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Abstract. Data lies at the heart of modern machine learning, yet the process of data curation — selecting and preparing
the right samples for training-remains a significant bottleneck. This manual and often intuitive task is not only time-
consuming but can also lead to suboptimal model performance. This paper introduces a new framework designed to
automate and optimize this critical step.

Objective. The primary purpose of this research is to address the critical bottleneck in the machine learning pipeline: the
manual, time-consuming, and subjective process of data curation. The core objective is to develop a novel, automated
framework capable of generating explicit, human-readable rules for optimal data selection in the context of training
deep neural networks. This framework aims to systematically replace manual effort by intelligently filtering large,
potentially noisy datasets to construct a smaller, information-rich subset. The ultimate goals are threefold: to maximize
the final accuracy and generalization capabilities of the target model, to enhance its robustness against noisy or out-
of-distribution data, and to significantly accelerate the training convergence, thereby reducing computational costs
and development time. This work serves as a foundational step towards more efficient model lifecycle management,
particularly as a precursor to robust continual learning systems.

Methodology. The proposed methodology is centered around a meta-learning approach. A primary model (M, ) is
first briefly trained on a random data sample to establish an initial performance baseline. This model is then used to
evaluate every data point (x;) in the entire unfiltered dataset, assigning it a quantitative “utility score” U(x;). This score
is a weighted linear combination of three distinct, complementary metrics: 1) Information Entropy, which measures
the model’s uncertainty and prioritizes samples that are most informative; 2) Model-based Difficulty, calculated via the
loss function, which identifies complex examples or boundary cases that are challenging for the model; and 3) Feature-
space Representativeness, which ensures data diversity by prioritizing samples from under-represented regions of the
feature space, thus preventing a bias towards only outliers. After scoring, the data is bifurcated into ‘high-utility’ and
‘low-utility’ classes. Subsequently, a simple, interpretable machine learning model (e.g., a Decision Tree) is trained as
a meta-model (M,,,,) on the features and metadata of the data points to predict their utility class. The logic learned by
this meta-model is then extracted and formulated as a set of explicit filtering rules.

Results. Based on the proposed experimental design, which compares the model trained on the filtered dataset against a
baseline model (trained on all data) and a random-subset model (trained on a randomly selected subset of the same size),
we expect definitive outcomes. The proposed model is hypothesized to achieve a final classification accuracy on a clean
test set that is comparable to, or even exceeds, the baseline model, despite using a significantly smaller training dataset.
In terms of efficiency, it is expected to demonstrate a substantially faster convergence rate. Most critically, the proposed
model is anticipated to exhibit superior robustness, showing less performance degradation when evaluated on test data
corrupted with noise or subjected to adversarial perturbations. The random-subset model is expected to show the lowest
accuracy, confirming that the performance gains are due to the intelligent selection strategy, not merely data reduction.
Original contributions. The scientific novelty of this work lies in its unique output, distinguishing it from related
paradigms like Active Learning and Curriculum Learning. While these methods select or order data, our framework
is the first to focus on the automated generation of explicit, human-readable, and reusable data selection rules. This
shifts the paradigm from a “black box” data selection process to an interpretable one, providing valuable insights into
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what constitutes “good” data for a specific learning task. The novelty is further enhanced by the synthesis of entropy,
difficulty, and representativeness into a single, unified utility function, creating a more holistic measure of a data point’s
value for robust model training.

Practical significance. The practical implications of this framework are significant. It offers a direct path to reducing the
substantial manual labor and computational costs associated with data preparation and model training. By automating
data curation, it can drastically accelerate the ML development lifecycle, enabling faster iteration and deployment.
The resulting models are not only trained faster but are also more robust and reliable, a critical requirement for real-
world applications. Furthermore, the generated rules provide data scientists with actionable insights into their datasets,
improving data governance and understanding. Finally, this framework has strong synergy with continual learning
systems, where it can be used to intelligently select the most informative new samples for efficient model adaptation
in response to concept drift.

Key words: data selection; data curation; meta-learning; active learning; curriculum learning; robust models; neural
networks.

