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Abstract


Sequence-to-sequence models have been applied to many challenging problems, including those in text and speech technologies. Normalization is one of them. It refers to transforming non-standard language forms into their standard counterparts. Non-standard language forms come from different written and spoken sources. This paper deals with one such source, namely speech from the less-resourced highly inflected Slovenian language. The paper explores speech corpora recently collected in public and private environments. We analyze the efficiencies of three sequence-to-sequence models for automatic normalization from literal transcriptions to standard forms. Experiments were performed using words, subwords, and characters as basic units for normalization. In the article, we demonstrate that the superiority of the approach is linked to the choice of the basic modeling unit. Statistical models prefer words, while neural network-based models prefer characters. The experimental results show that the best results are obtained with neural architectures based on characters. Long short-term memory and transformer architectures gave comparable results. We also present a novel analysis tool, which we use for in-depth error analysis of results obtained by character-based models. This analysis showed that systems with similar overall results can differ in the performance for different types of errors. Errors obtained with the transformer architecture are easier to correct in the post-editing process. This is an important insight, as creating speech corpora is a time-consuming and costly process. The analysis tool also incorporates two statistical significance tests: approximate randomization and bootstrap resampling. Both statistical tests confirm the improved results of neural network-based models compared to statistical ones.






Keywords:


low-resource language; spoken language; normalization; character unit; subword unit; statistical model; long short-term memory; transformer; error analysis












1. Introduction


Natural language processing (NLP) has become a crucial technology in artificial intelligence, allowing computers to comprehend and process human language. Numerous tools and frameworks have been developed to integrate natural language as an input or output modality in human–computer interactions or as the modality in which the information is stored. Tools have been developed to facilitate our everyday use of language in private and business environments. Those tools are originally designed to process language in a standard form. To improve the performance of such tools in non-standard language, like spoken language or language in user-generated content (e.g., in social media), its normalization to the standard form is needed to make it similar to the language for which the tools were built. Language normalization has been commonly applied to written language, such as historical language, and language in user-generated content. Less often, it was applied to spoken language. It is evident that many phenomena are characteristic of spoken language and are not present in written language. All these phenomena emerge, for example, during speech database creation when speech data are transcribed to a textual form that represents non-standard language and is afterward normalized into the standard form. Manual transcription of speech data is highly time-consuming. However, it continues to represent the most reliable way to provide exact speech transcriptions, which are needed, for example, to build speech recognition systems. Automatic language normalization could at least help to speed up the whole process of speech database creation.



For major world languages such as English, Spanish, and Chinese, many linguistic resources have been developed, making them dominant in language technology development and the most commercially attractive. To ensure that smaller languages are not endangered, significant efforts have recently been made to develop language technologies for them. Nevertheless, the extent of linguistic resources available for these languages remains limited compared to major languages. This shortage is particularly evident in the area of speech resources. For these reasons, they are called low-resource languages.



The paper presents a study of the normalization of Slovenian speech. Slovenian belongs to the group of low-resource highly inflected languages, so one of the problems addressed by the study is the scarcity of data. We analyze the use of three different types of basic units, which cope with the problem of data scarcity to different extents: words, subwords, and characters. Three different approaches for building normalization models were used, inspired by the machine translation research. After selecting the most suitable modeling unit and best-performing model, we were also interested in the errors that occur in best-performing models and their extent.



Previous research used standard evaluation metrics like word error rate, character error rate, or ChrF, as described in the remainder of the paper. To our knowledge, there is no tool for a detailed inspection or categorization of different errors during automatic normalization. Therefore, we also present a tool specifically developed for this purpose, which includes statistical tests.



The remainder of this paper is organized as follows: Section 2 presents the characteristics of the Slovenian spoken language and Section 3 defines the normalization. Section 4 reviews previous research carried out in normalization. The motivation for using different modeling units is given in Section 5. The theoretical background of sequence-to-sequence models is briefly presented in Section 6, and the evaluation metrics are presented in Section 7. Section 7.2 describes how deeper insight into errors was obtained using the developed tool and how statistical tests were implemented. Section 8 details the experiments and discusses the results. Section 9 concludes the paper.




2. Spoken Language Characteristics


The basic unit of speech is an utterance. It is a spoken realization of the speaker’s intent in the form of a speech signal. An utterance is transcribed into a literal segment, which is the written equivalent of the utterance. In this paper, we call this the literal transcription or literal form of the segment. A segment roughly corresponds to the concept of a sentence in written language. It is defined as a prosodically, semantically, and syntactically complete unit. Although most utterances correspond to “complete sentences”, in some cases, speakers omit some information in their speech. The process of omitting some information is called ellipsis. The language technology practice recommends that the speech be transcribed in the standard written form, which follows grammatical rules and uses words from the dictionary of the standard language. For example, the literal segment in English “it don’t make no sense” corresponds to “it doesn’t make any sense” in the standard written form. The information about the use of double negation in spoken language is lost. Standard written form greatly distorts the true linguistic representation, which, for example, includes many sound reductions and several types of non-standard word forms. Hence, the user gets a very inaccurate impression of the discourse and an incomplete or incorrect impression of the linguistic representation of speech from the standard form alone. Therefore, transcriptions in many speech databases come in two forms: spoken (i.e., literal) and standard [1].



Literal transcription is a form of orthographic transcription of speech that follows the general principle of “writing exactly what you hear”. Standard transcription is a form of orthographic transcription where words are written following the conventions of the standard written language, reflecting how they would typically be spelled in formal language use.



Slovenian is a South Slavic language spoken by about 2.5 million speakers. Most of them are the inhabitants of Slovenia. As Slovenia is part of the European Union, Slovenian is also one of its official languages. Spoken language characteristics, which we observed in the literal transcriptions of Slovenian speech, were:




	
Annotation of reductions:




	–

	
Sounds that were not pronounced were not transcribed. For example: tut (standard: tudi) (eng. also), mam (standard: imam) (eng. have).




	–

	
Semivowels were not transcribed. For example: mislm (standard: mislim) (eng. think), hitr (standard: hitro) (eng. fast), nč (standard: nič) (eng. nothing).




	–

	
Word forms of the auxiliary verb “to be” were sometimes not pronounced completely. For example: ne b (standard: ne bi) (eng. will not), čev (standard: če bo) (eng. if he/she will).









	
The letter “l” was often replaced with “u”. For example: prišeu (standard: prišel) (eng. come), videu (standard: videl) (eng. see).



	
Pauses in the speech were transcribed. For example: eee, eem, been, nnn, mmm …



	
Words that were not fully spoken were marked as word fragments. For example: lju (standard: ljudje) (eng. people), hiš (standard hiša) (eng. house).



	
Punctuation marks were not present.



	
Segments started with a lowercase letter.



	
Abbreviations were written as they were pronounced. For example: erteve (standard RTV), tevetri (standard: TV3).








Table 1 presents example segments from datasets used in our research. Datasets are further described in the continuation of the paper in Section 8.1.




