KOMITHOTEPHI HAYK TA IHOOPMALUINHI TEXHONONT R ={e={=]

UDC 004.032.26:004.89
DOI https://doi.org/10.15589/znp2026.1(503).2.9

DYNAMIC VALIDATION AND RELEVANCE MAINTENANCE
OF NEURAL CORRELATES UNDER CONTINUAL LEARNING

JAAHAMIYHA BAJITIANIA TA HIATPUMKA PEJTEBAHTHOCTI
HEUPOHHUX KOPEJIATIB B YMOBAX BE3IIEPEPBHOI'O HABYAHHAA

Oleksandr S. Verbytskyi 0. C. BepOunbkuii,
soomoalex@gmail.com MaricTp KOMI IOTEpHHUX HayK
ORCID: 0009-0000-6848-8880

Admiral Makarov National University of Shipbuilding, Mykolaiv
Hayionanvnutl ynisepcumem xopabnedyodysanus imeni aomipana Makapoea, m. Muxonaie

Abstract. Deep Neural Networks (DNNs) deployed in real-world, non-stationary environments frequently encounter
performance degradation due to evolving data distributions, a phenomenon known as concept drift. Traditional
adaptation strategies, such as full network retraining, are often computationally prohibitive and highly susceptible to
the effect of catastrophic forgetting. There is an urgent scientific and engineering need for precise, interpretable, and
resource-efficient mechanisms that can maintain model relevance in dynamic scenarios without the massive overhead
of global parameter updates.

Objective. The primary goal of this research is to develop and evaluate a comprehensive framework for the dynamic
validation and targeted maintenance of concept-specific neural correlates within deep learning architectures. This
involves creating a system capable of autonomous knowledge decay detection at the level of individual functional
units and performing surgical weight updates to restore predictive accuracy without disrupting the global knowledge
integrity of the model.

Methodology. The proposed framework integrates L,-optimization for the initial topological localization of minimal
neuron sets responsible for specific semantic concepts. To monitor the relevance of these localized correlates over time,
anovel "Concept Adequacy Score" (A) is introduced, which measures the expected prediction confidence on incoming
data streams using probabilistic methods. Upon detecting drift—formally defined as the score falling below a critical
threshold t© —a localized adaptation mechanism is triggered. This mechanism employs targeted fine-tuning by isolating
the parameters of identified neurons and freezing the remainder of the network's weights. The effectiveness of this
approach was rigorously tested using a VGG16 architecture on sequentially shifting image distributions, simulating
realistic drift scenarios.

Results. Experimental simulations demonstrate that the proposed framework successfully mitigates model degradation,
maintaining classification accuracy at 93.1% in the final drift stage, compared to 96.5% for full retraining and only
51.2% for a static baseline. Crucially, the computational cost of the localized update was measured at approximately 0.8
GFLOPS per stage, representing a 94.8% reduction in operational overhead compared to the 15.5 GFLOPS required
for full retraining. The results confirm that the system is resilient against catastrophic forgetting by preserving the
stability of non-involved neurons while effectively integrating new conceptual variations.

Original contributions. This research establishes a novel intersection between Explainable Al (XAI) and Continual
Learning (CL) by formalizing concept drift as a localized neural phenomenon rather than a global network failure.
The key original contribution is the mathematical formulation of the Concept Adequacy Score and the subsequent
development of a "surgical" adaptation protocol that treats neurons as independently updatable functional units. This
methodology shifts the focus from global parameter optimization to localized architectural maintenance.

Practical significance. The developed framework is highly significant for Al applications in edge computing, autonomous
robotics, and IoT systems where computational energy and memory are limited. By drastically reducing the resource
costs associated with model maintenance, this approach enables the deployment of more sustainable, transparent, and
adaptive intelligent systems. It provides a scalable solution for long-term Al operation in ever-changing environments,
ensuring that models remain accurate throughout their entire lifecycle.

