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ABSTRACT

In today's global trade environment, accurate and fast classification of goods by Harmonized System (CUSTOMS/CUSTOMS)
codes is crucial for the efficient functioning of customs processes. The increase in data volumes and the complexity of product
descriptions create a need to implement intelligent methods for analyzing text information. The use of Natural Language Processing
(NLP) technologies in combination with machine learning opens up new opportunities for automating the process of determining
customs codes and reducing the human factor in customs classification. The aim of the study is to increase the accuracy of automated
determination of Harmonized System codes by applying modern models of semantic analysis of text descriptions of goods. To
achieve this goal, the following tasks were set: to analyze existing natural language processing models, to investigate their
effectiveness for customs classification tasks, to form the optimal model architecture and to evaluate its advantages compared to
traditional algorithms. The work uses semantic modeling and machine learning methods. An experimental approach was used to
combine these models with classification algorithms, in particular, logistic regression, decision trees, and neural networks. The
evaluation was carried out using accuracy, completeness, and measure indicators. The results of the study showed that the use of
contextual embeddings, in particular the BERT model, provides a significant improvement in the accuracy of automated
classification of goods compared to traditional statistical methods. The proposed generalized model, combining semantic analysis
with machine learning, allows to increase the level of correct assignment of customs codes based on text descriptions, even in cases
of ambiguous or incomplete data. The study confirmed the feasibility of integrating natural language processing technologies into
customs classification systems. The scientific novelty lies in the development of a hybrid model that combines semantic text
representations and classification algorithms, which increases the accuracy and efficiency of automated determination of customs
codes. The practical significance of the work lies in the possibility of implementing the proposed approach in "smart customs"
systems to optimize control processes and accelerate the clearance of goods.
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INTRODUCTION language formulations and the complexity of
commodity nomenclatures. In the context of digital
transformation of customs procedures, there is a
need to implement intelligent systems that can

; t of H sed Svst des that th automate the classification process, reduce the
assighment ot Tiarmonized System codes that the jnact of the human factor and ensure the stability
correct calculation of customs payments, the of decisions

application of tariff and non-tariff regulatory One of
measures, as well as compliance with current
legislative  requirements depend. Errors in
classification can lead to financial losses, delays in
customs clearance or even legal consequences for
participants in foreign economic activity [1].

In traditional practice, the process of
determining codes is based on manual analysis of
product descriptions by specialists, which requires
significant time and human resources. This approach
is gradually losing its effectiveness due to the rapid
growth of information volumes, the diversity of

Customs classification of goods is one of the
basic elements of the international trade system,
since it is precisely on the accuracy of the

the most promising areas of
development of such systems is the use of semantic
text analysis methods. This approach involves the
use of natural language processing technologies that
allow computer models to understand the content of
product descriptions in context, determine semantic
relationships  between words, and establish
correspondence between text data and Harmonized
System codes.

The use of modern semantic representation
models, such as contextual vector models or
transformer architectures, makes it possible to

increase the accuracy of automated classification.
© Krupa S., Kryvenchuk Yu., 2026

This is an open access article under the CC BY license (https://creativecommons.org/licenses/by/4.0/deed.uk)

76 Computer science and software engineering ISSN 2617-4316 (Print)
ISSN 2663-7723 (Online)


https://orcid.org/0009-0000-2074-9762
mailto:stepan.m.krupa@lpnu.ua
mailto:yurii.p.kryvenchuk@lpnu.ua

Krupa S. M., Kryvenchuk Yu .P. /

Applied Aspects of Information Technology

2026; Vol.9 No.1: 76-85

Thanks to this, customs authorities can optimize
work with large data sets, accelerate the decision-

making process, and increase the level of
transparency in the field of foreign trade.
Therefore, research aimed at improving

methods for automatically determining Harmonized
System codes using semantic analysis and machine
learning has not only theoretical but also practical
value. Their results can become the basis for
creating intelligent solutions within the framework
of the concept of “smart customs” aimed at
increasing the efficiency and transparency of
international trade processes.

