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AI-ASSISTED PIPELINE FOR SEMI-
AUTOMATIC CONSTRUCTION OF HTR
CORPORA FROM HISTORICAL
DOCUMENTS

This paper presents an improved software application for the
semi-automatic annotation of hanawritten words from historical
documents using a CRNN deep learning model. The proposed approach
Integrates an artificial intelligence module directly into the annotation
process, automatically generating a preliminary transcription for each
image. It implements the Human-in-the-Loop concept, where the
prediction serves as a recommendation that can be accepted, corrected,
or replaced by the annotator, preserving expert control over the final
annotation while reducing repetitive manual input.

The application provides automated ordering of images
according to metadata, structured storage of transcriptions and document
information, text normalization, detection of already processed samples,
and resumption of interrupted annotation sessfons. The Al prediction
module is integrated directly into the graphical interface, allowing the
annotator to review and edit the generated transcription without switching
between separate tools.

The CRNN model was trained on a custom corpus of 2,763
segmented handwritten word images with diverse graphical and linguistic
characteristics. Training employed image augmentation, AdamW
optimization, CTC loss, Gradient Clipping, adaptive learning-rate reduction,
and Early Stopping. The main focus of the study is the evaluation of
annotation performance and the effect of AI-assisted predictions on user
productivity.

Experimental results showed that the average processing time
decreased from 8.4 s per word with manual transcription to 4.7 s when an
Al prediction was available. This corresponds to a 1.79-fold increase in
processing speed and a 44.0% reduction in processing time. Annotator
productivity increased from 7.1 to 12.8 words per minute. These results
demonstrate the practical effectiveness of integrating HTR prediction into
an expert annotation workflow and its potential to accelerate the
construction of training corpora for historical handwritten text recognition
systems while maintaining expert verification of the final annotations.

Keywords: handwritten text recognition, HTR, CRNN, Human-in-
the-Loop, data annotation, historical documents, deep Ilearning,
handwritten corpora, AI-assisted annotation, annotation performance.

Introduction

The digitization of historical handwritten documents is
an important area of cultural heritage preservation and research.
One of the key tasks in this process is Handwritten Text
Recognition (HTR), which enables images of handwritten
documents to be converted into structured text. Unlike the
recognition of modern printed documents, HTR is considerably
more challenging due to handwriting variability, non-standard
orthography, damage to historical documents, overlapping
characters and words, and the limited availability of high-quality
annotated training data.

An important stage in the development of HTR systems
is the creation of training corpora. This requires images of
handwritten documents to be segmented, structured, and provided
with corresponding textual transcriptions. Traditional manual
annotation provides a high level of control over data quality but
requires considerable time. This process is particularly
challenging for historical documents, where accurate transcription
often requires a specialist capable of taking into account
handwriting characteristics, language, and historical orthography.
As the corpus size increases, the time required to process
individual samples becomes one of the key factors limiting the
speed of training data generation.
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To reduce the amount of manual work, modern research employs deep learning models, including
Convolutional Recurrent Neural Networks (CRNN), transformer-based architectures, as well as augmentation and
synthetic handwritten data generation methods. Such models can automatically generate predicted transcriptions that
can be used as a basis for further processing. However, fully automated annotation may result in the accumulation of
errors, negatively affecting the quality of the resulting training corpus. Therefore, for historical documents, it is
appropriate to use automatic recognition not as a replacement for the expert, but as a means of reducing the amount
of manual work required.

A promising approach to this problem is the Human-in-the-Loop concept, in which the automatic model does
not replace the annotator but acts as an intelligent assistant. In this approach, the system generates an initial
transcription hypothesis, after which the user verifies, edits, or rejects the proposed result. This makes it possible to
combine the speed of automatic processing with expert quality control. At the same time, the practical effectiveness
of such an approach is determined not only by the quality of the model predictions but also by the extent to which
they reduce the time required by the user to obtain the final transcription.

Thus, there is a need for software tools that directly integrate HTR models into annotation environments and
make it possible to evaluate the impact of automatic predictions on user productivity. This paper proposes an
intelligent application for handwritten word annotation based on a CRNN model, which provides automatic
transcription prediction, expert verification, and storage of structured annotations.