Key words: continual learning; concept drift; explainable AI (XAI); neural correlates; localized fine-tuning; resource-
efficient AL
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Awnorauis. [7m6oki Heiiponni mepexi (DNN), 1110 po3ropratoThcst B peajibHUX HeCTalliOHAPHUX CEPeIOBUINAX, YaCTO
CTHKAIOTHCSI 3 CYTTEBOIO AErPaJalli€io MPOIYKTHBHOCTI uepe3 3MiHy PO3MOALLY JaHUX — SIBUILE, BIOME SIK Jpeid
koHuenty. TpanuuiiiHi crparerii aganraii, Taki sik IOBHE NepeHaBYaHHs MEpPEKi Ha HOBUX Habopax JlaHuX, 3a3BUYail
€ 00YMCITIOBAIILHO BUTPATHUMHM Ta BPa3IMBUMHU JI0 e(eKTy KaracTpodidyHoro 3abyBaHHs paHile Ha0yTux 3HaHb. Ha
ChOTOJIHI ICHY€ HarajibHa HayKoBa MoTpeda y po3poOiii TOUHHX, IHTEPIPETOBAHUX Ta PeCypcoe(YEKTUBHUX MEXaHI3MiB,
3MATHUX MiATPUMYBATH PEIICBAHTHICTh MOJEII B JMHAMIYHUX CLEHApisX 0e3 HeOOXiqHOCTI III00ATbHOTO OHOBJICHHS
BCIX MapameTpiB CUCTEMH.

Mema. OCHOBHOIO METOIO J@HOTO JOCIHI/PKEHHs € po3po0Ka Ta eKCliepiMEeHTalbHa OIIHKA KOMIUIEKCHOTO (peim-
BOPKY JUIsl AMHAMIYHOI Bajijanii Ta HiboBOT MiATPUMKH KOHIENT-CIIeNU(IYHNX HEHPOHHUX KOPEISTIB Y IIMOOKHX
apxitekrypax. L{e nmepenbayae cTBOPEHHS CHCTEMH, 3IaTHOT 10 aBTOHOMHOTI'O BUSIBJICHHSI 3aCTapiBaHHs 3HAHb HA PiBHI
OKpeMuX (YHKIIOHAIBHUX OJUHHUIb MEPEXKi Ta BUKOHAHHS «XIPYPriuHUX» OHOBJICHb Bar JJIsl BIJTHOBJICHHS TOYHOCTI
MPOTHO3YBaHHs 0€3 MOPYIICHHS I[LTICHOCTI 3arajibHOl 0a3u 3HaHb MOJIEIII.

Memooonoeis. 3anponoHoBaHul (PEHMBOPK MMOETHYE METONU L, -ONTUMI3ALI{ /I TTOYATKOBOI TOMOJIOTIYHOT JIOKa-
mizauii MiHiMaIbHUX HaOIpiB HEHPOHIB, BIIOBINAIBHUX 32 KOHKPETHI CeMaHTH4HI KoHuenTH. [[is OeznepepBHOIO
MOHITOPHHTY PEJIEBAHTHOCTI IIMX JIOKAJI130BAHUX KOPEJATIB y 4Yaci BBEIEHO HOBY MeTpuKy — «OIHKY aJeKBaTHOCTI
KOHIIENTY» (A), sIKa BUMIPIOE O4iKyBaHy BIIEBHEHICTh IIPOTHO3YBAaHHs Ha BXIJHUX IOTOKax jAaHuX. IIpu BUsBICHH]
npeiidy, mo hopManbHO BU3HAYAETHCS MAIIHHSIM OLIHKH HIYKYE KPUTHYHOTO [IOPOTY T, aKTHBYETHCSI MEXaHI3M JIOKa-
sizoBaHoi aganrtanii. Llell MexaHi3M BUKOPHCTOBYE LJILOBE TOHKE HAJIAIITYBAaHHS HIISIXOM 13011 TapamMeTpiB 11eH-
TU(]IKOBAaHUX HEHPOHIB Ta HOBHOTO 3aMOPOXKYBaHHS PeIITH Bar Mepexi. EQekTHBHICTD Mmijxoay Oyl0 MpoTecTOBaHO
Ha apxitektypi VGG16 B yMOBax 1ocJiiIoBHOI 3MiHU PO3NOJLITY 300pakeHb.

