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AUTOMATIC DETECTION AND CORRECTION
OF SEMANTIC ERRORS IN TEXTS IN SERBIAN

Summary: Spell checking tools have been developed for many languages, but for most
of them (including Serbian) such applications are based on simple dictionary lookup and can,
therefore, handle only so-called non-word errors. This research is focused on developing advanced
spell checking software for Serbian. Semantic errors are the most difficult ones to handle and this
research focuses mostly on solving this problem by analyzing parallel output probabilities of word-
based and morphologic class-based statistical language models. An algorithm and a prototype of a
system are presented along with the results of the evaluation of the prototype.
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1. Introduction

The Information Age has introduced numerous changes into everyday life. Wri-
tten communication in forms of instant messaging, e-mail, social networking or transfer
of textual files has become a common way of exchanging information. Spelling error
handling is a very time consuming and an exhausting task. Fortunately, for many lan-
guages there are applications for spelling error correction, which solve this problem to
a certain extent. Their quality depends on the language itself, available language reso-
urces and techniques used to handle spelling errors.

There are generally three types of spelling errors that need to be addressed by
a spell checking software. The first type includes so-called non-word errors. For the
English language, these errors can be typographic, cognitive and phonetic, depending
on the reason of their occurrence (Liang, 2005). For Serbian, this division is not appli-
cable, since almost all of the words are written as they are spoken (phonetically). The
detection of non-word errors is fairly simple if an adequate vocabulary exists. Many
lookup techniques were developed long ago in order to efficiently check if a word
exists in a vocabulary (De Schryver, Prinsloo, 2004). A system attempting to correct
an error finds a set of candidate words that could replace the misspelled chunk of text
and offers the choices to the user. If the goal is to automatically correct an error, only
the best candidate is searched for. The means of finding candidate sets are numerous
and usually based on phonetic similarity between the misspelled text and words from
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the vocabulary, as is the case with minimal edit distance (MED) algorithm (Navarro
& Gonzalo, 2001). Furthermore, a rule-based approach can improve the speed and/
or accuracy of the process of finding a replacement for misspelled text (Mozgovoy,
2011). Fine examples of spelling errors that could be treated by creating a set of rules
include swapping the positions of adjacent letters within words or simply pressing a
key adjacent to the intended one on the keyboard. Some general rules are language-in-
dependent, for example — it is far less likely for the positions of adjacent letters to be
swapped at the beginning or at the end of a word then in the middle. Furthermore, many
errors are related to the positions of keys on the keyboard, which means this could be
used to estimate probabilities of errors for which not enough data exist within available
textual corpora. In addition to non-word errors, there are grammatical and semantic
errors. While the non-word errors can be detected by dictionary lookup, grammatical
and semantic errors require context analysis (Verberne, 2002). Context analysis requ-
ires a morphologic dictionary and a large textual corpus for training language models.
Correcting these types of errors is more complicated as well, since the candidates for
replacement of misspelled words do not necessarily need to be phonetically very simi-
lar. In case of grammatical errors, this depends on the rules for inflections, which vary
significantly for different languages. Semantic errors, however, represent the biggest
challenge, because the meaning of the words and phrases need to be learned by a spell
checking system somehow. It should be noted here that the aforementioned error cate-
gories are defined for practical purposes, mostly driven by the techniques used for their
detection and correction. In reality, the nature of spelling errors is more complicated.
For example, grammatical errors can be considered a subcategory of semantic errors.
Furthermore, semantic errors may be categorized by the causes of their appearance —
some of them were simple typographic errors which resulted in valid words instead of
non-word errors, while some are related to the writer’s intent.

The means of finding semantic errors and finding suitable candidate words for
error correction are the focus of this research and will be discussed in detail. Section
2 describes language resources for Serbian, which are needed for constructing a spe-
I checking software that is capable of detecting and correcting all of the previously
mentioned types of errors. Collecting language resources is an expensive and a very
time-consuming task. For some languages, great amounts of data have been collected
(Vosse, 1992). However, for many languages, there is very little data, or the resources
are not adequately exploited (Liang, 2005). For Serbian, a respectable amount of lan-
guage resources has been collected and they are being used within text-to-speech (TTS)
synthesis (Secujski & Deli¢, 2007) and automatic speech recognition (ASR) (Janev
et al, 2010) systems. These resources represent the basis for constructing advanced
spell checking software as well. For advanced spell checking (handling grammatical
and semantic errors), statistical language models are commonly used (Verberne, 2002),
usually in combination with hand-written rules or some other techniques. Language
models for Serbian are described within Section 3. Section 4 gives a detailed descrip-
tion of the proposed architecture for an advanced spell checker for Serbian. Semantic
errors are discussed further within Section 5. Experiments along with the initial results
of prototype testing are given in Section 6 and, finally, in Section 7, conclusions are
drawn and future research is discussed.
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2. Language Resources