AHotamis. J{aHi € ceplieM Cy4acHOro MalllMHHOTO HABYAHHSI, IIPOTE MPOIIEC TIXHROTO KypUPYBaHHS — BUOOPY Ta IMiAro-
TOBKH ITPaBUJIHUX 3pa3KiB JIIsl TPEHYBaHHS — 3aJIUIIAETHCS 3HAUHUM By3bKHM MiciieM. Lle py4He i yacto iHTYiTHBHE
3aB/IaHHs He Jiniie 3adupae 6araro 4yacy, a it Mo)Ke MPU3BECTH JI0 HEONTUMAJIBHOT TPOYKTHBHOCTI Mozielti. Y il crar-
Ti IPE/ICTABICHO HOBY CTPYKTYPY, PO3pOOJIEHY [UIsi aBTOMaTH3allii Ta ONTUMI3alii IbOro KPUTHYHO BaXKJIMBOTO KPOKY.
Mema. OcHOBHa MeTa IBOTO JIOCHI/PKEHHS MOJISITa€ Yy BUPILIEHHI KPUTUYHOI MpOOJIEMH B KOHBEEPI MallMHHO-
rO HaBYAHHS: PYyYHOTO, TPUBAJIOIO Ta Cy0’€KTMBHOTO Mpoliecy KypyBaHHsS naHuX. KirouoBe 3aBJaHHS — PO3pOOHTH
HOBUIT aBTOMATH30BaHUH (PEHMBOPK, 311aTHUI FEeHEPYBaTH SIBHI, JIOJMHO-3pO3YMIJII IIpaBHIIa JUIsl ONTUMAJIBHOIO Bijl-
0opy JaHMX y KOHTEKCTI HaBYaHHsI IMOOKUX HEeHpoHHUX Mepek. Llei (peiiMBOpK npu3HAYeHUH ISl CHCTEMAaTHYHOT
3aMiHM PYyYHHX 3yCHJIb IIUISIXOM 1HTEJIEKTYaIbHOT (UIbTpalii BEIMKUX, MOTEHIIHHO 3allyMIEHHX HA0OPIB TaHUX IS
CTBOpEHHS MEHINOT, ajie iHdopmaliiiHo HacuueHoi BubOipku. KiHueBi il € NOTPItHUMH: MaKCHUMi3yBaTH IiZICyMKOBY
TOYHICTH 1 37aTHICTh 0 y3araJbHCHHS [IJIbOBOI MOJIEII, MIABUIIUTH T pOOACTHICTh (CTIHKICTB) 70 3alIyMIICHHX a00
HEPO3MOAIJICHUX JIAaHHX, @ TAKOXK 3HAYHO PUCKOPUTH 301KHICTh HABYAHHS, THM CAMUM 3MEHIIYIOUH 00UMCIIOBAIbHI
BUTpATH Ta yac po3pooOku. Ll pobora € GpyHIaMeHTaNbHIM KPOKOM JI0 Oi1bII €)eKTHBHOIO YIIPaBIIiHHS KUTTEBUM
LIUKJIOM MOJIEJIeH, 30KpeMa sIK MOTIepe IHIN eTall JIsi CTBOPEHHS Ha/liIHHUX cHCTeM Oe31IepepBHOIO HaBYaHHSL.
Memoouxa. 3anporioHOBaHa METOJIOJIOTisl Ga3yeThCsl Ha MiIX0/li MeTa-HaB4aHHs. CrioyaTKy nepBUHHA MOAieNb (M.,
MIPOXOJMTH KOPOTKE HABYAHHS HA BUIAIKOBIH BUOIPIIi TaHUX JUIsl BCTAHOBJICHHS [104aTKOBOTO cTany. [1oTiM 1151 MoJienb
BUKOPHCTOBYETBCS JUIsl OLIIHKM KO)KHOT TOYKH JIaHHX (X;) y TOBHOMY He(iIbTpOBaHOMY HaOOpIi, IPUCBOIOIOYH Ti KiJlb-
KiCHY «OLIHKY KopucHOCT» U(x;). Lls oliHKa € 3Ba)keHOIO JITHIMHHOI KOMOIHAII€I0 TPHOX Pi3HHUX, B32EMOJONOBHIOI0-
4YpX METpUK: iH(pOopMaliliHa eHTPOIIisl, 110 BUMIPIOE HEBU3HAYEHICTh MOZIENI Ta HAJA€ MPIOPUTET HAWOLIBLI iH(OP-
MAaTHBHUM 3pa3KaM; CKIIAQJHICTh JJIsI MO, 0 OOYHCITIOETHCS Yepe3 (YHKIIIFO BTPAT 1 BUSABIISAE CKJIAIHI MPUKIIA TN
a00 MEXOBI BUIQ/IKH; PEIPE3CHTATHUBHICTD y MIPOCTOPI 03HAK, 1110 3a0e3edye Pi3HOMaHITHICTh JIAHUX HIISIXOM Hpio-
puresanii 3pa3KiB i3 HEJOCTATHBO MPE/ICTABICHUX 00NacTeil, 3amodirayn yrnepekeHocTi B 0ik BukuaiB. [licis ori-
HIOBaHHSI JJaHI MOAUISIOTHCS Ha KJIACH «BHCOKOT KOPUCHOCTI» Ta «HU3bKOT KOPHUCHOCTI». Jlaii mpocra, iHTepIpeToBHA
MO/ICJTh MAIIIMHHOTO HABYAHHS (HAIIPUKIIA[, ICPEBO PIlICHb) HABYAETHCS K MeTa-Moaeib (M,,,,) Ha 03HaKaxX Ta MeTa-
JIAHUX JUIs TIPOrHO3YBaHHS KJ1acy KOpUCHOCTI. Jlorika, BUBYEHA II€I0 METa-MOJIEIUII0, BUTSTYETHCS Ta (DOPMYITIOETHCS
y BUIIIS/I HA0OPY SIBHUX HpaBuil (inbrparii.