ANALYSIS OF LITERARY DATA

In modern scientific research, more and more
attention is paid to the use of machine learning
methods to automate customs classification
processes. The effectiveness of such approaches has
been proven by a number of works, which show that
even basic algorithms, in particular a naive Bayesian
classifier or logistic regression, can demonstrate
satisfactory accuracy in determining Harmonized
System (CUSTOMS) or Harmonized Tariff System
(CUSTOMS) codes based on text descriptions of
goods. For example, the publication Analysis of the
Use of CUSTOMS and CUSTOMS Codes in
Customs Classification Systems: Challenges and
Opportunities of Integration of IT Technologies
(Krupa & Kunanets, 2024) studies the combination
of machine learning, automation systems and
classification of CUSTOMS/CUSTOMS codes in
customs practice [2], [11].

Further development of this direction is
associated with the transition to more complex
methods of text analysis, in particular neural
networks and vector representation models of
language. Research in recent years shows that the
use of such approaches increases the system's ability
to capture semantic patterns in language data. For
example, the article Revolutionizing Harmonized
System (CUSTOMS) Code Search with Semantic
Search and Word Embeddings: Empowering Trade
Classifications (2024) considers the application of
semantic search and word embeddings specifically
for the task of searching and assigning CUSTOMS
codes. However, classical algorithms that operate
only on superficial features — word frequency,
n-grams, or key phrases — have significant
limitations. They do not take into account the deeper
meaning of the text and contextual connections
between words, which makes it difficult to correctly
determine codes in cases where the description has
ambiguity or uses synonymous formulations. Such

limitations are especially noticeable in international
trade, where product descriptions are provided in
different languages or in different linguistic styles.
For example, the words motor and engine are
semantically close, but for models operating at the
keyword level, they are perceived as different
markers, which can lead to erroneous classification.
A similar problem arises with phrases like machine
for processing wood and timber cutting device,
which describe the same product but differ in
wording. The lack of ability to generalize such cases
reduces the effectiveness of automated classification
systems.

In response to these challenges, researchers are
increasingly turning to contextual models that can
take into account both lexical and semantic features
of the text. A new generation of language
architectures — for example, the BERT, RoBERTa,
XLNet, and GPT models - has shown high
efficiency in text analysis, classification, information
retrieval, and machine translation tasks. Their
advantage lies in the use of a self-attention
mechanism, which allows the model to analyze all
words in a sentence simultaneously and establish
semantic dependencies between them. Thanks to
this, the system is able to distinguish contextually
similar but meaningfully different phrases, such as
engine for ship and engine oil [3].

An important contribution to the development
of this direction was made by the ATLAS study:
Benchmarking and Adapting LLMs for Global Trade
via Harmonized Tariff Code Classification (Yuvraj
& Devarakonda, 2025) [20]. In this work, the
authors created a new dataset and a baseline model
for automatically assigning Harmonized Tariff
System (HTS) codes to goods based on their text
descriptions [4]. The task involves using textual
product descriptions as input and predicting the
correct HTS code from thousands of possible
categories. This study highlights the complexity of
accurately classifying goods, even with modern
language models.

The use of context-oriented models in the field
of customs is a relatively new but promising
direction. Unlike previous solutions, these models
can analyze full product descriptions, taking into
account the grammatical, stylistic and functional
features of the text. This allows you to create
intelligent systems that are capable of self-learning,
adapting to new categories of goods and multilingual
data processing.

In addition, scientists are increasingly paying
attention to the possibility of combining text and
visual data. Multimodal architectures that analyze
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both the product description and its image or
drawing simultaneously open the way to creating
more flexible and accurate classification systems.
This is especially true for product categories where
external characteristics are crucial — for example, in
the field of jewelry, clothing, -electronics or
mechanical engineering [5].

Thus, the current state of scientific research
demonstrates a gradual transition from statistical and
frequency-based models to contextual and
multimodal systems that are able to understand the
content of the text more deeply and correctly
determine the Harmonized System codes [6]. This
approach forms a new paradigm in customs
classification automation, combining accuracy,
speed and scalability for global trade processes.