Pezynomamu. ExcriepuMeHTalbHE MOJIEIIOBAHHS MPOJEMOHCTPYBAJIO, 1110 3alPONOHOBaHUI (PPEWMBOpPK YCIIIIIHO
3anobirae aerpajauii Mojelni, MATPUMYIOUM TOYHICTh Kiacugikanii Ha piBHi 93,1% Ha dinanbHil cramii npeidy,
HOpiBHSHO 3 96,5% nipu noBHOMY IepeHaByanHi Ta jmie 51,2% s 6a30Boi crarnuHoi Mozeni. BaxiuBo, mo o0umc-
JIIOBAJIbHI BUTPATH Ha JIOKaJli30BaHEe OHOBJICHHsI ckianu npudimusno 0,8 GFLOPS Ha erar, 1110 03Haua€e CKOPOYCHHS
ornepaniiiHux BuTpar Ha 94,8% mopiBHsaHO 3 15,5 GFLOPS, HeoOXigHUMU /151 TIOBHOTO TIepeHaBYaHHs. Pe3ynsraTu
HIITBEP/UKYIOTh CTIMKICTh CUCTEMH JI0 KaracTpo(iuHOTo 3a0yBaHHs 3aBIISIKH CTAOLILHOCTI HE 3a/liTHUX B OHOBIICHHI
HEWPOHIB.

Haykoesa nosusna. 1le nociipKeHHsI BCTAHOBITIOE HOBUI T€OPETUUHHH 3B'130K MK chepamu nosicHioBaHoro LT (XAI)
Ta Oe3nepepBHoro HaeuanHs (Continual Learning), ¢opmanisyroun apelid KOHIENTY SIK JIOKAIi30BaHUH HEHPOHHUI
(eHoMeH, a He TI00aIbHY NOMMIIKY Beiel Mepexi. KirtouoBum BHECKOM € MaremaTn4He oOrpyHTyBaHHs OLIHKY a/1eK-
BaTHOCTI KOHLIENTY Ta pO3po0Ka MPOTOKOJY XipypriuHOl afganTarii, IKuii po3risaae HEHPOHH SIK HE3aJIe)KHO OHOBIIIO-
BaHi (DYHKIIOHAIbHI ofMHMII. Takuil miaxija 3MiHIOE TapaJurMy 3 II00aIbHOI ONTHMI3all apaMeTpiB Ha JOKali30-
BaHE apXITEKTypHE 00CIyroByBaHHSI.

Ipaxmuune 3nauenns. Po3pobnenuii ppeiiMBOpK Ma€e KPUTHYHE 3HAYCHHS [UIst 3acTocyBaHb L1 B MexoBUX OOUHCIICH-
Hsx (edge computing), aBTOHOMHIH pOOOTOTEXHIIll Ta CHCTEMaX IHTEPHETY pedei, Jie pecypcH nam'sti Ta eneprii oome-
JKCHI. 3aBIIIKYA 3HAYHOMY 3HIDKCHHIO OOYMCITIOBAIbHIX BUTPAT HA MiATPUMKY MOJCIICH, 1eH MiIXi/1 103BOJIsIE PO3rop-
Tary OLIBII €KOJIOTTYHI, TIPO30Pi Ta aJlaNTHBHI IHTENIEKTyalbHi cucTeMu. BiH npornonye maciitaboBaHe pillieHHs ISt
noBrocrpokoBoi excrutyarauii 111 B peanbHUX ymMOBax, IO MOCTIHHO 3MIHIOIOTHCS, FapaHTYIOUM TOYHICTh MOJENIeH
HPOTSITOM YChOTO TXHBOTO )KUTTEBOTO LIUKITY.

