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Executive Summary

This deliverable concludes the work on training a Czech/English Statistical Machine Translation
system conducted at CUNI in Year 1 of Khresmoi in the multilingual workpackage (WP4). The main
focus was put on acquisition and processing of in-domain training resources and optimization of the
SMT engine for the biomedical domain. We did not succeed in acquiring an in-domain parallel corpus
of a sufficient size because of very limited available resources (in fact no such resources were usable
for Khresmoi) and used the CzEng corpus as a suitable alternative to train the translation models
though it contains data from various different domains. However, for building language models, we
used in-domain monolingual data automatically acquired from the web. We automatically crawled
hundreds of thousands of web pages from web sites presumably containing Czech texts from the
biomedical domain. Then, we extracted the textual content of the pages and identified relevant in-
domain passages using a domain classifier specially trained for this purpose. As the result we obtained
monolingual corpora from the domain of interest and used it to train domain specific language models
for our SMT system. We also created an in-domain parallel corpus for parameter optimization and
evaluation of our system (over one thousand of sentence pairs). All these resources were used to train
our SMT system which was presented during the project review in Sierre. In this report we provide
details of the corpus acquisition process, training the SMT system and its empirical evaluation. The
systems are based on a phrase-based translation model trained with the open-source MT system Moses
and the language model toolkit SRILM.
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1 Introduction

The most important contribution to the multilinguality work package in Khresmoi is the machine
translation. Our first task was to collect data and prepare the pilot version of MT system with a focus
on the biomedical domain of Khresmoi. After some research it turned out that there were no existing
parallel in-domain biomedical Czech/English corpora at the time. Unfortunately, even web-sites
focused on health with parallel language mutations were non-existent. We therefore decided to use our
CUNTJ’s parallel generic Czech/English corpus CzEng and to focus on obtaining the high-quality in-
domain monolingual data.

We collected the required data, trained the Moses open-source statistical machine translation system
and built a web demo which was presented at the project review in Sierre.

2 Statistical Machine Translation

2.1 Basic Concepts

Machine translation is complicated. Human languages are so complex and diverse that the task of
translating a document from one language into another cannot be modeled by precise mathematical
formulae perfectly.

We assume that sentences of a given document can be translated one by one. That is we do not use
context information from the sentences translated before. This somewhat non-trivial restriction is
nowadays totally common because context-aware SMT systems would need much more complex
models which could be computationally infeasible on present hardware. It is also not clear how to
exploit the context usefully. On the other hand, there are definitely blocks of sentences which are
problematic to translate well without any broad context information. This fact can also differ between
languages.

The cornerstone of Statistical Machine Translation can be seen in this equation:
é=argmax, P(e| f) =argmax, P(e)- P(f | e)

Simply said, the P(f'| e) on the right-hand side is a probability mass function of the translation model
and the P(e) relies to the language model. The translation model is “responsible” for the word relations
between two languages whereas the language model gives us the likelihood that a given sentence is a
proper well-formed sentence in the target language. We note that hats everywhere (as usual) denote
estimates and the letters e and f denote sentences in the target and source language respectively
(abbreviated English and French sentences for historical reasons). Direction is always from f'to e. We
also note that the above equation follows from the simplest form of Bayes theorem.

In our case we use so called log-linear system. The equation above can be then restated as
M
é = argmax, lelh, (e, f),
i=

where h;-s are the so-called feature functions and lambdas are the weights of the log-linear model
which have to be estimated.
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Any number of feature functions can be of the form
h(e, f) = h(e).

These feature functions are then called a language model. In our work we use only n-gram language
models described in the text below. Any detail on SMT can be found in [1].

3 Parallel Data

3.1 Czech/English Issues

As mentioned above there were no parallel biomedical corpora at the time. We also tried but did not
find any reasonably big parallel web-sites which could have been crawled. So we decided to use the
parallel Czech/English generic corpus created at CUNI and to focus on monolingual data. On the other
hand, this parallel corpus is quite big and of a high quality so we probably can claim that this did not
affected the results of the final SMT system very much but, to be rigorous, we cannot prove or
disprove this claim.

3.2 CzEng Corpus

CUNI has created a large parallel Czech — English corpus CzEng of high quality (see [4]). Work on
CzEng started back in 2005 and the current version CzEng 1.0 has the parameters depicted below. We
would like to emphasize that a parallel and deeply annotated corpus of this size is quite unique for
smaller languages like Czech.

