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ABSTRACT

Context. Assessing text quality is essential for reliable Al that processes language. In ASR, it reflects how faithfully speech be-
comes text; in OCR, how accurately images yield text; and in NLP, how correct and coherent outputs are.

Objective. The goal of the work is the creation of a complex metric for text quality assessment.

Method. Classic metrics WER and CER are narrow: they capture only lexical edits, weigh all changes equally, ignore context
and semantics, and often skip punctuation and case, masking readability issues and error types. We propose WELER, a hybrid metric
that blends weighted WER and CER with a semantic component based on contextual embeddings to measure meaning preservation.
Weights can be set manually or learned (e.g., via PCA), adapting the metric to ASR, OCR, or NLP tasks. Key challenges include
computational cost, choosing optimal weights through correlation with human judgments, and the need for high-quality reference
data. Proposed WELER metric integrates accurate word and character level error counting, using Levenshtein distance as a basis,
with advanced semantic similarity methods based on contextual embeddings. This allows WELER to take into account not only what
was incorrectly recognized, but also how much this error affects the meaning and understanding of the text. The inclusion of self-
adjusting weights depending on the text category is a key feature of WELER, which allows adapting the metric to the specific re-
quirements of different applications and domains, prioritizing those aspects of quality that are most critical for a particular task.

Results. Proposed WELER metric is an alternative solution in this direction. It integrates accurate word and character level error
counting, using Levenshtein distance as a basis, with advanced semantic similarity methods based on contextual embeddings.

Conclusions. WELER, like all metrics based on reference data, relies on accurate and consistent human-verified transcriptions.
Errors in the reference data can affect the accuracy of the assessment. Therefore, for complex metrics, the quality and representative-
ness of these data are especially important, since semantic and weighted errors are much more sensitive to the quality of the annota-
tion than simple word counts.

KEYWORDS: snatural language processing, automatic speech recognition, text quality assessment, WER, CER, WELER.

ABBREVIATIONS lchar 18 @ numbers of character-level insertions;

ASR is automatic speech recognition; Wer is @ weighted word error rate;

OCR is optical character recognition; W, is a weighted error rate in symbols;

NLP is natural language processing; SemErr is a semantic error indicator;

WER is word error rate; o is a normalized Wyer;

CER is character error rate; B is a normalized Wee;

NLI is Natural Language Inference; y is a normalized SerErr;

WELER is weight-based error rate. Embj, is a vector of embeddings of the reference text;

EmbBoueput is a vector of recognized text embeddings.

NOMENCLATURE

S is a number of substitutions; INTRODUCTION

D is a number of deletions (word omitted);

| is a number of insertions (extra word);

N is a number of words in the template;

S. is a number of character substitutions;

D. is a number of omitted characters;

I is a number of extra characters;

Nchar 1S a total number of characters in the reference
text;

Text quality assessment plays a crucial role in
functionality of systems that work with text data. Espe-
cially artificial intelligence. In areas such as ASR, OCR,
and NLP, accurate text quality assessment is fundamental
to determining the effectiveness of the system. For exam-
ple, in ASR, it determines how accurately spoken words
are converted to text, and in OCR, the correctness of text
) o ) extraction from images. In NLP tasks related to text gen-
Sword 1s @ number of word-level substitutions obtained eration, processing, and quality assessment helps deter-

from the Levenshtein alignment; ) ) mine the correctness and coherence of the obtained result
Dworg 1s @ number of word-level deletions obtained [1].

from the Levenshtein alignment;
lword 1S @ number of word-level insertions obtained
from the Levenshtein alignment;
Nuword 1S a total number of words in the reference text;
Ws is an adjustable weighting factors for Syrq;
Wp is an adjustable weighting factors for Dyyrg;
W, is an adjustable weighting factors for lyorg;
Schar 18 @ numbers of character-level substitutions;
Dehar is @ numbers of character-level deletions;

Traditionally, WER and CER metrics have been
widely used to assess text quality. These metrics are quan-
titative measures of how well extracted data matches a
reference, usually expressed as a percentage [1]. WER
and CER are derived from the Levenshtein distance,
which defines the minimum number of editing operations
(replacements, deletions, or insertions) required to trans-
form one sequence into another, WER works at the word

level, counting errors resulting from word substitutions,
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deletions, or insertions. CER, on the other hand, focuses
on character-level accuracy, counting similar errors for
individual characters. These metrics have become the
standards for evaluating the performance of ASR and
OCR models, due to their relative ease of calculation and
straightforward interpretation.

However, despite their popularity, WER and CER
have significant limitations that hinder their ability to
fully reflect text quality. They mainly measure lexical
accuracy at a superficial level, without taking into account
semantic similarity, word importance, grammatical cor-
rectness, or the impact of punctuation errors [2]. For ex-
ample, WER penalizes minor spelling errors as well as
errors that completely change the meaning of a sentence,
leading to discrepancies between automatic evaluation
and human perception of text quality.

Due to these restrictions, there was a need to develop a
more comprehensive Evaluation metric. Such metrics
should go beyond simply counting errors at a superficial
level, integrating a deeper understanding of semantics and
context, and allowing for differential weighting of differ-
ent types of errors according to their impact on the overall
quality and understandability of the text.

Object of the research: automated text quality
assessment in Al systems (ASR, OCR, and NLP) based
on reference transcriptions/texts.

Subject of the research: the hybrid WELER metric —
its components (weighted WER, weighted CER, and a
semantic error indicator from contextual embeddings),
normalization choices, and data-driven weighting (e.g.,
PCA-based) for different task categories.

This study aims to develop a hybrid metric for as-
sessing the quality of generated text based on the use of
basic metrics and taking into account semantic and
weighted approaches. The development of such a hybrid
metric reflects the growth of the assessment of artificial
intelligence systems, moving from a purely quantitative
error count to a more qualitative, human-perceived under-
standing of “correctness”. This transition is an intermedi-
ate stage for creating more reliable and user-oriented arti-
ficial intelligence systems.

1 PROBLEM STATEMENT

We study the problem of learning a composite error
metric (WELER) for text sequences. For each example
we have a reference text R, a system output H (from
ASR/OCR/NLP), domain metadata m (e.g., language,
task type, noise), and a human quality score y in [0,1].
From (H, R) we compute three normalized component
errors in [0,1]: a weighted word-level edit error, a
weighted character-level edit error, and a semantic differ-
ence (for instance, one minus cosine similarity of sen-
tence embeddings or an NLI-based score). WELER is a
single score that combines these components with non-
negative weights that sum to one; the weights may be
fixed or predicted from m so the metric adapts to the do-
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main. Lower WELER means fewer errors (you may invert
it if you prefer “higher is better”).

The goal is to learn the weights (and, if needed, nor-
malization/adaptation parameters) so that 1 — WELER
matches the human scores y as closely as possible on the
dataset, typically by minimizing an average loss such as
MAE or MSE, or by maximizing rank agreement. We
require monotonicity (if any component error increases,
WELER cannot decrease) and, optionally, stability across
groups (e.g., languages). For decision making, a threshold
on 1 — WELER can be chosen to label outputs as accept-
able or not, tuned to maximize a target metric like F1.