Peszynomamu. Ha 0CHOBI 3allpONIOHOBAHOTO JIM3aliHy €KCIEPHMEHTY, KU MOPIBHIOE MOJIENb, HABUEHY Ha Bil]iib-
TpPOBaHOMY Ha0Opi IaHWX, 3 0A30BOK MOJCIUNIO (HABUCHOK HA BCIX JaHMX) Ta MOJCIUIIO BHITAJKOBOI ITiBUOIPKU
(HaBUEHOIO HA BUIAJIKOBO 00paHiii BUOIPIIl TOTO X PO3MIpY), MU O4iKyeEMO OJJHO3HaUHUX BUCHOBKIB. [lependauaernbes,
[0 3aIPOIIOHOBAHA MOJIEJIb JTOCSTHE MMiJCYMKOBOT TOYHOCTI Kiacu(ikallii Ha YUCTOMY TECTOBOMY HaOopi, sika Oyze
NopiBHsIHHA 200 HaBITH NEPEBUIINTH 0a30By MOJIEIIb, HE3BAYKAIOUN HA BUKOPUCTAHHS 3HAYHO MEHIIOIO HaBYaJIbHOTO
HaOo0py. 3 TOYKU 30py €(PEKTUBHOCTI, OUIKYETHCS, IO BOHA MPOJCMOHCTPYE CYTTEBO BHIIY IIBHIKICTH 301KHOCTI.
HaiironoBHiuie, 04iky€eTbcsl, 1110 3alIPOIIOHOBAHA MOJIENIb MAaTUME BHIILY POOACTHICTb, TOKAa3yIO4YH MEHIIY Jerpaaliio
MIPOJYKTHBHOCTI TPH OLIHI Ha TECTOBUX JAHUX, ITOIIKO/PKCHUX LIYMOM a0o MiJIaHuX 3MarajibHuM arakam. Odiky-
€TBCS, 1110 MOJICJIb BUITAIKOBOI IMiIBUOIPKH MOKAKE HAHUKYIY TOYHICTb, 110 IMiITBEPAUTb, 1[0 MPHUPICT MPOAYKTHBHOC-
Ti 3yMOBJICHUI caMe 1HTEJIEKTYaJIbHOIO CTPATETri€ro Bi10OpY, a HE POCTO 3MEHIICHHSM JaHHX.

Hayxosa nosusna. HaykoBa HoBHU3Ha 11i€l poOOTH mosisirae B 11 yHIKQJILHOMY pe3yJIbTaTi, 110 Bifpi3Hse 11 BiJ cCyMixk-
HUX TapaJIirM, TAKUX K aKTHBHE HABYaHHS T4 HABYAHHS 32 HABUAJIBHUM IUIAHOM. Y TOM 4Yac SK I[i METOAM Bij-
OupatoTh a00 BIOPSAKOBYIOTH JaHi, Hall pPeHMBOPK MepnM GOKYCYEThCS Ha aBTOMaTH30BaHii renepaii siBHUX,
JIIOJIMHO-3PO3yMUJINX Ta 0araTopasoBO BUKOPHCTOBYBaHMX MpaBuil BigOopy nanux. Lle 3MiHIOE Tapagurmy 3 «4op-
HOT CKPHHBKH» IPOLECY BiI0OOPY aHMX Ha IHTEPIPETOBaHY, HAIAIOUHM IIHHI 1HCAWTH MPO TE, L0 CaAME € «XOpO-
LIMMW» JaHUMU JUIsE KOHKPETHOTO 3aBJaHHs. HOBH3HA TAaKOXK MiJCHIIOETHCS CUHTE30M €HTPOIil, CKIaJHOCTI Ta
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PeIpe3eHTATUBHOCTI B €UHY (DYHKIIIFO KOPUCHOCTI, CTBOPIOOYH OIJbII HIJICHUN BUMIP IHHOCTI TOYKU JaHHUX
JUTsl pOOACTHOTO HaBYaHHS MOJCIII.