Statistics of CzEng 1.0 Sources (Table 1)

Nr. of sentences Tokens
JRC-Acquis EU 3,992,551 26 %
Subtitles 3,076,887 20 %
Books (fiction...) 4,335,183 29 %
Technical documentation 1,613,297 12 %
Parallel websites 1,883,804 13 %
TOTAL 14,901,722 201,413,571

CzEng is built from a bigger corpus and consists only of aligned and filtered good quality sentence
pairs.
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4 Monolingual Data

SMT system to be trained needs both parallel and monolingual data. Monolingual corpora are used to
compute a probabilistic language model which orders a SMT system to produce sentences which are
likely in the target language. Thus, the importance of monolingual data is very high.

4.1 Data Acquisition

Much work has been done on acquiring high-quality monolingual data especially in Czech where no
in-domain (biomedical) corpora existed before Khresmoi. We found out that BMC (Bibliographia
Medica Cechoslovaca [20]) was the only resource usable out of the box of medical articles in Czech
suitable for Khresmoi purposes at the time. Unfortunately, BMC (as its name suggests) does contain
only bibliographical entries (617,155 entries) with MeSH annotations (nice, used for multilingual IE in
Khresmoi by J. Dédek, [21]). No abstracts or even full articles are in BMC but some entries (precisely
25,408) contain links pointing at various places on the internet. There is no central repository of those
articles perhaps because of licensing issues. Using approximately 40% of the links we were able to
download the linked papers. Remaining links pointed to servers which were offline or did not provide
these papers any more. The articles being accepted for publishing in medical journals are of excellent
quality and did not need much filtering apart from encoding unification and elimination of unprintable
characters by few scripts.

Based on this finding we therefore decided to prepare a crawler and to automatically crawl the biggest
Czech sites focused on health and medicine. We manually picked 112 high-ranked seeds (typically
root URLs of that sites) from the catalogues of the biggest web-search portals in the Czech Republic
(Seznam [22], Centrum [23]) and let our crawler download everything reachable. There were many
standard crawling issues, few of them we mention in the implementation notes.

The Biggest Crawled Sites and Portals (in Czech):

*  http://zdravi.doktorka.cz/

¢  http://www.magazinzdravi.cz/

* http://www.medicina.cz/

* http://www.prolekare.cz

* http://www.abecedazdravi.cz/

*  http://www.helpnet.cz/

Using the crawler we obtained a big (22.76 GB) raw meta-corpus consisting of raw HTML pages from
the biomedical sites.

Page 6 of 16



resmol

D4.2 Analyzed parallel corpus from the biomedical domain MEDICAL INFORMATION ANALYSIS & RETRIEVAL

4.2 Preprocessing HTML

It was obvious that automatically crawled web-pages despite their origin on manually picked
biomedical sites contained not only the relevant biomedical texts. Among other things they contained
advertisements, licenses, chats and so on which we definitely did not want to have in our monolingual
corpus. So we needed to filter out the out-domain parts. Since our crawler downloaded raw HTML
web pages we needed to parse the content of HTML and to extract only the plain-text and in-domain
parts. Moreover, we also tried to retain the text locality in the web-page.

We needed to get rid of HTML tags and non-textual content and to partition the textual content of
web-pages into the blocks which could have been filtered afterwards. Extraction of the textual content
from HTML was a simpler task because, simply said, it suffices to have a reasonably robust parser
which parses even the malformed HTML (rather norm than exception on web sites). We note that even
a valid HTML needs not to be a XML (tree). We used a custom built parser by one of the authors. We
omit the details of this parser in this report.

To sketch the idea of the parser let us mention that from the one particular HTML page we could, in
general, obtain several so called blocks. A block is a text-only excerpt from the original HTML got
from “one place” which is a merged text from big enough sub-tree of the parse tree, e.g. from one
paragraph, few (even nested) divs and so on. We set the lower limit to 64 words. More precisely,
robust HTML parser tries to reconstruct the DOM tree. HTML on the internet usually is not XML so
there is not a unique tree representation. In that DOM tree we identify paragraphs and bigger divs and
merge the text content in them omitting HTML tags. This procedure gives us those blocks. We are
sure that this specific task is very interesting and should be investigated on its own but our quite
simple procedure was giving us satisfactory good results on our raw data. Precision compared with
human judging on the random sample of 72 web-pages was 82%.