3. Normalization


Text normalization refers to replacing non-standard spellings with their standard equivalents. For example, it replaces the English colloquial “kinda” with the standard form “kind of”. It reduces the impact of unknown word forms appearing in non-standard language. In speech, normalization establishes connections between different spoken variants of the same word or expressions of the same meaning. It is mainly defined as one-to-one or one-to-many mapping with fixed word order. Some characteristics of spoken language lie outside the scope of this definition. Examples are hesitations, false starts, and self-corrections. What to do with this phenomenon depends on the NLP task for which the normalization is used. In our research, we use the following definition of the normalization [2]: Lexical normalization is the task of transforming a literal transcription of an utterance into its standard form, word-by-word, including one-to-one, one-to-many, and many-to-one replacements. Deletions and insertions of complete words are beyond the scope of this definition. Lexical normalization is, to some extent, a subjective task, as, in some cases, multiple annotations are plausible. Furthermore, in certain circumstances, annotators disagree on whether normalization is necessary for specific words.



Text normalization is beneficial in various NLP tasks, e.g., information retrieval, machine translation, sentiment analysis, etc. It unifies the language or at least increases its homogeneity by handling language variations present in user-generated text in social media, historical texts, and speech, where dialectal expressions also take place. A prerequisite for performing text normalization automatically is the availability of datasets with normalization examples that are sufficiently large. In our research, we limit the experiments to speech.



The term text normalization could also refer to the process of verbalizing numbers and short representations (e.g., converting something like “3 lb” into its verbalization “three pounds”), for example, as part of a text-to-speech system [3,4]. This type of normalization is not the topic of this paper.




4. Related Work


Many studies have addressed the needs of non-standard varieties of languages. To support the research, publicly available resources were developed simultaneously [5,6,7,8,9]. Text normalization has been tackled with a variety of methods. The earliest approaches were rule-based, with rules being created manually for one particular language [10]. Distance-based methods were adopted from the information retrieval context since measures that compare two word forms are a natural fit for matching a search term with relevant word forms in a document with non-standard language. Levenshtein distance was a common choice. Weights of edit steps were learned from a training set of normalizations [11]. In [12], a context-aware generic normalization method to handle non-standard words in social media text was proposed.



For a long time, character-based statistical machine translation (SMT) was the state-of-the-art approach for normalization. For example, character-based SMT was used for the normalization of historical texts and user-generated content in the Slovenian language [13]. Over time, statistical approaches for sequence-to-sequence problems changed to neural encoder-decoder models, which resulted in remarkable improvements for many tasks, especially neural machine translation (NMT) [14]. However, neural architectures for normalization tasks did not consistently achieve this level of success. In [15], long short-term memory (LSTM) was better than the statistical approach in historical French normalization. On the contrary, neural network-based models brought worse results than statistical models in [16]. In [17], the decoding stage of a plain encoder-decoder model was modified to include target-side language models operating at different levels of granularity: characters and words. The approach resulted in an improvement over the character-level statistical machine translation. LSTM architecture for normalization German was used in [18]. Transformer architecture was reported to outperform LSTM for many NLP tasks. Contrary, in [19], LSTM brought better results than a transformer for normalizing Finnish dialects. The authors in [20] compared word-based and character-based SMT models with more advanced neural architectures and found that, in general, SMT outperformed the others when modernizing historical Spanish. This was especially true for the smallest corpora, in which systems based on neural architectures were not able to learn properly and yielded more spelling differences than the ones contained in the original document. In [21], a user study was performed to evaluate SMT and NMT approaches to modernize Spanish historical documents and, thus, increase their accessibility to a broader audience. The NMT approach made more errors, and the user chose its modernized versions as the best option fewer times than with the SMT approach. The Arabic language is a collection of multiple variants, among which modern standard Arabic is considered the de facto standard written form. In [22], conventional orthography for Arabic dialect was defined accompanied by the corpus of five Arabic dialects to enable research on spelling correction and text normalization.



Research indicates that conclusions about which approach is most suitable for language normalization often depend on the natural language itself that is being normalized, or at least the language family to which the language belongs. In [2], a shared task on multilingual lexical normalization was defined, which contains 12 language variants of Indo-European languages. The participants’ results showed that normalization positively affects dependency parsing and part-of-speech tagging. The problem of low-resourced languages is data scarcity. These languages usually have only small parallel corpora of non-standard sentences aligned with standard counterparts available. In [23], researchers address the problem of low-resourced Estonian language. They enlarge the training corpus by using an existing dialect generator model built for Finnish to generate dialect from standard Estonian sentences. The experiments showed that synthetic data generated by a model trained on a more resourced related language can boost the results for a less-resourced language. In [24], data augmentation techniques that increase the training data size by converting existing resources into synthesized non-standard forms improved the normalization of user-generated content in Dutch. The authors in [25] performed normalization of different Swedish dialects spoken in Finland, having only small training corpora. They reported that having some, but not too much, context in normalization was beneficial. They used character-based LSTM models with only one word. Japanese dialects were addressed by a multi-dialect neural machine translation system [26]. Since dialects almost always use the same word order as standard Japanese, Japanese phrase units were used instead of sentences. Dialect embeddings informed the model of the input dialect. Normalization was defined as a multilingual syllable-to-syllable translation. The results showed that multilingual normalization outperforms baseline dialect normalization, as the multilingual system acquires knowledge of dialect similarities.



The authors in [27] critically survey historical text normalization systems from literature using different datasets and evaluation methods. Various conclusions were obtained. They cannot conclude that neural architectures are always superior to other approaches. Recently, a large-scale multilingual evaluation of dialect-to-standard normalization for four languages was also performed [28]. Their evaluation includes a subset of one of the datasets used in our research.



Our research extends the number of datasets for the Slovenian language and analyzes the normalization. We also performed our research on public and private speech separately and added an error analysis to assess how much human effort would be required to correct the errors.




5. Modeling Units


Speech processing is usually performed at the level of utterances, with words as tokens. In written form, an utterance is called a segment. For this reason, we will refer to segments rather than utterances in the continuation of the article.



Using words as modeling units in a segment is not always the best choice for highly inflected languages with many different word forms, as it produces large vocabularies and, in the case of small datasets, a high OOV (out-of-vocabulary) rate. Conversely, using words, the modeling sequences are shorter, which is an advantage for approaches that have difficulties modeling long-range dependencies. Both perspectives are important in terms of memory and time complexity. Words as modeling units seem to be a good choice with very large corpora.



The character could be an alternative token as it also generalizes well across languages that share the alphabet. It also solves the problem of word tokenization. Its OOV rate is zero. However, sequences of characters in a segment are very long, which harms the performance of many approaches commonly used for normalization. The solution to this problem could be using shorter sequences instead of segments. N-grams were used in our research. An N-gram is a sequence of N neighboring words.



Any substring of a word could also be a potential alternative unit, which lies between a word and a character. Using substrings presents a balance between generalization and specificity. The idea of data-driven word-splitting approaches is to keep the frequently used words as single tokens and to split rare words into smaller units called subwords. Subwords could be characters or sequences of two or more characters, depending on the vocabulary size and splitting method.