THE PURPOSE AND OBJECTIVES OF THE
RESEARCH

In the current conditions of globalization and
digitalization of foreign economic processes,
customs classification of goods is of particular
importance. Determining the correct Harmonized
Tariff System (CUSTOMS) code is the basis for
calculating customs payments, forming
international trade statistics and complying with
customs legislation. However, traditional
classification methods based on manual analysis of
descriptions or simple lexical algorithms do not
meet the requirements of the modern volume of data
and the diversity of product descriptions. The use of
deep semantic analysis of texts opens up new
prospects for increasing accuracy and speed.

The purpose of the study is to develop a
conceptual model of automated classification of
goods by CUSTOMS codes based on the use of
deep semantic analysis of texts and modern natural
language processing (NLP) architectures. The study
is aimed at creating an intelligent system capable of
understanding the content of text descriptions of
goods in context, interpreting them taking into
account linguistic, industry and structural features
and forming reasonable recommendations for
determining the appropriate CUSTOMS code [7].

The main idea is to move from lexical analysis
methods to semantically oriented models that allow
the system not only to compare words, but also to
understand their content, context, and functional
relationships. For example, the model is able to
distinguish that the phrases “motor oil” and
“electric motor” contain the same keyword, but
belong to different product -categories, while
“engine component” and “motor part” belong to the
same class.

The use of context-sensitive models, such as
BERT, RoBERTa, GPT, XLNet, as well as
multilingual variations (Multilingual BERT, XLM-
R), creates the opportunity to form universal systems
suitable for working with multilingual databases and
texts of various formats — from technical descriptions
to commercial specifications [8].

To achieve the goal, the following main tasks
are envisaged.

1. Analytical generalization of scientific
sources and practical developments in the field of
automation of customs classification of goods,
identification of development trends, limitations of
existing methods, and modern approaches to the
application of NLP in similar tasks.

2. Research on the architectures of transformer
models (BERT, RoBERTa, GPT, XLNet, XLM-R,
etc.) and their capabilities in the context of building

semantic text analysis systems for product
classification.
3. Formation of a method for semantic

representation of texts based on vector embeddings
that reflect contextual relationships between words
and provide the model with the ability to recognize
synonymy, ambiguity, and structural variability of
descriptions.

4. Development and  training of an
experimental classification model that combines
semantic vector representations with machine
learning algorithms (e.g., Random Forest, XGBoost,
or neural networks) to increase the accuracy of
automatic determination of CUSTOMS codes.

5. Evaluation of the effectiveness of the
developed model by comparing it with traditional
lexical classification methods (TF-IDF, Naive
Bayes, Logistic Regression), determining the level
of accuracy, completeness, consistency, and ability
to work with multilingual data.

6. Analysis of the possibilities of adapting the
model to new product categories and language
environments, in particular by fine-tuning on
domain data of customs statistics.

7. Formation of practical recommendations for
integrating the proposed model into the information
systems of customs authorities, as well as
assessment of the potential impact of the
implementation of such solutions on the efficiency
of customs operations and digitalization of trade
procedures.

The implementation of the tasks will allow:

* to create a prototype of an intelligent system
for automatic determination of CUSTOMS codes,
capable of analyzing product descriptions taking
into account the context;
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*to reduce the number of erroneous
classifications due to language and terminological
discrepancies;

* to increase the speed of data processing and
the level of consistency of classification results
between different customs departments;

* to form the basis for the further development
of multimodal systems that combine the analysis of
texts and visual data (images, technical drawings,
diagrams).

Thus, the results of the study will contribute to
increasing the accuracy, transparency, and
efficiency of customs classification, which is an
important element in the development of Smart
Customs and ensuring the digital transformation of
international trade [9].

RESEARCH METHODS

The basis of the study is the semantic analysis
of text descriptions of goods, which involves the
transformation of linguistic data into numerical
vectors — text vectorization. This approach allows
you to present the content of each description in the
form of a multidimensional vector that reflects the
semantic relationships between words.

At the initial stage, text preprocessing is carried
out: normalization, tokenization, removal of stop
words and lemmatization. After that, the cleaned
descriptions are transferred to a language model,

which  forms their semantic vectors in a
multidimensional space. This allows you to
determine the degree of similarity between

descriptions (semantic similarity), which is the basis
for further classification and assignment of the
appropriate customs code.

