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Classifier and trainer modules (KTN) 

 Mini-outline: 

 Functionality 

 Architecture 

 Background layer 

 Client layer 

 Technologies 

 Implementation examples 
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Classifier and trainer modules 

 Functionality 

 automatic and semi-automatic text classification 

 training classifiers for new categories 

 retraining classifiers for existing categories 

 system administration 
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Classification algorithm 

 Linear logistic regression 

 Popular, very fast 

 LIBLINEAR (http://www.csie.ntu.edu.tw/~cjlin/liblinear),  

BSD license 

 Results similar to SVMs on linear text classification problems 

 L2 SVM loss function 

 One parameter – C 

 an easy optimization task 
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Classifier and trainer modules (2) 

 Architecture 
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Classifier and trainer modules (3) 

 Background layer 

 Windows services that communicate via MS Message 

Queues 

 Trainer service trains new classifiers based on available 

data in database 

 Classifier service automatically classifies documents 

after their import into the system 

 The manager service coordinates both classifier and 

trainer services by giving necessary commands, also 

imports, preprocesses, exports documents, maintains a 

full-text index and answers search queries 
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Classifier and trainer modules (4) 

 Client layer 

 KTN Administration provides the capability of collection and 

category maintenance, setting new train tasks for the trainer, 

commanding index building and collection export, as well as general 

system variables and user accounts 
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Classifier and trainer modules (5) 

 In KTN Indexer the user can confirm automatic labels or 

spend an arbitrary amount of time to manually inspect 

classifications that are identified as uncertain by the 

system 
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Classifier and trainer modules (6) 

 KTN Indexer enables defining new categories by methods 

of active learning 

 The same procedure is used to efficiently clean existing 

collections from legacy databases 
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Classifier and trainer modules (7) 

 Technologies 

 services and client interfaces: 

 .NET 2.0 (C#), Microsoft Message Queues 

 search, vectorization, classification engine: 

 C++ 

 database: 

 Microsoft SQL Server (or compatible) 
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Demo 

 Classifier and trainer modules 
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Key phrase extraction module 

 Vague problem definition 

 High level description: summarizing an article with just a 

few key phrases 
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Key phrase extraction – index.hr 
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Key phrase extraction – 

vecernji.hr 
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Key phrase extraction module (2) 

 Non-functional requirements 

 Fast extraction (should process thousands of documents per 

day) 

 Quick response (< 1s) 

 Reliability 

 Low maintenance cost 

 Functional requirements 

 Key phrases should enable horizontal, cross-category linkage 

between related documents 

 The system should automatically discover new relevant key 

phrases 
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Key phrase extraction module (3) 

 Assignment vs. extraction 

 Supervised vs. unsupervised approach 

 Tradeoffs: speed & reliability vs. complexity & quality 
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Key phrase extraction module (4) 

 Analysis of sample of 39684 documents: 

 On average 4.88 key phrases per document. 

 194 000 assigned key phrases 

 59% appear in document 

 In 6% of documents none of assigned key phrases appear in the 

document 

 46 000 different key phrases 

 31 000 assigned only once 
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Key phrase extraction module (5) 
CLARA 

Dubrovnik         

2011-09-23   

www.clarin.eu 

19 

0 

5000 

10000 

15000 

20000 

25000 

30000 

1 2 3 4 5 6 7 8 9 10 11 12 13 

N
u

m
b

e
r 

o
f 

d
o

c
u

m
e
n

ts
 

Keyphrase length 



Key phrase extraction module (6) 

 Specification refinement 

 The system will extract key phrases consisting of up to four 

words. 

 Extracted key phrases should be explicitly mentioned in the 

text. 

