters ;.
The dataset that is available to model during training step
is a finite sample drawn from unknown distribution.
L;(0;) represents expected task-specific objective at
training step i. Minimizing L;(6;) is equivalent to mini-
mizing model perplexity on current dataset. But, when
optimizing only L;(8;) on each training step, this works
only for current dataset and can and definitely will lead
to changing parameters that are vital for previous tasks,

and results in catastrophic forgetting. This is the general
issue in continual learning, especially severe in trans-
former-based language models. [5],[11] Assume, that R;
as metric of previous tasks knowledge retention. Then, to
optimize the model during all learning stages, there is a
need to minimize losses on all previous tasks, so,
R;(8;) (2) will be calculated as following.

R;(6;) = éZL_zll L (), 2

where Ly (0;) is task-specific loss function.

But on step i model do not have access to
{D;,D,,...,Dj_1}, so it can not directly minimize R;(6;).
To solve this problem Bayesian approach to continual
learning was used as an inspiration. In Bayesian approach,
model parameters are not deterministic values, they are
described by posterior distribution p(8|D). This con-
strains parameter updates by incorporating the posterior
from previous tasks as a prior for the current task. In
classic approach, model parameters are deterministic val-
ues. In transformer models knowledge is stored as con-
textual representations (hidden state), formed by self-at-
tention mechanism. [12] When the parameters are up-
dated, even a little, representations can change a lot.
Therefore, constraining representation drift can be used
as indirect way of stabilizing model parameters. Assum-
ing this, the proposed approach is formulated. It is con-
ceptually related to Bayesian metaplasticity methods
such as Metaplasticity from synaptic uncertainty
(MESU) [13], which use synaptic uncertainty to regular-
ize parameter updates and minimize forgetting. In MESU
uncertainty is associated with network parameters and
used as estimate of parameter importance. In this ap-
proach plasticity is modulated via adaptive learning rate
that is proportional to parameter variance. However, for
transformer-based language models, using probabilistic
parameters is computationally infeasible due to large
number of parameters, high complexity of estimating the
full posteriors and unstable optimization in high-dimen-
sional weight spaces. On the other hand, approach pro-
posed in this paper uses uncertainty idea not on model
parameter space, but on latent representation space. In-
stead of controlling distribution over weights, proposed
approach is a representation-level analog of MESU idea
and here variance of latent activations is an indicator of
knowledge stability.

2.1 Representation level regularization

Assume that transformer model has L layers. In this

case for input sample X, initial representation h(® is de-
fined as (3):

h©® =x. 3)
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The output h® of the transformer block 1 then is (4):

h® = fg" (), @
where fe(l)is transformation made by transformer block 1.
For realization of proposed approach, representations
are extracted after the second LayerNorm operation (5)
inside each transformer block in proposed architecture:

O = IN2(FO), )
RO = h0=0 4 MHSA (LN1(h0-)), ()

where z® is the latent representations being regularized;
h® is the output of the first residual add operation;

MHSA returns the output of Multi-Head Self Atten-
tion mechanism;

LN1 and LN2 are layer normalization operations;

FFN returns output from Feed Forward Network
module.

The main idea here is to model latent representa-
tions z( with Gaussian distributions. The rationale is as
follows. This is based on Maximum Entropy principle,
formulated in Elements of Information Theory [14]. As-
sume that latent vector z € RY is extracted from one of
the transformer layers.

Also assume that the only known information about
this vector is its mean (7),

Elz] =, ™
and covariance (8).

E[z-wz-wT=I. ®)

The Maximum Entropy principle states that among
all probability distributions that satisfy known statistical
constraints (9) (mean and variance in this case) the one
that maximizes entropy should be chosen. So, approxi-
mation of latent activation vector z requires to find func-
tion (distribution) q*(z), (10) that maximizes entropy
(11):

Q={q@IE[z] = wE[z-w(z - wT] =3},

©)

q"(z) = argmaxH(q(z)) , (10)
qeqQ

H(q) = — [ q(2) *log q(z)dz, (11)

where Q is the set of all such distributions q(z) that have
the same p (defined in (7)) and X (defined in (8));
H(q) is the entropy of distribution q.
According to the “Elements of Information Theory”
this optimal distribution q*(z) is calculated as in (12):

q'(z) = N(w, ), (12)

and it is multidimensional Gaussian distribution.

Full proof of this statement can be found in Ele-
ments of Information Theory [14]. In case of latent rep-
resentations, the distribution with maximum entropy
guarantees that no additional unwanted structural as-
sumptions are introduced by this approximation.

So, for each learning step i, representation is a

Gaussian distribution qi(l) (z) (13) with diagonal covaria-
tion matrix Zi(l) (14):

qi(l) (z) = N(ui(l)’zi(l))’ (13)
0% 0

W= 6z i) (14)
o -

where ui(l) is mean average of latent representations in
layer 1 after learning on D;;
0]-2 is dispersion (uncertainty) for each dimension j.

The mean and variance of the latent representations
at each layer are retained. In (14) diagonal approximation
of covariance estimation is used because in high-dimen-
sional representation space full covariance estimation re-
quires O(d?) parameters, is unstable and computation-
ally infeasible.

To teach the model to retain its previously acquired
knowledge, loss function needs to be upgraded: now the
model is penalized not only for bad adaptation to new do-
main via standard loss function, but also for bad retention
of previous knowledge. The overall training objective at
step i is to minimize the following loss function L; (15):

KL @) || o, @],

1 (15)

L

Li = Eqxyy~p, [1(fa (), )] + 2
1=

where KL is Kullback-Leibler distance.