Modern automated commodity classification
systems based on artificial intelligence technologies
are shaping a new approach to customs
documentation processing and international trade
management.  Such  systems  operate  as
comprehensive tools that combine text and visual
data analysis, self-learning mechanisms, and
mathematically sound decision-making models.

The first stage of the work is the processing of
input data: text descriptions of goods, their technical
characteristics, images, and information from
previous customs declarations. All this data is
converted into structured feature vectors, which are
used in further analysis. The central element of the
system is a deep neural network capable of
recognizing hidden patterns in large amounts of
information.

To determine how well a text description of a
product matches a specific CUSTOMS category, the

system uses a semantic similarity assessment
method. It allows you to quantitatively measure the
closeness of the product description to the reference
characteristics of a specific product group.

This is calculated using the cosine similarity
formula:

VixV;

NANZ 1)
where V1 is the vectorized description of the product,
and V; is the representative vector of the product
category. The higher the value of S, the stronger the
correspondence between the product and the
category.

Since many products have not only a text
description but also images, the system combines the
results of text and visual analyses. To do this, an
integrated model is used, which allows you to obtain
a generalized correspondence score based on two
sources of information:

Score=axT+(1—a)=*I, 2

where T is the score obtained from text analysis, I
is the result of visual classification, and o is the
weighting coefficient that determines the relative
importance of each component. This approach
allows the system to flexibly adapt to different
conditions — for example, to increase the role of text
if the image is of poor quality, or vice versa.

After calculating all the intermediate scores, the
system proceeds to select the most appropriate
customs code.

This is done by comparing the values obtained
for all potential codes and selecting the highest
result:

HTS = arg kmg);{(Scorek), (3)

where K is the set of possible CUSTOMS codes, and
Score, is the integrated compliance score.

This ensures a transparent and reasonable
process for determining goods in the international
nomenclature.

The system generates a customs code along
with an explanation that reflects the logic of the
classification: the key characteristics of the goods
that influenced the decision, the dominant features
and parameters that determined the correct category.

Early methods — Word2Vec and FastText —
created static vector representations that are the
same for all contexts. However, in the customs
sphere, one word can have different meanings
depending on the context, so such models are of
limited use.
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Modern contextual models, in particular BERT,
RoBERTa, Sentence-BERT, XLNet, form vectors
taking into account the context, which provides a
deeper understanding of the meaning of the phrase.
For example, in the phrase “plastic case for mobile
phone” the word “case” will be interpreted as
“cover”, not “suit”, which allows you to more
accurately determine the appropriate product
position [10].

Formally, the description of the product d; is
given in the form:

v =/ (dy), (4)

where f is the function of transforming text into a
vector representation using a language model.

The similarity between two descriptions is
determined by the cosine measure of proximity,
which allows calculating the distance between
vectors in the semantic space.

To increase accuracy, the results of the basic
model were fine-tuned on industry-specific customs
datasets containing real descriptions of goods and
confirmed customs codes. This ensures that specific
terms, abbreviations, and professional vocabulary
are taken into account. For example, the word “chip”
in the context of electronics is interpreted as
“microcircuit”, and in the food industry as “chips”.

Thus, semantic vectorization is a basic element
of building an intelligent system for automatic
determination of customs codes, as it allows moving
from a superficial search for keywords to a deep
understanding of the meaning of the description.

The developed system architecture provides for
three interconnected levels.

1. Semantic coding level — formation of context
vectors using the Sentence-BERT model or its
multilingual analogues.

2. Classification level — using SVM, Random
Forest or softmax neural network algorithms to
assign a description to a specific customs code.

3. Self-learning level — further training the

model = SentenceTransformer(‘paraphrase-
multilingual-MiniLM-L12-v2")

embeddings = model.encode(df['description’])
clf = SVC(kernel="linear")

clf fit(embeddings, df['customs_code'])

This approach demonstrates the combination of
semantic text encoding with classical machine
learning algorithms, providing flexibility and high
efficiency of classification even with limited data
volumes.

A comparative analysis was conducted for
different approaches — from transformers to hybrid
and multimodal systems (see Table 1). This allows
to determine the optimal architecture taking into
account the accuracy, speed and interpretability of
the results [11].