2 REVIEW OF THE LITERATURE

The issue of developing additional metrics for assess-
ing the quality of work of artificial intelligence methods
with the tasks of natural language processing, optical text
recognition [3], audio-to-text conversion [3], plagiarism
detection [4], etc., is widely studied in academic circles.
In particular, the authors [5] propose the H_eval metric,
which combines semantic correctness with the traditional
WER error. This metric works much faster than
BERTScore and has a strong correlation with NLP tasks.
In [6], the metric was introduced SemDist is the distance
between the embedding vectors for the reference and gen-
erated texts obtained through RoBERTa. Semantic
evaluation has been shown to be more relevant for natural
language understanding tasks than simple WER.

SeMaScore metric [7], developed for ASR, integrates
traditional error metrics with a robust measure of seman-
tic similarity. It then computes segment scores using con-
textual embeddings. and cosine similarity. This approach
demonstrates how traditional methods can serve as the
basis for new, more sophisticated estimates. In the work
[8] proposed a metric that combines NLI score, semantic
and phonetic similarity. The proposed metric achieves a
correlation of with human intelligibility judgments on
data with language features (dysarthria and dysphonia
discourse). Article [9] proposes the BERTScore metric,
which calculates the similarity between texts based on
contextual embeddings and shows that this approach cor-
relates better with human evaluation than traditional n-
gram metrics.

WER [10] is one of the most common metrics for
evaluating text recognition accuracy. It measures the per-
centage of incorrect words in the generated text (hypothe-
sis) compared to the reference text [1]. The formula for
calculating WER is given below

WER :w.

1)

It is important to note that the WER value can exceed
1 or 100%, especially in cases where the number of inser-
tions significantly exceeds the number of words in the
reference text. Lower WER values indicate higher accu-
racy. WER is a particularly valuable tool for evaluating
ASR and OCR performance, particularly in scenarios
where the emphasis is on free-form text recognition. This
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includes applications such as document digitization,
handwriting transcription, multilingual text recognition,
book and manuscript archiving, and automating the tran-
scription of meeting notes or legal documents.

Before calculating the WER, a text pre-processing
process known as normalization is usually applied to en-
sure a fair comparison. This involves converting all text to
lowercase, removing punctuation, and standardizing
numbers (e.g., “S monapis”. instead 5 $”°) and expansion
of abbreviations.

WER is based on the Levenshtein distance, which
works at the word level. This relationship means that
WER, as a metric, is derived from an algorithm that
counts the minimum number of edit operations to trans-
form one sequence of words into another. This use of
Levenshtein distance for WER results in all word-level
errors (substitutions, deletions, insertions) receiving the
same weight. For example, the substitution of the word
“mmrern” to “rurectn”, which is a homophone or “kutr” to
“kat”, which is a completely different word, will have the
same error weight, despite their different impact on se-
mantic meaning. This insensitivity to semantic nuances is
a direct consequence of the underlying algorithm and con-
stitutes a significant limitation.

Furthermore, the need for extensive text normalization
before calculating WER, which includes removing punc-
tuation and ignoring capitalization, indicates that WER in
its standard form is not a holistic measure of text quality.
Rather, it measures lexical relevance after preprocessing.
This means that important aspects of text quality, such as
formatting and grammatical correctness, which are often
removed during normalization, are effectively ignored by
standard WER. This highlights the need for a new metric
that could explicitly include these aspects or allow for
their weighted inclusion.

CER [10] is another key metric for assessing recogni-
tion accuracy, which, unlike WER, focuses on accuracy at
the character level. CER measures how many characters
in the source data differ from the reference data, taking
into account substitutions, deletions, and insertions of
characters relative to the total number of characters in the
reference data. The formula for CER is identical to the
WER formula, but applied to characters, and is given be-
low

CER=SC+DC+IC. (2)

Dc

CER provides a more detailed error assessment than
WER. For example, minor typographical errors, such as
“omparroBans” instead of “ompamroBanns’, will result in a
full word substitution error in WER, but only a single
character substitution error in CER. This allows for a
more accurate assessment of systems where even small
errors can have significant consequences, such as in cod-
ing, formal documents, or specialized terminology.

CER is particularly useful in scenarios where word
boundaries may be absent, such as numeric data, alpha-
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numeric codes, or where accurate character recognition is
critical, such as serial numbers, financial data, passport
numbers. It is also applicable for languages that do not
have clear spaces between words, such as Chinese.

Although CER offers a more granular error estimate,
it still has a fundamental limitation of WER — the lack of
semantic understanding. Even a single character error can
significantly change the meaning of a word or sentence,
which CER alone does not capture. This means that while
CER is more accurate in indicating where an error has
occurred, it does not assess the impact of that error on the
value, which is a critical aspect of the quality of the esti-
mate.

The usefulness of CER in specific domains, such as
numeric data, codes, or languages without clear word
boundaries, suggests that a truly robust text quality metric
should be adaptive or configurable to prioritize different
levels of error (symbolic vs. lexical) depending on the
application requirements. This suggests that the coeffi-
cients for WER/CER in the hybrid metric will allow it to
be adapted to these diverse needs.

Levenshtein distance [12], also known as edit dis-
tance, is a metric that quantifies the difference between
two strings. It calculates the minimum number of charac-
ter-level editing operations (insertions, deletions, or sub-
stitutions) required to transform one string into another.
The algorithm was proposed by Vladimir Levenshtein in
1965, and it quickly became the basis for tasks such as
spell checking, DNA sequencing, and duplicate text de-
tection. The implementation of Levenshtein distance is
based on dynamic programming.

As already mentioned, the Levenshtein distance is the
main algorithm for calculating WER and CER. It is used
to align the recognized text with the reference text and
identify minimal editing operations at the word or charac-
ter level.

There are variants of edit distance that extend the ba-
sic Levenshtein distance. For example, the Damerau-
Levenshtein distance includes transpositions, i.e., the rear-
rangement of two adjacent characters, as a single editing
operation, which allows for a more accurate representa-
tion of some types of errors, such as those that occur in
typing. Weighted edit distance allows for different
weights to be assigned to insertion, deletion, and replace-
ment operations. These extensions demonstrate that even
within the edit distance paradigm, researchers have rec-
ognized that not all errors are equally important, which in
turn creates the prerequisites for the application of addi-
tional weights.

Levenshtein distance is purely lexical a comparison
metric that is not intended for semantic or contextual un-
derstanding. Its applications, such as spell checking or
plagiarism detection, are primarily concerned with string
similarity rather than semantic equivalence. However,
despite this, Levenshtein distance can serve as a structural
framework for integrating higher-level semantic informa-
tion. For example, in metrics such as SeMaScore, Leven-
shtein distance is used for initial segment alignment. This
allows for identifying relevant parts of the text, even if
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they contain errors, and then applying semantic compari-
son to these aligned parts. This approach is a way of com-
bining lexical and semantic evaluation.

To overcome the limitations of traditional metrics
such as WER and CER, researchers have developed more
sophisticated approaches that take semantic meaning into
account and allow for weighting of different types of er-
rors [13].

Semantic similarity metrics move away from simply
counting lexical errors and focus on preserving the mean-
ing of the text. They use contextual embeddings to repre-
sent words and sentences in a multidimensional space
where semantically similar texts are located closer to-
gether. Cosine similarity is commonly used to measure
this proximity.