Ipaxmuuna 3nauumicme. IpakTudHi HACTI KU 1IbOTO (PPEHMBOPKY € 3HAYHUMU. BiH PONOHY€E NpsIMUii IUISAX /10 CKO-
POYEHHS CYTTEBUX BUTPAT Py4YHOT Ipalli Ta 00YMCITIOBANIEHUX PECYPCIB, TIOB’I3aHUX 13 MIATOTOBKOIO JIAHUX Ta HABYAH-
HSIM Mojielieil. ABTOMAaTH3YyIOuM KypyBaHHS JJaHUX, BIH MOXKE KapJAMHaJIbHO NPUCKOPUTH YKUTTEBHH IIMKI PO3POOKH
MH-cucrtem. Mogierni, oTpuMaHi B pe3yJbTari, He TiIbKA HaBUAIOTHCSI LIBULIE, alle i € OUIbII pOOACTHUMHU Ta HaJlii-
HHMMH, 110 € KPUTHYHOIO BUMOTOIO JUIsl peaJIbHUX 3aCTOCYBaHb. KpiM TOro, 3reHepoBaHi paBuiia Halal0Th (axiBLsIM
3 JIaHMX JIi€BI 1HCaiiTh npo ixHi Habopu ganux. Haperwri, ueit ¢ppeiiMBOpK Mae CHIIbHY CHHEPIiIO 3 CHCTeMaMu 0e3-
HIEPEpPBHOIO HABYAHHSI, JIe HOT0 MOYKHA BUKOPHCTOBYBATH JJIsl IHTEIIEKTYAILHOTO BiIOOPY HaiOUIbII iHpOpMATHBHIX
HOBHX 3pa3KiB JJis1 epEKTUBHOI alalTallii MOJIEII Y BiJMOBIAb Ha qpEi() KOHIICNTY.

Koarouosi ciioBa: BinOip AaHKX; KypyBaHHS JIaHMX; METa-HaBUaHHS; aKTUBHE HABUAHHS; HABUAHHS 32 HABYAIBLHUM

IUIAaHOM; pOOACTHI MOJIeNIi; HEMPOHHI MEpEexi.

PROBLEM STATEMENT

The performance of Deep Neural Networks (DNNs)
is intrinsically tied to the quality of the data on which they
are trained, a principle colloquially known as “garbage
in, garbage out”. [1]. While modern architectures have
demonstrated remarkable capabilities, their success
is predicated on the availability of vast, well-curated
datasets. However, in real-world scenarios, datasets are
often large, noisy, redundant, or contain uninformative
samples [2]. Training on such unfiltered data leads to
several adverse outcomes: it significantly increases
computational overhead and training time [3], can impede
model convergence, and ultimately results in suboptimal
models with poor generalization and limited robustness
to real-world perturbations [4].

The prevailing industry solution to this challenge is
manual data curation—a process wherein human experts
meticulously review, clean, and select data samples
deemed suitable for training. This process, while
effective to a degree, constitutes a major bottleneck in the
machine learning development lifecycle. It is notoriously
labor-intensive, prohibitively expensive, and difficult to
scale. Furthermore, it is inherently subjective, relying
on the intuition and expertise of individuals, which can
introduce inconsistency and bias into the training set [5].

The core problem, therefore, is the absence of
a principled, automated, and scalable methodology
for identifying and selecting the most valuable data
points from a large corpus. This research addresses
this gap by formulating the task as an automated rule
generation problem [6]. The objective is to design and
validate a framework that can autonomously analyze
a dataset, quantify the «utility» of each sample for the
training process, and synthesize this knowledge into a
set of explicit, human-readable selection rules [7]. The
successful implementation of such a framework aims to
achieve three primary goals:

— Maximize Model Quality. Improve the final
accuracy and generalization of the target model by
training it on a smaller, more potent subset of data.

— Increase Training Efficiency. Reduce the time and
computational resources required for convergence by
focusing on high-impact data samples.
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— Enhance Model Robustness. Build models that
are more resilient to noisy inputs and out-of-distribution
examples by training on a curated set of diverse and
challenging data.

RELATED WORK

The challenge of selecting optimal training data is a
well-established area of research, with several prominent
paradigms addressing different facets of the problem.
Two of the most relevant fields are Active Learning and
Curriculum Learning [8].

Active Learning is primarily concerned with scenarios
where data is abundant but labels are expensive to obtain.
The core idea is to train a model that can intelligently
query a human expert (an “oracle”) to label the data
points it deems most informative. By iteratively selecting
samples where its uncertainty is highest, an active learning
system aims to achieve a high level of performance with
the minimum possible number of labeled examples
[9]. While powerful for reducing labeling costs, the
Active Learning paradigm is not directly applicable
to the problem of curating a pre-existing large dataset.
Its primary limitation in our context is its reliance on
a human-in-the-loop for labeling, and its goal is label
acquisition rather than the generation of a reusable data-
filtering strategy [10].

Curriculum Learning is a training strategy inspired by
human learning, where a model is first exposed to «easy»
or simple examples of a concept and then gradually
introduced to more complex ones. This structured
ordering of data has been shown to improve both the speed
of convergence and the final performance of the model
by preventing it from getting stuck in poor local minima
early in training. However, the focus of Curriculum
Learning is on the sequence of data presentation, not
on the selection of an optimal subset of data to be used
throughout the entire training process [11]. It presumes
the entire dataset is valuable and merely seeks the best
order in which to present it.