Table 1. Comparative analysis of systems

Model / Advantages Disadvantages /
Approach Challenges
BERT / | Deep High
Sentence- understanding of | computational
BERT / | context, costs, complexity
RoBERTa multilingual of interpretation
support, high
accuracy even for
short descriptions
Multimodal Using visual cues | Not all products

(text + photo)

increases
accuracy; relevant
for products
where shape or
color matters

have high-quality
images; large
memory
requirements

Hierarchical
classification

Takes into
account the
structure of
CUSTOMS
codes, increases
accuracy at the
section —
subheading levels

The complexity
of constructing
hierarchy and loss
functions

Self-Learning /
Active

Gradual self-
learning on new

Risk of
accumulating

) T . h Learning data, reducing the | errors in case of
model on new descriptions with confirmed codes to need for poor quality data
gradually increase accuracy. retraining

: . ) Hybrid models | Resistance to Limited

Example implementation (Python): (NyLP + ML) “noisy” generalization of
from sentence_transformers import SentenceTransformer descriptions, complex contexts
from sklearn.svm import SVC quick learning
import pandas as pd LLM (GPT-4, | They can work High cost and
data = {'description’: [ GPT-5) without additional | resource intensity,

"Lithium battery for smartphone", training, they risk of

"Plastic food container”, exp_la_in their “falsehood”

"Copper cable for electronics"], decisions

‘customs_code": [8507, 3923, 8544]} Source: compiled by the authors
df = pd.DataFrame(data)
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The most balanced is a combined approach that
integrates transformers for deep context analysis,
hierarchical classification for structured codes, and
self-learning mechanisms for continuous
improvement.

The research developed a methodological basis
for building a semantic classification system for
product descriptions for automatic determination of
CUSTOMS codes.

The proposed approach is based on a
combination of semantic text analysis, machine
learning, and self-learning architectures, which
ensures high accuracy, scalability, and adaptability
of the system to new data, as illustrated in Fig. 1.

Accuracy Comparison of Different Approaches to HTS Classification

Fig. 1. Comparison of different approaches to
CUSTOMS classification

Source: compiled by the authors

EXPERIMENT AND RESULTS

Building models for automatic customs code
recognition in real-world environments faces a
number of significant challenges. The insufficiency
and unevenness of labeled data is one of the key
ones. Most open datasets contain examples mainly
for popular products that are frequently imported or
exported, while rare items are represented in a
limited way. This class imbalance leads to the model
learning well to recognize popular categories, but
demonstrating low accuracy for specific or new
products. This is especially true for technological
innovations or highly specialized items for which
historical customs records are lacking.

An additional factor is the ambiguity of labeled
data. In different countries or even within the same
customs system, the same descriptions can be
classified differently. This creates conflicting signals
during training and worsens the accuracy of
predictions.

The quality of product descriptions significantly
affects the effectiveness of semantic models. In real
customs declarations, descriptions are often
incomplete, contain spelling errors, abbreviations,
trade names or technical jargon. For example, the

same part may be described as “motor part”, “engine

accessory” or even ‘“component A45”, which
complicates automatic classification.
Multilingualism adds complexity: the same database
may contain descriptions in English, German,
Chinese or Ukrainian, which requires the
construction of multilingual models or additional
pre-translation [12].

The international variation of customs and
standards also creates difficulties. The first six digits
of the customs code are globally unified, but the
subsequent levels of detail may differ between
countries. For example, a code that in the US refers
to a certain group of goods may have a different
interpretation in the EU or Japan. This requires
adapting algorithms to specific national standards or
creating multinational models with an adaptive
retraining mechanism on regional data.

Computing resources are another challenge.
Transform models such as BERT or GPT require
significant computing power for training and
inference [13]. Processing a large number of
descriptions requires GPUs or TPUs, which are not
always available to government agencies or small
companies. Large models with hundreds of millions

or billions of parameters increase power
consumption and processing time.
Equally important are the issues of

interpretability and trust. Customs officers need to
understand why the system assigned a certain
customs code. If the model works as a “black box”,
this can reduce trust or create legal risks. Therefore,
the integration of explainability mechanisms, such as
highlighting keywords or providing alternative code
options with a probability assessment, is critical
[14], [15], [16].