BERTScor metric uses contextual embeddings from
pre-trained language models such as BERT or RoBERTa
to measure semantic similarity between texts. It calculates
precision, completeness, and F1-measure by aligning to-
kens based on vector similarity. BERTScore correlates
better with human judgment than traditional n-gram met-
rics such as BLEU, ROUGE, because it is able to recog-
nize when different words or phrases convey the same
meaning, even if their surface forms are different. This is
a direct solution to the problem of lack of semantic under-
standing in WER/CER [14].

While semantic metrics offer significant benefits, they
also have their challenges. Generating contextual embed-
dings can be computationally intensive, especially for
large datasets. Furthermore, the reliance on deep learning
models can make them less interpretable than traditional
metrics. This suggests a trade-off between the enrichment
of the score and its practical applicability and interpret-
ability.

The concept of weighting different types of errors is
not new. As early as 1990, Hunt proposed a weighted
WER, where substitutions were given a weight of 1 and
deletions and insertions were given a weight of 0.5 [15].
This early example shows the recognition that not all er-
rors are of equal severity.

Composite metrics combine multiple evaluation met-
rics into a single score, often using weighted averages.
This approach allows for a more holistic assessment by
balancing different aspects of performance. For example,
in studies evaluating the user experience of chatbots,
composite metrics integrate usability, engagement, and
error rate. Weights for such metrics can be derived em-
pirically, for example, using principal component analysis
(PCA), based on empirical patterns in user interaction.

Using methods such as PCA to determine weights
provides a scientifically sound approach to assigning im-
portance to different components of a metric, moving
beyond arbitrary assignments. If a composite metric can
balance usability, engagement, and error rate for chatbots,
a similar framework can be applied to text quality as-
sessment. This allows for the flexibility to tailor the met-
ric using weights to meet the specific priorities of differ-
ent ASR, NLP, or OCR use cases. For example, character
accuracy might be a priority for serial number recognition
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in banking, while word accuracy might be a priority for
meeting transcription, and semantic relevance might be a
priority for conversational Al.

Despite their widespread use, traditional error rate
metrics have several critical limitations that reduce their
ability to provide a complete and accurate assessment of
text quality [10]. Using WER, CER, and Levenshtein dis-
tance alone or in simple combinations has significant
limitations. In particular, these metrics are characterized
by a lack of semantic sensitivity, since WER and CER
treat all errors the same, regardless of their impact on
meaning. For example, replacing “noroaa” with “moroau”
may be only a single word error, but completely change
the meaning of the sentence. WER does not distinguish
“S1 mobmro ppykt” from “S mobito GpykTH”.

Another disadvantage is word order sensitivity, as
WER and CER do not take word order into account,
which can be critical for NLP tasks. For example, “coba-
Ka BKycmiIa xionmduka’” and “XJomduka BKycmia cobaka”
will have a high WER, even though they have not differ-
ent contexts.

In particular, traditional error rate metrics are insensi-
tive to the semantic meaning and importance of words,
WER and CER treat all errors equally, regardless of their
impact on the meaning or importance of the word, or ig-
nore specialized terminology. For example, a typographi-
cal error such as “omporroBanns” instead of “omparrro-
BanHs” has the same WER as “nenn” instead of “nenn”,
despite their radically different semantic consequences.
Similarly, “camomnoBara” has the same WER as ‘“camo
nosara”. This means that the metrics do not distinguish
between critical errors that change meaning from minor
errors that do not affect comprehension. The main reason
for this is that the underlying Levenshtein distance algo-
rithm on which WER and CER are based assigns the same
weight to each editing operation, resulting in a uniform
weighting of all types of errors. This equal weighting
makes WER and CER poor indicators for human percep-
tion of quality, as people implicitly weigh errors differ-
ently depending on their impact.

Standard WER calculations often normalize text by
removing punctuation and ignoring capitalization, thereby
ignoring these critical aspects of text quality and readabil-
ity. Although punctuation and capitalization are important
for readability, WER does not take this information into
account. Grammatical errors are also not typically directly
evaluated by WER/CER. This means that if punctuation is
removed during normalization, WER cannot account for
punctuation errors, even if they are important for a par-
ticular application.

Problem of text normalization and different lengths
transcriptions is another limitation of WER and CER.
Inconsistent text normalization, for example, “5 nomapis”
instead “5 $” may artificially inflate the WER. In addi-
tion, WER depends on the length of the transcription, as
longer texts have more room for errors. The WER value
may exceed 1 or 100 %, which may be counterintuitive to

the “error rate”.
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3 MATERIALS AND METHODS

To overcome the limitations of traditional metrics and
integrate the advantages of semantic and weighted ap-
proaches, a new hybrid metric is proposed, namely an
improved error rate based on the Levenshtein distance and
the use of WELER weights.

WELER is designed as a multi-layered approach that
provides a comprehensive assessment of text quality. It
integrates quantitative error metrics WER and CER with
qualitative semantic understanding within customizable
and weighted structure.

The proposed metric uses the Levenshtein distance for
reliable alignment at both the word and character levels.
This will ensure error counting and will serve as a struc-
tural basis for higher-level analysis.

To provide semantic and contextual understanding,
WELER includes a semantic similarity component to as-
sess the conveyed meaning, which is a major limitation of
traditional WER/CER. This component assesses how well
the generated text preserves the intended meaning even if
the lexical forms differ.

Entering weighting factors will allow users to priori-
tize different aspects of text quality, such as character
accuracy, word accuracy, semantic relevance, depending
on their specific application and domain requirements.
This solves the problem of “evenly weighting” errors in
WER/CER. The weights in this approach can be either
manually entered by the user or calculated using the prin-
cipal component analysis method or based on empirical
patterns in user interaction. The goal of using the princi-
pal component analysis method is to obtain a weighted
combination of error rate metrics, where the weights will
be determined automatically, without manual adjustment.

WELER is a composite measure, potentially ex-
pressed as a weighted sum of normalized error compo-
nents or a weighted average of the accuracy components.
The goal is a single, interpretable measure that reflects the
overall quality of a text.

Weighted word error rate W,,r includes differentiated
penalties for substitutions, deletions, and insertions at the
word level

Ws - Sword +Wp - Dword +Wi - lword
W, = . 3
et Nword ®

Similarly to Wwer, but at the symbol level, (4) is
calculated. This will allow get a more detailed error as-
sessment

Ws - Schar  Wp * Dehar + Wi - Ichar
Weer = . 4

Nchar

The third indicator used in the calculation of WELER

is semantic error indicator SemErr. It is obtained from a
semantic similarity metric, for example, BERTScore, a
modified component of SeMaScore or similar compo-
nents (depending on the specifics of the task, language,
etc.), normalized to represent “error” rather than similar-
ity (6). To calculate the semantic error indicator, it is ad-
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visable to use the semantic distance mechanism. Semantic
distance is defined as the distance between pairs of refer-
ence and hypothetical texts in the space of embeddings at
the sentence level, usually using models such as
RoBERTa, and cosine similarity (5)

. -h
SemDist [E,H]=1-——1_ 5
Jel- I ©

where E and H are vector representations of reference and
hypothetical text

Embinput ’ Emboutput
Embinput ’ Emboutput (6)

SemErr = S
2

where Embj,; — vector of embeddings of the reference
text; Embgyepue — vector of recognized text embeddings.