In this case, KL from (15) can be calculated as fol-
lows (16) (according to (14)):

1 =y
KL( @llai2y(2)) = ;L [log 5 +

2 2
O'i,j"'(lli,j—lli—l,j)
2 - 1]'

o, (16)

The A parameter here controls the strength of the
regularization penalty for information loss. The idea of
using KL divergence here is inspired by Variational Con-
tinual Learning [11], where it is used as a measure of pos-
terior divergence across tasks.

In this paper, similar ideas are applied, but to the
latent space. Assume that on training step i — 1 on layer
1 latent representations are represented as following (17)
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1 1 1
q®, @ =NE®,z0) . (17)

To minimize forgetting, the distribution on step i
have to be very close to the distribution on step i — 1 (18),

@ ~q @), (18)
which is equivalent to minimizing (19):
KL(a" @19, () . (19)

Here KL divergence is a measure of distance be-
tween distributions qi(l_)1 (z) and qi(D (). Minimizing KL
divergence also can be interpreted as informational pro-
jection of the new distribution qi(D (z) on information

space of the old distribution qi(l_)1 (2).

The KL divergence penalty in latent space (19) can
be also interpreted as analogue to Fisher information pen-
alty (which is used by EWC in parameter space). It pro-
vides computationally effective approximation to Bayes-
ian uncertainty. What is done above is adaptation of
Bayesian uncertainty regularization approach, proposed
in MESU [13] and Variational Autoencoders [15] to the
transformer-based language models by introducing a
layer-wise regularization term over latent representations.

2.2 FoX-inspired attention

While MESU-inspired distributional regularization
approach preserves knowledge across tasks, it does not
control how the model attends to its past content. In trans-
former language models self-attention is a core driver of
context modeling, it determines how information from
previous tokens affects current predictions. Even with
stabilized representations standard self-attention may
overweight certain past tokens, and this can potentially
interfere with learning new domain. To overcome this
limitation, the proposed approach incorporates the For-
getting Attention (FoX) proposed in [16] into the atten-
tion computation. This mechanism augments standard
softmax attention (20) with dynamic forget gate, allow-
ing the model to control influence of past tokens in con-
text-dependent, learnable manner. This gate is computed
using current hidden states and affects softmax attention
scores before applying weighted sum. Below is a brief
description of this mechanism. Head-wise multiplicative
forgetting modulation is applied directly to the attention
weights (21):

A(Q K, V) = softmax (QT‘;T) . (0)
AFOX (Q! K! V) = A(Q} K: V) * g(X) ’ (21)

where A(Q, K, V) is standard attention head output;

Apox(Q K, V) is FoX mechanism attention head
output;

gx) = G(Wg xx+Db) is learnable gate function
that produces head-specific modulating coefficients.

By modulating attention pathways FoX reduces
gradient interference across tasks which complement
MESU-inspired distributional regularization.

2.3 System architecture

2.3.1 Transformer block

Let’s look at architecture of transformer block | of
proposed model (Fig. 1). It is based on transformer block
architecture, proposed in [12]. It has Pre-LN configura-
tion, where normalization is applied before the attention
mechanism, to improve training stability and gradient
flow [17]. Input of this block is hidden representation h®.
Then this representation is normalized by using a layer
normalization operator (LayerNorm1), which stabilizes it.

The normalized representation is given to the mod-
ified multi-head self-attention module with forget gate.
In this module, standard scaled dot-product attention aug-
mented with learnable gating mechanism that modulates
attention weights head-wise. Also, here queries, keys and
values that are obtained via linear projections are trans-
formed using rotary positional embeddings. The formed
attention output vector is added to input by residual add
operation.

After this the second normalization, LayerNorm?2 is
performed. The latent space z" is the output of this op-
eration. Then z is given to Feed Forward network,
which consists of two linear transformations with Gauss-
ian Error Linear Unit (GELU) activation function and
output of this network is added to results of first Residual
Add operation via second Residual Add operation. This
operation forms output of the block, h(*V), that is given
to the input of next transformer block.

2.3.2 Latent statistics snapshot block

This block is aimed at collecting statistics of the
model latent space z(, formed after LayerNorm?2 opera-
tion. This is the space that proposed model aims to regu-
larize. Here, mean and covariance of z | approximated
as a multivariate Gaussian distribution with diagonal co-
variation matrix, are extracted. These statistics are accu-
mulated over each dataset training to obtain stable esti-
mates for each domain.

During training stages, the previously computed
statistics are used as reference distribution. The current
latent distribution is compared to the reference one, ob-
tained after previous domain training, via KL divergence
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and this divergence, multiplied by scaling coefficient, is
used as a regularization term in the models’ loss function.

Transforme

-1
LayerNor Feed |
2 Forward Latent
1] L — | representation
Residulal Add ‘ Zil)
- . | Approximation
I Residulal Add ‘ of 2{l) with
i Gaussian
Multi-head distribution
attention
Calculat
with b Saved latent
Meanaed | statistics for
forget covariance for 201
el distribution
LayerN
[input ntr } E“’er_l Bl

Output
nil+1)

Fig. 1: Scheme of transformer block used in proposed approach

2.4 Experiment setup

In this study, the experimental setup, described be-
low, is designed to evaluate the effectiveness of the pro-
posed approach, compared to other existing approaches
in controlled continual learning scenario with sequential
domain shifts. This includes datasets selection and pre-
processing, model configuration and hyperparameters,
training procedure, experimental protocol and evaluation
metrics.

2.4.1 Data preparation

For evaluating the proposed model on the task of
natural language processing (NLP), specifically auto-
regressive language modeling, in continual learning sce-
nario, were selected 3 text corpora, that represent differ-
ent domains: Wikipedia [18], CC-News [19], EURLEX
[20].