Analysis of recent research and problem formulation

The development of modern Handwritten Text Recognition (HTR) systems is largely associated with the
transition from heuristic methods to deep learning models. Carlos Garrido-Munoz et al. conducted a comprehensive
review of the evolution of HTR approaches and systematized existing methods according to the recognition level,
ranging from individual characters and words to text lines and complete documents. The authors also identified the
main challenges in the field, including significant handwriting variability, the complexity of historical documents, and
the insufficient availability of high-quality annotated training corpora [1]. The latter problem is particularly important,
as the creation of HTR corpora largely depends on manual work by experts.

An important stage in the preparation of HTR data is manuscript segmentation. Irina Rabaev and Marina
Litvak conducted a systematic review of text-line segmentation and baseline detection methods for historical
manuscripts based on 49 studies. The authors emphasize the importance of accurate text-region extraction for
subsequent recognition and highlight the need for more universal methods for processing historical documents [2].
Similar problems are addressed in the work of Wissam AlKendi et al., devoted to HTR of historical French documents,
where handwriting variability, overlapping characters, and the lack of specialized training data are identified among
the key challenges [3].

Methods for data augmentation and synthetic generation of handwritten images are also being investigated
to improve the quality and volume of training data. Y. H. Rassul et al. analyzed 848 scientific publications covering
traditional augmentation methods, GANSs, diffusion models, and transformer-based architectures. The authors
demonstrate the significant potential of synthetic data for improving HTR model performance and reducing
dependence on large amounts of manually annotated data [4]. Mahdi Bonyani et al. investigated the use of DenseNet
and Xception architectures combined with data augmentation for Persian handwriting recognition, demonstrating the
effectiveness of modern deep neural networks [S5]. Mohammed Al-Hitawi and M. A. Alazaizi developed the HuHTR-
Toolkit for generating synthetic handwritten data in Hungarian. Using the proposed toolkit, more than three million
image—text pairs were generated, demonstrating the potential for significant scaling of the HTR data preparation
process [6].

Another important direction of current research is the use of artificial intelligence directly in the process of
annotation verification and creation. Sana Al-Azzawi, Elisa Barney, and Marcus Liwicki proposed the two-level CER-
HV framework, which uses a CRNN model to automatically detect potential transcription errors followed by expert
verification. This approach demonstrates the effectiveness of combining automated analysis with human supervision
according to the Human-in-the-Loop concept [7]. Silvia Cascianelli et al. investigated a modified CRNN architecture
incorporating Deformable Convolutions, aimed at improving recognition robustness to irregular handwriting and
geometric distortions [8].

Another research direction involves the development of comprehensive software pipelines that combine
segmentation, recognition, and user interaction. Yee Fan Tan et al. proposed an integrated pipeline covering text
localization, segmentation, recognition, and subsequent semantic analysis of documents. Pranav Guruprasad et al.
developed an interactive pipeline for HTR dataset creation in which automatic detection, segmentation, and
recognition are combined with a web interface for user verification of the results [9]. Such systems demonstrate a
general trend toward transferring individual stages of data preparation from fully manual to semi-automated
processing.

At the same time, most of the reviewed studies focus primarily on recognition accuracy, segmentation quality,
or increasing the volume of training data, while the practical impact of Al predictions on annotator productivity has
received comparatively limited attention. In particular, an important question remains as to the extent to which
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integrating an HTR model directly into an annotation interface can reduce the time required to process an individual
sample compared with fully manual transcription.

In previous work by A. Ivasechko and K. Lipianina-Honcharenko, a semi-automatic pipeline for constructing
HTR corpora from historical documents was proposed, focusing on the segmentation and annotation of individual
characters [10]. In contrast, the present study develops an intelligent application for annotating handwritten words, in
which a pretrained CRNN model is directly integrated into the annotator's workflow. The model automatically
generates an initial transcription that can either be accepted or edited by an expert, thereby implementing the Human-
in-the-Loop concept.

Thus, the aim of this study is to develop and experimentally evaluate an intelligent tool for accelerating the
annotation of historical handwritten documents, in which automatic HTR prediction is used as an auxiliary tool for
the expert. The primary focus is placed not only on the quality of the generated transcriptions but also on evaluating
the performance of the annotation process, the processing time per sample, and the increase in user productivity
resulting from the use of Al-generated suggestions.