There are several word-splitting algorithms or implementations, e.g., BPE [29], unigram-based [30], and Morfessor [31]. In previous research [32], we compared different word-splitting methods in another sequence-to-sequence task and found that splitting based on unigram probabilities [30] gives comparable or slightly better results than other methods.



Using unigrams, the probability of a sequence of M subword units   x = (  x 1  ,  x 2  …  x M  )   is modeled as the product of the individual units’ probabilities in this sequence:


  P  ( x )  =  ∏  i = 1  M  p  (  x i  )  ,  








where   p (  x i  )   is the probability of the i-th unit. The optimal word splitting   x *   is then defined as:


   x *  =   arg max   x ∈ S ( X )    P  ( x )  ,  








where   S ( X )   is the set of all possible splitting for the training text X. It can be determined using the Viterbi algorithm. An implementation of this algorithm is available in the tool SentencePiece [33]. This tool creates a vocabulary of subword units to cover all text in the training data. The user chooses the vocabulary size.



Table 2 presents different splittings of example segments obtained in our experiments. The numbers in parentheses indicate the subword vocabulary size.




6. Sequence-to-Sequence Models


Sequence-to-sequence models are machine-learning architectures designed for various tasks that involve sequence processing. They take an input sequence, process it, and generate an output sequence. In general, input and output sequences could be of different lengths. Sequence-to-sequence models are applicable to a wide range of problems where both input and output data are structured as sequences. This is common in many NLP tasks. For instance, in machine translation, the input is a sentence—represented as a sequence of words in one language—and the output is a sentence in another language. In summarization, both the input and output are sequences of sentences, with the output being a more concise summary. Beyond NLP, sequence-to-sequence models are also employed in video processing, where an input sequence of frames is transformed into a new sequence, such as a sequence of motions. In bioinformatics, these models process sequences of DNA, RNA, or proteins. In smart homes, sequence-to-sequence models analyze sequences of sensor readings to predict sequences of activities performed by residents.



Historically, statistical models were the first to be used, drawing inspiration from the noisy channel model in information theory. Their advantage lies in a modular structure, allowing different information sources to be added as new components. With the rise in computational power, neural encoder-decoder architectures emerged. The encoder processes the input sequence and compresses it into a fixed-length context vector, a numerical representation of the entire input. The decoder then uses this context vector to generate the output sequence. Early neural models primarily relied on recurrent neural networks (RNNs), particularly long short-term memory (LSTM) networks, due to their ability to manage long-term dependencies in sequences. They process input sequences sequentially. Nowadays, transformer architectures have largely replaced LSTMs because they enable faster training. Transformers process sequences in parallel, without the need for recurrence, and rely entirely on a self-attention mechanism, making them highly efficient, especially for long sequences.



The pioneering application for all three sequence-to-sequence models was machine translation. Then, its use was expanded to many other areas. We mentioned a few earlier. In our research, architectures based on all three models, statistical, LSTM, and transformer were applied to speech normalization, which is also a sequence-to-sequence problem.



6.1. Statistical Model


The statistical model was first used in statistical machine translation (SMT). It is based on a noisy channel model to translate source segment x into target segment   y *   using the equation [34]:


   y *  =   arg max  y   p  ( y | x )  =   arg max  y   p  ( x | y )  · p  ( y )  .  



(1)




The probability   p ( y )   is computed by the language model and   p ( x | y )   by the translation model. The language model predicts the probability of the segment in the target language. It is defined as the product of the conditional probabilities of each word given the previous ones:


  p  ( y )  = p  (  y 1  ,  y 2  , … ,  y n  )  =  ∏  i = 1  n  p  (  y i  |  y  i − N + 1   , … ,  y  i − 2   ,  y  i − 1   )  .  



(2)




The probability of the word is only conditioned by   N − 1   previous words, and the language model is called the N-gram model. The main problem is that long-range dependencies are lost. The translation model for each word in the source segment predicts the translation into the target segment. Additionally, it predicts the number of words in the target language and the number of words that need to be generated from scratch. It has been shown that the decomposition of sequences into data-driven phrases is beneficial. The source sequence x is broken down into I phrases    x i  ¯  , and each source phrase    x i  ¯   is translated into a target phrase    y i  ¯  . A phrase translation model is used:


  p  (   x ¯  1 I  |   y ¯  1 I  )  =  ∏  i = 1  I  ϕ  (   x i  ¯  |   y i  ¯  )  .  



(3)




In addition to the translation model, the log-linear structure of statistical architecture enables the use of more than one model:


   y *  =   arg max  y   ∑ m   λ m   h m   ( x , y )  ,  



(4)




where   λ m   represents the weight of the mth model    h m   ( x , y )   . The weights could be optimized following the minimum error rate procedure on a held-out development set [35]. Readers interested in more details about SMT are advised to read the paper [36], which also includes a schematic diagram of SMT model training.




6.2. Long Short-Term Memory


The long short-term memory (LSTM) [37] architecture is based on the recurrent neural network (RNN), which is a generalization of feed-forward neural networks to sequences. Given a sequence in the source language as an input sequence of words   (  x 1  , … ,  x T  )  , the RNN computes an output sequence of words   (  y 1  , … ,  y  T ′   )   by using the equations:


      h t  =     sigm (  W  h x    x t  +  W  h h    h  t − 1   ) ,        y t  =      W  y h    h t  .     



(5)




  W  h x    is the parameter matrix from the input layer to the hidden layer,   W  h h    is the parameter matrix from the hidden layer to itself, and   W  y h    is the parameter matrix from the hidden layer to the output layer.   x t  ,   h t  , and   y t   denote the input, hidden, and output layer vectors at word t, respectively. In general, input and output sequences have different lengths. The encoder encodes the input sequence of word vectors   (  x 1  , … ,  x T  )   into a fixed-sized context vector v, and the decoder decodes the fixed-sized vector back into a variable-length output sequence   (  y i  , … ,  y  T ′   )  . LSTM estimates the conditional probability   p (  y 1  , … ,  y  T ′   |  x 1  , … ,  x T  )  . First, it obtains the fixed-dimensional representation v of the input sequence   (  x 1  , … ,  x T  )   from the last hidden state. Then, the probability of   (  y i  , … ,  y T ′  )   is computed with another LSTM whose initial hidden state is v:


  p  (  y 1  , … ,  y  T ′   |  x 1  , … ,  x T  )  =  ∏  t = 1   T ′   p  (  y t  | v ,  y 1  , … ,  y  t − 1   )  .  



(6)




Here,   p (  y t  | v ,  y 1  , … ,  y  t − 1   )   is represented with a softmax function over all words in the vocabulary. The concept of attention was introduced to identify parts of the input sequence that are relevant [14]. The context vector   c t   captures relevant input information to help predict the current target word   y t  . Given the target hidden state   h t   and the context vector   c t  , a simple concatenation layer is used to combine the information from both vectors to produce a hidden attentional state:


    h t  ˜  = tanh  (  W c   [  c t  ,  h t  ]  )  .  



(7)




The attentional vector    h t  ˜   is then fed through the softmax layer:


  p  (  y t  | v ,  y 1  , … ,  y  t − 1   )  = softmax  (  W s    h t  ˜  )  .  