These datasets differ in language style and semantic
structure, and this makes them suitable for analyzing cat-
astrophic forgetting in sequential domain adaptation.
Also it creates realistic continual learning setup, where
model is sequentially exposed to heterogeneous domains.
This allowing to analyze how effective is proposed ap-
proach. Below is a brief description of each chosen da-
taset.

2.4.1.1 Wikipedia

This dataset is derived from English version of Wik-
ipedia. It contains encyclopedic articles with wide range

of topics, such as science, technology, culture, history, etc.

Each record in this dataset contains an independent text
article. The articles in this dataset typically contain long
paragraphs with clear structure and are written in formal
descriptive language style. In original dataset in addition

to the text article there are some metadata fields, such as
title, section headers, and auxiliary info, but in this study,
they are not used.

2.4.1.2 CC-News (News)

This dataset contains news articles that are collected
from a wide range of online media sources, covering dif-
ferent topics: economics, politics, technology and events.
Each record of this dataset contains: the text of the article,
title of this article, date of publication, source metadata,
related image / images. Articles in this dataset contain
slightly shorter paragraphs, compared to Wikipedia and
are written in journalistic language style without clear
structure, representing more live-use language construc-
tions. For this study only text fields of this dataset that
contain articles are used.

2.4.1.3 EURLEX (Legal)

This dataset contains documents retrieved from Eu-
ropean Union legal database, including regulations, di-
rectives, laws, etc. Each record of this dataset contains:
legal document text, document identifiers, classification
metadata. Texts in this domain are smaller than in Wik-
ipedia and News, have complex sentence structures and
are written in highly formal language style. Also this do-
main has a lot of specialized terminology and specific ex-
pressions, compared to Wikipedia and CC-News. For ex-
periments in this study only legal document text is used.

All datasets that are used in experiments in this
study are publicly available and were accessed through
the HuggingFace Datasets data library for reproducibility.
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2.4.1.5 Motivation of datasets selection

Datasets described above were chosen to create a
continual learning scenario with increasing domain shift.
Such setup is essential for evaluating of robustness of the
proposed approach under realistic conditions when
model is exposed to heterogeneous data distributions.

For this task it is very important to take diverse do-
mains, because when training on new corpora, the model
needs to adapt to significantly different language distri-
bution. On transition from Wikipedia to News, there are
stylistic variations, structure shifts, and on transition
from News to Legal there are substantial syntactic, lexi-
cal and structural differences.

Training order is the following:

Wikipedia — News — Legal

During training on new domain, model do not have
access to previous domains data. Also, all models’ pa-
rameters are training on new domains.

To maintain similar training conditions for each do-
main, each dataset was truncated to fixed token budget of
35 000 000 tokens. This number was taken, because this
is the approximate size of the smallest dataset (Legal),
obtained after preprocessing.

2.4.1.6 Preprocessing

To maintain consistent training across domains and
ensure that no noise in data is affecting results, the data
preprocessing was applied to all used datasets. Each doc-
ument was normalized by removing redundant
whitespace and other formatting artifacts, and empty
samples were removed too. Also, all text samples, con-
taining less than 200 characters, are removed. Assuming
that these datasets may contain not only English language
samples, auto language detection was used and all non-
English samples are removed. Also, documents are re-
moved if they contain any hyperlinks, URLs or have low
proportion (less than 0.6) of alphabetic characters (noisy
or non-linguistic content). On each dataset, deduplication
via MDS5 hashing was made. Each domain dataset is pre-
processed separately. All datasets were split in train, val-
idation and test parts, train is 90%, validation is 5% and
test is 5%. Tokenization parameters are shown in Table 1:

Table 1
Tokenization configuration
Parameter name Value
Tokenizer GPT-2
truncation False
add_special tokens False
pad_token eos_token
Padding strategy Dynamic
Attention mask saving False

2.4.1.4 Datasets summary

After all datasets undergone preprocessing, lets
compare them visually to understand their structural dif-
ferences.

First, distribution of document sizes across all do-
mains. It can be clearly seen (Fig. 2) that for Wikipedia
domain there are more documents with size of 10000+
tokens than News and Legal domains. Also, it is clear that
in Legal domain all documents are smaller than 10000
tokens.

Length statistics per domain

Legal Il]m
News - [I-_-IBIEIEJ [rifeRelal
Wikipedia 1 H-—-nmo o @ oo O o

0 10000 20000 30000 40000

Document length (tokens)

Fig. 2: Distribution of document sizes for all domains

Now about domain similarity. To show how much
domains differ from each other, the domain similarity
matrix was computed using TF-IDF representations and
cosine similarity as a metric of semantic closeness.

The heatmap (Fig. 3) illustrates semantic similarity
between all used datasets. As expected, difference be-
tween the Wikipedia and News is not so big, while dif-
ference between Legal domain and all other domains is
way bigger.

1.0
Wikipedia
0.9
News 0.8
0.7
Legal
0.6

News

Wikipedia

Fig. 3: Domain semantic similarity heatmap

Legal

Final datasets sizes (documents count and total
amount of tokens that are used in all experiments) are
shown in Table 2:

Cosine similarity
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Table 2
Final datasets info
Dataset name Tokens
Documents
Wikipedia 49911 34997875
News 63298 34999886
Legal 44961 32156942

2.4.2 Model architecture

For described task a custom casual transformer lan-
guage model is used. Its architecture is designed to ap-
proximate mid-scale decoder-only architecture and on
the other hand be computationally feasible on available
equipment. All model parameters and configurations de-
scribed in this section are frozen for all experiments that
are done in this study.

