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ABSTRACT 
Context. Assessing text quality is essential for reliable AI 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 
ASR is automatic speech recognition; 
OCR is optical character recognition; 
NLP is natural language processing; 
WER is word error rate; 
CER is character error rate; 
NLI is Natural Language Inference; 
WELER is weight-based error rate. 

 
NOMENCLATURE 

S is a number of substitutions; 
D is a number of deletions (word omitted); 
I is a number of insertions (extra word); 
N is a number of words in the template; 
Sc is a number of character substitutions; 
Dc is a number of omitted characters; 
Ic is a number of extra characters; 
Nchar is a total number of characters in the reference 

text; 
Sword is a number of word-level substitutions obtained 

from the Levenshtein alignment;  
Dword is a number of word-level deletions obtained 

from the Levenshtein alignment;  
Iword is a number of word-level insertions obtained 

from the Levenshtein alignment;  
Nword is a total number of words in the reference text; 
wS is an adjustable weighting factors for Sword; 
wD is an adjustable weighting factors for Dword; 
wL is an adjustable weighting factors for Iword; 
Schar is a numbers of character-level substitutions; 
Dchar is a numbers of character-level deletions;  

Ichar is a numbers of character-level insertions;  
Wwer is a weighted word error rate; 
Wcer is a weighted error rate in symbols; 
SemErr is a semantic error indicator; 
 is a normalized Wwer; 
 is a normalized Wcer; 
  is a normalized SerErr; 
Embinut is a vector of embeddings of the reference text; 
Emboutput is a vector of recognized text embeddings. 

 
INTRODUCTION 

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 
extraction from images. In NLP tasks related to text gen-
eration, processing, and quality assessment helps deter-
mine the correctness and coherence of the obtained result 
[1]. 

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 AI 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-

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 

 

.
N

IDS
WER


  (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., “5 доларів”. 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 
“плисти” to “плести”, which is a homophone or “кит” to 
“кат”, 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 

 

C

CCC

D

IDS
CER


 . (2)

 
CER provides a more detailed error assessment than 

WER. For example, minor typographical errors, such as 
“опрацюваня” instead of “опрацювання”, 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-

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 

in banking, while word accuracy might be a priority for 
meeting transcription, and semantic relevance might be a 
priority for conversational AI. 

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 “погода” with “погоди” 
may be only a single word error, but completely change 
the meaning of the sentence. WER does not distinguish 
“Я люблю фрукт” from “Я люблю фрукти”. 

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, “соба-
ка вкусила хлопчика” and “хлопчика вкусила собака” 
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 “опроцювання” instead of “опрацю-
вання” has the same WER as “день” instead of “пень”, 
despite their radically different semantic consequences. 
Similarly, “самоповага” has the same WER as “само 
повага”. 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 доларів” 
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 Wwer includes differentiated 
penalties for substitutions, deletions, and insertions at the 
word level 

 

word

wordIwordDwordS
wer N

IwDwSw
W


 . (3)

 

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

 

char

charIcharDcharS
cer N

IwDwSw
W


 . (4)

 

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-

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) 

 

  ,1,
he

he
HESemDist




  (5)

 

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

 

,
2

1
outputinput

outputinput

EmbEmb

EmbEmb

SemErr





  
(6)

 
where Embinut – vector of embeddings of the reference 
text; Emboutput – vector of recognized text embeddings. 

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

 

,SemErrWWWELER cerwer   (7)

 
where , ,   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 
compo-
nent Granularity 

Customizable 
weighting fac-
tors Purpose/Benefit 

Weighted 
word error 
rate  

werW  

Word level Sw , Dw , Iw  Lexical accu-
racy, flexible 
penalization of 
different types of 
word errors 

Weighted 
error rate 
in sym-
bols cerW  

Character 
level 

Sw , Dw , Iw  Detailed error 
detection, sensi-
tivity to small 
typos, impor-
tance for nu-
merical data. 

Semantic 
error 
indicator 
SemErr  

Semantic 
Sentence 
Level 

In the internal 
scales of the 
model 

Preserving mean-
ing, understand-
ing context, 
taking into ac-
count the impact 
of low-level 
errors on seman-
tics. 

General 
WELER  

General  ,,  Comprehensive 
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 , ,  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  will be high to prioritize 
character accuracy. For general voice recognition,  and  
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. 
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where .;; 321 SemErrxWxWx iceriweri  	
Normalization can be performed to avoid the impact 

of differences in metric scales (9) 
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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: 

 

.  vv  (10)

 

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

 

),,,(1 SemErrCERWER WWWW   (11)

 

where WWER, WCER, WSemErr are values corresponding to 
the largest . 

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

 
1,,,  SemErrcerwer www . 

 
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): 

 

  .|,,)( ktaskSemErrCERWERX iiii
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) 
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Accordingly, for each category, its own weight vector 

(7) will be obtained 
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SemErr
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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 =0.3, =0.3, =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. “Машина” and “Авто” 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. 