While our proposed framework synthesizes
conceptual elements from these domains—such as
identifying informative (Active Learning) and complex
(Curriculum Learning) examples — it is fundamentally
distinct in its objective and output.
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IDENTIFIED GAPS

A thorough analysis of existing research, including
the paradigms of Active Learning and Curriculum
Learning, reveals a significant and unresolved gap in the
data preparation pipeline [12]. While current methods
have made strides in optimizing the use of data during
training or labeling, they leave critical aspects of the data
curation process unaddressed. The unresolved issues can
be summarized as follows:

1. Lack of an Interpretable Data Value Model.
Existing automated methods typically function as «black
boxes.» They may select a subset of data but fail to provide
insight into why certain samples are considered valuable.
There is no explicit, understandable model that explains
the characteristics of high-utility data for a given task. This
prevents data scientists from gaining deeper knowledge
about their datasets and the learning process itself.

2. Absence of Reusable and Generalizable Selection
Strategies. The selection process in methods like Active
Learning is session-specific and iterative, tightly coupled
with the model being trained and the oracle providing
labels. Similarly, a curriculum is often specific to a
particular training run [13]. These methods do not produce
a standalone, reusable artifact. There is no existing
framework that generates a set of explicit, portable rules
that can be understood, validated, and applied to new,
unseen datasets without repeating the entire complex
selection process from scratch.

3. Focus on Data Ordering or Labeling, Not Holistic
Curation. The dominant paradigms are tailored to solve
specific problems—reducing labeling costs (Active
Learning) or improving training dynamics (Curriculum
Learning). They do not address the broader, more common
problem of taking a massive, fully labeled (but noisy)
dataset and efficiently culling it to an optimal, robust, and
high-quality subset for general-purpose model training.

This research directly targets this unresolved gap.
The core contribution is to move beyond mere data point
selection and pioneer a framework for the automated
generation of an explicit and interpretable data selection
policy in the form of human-readable rules [14]. This
addresses the need for interpretability, reusability, and
holistic curation that current approaches lack.

RESEARCH OBJECTIVES

The primary aim of this research is to develop
and experimentally validate a novel framework for
the automated generation of explicit, human-readable
rules for the purpose of optimal data selection in robust
neural network training. The research seeks to create a
systematic, data-centric methodology that overcomes the
limitations of traditional manual data curation, which is
often a subjective, costly, and inefficient bottleneck in the
machine learning pipeline.

To achieve this primary aim, the following specific
objectives are established:

— To design a meta-learning architecture capable
of quantifying the “utility” of individual data samples
within a large, unfiltered dataset based on a composite set
of metrics, including information entropy, model-based
difficulty, and feature-space representativeness.

— To develop a method for translating these
quantitative utility scores into a set of explicit and
interpretable filtering rules by training a simple,
transparent meta-model.

— To create an optimized training subset by applying
the generated rules to the original dataset, with the goal of
retaining the most informative, diverse, and challenging
samples.

— To empirically demonstrate the effectiveness of
the proposed framework through a rigorous comparative
analysis, evaluating the final performance of a model
trained on the curated subset against models trained on the
entire dataset and on a random subset of equivalent size
[15]. The evaluation will be based on key performance
indicators: final classification accuracy, training
convergence speed, and robustness to data perturbations.

METHODOLOGY, STUDY OBJECT
AND SUBJECT

Object of Research. The object of this research is
the overarching process of training deep neural networks
and the fundamental relationship between the quality of
the training data and the final performance characteristics
of the resulting model. This includes the exploration of
how data composition influences a model’s accuracy,
generalization capabilities, convergence dynamics, and
robustness against noisy or out-of-distribution inputs.

Subject of Research. The subject of this research is
the specific methodology for automated data selection
through rule generation. This encompasses:

— The proposed meta-learning framework for
evaluating and scoring data points.

— The mathematical formulation of the data utility
function, which integrates metrics of model uncertainty,
sample difficulty, and data diversity.

— The process of inducing an interpretable model
(the meta-model) to learn the characteristics of high-
utility data.

— The extraction of explicit, human-readable
selection rules from the trained meta-model and their
application in creating a filtered, high-potency training
dataset.

— The resulting impact of this curated dataset on the
primary model’s training efficiency and final performance.

Research Methods. To achieve the stated aims and
objectives, a combination of theoretical and empirical
research methods will be employed:

— Theoretical Analysis and Synthesis. This involves
a critical review of existing literature in related fields
such as Active Learning, Curriculum Learning, and
data curation to identify the current state-of-the-art and
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its limitations, thereby synthesizing the foundational
concepts for the proposed framework.