Final model parameters that are used for all experi-
ments are described in the Table 3:

Table 3
Model parameters
Parameter name Value
Number of layers 6
Hidden size 512
Number of attention heads 8
Attention head dimension 64
Feed-Forward Network dimen- 2048
sion
Vocabulary size 50257
Normalization type LayerNorm
LayerNorm & le-5
Affine parameters True
Final LayerNorm True
FFN activation function GELU
LM Head Linear
LM Head bias False
Basic loss function CrossEntropy

For better model performance with long sequences,
Rotary Positional embeddings [12] are used separately in

each attention head. For g, K vectors used in self-atten-
tion mechanism, they are transformed before dot-product
using (22):

RoPE(G,K) = (g * cos(8) + R(G) * sin(6) ,k *
cos(8) + R(k) *sin(8)), (22)

where a = (Ch; gz, ) qn);
— - (0 -1
R@ =3+(] );
e = p * (Di.

where p is token position;

2i
w; = 100007d .
2.4.3 Training arguments

The training configuration, noted in Table 4 is used:

Table 4
Model training hyperparameters
Hyperparameter name Value
Optimizer AdamW
Learning rate 2e-4
Batch size 1
Gradient accumulation steps 16
Effective batch size 16
Number of epochs per domain 1
Gradient clipping 1.0
Optimizer reinitialization True
Max_sequence_length 512
Chunking No
Random seed 42

The hyperparameters described in Table 4 are fro-
zen for all experiments that are conducted in this study.

Such hyperparameters were selected empirically,
based on preliminary experiments and common practices
in experiments with language models. Due to equipment
technical limitations, automatic hyperparameter optimi-
zation methods were not employed. Chosen hyperparam-
eters demonstrated stable performance on available
equipment and therefore were retained for all experi-
ments.

Final used mode size is 70378496 parameters.

2.4.4 Experiment list

A sequence of experiments is conducted in order to
compare proposed model efficiency with existing ap-
proaches to continual learning task, that are not using any
memory buffers (replay), for the fair comparison. Brief
descriptions of each experimental setup, conducted in
this study are provided in the Table 5.

Table 5
Experiments description

Approach Description

Naive fine-tuning No regularization

methods

Elastic Weight Consolidation
(EWC)

Parameter regulari-
zation method based
on Fisher infor-
mation

Latent regularization with mod-
ified attention

Proposed model

LoRA Parameter isolation

method
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For comparison with LoRA the total adaptation
budget was divided into three isolated domain-specific
adapters. Each domain received a dedicated LoRA rank
of 128. Such configuration eliminates parameter interfer-
ence between domains. During domain training parame-
ters that belong to other domains are frozen. This baseline
represents a favorable setting for LoRA and is giving it
good conditions for its continual learning performance
under a fixed adaptation budget. The total LoRA rank
was intentionally set to a relatively large value of 384,
compared to commonly used LoRA configurations, re-
ducing possibility of baseline performance constraining
by small adapter size. Detailed LoRA configurations are
stated in Table 6:

Table 6
LoRA configurations

Parameter name Value
T 128
lora_alpha 256
lora-dropout 0.1
target_ modules gkv

bias none

task type None

For proposed method A = 2 * 1072 is defined. This
parameter affects the amount of model punishment for
information loss.

For EWC A = 1000 is used. In EWC method, the
regularization term is weighted by the Fisher Information
Matrix, whose values are typically several orders of mag-
nitude smaller than the task loss. Consequently, substan-
tially larger A value is required to achieve a meaningful
regularization effect.

2.4.5 Evaluation metrics

For model evaluation following metrics are used:
Perplexity (PPL) (23) is measured on validation set after
each training stage and serves as primary metric for eval-
uating model performance.

PPL = eFll, (23)

where L is loss function for each evaluation batch;

E[L] isthe loss average value on the validation data.

Forgetting for domain D; after training on domain D; is
defined as (24):

Fij = PPLagcer p; (Di) — PPLagrer p; (D),
(24)
where PPLrer p, (D;) is PPL on domain Dj after training
on domain Dj;
PPL,fter p, (Dy) is perplexity on domain D; after

training on this domain.

3. Results and case study

This section presents experimental evaluation of the
proposed approach and evaluation of its effectiveness
compared to other existing approaches described in Table
4. The results include both quantitative and qualitative
analysis of model behavior across training stages. Here
are presented perplexity values, domain-wise forgetting
measures and stability-plasticity trade-off analysis. In ad-
dition to the standard evaluation metrics, in this section
the internal model dynamics is examined via analysis of
latent representation drift across model layers. Also here
computation budget is

The case study is based on experimental setup de-
scribed in section 2.4 and focuses on the autoregressive
language modeling under a continual learning scenario
with three domain shifts. All metrics that are stated in the
section 2.4.5 are computed for the case study task equally
for all experimental approaches, stated in Table 5.

3.1 Perplexity curves

These plots are showing perplexity values after
training on each domain: perplexity on Wikipedia after
training on News, perplexity on News after training on
Legal and perplexity on Wikipedia after training on Legal.
These graphics show how model adapted to new domain.
The lower is perplexity on domain the better adaptation
of model to this domain. This is the measure of model
plasticity.

Fig.4 represents proposed model.

5000
4500 =@= \\ikipedia
= News
4000 -~ - @ Legal
3500
> 3000
=
@ 2500
g
£ 2000
1500
1000
500 »
0 A o e @2 e ®
init Wiki News Legal

Training Stage

Fig. 4: Per-domain perplexity dynamics of proposed
model
Fig. 5 corresponds to the model with EWC regular-
ization.
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Fig. 5: Per-domain perplexity dynamics of model with

EWC regularization

Fig. 6 represents model with naive fine-tuning.
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Fig. 6: Per-domain perplexity dynamics of model with

Figure 7 shows the perplexity dynamics for model

with LoRA.

