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Abstract 
This paper describes an approach to reconstruction of the 
Polish diacritic signs, needed e.g. in a speech synthesis system. 
Some telecommunication services (for example SMS 
transmission in GSM) remove diacritics from the text. Without 
them the text is usually still understandable to a reader, but if a 
TTS system reads it, the speech becomes heavily distorted. In 
this paper we propose to use neural networks to reconstruct 
the Polish diacritics. Architecture of the proposed system is 
described, the process of training and testing is presented. At 
the end a real-life implementation is described. Usage of SMS-
to-speech service increased by more than 30% after 
implementing the proposed system of reconstructing diacritics. 

1. Introduction 
The Polish alphabet contains 9 characters, which are outside 
of the basic Latin set. They are: , , , , , ó, , , . They 
denote different phonemes if compared with their 8 “basic 
Latin” originators (a, c, e, l, n, o, s, z), which are also present 
in the Polish language. 

Unfortunately the diacritic information is usually 
discarded by the mobile telephony operators, when 
transmitting SMS messages, even if a mobile phone allows a 
user to use them. This is because of problems with their 
transmission across different systems, platforms and their 
non-standardized implementation by manufacturers of mobile 
phones. 

Similar issue happens when writing email messages – 
although nowadays there are standards for transmitting 
Eastern European characters (ISO 8859-2, Unicode), which 
work successfully in many systems, some users still write 
without diacritics, being afraid that “they will not go through 
correctly”. 

Lack of diacritics still allows understanding of the 
message in most of the cases, when the text is being read by a 
human being, because the human brain learns how to 
complete missing characters. However when feeding the 
speech synthesis system for Polish with a text containing no 
diacritics, the output speech becomes unbearable for a 
listener, because it is heavily deformed. 

E.g. a Polish word “z ó ” [��� ] (Eng. “submit”) after 
passing via mobile telephony network becomes “zloz” [�� �], 
so its pronunciation is entirely different from the original one 
(3 out of 4 phonemes are changed). It is also possible that 
diacritics change the meaning. E.g. a Polish word “ danie”
(Eng. “request”), after removing diacritic signs, changes to 
“zadanie” (Eng. “task”). 

Considering the growing number of SMS traffic and 
growing popularity of services like SMS-to-speech, email-to-
speech, this problem is really important.  

This problem has been analysed and a successful solution 
found, implemented and tested at Warsaw University of 
Technology. After that the solution has been implemented in a 
real-life system by Fincom-MATERNA Communications 
Company. 

2. Problem analysis 
The diacritic signs are very common in the Polish language. 
In a sample text containing almost 00,000 words, 38.4% 
were the words with diacritics. 

It is hard to find many rules which would determine the 
presence or lack of diacritics in a given word. One can try to 
identify typical suffixes (e.g. “-ówka”, “- cy”) or character 
clusters (e.g. “-rze-“), which will in most of the cases behave 
in a similar way. Anyway they are rather rare. However such a 
rule-based approach is used for other languages [5]. 

Table . Set of characters which can take diacritics in 
Polish.

input 
character 

possible 
output samples of usage 

a a, ja, s ,
c c, koc, mie
e e, wie, si
l l, mol, ad
n n, na, ko
o o, ó oko, ów 
s s, sos, no
z z, , zez, d b o, aba

Table  shows the list of characters which can take 
diacritics in Polish with sample usage. The difference between 
pronunciations of those characters with and without diacritics 
differs from case to case. “o” and “ó” are pronounced very 
differently ([�] and [�] respectively), while “e” and “ ” often 
have the same pronunciation  of [�]	

In most of the cases the decision if to add a diacritic sign 
is doubtless. For instance previously mentioned word “zloz”
does not exist in Polish, but it can be doubtlessly mapped to a 
correct Polish word: “z ó ”. However a remarkable number of 
ambiguities exist – in a sample corpus 4% is ambiguous. They 
can be of the following type: 
� semantic, e.g. “zabka”, can be either “z bka” (Eng. 

“tooth”) or “ abka” (Eng. “frog”), 
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� grammatical, e.g. “glowa” (Eng. “head”) can be 
either “g owa” or “g ow ” , depending on the case of 
the noun (nominative vs. instrumental).  

Disambiguation process is not a trivial problem and must 
involve elements of grammatical and semantic analysis. 

3. Proposed approach 
Starting to solve the problem using rule-based approach did 
not seem to be a good idea, as practically rules that would 
determine presence or absence are hardly definable, as 
mentioned before.   

Possible approach would be the use of dictionary-based 
techniques and matching the characters’ chain with entries in 
the dictionary. However this approach would not support 
newly constructed words (neologisms) and would fail in case 
of any spelling mistake. 

So to cope with this problem it has been decided to use 
neural networks, which would learn where to add a diacritic 
sign, as a human brain of a SMS reader does. The advantage 
of incorporating learning algorithms is that it is likely to 
perform better in case of analyzing a word unseen before. It 
should also make a correct decision even in case of minor 
spelling mistakes, due to its ability of generalizing. 