— Mathematical Modeling. This method is used
to formally define the data utility function U(x;) and
its constituent components, providing a rigorous and
quantitative basis for evaluating the value of each data
sample.

— Algorithmic Design. This involves structuring
the proposed methodology into a formal, step-by-step
algorithm for rule generation, from initial model training
and utility scoring to meta-model training and rule
extraction.

— Computational Experimentation. This is the
primary method for validating the framework’s practical
efficacy. It involves implementing the proposed algorithm
and conducting a controlled experiment where multiple
neural network models are trained on datasets prepared
by different methods (the proposed method, a baseline
using all data, and a random subset control).

— Comparative Analysis. The results from the
computational experiments will be analyzed using this
method. The performance metrics (accuracy, training
speed, robustness) of the different models will be
systematically compared to quantify the advantages
of the proposed data selection framework and to draw
substantiated conclusions about its effectiveness.

TECHNICAL APPROACH

Proposed Methodology. The framework proposed in
this research is centered around a meta-learning approach
designed to automate the data curation process. The
core of the methodology is to move beyond manual or
«black box» selection techniques and instead generate
an explicit, human-readable set of rules for creating an
optimal training subset [16]. This is achieved by training
a secondary, interpretable model, termed the meta-model
(M,,...), whose sole purpose is to learn a utility function,
U(x; ), that scores each sample x; from a large, unfiltered
dataset D. This score quantifies the sample’s predicted
value and contribution to the training of the primary deep
neural network model, M,,,,,,,,-

Mathematical Model of Data Utility. The utility
score U(x,) is formally defined as a weighted linear
combination of three distinct and complementary metrics
[17]. This composite function ensures a holistic evaluation
of each data point’s value, balancing model uncertainty,
sample difficulty, and data diversity. For a given primary
model M, with parameters 0, and for each sample
x; with its corresponding label y, the components are
defined as follows:

1. Information Entropy (U,,,,,): This metric
quantifies the model’s uncertainty about a given sample.
Samples with high entropy are those for which the
model’s prediction is ambiguous, suggesting they are
highly informative and that the model has much to learn
from them. We use the Shannon entropy of the model’s
predicted probability distribution (1) over the classes C:
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Uentropy (xi) = H(M xi ’ e)) =
= _Zp(c | xi)logzp(c | x,‘)’

ceC

primary (

(1)

where p(c |x,-) is the predicted probability of class ¢ for
the sample x;,.

2. Model-based Difficulty (Uggc): This metric
identifies samples that are challenging for the current
model to classify correctly, which are often boundary
cases or complex examples. These samples are prioritized
as they are critical for improving the model’s decision
boundaries. Difficulty is measured directly by the value
of the loss function for that sample (2):

Udiﬁﬁ'culty(xi) = ‘C(Mprimar_v(xi; e)) yi)) (2)

where L is the standard loss function used for training,
such as cross-entropy.

3. Feature-space Representativeness (U, senariveness):
This metric is designed to ensure data diversity and
prevent the selection process from being biased towards
only outliers or difficult samples. It prioritizes samples
from under-represented or sparsely populated regions of
the feature space [ 18]. This is approximated by calculating
the inverse density (3) of neighboring samples in the
embedding space:

1
Urepresentativeness ( i ) = 2 ) 3
’ Sexp(-|/ ()= 1) [o?) ©

where f(x;) is the feature embedding of sample x; extracted
from an intermediate layer of M, and o is a kernel
bandwidth parameter.

The final utility score for each data point is the
weighted sum (4) of these three normalized metrics:

rimary>

U(xi) =W Uentmpy + %) Ud[fj[cuhy + Wy l]reprexenmtiveness (4)

where w,, w,, w; are hyperparameters that sum to 1,
allowing for control over the relative importance of each
metric in the final utility calculation.

Rule Generation and Extraction. After calculating
the utility score U(x;) for every data point in the entire
dataset D, the data is ranked based on these scores. The
dataset is then bifurcated into two classes: the top k % of
samples are labeled as ‘high-utility’, and the remaining
(100 — k) % are labeled as ‘low-utility’.

Subsequently, a simple and inherently interpretable
machine learning model, such as a Decision Tree, is
trained as the meta-model (M,,,). This model is not
trained on the raw data itself, but rather on the features and
metadata of the data points (e.g., for images: brightness,
contrast, object count; for text: sentence length, keyword
frequency) to predict the ‘high-utility’ label [19].

The key output of this stage is the learned logic of the
trained meta-model. For a Decision Tree, the paths from
the root to the leaf nodes that classify samples as ‘high-
utility’ can be directly translated into a set of explicit,



KOMITHOTEPHI HAYKW TA IHOOPMALIAHI TEXHONOrIT [[EEFEREEN

human-readable selection rules (e.g., “select images
where brightness > 0.6 AND object_cnt >=2”).