Kurouogi ciioBa: 6e3nepepBHe HaBuaHHs; Apeid konuenty; nosicitoBanuii L1 (XAl); HelipoHHI KopessiTH; JIOKaIizo-
BaHE TOHKE HallaITyBaHHs; pecypcoedexruBuuii 1111

PROBLEM STATEMENT
The deployment of Deep Neural Networks (DNNs)
in real-world, non-stationary environments exposes a

with new data to update all network parameters © . This
approach is fundamentally flawed for two reasons. First,
it is computationally prohibitive, requiring massive ener-

fundamental flaw in traditional machine learning para-
digms: the assumption of static data distributions. When
a model trained on a specific dataset D, is exposed to
a continuous stream of new data D, where the statisti-
cal properties of the target variable or input features
change, the model experiences "concept drift" [1].
In such scenarios, the complex correlations learned by
the internal representations of the DNN rapidly become
outdated, leading to severe model degradation.

The traditional approach to mitigating concept drift
is full network retraining—combining historical data

gy and time expenditures that are incompatible with real-
time or resource-constrained edge systems [2]. Second,
if the model is retrained only on the new data stream D, ,
it suffers from "catastrophic forgetting," a phenomenon
where the network aggressively overwrites previously
learned representations, destroying its historical knowl-
edge base. Therefore, the critical problem lies in finding
a mechanism to maintain model relevance and adapt to
concept drift dynamically, without incurring the compu-
tational penalty of full retraining and without triggering
catastrophic forgetting [3].
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RELATED WORK

The challenge of model adaptation spans several sub-
fields of artificial intelligence.

Continual Learning (CL). Traditional CL methods
attempt to solve catastrophic forgetting through three
main avenues: architectural allocation (dynamically add-
ing branches to the network), regularization-based meth-
ods (e.g., Elastic Weight Consolidation, which penalizes
changes to weights deemed important for old tasks), and
replay-based methods (storing a buffer of old data to mix
with new data). While effective, these methods often treat
the network as a global "black box" and incur significant
memory or computational overhead [4].

Explainable AI (XAI) and Network Sparsity. Recent
advances in XAI have moved beyond simple saliency
maps to understanding individual neural correlates [5].
Techniques utilizing L, -regularization allow for the pre-
cise localization of minimal sub-networks responsible
for specific semantic concepts (e.g., isolating the specific
filters in a Convolutional Neural Network that activate
exclusively for "fur" or "wheels").

Parameter-Efficient Fine-Tuning (PEFT). Methods
like LoRA (Low-Rank Adaptation) or Adapters freeze
the pre-trained model and inject trainable layers to reduce
update costs. However, PEFT methods are generally task-
agnostic [6] and do not explicitly leverage the internal
semantic structure (concept neurons) of the model for
targeted updates.

Identified Gaps. Despite significant advancements,
a crucial gap remains at the intersection of Continual
Learning and Explainable Al. Existing CL methodologies
update the network globally or semi-globally, leading to
inefficiencies because they do not isolate what specifi-
cally has been forgotten or corrupted. Conversely, XAl
techniques successfully identify concept-specific neural
correlates but treat them as static endpoints for human
interpretation, failing to utilize them as dynamic, updat-
able functional units.

There is currently no unified framework that lever-
ages the interpretable, localized structure of a network
to perform targeted, isolated updates—specifically, a sys-
tem that detects decay in a localized neural concept and
updates only those specific neurons, leaving the rest of
the network untouched [7].

RESEARCH OBJECTIVES

To address the identified gaps, this research aims to
develop a framework for the dynamic validation and tar-
geted maintenance of concept-specific neural correlates
under continual learning conditions. The specific objec-
tives are:

1. Formulate a quantitative validation metric capa-
ble of continuously evaluating the relevance of localized
neural correlates against evolving data streams in real-
time.

2. Develop a localized adaptation algorithm that,
upon detecting concept drift, fine-tunes only the outdated

conceptual neurons, explicitly bypassing the need for full
global backpropagation.

3. Empirically validate the framework by simulating
continuous concept drift, demonstrating that the proposed
method maintains classification accuracy while reducing
computational costs (measured in GFLOPS) by at least an
order of magnitude compared to full retraining baselines.

Methodology, Study Object and Subject.

Object of study: The process of knowledge retention
and adaptation in deep neural networks operating under
continuous concept drift.