Presentation of the main material

The conducted analysis showed that, despite significant progress in the development of HTR models and data
preparation tools, insufficient attention has been paid to the integration of modern recognition models into software
tools for annotating historical manuscripts. This highlights the need for intelligent annotator support systems that
implement the Human-in-the-Loop concept and combine automatic transcription prediction with expert verification.
The present study addresses this problem by proposing an application for annotating handwritten words with an
integrated CRNN model.

To improve the productivity of the handwritten text dataset creation process, the interactive annotation
pipeline was enhanced to implement the Human-in-the-Loop concept. Unlike traditional manual annotation systems,
the proposed software combines annotation process management tools with an automatic transcription prediction
module based on a CRNN model. This approach makes it possible to use automatic recognition results as
recommendations for the annotator while maintaining full expert control over the creation of reference annotations.
The overall architecture of the developed application is presented in Figure 1.

Preprocessed image

CRNN

Prediction

User interface

Labeling

Dataset

Fig. 1. General architecture of the application

The application operates on pre-segmented, binarized images of handwritten words with a fixed height of 64
pixels and an adaptive width, which makes it possible to preserve the proportions of the original image while providing
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a unified representation of the input data. Each image has a unique filename whose structure contains information
about its position within the original archival document. The filename format 1is fond-
257 1 1 ukr pagel linel wordl, where fond-257 identifies the archival fond number; the first numerical field after
the fond identifier specifies the file or archival storage unit within the corresponding fond; the second numerical field
represents the operator index who performed the initial processing or created the corresponding dataset; ukr specifies
the language or graphic category; and the pagel, linel, and word!1 fields correspond to the page number, line number,
and sequential word number within the line, respectively. This naming structure provides unambiguous image
identification while preserving information about its hierarchical position within the document structure.

After startup, the application generates a list of images from the specified directory and automatically sorts
them according to the structural attributes encoded in the filenames. For this purpose, a filename parsing mechanism
based on regular expressions is used to extract the fond identifier, file number, operator index, page number, line
number, and word number. The extracted values are used as sorting keys, allowing the images to be displayed in their
natural sequence corresponding to the order of the text in the original document. This approach is particularly
important for historical materials, as it preserves the relationship between an individual word and its original context
within the document.

For each image, a corresponding record is created in the words_metadata.csv file. The metadata table contains
the fields word_id, image path, transcription, normalized text, language, writer id, document id, page id, line id,
word_index_in_line, source type, split, and is_valid. The word id field is used as a unique identifier for the textual
sample, while image path contains the path to the corresponding image. The transcription and normalized_text fields
store the original transcription and its normalized representation, respectively. Additional fields describe the language
category, author or operator, document, page, and line, as well as the position of the word within the line. The
source_type, split, and is_valid fields are used to specify the origin of the sample, its assignment to the corresponding
dataset partition, and the validity of the record.

To ensure that the annotation process can be resumed after an interruption, the system automatically loads
previously created annotations from the words_metadata.csv file. The records are organized as a dictionary in which
the relative path to the corresponding image is used as the key. This enables the system to quickly identify already
annotated words, avoid duplicate records, and automatically open the first unprocessed dataset element. Thus, the
annotation process can be performed incrementally without requiring previously annotated samples to be processed
again.

A separate mechanism is implemented for storing the annotator configuration. The user identifier is
automatically saved to a JSON file and restored during the next application launch. The presence of the identifier
makes it possible to associate completed annotations with a specific operator, enabling subsequent annotation quality
control, analysis of individual annotator productivity, and assessment of inter-annotator agreement.

Before being displayed in the graphical interface, textual values undergo a normalization procedure that
includes removing unnecessary whitespace, converting characters to the canonical Unicode form, and standardizing
input values. Images are automatically scaled to a height of 128 pixels while preserving their proportions, providing
a unified representation of the material in the interface regardless of the original image size. At the same time, the
original images are stored with a height of 64 pixels, corresponding to the data format used during CRNN model
training.

One of the key components of the developed system is the automatic transcription prediction module, which
generates an initial recognition hypothesis for a handwritten word. Its primary function is not to provide fully
automated text recognition, but rather to provide the annotator with a recommended transcription that can accelerate
the manual annotation process. The architecture of the module is presented in Figure 2.