Experimental studies were conducted on the
basis of a dataset containing descriptions of goods of
different categories with confirmed customs codes.

The following methods were used for analysis.

1. Semantic text encoding using Sentence-
BERT and Multilingual BERT models.

2. Classification of descriptions using SVM and
Random Forest algorithms.

3. Fine-tuning the model on specialized
customs descriptions to improve accuracy on rare
categories.

4. Evaluation of results using accuracy metrics,
average Fl-measure and Top-N accuracy (Top-1,
Top-3, Top-5).

Experimental studies were conducted using the
CROSS Rulings HTS Dataset, which contains
18,731 English-language product descriptions
mapped to 2,992 unique HTS codes. The dataset,
sourced from U.S. Customs rulings, is publicly
available for reproducibility and supports training
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and evaluation of machine learning models for
customs code classification.

Special attention was paid to class balancing:
oversampling methods were used for rare categories
and redundancies were removed for frequently
occurring goods (see Table 2). For multilingual
descriptions, the Sentence-BERT multilingual model
was used without prior translation, which allowed to
avoid errors introduced by automatic translation [17].

The graph in Fig. 2 presents the Top-1, Top-3,
Top-5 accuracy, and F1l-score (%) for seven
evaluated customs code classification models. Top-
N accuracy indicates whether the correct HTS code
is among the model’s N most likely predictions:
Top-1 shows exact matches, Top-3 includes the top
three predictions, and Top-5 includes the top five.
These metrics are particularly useful for evaluating
models in tasks with thousands of possible classes.

The results showed that:

o transformer-based models provide high
classification accuracy: over 90 % for popular
categories and 75-80 % for rare goods after
retraining;

e self-learning mechanisms improve the
accuracy of rare classes by 5-7 % without complete
retraining;

e multimodal models (text + product image)
increase Top-3 accuracy by 3-5 % for goods where

Key observations:

1) the level of quality of labeled data directly
affects the accuracy of models, especially for rare
goods;

2) contextual models significantly outperform
classical TF-IDF or naive Bayesian classifier
methods in multilingual classification tasks;

3) a combined approach integrating
transformers, hierarchical classification and self-
learning is the most effective for practical
implementation in customs systems.

The graph presents Top-1, Top-3, Top-5
accuracy and F1-score for seven evaluated models.
Classical statistical methods (TF-IDF + SVM and
Word2Vec + Random Forest) achieve Top-1
accuracy of 72-76 % and F1-score below 0.75. In
contrast, contextual transformer-based models
(Sentence-BERT + SVM, Multilingual BERT +
SVM, Multimodal text+image, Hierarchical Loss +
Transformer, and Self-Learning/Active Learning)
demonstrate significantly higher results: Top-1
accuracy ranges from 88 % to 92 %, Top-5 accuracy
reaches 96-98 %, and F1-score exceeds 0.87. The
best overall performance is shown by the Self-
Learning/Active Learning approach (Top-1 = 92 %,
F1 = 0.91) and the multimodal model (Top-5 =
98%), confirming the effectiveness of combining

visual ~ characteristics are critical (electronics, contextual —embeddings, visual  information,
clothing, spare parts); _ _ hierarchical classification, and continuous self-

< explainability mechanisms increase USEr |earning mechanisms in real-world customs
confidence: customs officers can see which words or  anvironments [18], [19], [20], [21] [22I.
phrases had the greatest impact on predictions. ' ' ’ ’

Table 2. Comparative analysis of systems
Model Top-1 Top-3 Top-5 F1- Notes
measure
TF-IDF + SVM 72 % 85 % 90 % 0.71 Classic approach, does not take into
account context
Word2Vec + 76 % 88 % 92 % 0.74 Static embeddings, not contextual
Random Forest
Sentence-BERT + 90 % 95 % 97% 0.89 High accuracy thanks to contextual
SVM embeddings
Multilingual 88 % 94 % 96 % 0.87 Support for multiple languages without
BERT + SVM translation
Multimodal (text + | 91% 96% 98% 0.90 Better product identification with
photo) visual information
Hierarchical Loss 89 % 95 % 97 % 0.88 Benefits of multi-level CUSTOMS
+ Transformer classification
Self-Learning / 92 % 97 % 98 % 0.91 Gradual accuracy improvements for
Active Learning rare classes
Source: compiled by the authors
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Performance of Customs Code Classification Models