 
 
 
 

 

Table 2 – Examples of using WELER [17] 

#
Reference 
text 

Generated 
text WER CER SemErr WELER 

1 Привіт, світ! 
Як у вас 
справи? 

Привіт, 
світ! Як у 
вас справи? 

0 0 0 0 

2 Зараз чудова 
погода для 
прогулянки. 

Зараз чудо-
ва пригода 
для прогу-
лянки. 

0.2 0.0
571 

0.0771 0.108 

3 Я люблю 
програму-
вання на 
Python 

Я люблю 
програму-
вання на 
Pyton. 

0.2 0.0
645 

0.0685 0.1068 

4 Машина їде 
дуже швид-
ко по дорозі. 

Авто руха-
ється шви-
дко по 
дорозі. 

0.666
7 

0.5
758 

0.0108 0.377 

5 Українська 
мова дуже 
мелодійна 

Китайська 
кухня дуже 
смачна. 

0.75 0.5
483 

0.2993 0.5092 

6 Привіт, як 
справи? Усе 
добре! 

Привіт як 
справи Усе 
добре 

0.6 0.1
034 

0.0356 0.2253 

7 Він пішов 
до школи 
сьогодні. 

Він пішли 
до школи 
сьогодні. 

0.2 0.0
714 

0.0004 0.0816 

8 Котику-
муркотику з 
м’яким 
животиком. 

Де сметан-
ка що була 
тут ще 
зранку. 

1 0.8
889 

0.2604 0.6708 

9 Адреса: вул. 
Свободи, 10 

Адреса: 
вул. Свобо-
ди, 1O 

0.25 0.0
417 

0.0159 0.0939 

10 Автомобіль 
швидко 
рухався 
дорогою до 
міста Львів. 

До міста 
Львів доро-
гою швидко 
рухалося 
авто. 

0.857
1 

0.7
347 

0.0222 0.4864 

11 Розробка 
штучного 
інтелекту 
змінює світ. 

Розробка 
ШІ змінює 
світ. 

0.4 0.4
5 

0.0623 0.2799 

12 Щоб встиг-
нути потрі-
бно плисти 
за течією до 
сходу сонця. 

Щоб встиг-
нути потрі-
бно плести 
кошики до 
сходу сон-
ця. 

0.333
3 

0.1
818 

0.1538 0.2161 

13 Плисти 
вперед до 
сходу сонця. 

Плести 
кошики до 
сходу сон-
ця. 

0.4 0.2
414 

0.1596 0.2562 

 

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 
text 

Generated 
text WER CER 

Se-
mErr WELER 

1 Привіт, 
світ! Як у 
вас спра-
ви? 

Привіт, 
світ! Як у 
вас спра-
ви? 

0 0 0 0 

2 Зараз 
чудова 
погода 
для про-
гулянки. 

Зараз 
чудова 
пригода 
для про-
гулянки. 

0.2 0.0571 0.0771 0.108 

3 Я люблю 
програ-
мування 
на Python 

Я люблю 
програ-
мування 
на Pyton. 

0.2 0.0645 0.0685 0.1068 

4 Машина 
їде дуже 
швидко 
по дорозі. 

Авто 
рухається 
швидко 
по дорозі. 

0.6667 0.5758 0.0108 0.377 

5 Україн-
ська мова 
дуже 
мелодій-
на 

Китайсь-
ка кухня 
дуже 
смачна. 

0.75 0.5483 0.2993 0.5092 

6 Привіт, 
як спра-
ви? Усе 
добре! 

Привіт як 
справи 
Усе доб-
ре 

0.6 0.1034 0.0356 0.2253 

7 Він пі-
шов до 
школи 
сьогодні. 

Він піш-
ли до 
школи 
сьогодні. 

0.2 0.0714 0.0004 0.0816 

8 Котику-
муркоти-
ку з 
м’яким 
животи-
ком. 

Де сме-
танка що 
була тут 
ще зран-
ку. 

1 0.8889 0.2604 0.6708 

9 Адреса: 
вул. 
Свободи, 
10 

Адреса: 
вул. 
Свободи, 
1O 

0.25 0.0417 0.0159 0.0939 

10 Автомо-
біль 
швидко 
рухався 
дорогою 
до міста 
Львів. 

До міста 
Львів 
дорогою 
швидко 
рухалося 
авто. 

0.8571 0.7347 0.0222 0.4864 

11 Розробка 
штучного 
інтелекту 
змінює 
світ. 

Розробка 
ШІ змі-
нює світ. 

0.4 0.45 0.0623 0.2799 

12 Щоб 
встигну-
ти потрі-
бно плис-
ти за 
течією до 
сходу 
сонця. 

Щоб 
встигну-
ти потрі-
бно плес-
ти коши-
ки до 
сходу 
сонця. 