The automatic handwritten text recognition module is based on the Convolutional Recurrent Neural Network
(CRNN) architecture, which combines a convolutional neural network for visual feature extraction with a bidirectional
recurrent network (BiLSTM) for sequential character modeling. After preprocessing, the input image is passed
through a sequence of convolutional layers incorporating Batch Normalization and Max Pooling. As a result, a
compact multi-level representation of visual features is generated, while the spatial resolution of the feature maps is
progressively reduced.

The resulting feature map is transformed into a temporal sequence of feature vectors, where individual time
steps correspond to vertical regions of the word image. This representation makes it possible to formulate handwritten
word recognition as a sequence analysis task. The resulting sequence is then fed into a bidirectional BILSTM network,
which captures contextual information in both forward and backward directions. This approach enables the model to
account for relationships between neighboring characters and improves its robustness to handwriting variability,
differences in character width, and local distortions characteristic of historical handwritten documents.

At the final stage, the outputs of the recurrent network are processed by a fully connected layer that produces
probability estimates for the correspondence of each time step to characters from the target alphabet. The final
transcription is obtained using Connectionist Temporal Classification (CTC), which allows the model to be trained
and used without prior segmentation of the word image into individual characters.

In the developed application, the predictor module is invoked when a new image is opened. It uses the pre-
trained CRNN model to automatically generate a predicted transcription. The resulting output is passed to the
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graphical interface and displayed in the AI Prediction field. The prediction is used as a recommendation for the
annotator: the proposed text can be fully accepted, partially edited, or completely replaced by the expert. Thus, the
system implements the Human-in-the-Loop concept, in which the artificial intelligence model serves as an intelligent
assistant, while the final decision regarding the correctness of the transcription remains with the user.

The model was trained on a custom dataset containing 2,763 images of handwritten words. The dataset is
characterized by substantial linguistic and graphical diversity: 1,006 samples contain Cyrillic texts, 1,000 contain
Latin texts, 471 represent texts written using historical Ukrainian orthography, 154 contain Ukrainian Latin
transliteration, and 132 are Polish-language samples. The mean word length is 5.64 characters, while the median
length is 5 characters. At the same time, the corpus contains both short words and single-character function words, as
well as long words exceeding 10 characters. Such variability results in input sequences of different lengths and makes
it possible to evaluate the model's ability to process textual units of varying complexity.

Word image

CNN Block

Feature Map —
Sequence

BILSTM

Fully Connected
Layer

CTC

[
Prediction

User Interface

Human Verification /
Correction

Final Transcritption

Fig. 2. Architecture of the Al Prediction Module

A distinctive feature of the dataset is the presence of historical texts in which characters belonging to different
modern linguistic systems may occur within the same word, such as the Ukrainian letter “i” and the Russian “pr”.
Therefore, such samples are assigned the label “cyr”, which indicates that the text belongs to the Cyrillic writing
system rather than to a specific modern language. This approach helps avoid ambiguity during the preparation of
training data and focuses the model on recognizing the graphical characteristics of the handwriting.

To improve the model's generalization capability, several image augmentation techniques were applied
during training, including random rotation, Gaussian noise addition, brightness and contrast adjustments, and motion
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blur simulation. These transformations partially reproduce distortions that may occur during the digitization of
historical handwritten documents and help reduce the risk of overfitting.

The network parameters were optimized using the AdamW algorithm with an initial learning rate of 10* and
Weight Decay regularization. The Connectionist Temporal Classification Loss (CTC Loss) was used as the loss
function, eliminating the need for prior segmentation of words into individual characters. To stabilize the training
process, Gradient Clipping was applied with a maximum gradient norm of 5.0.

llgll, < 5.0 (1)

The learning rate was automatically reduced using the ReduceLROnPlateau scheduler when no improvement
was observed on the validation set. Additionally, an Early Stopping mechanism was employed to terminate training
after six consecutive epochs without improvement in the validation performance.