Accuracy / F1 (%)

Fig. 2. Performance of CUSTOMS code

classification models
Source: compiled by the authors

(Sentence-BERT,

Contextual models
Multilingual BERT) significantly  outperform
classical statistical methods. The use of multimodal
data (text + image) increases the accuracy of Top-3
and Top-5 classification, especially for goods where
appearance is critical. The self-learning mechanism
allows for increased accuracy for rare codes without
complete retraining of the model [15]. Hierarchical
classification improves interpretability and error
control at different levels of customs.

CONCLUSIONS

The study confirmed the high potential of using
modern natural language processing (NLP) models
to automate the process of determining CUSTOMS
codes. Semantic analysis of text descriptions of
goods wusing transformer architectures (BERT,
RoBERTa, GPT) allows you to take into account not
only individual words, but also contextual
connections between them. This ensures accurate
determination of the content of the description even
in cases of complex, incomplete or ambiguous
formulations.

Adding multimodal data — photograpcustoms,
drawings and other graphic elements — significantly
improves the classification of goods, allowing you to
take into account the material, shape, dimensions
and other physical characteristics. The combination
of text and visual analysis increases the accuracy of
classification, especially when the text description
contains insufficient keywords or is general.

The most effective are combined models that
simultaneously apply:

* contextual semantic analysis of text;

» multimodal data representation;

* hierarchical structure of customs codes for
multi-level classification;

* uncertainty estimation mechanisms to provide
several possible code variants with a level of
confidence.

The hierarchical approach allows to minimize
the consequences of errors at lower coding levels,
ensuring correct classification at the section or
subheading level, even if the exact ten-digit code is
not defined.  Uncertainty  estimation and
explainability mechanisms increase user confidence,
allow customs officers to analyze the logic of the
decision and, if necessary, correct the result.

The practical implementation of such systems
requires:

1. A large and high-quality corpus of training
data, covering different languages and regional
features of wording.

2. Integration into the workflows of customs
authorities, including a clear user interface for
analyzing the results.

3. Regular data updates and quality control of
the results to ensure the stability and accuracy of the
system in real conditions.

The use of semantic analysis and multimodal
technologies can:

* reduce the time and cost of classifying goods;

« reduce the likelihood of human errors;

« ensure unification of classification decisions
across different customs offices;

+ allow experts to focus on complex or
controversial cases.

Future research prospects include:

* development of models with improved
multilingual support and adaptation to local customs
standards;

* integration of additional data types (e.g.,
technical specifications, video product reviews);

+ improvement of self-learning and active
learning mechanisms to automatically improve
accuracy on rare classes;

+ development of explainable Al to better
understand system decisions and increase user
confidence.

The Self-Learning/Active Learning approach
iteratively retrains the model on the most uncertain
or rare samples, gradually improving accuracy
without  full retraining. This allows better
performance on rare classes while maintaining
efficiency in large-scale HTS code classification.

Thus, further implementation of semantic and
multimodal models in customs classification has the
potential to become an effective tool for
modernizing international trade processes and
increasing the overall efficiency and transparency of
customs operations.
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AHOTALIA