4.3 Morphological Analysis

After parsing all the downloaded stuff we merged everything together and created a big monolingual
but still raw meta-corpus consisting blocks. We wanted to retain the block information (IDs) because
our biomedical classifier classifies not the sentences but whole blocks. We guessed that it was a
reasonable criterion to accept or deny a whole block because block contains much more information
which can be exploited than only a sentence. Because it is not clear what a “biomedical block™ is, it is
not definitely easier what a “biomedical sentence” is.

We then tagged our meta-corpus with the perceptron-based tagger Morce built at UFAL ([18]). Its
accuracy on PDT 2.0 ([24]) corpus is 96.1%.

4.4 Classification of Biomedical Content

We experimented, independently, with several standard Machine Learning algorithms (SVM, ANN...)
to find out the best framework for our purposes. The best results (by a human decision) were obtained
using Support Vector Machines. We used LibSVM (Chang, Lin [14]) for that. Experiments using
Artificial Neural Networks were done using a very nicely implemented C library FANN (Fast
Artificial Neural Network Library, [15]) but the results of SVM were better.
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4.4.1 General Notes on SVM Classifier

Support Vector Machines (SVM) are the well established machine learning (ML) method with
excellent potential to solve classification or even regression problems of many kinds. The biggest
advantage of SVM is its strong mathematical background and the fact that the theory existed before
SVM were invented (compare with ANN — ANN were used successfully for years without satisfactory
theory). In SVM we can apply many tricks (not only the kernel one) and methods from e.g. functional
analysis or linear algebra as its special case. The main idea of SVM (in its simplest case) is to find a
hyperplane in the high-dimensional Hilbert space (normed linear space with the norm induced from
the inner product, moreover complete) which separates (with the least possible error) positive and
negative examples and simultaneously maximizes the distance to the positive and negative examples
(points in that space). This task is solved by standard algorithms from convex optimization.

One of the most beautiful things in machine learning is that with SVM we can even map examples
(both positive and negative) to the infinity-dimensional Hilbert space, and yet the training and
querying can be done in perfectly finite time. Mapping to higher dimensional spaces using so called
kernel-trick is standard because one has typically much higher chance to find a good separating
hyperplane in higher dimension.

Let us conclude this note on ML with the claim that SVMs are much more complicated if they are to
be used in practice. From the computational point of view (and if we have corpora of size in tens of
GBs it is a must) the biggest problem is just the big dimensionality and so it is desirable to find ways
how to map the original space to some lower-dimensional space with “low distortion” (feature
extraction, PCA, randomized mappings...).

4.4.2 SVM Classifier

The input of our classifier was the above mentioned meta-corpus consisting of blocks extracted from
HTML pages. Each block was endowed with its unique ID and it was lemmatized and stop words (see
the Appendix 10.2) were removed by the custom list-based hand-written stop word eliminator. This
form of a block we can call standard. We used so called Supervised Machine Learning to train our
SVM stack. We trained our SVM using in-domain blocks obtained from the in-domain monolingual
data. Just normal size-split sufficed to obtain these blocks which we considered as positive examples.
We mention that SVM, typically presented in its simplest form as a two-class classification algorithm,
can be also trained with only positive data. See e.g. [25] for details.

Each block was represented as a feature vector. We repeat here that our blocks were tokenized, stop
words were removed and each word was changed to its lemma. We then computed several unigram
and n-gram features, e.g. TF, TF-IDF, Hadamard (vector, i-th entry is the product of the frequency of
the i-th keyword and its frequency in the training set). We then used PCA to reduce the dimensionality
of the training set. We tried polynomial, RBF (radial basis function) and sigmoid kernels and picked
the RBF kernels. See [25], [26] for more details. There were two unknown parameters C (penalty
parameter), 7 (RBF parameter) to be determined for the RBF kernel based SVM. They were estimated
using the so-called cross validation as explained below.
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4.5 Tuning and Evaluation

We optimized the two unknown parameters of the SVM classifier using so called K-fold cross
validation. This technique is a classical statistical tool for predicting real world performance
(precision) of many algorithms. We randomly partitioned the training set of biomedical blocks several
times into K = 5 disjoint subsets. One subset were then picked to be the testing and it was cross-
validated using SVM model trained on the others. This scheme is repeated with different partitionings
in several rounds. Validation results are then averaged over all rounds.