Here, the stability of perplexity curve for domain
after learning on it shows the stability of such trained

adapter.

naive fine-tuning

with LoRA

3.2 Forgetting curves

These plots show the dynamics of model productiv-
ity degradation on previously learned domains after
learning on new domain. The lower is forgetting the more
stable is model. This is a measure of model stability: abil-
ity to preserve previously acquired knowledge.

These plots help to understand how using different
approaches to continual learning (Table 3) influences the
amount of forgetting.

Fig. 8 represents proposed model.

3500

3000

2500

2000

Forgetting

=@= \Nikipedia
=@= News
- @ Legal
]
M.
® .-—-_‘.":'_':1 b -9
init Wiki News Legal
Training Stage

Fig. 8: Per-domain forgetting dynamics of proposed

model

Fig. 9 corresponds to the model with EWC regular-

ization.



Machine learning and intelligent systems

105

3500

=®= \Wikipedia
=0= News
=@ |egal

3000

2500

M
[=]
(=]
[=]

1500

Forgetting

1000

500

init Wiki News Legal

Training Stage

Fig. 9: Per-domain forgetting dynamics of model with
EWC regularization

Fig. 10 illustrates the behavior of model with naive
fine-tuning.
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Fig. 10: Per-domain forgetting dynamics of model with
naive fine-tuning

Figure 11 shows forgetting dynamics of model with
LoRA.
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Fig. 11: Per-domain forgetting dynamics of model
with LoRA

3.3 Stability-plasticity trade-off

These plots sow how model stability and plasticity
are connected. In these plots plasticity is measured as the
perplexity on the newly learned domain after model is
trained on it, reflecting how well the model adapted to
new data. Stability is calculated as an average forgetting
on previously learned domains after model is trained on
the new domain. Here, colored region on plots is stabil-
ity-plasticity trade-off. The smaller this region is, the bet-
ter the model maintains the optimal balance between ad-
aptation and previous knowledge retaining. The numeri-
cal values on these plots are computed area of this region.
Fig. 12 represents proposed model.
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Fig. 12: Stability-plasticity trade-off dynamics of pro-
posed model

Fig. 13 corresponds to the model with EWC regu-
larization.
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Fig. 13: Stability-plasticity trade-off dynamics of model
with EWC regularization
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Fig. 14 illustrates the behavior of model with naive
fine-tuning.
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Fig. 14: Stability-plasticity trade-off dynamics of model
with naive fine-tuning

Figure 15 represents stability-plasticity trade-off for
model with LoRA.
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Fig. 15: Stability-plasticity trade-off dynamics of model
with LoRA

3.4 Layer-wise representation drift heatmap

The layer-wise representation drift heatmap
visualizes the changes in latent representations across
transformer layers during sequential domain adaptation.
Only the layers to which the proposed regularization is
applied are considered in all experiments. Latent
representations for this analysis are extracted after the
second Layer Normalization operation, as shown in the
model layer architecture (Fig. 1).

Each cell in the heatmap is the distance between
latent mean vectors of a given layer before and after
domain transition. To compute this value, for each layer

hidden representations are aggregated by averaging
across all tokens and samples of the dataset. The resulting
mean vectors for two consecutive training stages are
compared via Euclidean distance (L2). Here, L2 distance
is chosen because it allows to estimate the distance
between mean vectors of latent representations in their
Gaussian approximations. The Eucledian distance
between them is a component of KL divergence between
two Gaussian-like distributions. This provides the
quantitative assessment of representation drift and the
regularization term used in proposed model. This
provides a measure of representation drift on each layer.

Here larger values are interpreted as stronger
changes in the latent representations, which is a sign of
the reorganization of the model internal knowledge. Such
reorganization is associated with adaptation to new
domains, but also implies the loss of distortion of
previously learned information.

Smaller distances can be interpreted as the relative
stability of the latent representations showing that the
previously acquired knowledge is preserved. Such
visualization provides insight into the role of different
layers in adaptation process and highlights, where
knowledge reorganization is the largest, and where it is
the smallest and shows how stable the hidden
representations are during training of the proposed model
and of the models with different approaches.

Fig. 16 presents the representation drift heatmap
for the proposed model.
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Fig 16: Layer-wise representation drift heatmap of pro-
posed model

Fig. 17 corresponds to the heatmap for model with
EWC parameter regularization.
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Fig. 18 shows the results for the model with naive fine-

tuning.
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3.5 Result tables

All experiments were conducted on a single
NVIDIA RTX 3060 GPU.

In addition to isolated LoRA adapters, another ex-
periment was conducted, using only one isolated adapter
for all domains (all LoRA parameters for this experiment
are stated in Table 6). In the Table 7 forgetting after train-
ing on domains is shown.

In Table 8 perplexity after training on domains is

stated.
Table 8
Final perplexity measure after model training on all do-
mains
Approach Domain
Wikipedia News Legal
Naive fine- 4756.834 | 3198.918 6.018
tuning
EWC parame- | 3291.918 | 2727.105 7.898
ter regulariza-
tion
Proposed 540.632 406.985 3.536
model
LoRA (3 9008.937 | 10561.078 | 269.496
adapters)
LoRA (1 21521.849 | 21782.651 | 1272.227
adapter)

The computation budget for this experiments are

shown in Table 9:

Table 9
Computation budget
Approach GPU-hours Relative Cost
Naive fine- 1.845 100%
tuning
Proposed 1.755 95.1%
model
EWC param- 2.145 116.3%
eter regulari-
zation
LoRA (3 1.314 71.2%
adapters)
LoRA (1 1.284 69.6%
adapter)
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Also, to ensure robustness of the proposed method
to random seed variation and its stability, 5 independent
runs were conducted, using new random seed every
time.