Algorithmic Implementation. The complete end-to-
end process for generating the automated data selection
rules is summarized in the following algorithm.

Algorithm 1: Automated Data Selection Rule
Generation

1. Input. A large, unfiltered dataset D; an untrained
primary model M,,;,..; utility function weights w,, w,, w.

2. Initial Training. Briefly train M, on a small,
random subset of D for a limited number of epochs to
establish an initial performance baseline and obtain an
initial set of weights, 0'.

3. Utility Scoring. For each data point x; € D:

a. Calculate U, (%),  Ujgicun(x,),  and
Ureeresentativeness(xi) USing the partlally trained Mprimary Wlth
weights 0'.

b. Compute the final utility score U(x;) using the
predefined weights.
4. Labeling. Rank all data points according to their
utility score U(x,). Label the top k£ % as ‘high-utility’ and
the rest as ‘low-utility’.

?

5. Meta-Model Training. Train an interpretable
classifier, M,,,, on the features and/or metadata of the
data samples to predict their assigned utility class (‘high-
utility’ vs. ‘low-utility”).

6. Rule Extraction. Extract the learned logic from the
trained M,,,,, and formulate it as a set of explicit filtering
rules, R.

7. Data Selection. Apply the generated rules R to the
original full dataset D to construct the final optimized
training subset, D,

8. Output. The filtered, high-utility dataset Dy,

Algorithm Flowchart. To visually represent the
sequence of operations in our proposed framework, the
following flowchart Figure 1, illustrates the complete
process, from initial data input to the final output of a
filtered, high-utility training dataset.

Experimental Design and Expected Outcomes. To
validate the efficacy of our framework, a comparative
experiment is designed. We will train three models on
different datasets: (1) a Baseline Model on the full dataset,
(2) a Random Subset Model on a random sample of data,

and (3) our Proposed Model on the filtered dataset Dy,,,.,-

[ Input Large Unfiltered Dataset (D) and Untrained Primary Model (M_primary) |=’< The process begins with the raw, potentially noisy dataset. B}

¥

[ Briefly train M_primary on a small, random subset of D F::i This step initializes the model to make its first evaluations meaningful. B]

[ Initialize indexi = 0 |

( Let N = number of samples in D |

X

| Get sample x_i from D \\
o v

| caleulate Utility Score U(x_i) using M_primary
| (Weighted sum of Entropy, Difficulty, and Representativeness) |

v

[ i=i+1 \}:::: Every data point is assigned a quantitative "value" score. [ﬁ

no

\ Rank all samples by their utility score U(x_i) |

’

\: Label top k% of samples as 'High-Utility' and the rest as 'Low-Utility" ]":# The data is bifurcated based on its calculated utility. ﬁ

¥

| Trainan interpretable Meta-Model (M_meta), like a Decision Tree, |
| to classify 'High-Utility' samples based on their features/metadata

:::{ M_meta learns the characteristics of valuable data. [ﬁ

¥

\ Extract human-readable selection rules (R) from the trained M_meta }:::{ For a Decision Tree, these are the paths leading to a 'High-Utility' classification. 'ﬁ

¥

\ Apply the extracted rules R to the full dataset D \

v .

| output the final Filtered, High-Utility Dataset (D_filtered) |

é

Fig. 1. Flowchart of the proposed automated data selection framework
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The expected results, visualized in the chart below,
highlight the anticipated benefits of our intelligent data
selection strategy [20].

Comparative Analysis Chart. The following bar chart
Figure 2, provides a visual comparison of the expected
outcomes across key performance indicators. It contrasts
the resources required and the performance achieved
when training with the full dataset versus the optimized
subset generated by our framework [21].

This chart illustrates the core trade-off: by using only
35 % of the most valuable data (a 65 % reduction), we
anticipate a 60 % reduction in computational cost and
training time. Critically, despite the smaller dataset,
we expect the final model’s accuracy to not only be
comparable but to increase from 92 % to 94 %, owing to
the higher quality and information density of the training
samples and the removal of noisy, counterproductive data.

— Data Size for Training. This bar shows the dramatic
reduction in the amount of data required for training. The
baseline model uses 100 % of the available data, whereas
our proposed method intelligently selects a much smaller
subset (hypothetically 35 %).

— Computational Cost. This metric represents the
time and resources (e.g., GPU hours) needed for the
model to converge. Training on a smaller, more potent
dataset is expected to significantly reduce these costs.

— Final Model Accuracy. This is the most crucial
outcome. The chart visualizes our central hypothesis: by
removing noise and redundancy and focusing on high-
utility data, the model trained on the filtered set can
achieve superior performance compared to one trained
on the entire, unfiltered dataset.