The general WELER formula is to use a weighted
combination of the above components (7).

WELER = o-Wer +B-Weer +7-SemErr, @)

where a, B, y are global weighting factors, the sum of
which is 1, allowing to prioritize word accuracy, character
accuracy or semantic correspondence. These factors can
be adjusted depending on the specific of application.

Table 1 lists the components of the proposed hybrid
metric.

Table 1 — WELER components and weighing scheme

Metric Customizable
compo- weighting fac-
nent Granularity tors Purpose/Benefit
Weighted Word level W, Wp > W Lexical accu-
word error racy, flexible
rate penalization of
W different types of
wer word errors
Weighted | Character W > Wp » W Detailed error
error rate level detection, sensi-
in sym- tivity to small
bols W, typos, impor-
tance for nu-
merical data.
Semantic Semantic In the internal Preserving mean-
error Sentence scales of the ing, understand-
indicator Level model ing context,
SemErr taking into ac-
count the impact
of low-level
errors on seman-
tics.
General General o,B,y Comprehensive
WELER quality assess-
ment, setting
priorities be-
tween lexical
accuracy and
semantic fidelity.
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WELER value ranges from 0 to 1, where 0 is a com-
plete match between the reference and generated text.

The weights o, B, y in this approach can be either
manually entered by the user depending on the task at
hand, or calculated using the principal component analy-
sis method. For example, for optical serial number recog-
nition tasks, the coefficient f will be high to prioritize
character accuracy. For general voice recognition, o and y
can be balanced to take into account both word accuracy
and meaning preservation.

Below is a method for calculating weights using the
principal component analysis (PCA) method. The purpose
of PCA is to obtain a weighted combination of the above
metrics, where the weights will be determined automati-
cally. The principal components are the directions with
the greatest variance in the data. Accordingly, this ap-
proach allows us to understand which metrics contribute
the most to the variability, determines the relative weight
of each metric. PCA also allows us to take into account
the task category, for example, recognition of short com-
mands, dialogues, long texts, technical documents, etc.,
and to distribute weights for WER, CER and semantic
similarity relative to the category, since the task category
can significantly affect the distribution of weights.

The first step for the principal component analysis
method is to construct an observation matrix (8) based on
data for N examples and d metrics, in this case d=3, since
3 metrics are used.

X1 X2 X3
Xr1 X0y X
X=| 2B @®)

XN1 XN2 XN3

where Xij; —Wyer; Xio —Weer; Xi3 — SemErr.
Normalization can be performed to avoid the impact
of differences in metric scales (9)
> Kj Ry
Xii =———, ] =1,2,3.
ij 5 J )
The next step is to construct a covariance matrix of
size, which describes how the values of WER, CER
change. and SemErr together. Next, the direct PCA task is
performed, that is, the search for eigenvalues and vectors
(10) is performed:

dv=h-w

The next stage is the interpretation of the weights
based on the first principal component, i.e. the eigenvec-
tor (11)

(10)

W = WiwerWcer-Wsemerr ) (11)
where Wyer, Weer, Wsemerr are values corresponding to

the largest A.
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Obtained weights after normalization can be inter-
preted as the relative importance of metrics in the overall
indicator, i.e.

a :|Wwer|sB:|chr|>Y:|WSemErr|sOH‘B+Y =1.

Since there are different areas of application of the
proposed hybrid metric in relation to the task, it is advis-
able to introduce a task category that will affect the auto-
matic calculation of weight coefficients. Let k be given
task categories, for example, teams, dialogs, documents.
For each category, it is worth building your own matrix

(12):

x ®) — {(WER;,CER;, SemErr; )|task; =k} (12)

Then, for each such matrix, it is necessary to calculate
its covariance matrix, the eigenvalues and vectors of
which are represented as (13)

&)

S =0y ®), (13)

Accordingly, for each category, its own weight vector
(7) will be obtained

k k k k
WO -G e (19

CER>""Sem

Another way to factor task categories into the weight-
ing is to factorize with the category, which means that the
total weights are composed of a global part and a category
correction. Then the weight vector is computed on all
data, and the correction is computed as the difference
between the local and global weights. This approach al-
lows us to see how the category shifts the importance of
the metric, for example, for the command category the
correction value for CER will be greater than 0, since
symbols are the most important.

Using task categories when calculating weight coeffi-
cients allows you to obtain a flexible integral metric that
can automatically adapt to the type of task.

The choice of normalization strategy should depend
on the specific requirements of the application. For exam-
ple, if punctuation errors are important for a given task,
then punctuation should not be removed during preproc-
essing. This emphasizes that the decision to include or
exclude certain types of errors through normalization di-
rectly affects what WELER measures as “quality”. This
requires that the WELER coefficients be flexible enough
to reflect these preprocessing choices.

WELER, by integrating semantic understanding, al-
lows us to solve specific challenges that are difficult for
traditional metrics. In particular, the proposed metric
helps in working with homophones and similar — sound-
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ing words. The semantic component can help distinguish
lexically similar but semantically different words that
WER by itself would mark equally. This allows the metric
to reflect the real impact of such errors on understanding.

Another task that the proposed metric will help
solve is working with ambiguous word boundaries,
when For languages that do not have clear spaces be-
tween words, such as Chinese, the CER component
and its underlying character-level alignment based on
Levenshtein distance become especially valuable.

In automatic audio recognition tasks, audio quality
affects error rates, but the semantic component of
WELER can help assess whether meaning of the text
even under increased lexical errors caused by noise.
This allows W ELER to go beyond simple detection
what errors have occurred, to understanding how much
those errors affect understanding. This shift in focus
from purely technical accuracy to a more user-oriented
definition of quality is a significant step.

4 EXPERIMENTS

Table 2 shows examples of using WELER with
weighting coefficients a=0.3, $=0.3, y=0.4.

The table shows the calculated metrics WER, CER,
SemErr and the calculated value of the proposed metric
WELER. Row 4 shows the use of synonyms and para-
phrasing, where the metrics WER and CER show a
poor error result of 0.667 and 0.5758, since for these
metrics the words. “Mammuna” and “ABT0” are two
completely different words, which confirms the unsuit-
ability of these metrics for working with synonyms,
giving a high error rate. The semantic distance for the
considered sentence is low and is 0.0108, since the
meaning of the sentence is perfectly preserved. Ac-
cordingly, WELER has a value of 0.377 and demon-
strates a significantly better, lower, error result than
WER/CER.

Row 5 shows complete sentence divergence and
loss of context. WELER combines high scores of all
three metrics and produces a high overall error. This
demonstrates that WELER does not simply underesti-
mate the scores, the proposed metric responds ade-
quately when the meaning of the text is truly lost.