Serbian is a highly inflective language, which implies that greater amounts of data (in
comparison to e.g. English) are needed in order to obtain statistically relevant information
regarding grammar and semantics. The resources collected so far, which are relevant to spell
checking, include a morphologic dictionary and textual corpora for training language models.

The morphologic dictionary for Serbian contains around four million inflected
word forms (Secujski, 2002). An entry consists of the part-of-speech, lemma, inflected form,
accentuation (within square parentheses) and values of relevant morphologic categories (such
as case, number, gender, person etc.). This efficient representation combined with a fast search
algorithm makes this dictionary a good basis for different practical applications.

Textual corpora have been collected from many sources and the textual content
has been categorized by literary style. Four categories significant to language model
training exist: administrative, scientific, literature and journalistic. Currently, the entire
textual corpus contains roughly 20 million words (tokens), out of which 14.4 million
tokens within journalistic corpus, 3.8 million tokens comprising literature corpus, 1.2
million tokens of scientific corpus and 0.6 million of tokens of administrative corpus.
Over 350,000 different word forms (types) are present in the entire textual corpus, not
counting punctuation and special characters, which are also important for training language
models. Details about the textual corpora for Serbian can be found in (Ostrogonac et al, Sep.
2012), but it should be noted that the corpora are being updated continuously. Journalistic
corpus proved to be the most adequate for training general-purpose language models used
in applications such as spell checking.

By using morphologic dictionary and software for morphologic sentence analysis,
developed within previous research (Deli¢ et al, 2013), corpora for training class n-gram
language models were created. The corpora consist of sentences in which the words are
replaced with corresponding morphologic class IDs. The classes were defined based on
morphologic information contained within the dictionary and they were given names that
indicate this information. A total of 1124 classes were defined, not including punctuation
marks, each of which can be considered to represent a class of its own in the context of spell
checking. An example of a sentence from the class-based training corpus is given below.

pred d b osn jedan d sr j prid poz d sr j i sr nv aps d j pred d i zr nv_
aps d ji mr v top etn g j.

(Derived from original sentence in Serbian: “U jednome malom mestu u blizini
Kopenhagena.* (In a small town near Copenhagen.))

The class names in this form are convenient for manual review of the word-to-c-
lass conversion process, but they can be converted into another type of data in order to
speed up spell checking.

3.Language Models

A statistical language model (LM) is a probability distribution over all possible
sequences of words, given a vocabulary. It could be thought of as a black box for which
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the input is a sequence of words and the output is a number that represents the probability
of the input sequence. A statistical language model consists of N-grams, which are basi-
cally sequences of words of length N (or less), their corresponding probabilities (more
specifically an N-gram probability is the probability of the last word of the sequence,
given the previous N—1 words) and back-off coefficients, which will be explained in the
following text. The probability of each sequence of words w can be estimated by using
the N-gram probabilities, more precisely by using the chain rule:

v
Plw) = Z Plw; lwy o)
i=1

At the beginning of a sequence for which the probability estimation is needed,
lower order N-gram probabilities (unigram, bigram...N—1-gram) are used, naturally.
Lower order N-gram probability is also used when an N-gram has not been seen in trai-
ning corpora and therefore there is no direct probability estimate for it within the language
model. Since lower order N-gram probability may not be an adequate replacement for the
probability of the intended N-gram, this back-off procedure should be adjusted. For this
adjustment, previously mentioned back-off coefficients are used. Details on the mathe-
matical basis for word sequence probability estimation, along with other details related to
language models (such as methods for smoothing the probability distribution in order to
avoid assigning zero probability to unseen N-grams) can be found in (Manning & Schiit-
ze, 1999). In (Mikolov, 2012), recurrent neural network language models (RNNLM:s) are
presented. The RNNLMs were not used in this research because of the computationally
expensive processes they introduce. However, as the technology progresses and compu-
ters become more powerful, RNNLMs are likely to eventually replace N-gram LMs.