The recognition quality was evaluated using the Character Error Rate (CER) and Word Error Rate (WER)
metrics. The CER is defined as the ratio of the minimum number of edit operations—insertions, deletions, and
substitutions—required to transform the predicted transcription into the reference transcription to the total number of

characters in the reference text:
S+D+I

CER = —— 2)
N
where S is the number of substituted characters, D is the number of deleted characters, I is the number of

inserted characters, and N is the total number of characters in the reference transcription.
The Word Error Rate (WER) is calculated analogously at the word level:

WER = SwtPwtlw 3)

where Sy, Dy, Iy denote the numbers of substituted, deleted, and inserted words, respectively, while N,
represents the total number of words in the reference transcription. These metrics make it possible to evaluate both
character-level recognition quality and the correctness of complete word transcriptions.

The CER measures the ratio of the minimum number of edit operations—insertions, deletions, and
substitutions—required to transform the predicted transcription into the reference transcription to the total number of
characters in the reference text. The WER 1is defined analogously at the level of complete words and represents the
proportion of incorrectly recognized textual units. Additionally, Word Accuracy was calculated during validation to
measure the proportion of words recognized completely without errors.

The best training result was obtained at epoch 36. On the validation set, the model achieved CER = 0.1298,
WER = 0.4053, and Word Accuracy = 0.6024. These results indicate sufficient automatic transcription quality for
using the model as an intelligent assistant for the annotator. In particular, even when the prediction is not completely
correct, a partially generated transcription can be corrected by the user considerably faster than entering the entire
transcription manually from scratch. Thus, integrating the CRNN model into the graphical interface provides a
practical implementation of the Human-in-the-Loop approach and creates a basis for reducing the time required for
manual annotation of historical handwritten materials.

Word Image Labeling Tool

Progress

Image 4i3 4

Metadata

Language: ukr | document_id: 616_ukr_0 | page_id: 1| line_id: 5 | word_index_in_line: 1

Prediction

oHp

Writer ID / Annotator ID

1

Transcription

oHp

Normalized text

U Delete image

Fig. 3. User Interface
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The user interface shown in Figure 3 is designed to minimize the number of operations required to annotate
a single word. At the top of the window, a progress indicator displays the current annotation status. Below it, a
binarized image of the word with a height of 128 pixels is displayed, with options for full-screen viewing and zooming
to enable detailed inspection. The metadata of the current sample is presented below the image, including the
document identifier, page number, line number, word index, and information about the document language.

The automatic transcription prediction module is integrated directly into the interface, with its output
displayed in the AI Prediction field. This is followed by a field for entering the annotator identifier and two main text
fields: Transcription, used to enter the original transcription of the word, and Normalized text, containing its
normalized form. If no normalized variant is provided, the system automatically uses the value from the Transcription
field, reducing the number of repetitive operations required during annotation.

After the entered data are confirmed, the system generates a structured record containing the unique word
identifier, path to the corresponding image, transcription, normalized text, linguistic and document metadata,
annotator identifier, and auxiliary attributes, including the source type, dataset split, and validity flag. Before saving,
the records are automatically ordered according to the hierarchy “document — page — line — word” and stored in a CSV
file suitable for subsequent training of handwritten text recognition models.

To improve annotation efficiency, a system of keyboard shortcuts was implemented, allowing the main
operations to be performed without using a mouse. Pressing Enter saves the current annotation and automatically
moves to the next word. The Right and Left Arrow keys provide navigation between the next and previous words,
respectively, Tab is used to skip the current sample, and Delete removes an invalid image. After any operation, the
cursor automatically returns to the Transcription field, minimizing auxiliary user actions and increasing annotation
speed.

The proposed application combines automatic transcription prediction with interactive expert verification,
implementing an efficient Human-in-the-Loop approach to the construction of high-quality handwritten text datasets.
Combining CRNN-based recommendations with the ability to promptly edit the predicted transcription makes it
possible to substantially reduce annotation time while maintaining full control over the quality of the resulting data.

The experimental evaluation demonstrated that integrating the CRNN model significantly increased the speed
of handwritten word annotation. The average processing time for a single word with manual transcription was 8.4 s,
whereas the use of an Al-assisted prediction reduced this time to 4.7 s. Thus, the model accelerated the annotation
process by a factor of 1.79 and reduced the average processing time per sample by 44.0%. Accordingly, annotator
productivity increased from 7.1 to 12.8 words per minute. These results confirm the practical effectiveness of
integrating automatic transcription prediction into the Human-in-the-Loop workflow and demonstrate that Al
assistance not only increases the level of automation but also directly reduces the labor required to construct an
annotated corpus.