Detailed results with mean, standard deviation and
95% confidence interval values are stated in Table 10:

Table 10
Proposed method stability test results
Metric Standard de- | 95% confi-
Mean .. .
viation dence inter-
value
val
Final PPL 3.55 +0.03 +0.04
(Legal)
Final PPL | 399.16 +7.04 +8.74
(News)
Final PPL | 533.38 +24.91 +30.9
(Wikipe-
dia)
Forgetting | 407.18 +24.87 + 30.88
(Wikipe-
dia)
Forgetting | 291.27 +6.07 +7.54
(News)

3.6 Comparison with LORA

Having separate parameters for each domain guar-
antees absence of scenarios, when parameters for certain
domain are changed during adaptation to another domain,
which results in absence of forgetting. But, even in the
favorable scenario for LoRA (3 adapters), the quality of
model adaptation is significantly lower (higher PPL),
than for the proposed method (Table 8). Also, in the
LoRA (3 adapters) configuration used in this study, fur-
ther adaptation to other domains is impossible without in-
creasing model parameter count via addition of new
adapters.

On the other hand, proposed method does not have
such limitations. Stability-plasticity balance (Fig. 15), as
expected, is worse than any other method, tested in this
study (Fig 14, Fig. 13, Fig. 12). In addition, separate iso-
lated adapters for each domain makes knowledge transfer
between domains impossible. For LoRA (1 shared
adapter for all domains), situation is even worse than for
3 isolated adapters. This method achieved the worst PPL
among all tested (Table 8). Also, the average forgetting
for LoRA (1 adapter) is the highest in comparison to other
tested methods.

3.7 Discussion
For naive fine-tuning model (Fig. 6), perplexity is
very high on first two domains and is significantly lower
on the third. This means that the model adapted to new

domains by losing knowledge on previous domains. In
EWC model (Fig. 5), there are some improvements on
stability on Wikipedia and News, but by looking at Table
8 it can be concluded that the EWC model has poorer
plasticity on the Legal domain, compared to naive fine-
tuning model. For the proposed model (Fig. 4), perplexity
on all domains is the lowest compared to other tested
models, and as a result has the highest plasticity. For na-
ive fine-tuning (Fig. 10), forgetting after each new do-
main increases drastically and cumulative forgetting on
Wikipedia is the highest, compared to other models (Fig.
8), (Fig. 9). Such model behavior means that the model
almost completely overwrites previously learned
knowledge when trained on a new domain. Here the clas-
sic catastrophic forgetting phenomenon occurs, demon-
strating the limitations of simple sequential fine-tuning
without the use of any additional mechanisms for
knowledge preservation. For model with EWC parameter
regularization (Fig. 9), forgetting is lower, compared to
naive fine-tuning, but not substantially lower. Parameter
updating constraint here prevents some knowledge loss,
but only partially. Although parameter regularization
slows down degradation, the cumulative forgetting is still
high after introduction of the new domain. On the other
hand, in the proposed model (Fig. 8), forgetting is signif-
icantly smaller than in EWC and naive fine-tuning mod-
els, cumulative increase of forgetting is also almost ab-
sent, which indicates that this model is able to maintain
previously learned knowledge during adaptation to new
domains. As a result, the proposed model demonstrates
higher stability compared to the naive fine-tuning and
EWC parameter regularization.

In quantitative terms proposed model reduces for-
getting by approximately 11 times, compared to naive
fine-tuning and by approximately 7 times compared to
the model with EWC regularization. These results con-
firm the effectiveness of the proposed approach in reduc-
ing forgetting. For the naive fine-tuning model (Fig. 14),
the trade-off region is the largest among all tested models,
meaning that it has the poorest stability-plasticity balance.
Next, the EWC model (Fig. 13) has better overall stabil-
ity-plasticity balance compared to the naive fine-tuning.
However, the improvement is still limited. During the
first domain transition the trade-off is slightly worse than
in the naive fine-tuning, highlighting that parameter reg-
ularization can reduce adaptability to the new data. The
stability-plasticity balance for the proposed model (Fig.
12), is the best among all tested models as it has the
smallest area between curves. This shows that the pro-
posed model can simultaneously achieve low forgetting
on the previous domains, while maintaining good perfor-
mance on new domains. As a conclusion, proposed
model effectively minimizes forgetting and at the same
time maintains good adaptability to new domains. This
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result shows that the architectural modifications pro-
posed in this study help in regulating model learning dy-
namics and improving of stability-plasticity balance,
which is one of the key challenges in continual learning
[1]. For the naive fine-tuning model (Fig. 18), represen-
tation drift is significant on all layers, especially on tran-
sition from News to Legal domain. Model reorganizes its
internal representations to adapt to the new domain, but
this reorganization leads to the loss of previous
knowledge. For the EWC model (Fig. 17), representation
drift is even larger than in naive fine-tuning model. Such
results may seem counterintuitive but show one im-
portant observation: stability of the model parameters
alone does not guarantee the stability of the representa-
tions and knowledge. Therefore, standalone parameter
regularization may not be sufficient for knowledge reten-
tion.

For the proposed model (Fig. 16), representation
drift is the smallest among all tested models. This shows
that the latent representations remain significantly more
stable than in the naive fine-tuning and EWC model. It
proves that proposed regularization has a significant ef-
fect on latent space stability and prevents excessive reor-
ganization of knowledge (small reorganization is needed
though, as it represents adaptation to the new domain).
This result shows that the proposed approach effectively
prevents forgetting on the representation level.