Another example of reordering and the use of syno-
nyms in the text is shown in row 10. The word order is
completely reversed, so WER and CER record a large
error, almost 0.8571 for WER. WELER takes into ac-
count the high structural errors with WER/CER, but
balances them with an almost perfect semantic match.
The result of 0.486e is a much more adequate assess-
ment of the text, the WELER value is almost twice as
good as the WER value.
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Table 2 — Examples of using WELER [17]

Reference Generated
#| text text WER [CER | SemErr WELER
1| Tpusit, csit! | Ilpusit, 0 0 0 0
Sk y Bac cit! Sk y
crpasu? Bac crpasu?
2 | 3apasuynosa | 3apa3 dyno- 0.2 0.0 0.0771 0.108
rnoroja aJst Ba Ipuroza 571
HPOTYJISIHKU. | IS IPOry-
JISTHKH.
3 | S mobmio S mobitto 0.2 0.0 0.0685 0.1068
nporpamy- nporpamy- 645
BaHHS Ha BaHHS Ha
Python Pyton.
4 | Maiuna ine ABTO pyXa- 0.666 | 0.5 0.0108 0.377
Jly’Ke HIBHJI- €ThCS ILIBU- 7 758
KO TI0 IOpO3i. | JIKO MO
JI0pOo3i.
5| Ykpaincbka Kuraiicbka 0.75 0.5 0.2993 0.5092
MOBa JIyKe KyXHS JTykKe 483
MeoiiitHa cMavHa.
6 | Ilpusit, sx IIpusir sax 0.6 0.1 0.0356 0.2253
copasu? Yee | cmpasu Yce 034
nobpe! nobpe
7 | Biu mimos Bin mimm 0.2 0.0 0.0004 0.0816
10 HIKOJIH 10 IIKOJIH 714
CHOTO/IHI. CHOTOJIHI.
8 | Kotuky- Jle cmetan- 1 0.8 0.2604 0.6708
MYPKOTHKY 3 | Ka 110 Oysa 889
M’KUM TYT 11e
JKMBOTHKOM. 3paHKy.
9| Anpeca: Byn. | Apnpeca: 0.25 0.0 0.0159 0.0939
CBoboan, 10 | Bymn. CBobO- 417
u, 10
10 | ABTOomOOiNBL Mo micTa 0.857 | 0.7 0.0222 0.4864
LIBUJIKO JIbBiB 1OpO- 1 347
pyxaBcst TOI0 IIBUJIKO
JIOpOrolo 10 pyxaocs
micra JIbBiB. aBTo.
11 | Po3podka Pospobxka 0.4 0.4 0.0623 0.2799
IITYYHOTO HII 3mintoe 5
iHTETIeKTy CBIT.
3MIHIOE CBIT.
2 | 106 Bctur- 1106 Betur- | 0.333 | 0.1 0.1538 0.2161
HYTH HOTpi- HYTH 1OTpi- | 3 818
GHO MIHCTH 6HO ruIecTH
3a TEYi€I0 0 | KOIUIMKHU J0
CXOMy COHIIS. | CXOAY COH-
jivH
13 | Ilmuctn IInectn 0.4 0.2 0.1596 0.2562
BIIEpE 110 KOUIMKH J10 414
CXOZly COHIIS. | CXOMY COH-
.

Figure 1 shows a distribution diagram of four speech
recognition quality assessment metrics. It is clear from the
diagram that WER has a fairly wide range from 0 to al-
most 1. The median for WER is around 0.5, which means
that half of the examples have errors in around 50% of the
words. The CER metric also has a wide range of, but a
lower median of around 0.25, so the system performs bet-
ter at the symbol level than at the word level. The diagram
also illustrates that there are a significant number of ex-
amples with very large errors. The SemErr metric shows
that most of the values are very low, 0-0.2, meaning that
the meaning of the sentences is mostly preserved even
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with errors in the words. There are a few outliers down to

around 0.6.
Table 2 — Examples of using WELER
Reference | Generated Se-
# | text text WER | CER mErr WELER
Mpwusir, Mpwusir, 0 0 0 0
cBitT! SIky | cBit! fky
Bac crpa- Bac crpa-
BU? Bu?
2 | 3apa3 3apas 0.2 0.0571 | 0.0771 | 0.108
qy10Ba qy0Ba
roroza pHUroa
JUTSL TIPO- JUTSL TIPO-
TYJISIHKH. TYJSIHKH.
3 | SImobmo | S mo6io 0.2 0.0645 | 0.0685 | 0.1068
nporpa- nporpa-
MyBaHHS MyBaHHS
Ha Python | Ha Pyton.
4 | MammuHa ABTO 0.6667 | 0.5758 | 0.0108 | 0.377
ine myxe pyxaeTbcest
LIBHJIKO LIBHJIKO
0 I0pO3i. | 10 A0pO3i.
5 | Vkpain- Kuraiicb- 0.75 0.5483 | 0.2993 | 0.5092
CbKa MOBa | Ka KyXHs
JIyXKe JIyXKe
MeJoii- cMayHa.
Ha
6 | Ilpusit, Mpusir sx | 0.6 0.1034 | 0.0356 | 0.2253
SIK cIIpa- CrpaBu
Bu? Yce VYce n106-
nobpe! pe
7 | Biumi- Biu mimm- 0.2 0.0714 | 0.0004 | 0.0816
1IOB JI0 JIH J10
LIKOJTH LIKOJTH
CBOTOJTHI. CHOTOJTHI.
8 | Koruky- Jle cme- 1 0.8889 | 0.2604 | 0.6708
MYpPKOTH- | TaHKa 110
Ky 3 Oyna TyT
M’ SIKHM 11e 3paH-
JKUBOTH- Ky.
KOM.
9 | Anpeca: Anpeca: 0.25 0.0417 | 0.0159 | 0.0939
BYIL BYIL
Cpobonu, Cpobonu,
10 10
10 | ABTOMO- Jlo micta |0.8571 | 0.7347 | 0.0222 | 0.4864
o1 JIbBiB
HIBHJIKO JIOPOToI0
pyxaBcst HIBHJIKO
JIOPOToI0 pyxanocst
JI0 MicTa aBToO.
JIbBIiB.
11 | Po3pobka | Pospobka | 0.4 0.45 0.0623 | 0.2799
mrygnoro | I 3mi-
IHTEJIEKTY | HIOE CBIT.
3MIHIOE
CBIT.
12 | o6 11106 0.3333 | 0.1818 | 0.1538 | 0.2161
BCTHTHY- BCTHTHY-
TH HOTpi- TH HOTpi-
OHO TuTHC- | OHO Tec-
TH 32 TH KOIIH-
TEYi€r0 10 | KH J0
cxomy cxomy
COHIIS. COHIIS.
13 | Ilnmuctu Inectu 0.4 0.2414 | 0.1596 | 0.2562
BIEpe] 10 | KOIIMKU
cxomy JI0 CXOIy
COHIIS. COHIIS.
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Figure 1 — Boxplot of the distribution of four speech recognition
quality assessment metrics

The proposed WELER metric exhibits a smaller
spread than WER and CER, namely 0-0.8, with a me-
dian of about 0.3. The proposed metric balances be-
tween formal and semantic errors. In general, we can
conclude that at the symbol level the system makes
fewer errors than at the word level, and semantics is
mostly preserved even when there are spelling or lexi-
cal errors. The combined WELER metric gives a more
balanced assessment than WER or CER separately.
Figures 2 and 3 show graphs of pairwise dependencies
between the studied metrics.