The two unknown parameters were searched using a grid-search method in conjunction with the
cross-validation. Grid-search method tries many pairs of unknown parameters from the matrix

{1/64, 132, 1/16, ..., 1,2, 4,8, ..., 32768 } x { 1/64, 1/32, 1/16, ..., 1,2, 4, 8 }

of all possible pairs (C, 7). This method is straightforward but, more importantly, excellently
parallelizable.

We tuned the classifier and obtained by methods mentioned above a classifier with precision 82% on
our data. We must admit that this number can be hardly viewed as strictly rigorous because of the
implicit uncertainty of the selection what are biomedical blocks and what are not. Even a human eye
cannot always decide with certainty. But we hope that our classifier did its work properly.

4.6 Language model

Simply said, language model tells us how probable is a given sentence in the given (target) language,
more precisely, it defines a probability distribution over sequences of words given data, P(w;,...,w, |
Data). We built several up to 5-gram English and Czech monolingual language models based on
sentences from the fixed corpora acquired from various resources (automatically web-crawled data,
data sets mentioned on the Khresmoi webpage).

We used a SRILM ([5]) tool with a Kneser-Ney smoothing for this. SRILM can be freely obtained on
the internet and as a C application can be compiled with GNU C compiler gee. In our case we used for
training the language model a patched version 1.0.5 and tuned a little bit only a compiler arguments to
get the fastest possible binaries (optimization levels, target architecture, SSE, inlining...).

This version at the time of writing this paper can be obtained here:

http://www.speech.sri.com/projects/srilm/

or with many Moses distributions.

Number of n-grams as produced by SRILM (Table 2)

Number of n-grams
27,983,783
280,240,743

320,320,258

Page 9 of 16



resmol

D4.2 Analyzed parallel corpus from the biomedical domain MEDICAL INFORMATION ANALYSIS & RETRIEVAL

Let us note that the research area of language modeling is very active. Baseline models under the hood
are typically the likelihood Markov models of word sequences probabilistically computed from n-
gram counts from the language model corpus. Those estimates are then almost always smoothed, e.g.
with Kneser-Ney smoothing. Precisely this setting was used to train our language models.

S5 Training the SMT System

5.1 Collected Data (Input)

Let us now summarize the requirements on the data needed to train the pilot version of in-domain
SMT system for Khresmoi using Moses. See [1] or [16] for details.

* Parallel Data — English and Czech, sentence aligned (n-th line of English version file
corresponds to the n-th line in Czech version file).

1. Big Training Data (BTD) — We used sentence aligned corpus (CzEng 1.0) with
14,901,722 sentences in Czech and English.

2. Held-out Data for Optimization — Corpus of 1,212 manually translated sentences
not contained in BTD. The last phase of the training process searches for the best
values of several parameters that maximize some measure of the quality of translation
on this corpus. We used a log-linear system with BLEU as the target measure and the
parameters were tuned on this corpus.

3. Data for Testing — Corpus of 956 manually translated sentences not contained in
BTD.

*  Monolingual Data — Target language data, 12,870,939 sentences, in-domain. The size of the
English vocabulary (all word forms) was 108,072.

We thank the anonymous translator for translating all sentences of the items 2 and 3. The key point
here is to emphasize that it is desirable to have both training and testing data from the same domain.
Otherwise the quality of translation drops a little bit (see details in [17]) due to possible poor
vocabulary coverage and different language specifics of diverse domains.

5.2 Moses

We used Moses ([11]) to train the phrase-based model using train-model.perl script (encapsulates
GIZA++ [27] and mkcls calls) with several parameters specifying the parallel sentence-aligned corpus,
target language model and the training options.

After that the parameters of log-linear models are determined using MERT with BLEU as the
optimization measure (not metric). At this case we use a small in-domain excerpt of the parallel corpus
on which we optimize the parameters (1,212 sentences in our case). These sentences as well as the
testing parallel data (956 sentences) were manually translated at CUNI. The sentences were randomly
picked from pre-chosen sentences of the length between 20 and 40 words from the monolingual
English data. We hope these two corpora are of high-quality.