The models used within this research were trained using only the journalistic por-
tion of the textual corpora. The training was done by using the SRILM toolkit (Stolcke,
2002). Trigram models were used for tests, since it was shown within a previous research
(Ostrogonac et al, Nov. 2012) that the analysis of longer contexts does not increase the
accuracy of spelling error detection because current training corpus is insufficient for ac-
curate estimation of 4-gram of 5-gram probabilities. However, class-based models can re-
present longer contexts well, even with the current training corpus, but for the application
architecture, which will be described within the next section, parallel use of word-based
and class-based LMs is necessary, and they must be LMs of the same N-gram order.

Parallel outputs of word-based and class-based language models are used for dete-
cting grammatical and semantic errors in texts. However, probabilities for correctly as well
as for incorrectly spelled sentences can vary significantly and are not sufficient for detecting
spelling errors. Normalization by sentence length may help a little but this would still not
assure high accuracy of error detection. Fortunately, alongside with the probabilities, there
is also information on when the back-off to lower order N-grams occurs, and to which de-
gree the back-off is being applied. The SRILM toolkit provides this information and, when
combined with the output probability, this makes a good basis for grammatical and semantic
error detection. This will be further discussed in Section 5, after the proposed architecture
for advanced spell checking application for Serbian is introduced in the following section.

268



4. Proposed Architecture for an Advanced
Spell Checking Application for Serbian

In previous research (Bojanic, 2012), a spell checker for Serbian (anSpellChecker)
was developed in order to detect the non-word errors in texts. The spell checker was ba-
sed on the dictionary that was mentioned in Section 2. Microsoft has also developed and
included a spell checker for Serbian into Microsoft Word, but it is, like anSpellChecker,
currently able to detect only non-word errors by applying a simple dictionary lookup.
The first step towards creating an advanced spell checker for Serbian was described in
(Ostrogonac et al, 2015). The schematic representation of the prototype described in that
research will be given here as well, in order to provide introduction to the discussion on
semantic error handling, which will be the topic of the following section.
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Fig. 1. Advanced spell checker for Serbian — proposed architecture

As can be seen in Fig. 1, the advanced spell checker treats three types of spelling
errors. Non-word errors are detected by dictionary lookup, and the candidates for error
correction are chosen by Minimal Edit Distance (MED) criterion. The other two types of
errors require language models trained on a large textual corpus. For training the morpho-
logic class-based LM, the corpus is created by part-of-speech (POS) tagging of the origi-
nal textual corpora and replacing words with their corresponding morphologic class IDs.
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The detection of these errors comprises calculating sentence probabilities by using both the
word-based and the class-based LM (naturally, in order to obtain class-based LM output, the
sentence must first be analyzed, POS tagged and converted to a sequence of morphologic
class IDs) and then analyzing the probabilities (final values as well as their change after
each step in the chain rule) to determine if an error occurred. For simplicity some details
are omitted from Fig. 1, e.g. the probability normalization by sentence length, the fact that
information on back-off occurrence is used along with the probabilities and so on.

Within initial research, the goal was to test how well the language models distin-
guish correctly spelled sentences from incorrectly spelled ones, when the errors are gram-
matical or semantic (rather than out-of-dictionary). The results were very promising — the
correct sentences were given higher probabilities than the sentences derived from the
original ones by replacing a single word with a different one (whether the replacement
resulted in a grammatical or a semantic error, the probability decrease was detected),
but the details on how the output probabilities should be used to detect errors (how the
thresholds should be determined), as well as the details on how the candidate words for
error correction were to be found, were not discussed at that point, since the test did
not include evaluation on that level. Furthermore, the prototype was a collection of the
components which would have to be manually handled in order to obtain results of such
an experiment. For this research, the prototype was made functional in the sense that all
the information related to error detection and correction is automatically presented to the
user, and if the user sets a few parameters, he can evaluate the accuracy of the system for
those parameters. However, these parameters should be fine-tuned and the means to do so
will be discussed within the next section. The focus of this research is aimed at determi-
ning if the fine tuning is possible at all at this point and if not — what the impediments are.