Proposed method also maintains high stability in re-
peated runs with random seed variation (Table 10). The
resulting 95% confidence intervals are very narrow com-
pared to the metric values, confirming high statistical sig-
nificance of the proposed method.

Besides continual learning quality metrics, the com-
putational efficiency of the proposed method was evalu-
ated using the computation budget, measured in GPU-
hours required for model training. This metric reflects the
practical computational cost of the proposed approach
and enables a direct comparison with alternative contin-
ual learning methods. As shown in Table 9, the proposed
model requires fewer GPU-hours than naive fine-tuning
and EWC parameter regularization, demonstrating its
computational efficiency while maintaining superior
knowledge retention. Only LoRA requires fewer GPU-
hours due to the significantly smaller number of trainable
parameters. However, this reduction comes at the cost of
lower adaptation capability and the limitations discussed
in Section 3.6.

4. Conclusions
In modern days there is a growing need of LLM-
based Al systems (Al agents), which will perform the role
of, for example, a personal work assistant, a company ad-
visor, etc. In such conditions these agents must be capa-
ble of operation in conditions of constant, lifelong learn-
ing on new incoming information and adaptation to new

tasks. This new information and tasks can be very differ-
ent to what model already know, so to maintain an ac-
ceptable level of quality such systems must retain their
previous knowledge while effectively adapting to new in-
formation, otherwise the problem of catastrophic forget-
ting will arise.

To address this problem in transformer-based lan-
guage models that are operating in continual learning sce-
narios with sequential domain shifts, a representation-
level regularization framework inspired by Bayesian un-
certainty with FoX-inspired forgetting attention mecha-
nism is proposed in this paper.

The proposed method stabilizes latent representa-
tions within transformer layers both directly by modeling
them as Gaussian distributions and minimizing the KL
divergence between distributions, obtained during train-
ing steps, and indirectly, by regulating contextual infor-
mation flow from attention mechanism. Results obtained
in this paper demonstrate that the proposed approach sig-
nificantly outperforms naive sequential fine-tuning and
Elastic Weight Consolidation parameter regularization
method and two LoRA configurations in terms of stabil-
ity (knowledge retention) and adaptability to new do-
mains.

The main contribution of the study is the proposed
representation-level continual learning framework,
which provides an integrated improvement in continual
learning performance by simultaneously reducing forget-
ting by up to elevenfold relative to naive fine-tuning (sev-
enfold relative to EWC), achieving the lowest perplexity
on previously learned domains, improving the stability—
plasticity balance, and maintaining competitive compu-
tational efficiency without relying on replay memory.
The experimental results confirm that the objective of
this study has been achieved.

The proposed latent representation modeling relies
on diagonal Gaussian approximation of the latent feature
distributions. This assumption makes the proposed
method computationally feasible in high-dimensional la-
tent representation spaces, but it ignores the potentially
possible correlation between latent dimensions, which
can possibly lead to poorer regularization. Capturing
these correlations with use of richer probabilistic models
could potentially improve representation stability, but
with introduction of additional computation overhead.
This is the entry for further studies.

Unlike meta-learning approaches, the proposed
method is not tied to a specific training paradigm. It can
be incorporated into the optimization process of trans-
former language models independently of the underlying
training strategy. In contrast, meta-learning defines a
learning paradigm aimed at optimizing model adaptation
to new tasks through a dedicated meta-training procedure
[21]. Since these approaches address different aspects of
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the learning process, they should be viewed as comple-
mentary rather than competing.

Consequently, the proposed regularization can, in
principle, be integrated with meta-learning frameworks
to simultaneously improve adaptation capability and
knowledge retention, which is a promising direction for
future research.

From a practical perspective, the proposed method
can be applied to transformer-based language models that
require continual adaptation to evolving data while pre-
serving previously acquired knowledge. As an example,
it can be used in conversational Al systems, intelligent
virtual assistants, domain-specific language models, de-
cision support systems, and other Al services that are
continuously updated with new information. Since
LatReg operates as a representation-level regularization
technique without requiring replay memory or modifica-
tions to the overall transformer architecture, it can be in-
corporated into existing continual learning pipelines with
minimal changes to the training procedure.
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AJJATITUBHA PEI'YJISAPU3ALIA 3HAHD JJIS1 TPAHC®OPMEPHUX APXITEKTYP Y
3AJAYAX MOCTIAOBHOI'O HABYAHHSA
Kprkoe A.B., Ilywkapenko FO.B.