DISCUSSION OF RESULTS
The experimental results, as hypothesized, are

expected to provide strong validation for the proposed
data selection framework. This section discusses
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the interpretation of these anticipated outcomes, the
underlying reasons for the performance differences
between the models, and the broader implications of this
research.

The core hypothesis of this work is that an intelligently
curated, smaller dataset can yield a model that is superior
in both efficiency and effectiveness to one trained on a
large, unfiltered corpus.

— The Proposed Model. We anticipate that the
model trained on the Dy, subset will achieve a final
classification accuracy comparable to, or even exceeding,
that of the Baseline Model. This outcome, despite a
significant reduction in training data volume, is attributed
to the high “information density” of the curated subset.
By focusing exclusively on samples that are informative
(high entropy), challenging (high difficulty), and diverse
(high representativeness), the model is guided to learn
a more robust and generalizable representation of the
underlying data distribution. Furthermore, this model is
expected to demonstrate the fastest convergence rate, as
the computational resources are not wasted on redundant
or noisy examples that can hinder the learning process.

— The Baseline Model. The model trained on the
entire dataset is expected to establish a strong performance
benchmark but will likely be suboptimal. Its convergence
will be the slowest due to the computational overhead of
processing a massive number of samples, many of which
are uninformative or redundant. The presence of noisy or
mislabeled data in the unfiltered set can also impede the
learning process, leading to a lower final accuracy and,
most critically, reduced robustness to out-of-distribution
or adversarially perturbed data.

— The Random Subset Model. This model serves as a
crucial control to demonstrate that the performance gains
are not merely a consequence of data reduction. While
it will train faster than the Baseline Model, its accuracy
is expected to be the lowest of the three. Randomly

Comparison of Training on Full vs. Filtered Datasets

100%

| ™= Full Dataset (Baseline)
B Filtered Dataset (Proposed Method)

100

80

Relative Value (Normalized)

Fig. 2. Expected performance and efficiency gains from the proposed data selection framework
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omitting data means that critical boundary cases, under-
represented examples, and other high-utility samples
are likely to be excluded from the training set, leading
to a poorly generalized model. This result will confirm
that the intelligent selection strategy of our framework is
the key driver of performance, not just the reduction in
dataset size.

Scientific and Practical Implications. The success
of this framework carries significant implications.
Scientifically, it shifts the paradigm from «black box»
data selection (as seen in some active learning loops) to
an interpretable, rule-based approach. The generated rules
provide invaluable, human-readable insights into what
constitutes «good» data for a specific learning task, which
can inform future data collection and governance strategies.

Practically, this methodology offers a direct solution
to the data curation bottleneck that plagues the machine
learning development lifecycle. By automating the
selection process, it drastically reduces the manual labor,
time, and computational costs associated with preparing
large datasets. The resulting models are not only trained
faster but are also more robust and reliable — a critical
requirement for deployment in real-world, high-stakes
applications.

Synergy with Continual Learning. This work serves
as a foundational step and has a direct synergy with the
field of continual learning. In dynamic environments
where data distributions evolve over time (a phenomenon
known as concept driftf), models must be adapted
efficiently. The data selection framework proposed here
can be seamlessly integrated into a continual learning
loop. When concept drift is detected, our meta-model
can be used to intelligently select the most informative
new samples from an incoming data stream. This would
allow for a highly efficient and targeted fine-tuning of
the primary model, updating its knowledge with minimal
computational cost and without requiring the storage of all

new data. This proactive, data-centric approach ensures
that models remain robust and accurate throughout their
entire lifecycle.

CONCLUSIONS

This study addresses the critical challenge of data
quality in training deep neural networks, targeting the
manual, time-consuming, and subjective process of
data curation that constitutes a major bottleneck in the
machine learning pipeline. We have introduced a novel
framework for the automated generation of data selection
rules, designed to systematically replace manual effort
with an intelligent and repeatable methodology.

The proposed methodology is centered on a meta-
learning approach where a secondary, interpretable
model is trained to assess the ‘utility’ of each data point.
This utility is quantified through a holistic combination
of three metrics: information entropy, model-based
difficulty, and feature-space representativeness. The
primary contribution of this work is its unique output:
a set of explicit, human-readable, and reusable data
selection rules. This shifts the paradigm from an opaque
‘black box’ selection process to an interpretable one,
providing valuable insights into what constitutes ‘good’
data for a specific learning task.

By applying these rules, our approach aims to
construct a smaller, yet more potent, training dataset. This
method promises to significantly accelerate model training
and reduce computational costs, while simultaneously
enhancing the final model’s accuracy, generalization, and
robustness against noisy or out-of-distribution data.

In conclusion, this research represents a significant
step towards creating more efficient and intelligent
machine learning pipelines. It moves the focus from
post-hoc model adaptation to proactive, data-centric
optimization from the very beginning of the model
lifecycle, laying a high-quality foundation for subsequent
tasks such as robust continual learning.
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