5.Semantic Error Detection and Correction

Semantic errors, as mentioned before, represent the most difficult category of spe-
lling errors to handle. Grammatical errors are a subcategory of semantic errors, which are
usually treated separately because the techniques for detection and correction of these
errors are somewhat simpler than those developed for semantic errors in general. While
semantic errors occur less frequently than non-word errors, they can cause more incon-
veniences, since they may not be apparent to the person reading the text and may cause
a wrong interpretation of the content. Unfortunately, some semantic errors are simply
not possible to detect even by a human, except by the author of the text. Such errors are,
however, very rare. For the rest of semantic errors, context analysis usually gives good
results. For example, for the following two sentences:

Ja volim da jedem grozde i jabuke. (I like to eat grapes and apples.)

Ja volim da jedem gvozde i jabuke. (I like to eat iron and apples.)

The difference is hard to detect for a human, since the error within the second
sentence is only one letter, and at first glance the sentences are visually the same. Howe-
ver, context analysis should clearly show that gvozde (iron) is probably an incorrectly
spelled word. It should be noted here that with semantic errors the information presented
to the user of a spell-checking application should always be in the form of a warning,
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as opposed to the situation with the non-word errors, which can be detected with much
greater certainty. This difference can be presented in a variety of ways, for example by
color-coding the error markers, as is the case with spell checking within Microsoft Word.

For a sentence W (and the corresponding sequence of morphologic classes C), context
analysis for semantic error detection involves tracking the calculation of probabilities P(W) and
P(C) given by word-based and morphologic class-based language models, respectively. The
tracking is performed step-by-step while the chain rule is applied. This process is shown in Fig.
2 for the sentence “Ja volim da jedem gvozde i jabuke.” (I like to eat iron and apples).

Simultaneous probability tracking for words and
morphologic classes

0,000000
-1,000000
-2,000000
-3,000000

log(P)

-4,000000
-5,000000
-6,000000
-7,000000

-8,000000 ) : o
Ja volim da jedem gvoide jabuke </s>

=P W ) P(c) P(w ) threshold

Fig. 2. Word-based and morphologic class-based LM probability estimates
in case a semantic error exists in text

Logarithmic values of P(w) and P(¢) are used, where w and ¢ represent current
N-grams that are being evaluated. It should be noted that P(w) and P(c) are used to detect
errors by comparing them with threshold values, but P(W) and P(C) (probabilities of entire
sentences) need to be calculated as well, as they can be useful in determining threshold
values (e.g. if a sentence as a whole has a relatively low probability, the thresholds should
be accordingly low as well). If a semantic error exists within a sentence, when the chain
rule includes the incorrectly spelled word, the probability given by the word-based LM will
most likely decrease significantly in comparison to the previous value, and the low values
will continue in the following steps, the number of which depends on the order of the langu-
age model (as well as on the number of remaining words in the sentence). At the same time,
morphologic class-based LM should indicate no such decrease (unless the error falls into the
category of grammatical errors, in which case special techniques are to be applied for dete-
ction of the exact location of the error as well as for finding the candidate set of words for
error correction). As can be seen, the location of the semantic error is fairly straightforward
to determine, as is often the case. However, in some cases, when back-off procedure is
applied, the estimated probability of an N-gram may be significantly higher (or lower) than
the “real” probability. In these cases, the location of an error cannot be determined solely by
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analyzing probability values in the neighboring steps. Fortunately, by using information on
whether back-off has been applied and to which degree, this problem can often be resolved.
Namely, if the number of consecutive steps in which the probability P(w) is low (while P(c)
does not show the same) is smaller than the order of LMs, the back-off procedure probably
caused incorrect probability estimation. The other reason would be that the incorrect word
is frequent in a context defined by the particular N-gram (even though in a longer context
it does not make sense), but in that case the probability decrease should still be observable
in the neighboring steps of calculation. In any case, by analyzing the neighboring steps, the
exact location of an error can be determined with fair certainty. For example, if trigram LMs
are used and the N-gram probability is very low in two consecutive steps (and these are not
the last two steps of calculation for the sentence), the erroneous word is most likely located
either at the first step with probability decrease or at the previous step. A sketch of this situ-
ation is shown in Fig. 3 (Situation 1), along with another frequent situation.