(8)




LSTM helps to deal with long sequences, but it still fails to maintain the global information of the source sequence. Readers interested in more details about LSTM architecture are advised to read the paper [37,38] for a schematic diagram of the LSTM architecture.




6.3. Transformer


Today, the transformer is the dominant choice for building machine translation systems. It handles the entire input sequence simultaneously and does not iterate only word by word. It is also an encoder-decoder architecture in which the encoder and decoder are free from recurrent elements [39]. The core of the transformer is self-attention, which employs the multi-head mechanism. Each attention head takes an input sequence   x = (  x 1  , … ,  x n  )   of n elements, where    x i  ∈  R d    and computes the output sequence of the same length   z = (  z 1  , … ,  z n  )   where    z i  ∈  R d   :


   z i  =  ∑  j = 1  n   α  i j    (  x j   W V  )  .  



(9)




  α  i j    is a weight computed by the softmax function:


   α  i j   = softmax  (     (  x i   W Q  )    (  x j   W K  )  T    d    )  .  



(10)




  W V  ,   W Q  ,  W K    ∈  R  d × d     are matrices of layer-specific parameters, which are obtained during transformer training. d denotes the dimensions of word embedding. The attention mechanism is used to weigh the encoder output for the decoding steps. Each encoder comprises two primary components: a self-attention mechanism and a feed-forward neural network. The self-attention mechanism accepts input encodings from the preceding encoder, weighting their relevance to one another to produce output encodings. The feed-forward neural network processes each output encoding individually. These output encodings are subsequently passed to the next encoder as its input and to the decoders. The initial encoder uses positional information and embeddings of the input sequence as its input instead of encodings. Positional information is essential for the transformer to utilize the sequence order, as no other part of the transformer accounts for this. The encoder is bidirectional, allowing attention to be placed on tokens before and after the current token. The decoder comprises three main components: a self-attention mechanism, an attention mechanism over the encodings, and a feed-forward neural network. Like the encoder, the decoder operates with a self-attention mechanism and a feed-forward neural network. However, it includes an additional attention mechanism that extracts relevant information from the encodings produced by the encoders. Readers who are interested in more details about the transformer architecture are advised to read the paper [39], which also includes a schematic diagram of the transformer architecture.





7. Evaluation


Various standard evaluation metrics have been used in the literature to evaluate normalization performance, mainly adopted from other sequence-to-sequence problems. For the evaluation in our research, we designed a tool for a deeper insight into errors.



7.1. Standard Metrics


BLEU (bilingual evaluation understudy) [40] was one of the first metrics in machine translation and remains one of the most popular. Since we use approaches originally defined for machine translation for normalization, we used the same evaluation metrics for evaluating normalization. BLEU is defined as


  BLEU = min  1 ,    len e   len r     ·    ∏  i = 1  4   prec i     1 4    ,  



(11)




where   len e   is the length of the evaluated segment and   len r   is the length of the reference segment. In the normalization task, in most cases,    len e  =  len r   , as it is rare for one spoken word to have a standard form of more than one word, or for more than one spoken word to map to a single standard form.   prec i   is the ratio between the number matched N-grams and the number of total N-grams of order i between the reference normalization and the evaluated normalization.



WER (word error rate) has been the standard evaluation metric for speech recognition since its inception and was later adapted for various specific tasks [41]. WER (word error rate) in its original form is defined as the Levenshtein distance between the evaluated segment and the reference:


  WER =    S + D + I  N   .  



(12)




S denotes the number of substituted words, D denotes the number of deleted words, and I denotes the number of inserted words. N is the length of reference. WER does not distinguish between a normalization result that has only one or a few wrong characters and a normalization result that is entirely wrong. CER (character error rate) is a more fine-grained metric, as it is defined as the Levenshtein distance at the level of characters. For the same reason, we also added the character N-gram F-score (chrF) to the evaluation metrics pool [42].




7.2. Deeper Insight into Errors


As highlighted in the introduction, creating a high-quality speech corpus is inherently linked to manual labor. Normalization is a crucial step in the corpus creation process. For this reason, in the present research, we are interested in the types of errors that occur in automatic normalization and whether they can be efficiently corrected manually.



To this end, we designed an evaluation tool that gives us more detailed results. The total number of errors on the word level, which was represented before with WER, is now split into the following categories:




	
Missing conversion—the literal and standard forms of a word differ, but the normalization algorithm did not convert the word, i.e., the word remained in literal form.



	
Wrong conversions—the literal and standard forms of a word are different, but the normalization algorithm made a conversion to yet another word form.



	
Unwarranted conversions—the literal and standard forms of a word are the same, but the normalization algorithm made a conversion, although none was needed.



	
Inserted words—the normalization algorithm produced more words in its output than were given in the input.



	
Deleted words—the normalization algorithm produced fewer words in its output than there were given in the input.








In the context of the evaluation tool, we use the term “conversion” since it can be used to evaluate other types of text conversion, not only normalization.



Table 3 shows examples of each error type where the literal form, the standard form, and an example of erroneous conversion from the system are given.



Additionally, our tool also provides the percentage of correct words in the evaluated segments and the number of words that did not need conversion, i.e., they are the same in literal and standard form.



To use our tool, we must provide the literal form file, the standard form file, and one or more files with results to be evaluated; this is in contrast to the WER calculation, which needs only the standard form and the evaluated segments. If several evaluated segments are provided, e.g., from different systems, a statistical significance test can be performed. We implemented bootstrap resampling (BR) and approximate randomization tests (AR), as they are the most often used tests in machine translations [43,44], and we wanted to explore whether they behave similarly as in machine translation. Our implementation follows the presented algorithms in [45], whereby we implemented the approximate randomization test as a two-ended test.



We also modified the final p-value calculation to resemble the calculation used in SacreBLEU [46], a tool for evaluating machine translation results, which was also used in our experiments. While the calculation used in [45] uses the count of samples exceeding the reference value and the number of trials, we incremented both numbers by 1 in our tool (see the algorithms below).



Statistical tests are performed by making individual comparisons of the first system and each of the remaining systems. In the context of the statistical test, the first system is called the reference system. p-value results are provided for both tests for all remaining systems.



The approximate randomization test is shown in Algorithm 1. As input, we have the number of trials n and all system outputs to be evaluated—test files. The first test file is treated as the reference system with a total number of   S X   errors. Any other system with   S Y   errors is then compared to the reference system, with  Diff  being the actual difference in performance. Tuples are pairs of the same segment (line) in both files. Shuffling a tuple means swapping the segments between both files. Each tuple is shuffled with a probability of 0.5. After shuffling, we have two new files with total error counts   S A   and   S B  . If this difference is larger than or equal to the actual difference, we increase the counter c by 1. To implement a two-sided test, we use absolute values for both differences. Finally, we calculate the p-value for each system we compare with the reference system.