0.3333 0.1818 0.1538 0.2161 

13 Плисти 
вперед до 
сходу 
сонця. 

Плести 
кошики 
до сходу 
сонця. 

0.4 0.2414 0.1596 0.2562 

 

 
 

 

 
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 

 

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. 

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 (=0.3, =0.3, 
=0.4) and weighting coefficients determined by applying the 
principal component method (=0.347, =0.3483, =0.3046). 

Table 4 – Examples of calculating the WELER metric with 
manually selected coefficients and using PCA [17] 

# Reference text Generated text WELER 
WELER 
(PCA) 

1 Привіт, світ! 
Як у вас спра-
ви? 

Привіт, світ! Як 
у вас справи? 

0 0 

2 Зараз чудова 
погода для 
прогулянки. 

Зараз чудова 
пригода для 
прогулянки. 

0.108018 0.112825 

3 Я люблю про-
грамування на 
Python 

Я люблю про-
грамування на 
Pyton. 

0.106754 0.112746 

4 Машина їде 
дуже швидко 
по дорозі. 

Авто рухається 
швидко по доро-
зі. 

0.377028 0.435193 

5 Українська 
мова дуже 
мелодійна 

Китайська кухня 
дуже смачна. 

0.509243 0.542481 

6 Привіт, як 
справи? Усе 
добре! 

Привіт як спра-
ви Усе добре 

0.225291 0.255112 

7 Він пішов до 
школи сього-
дні. 

Він пішли до 
школи сьогодні. 

0.081602 0.09442 

8 Котику-
муркотику з 
м’яким живо-
тиком. 

Де сметанка що 
була тут ще 
зранку. 

0.670843 0.736009 

9 Адреса: вул. 
Свободи, 10 

Адреса: вул. 
Свободи, 1O 

0.093865 0.10612 

10 Автомобіль 
швидко рухав-
ся дорогою до 
міста Львів. 

До міста Львів 
дорогою швидко 
рухалося авто. 

0.486422 0.560139 

11 Розробка шту-
чного інтелек-
ту змінює світ. 

Розробка ШІ 
змінює світ. 

0.279902 0.314533 

12 Щоб встигнути 
потрібно плис-
ти за течією до 
сходу сонця. 

Щоб встигнути 
потрібно плести 
кошики до сходу 
сонця. 

0.216085 0.225878 

13 Плисти вперед 
до сходу сон-
ця. 

Плести кошики 
до сходу сонця. 

0.25624 0.271503 
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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. 

 
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  and ) or semantic understanding for 
conversational AI (high ). 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 

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 AI systems. 
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AНОТАЦІЯ 

Актуальність. Оцінка якості тексту є важливою для надійного штучного інтелекту, який обробляє мову. В ASR 
вона відображає, наскільки точно мовлення стає текстом; в OCR – наскільки точно зображення перетворюють текст; а 
в NLP – наскільки правильними та зв’язними є виходи. 

Мета. Метою роботи є створення складної метрики для оцінки якості тексту. 
Метод. Класичні метрики WER та CER є вузькими: вони фіксують лише лексичні редагування, однаково зважу-

ють усі зміни, ігнорують контекст та семантику, і часто пропускають пунктуацію та регістр, маскуючи проблеми 
читабельності та типи помилок. апропонована метрика WELER інтегрує точний підрахунок помилок на рівні слів та 
символів, використовуючи відстань Левенштейна як основу, з передовими методами семантичної подібності, засно-
ваними на контекстному вбудовуванні. Це дозволяє WELER враховувати не лише те, що було неправильно 
розпізнано, але й те, наскільки ця помилка впливає на значення та розуміння тексту. Включення самоналаштовуваних 
ваг залежно від категорії тексту є ключовою особливістю WELER, яка дозволяє адаптувати метрику до конкретних 
вимог різних застосувань та областей, надаючи пріоритет тим аспектам якості, які є найбільш критичними для кон-
кретного завдання.  

Результати. Метрика WELER пропонується як ефективний підхід до оцінювання якості тексту. Її концептуальна 
основа полягає в інтеграції традиційного підрахунку помилок на словесному та символьному рівнях, заснованого на 
відстані Левенштейна, із сучасними методами оцінювання семантичної подібності, що використовують 
контекстуальні векторні подання. Такий підхід забезпечує більш комплексне відображення впливу помилок на 
змістову цілісність та інтерпретованість результатного тексту. 

Висновки. WELER, як і всі метрики, засновані на довідкових даних, спирається на точні та послідовні 
транскрипції, перевірені людиною. Помилки в довідкових даних можуть впливати на точність оцінки. Тому для 
складних метрик якість та репрезентативність цих даних є особливо важливими, оскільки семантичні та зважені по-
милки набагато чутливіші до якості анотації, ніж проста кількість слів. 

КЛЮЧОВІ СЛОВА: обробка природної мови, оцінка якості тексту, WER, CER, WELER. 
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