Subject of study: Mathematical models, algorithms,
and metrics for the dynamic validation and localized
parameter adaptation of concept-specific neural correlates.
Methodology: The research methodology integrates math-
ematical optimization (Z,-regularization) for the initial
topological localization of neurons, probabilistic and sta-
tistical methods for the formulation of the Concept Ade-
quacy Score, and gradient-based targeted optimization for
model fine-tuning. Empirical validation is conducted using
controlled simulations of sequential data drift on standard
image classification architectures (VGG16).

TECHNICAL APPROACH

The proposed technical framework operates as a con-
tinuous, autonomous cycle of localization, validation,
and targeted adaptation. It shifts the paradigm of network
updates from a global parameter space to a localized,
concept-specific subspace [8].

1. Initial Concept Localization via L,-Optimization.
Before dynamic maintenance can occur, the system must
map the neural correlates of the base model. Given a
model M with parameter space © trained on an initial
dataset D,, we identify a minimal subset of neurons S,
that are highly responsive to a specific concept ¢ (e.g.,
"Persian cat features"). We achieve this by applying L,
-regularization during a brief localization phase, which
forces the network to prune irrelevant activations, leaving
only the dense core of neurons mathematically responsi-
ble for the concept.

2. Dynamic Validation and Drift Detection. Once
deployed in a dynamic environment receiving data
stream D,, the model must self-diagnose. We introduce
the Concept Adequacy Score ( 4), a probabilistic metric
that measures the expected confidence of the localized
neuron set S, in recognizing its target concept within the
new data:

A(Sc, D) = Exep,[P(c | M(x,50))] (1)

The validation module computes a moving average
of this metric over incoming data batches. Concept drift
is formally flagged when the adequacy score degrades
below a dynamically or statically defined threshold t
(i.e., A(S..D,)<7). This serves as the trigger mechanism
for our adaptation protocol [9].

3. Localized Fine-Tuning Mechanism

Upon detecting that a specific concept representation
S, has decayed, the system initiates a surgical update. Let
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O(S,) represent the specific weights and biases directly
feeding into and out of the neurons in S.. Let @(S,) rep-
resent all other parameters in the network [9]. The system
locks @ge (setting their gradient requirements to zero)
and solves the following constrained optimization prob-
lem using gradient descent:
mine(s, Ex e, [L(M (X Ofrozen, ©(S)), ¥)] )

By restricting the backward pass to only the isolated
conceptual sub-network, the algorithm ensures that the
model learns the new variations of the concept (e.g.,
adapting the "cat" concept to include "Sphynx cats")
without disrupting the stable feature extractors in the rest
of the network [10].

System Architecture and Flowcharts

The proposed framework is designed as a modular
pipeline integrated into the standard inference loop of a
Deep Neural Network. Unlike static models that oper-
ate in a "deploy and forget" manner, our architecture
introduces a continuous feedback loop that monitors the
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semantic integrity of the model's internal representations
[11]. The architecture is divided into two primary func-
tional components: the Validation Module, which serves
as the diagnostic unit, and the Targeted Adaptation
Module, which serves as the therapeutic unit.

The operational lifecycle of the system begins with
the identification of neural correlates via L,-optimi-
zation. This process isolates the specific topological
regions of the network (neurons and their corresponding
weights) that contribute most significantly to a target con-
cept. Once these regions are mapped, the model enters
the monitoring phase [12]. In this phase, every batch of
incoming data is processed not only for inference but also
for adequacy assessment.

The overall logic of the system’s decision-making
process — from the initial data ingestion to the final weight
update — is illustrated in the flowchart below Fig. 1.

As shown in Figure 1, the system relies on the Con-
cept Adequacy Score as a gatekeeper. If the score remains

.
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Fig. 1. Flowchart of the dynamic validation and adaptation algorithm
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Fig. 2. Structural isolation of parameters during the Targeted Fine-Tuning phase

above the threshold t, the model continues to operate
without intervention, ensuring zero additional training
overhead during stable data periods. However, the moment
a distribution shift (concept drift) is detected, the workflow
branches into the Targeted Fine-Tuning partition [13].