Conclusions

This paper presents the development of an intelligent handwritten text recognition module designed to
support the annotation of historical documents. The proposed approach is based on the CRNN architecture, which
combines convolutional visual feature extraction with sequential modeling using BiLSTM and CTC decoding. This
architecture enables handwritten word recognition without prior segmentation into individual characters.

The experimental evaluation was conducted on a custom corpus containing 2,763 images of handwritten
words, characterized by substantial graphical and linguistic diversity. To improve model robustness, image
augmentation, the AdamW optimization algorithm, Gradient Clipping, adaptive learning-rate reduction, and Early
Stopping were employed. The best validation result was obtained at epoch 36, with CER = 0.1298, WER = 0.4053,
and Word Accuracy = 0.6024. These results demonstrate the ability of the model to generate automatic transcriptions
suitable for practical use in the annotation of historical handwritten materials.

The practical value of the proposed solution lies in integrating the recognition model directly into the
annotation workflow. Unlike a fully automated approach, the system implements the Human-in-the-Loop concept, in
which the CRNN prediction serves as a recommendation, while the final transcription is determined by the expert.
This approach combines the speed of automatic processing with the ability to perform expert verification of complex
historical texts.

The experimental evaluation of annotation performance demonstrated a substantial reduction in processing
time when Al predictions were used. The average annotation time decreased from 8.4 s to 4.7 s per word,
corresponding to a 1.79-fold increase in processing speed and a 44.0% reduction in annotation time. As a result,
annotator productivity increased from 7.1 to 12.8 words per minute. These findings confirm the practical effectiveness
of integrating CRNN-based predictions into the annotation workflow and demonstrate that Al assistance can reduce
the manual effort required to construct handwritten text corpora while preserving expert control over the final
annotations.

Further research should focus on increasing the size and balance of the training corpus, optimizing the CRNN
architecture, investigating the impact of different augmentation strategies, and evaluating the effectiveness of Al-
assisted annotation with different annotators and document types. An additional promising direction is the
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development of adaptive prediction and user-interface mechanisms aimed at further reducing annotation time while
maintaining the reliability of expert-verified transcriptions.
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Anppiit IBACEUKO, Xpucrtuna JIIT AHIHA-TOHYAPEHKO

3axiJHOYKpaiHChbKHI HalllOHATbHUN YHIBEPCUTET

HIITPUMYBAHUM IITYYHUM IHTEJEKTOM ITPOILIEC
HAIIIBABTOMATHYHOI'O ®OPMYBAHHA HTR-KOPITYCIB 3 ICTOPUYHHUX
JOKYMEHTIB

Y cTarTi npeacTaBneHo BAOCKOHAIEHMI MPOrpamMHuY 3aCTOCYHOK /151 HarliBaBTOMAaTUYHOIO aHOTYBAHHS PyKOMUCHUX C/IB 3
[CTOPUYHUX JOKYMEHTIB i3 BUKOPUCTEHHAM MOAEN TIMOOKOro HaB4yaHHa CRNN. 3aripornoHoBaHmii rigxig nepeqoayac 6e3rnocepesHo
IHTErpawito Mogy/is LUTYYHOIO IHTE/IEKTY B MPOLIEC GHOTYBAHHS, 3aBASKN YOMY AJ151 KOXKHOIO 300PaXEHHS aBTOMATNYHO MEHEPYETLCS
T10MEPEAHS TPAHCKPMILIS. Peasi308aHo KOHUenUito Human-in-the-Loop, BIAnoBigHO A0 SKOI PorHo3 MOAE/ BUKOPUCTOBYETLCS 5K
PEKOMEHAALIIS, O MOXE ByTu MPUIHATE, BUMPAaBIEHa abo MOBHICTIO 3aMIHEHa aHOTATOPOM. Takmi rigxig 3a6e3rneqye 36epexeHHs
EKCIIEPTHOIrO KOHTPO/IIO Hal KiHLEBOK aHOTALIIEID Ta BOAHOYAC 3MEHLLYE OOCSI MOBTOPIOBAHOIO PyYHOro BBEAEHHS AAHNX.