	Algorithm 1: The approximate randomization test
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The bootstrap resampling test is shown in Algorithm 2. As inputs, we have the number of bootstrap resamples n and all system outputs to be evaluated. Similar to the approximate randomization test, we calculate the scores on the reference system file and the other test files to obtain the actual differences in performance. Then, we create n bootstraps by randomly sampling with repetitions whole numbers from 1 to the number of segments in the test files. We calculate the sample mean  τ  using scores   S  X , b    and   S  Y , b   . Here,   S  X , b    is the number of all errors obtained from the reference file by sampling lines according to bootstrap b.   S  Y , b    is similarly defined on the test file. We then calculate the p-value as described in the algorithm.



	Algorithm 2: The bootstrap resampling test
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The analysis results can be generated in a simple text file and a LaTeX table. For a manual inspection of errors, we chose that an HTML file can also be produced, where all three forms of a segment (literal, standard, and system output) are written in a table, and different types of errors are highlighted with color codes. We opted for the HTML format, which is easy to produce and read. Examples of such tables are presented in Section 8.3.



The tool is implemented as a Python 3.6 script and is available at GitHub: https://github.com/gdonaj/spoken-2-standard-evaluation (accessed on 2 September 2024).





8. Experiments


We evaluated our approach using several datasets of Slovenian spoken language with literal and standard transcriptions. We used three different types of sequence-to-sequence models. This section describes the datasets and their preprocessing, the models, and the obtained results.



8.1. Datasets


The experiments used five datasets: GosVL [47], Gos [48], Artur_J, Artur_N, and Artur_P [49]. All of them resulted from transcribing original speech records. Transcriptions are openly accessible through the CLARIN.SI repository [50]. They are provided in the form of an XML structure. The GosVL dataset contains 22 h of public academic speech. The Gos dataset is the reference speech corpus for Slovenian. It includes 112 h of speech across various real-life scenarios: radio and TV shows, school lessons, private conversations, work meetings, and more. Artur is the newest and largest database of Slovenian speech collected recently. It comprises 1000 h of recordings. We used three subsets of the Artur database, which contain the highest degree of non-standard language. Artur_J has utterances of public speech, Artur_N utterances of non-public speech, and Artur_P parliamentary speech.



The datasets are published in the XML-TEI format, where all tokens are basic XML elements. The literal form of the words is written as the element’s content, whereas the standard forms are given as attributes. If the attribute is not given, the standard form is identical to the literal form. The datasets were preprocessed to extract the literal and standard forms.



After preprocessing, each dataset was split into three parts: 80% was used for training, 10% for development, and 10% for evaluation. The segments were selected randomly with no overlap between different parts. Information about the datasets is presented in Table 4. The Gos dataset was the largest dataset in our experiments, and GosVL was the smallest. We conducted experiments on each dataset separately and on all the data combined; we named the latter set All.




8.2. Model Settings


Experiments were performed using three different types of modeling units: words, subwords, and characters. All words that occur in the training sets were added to the associated vocabularies of words. The statistics are presented in Table 5. Subwords were obtained with the tool SentencePiece [33] and the unigram-based splitting. Experiments were performed with three different vocabulary sizes: 5000, 1000, and 500. In experiments with characters as the basic units, using character sequences for segments would be too lengthy for the tools, so we used overlapping word 3-grams instead for training and inference. Overlapping word 3-grams ensure the left and right context of one word. In all other experiments, segments were applied.



In the first set of experiments, statistical translation models were built using the Moses SMT toolkit [51] and SRILM toolkit [52] for training language models. Character-based translation models were investigated first, followed by word-based and subword-based models. For character-based translation models, a 10-g language model was applied; for word-based models, a 3-g language model; and for subword models, a 5-g language model.



In the second set of experiments, neural network-based translation models were built using the Marian NMT toolkit [53]. LSTM and transformer architecture were used.



The most important hyperparameters used in experiments are collected in Table 6. Other hyperparameters were left at their default values from the respective tools. We used the SacreBLEU [46] tool for computing BLEU and chrF scores. For a deep inspection of the results and to perform statistical tests, we developed our own tool.



Statistical models were trained on Intel Xeon E5-2699 v4 CPUs, while LSTM and transformer models were trained on nVidia Tesla V100 GPUs. For the largest training set (All), the training times for statistical models ranged from 12 min (for word-based models) to 80 min (for character-based models). The training times for LSTM and transformer models were significantly longer, ranging from 6 h (for LSTM with a subword-based model) to 13 h (for LSTM with character-based models).




8.3. Results


8.3.1. Statistical Models


Character-based statistical models were taken as the baselines. The evaluation of different datasets is presented in Table 7. The best WER was obtained on the Artur_J dataset, and the worst was on Gos. The same conclusions were obtained with BLEU and chrF metrics. CER shows a different perspective of the obtained results. The best CER was obtained on the GosVL dataset and the worst on the Artur_N dataset. CER takes into account that even if normalization at the word level is incorrect, only certain letters might be wrong. This information is particularly important if automatic normalizations are manually corrected afterward. CER provides an estimate of the required effort for manual corrections.



Table 8 reports the results of statistical models when using words as basic units. Using words instead of characters changed the context, which was considered in the next token prediction. All metrics indicated improved results for the datasets Gos, Artur_N, and All. All metrics except for CER indicated improved results for the dataset GosVL as well. Word-based models are a better choice than character-based models if we have enough training data and if the training data contain all (or almost all) instances of spoken forms that differ from the standard forms. Word forms that are the same in spoken language as in the standardized language do not pose a problem, as the translation model copies them from spoken to normalized language unchanged.



Using subword models, we aimed to reduce the problem of unknown word forms in spoken language. The results are collected in Table 9. According to WER, all subword models improve the baseline results of the Artur_N dataset. Subword-based models with vocabulary sizes of 5000 and 1000 also improve the baseline for the Gos dataset. According to CER, all subword-based models improve the baselines for all datasets, except GosVL.




8.3.2. LSTM Models


In the second set of experiments, we evaluated neural network architectures. Table 10 shows the results obtained with LSTM models and characters as basic units. As the information source, word 3-grams were used instead of segments as in experiments with statistical models. According to all metrics, the results of character-based LSTM are better than those of statistical models for all experimental datasets. As presented in Table 11, the results of experiments performed on subwords as basic units led to opposite conclusions. The subword-based LSTM models did not improve the baseline in terms of WER; however, because they can model unknown word forms, they showed better results in terms of CER. The subword-based LSTM models did not outperform the subword-based SMT models. From the results in Table 10 and Table 11, we can also conclude that, in the case of LSTM models, characters are a more suitable modeling unit than subwords.




8.3.3. Transformer Models


The results obtained with transformer models are collected in Table 12 and Table 13. Character-based transformers had better results than LSTM models for the datasets GosVL, Gos, and Artur_J. For other datasets, LSTM models were slightly better. The results of subword transformer models were worse than those of character-based transformer models and also worse than subword-based LSTM models, regardless of the vocabulary size.



To summarize the results of the conducted experiments, we can conclude that using characters as the basic units is not always the best choice when using SMT models. However, it is by far the best option for neural architectures. LSTM and transformer architectures had comparable results.





8.4. Error Analysis


We analyzed the types of errors for normalization models with characters as basic units. The results are presented in Table 14. Because character-based statistical models were taken as the baseline in our research, they were also taken as the reference in the statistical tests.