For each phrase pair in our case Moses computed five coefficients:
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Forward and backward phrase translation scores (based on normalized co-occurrence
counting)

Two lexical weights (language model scores)

Constant penalty

We note that a log-linear model has the form

P@) = exp 2 A ()

in the probability space of (e, f, begin, end) tuples where lambdas are weights and 4;-s are feature

functions specified above. We chose the best lambdas, as mentioned above, using a so called
minimum error rate training (MERT — Och, 2003) which is a type of coordinate descent method.

The whole training sequence can be summarized as follows:

1.

Tokenization — Was done using Moses tokenizer scripts (default settings for Czech or
English), on both parallel and monolingual data.

Filtering — Rule out parallel sentences shorter that 16 tokens or longer than 50.

Lowercasing — Machine translation systems are usually trained on lowercased data for space
saving purposes. We use the Moses recaser script train-recaser.per! for training the recasing
model. This script creates a simple translation model from the cased training corpus. All
translations obtained from Moses are then recased using this model before presenting to the
user.

Building the language model — Using SRILM (tunable, not straightforward) — we built
several models (3, 4, 5-grams), finally only 5-grams were used, filtered sentences to the
maximum length of 50 and the fertility ratio in [0.12, 8.0].

Building the translation model, Recasing — Moses scripts encapsulating GIZA++/mkcls
calls

Tune the weights in the log-linear system — Using the small in-domain held-out parallel
manually translated corpus (1,212 sentences)

Evaluation — Using the small in-domain held-out parallel manually translated corpus (956
sentences)

6 Evaluation and Conclusion

In Year 1 we have prepared the monolingual and the parallel multilingual corpora for Khresmoi

(Deliverable 4.2, WP4). It turned out that collecting strictly in-domain parallel corpus was nearly
impossible for a specific Czech/English language pair at the time. So we picked a general purpose

CzEng corpus and focused our work on the obtaining high-quality in-domain monolingual data. We
were successful in acquiring and filtering much monolingual data and prepared the in-domain

monolingual corpus used then for the language model training.
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The BLEU score we obtained with our SMT system was 0.28 on our testing data set. For details about
the BLEU metric see [28]. Our next task will be to prepare SMT systems for other language pairs
(EN/DE, EN/FR...). For these language pairs preparing the parallel and strictly in-domain corpora will
be definitely a feasible task because much data already exists and much data has been already
collected by CUNI. However let us underline that SMT systems for different language pairs albeit
based on the same phrase-based model algorithms are totally different because of diversities in
languages and available data. For example German compound words are one of the big challenges for
phrase-aligning.

7 Notes on Implementation

7.1 Implementation, Hardware, Hacking

All the crawled data was acquired using our custom built high performance web-crawler written in the
C (C99) language and compiled with GCC 4.6.1. This crawler is based upon the so called EEQ library
of one of the authors. The main focus of this library is speed and low memory consumption and
implements various things, e.g.:

* Fast filtered and buffered I/O — libc’s stdio is quite old and rigid and doesn’t provide many
techniques which are crucial for high-performant systems such as online fast compression etc.

* High speed compression — because storage is nowadays rarely a bottleneck, in our code we
use rather faster compression stacks than e.g. gzip or even bzip2. We have picked LZO [12]
which is an implementation of Lempel-Ziv-Oberhumer algorithm with much faster
decompression than any of the above mentioned algorithms (tools).

* Data structures — we have also reimplemented many libc routines (e.g. sorting) or basic data
structures. This gave us nearly 30% speed advantage e.g. for hashing compared with JDK7
implementation.

* SIMD Instructions — because of the nature of many text algorithms we use in the crawler,
classifier and so on one can harvest some additional speed by reimplementing various routines
with vectorized instructions. Current CPUs have many instructions that operate with 16 B or
even nowadays 32 B (bytes!) of data at a time. It is nothing new since MMX is an old and
gray technology but it is still not used as it could be. Of course, C compilers (gcc, icc) with
proper optimization flags are able to vectorize some code but not always. This gave us a
speed-up like 1.5-2.5 for many routines.

* Computation on GPU - one area in which we experimented only a little bit is CUDA.
Current state-of-the-art GPUs contain hundreds of simple cores and a super-fast in-place
memory with approximate bandwidth around 130 GB/s or even more. Many textual
algorithms are perfectly parallelizable and an ideal fit for computation on GPU.
Reimplementation of those algorithms using the CUDA toolkit [13] is not straightforward and
one must consider many factors like CPU-GPU memory transfers (the simplest) and so on.