It has been proposed to use separate network for each of 8 
“doubtful” letters, so that learning about one letter does not 
interfere with the training process of another one. Each of the 
network will be trained using supervised learning, i.e. it will 
be exposed to thousands of occurrences and observe the 
correct answers. 

To decrease impact of ambiguities, it has been decided to 
introduce context analysis. For loan words and frequently 
used proper names it was proposed to use a database of 
exceptions. 

4. Description of proposed system 
Flowchart of text processing for reconstructing the diacritic 
signs is presented in Figure .

First stage of text processing is extracting case 
information and normalizing all letters to lowercase. Case 
information is very rarely needed for diacritics reconstruction, 
so it will be discarded during the reconstruction process, 
however it can be useful later for a TTS system (or fax server 
or another recipient), so it has to be restored at the end of the 
process. 

Text analysis is performed first on a character-by-
character basis. All non-alphabetical signs (e.g. numbers, 
punctuation) and characters which do not have their 
equivalent with diacritic sign (“non-convertible”) go directly 
towards the output. The characters “suspected” to possibly 
have diacritic sign are further processed. 

The next step is checking if a current case is not an 
exception. Exception database is searched for matching 
entries – if it is found, the decision about diacritics is made 
according to the information stored in the database entry. 

If the occurrence is not found to be an exception, one of 
the 8 neural networks, corresponding to a given Latin letter, is 
employed to decide about the diacritic. If the answer of the 
network is positive, the character is converted to 
corresponding letter with diacritics. In case of the letter ‘z’ the 
network has 2 outputs and decides about converting the letter 
to either ‘ ’ or ‘ ’.

The proposed neural network architecture was a 2-layer 
perceptron, with sigmoidal activation function (see Figure 2). 
The network was observing characters neighbouring to the 
character in question: the range of 7 letters to the left and 7 to 
the right was analysed. Non-alphabetical characters were 
replaced by space signs. For each letter a corresponding input 
was set to , while the remaining ones were set to 0. So in all, 
each network had 4 x (26 Latin letters + space) = 378 binary 
inputs, out of them 4 were set to . Additional inputs set 
constantly to  were added for each neuron in the input layer. 
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Figure . Diagram of diacritics reconstruction 
process. 

If decision of the neural network is negative, a rule-based 
post-processing is performed, using context analysis and some 
elements of grammatical analysis, to decrease the impact of 
ambiguities. Here the analysis is performed on a word-level 
basis. System checks, if the word sequence is not a part of 
phrasal or idiomatic expressions.  

E.g. spotting a sequence “wesolych swiat” implies that 
“swiat” will be converted to “ wi t” (Eng. “holidays”), rather 
than to “ wiat” (Eng. “world”), so that together with 
“weso ych” it forms an expression “happy holidays”.  

5. Training and testing of the neural networks 
The neural networks used in the system required training, in 
order to do their job. Each of the 8 networks was trained 
separately. 8 text files, containing words with “doubtful” 8 
characters and respective correct answers were prepared, by 
extracting them from various texts, taken mainly from 
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Figure 2. Schematic architecture of the neural network used to decide about adding a diacritic sign (here: deciding about 
letter “o” in a word “s owo” and analysing 2 neighbouring letters to the left and 2 to the right). 

the web sites. The texts were coming from various 
newspapers, articles from Internet portals, pieces of literature, 
email messages, sample SMS messages available on the 
Internet. Unfortunately no SMS messages corpus was 
available for Polish.  

Table 2. Size of corpus and final number of neurons in 
the input layer for the networks. 

Neural 
network size of corpus 

No. of neurons 
in the input 

layer 
a 76577 40 
c 36372 20 
e 555 4 60 
l 32 34 40 
n 44745 20 
o 5870  20 
s 3 273 20 
z 43983 20 

As the corpus contained ambiguous forms, it was cleaned, 
so that the learning algorithm of the network would not get 
contradictory entries. Some of the ambiguities are to be 
reconsidered during post-processing using context analysis. 
The following approach was used to deal with ambiguities in 
the training corpus: 
� If the words differ significantly as for frequency of 

occurrence, take the most frequent one, e.g.: 
bez (“without”) vs. be  (“beige”) => bez

� If both words have similar frequency, make a version 
without “doubtful” diacritics, e.g.:  
pomys  (“idea”) vs. pomy l (imperative: “think”) => 
pomysl

� If contradictory forms are different cases of the same 
noun, choose the nominative case, e.g.: 
kobieta (“woman” in nominative case) vs. kobiet
(“woman” in instrumental case) => kobieta.

Repeating forms were omitted, so frequency of occurrence 
in the corpora had no impact on the training. To improve the 
training process, the network was exposed by turns to a 
“positive” entry (with a diacritic sign) and “negative” 
(without diacritics), otherwise the “negative” option could 
prevail, as such cases are in majority. 