Situation 1

[P(a)]-1P(3)| > |P(L}]-|P(2)]

g P Wy )  =—ge=P| w ) threshold

Situation 2

back-off to low order

AN
YAV

g P vy ) =—ge=P| w ] threshold

Fig. 3. Sketches of some of the typical situations when detecting
semantic errors based on word sequence probabilities
(it is implied that class sequence probabilities do not show significant decrease)
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The decision on the location can, in the first case, be reached by simply com-
paring the absolute values of differences between probabilities at the steps 1 and 2 (in
Fig. 3) and 3 and 4. Data analysis confirmed that if the absolute value of the decrease
of probability between steps 1 and 2 is higher than the absolute value of the increase
of probability between steps 3 and 4, the error had most likely occurred at step 1. Ot-
herwise, the location is probably at step 2. Situation 2, which is illustrated in Fig. 3 can
be resolved by taking into account the degree to which the back-off procedure has been
applied at the point in between two steps for which the probabilities are below thres-
hold, since back-off is likely to cause inaccurate probability estimation. Furthermore, if
the decrease of probability has been observed in only one step of calculation, it is likely
that it was simply a rare N-gram, rather than a semantic error (unless it is the last step
of calculation, in which case the degree of back-off could be considered as an additional
indicator). As mentioned before, the probability of the entire sentence can help deter-
mine the threshold for error detection. If three steps show probability decrease, the first
of those steps is likely to be the one indicating a semantic error, as was shown in Fig.
2. If more than three steps indicate probability decrease, either adjacent semantic errors
occurred, or several rare N-grams happened to be located near each other. In these
cases, it is best to warn the user that there might be one or more errors in the sentence,
but candidate sets should not be searched for, since that would be computationally ex-
pensive and probably wouldn’t give adequate results.

It is obvious that different situations can be expected and, for each of them, the
algorithm for error detection should be defined and certain parameters (thresholds) sho-
uld be adjusted. There are several ways to determine the parameters. The best approach
includes obtaining a textual corpus which contains semantic errors in each sentence.
Such a corpus can be constructed by replacing a word (or multiple words, depending on
the situations being simulated) within a sentence with another word that belongs to the
same POS. The pairs of original sentences and sentences with semantic errors can then
be used to analyze probability changes and learn appropriate values of parameters for
error detection. If semantic information is previously extracted (which can be done in a
variety of ways, but an approach for word clustering based on semantics for Serbian has
been described in (Ostrogonac et al, Nov. 2015)), then along with parameters for error
detection, additional information for error correction can be learned. Namely, the value
of probability decrease would not only indicate a semantic error, but it would also indi-
cate the degree of change in semantics, meaning that the group of initial candidates for
error correction could be reduced by using semantic similarity (difference) information.
This would make the search for error correction candidate set faster.

As it is for all the spelling error types, semantic error correction means finding
the most appropriate replacements for a misspelled word. Automatic error correction
would mean finding one, most adequate, replacement and performing the replacement
automatically, but this is not a good practice when it comes to semantic errors, since the
frequency of false positives is higher in comparison to the case of detecting non-word
errors. Therefore, it is a much better approach to find a certain number of candidate
words for error correction and leave it to the user to choose one of them (or even a word
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that is not among the offered set). The described approach for Serbian suggests that the
candidate words should be sought within the morphologic class to which the original
(misspelled) word belongs. Furthermore, the initial candidate list can be reduced, if ne-
cessary, by using previously extracted semantic information, as mentioned before. Af-
ter that, a shortlist of candidates can be found by applying MED algorithm. The MED
search can be improved by implementing advanced scoring, which would incorporate
information on the position of keys on the keyboard, as well as the likelihood of adja-
cent letters being swapped. After the shortlist of candidates is created, the candidates
should, naturally, be organized in the descending probability order before being presen-
ted to the user. This is done by replacing the original word with each of the candidates
and recalculating sentence probabilities. The word that causes the highest sentence pro-
bability increase is the most likely candidate for error correction, and so on.

However, there are errors that require special treatment. Some of those errors are
related to the incorrect insertion of spaces between words. There are also issues related
to nonstandard use of punctuation marks, which is a frequent problem (that can signi-
ficantly influence semantics), especially in colloquial writing. These and many other
types of problems are best addressed by incorporating hand-written rules.