In this context we cannot resist the temptation to say that we were very disappointed by high-
end NVIDIA’s so called Tesla graphics units which are in the top product line intended for
24/7 server-side computation. We found that not only at CUNI these cards are very likely to
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fail after few days of computation due to some unknown reasons. After a few days they very
often suddenly started to give wrong results because of maybe some memory corruption. The
only way to deal with this problem right now is to restart the hardware from time to time or to
increase the voltage a little bit. Despite these problems we see in GPU computations (or in
parallelization in general) a fantastic potential for the whole area because current state-of-the-
art tools are not optimized well and researchers waste much time waiting for the results of
their experiments.

*  Other stuff — among many other things let us only mention a custom region-based memory
allocator it gave us better results in algorithms doing many small allocations.
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9 Appendix

9.1 Multilingual API

CUNI will provide SMT services for translation between several language pairs. As described above
we have already trained Czech to English (and partially English to Czech models). The API will be
common for all language pairs and can be summarized as follows:

* REST/JSON protocol — simple text protocol over HTTP, both requests and responses are
JSON encoded documents

e Support for compression
*  Support for security — searched information should be considered as highly personal
*  Support for batch and asynchronous request (not considered in Year 2)

Client sends the JSON encoded query in the HTTP POST query to one of the CUNI servers. Server
then responds with translations. The user can specify the language pair, type of translation and many
additional parameters as how many translations she demands. Translations are sorted by the
decreasing score. Because SMT is computationally very expensive and translation can take some time
user can specify the tradeoff between quality and speed (latency). Latency can be decreased in SMT
e.g. by phrase-table pruning. On the other hand, this obviously possibly decreases the quality of the
translation.

POST /<cuni>/khresmoi/translate HTTP/1.1
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{

“sourcelLang”: “cs”,
“targetLang”: “en
“docType”: “document”,

“profile”: “general public”,

“text”: “Mam chtipku a boli mé hlava. Také se potim.Y“,

“nbest”: 1,

“align-info”: false,

“async”: false,

”

The response can look like this:

{
“translation”:
[{
“translated”: “I have the flu and my head hurts. I also sweat.”,
“score”: 768,
“translationId”: "adeb8b91-c27f-4e95-a36c-62a7060e123b"
H