Results are shown for correct conversion (Corr), missing conversions (Miss), wrong conversions (Wrng), unwarranted conversions (Unwr), inserted words (W-ins), deleted words (W-del), and p-values for both statistical significance tests.



Looking at the results for Gos and GosVL, we see that transformer models outperform the LSTM models, while in all three Artur datasets, LSTM models perform slightly better.



Looking at the types of errors for GosVL, we see that most of the improvement is due to the reduction of missing conversions. The number of unwarranted conversions is slightly higher than with LSTM models. In the context of corpus preparation, all errors should be manually corrected. However, removing unwarranted conversions might be a quicker task since we only need to copy the literal form to the standard form, especially with custom software that would have this function implemented with a single keystroke. Therefore, we do not want to consider all error types with an equal cost in post-editing. In general, by comparing results on the remaining datasets, we can see similar trends between models.



We argue that, in practice, the difference in performance on GosVL between the LSTM model and the transformer model is higher than suggested by the overall result. Using the same viewpoint on the Artur datasets even suggests that transformer models might be more beneficial in post-editing, despite the overall results showing better performance with the LSTM model.



A drawback of using transformer models is the fact that they are more prone to word insertion and word deletion errors, as can be seen from the results. However, the number of those errors is much smaller than for other types of errors. Examples of those errors are presented later in this section.



Statistical tests show significance in the results of all neural network-based models compared to statistical-based models, with one exception—the LSTM model on Gos.



Comparing the results among different datasets, we found the best results with GosVL, Artur_J, and Artur_P. These datasets all contain public speech, while Gos and Artur_N contain mostly private speech. Speakers in the public speech datasets might be more used to speaking in formal language and are more conscious of their speech. Additionally, public speech may contain a smaller number of different non-standard word forms, thus making it easier for the algorithm to train better models.



It should also be noted that the results on GosVL are among the best, despite this dataset providing the smallest training dataset.



In Gos, numerous different dialects are present, which poses a greater challenge for training models.



Types of errors made by neural network-based models are depicted in Figure 1, Figure 2 and Figure 3. The figures show excerpts from the HTML document generated by the evaluation tool. In each example, the first row presents a non-standard (in our case, literal) form, the second row presents a reference standard form, and the third row presents the evaluated segment. For each erroneous segment, the line in which the segment is found within the dataset is provided. Figure 1 and Figure 2 are obtained on the GosVL dataset, while Figure 3 is from Artur_N. All results are from the character-based transformer model.



Figure 1 shows the most common error types highlighted in different colors: red for missing conversions, green for wrong conversions, and blue for unwarranted conversions. The text is grey for all words in the segments, which are the same in literal and standard form, and black otherwise. Segments are numbered from the lines in the file. Line 93 is missing, as the system converted this line without errors.



Analyzing the results, it is worth noting that the word firmware is a foreign word and is in the literal form in the dataset written as it was pronounced, while the standard form is the standard English form. We were able to observe several errors of this kind in the results.



The inflective nature of Slovenian (and other inflected languages) gives more opportunities to the existence of non-standard forms identical to the standard forms of the same word in a different grammatical category. This can be seen in the unwarranted conversion in Figure 1, where the word uspel (eng. to succeed in first person singular) was converted to uspeli (eng. to succeed in first person plural).



In Figure 2, we see the concatenation of two words in the normalization, resulting in two errors detected by the evaluation tool: a wrong conversion and a deleted word error (W-del). In Figure 3, we see that the word s (eng. with) was an inserted word error (W-Ins), and the word kolektorji (eng. collectors) was deleted. Inserted and deleted words are highlighted in bright red in the HTML outputs and are mostly observed with transformer models, while statistical and LSTM models favor one-to-one conversions.



The manual inspection of the errors from the HTML output gives us a better understanding of the errors that occur, the words that are typically incorrectly converted, and the possible causes for the errors.



Transformer models are known for their self-attention mechanism, which enables them to catch longer dependencies in sequence-to-sequence tasks. This results in better performance in more complex tasks where the output sequence is drastically different than the input sequence, e.g., translating into another language. We speculate that this mechanism creates deleted and inserted words in text normalization. When using character-based models, this can be seen as inserted or deleted characters or, like in Figure 2, as a deleted space, resulting in the merging of two or more words. On the other side, statistical and LSTM models tend to take into account only shorter dependencies while generally having a lower performance. These differences in the behavior of the three architectures might explain the results we obtained.



The longer context taken into account by transformer models can be beneficial in cases where the literal form might correspond to different standard forms. For example, the Slovenian phrase “velik pomen” can have two different meanings: “means a lot” or “great importance”. Table 15 shows two example segments where this phrase is used and has to be normalized differently. To determine the correct normalization, a longer dependency is needed.





9. Conclusions and Future Work


In this paper, we evaluate three different sequence-to-sequence models applied to the normalization of literal speech transcriptions for the highly inflected Slovenian language.



In our experiments, character-based statistical models were taken as the baseline. The results show that models based on neural networks performed better. Generally, it is difficult to say which architecture is better, LSTM or transformer. Using established evaluation metrics for approximately half of the datasets, LSTM performed better, while for the other half, the transformer did. In some cases, WER and CER also led to different conclusions, as in inflected languages, often only one or two characters are incorrect in a transformed word. This observation is particularly important if the final standard form is obtained through subsequent manual correction.



Since established evaluation metrics do not give more detailed insight into the errors occurring during normalization, we developed a specialized tool to perform these tasks. A deeper inspection of errors reveals that, in the case of a transformer, less manual labor is needed to correct mistakes. We also added statistical tests to our tool. In our experiments, all but one system comparison indicated statistical significance. This test can be used in further research to indicate whether better results are due to system improvement or chance.



Experiments were performed using three different basic units: characters, words, and subwords. Surprisingly, subword-based models were not better than character-based models. Both of them were used to deal with the problem of out-of-vocabulary words. In the literature, subword-based models usually outperform character-based models in many domains because they can use longer context. It seems that normalization does not require a longer context.



Based on the conclusions of our research in this article, future work will go in two directions. We will explore how to take more control over subword splitting to make it specifically designed for normalization. In this research, we limited word-splitting to the unigram method. For further research, we aim to compare several word-splitting methods in this task. However, most of those methods have been developed to optimize some kind of cost function on a training set given in only one form. We aim to define a word-splitting method specifically tailored to capture typical characteristics of spoken language and with a cost function that would be defined on two text forms (literal and standard) and their alignment. The second direction for future work is aimed at the data scarcity problem. Limited datasets will be expanded using data augmentation techniques such as back-translation.
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Figure 1. Example HTML output with the most common errors (missing conversion marked in red, wrong conversion marked in green, and unwarranted conversion marked in blue). 
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Figure 2. Example HTML output with deleted word error (W-del) due to a deleted space (missing conversion marked in red, unwarranted conversion marked in blue, and missing word marked in bright red). 
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[image: Applsci 14 09515 g002]







[image: Applsci 14 09515 g003] 





Figure 3. Example HTML output with inserted word error (W-ins) and deleted word error (W-Del). 
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Table 1. Normalization examples from different Slovenian datasets. The first row presents the literal form of transcribed speech, the second row is the standard form, and the third is the translation to English.