The analysis of the relationship between the tradi-
tional recognition metrics WER, CER, the proposed
WELER metric and semantic errors SemErr demon-
strates different levels of correlation. In particular, the
comparison of WER and SemErr shows that even with
high values of errors at the word level of 0.8-1.0, the
SemErr indicator often remains low, which indicates
the possibility of preserving the meaning despite nu-
merous orthographic or syntactic deviations. The same
is true for CER, where, although at high values of 0.8—
1.0 there are cases of significant semantic distortions
>0.4, most of the data is concentrated in the range of
low values SemErr <0.1. This allows us to conclude
that errors at the symbol level do not always lead to the
destruction of meaning, but their excessive number
significantly reduces semantic accuracy. The closest
relationship with SemErr is revealed by the combined
WELER metric; a smooth increase in semantic errors is
observed with an increase in its value, which confirms
the higher correspondence of WELER to the level of
content preservation compared to WER and CER.
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Figure 2 — Pairwise dependencies between SemErr and other
metrics
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Figure 3 — Pairwise dependencies between WELER and other
metrics

Analysis of the relationships between different metrics
shows that WELER demonstrates a high correlation with
both WER and CER, in the first case, an almost linear
increase in WELER with an increase in WER is observed,
which indicates the inclusion of WER as a key component
of the combined metric; in the second case, a similar pat-
tern is recorded, which confirms the integration of CER
into the WELER structure. At the same time, the relation-
ship between SemErr and WELER is less unambiguous,
most examples are characterized by a low level of seman-
tic errors 0-0.1 with a wide range of WELER values,
however, there are also cases where a high SemErr indica-
tor 0.4-0.5 is accompanied by an increased WELER. This
indicates that WELER is able to respond to semantic dis-
tortions, but its value can remain high even with pre-
served content.

It can be argued that WER and CER exhibit an almost
linear relationship with WELER, while SemErr correlates
with them less strongly, since WER and CER capture for-
mal errors rather than substantive ones. This confirms the
ability of WELER to display more balanced results, re-
flecting at the same time the nature of errors at the form
level and partially taking into account semantic accuracy.

© Dumyn A. R., Shakhovska N. B., 2026
DOI 10.15588/1607-3274-2026-1-7

In order to test the approach to automatically determining
weight coefficients using the principal components method, a
dataset was created consisting of two categories: “text” (fic-
tional sentences) and “number” (serial numbers). After ap-
plying the algorithm to the values of the WER, CER, and
SemErr metrics within each category, automatically deter-

mined weight coefficients were obtained, the results of
which are shown in Table 3.

Table 3 — Automatically determined weights using the prin-
cipal component method

Categoty | WER CER SemDist
number | 0.3826 | 0.37718 | 0.2402
text 0.3470 | 0.3483 | 0.3046

Table 4 shows a comparison of WELER values calculated
using manually entered weighting coefficients (a=0.3, =0.3,
v=0.4) and weighting coefficients determined by applying the
principal component method (0=0.347, 3=0.3483, y=0.3046).
Table 4 — Examples of calculating the WELER metric with
manually selected coefficients and using PCA [17]

WELER

# Reference text Generated text WELER | (PCA)
IIpusirt, cBit! TIpusit, cBit! Sk 0 0
Sk y Bac cnpa- y Bac crpasu?
Bu?

2 3apa3 gyznoBa 3apa3 gynoBa 0.108018 | 0.112825
HoroJa Juist HpUrozia s
TPOTYJISTHKH. TPOTYJISTHKH.

3 51 moGutio npo- 51 mo6utio npo- 0.106754 | 0.112746
rpaMyBaHHSA HA | IpaMyBaHHS Ha
Python Pyton.

4 Mamyna ine ABTO pyxaeThcst 0.377028 | 0.435193
Jly’Ke HIBHIKO IIBH/IKO IO JI0pO-
TI0 IOpO3i. 31

5 Yxpainceka Kuraiiceka kyxua | 0.509243 | 0.542481
MOBa JyKe Jy’Ke CMayHa.
MenofiiiHa

6 Ipusir, six Ipusirt six cipa- 0.225291 | 0.255112
cnpasu? Yce BH Yce no0pe
nobpe!

7 Bin mimos 10 Bin nitm no 0.081602 | 0.09442
IIKOJIH ChOTO- IIKOJIH CHOTO/THI.
JTTHI.

8 Kotuky- Jle cMeTaHka 10 0.670843 | 0.736009
MYPKOTHKY 3 Oyna TyT 1ie
M’SIKMM KHBO- 3paHKy.
THKOM.

9 Anpeca: By Anpeca: By 0.093865 | 0.10612
Cobomu, 10 Cobomu, 10

10 | ABTOMOOILTH Jlo micta JIbBiB 0.486422 | 0.560139
LIBHAKO PyXaB- | IOPOTO0 HIBHAKO
CsI JIOPOTOIO JI0 pyxaiocsi aBTo.
Micta JIbBiB.

11 | Po3pobOxka mry- Po3pobxa 1111 0.279902 | 0.314533
YHOTO iHTEJIeK- 3MIHIOE CBIT.
TY 3MiHIOE CBIT.

12 | o6 Bcruraytn | 1106 BcTHrHYTH 0.216085 | 0.225878
HOTPiOHO IUTHC- | TOTPIOHO IUIECTH
TH 32 TCYI€I0 IO | KOIIHKH JI0 CXOZY
CXOMy COHIIA. COHIIS.

13 | Ilnucru Bnepen | Ilnectu kommku 0.25624 0.271503
JI0 CXO/Iy COH- JI0 CXO/y COHIISI.
it
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WELER calculated using the principal component
method differs only in scaling, the values are slightly
shifted, but the general approach of the balanced metric
value is preserved.

WELER
0.7 WELER (PCA)

0.6
0.5
0.4
0.3
0.2
0.1

0.0

2 4 6 8 10 12
Figure 4 — Pairwise dependencies between WELER and other
metrics

As can be seen from Figure 4 and Table 4, in most
cases the WELER and WELER (PCA) values demon-
strate almost parallel dynamics, however, the application
of the principal components method somewhat enhances
the differences between individual examples. The highest
values, approximately 0.5-0.5, are recorded in examples
No. 5, No. 8 and No. 10, where significant semantic dis-
tortion of the text was observed. The lowest values, ap-
proximately 0.0-0.1, are characteristic of examples No. 1,
No. 2, No. 3, No. 7 and No. 9, where deviations were lim-
ited to minor spelling or grammatical errors. The PCA
method shows higher sensitivity to semantic differences,
which is especially noticeable in example No. 4, where
the difference between the values 0.38 and 0.43 makes the
deviation more pronounced.

5 RESULTS

As a result, WELER, compared to the classic WER
and CER, provides a more balanced assessment of text
quality, as it penalizes significant semantic deviations but
mitigates the penalty for minor spelling or stylistic differ-
ences, which better reflects the real impact of errors on
comprehension.

Proposed WELER metric has the potential to improve
text quality assessment in a wide range of artificial intel-
ligence tasks, providing a more tailored assessment.

For automatic speech recognition, WELER can pro-
vide a more granular analysis of speech-to-text systems. It
is able to distinguish between minor phonetic recognition
errors and critical semantic errors. The metric can be con-
figured to prioritize verbatim reproduction for legal tran-
scriptions (high o and ) or semantic understanding for
conversational Al (high y). This flexibility in tuning the
coefficients is a major advantage of WELER for a variety
of applications.