}

9.2 Czech Stopwords Used

aby, ako, akorat, ale, and, ani, ano, apod, asi, atd, béhem, bez, beze, blizko, bohudik, bohuzel, bokem, bud’, bude, budem,
budeme, bude$, budete, budiz, budou, budu, buhvico, bihvi¢i, blihvijak, buhvijaky, bihvikam, bihvikde, bihvikdo,
buhvikdy, bihvikolik, bihviktery, bihvina¢, buhvipro¢, bych, bychom, byl, byla, byli, bylo, byly, bysme, byt, cca, cokoli,
cokoliv, copak, cosi, coz, coze, ¢astéji, Casto, ceho, Eehokoli, ¢ehokoliv, éehosi, ¢ehoz, ¢em, ¢emkoli, Eemkoliv, Cemsi, Cemu,
¢emukoli, ¢emukoliv, ¢emusi, ¢emuz, Cemz, Certvico, Certvi¢i, Certvijak, Certvijaky, Certvikam, certvikde, Certvikdo,
Certvikdy, Certvikolik, Certviktery, Certvina¢, Certvipro¢, ¢ihokoli, ¢ihosi, ¢ichkoli, Cichsi, ¢ikoli, ¢im, ¢imakoli, ¢imasi,
¢imikoli, ¢imisi, ¢imkoli, ¢imkoliv, ¢impak, ¢imsi, ¢imukoli, ¢imusi, ¢imz, ¢isi, dal, dale, daleko, dalsi, dam, dle, dnem, dnes,
dneska, dobra, dobré, dobry, dobfe, docela, dokonce, doposavad, doposud, doprostted, dosavad, dospod, dospodu, dost, dosti,
dosud, dovnitt, esté, formou, ho, hodinou, hodné, horsi, hut, hife, chces, chei, chtél, jacikoli, jacikoliv, jacipak, jacisi, jak,
jakakoli, jakakoliv, jakapak, jakasi, jaké, jakéhokoli, jakéhokoliv, jakéhopak, jakéhosi, jakékoli, jakékoliv, jakémkoli,
jakémkoliv, jakémpak, jakémsi, jakémukoli, jakémukoliv, jakémupak, jakémusi, jaképak, jakési, jakmile, jako, jakou,
jakoukoli, jakoukoliv, jakoupak, jakousi, jakoz, jakpak, jaky, jakychkoli, jakychkoliv, jakychpak, jakychsi, jakykoli,
jakykoliv, jakymakoli, jakymakoliv, jakymapak, jakymasi, jakymikoli, jakymikoliv, jakymipak, jakymisi, jakymkoli,
jakymkoliv, jakympak, jakymsi, jakypak, jakysi, jakze, jasné, jasné, jde, je, jedina, jediné, jediny, jeho, jehoz, jej, jeji,
jejihoz, jejich, jejichz, jejichz, jejimaz, jejimiz, jejimuz, jejimz, jejiz, jejz, jelikoz, jemu, jemuz, jen, jenom, jenz, jenze, jestli,
jménem, jsem, jses§, jsi, jsme, jsou, jste, kam, kazdy, kde, kdeco, kde¢i, kdejaky, kdekdo, kdektery, kdepak, kdesi, kdo,
kdokoli, kdokoliv, kdopak, kdosi, kdovijak, kdovikde, kdovikdo, kdoz, kdy, kdysi, kdyz, kohokoli, kohokoliv, kohopak,
kohosi, kohoz, kol, kolem, kolik, kolikze, kolkolem, komkoli, komkoliv, kompak, komsi, komu, komukoli, komukoliv,
komupak, komusi, komuz, komz, koncem, konce, kon¢i, koncic, konec, kontra, kromé, ktera, kterakoli, kterakoliv, kterasi,
kterazto, které, kteréhokoli, kteréhokoliv, kteréhosi, kteréhoz, kterékoli, kterékoliv, kterém, kterémkoli, kterémkoliv,
kterémsi, kterémukoli, kterémukoliv, kterémusi, kterémuz, kterémzto, kterési, kteréZto, kterou, kteroukoli, kteroukoliv,
kterousi, kterouzto, ktery, kterychkoli, kterychkoliv, kterychsi, kterychzto, kterykoli, kterykoliv, kterym, kterymakoli,
kterymakoliv, kterymasi, kterymikoli, kterymikoliv, kterymisi, kterymiz, kterymkoli, kterymkoliv, kterymsi, kterymzto,
kterysi, kteryzto, ktefi, ktefisi, ktetizto, ktfikoli, kt¥ikoliv, kupodivu, kuptikladu, kvili, kymkoli, kymkoliv, kympak, kymsi,
kymz, lecco, leccos, lecCems, lecjak, lecjaky, leckam, leckams, leckde, leckdo, leckdy, lecktery, ledaco, ledacos, ledadi,
ledajak, ledajaky, ledakdo, ledaktery, ledaskam, ledaskde, ledaskdo, ledaskdy, 1épe, lep$i, lip, ma, maji, malo, maloco,
malokdo, maloktery, mam, mame, mas, mate, max, mé, m¢, mého, mé¢l, méla, mélo, mém, mému, mezi, mi, mi, mimo, min,
min, misto, mit, mne, mné, mnoho, mnou, moc, mohl, mohla, mohou, mohu, moje, moji, moji, mou, mozna, mu, mij, musel,
muset, musi, musim, musis§, musite, mize, mize§, mizete, mizu, my, mych, mym, mymi, na¢, nacez, nacpak, nad, nade,
nam, nami, namisto, naf, naprosto, naproti, napt, napti¢, ns, nas, nasi, navic, navrch, navrchu, navzdory, n¢, nebo, nebude,