Table 1. Normalization examples from different Slovenian datasets. The first row presents the literal form of transcribed speech, the second row is the standard form, and the third is the translation to English.









	Dataset
	Segment





	GosVL
	lejte to se je spremenil



	
	glejte to se je spremenilo



	
	look this has changed



	Gos
	ja j@z j@z sn si vedno zapomnla kdaj sn mela izpit no



	
	ja jaz jaz sem si vedno zapomnila kdaj sem imela izpit no



	
	I always remembered when I had an exam.



	Artur_J
	loh j@z še neki dodam



	
	lahko jaz še nekaj dodam



	
	can I add something else



	Artur_N
	pa tut f končni fazi je ful velik totega piratstva ne



	
	pa tudi v končni fazi je ful veliko totega piratstva ne



	
	and in the end, there’s really a lot of this piracy, isn’t there



	Artur_P
	zdej seveda je poročilo priprauljeno



	
	zdaj seveda je poročilo pripravljeno



	
	now, of course, the report is ready










 





Table 2. Comparison between different splittings.
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	Units
	Segment





	Words
	skupni imenovalec zapisanega knjižnega jezika



	Translation to English
	the common denominator of the written literary language



	Subwords (5000)
	_skup ni _imenoval ec _zapisan ega _knjižn ega _jezika



	Subwords (1000)
	_skup ni _ime no va le c _za pis a nega _k nji ž nega _jezik a



	Subwords (500)
	_skup ni _i me no va le c _za pis a nega _k n ji ž nega _jezik a



	Characters
	_s k u p n i _i m e n o v a l e c _z a p i s a n e g a _k n j i ž n e g a _j e z i k a



	Words
	dolgo smo živeli v utvari



	Translation to English
	we lived in an illusion for a long time



	Subwords (5000)
	_dolgo _smo _živel i _v _u tva ri



	Subwords (1000)
	_dolg o _smo _živ e li _v _u t va ri



	Subwords (500)
	_dolg o _smo _živ e li _v _u t va ri



	Characters
	_d o l g o _s m o _ž i v e l i _v _u t v a r i










 





Table 3. Example segments with different error types. Words with conversion errors are underlined.
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	Error Type
	Type
	Example





	Missing conversion
	Literal
	neki  je blo  dons  že nakazano



	
	Standard
	nekaj je bilo danes že nakazano



	
	Conversion
	neki  je bilo danes že nakazano



	Wrong conversions
	Literal
	da bo pol ekonomoist  pol bo tehnik



	
	Standard
	da bo pol ekonomist   pol bo tehnik



	
	Conversion
	da bo pol ekonomoisto pol bo tehnik



	Unwarranted conversions
	Literal
	ne le  javnih medijev



	
	Standard
	ne le  javnih medijev



	
	Conversion
	ne gle javnih medijev



	Inserted words
	Literal
	elektrotehnika je tehnična veda v   keri



	
	Standard
	elektrotehnika je tehnična veda v   kateri



	
	Conversion
	elektrotehnika je tehnična veda v v kateri



	Deleted words
	Literal
	v prvi meri so tu uh s področja sociale



	
	Standard
	v prvi meri so tu uh s področja sociale



	
	Conversion
	v prvi meri so tu         s področja sociale










 





Table 4. Number of segments in each dataset that are used for training, development, and evaluation.
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	Dataset
	Training
	Development
	Evaluation
	Total





	GosVL
	9056
	1132
	1132
	11,320



	Gos
	88,973
	11,122
	11,122
	111,217



	Artur_J
	45,515
	5689
	5689
	56,893



	Artur_N
	39,494
	4937
	4937
	49,368



	Artur_P
	62,292
	7787
	7787
	77,866



	All
	245,327
	30,666
	30,666
	306,659










 





Table 5. Sizes of datasets (number of words) and vocabularies (number of types) for each dataset.
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	Dataset
	Words
	Types





	GosVL
	142,762
	20,729



	Gos
	826,532
	57,424



	Artur_J
	354,162
	37,059



	Artur_N
	274,897
	28,472



	Artur_P
	369,412
	32,022



	All
	1,967,765
	103,215










 





Table 6. Hyperparameter settings for the Moses toolkit (SMT) [51], SRILM toolkit (SMT) [52], and the Marian toolkit (LSTM, transformer) [53].
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	Approach
	Parameter
	Values





	SMT, SRILM
	alignment tool
	GIZA++



	
	language model order
	3, 5, 10



	
	language model smoothing
	Good-Turing discounting



	
	gtnmin
	1



	
	alignment
	grow-diag-final-and



	
	distortion limit
	0



	
	max phrase length
	10



	LSTM
	valid-metrics
	ce-mean-words



	
	valid-mini-batch
	64



	
	enc-depth, dec-depth
	2



	
	dim-emb
	512



	
	dim-rnn
	512



	
	dropout-rnn
	0.1



	
	o (optimizer)
	adagrad



	
	mini-batch
	128



	
	l (learning rate)
	0.01



	Transformer
	transformer-heads
	8



	
	transformer-dim-ffn
	512



	
	transformer-ffn-depth
	6



	
	transformer-dropout
	0.1



	
	label-smoothing
	0.1



	
	optimizer
	adam



	
	mini-batch
	128










 





Table 7. Evaluation of character-based statistical models.
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	Dataset
	WER [%]
	CER [%]
	BLEU
	chrF





	GosVL
	3.42
	0.82
	91.86
	97.49



	Gos
	5.21
	3.70
	88.36
	95.61



	Artur_J
	2.34
	2.79
	94.34
	98.29



	Artur_N
	4.29
	4.01
	89.82
	96.39



	Artur_P
	2.76
	3.35
	93.47
	98.20



	All
	3.87
	3.34
	90.97
	97.00










 





Table 8. Evaluation of word-based statistical models. Results that surpass the baseline are highlighted in bold.
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	Dataset
	WER [%]
	CER [%]
	BLEU
	chrF





	GosVL
	2.63
	2.86
	93.67
	97.96



	Gos
	3.75
	3.32
	91.48
	96.55



	Artur_J
	2.62
	2.88
	93.72
	97.85



	Artur_N
	3.83
	3.88
	91.16
	96.51



	Artur_P
	3.70
	3.80
	90.28
	97.06



	All
	3.24
	3.25
	92.33
	97.19










 





Table 9. Evaluation of subword-based statistical models. Results that surpass the baseline are highlighted in bold.
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Vocabulary Size = 5000

	
Vocabulary Size = 1000

	
Vocabulary Size = 500




	
Dataset

	
WER [%]

	
CER [%]

	
WER [%]

	
CER [%]

	
WER [%]

	
CER [%]






	
GosVL

	
3.92

	
2.46

	
3.83

	
2.44

	
4.08

	
2.48




	
Gos

	
5.18

	
2.06

	
5.17

	
2.02

	
5.36

	
2.06




	
Artur_J

	
2.62

	
0.83

	
2.48

	
0.79

	
2.40

	
0.76




	
Artur_N

	
4.23

	
1.49

	
3.96

	
1.39

	
3.99

	
1.4




	
Artur_P

	
3.51

	
1.06

	
3.04

	
0.89

	
3.03

	
0.88




	
All

	
3.99

	
1.56

	
3.88

	
1.41

	
4.01

	
1.44











 





Table 10. Evaluation of character-based LSTM models. Results that surpass the baseline are highlighted in bold.