It has been decided to start the training with 5 neurons in 
the input layer for each of the network and to increase the 
number in case if it was not sufficient to achieve a satisfactory 
result. Correctness of 99.5% was considered as a threshold of 
acceptance. As in all the cases the number of 5 was not 
sufficient, they were gradually increased with constant 
verification of correctness, reaching final numbers as in Table 
2. The number of neurons should not be too big, because the 
neural network could lose its ability to generalize, thus 
performing worse in case of spelling mistakes and other 
words unseen before. 

Momentum Back Propagation [3] algorithm was used for 
the training. The training coefficient was set to 0.  and later 
increased for the entries, which were still misrecognised. The 
momentum of 0.2 was usually used to avoid trapping in local 
minima.  

The training of each network required hundreds of 
thousands of iterations. Where placement of diacritics 
followed some regularity (e.g. suffixes “- cy” in participles), 
the learning was fast and the network quickly “understood” 
the regularity. In other cases training required thousands of 
repetitions. 

The correctness for words which were in the training 
corpus (clean from ambiguities) was close to 00%. When 



testing the networks using Polish WKSF corpus [ ]
containing more than 0.5 million words, the achieved 
correctness reached 95.7 %. The errors were mainly in case of 
ambiguous forms and foreign names. Without reconstruction 
(Latin characters only), the correctness would equal 63.7 %. 

Very common (more than 20% of errors in above tests) 
ambiguity “ e” (“that”) vs. “ze” (“with”, “from”), and 
ambiguities: nominative vs. instrumental case (see section 2)  
would need to be disambiguated in the future using grammar 
analysis, incorporating part-of-speech (POS) recognition, e.g. 
using the method described in [2].  

Thanks to neural networks, the system performed well in 
case of minor spelling mistakes. E.g. a word “po egna ” even 
if wrongly spelled: “pozeganc” had correctly placed 
diacritics: “po egan ”. 

As a corpus of Polish language used in SMS is not 
available, it is hard to judge the correctness of performance in 
this environment. However important information on the 
performance comes from real-life implementation, which is 
described in the following section. 

6. Real-life implementation 
Reconstructing the diacritic signs, using the described 
method, has been successfully implemented in the commercial 
software FSMSC (Fixed SMS Center) by Fincom-
MATERNA Communications for delivery of short messages 
between mobile and fixed telecommunication networks [4].  

Figure 3 shows schematic view of telecommunication 
network implementing SMS-to-speech service. The mobile 
operators route all incoming SMS messages that are addressed 
with fixed line number to the Fixed SMSC software.  

Figure 3. Schematic view of the telecommunication 
network implementing SMS-to-speech service. 

Because most of the messages (ca. 70-80%) do not 
contain diacritic signs, the system includes the previously 
described diacritics reconstruction module, that preprocesses 
the text of SMS messages and provides the TTS engine with 
the text enriched with the diacritic signs. Such string is then 
converted into audible format. As a TTS engine, Scansoft’s 
Realspeak 3.5 , voice “Agata” is used. The final step is to 
deliver the message to its recipient- the FSMSC dials out the 
number and plays out the previously prepared message. In 
case the call is answered by fax machine, the FSMSC sends 
the fax page with the text – also including the diacritics signs. 

The FSMSC works with high performance and serves tens 
of thousands of messages every day. The “Add diacritics” 
module has been programmed very efficiently, so that the 

latency introduced is not noticeable and the software itself is 
very stable.  

The diacritics reconstruction process needed some 
adjustments, especially in the first phase of service launch. 
Number of strings/names commonly used in Polish, mainly of 
foreign origin, needed to be added to the exception database, 
e.g. words: Ericsson, Microcom, Polkomtel (ca. 60 words). 

SMS text message, 60-640 characters 

Add diacritics module 

TTS engine  
Scansoft Realspeak Fax page creator 

Anny Way Voice Service Platform 
(deliver as voice, fax or text) 

Figure 4. Add Diacritics module place in the system. 

For certain Value Added Services that deliver the 
messages to fixed lines via FSMSC, the module is not used 
for preprocessing the text. To achieve that, tags have been 
implemented. Any string that is closed by # # tags is not 
modified by the “Add diacritics” module. i.e. “#do not 
convert this text#” 

From business point of view, the most important fact is 
that introduction of the diacritics reconstruction module into 
the FSMSC boosted its usage by more than 30%. The key 
factor here was the quality of the voice message that has been 
significantly increased. 

7. Conclusions, future challenges 
The proposed system proved to be very efficient as for 
reconstructing diacritics in a Polish text. Implementing it in a 
real-life system in a SMS-to-speech system in Poland 
increased its usage by more than 30%. 8 trained neural 
networks perform very well (95.7% correct words for the 
WKSF corpus) and give correct answers also in case of minor 
spelling mistakes. 

Future challenges include introducing grammar and 
semantic analysis to increase disambiguation of ambiguous 
cases. Adding a richer dictionary of loan words and 
abbreviations could also cause an improvement of 
performance. 
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