nebyl, nebyli, nebyly, néco, nééi, nedaleko, nehledic, ného, n€hoz, nechces, nechci, necht’, nechtél, néj, néjak, néjaka, néjaké,
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néjakého, néjakou, néjaky, nejasné, nejasny, nejcastéji, nejde, nejen, nejhlf, nejhiife, nejlépe, nejnizsi, nejsem, nejsou,
nejvyssi, néjz, nékam, nékde, nékdo, nékdy, nékolik, nekonéi, néktery, nelze, ném, nema, nemaji, nemalo, nemam, nemame,
nemas, nemate, nemit, nemohl, nemohla, nemohou, nemohu, nému, nemusel, nemuset, nemusi, nemusim, nemusi§, némuz,
nemize, nemuze§, nemizete, nemizu, némz, neni, nepfesnd, nepiesné, nepiesné, nepiesny, nepiimo, netieba, netusim,
netykd, nevi, nevim, nevi$, nevlastni, nevyjimaje, nevyjimajic, nez, néz, ni, ni, nic, ni¢eho, ni¢em, ni¢emu, nici, ni¢im, nie,
nieje, nich, nichz, nijaky, nikdo, nikto, nim, nim, nimi, nimiz, nimz, nimz, nizka, niz, niz, nizddny, nize, niz$i, novy, nutné,
oba, ob¢, obéma, obou, o¢, oépak, ode, odspoda, odspodu, ohledné, okamzikem, okolo, on, oni, ona, onen, oni, ono, ony,
opravdu, oproti, ostatni, osum, pak, pobliz, pocatkem, pocinaje, pocinajic, pod, pode, podél, podle, podobné, pokud,
pomérné, pomoci, ponad, pofad, posledni, posléze, posud, potom, prazadny, pro, pro¢, pro¢pak, proii, prosté, proti, proto,
protoze, pied, pfede, pfedem, pfes, piese, piesna, pfesné, presné, piesny, pii, pfi¢emz, ptimo, pfipadna, piipadné, pfipadneé,
pifipadny, ptitom, pili, rad&ji, rokem, sam, sama, sama, samé, samého, samém, samému, sami, samo, samou, samoziejmé,
samoziejmy, samu, samy, samy, samych, samym, samymi, se, sebe, sebou, sem, ses, si, sice, sis, skoro, skrz, skrze, snad,
sob¢, som, sotva, sotvaco, sotvakdo, spis, spiSe, spodem, spolu, staci, stejné, stranou, sttedem, sva, své, svého, svém, svému,
svi, svoje, svoji, svoji, svou, svrchu, sviyj, svych, svym, svymi, $patnd, $patné, Spatné, Spatny, taci, tady, tahle, tak, taka, také,
takhle, takovato, takové, takovéhoto, takovémto, takovémuto, takovéto, takovito, takovouto, takovy, takovychto, takovyma,
takovymato, takovymito, takovymto, takovyto, takto, taky, taky, takze, tam, tamten, tataz, tato, taz, té, tebe, tebou, ted’, teda,
tedy, téhle, téhoz, téchhle, téchto, téchze, tém, téma, t€émahle, témhle, témihle, témito, t€émto, t€ému, témuz, témz, témze, ten,
tenhle, tenhleten, tento, tentyz, této, téze, ti, tihle, tim, timhle, timtéz, timto, titiz, tito, tiz, tob¢, tohle, toho, tohohle, tohoto,
tom, tomhle, tomtéz, tomto, tomu, tomuhle, tomuto, totéz, toto, touhle, toutéz, touto, touz, touze, trochu, trosku, téeba, tuhle,
tutéz, tuto, tva, tvé, tvého, tvém, tvému, tvi, tvoje, tvoji, tvoji, tvou, tvlj, tvych, tvym, tvymi, ty, tyhle, tychz, tyka, tymiz,
tymz, tys, tytéz, tyto, tyz, uderem, uplna, uplné, uplné, Gplny, uprostied, urcité, uvnitf, avodem, vam, vami, vas, vas, vase,
vasi, v€etné, vedle, velmi, veprostied, versus, vespod, vespodu, veskery, vevnitf, vic, vice, vim, vinou, vi§, viz, vlastné,
vlivem, vn¢, vnitika, vnititkem, vnitiku, von, vrchem, vsak, vSe, vSecek, vSecka, vSecko, vSecky, vSeho, vSech, vSechen,
vSechna, vSechno, vSechnu, vSechny, vselico, vselicos, vSelicehos, vSeliCems, vseliCemus, vseli¢i, vseli¢ims, vselijaky,
vselikdo, vseliky, vseliskdo, v§em, vSemi, v§emu, v8i, v§i, vSicci, v§ichni, v§im, viibec, viéi, vy, vyjma, vysoka, vyse, vyssi,
vzdor, vzhledem, vzdy, za, za¢, zaCatkem, zacpak, zaf, zasluhou, zatim, zavérem, zboku, zcela, z¢asti, zda, zdaleka, zde,
zespoda, zespodu, zevnitt, zeza, znovu, zpét, zpod, zponad, zpoza, zprostied, ztidkaco, zfidkakdo, zvnittka, zvnitiku, zadny
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