TlporpamHusi 3aCTOCYHOK 3a6e3r1ieyqye aBTOMaTUYHE BIIOPSAKYBaHHS 306paxeHb BIAMOBIAHO 0 METAAaHNX, CTPYKTYpOBaHe
36epexeHHs TPaHCKPUNLI Ta iHPOpMALii IMpo JOKYMEHTY, HOPMAi3aLito TEKCTY, BUSBJIEHHS BXE ONpPaLibOBaHNX 3Pa3KiB, @ TakoxX
MOXJINBICTb [IPOLOBXKEHHS [IEPEPBaHNX CEAHCIB aHOTYBaHHS. Moy ib NporHo3yBaHHs Ha OCHOBI LUTYYHOrO IHTENEKTY 6E310CEPEAHBO
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IHTErpoBaHmi y rpa@idHusi iHTEPRENC, 1O AAE 3MOry aHOTaTopy NeEPErssfam 1a pPeAaryBat 3reHepOBaHy TPaHCKpUNLio 6e3
HEOOXIAHOCTI NEPEXOAY MK OKDEMUMY [TPOrPaMHNMMU 3acO06amMH.

Mogens CRNN 6y7i0 HaB4eHO Ha CrieLiaibHO CHOPMOBAHOMY KOPIyCi, 1O MiCTUTb 2763 CErMeHTOBaHi 300paXeHHs
PYKOIMUCHUX CIIIB 3 DIBHOMAHITHUMU [PaQidHUMN Ta JIHIBICTUYHUMU X3PaKTeEPUCTUKamu. [l 4ac HaBYaHHS 3aCTOCOBAHO METoAMN
ayrmeHTalii 306paxeHb, ontumizatop AdamW, @yHkyito BTpar CTC, obmexeHHs rpagieHTa (Gradient Clipping), agantvsHe
3MEHLLUEHHS LWBUAKOCTI HaBYaKHHs Ta MEXaHiaM paHHboi 3ymHkn (Early Stopping). OCHOBHY yBary B AOC/TIAXEHHI 30CEPEKEHO HA
OLiHIOBaHHI E@MEKTUBHOCTI POLECY AHOTYBAHHSI TA BU3HAYEHHI BI/IMBY [POrHO3/B, CHOPMOBAHUX LUTYYHUM [HTE/IEKTOM, HA
1POAYKTUBHICT KOPUCTYBAYa.

EKCrepuMeHTasIbHI pe3y/ibTaT 3aCBIAYM/M, L0 CEPEAHIN YaC ONpaLtoBaHHS OQHOro C10Ba 3MEHLINBCS 3 8,4 ¢ 3@ py4HOI
TPaHCKpunLii 40 4,7 C 3a HasBHOCTI IpPOrHo3y, CQOPMOBAHOIro LTYYHUM [HTENEKTOM. Lle BiArnoBiAac 36i/IbLUEHHIO LUBUAKOCTI
onpayroBarHa y 1,79 paza 1@ CKOPOYEHHIO 4Yacy o6pobku Ha 44,0 %. lMpogykmvBHICTs aHoTaropa 3pocia 3 7,1 go 12,8 cioBa 3a
xsusimty. OTPUMAHI pe3y/ibTaTy MIATBEPAXYIOTL NPaKTUYHY €QEKTUBHICTL [HTerpauii HTR-rporHo3yBaHHS B €KCepTHMI npoyec
GHOTYBAaHHSA Ta CBIAYaTh I1PO OTEHLIa/ 3arPONOHOBAHOIO MiAXo4y A/19 MPUCKOPEHHS (POPMYBaHHS HaB4a/ibHNUX KOPITyCiB /151 CUCTEM
PO3I1I3H3BAHHSI [CTOPUYHNX PYKOITUCHUX TEKCTIB 3i 36EPDEXEHHSIM EKCIIEPTHOI NEDEBIPKU KiHLIEBUX aHOTALIIV.

KmoyoBi c/10Ba: po3ri3HaBaHHs pykormcHoro tekcty, HTR, CRNN, Human-in-the-Loop, aHOTyBaHHS AaHux, ICTOpUYHI
JOKYMEHTY, [/IMOOKE HaBYaHHS, KOPIyCHU PYKOIMUCHNX TEKCTIB, aHOTYBAHHS 3a IMATPUMKN LUTYYHOIO [HTENEKTY, e@pEKTUBHICTL
AHOTYBaHHS.
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