For natural language processing tasks such as text
generalization or machine translation, WELER can evalu-
ate both lexical accuracy, such as correct word choice,
and semantic preservation, ensuring the accuracy of form
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and meaning of the generated text. The coefficients can be
adjusted to penalize grammatical errors more severely if
fluency is a top priority.

For OCR tasks, the application of WELER can pro-
vide a more robust evaluation of systems, especially for
documents where both character-level accuracy is impor-
tant, such as serial numbers, financial data, and word-
level accuracy, such as free text fields. The semantic
component can even assess whether contextual meaning
to the data obtained. Providing a more comprehensive and
customizable metrics WELER can facilitate better deci-
sion-making in the development and deployment of mod-
els by allowing engineers to optimize systems for specific
real-world performance criteria rather than a generic, po-
tentially misleading error rate. This can lead to significant
cost savings by reducing the need for extensive manual
post-processing and quality control in document digitiza-
tion, transcription, and data entry processes. It can also be
used to assess the similarity of texts and translation qual-
ity with reference translations with corresponding weight
changes for these tasks.

It can also be used to assess the similarity of texts and
translation quality with reference translations with corre-
sponding weight changes for these tasks.

6 DISCUSSION

WELER is the first step towards more comprehensive
metrics for assessing text quality. Future research will
focus on aspects of improving dynamic weighting. In par-
ticular, it is worth continuing to investigate methods for
automatically adjusting WELER coefficients based on the
domain of the input text, its complexity, or perceived
criticality, for example, taking into account the thematic
focus of the texts (medical and everyday conversation,
etc.). This task can be solved by using machine learning
approaches to learn optimal weighting coefficients.

Another important area of further research is integra-
tion with metrics for detecting grammatical errors and
punctuation, in particular including established GEC met-
rics, e.g. M2, ERRANT, GLEU, SARI, and punctuation
error metrics, e.g. FER, NER for punctuation, to the
WELER framework can contribute to a truly holistic as-
sessment of linguistic quality. Although the integration of
these metrics is important for certain tasks, it will signifi-
cantly increase the complexity of WELER and create
noise for speech recognition tasks, since such tasks
mostly do not have punctuation.

Researching how WELER and its components work in
different languages, especially those with complex mor-
phological structures or without explicit word boundaries,
and adapting weighting schemes accordingly is another
important direction.

CONCLUSIONS
Text quality assessment is a cornerstone for the devel-
opment and improvement of artificial intelligence systems
in such critical areas as ASR, NLP and OCR. Although
traditional metrics such as WER and CER are widely used
and based on the robust concept of Levenshtein distance,
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their insensitivity to semantic meaning, grammatical cor-
rectness, and punctuation features limits their ability to
reflect the true quality of text from a human perceptual
perspective. This discrepancy highlights the urgent need
to develop more comprehensive and adaptive assessment
tools.

Proposed WELER metric is an alternative solution in
this direction. It integrates accurate word and character
level error counting, using Levenshtein distance as a ba-
sis, with advanced semantic similarity methods based on
contextual embeddings. This allows WELER to take into
account not only what was incorrectly recognized, but
also how much this error affects the meaning and under-
standing of the text. The inclusion of self-adjusting
weights depending on the text category is a key feature of
WELER, which allows adapting the metric to the specific
requirements of different applications and domains, pri-
oritizing those aspects of quality that are most critical for
a particular task.

However, WELER, like all metrics based on reference
data, relies on accurate and consistent human-verified
transcriptions. Errors in the reference data can affect the
accuracy of the assessment. Therefore, for complex met-
rics, the quality and representativeness of these data are
especially important, since semantic and weighted errors
are much more sensitive to the quality of the annotation
than simple word counts. The implementation of
WELER, while promising significant benefits, requires
careful consideration of issues such as computational
complexity, empirical determination of optimal weights,
and ensuring high quality of reference data. Future re-
search could extend WELER to include dynamic weight
adjustment, integration with grammatical and punctuation
error metrics, and exploration of LLM-based scoring ca-
pabilities, which could lead to further developments in the
field of text quality assessment. Ultimately, WELER
represents a robust and flexible framework for more accu-
rate and holistic text quality assessment, which will con-
tribute to the development of more efficient and user-
friendly Al systems.
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AHOTAIIILA
AKkTyanbHicTh. OLHKA SKOCTI TEKCTY € Ba)JIMBOKO JJIsl HAAIWHOTO IITYYHOTO IHTENEKTY, kUi 00pobisie moBy. B ASR
BOHa BiZJoOpakae, HACKUIBKU TOYHO MOBJIEHHS cTae TeKcToM; B OCR — HacKiibKHM TOYHO 300pakeHHs I1ePETBOPIOIOTH TEKCT; a

B NLP — HackiNbKM NPaBUILHUMH Ta 3B’ I3HUMH € BUXOJIH.

Meta. MeToro poOOTH € CTBOPEHHS CKJIaJHOI METPUKU JUIS OL[IHKHU SIKOCTi TEKCTY.

Meroa. Kinacuuni metpukn WER Ta CER € By3bkuMu: BOHH (DIKCYHOTB JIMIIIE JIEKCHUHI pelaryBaHHs, OJHAKOBO 3BaXYy-
I0Th YCi 3MiHHM, ITHOPYIOTh KOHTEKCT Ta CEMaHTHKY, 1 4acTO NPOMYCKAIOTh IyHKTYaI[il0 Ta PETiCTp, MacKylouu IpodiIeMu
YUTA0ETBHOCTI Ta TUITH TIOMHUIIOK. anporionoBana MeTpuka WELER iHTerpye TouHuil mizijpaXyHOK MOMHJIOK Ha PIiBHI CIIiB Ta
CHMBOJIiB, BUKOPHCTOBYIOUH BifCTaHb JIeBeHIITEHHA K OCHOBY, 3 MEPEAOBUMH METOJAMHU CEMAaHTUYHOI MOJIOHOCTI, 3aCHO-
BaHUMHM Ha KOHTEKCTHOMY BOymoByBauHi. lle no3Bonse WELER BpaxoByBath He Jjuiie Te, [0 OYyJI0O HEMPaBHILHO
PpO3Ii3HaHO, aje i Te, HACKINbKHU 11 IOMUJIKA BIUIUBA€ HA 3HAYCHHS Ta PO3YMIHHS TEKCTy. BKIIOUEeHHS cCaMOHAIAIITOBYBaHUX
Bar 3aJISKHO BiJ KaTeropii TekcTy € xiodoBoro ocobmmBictio WELER, sika 103BoJIsIe aqanTyBaTd METPUKY 1O KOHKPETHHUX
BUMOT Pi3HMX 3aCTOCYBaHb Ta 00JacTel, HaJlalouu NPIOPUTET TUM acHeKTaM SIKOCTI, sIKi € HaWOIIbII KPUTHYHUMHU A1 KOH-
KPETHOTO 3aBAaHHS.