6. Initial Experimental Results

The initial evaluation of the prototype of the advanced spell checker for Serbian
included the analysis of word-based and class-based LMs outputs to a hundred senten-
ces, each containing one semantic error. Punctuation marks were disregarded at this
point as well as the information related to capitalization. Even though the evaluation
experiment was not extensive enough to determine general parameter values related
to semantic error detection, it was adequate for gaining an insight into the potential
of the described approach. The general conclusion was that the available information,
combined with probability analysis on a larger corpus containing sentences with arti-
ficially inserted semantic errors, can result in a fine-tuned spell checker which would
be able to detect semantic errors with great accuracy. Furthermore, it is clear that the
textual corpus for training word-based LMs needs to be significantly larger, since false
positives are frequent at the moment, and back-off is also frequent even at phrases that
can be considered to be common in everyday use. Since the results of the experiment
are practically data which need to be analyzed, only a few examples will be shown
and discussed here. In Fig. 4, LM output data are given for the sentences, the left side
containing the word-based LM output, and the right side containing the morphologic
class based LM output. The first steps of calculation that include semantic errors are
given in bold letters.
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kumovi su od kada je ona koristila njihovo dete

pl kumovi | <>} =[2gram] [-4.82576]
plsu | kumovi...) =[2gram][-1.68587]
plod | su...) =[2gram] [-2.20747 ]
plkada | od ...} =[2gram] [-2.5657 ]
plje | kada ...} =[3gram] [-0.228151 ]
plona|je..) =[2gram] [-2.5817& ]

pl koristila | ona...) =[lgram][-5.9719& ]

pl njihove | koristila ...} =[lgram][-4.44303 ]

pldete | njihove ...} =[2gram][-2.7211E]
pl</=> | dete ...} =[2gram] [-0.876292 ]

deca su srecnija uz rutne ljubimce

pldeca | ===} =[2gram][-3.64704 ]

plsu | deca...) =[3gram][-0.68862% ]
plsrecnija | su...) =[lgram][-7.44203]

pluz | srecnija...) =[lgram][-2.51637]

p{ ruéne | uz...} =[1gram][ -5.96724 ]
plljubimee | ruéne ...} =[1gram][-5.73432 ]
pl=/=> | ljubimce ...} =[2gram][ -0.859202
zalatem se za sir u svetu

plzalazem | <s=) =[2Zgram|[-4.82576]

plse | zalazem ...} =[3gram|[-0.037728E]

plza |=e...) =[3gram][-0.517273]

pf sir | za .. =[1gram][ -6.62675 ]

plu | sir...} =[2gram|[-1.2851E ]

plevetu |u...) =[2gram][-2.62047

pl=f=> | svetu...) =[3gram|[-0.60388]

crna zvezda je pobedila partizan =a dva gola razlike
plorna | =s= ) =[2gram][ -3.51885 ]
plzvezda | crna...] =[lgram][-5.70402]

plje | zvezda ...} =[2gram|[-0.920746]

pl pobedila | je...] =[3gram][-1.77375]

pl partizan | pobedila ...} =[2gram][-2.90816]
pl=a | partizan...) =[2Zgram][-1.89245]

pldva |=a ..} =[2gram|[-1.50243 ]

pleola [ dva..) =[2gram][-1.99673]

plrazlike | gola...) =[3gram][-1.47472]

pl<f== | razlike ...) =[3gram|[-0.660402]

novac dokovic je najbolji teniser

p{ novac | =sx ) =[2gram][ -3.61673 ]

pl dokovic | novac ...} =[1gram|[-4.56247 ]
plje | dokovic...) =[2gram][-0.718738]
plnajbelji | je...) =[2gram][-3.83212]
plteniser | najbolji ...} =[3gram|[-1.70681]
pl<f=> | teniser...)] =[2gram][-2.56238]

Fig. 4. Experimental results

Plc)

[2gram] [-1.5351]
[Zgram] [-0.208048 ]
[3gram] [-1.20108 ]
[2gram] [-3.49127 ]
[3gram] [-0.237219]
[3gram] [-2.99408 |
[3gram] [ -1.44556 ]
[3gram] [-1.61973 ]
[3gram] [-1.43337 ]
[Zgram] [-0.791634]
Plc)
[2gram][-32.25225]
[Bgram][-0.728822 ]
[2gram][-4.07586 ]
[Bgram][-1.41162 ]
[2gram][ -1.58867 ]
[3gram][-0.526264 )
[3gram][-0.797736]