The technical novelty of this architecture lies in
its ability to perform "surgical" updates. Traditional
fine-tuning protocols usually require the adjustment
of all weights in the final layers or the entire network.
Our approach, however, implements a strict parameter-
masking strategy [14]. This structural isolation ensures
that the gradients generated during backpropagation are
mathematically constrained to the subset of parameters
identified during the localization phase.

The physical distribution of these parameters and the
state of the network during a localized update are visual-
ized in the structural diagram below [15].

In Figure 2, the distinction between the "frozen" lay-
ers and the "active" neurons is clearly defined. By freez-
ing the vast majority of the network's parameters (6 ,.,, ),
we effectively lock the high-level feature extractors and
historical knowledge in place. Only the specific neural
correlates (0,,,, ) associated with the drifting concept are
permitted to reach a trainable state.

This architectural design solves the dual challenge
of Catastrophic Forgetting and Computational Inef-
ficiency. Because the update is localized, the "cata-
strophic" interference with other learned classes is physi-
cally impossible, as their corresponding weights remain
unchanged [16]. Furthermore, by calculating gradients
for only a fraction of the network, the computational
demand is reduced to a small percentage of a full training
pass, making the system suitable for real-time adaptation
in edge computing environments.

DISCUSSION OF RESULTS

The framework was evaluated using a pre-trained
VGG16 architecture in a simulated continual learning
environment with three distinct stages: Initial Training

(Persian cats), Drift 1 (introduction of new sub-classes
like Sphynx), and Drift 2 (introduction of visually similar
distinct classes like small dogs) [17].

The experimental results (referencing Table 1) reveal
stark contrasts between the compared methodologies.
As the data stream evolved, the Static Model suffered
catastrophic performance drops, degrading from 98.1%
to 51.2% by Stage 3, underscoring the severe impact of
unmitigated concept drift.

The Full Retraining approach maintained the high-
est accuracy boundaries (96.5% at Stage 3) but incurred
a massive computational penalty of approximately
15.5 GFLOPS per update stage. This renders it highly
inefficient for continuous deployment [18].

The Proposed Framework utilizing localized
updates demonstrated exceptional resilience and effi-
ciency. It maintained a highly competitive accuracy pro-
file (96.2% at Stage 2 and 93.1% at Stage 3), sacrificing
only ~3.4% accuracy compared to the brute-force full
retraining method [19]. However, this marginal trade-off
in accuracy yielded profound computational dividends
[20]. By executing backpropagation exclusively on the
isolated parameter subset ©(S,), the computational cost
was reduced to ~0.8 GFLOPS per stage [21]. This repre-
sents a staggering ~94.8% reduction in computational
overhead [22].

These results confirm that catastrophic forgetting can
be largely bypassed by surgically updating outdated neu-
ral correlates, proving that global network updates are not
a strict requirement for adapting to localized semantic
drift [23].

CONCLUSIONS

This research successfully introduces a paradigm-
shifting framework that addresses the vulnerabilities of
deep neural networks in non-stationary environments. By
synthesizing principles of Explainable Al and Continual
Learning, we have transformed static neural correlates
into dynamic, maintainable functional units. The primary
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contributions of this work are threefold. First, we formal-
ized concept drift at the micro-architectural level by intro-
ducing the "Concept Adequacy Score," enabling continu-
ous, automated monitoring of specific knowledge repre-
sentations. Second, we developed a targeted fine-tuning
mechanism that isolates and updates only the necessary
mathematical subset of the network. Third, empirical
validation proved that this approach drastically reduces
the computational burden of model adaptation—slashing
GFLOPS requirements by over 90% while maintaining
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accuracy within a highly acceptable margin compared to
full retraining baselines.

Ultimately, this localized approach provides a highly
scalable, computationally lightweight, and interpretable
pathway for deploying adaptive Artificial Intelligence
systems capable of thriving in real-world, ever-changing
conditions. Future research will focus on developing
dynamic, self-adjusting thresholds () for the Adequacy
Score and expanding the framework to Transformer-
based architectures.
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