VY cydacHHX ymoBax r00ajnbHOI TOPriBii TO4YHa i mBHAKa Kimacudikalis ToBapiB 3a kojamu ['apMoHi30BaHOI cucTteMu
MHUTHHUIII Ma€ KIIOYOBE 3HA4eHHs JUI e(eKTUBHOro (yHKIIOHYBaHHS MHTHHX IHpoueciB. 30UIbIIEHHS OOCATiB JaHUX Ta
YCKJIQJTHEHHsI OITHCIB TOBapiB CTBOPIOIOTH MOTpeOy y BIPOBA/PKEHHI IHTENEKTYyaJIbHUX METOJIB aHali3y TeKcToBoi iH(popmaryi.
BuxopucranHs TexHOJIOTiH 0OpOOKH NMPHPOJHOI MOBH Y MO€AHAHHI 3 MAIIMHHUM HaBYaHHAM BiJIKDUBA€ HOBI MOMIIMBOCTI JUIs
aBTOMAaTH3allii Ipolecy BH3HAUSHHS KOJAIB MHTHHX Ta 3MEHIIeHHsS JIIOJChKoro ¢akTopa y MHTHIH Kkiacudikamii. Mertoio
JOCJIi/KeHHsl € IiJBUILCHHS TOYHOCTI aBTOMAaTH30BAaHOTO BH3HAYCHHA KOAIB ['apMOHI30BaHOI CHCTEMM IUIAXOM 3aCTOCYBaHHS
CY4aCHHX MOZENEH CEMaHTHYHOrO aHajli3y TEKCTOBHMX OMHUCIB ToBapiB. It moCATHEHHs wi€l MeTH Oyno IOCTaBIEHO 3aBJAaHHSA:
MPOaHAaJIi3yBaTH iCHYIO4i MoAeNi OOpOOKM NPHUPOJHOI MOBH, IOCTIIUTH X e(EeKTUBHICTh WIS 3aJad MHUTHOI Kiacudikarii,
copMyBaTH ONTHUMAIIBHY apXiTEKTypy MOJeNi Ta OLIHUTH il MepeBard MOPIBHSAHO 3 TPaJULIHUMU anroputMamu. Y poOoTi
3aCTOCOBAHO METOIM CEMAHTUYHOrO MOJEINIIOBAHHSA Ta MAIIMHHOIO HaBYaHHA. BHKOPHUCTaHO EKCIEPUMEHTANBHMH MigXix 10
MOEAHAHHSA LIMX MoJerneil i3 kiacupikalifHIMI anropuTMaMy, 30KpeMa JIOTICTHYHOIO Perpecielo, 1epeBaMHu pillieHb Ta HEHPOHHUMU
Mepexamu. OIIHIOBaHHS NPOBOJWIOCS 3a MOKAa3HMKAaMH TOYHOCTi, IIOBHOTH Ta Mipu. Pe3yiabTaTH J0CIizKeHHsl IMOKa3aiy, 110
BUKOPHCTaHHS KOHTEKCTHMX €MOEIMHIIB, 30KpeMa Mojeni, 3a0e3ledye CyITeBE IIOKPAICHHS TOYHOCTI aBTOMAaTH30BaHOL
kiacuikaiii ToBapiB MOPIBHAHO 3 TPAAULIHHUMH CTaTUCTUYHHMH METOAaMH. 3alpOIOHOBAHA y3aralibHEHa MOJEINb, II0 MOEIHYE
CeMaHTUYHHUI aHali3 i3 MallMHHUM HaBYaHHSM, JO3BOJISIE MiJBUIIUTH PIBEHb KOPEKTHOrO MPHCBOEHHS KOMAIB MHTHHX Ha OCHOBI
TEKCTOBUX OIKCIB, HABITh Y BUIAJIKaX HEOJHO3HAYHUX 200 HEMOBHUX JaHMX. [IpoBeleHe NOCIiPKEHHS MiATBEPIUIO JOLIIBHICTD
iHTerpauii TexHoJoriii oOpoOKM MpUpPOAHOI MOBM B cucTeMH MuTHOI kinacudikanii. HaykoBa HoBHM3HaA moisirac y po3poOii
ribpuanoi Moneni, sika 00’€IHye CEeMaHTHYHI TPEACTABICHHsS TEKCTiB 1 anroputmu Kiacudikamii, 110 MiJBHUIYE TOYHICTH Ta
e(eKTUBHICTh aBTOMATH30BAaHOI'O BH3HAYEHHS KOAIB. [IpakTWyHe 3HAYCHHS POOOTH MOJAra€ y MOXIIMBOCTI BIPOBAJDKECHHS
3aIPOIIOHOBAHOTO.

KiouoBi cioBa: mutHa kiacudikamis; CeMaHTUUHHMH aHajli3, MallMHHE HABYaHHS, OOpOOKa TEKCTiB; aBTOMAaTH3allis;
rapMOHiI30BaHa CHCTEMa
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