Cmammio npucesyeno pospooyi Mexanizmy pe2yiapuzayii IameHmHux npeocmasieHs Y MOOel Ha OCHOBI apXimexnypu
Transformer 6 ymogax 6e3nepepeHo2o HABYAHHA 34 NOCAIO08HOT 3MiHU domeHig. CyyacHi MoHi MoOeri 00cA2aoMy BUCOKOT
AKocmi 'y CMAmMuyHUX CYeHAapisx HAGYaHHA, ale GOHU 3aNUUIAIOMbCA O00MedceHuMU Yy 6Unaokax 00820Mmpusano2o
@DYHKYIOHY8AHHA, NOCMYNo8oi adanmayii 00 HO8UX OOMeHi8 | He € 00CMAMHbO CMIUKUMU 00 3a0Y8aMH:, OCOOIUBO 34
giocymnocmi docmyny 00 pamiuie cnocmepedicysanux oanux. Y yiti cmammi 00CRiONCYEMbCS MONCIUBICIb NOO0NAMU
3A3HAYEHI OOMEICEHHsT WLISIXOM NOEOHAHHS MEemoody, WO IPYHMYEMbC HA 6AUECi6CbKill HeGUIHAYEHOCMI [ MexaHizmie
3a6yeanHs, 60Y00BAHUX Y MEXAHIZM Y68a2u 6 €Ounill mpancgopmepHitl apximekmypi. Memoio 00CIiOANCeH s € NPOEKMYBAHHS,
peanizayis ma ganioayis mpancgopmeproi apximexmypu 3 6a2amopieHesuM MeXaHizMoM pe2yiapu3ayii npedcmaeeHy, AaKull
3a0e3neuye MOMCIUBICHL MOBHUM MOOETSAM HA OCHOBI MPAHCHOPMEPHOT apXimekmypu eghekmusHo adanmyeamucs 00 HO8020
PO3n00iny oanux, 3depiearouu npu YoMy pauiuie Hadymi 3HAHHA. 3anpononosanull nioxio 3abesnewye O0CACHEeHHs PiGHOBASU
Midic adanmugHicmio Modeni ma ii cmabinbHicmio 8 npoyeci 6e3nepepeHOco HadYaHHsa 6e3 nompeou y NOBHOMY NePEeHABYAHHI
mooeni abo 30epedxcenni cmapux Oanux. i O0ocseHeHMs NOCMABNeHOi Memu HeoOXiOHO po3g'azamu maxi 3a80aHHA:
opmanizyeamu memoo peyiapusayii 1ameHmHUx npeocmasienb, w0 NOEOHYE PeYIAPUIAYII0 NAMEHMHUX NPEOCMABILEHb
MoOeni, 3aCHO8AHY HA OALIECIBCHKIL HEBUHAYEHOCTIL, I3 MEXAHIZMOM MACumMAaOy8aHHs Y8azu HA PIBHI OKPEeMUX 20718 MEXAHIZMY
yeazu; 6NPOBAOIICEHHS YbO2O MemoOy y MPAHCHOPMEPHY MOOeNb, PO3POONEHHS eKCNepUMEHMANbHO20 CYEHAapito
be3nepepernoco MOOeN08AHH MOBU 3 NOCIIOOBHUMU 3MIHAMU OOMEHY; KIIbKICHe OYIHIOBAHHS 3a0Y8aHHs MOOeli ma
KOMRAPOMICY MidiC CIAOIIbHICIIO Ma NAACMUYHICTIIO, NOPIGHAHHS 3aNPONOHOSAHOI MO0 3 KAACUYHUM OOHABUAHHAM Oe3
peeynapusayii, memooom LORA ma memooamu pezynspuzayii napamempis. Buchoexku noxazyioms, wjo 3anponoHO8aHuUll
Memoo 3abe3neuye MeHuull pieens 3a0Y8anHs, HUICHY NEPHAEKCII0 HA PaHiule BUSYEHUX OOMEHAX MA KPAWULL KOMIPOMIC MIdiC
cmabinenicmio ma nracmuyHicmio nopienano 3 uaignum Oonaguanmusm, LoRA ma Elastic Weight Consolidation, 3a
nOpIgHAHHUX 0buUCTIo8anbHux sumpam. Haykosea Ho6usHa 3anponoHOBaH020 nioXo0y NoA2ae 6 po3podyi ceneKmuHoi 3a
wapamu n1amenmuol pe2ynsipuzayii 0ns 0e3nepepeHoco MOOeIO8AHH MOBU, KA IHMeSPYE MEeXaHim yeazu i3 MexaHizMom
3a0Y6aHHA 3i 30epeHCeHHAM IHBAPIAHMHUX 00 OOMEHY NpeOCmAsiienb Yepe3 CIMAmuUCmuite UPISHIOBAHHS 6 TAMEHMHOMY
npocmopi 0l 3MeHuleH s eghekmy 3a0y8anHs Yy CYEHAPIAX NOCAi006HO20 OOHABYAHHS MOHUX molenel. Ha eiominy 6i0
iCHYI04UX NIOX00i8 00 6e3nepepeHo20 HABUANHSL, SIKI PO32NAOAIOMb Pe2yAAPU3aYil0 MOOeNi Ha PieHi napamempie abo nam'smi
(3 BUKOPUCTNAHHAM NONEPEOHIX OaHUX), 3aNPONOHOBANUL NIOXIO 30ILICHIOE Pe2yIApU3aYilo Ha PIGHI TAMEHMHUX NPe0CMAasiLetb,
0e BUKOPUCIOBYE 5K NPAMY PeSYIAPUIAYII0 HA OCHOBI HEBUSHAYEHOCI, MAK | HENPAMY Pe2yAPUIAYilo yepes MOOUPDIKOBAHULL
Mexanizm yeazu, sabesneuyiouu cmane benepepere MOOENOBAHHA MOBU 8 HECMAYIOHAPHUX CEPEO0BUUIAX.

KimouoBi ciioBa:  Oesnepepene nasuanus, kamacmpogiune 3a0y6aHHA, peylApu3ayis 1ameHmHo20 HpOCMOpY;
MoOughikayis yeazu,; HegU3HAYEHICMb, MOGHI MoOeli; 06pobKa NpupooHoi Mogu, mpancgopmepu, iHdopmayitina enmponisi.

KprokoB Apcenriii BosonumupoBuu — wmarictp, kadeapa Teopii Ta TexHomorii mporpamyBanHs, KuiBchkuit
HalioHanpHuU# yHiBepcuteT imeni Tapaca IlleBuenka, Kuis, Ykpaina,

Mymxkapenxo FOpiii BanepiiioBuu — acucrent, nokrop ¢inocodii, kadeapa Teopii Ta TexHOIOrIi MporpaMyBaHHs,
KuiBcbkuit HanioHanbHUiA yHiBepcutet iMeHi Tapaca [llesuenka, Kuis, Ykpaina
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