Plc)

[2gram][-2.65417 |
[Zgram][-1.01433 ]
[3gram][-1.16202 ]
[3gram][ -2.95547 ]
[3gram][-1.13852 ]
[3gram][-0.980082 ]
[3gram][-1.22929 ]

Plc)

[2gram][ -1.3605 ]
[3gram][-0.539387 ]
[3gram][-1.2986& |
[3gram][-1.21272]
[3gram][-2.64928 ]
[3gram][-0.997007 ]
[3gram][-2.37135]
[3gram][-0.702688 ]
[3gram][-1.87845 ]
[3gram][-0.998272]

Ple)

[2gram][ -1.10919 ]
[3gram][-1.41338]
[3gram][-0.788513 ]
[Zgram][-2.10809 ]
[3gram][-0.615623 ]
[3gram][-1.5953 ]
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In the first sentence, the error manifested as a probability decrease in two calcu-
lation steps, and it would be successfully detected using the rule that was illustrated in
Fig. 3 — Situation 1. As can be seen, the morphologic class sequence probabilities did not
show significant decrease, since the sentence is grammatically correct. In the second sen-
tence, the misspelled word “rucne” also manifested as a probability decrease in two steps.
However, the exact location would not be accurately determined by using the previously
mentioned rule. This is due to a false positive at the word “srecnija”, which caused a pro-
bability decrease in the output of the morphologic LM as well, which would classify it as
a grammatical error. The reason this happened is the lack of data in the training corpus,
which is indicated by back-off to unigram (and bigram for morphologic LM). The third
sentence illustrates a situation where the error manifested in only one point, but it can be
seen that the probability of the sentence as a whole is very high, indicating that even tho-
ugh back-off was applied, the extreme probability decrease still indicates an error, and the
back-off degrees in the following steps confirm the error location. The fourth and the fifth
sentence illustrate how a semantic error at the beginning of a sentence can be detected.
Namely, the probabilities, being relatively low (even though no back-off was applied),
indicate that the first word is uncommon at the start of a sentence. Furthermore, based
on the back-off and the low probabilities at second steps, the first two words probably do
not constitute a meaningful phrase, which, along with the probabilities in the first steps,
indicate the locations of the errors to be at the starts of the sentences.

Many different situations were encountered within the experimental set of senten-
ces, but there is a number of very common situations, which can be handled efficiently.

7. Conclusion and Future Research

Designing an advanced spell checking software is a complex task, which requires
extensive experimenting and many iterations of testing and improving the algorithm. The
work presented in this paper represents an important step in the development of such an appli-
cation for Serbian, providing valuable information for further progress. The experiment ve-
rified the potential the described LMs have when it comes to semantic error detection.

Further research needs to be focused on dealing with the problems that were ob-
served so far. A much larger textual corpus for training language models is necessary.
Furthermore, a large corpus of sentences containing semantic errors needs to be created
in order to obtain detailed information on how to adapt the error detection algorithm to a
variety of situations. Semantic information extraction is an important issue as well, since
it would contribute to the efficiency of the error handling process.
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Stevan Ostrogonac

AUTOMATSKO PREPOZNAVANIJE I ISPRAVLJANJE SEMANTICKIH GRESAKA
U TEKSTOVIMA NA SRPSKOM

SazZetak: Oruda za ispravljanje teksta su razvijena za mnoge jezike, ali za vecinu njih,
ukljucujuéi 1 srpski, takve aplikacije su zasnovane na rec¢nicima i stoga su primenjive samo na
greske takozvanih ne-reci. Ovo istrazivanje bavi se razvojem naprednijeg softvera za srpski jezik.
Semanticke greske je najteze uociti te se u radu bavimo statistickim jezickim modelima zasnovanim

na recima i morfoloskim klasama. Predstavljen je jedan algoritam i prototip sistema sa rezultatima
evaluacije prototipa.

Kljucne reci: semanticke greske, ispravljanje gresaka, N-gram, jezicki model, srpski,
morfologija.
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