Pesyabtati. Metpuxka WELER nporoHyeThest K eeKTHBHHIN MiJXi/ 10 ONiHIOBAHHS AKOCTi TEKCTy. Ii KOHIENTyanbHa
OCHOBA TIOJISITA€ B IHTErpawil TpaIuUiiHOTO MiJpaxyHKy MOMUJIOK Ha CIOBECHOMY Ta CHMBOJIEHOMY PIiBHSIX, 3aCHOBAHOTO Ha
BifctaHi JleBeHIUTe#Ha, i3 Cy4YaCHUMH METO/JaMH OLIHIOBaHHS CEMaHTMYHOI MOJIOHOCTI, IO BUKOPHCTOBYIOTh
KOHTEKCTYyaslbHI BEKTOpHI mojmaHHs. Takuid miaxim 3abes3medye OB KOMIUIEKCHE BiJOOpaKeHHS BIUIUBY MOMHJIOK Ha
3MICTOBY LiTICHICTh Ta IHTEPIPETOBAHICTb PE3YIbTATHOIO TEKCTY.

BucnoBku. WELER, sk i Bci MeTpuWKH, 3acCHOBaHi Ha JIOBIIKOBHX MJAaHHUX, CIHAPAETbCS HA TOYHI Ta MOCIIiIOBHI
TPaHCKPHUIILi, TepeBipeHi JToAUHOK. [TOMUIKK B IOBIIKOBHX AaHUX MOXYTh BIUIMBATH Ha TOYHICTH OIIHKH. ToMy s
CKJIATHUX METPUK SIKICThb Ta PEeNpe3eHTaTUBHICTh LIUX AAHUX € OCOOJIMBO BaXXJIMBHMHU, OCKUIBKM CEMAHTH4YHI Ta 3Ba)KEHI I10-
MUWJIKH Ha0araTo 4yTIHUBIILI J0 SKOCTi aHOTAIlil, HI’XK POCTa KUTBKICTh CITiB.

KJIFOYOBI CJIOBA: 06po6ka rpupoaHoi MoBH, owiHka sikocTi Tekcty, WER, CER, WELER.

JITEPATYPA
1. Hamed I. Benchmarking Evaluation Metrics for Code-
Switching Automatic Speech Recognition / I. Hamed //
2022 IEEE Spoken Language Technology Workshop
(SLT), Doha, Qatar, 2023 : proceedings. — [Piscataway]:
IEEE, 2023. - P. 999-1005. DOI:
10.1109/SLT54892.2023.10023181
2. Measure and improve speech accuracy // Cloud Speech-
to-Text Documentation. - Available at:
https://cloud.google.com/speech-to-text/docs/speech-
accuracy (accessed: 22 July 2025).

© Dumyn A. R., Shakhovska N. B., 2026
DOI 10.15588/1607-3274-2026-1-7

78

3. Dumyn A. Review of Automatic Speech Recognition
Systems for Ukrainian and English Language /
A. Dumyn, S. Fedushko, Y. Syerov // Data-Centric Busi-
ness and Applications : proceedings. — Cham : Springer,
2024. — (Lecture Notes on Data Engineering and Com-
munications Technologies, Vol. 212).

4. Shakhovska N. The method for detecting plagiarism in a
collection of documents / N. Shakhovska, I. Shvorob //
2015 Xth International Scientific and Technical Confer-
ence “Computer Sciences and Information Technologies”
(CSIT), Lviv, Ukraine, 2015 : proceedings. — [Piscata-

OPEN a ACCESS




p-ISSN 1607-3274 PagioenektpoHika, iHpopmaTuka, ynpasiinss. 2026. Ne 1
e-ISSN 2313-688X Radio Electronics, Computer Science, Control. 2026. Ne 1

10.

way] : IEEE, 2015. — P. 142-145. DOI: 10.1109/STC-
CSIT.2015.7325453

A new hybrid evaluation metric for automatic speech
recognition tasks / [Z. Sasindran, H. Yelchuri,
T. V. Prabhakar, S. Rao] // 2023 IEEE Automatic Speech
Recognition and Understanding Workshop (ASRU) :
proceedings. — [Piscataway] : IEEE, 2023. — P. 1-7. DOI:
10.48550/arXiv.2211.01722

Semantic distance: A new metric for ASR performance
analysis towards spoken language understanding /
[S.Kim, A. Arora, D. Le et al.] // arXiv preprint
arXiv:2104.02138. - 2021. Link:
https://arxiv.org/abs/2104.02138

Sasindran Z. SeMaScore: a new evaluation metric for
automatic speech recognition tasks / Z. Sasindran, H.
Yelchuri,  T.V.Prabhakar //  arXiv  preprint
arXiv:2401.07506. - 2024. Link:
https://arxiv.org/abs/2401.07506

Phukon B. Aligning ASR Evaluation with Human and
LLM Judgments: Intelligibility Metrics Using Phonetic,
Semantic, and NLI Approaches / B. Phukon, X. Zheng,
M. Hasegawa-Johnson // arXiv preprint
arXiv:2506.16528. - 2025. Link:
https://arxiv.org/abs/2506.16528

BERTScore: Evaluating text generation with BERT /
[T. Zhang, V. Kishore, F. Wu et al.] // arXiv preprint
arXiv:1904.09675. - 2019. Link:
https://arxiv.org/abs/1904.09675

James J. Advocating character error rate for multilingual
ASR evaluation / J. James, D. P. Gopinath // arXiv pre-
print arXiv:2410.07400. - 2024. Link:
https://arxiv.org/abs/2410.07400

© Dumyn A. R., Shakhovska N. B., 2026
DOI 10.15588/1607-3274-2026-1-7

11.

12.

14.

15.

16.

17.

Van Schaik T. A field guide to automatic evaluation of
LLM-generated summaries / T. Van Schaik, B. Pugh //
Proceedings of the 47th International ACM SIGIR Con-
ference on Research and Development in Information
Retrieval. — New York : ACM, 2024. — P. 2832-2836.

Arockiya Jerson J. An analysis of Levenshtein distance
using dynamic programming method / J. Arockiya Jer-
son, N. Preethi // Proceedings of 3rd International Con-
ference on Recent Trends in Machine Learning, IoT,
Smart Cities and Applications (ICMISC 2022). — Singa-
pore : Springer Nature Singapore, 2023. — P. 525-532.

. Principal component analysis / [M. Greenacre, P. J. Gro-

enen, T. Hastie et al.] // Nature Reviews Methods Prim-
ers. — Vol. 2, Ne 1. — Article 100.

Measuring the Accuracy of Automatic Speech Recogni-
tion  Solutions // arXiv. —  Available at:
https://arxiv.org/html/2408.16287v1 (accessed: 22 July
2025).

Hunt M. A. Word Errors and the Significance of
Weighted Accuracy Measures / M. A. Hunt // Proceed-
ings of the IEEE International Conference on Acoustics,
Speech and Signal Processing (ICASSP). — 1990.

A survey of OCR evaluation tools and metrics / [C. Neu-
decker, K. Baierer, M. Gerber et al.] / Proceedings of the
6th International Workshop on Historical Document Im-
aging and Processing. — New York : ACM, 2021. —
P. 13-18.

Dumyn A. R. Hibrydna metryka otsinky yakosti tekstu na
osnovi kontekstnoho zvazhuvannya / A. R. Dumyn //
Tavriys’kyy naukovyy visnyk. SeriyalL Tekhnichni
nauky. —2025. — Ne4, ch. 1 —P. 85-93

OPEN a ACCESS