Table 10. Evaluation of character-based LSTM models. Results that surpass the baseline are highlighted in bold.





	Dataset
	WER [%]
	CER [%]
	BLEU
	chrF





	GosVL
	2.97
	0.81
	92.99
	97.75



	Gos
	5.14
	1.77
	88.88
	95.04



	Artur_J
	1.96
	0.51
	95.45
	98.50



	Artur_N
	3.55
	1.07
	91.72
	96.85



	Artur_P
	2.22
	0.54
	94.67
	98.46



	All
	2.84
	0.84
	93.52
	97.66










 





Table 11. Evaluation of subword-based LSTM models. Results that surpass the baseline are highlighted in bold.
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Vocabulary Size = 5000

	
Vocabulary Size = 1000

	
Vocabulary Size = 500




	
Dataset

	
WER [%]

	
CER [%]

	
WER [%]

	
CER [%]

	
WER [%]

	
CER [%]






	
GosVL

	
7.84

	
5.95

	
6.11

	
4.03

	
10.16

	
7.95




	
Gos

	
6.15

	
2.75

	
6.19

	
2.67

	
6.39

	
2.89




	
Artur_J

	
3.26

	
1.43

	
3.06

	
1.22

	
2.76

	
0.97




	
Artur_N

	
7.95

	
4.11

	
4.94

	
1.98

	
5.58

	
2.20




	
Artur_P

	
4.44

	
1.82

	
3.87

	
1.27

	
3.58

	
1.27




	
All

	
4.45

	
1.77

	
4.22

	
1.62

	
4.00

	
1.53











 





Table 12. Evaluation of character-based transformer models. Results that surpass the baseline are highlighted in bold.
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	Dataset
	WER [%]
	CER [%]
	BLEU
	chrF





	GosVL
	2.50
	0.69
	94.10
	98.06



	Gos
	4.87
	1.61
	89.33
	95.73



	Artur_J
	2.00
	0.54
	95.33
	98.52



	Artur_N
	3.65
	1.24
	91.62
	96.76



	Artur_P
	2.30
	0.59
	94.52
	98.41



	All
	3.00
	0.90
	93.10
	97.53










 





Table 13. Evaluation of subword-based transformer models.
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Vocabulary Size = 5000

	
Vocabulary Size = 1000

	
Vocabulary Size = 500




	
Dataset

	
WER [%]

	
CER [%]

	
WER [%]

	
CER [%]

	
WER [%]

	
CER [%]






	
GosVL

	
24.28

	
20.30

	
14.21

	
11.66

	
4.88

	
2.21




	
Gos

	
8.86

	
5.34

	
8.26

	
4.69

	
10.83

	
6.96




	
Artur_J

	
6.71

	
4.23

	
4.53

	
2.42

	
4.54

	
2.27




	
Artur_N

	
15.95

	
11.35

	
7.65

	
4.08

	
7.60

	
3.97




	
Artur_P

	
6.19

	
3.45

	
5.37

	
2.67

	
4.88

	
2.21




	
All

	
5.57

	
2.78

	
5.41

	
2.75

	
5.02

	
2.34











 





Table 14. Error analysis of character-based models on all datasets.
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	Dataset
	Metric
	Statistical Model
	LSTM
	Transformer





	GosVL
	Corr [%]
	96.58
	97.03
	97.50



	
	Miss [%]
	2.06
	2.02
	1.54



	
	Wrng [%]
	0.48
	0.56
	0.44



	
	Unwr [%]
	0.88
	0.40
	0.50



	
	W-ins [%]
	0.00
	0.00
	0.00



	
	W-del [%]
	0.00
	0.00
	0.02



	
	AR p-value
	
	0.0003
	0.0001



	
	BR p-value
	
	0.0002
	0.0001



	Gos
	Corr [%]
	94.74
	94.87
	95.13



	
	Miss [%]
	2.57
	2.53
	2.49



	
	Wrng [%]
	1.42
	1.58
	1.45



	
	Unwr [%]
	1.28
	1.01
	0.92



	
	W-ins [%]
	0.00
	0.00
	0.00



	
	W-del [%]
	0.00
	0.02
	0.01



	
	AR p-value
	
	0.0886
	0.0001



	
	BR p-value
	
	0.0828
	0.0001



	Artur_J
	Corr [%]
	97.65
	98.04
	98.00



	
	Miss [%]
	1.16
	1.21
	0.93



	
	Wrng [%]
	0.74
	0.63
	0.71



	
	Unwr [%]
	0.45
	0.12
	0.35



	
	W-ins [%]
	0.00
	0.00
	0.00



	
	W-del [%]
	0.00
	0.00
	0.01



	
	AR p-value
	
	0.0001
	0.0001



	
	BR p-value
	
	0.0001
	0.0001



	Artur_N
	Corr [%]
	95.71
	96.45
	96.37



	
	Miss [%]
	2.07
	1.85
	1.61



	
	Wrng [%]
	1.32
	1.21
	1.28



	
	Unwr [%]
	0.90
	0.49
	0.69



	
	W-ins [%]
	0.00
	0.00
	0.02



	
	W-del [%]
	0.00
	0.00
	0.05



	
	AR p-value
	
	0.0001
	0.0001



	
	BR p-value
	
	0.0001
	0.0001



	Artur_P
	Corr [%]
	97.27
	97.79
	97.71



	
	Miss [%]
	1.31
	1.11
	1.07



	
	Wrng [%]
	0.97
	0.83
	0.85



	
	Unwr [%]
	0.44
	0.26
	0.33



	
	W-ins [%]
	0.01
	0.01
	0.01



	
	W-del [%]
	0.01
	0.01
	0.04



	
	AR p-value
	
	0.0001
	0.0001



	
	BR p-value
	
	0.0001
	0.0001



	All
	Corr [%]
	96.12
	97.16
	97.01



	
	Miss [%]
	1.81
	1.46
	1.47



	
	Wrng [%]
	1.18
	0.96
	1.04



	
	Unwr [%]
	0.90
	0.42
	0.47



	
	W-ins [%]
	0.00
	0.00
	0.00



	
	W-del [%]
	0.00
	0.00
	0.01



	
	AR p-value
	
	0.0001
	0.0001



	
	BR p-value
	
	0.0001
	0.0001










 





Table 15. Example segments with longer context needed for normalization.
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	Form
	Segment





	Literal
	To mi od takrat velik pomen.



	Standard
	To mi od takrat veliko pomeni.



	English
	Since then, this means a lot to me.



	Literal
	To ima od takrat velik pomen.



	Standard
	To ima od takrat velik pomen.



	English
	Since then, this has a great importance.
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