 We will make the best effort on producing grammatically 

correct keywords, but the system might be wrong sometimes. 
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Key phrase extraction module (7) 

 Idea: 

 Generate candidate keyphrases 

 Rank them and select the best ones 

 Candidate extraction 

- Extract all 1-, 2-, 3- and 4-grams 

- Removing invalid key phrases 

- POS filtering (e.g. key phrases can’t contain a verb) 

- MSD filtering  
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Key phrase extraction module (8) 

 POS filtering 

 ANN 

 NAN 

 … 

 MSD filtering 

 (Ax N?) Ng (psihološka ispitivanja regruta) 

 (Ax N?) Nd Ng (besplatni pristup bazi podataka) 

 Nn N? Ng (internet ispitivanja regruta) 

 ~50 rules 
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Key phrase extraction module (9) 

 Term frequency 

 Simple online computation 

tf(i) = normalized key phrase frequency 

 Inverse document frequency 

 idf(i) = log( number of documents / number of documents 

where term i appears ) 

 score(term(i))=tf(i)*idf(i) 
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Key phrase extraction module 

 Evaluation 

 Key phrase extraction - highly subjective task 

 World Championships in Athletics, Championships in 

Athletics, Athletics, Athletic Championship 

 F2 measure – favors recall over precision 

F2 = 5PR / (4P + R) 

 Low inter-annotator agreement 

 Average human F2: 63.9% 

 This system: 52.2% 

 Lowest performing annotator: 51.0% 

 Supervised system: 56.9% 
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Wrapper and debugging modules 

 We need to coordinate other modules (lemmatization, 

NERC, classification and keyword extraction) 

 Goals: 

 Easy administration 

 Quick error detection 

 System robustness 

 Error recovery 
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Wrapper and debugging modules 

 Easy administration: 

 The wrapper is a Windows service 

 Error detection: 

 All actions are logged 

 We can track down (the series of) actions that lead to error 

 System robustness: 

 Protect modules from invalid input 

 Error recovery: 

 Try to restart failed modules 

 Try to restart the whole service 

 Send alerts 
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Wrapper and debugging modules 

 Documentation 
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Morphological normalization in KTN 
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Morphological normalization 

 When converting texts to vector representation, we want to 

normalize word forms -> remove flectional differences 

 Croatian language is morphologically rich 

 {brzinom, brzine, brzinama,...} -> brzina (speed) 

 {brz, brzina, brzinski,...} -> brz (fast) 

 Normalization is used during: 

 text classification 

 information retrieval 
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belgijanac N=mpa 
Belgijancem belgijanac N=msi 
Belgijanci belgijanac N=mpn 
Belgijanci belgijanac N=mpv 
Belgijancima belgijanac N=mpd 
Belgijancima belgijanac N=mpl 
Belgijancima belgijanac N=mpi 
Belgijancu belgijanac N=msd 
Belgijancu belgijanac N=msl 
Belgijance belgijanac N=msv 
belgijanaka belgijanka N==pg 
Belgijanci belgijanka N==sd 
Belgijanci belgijanka N==sl 
Belgijanci belgijanka N=fsd 
Belgijanci belgijanka N=fsl 
Belgijanka belgijanka N==sn 
Belgijanka belgijanka N==pg 
Belgijanka belgijanka N=fsn 
Belgijanka belgijanka N=fpg 
Belgijankama belgijanka N==pd 
Belgijankama belgijanka N==pl 
Belgijankama belgijanka N==pi 
Belgijankama belgijanka N=fpd 
Belgijankama belgijanka N=fpl 
Belgijankama belgijanka N=fpi 
Belgijanke belgijanka N==sg 
Belgijanke belgijanka N==pn 
Belgijanke belgijanka N==pa 
Belgijanke belgijanka N==pv 
Belgijanke belgijanka N=fsg 
Belgijanke belgijanka N=fpn 
Belgijanke belgijanka N=fpa 
Belgijanke belgijanka N=fpv 
Belgijanki belgijanka N==sd 
Belgijanki belgijanka N==sl 

belgija belgija N=fpg 
belgijama belgija N=fpd 
belgijama belgija N=fpl 
belgijama belgija N=fpi 
belgije belgija N=fsg 
belgije belgija N=fpn 
belgije belgija N=fpa 
belgije belgija N=fpv 
belgiji belgija N=fsd 
belgiji belgija N=fsl 
belgijo belgija N=fsv 
belgijom belgija N=fsi 
belgiju belgija N=fsa 
belgijska belgijski Aspnpn 
belgijska belgijski Aspnpa 
belgijska belgijski Aspnpv 
belgijska belgijski Aspfsn 
belgijska belgijski Aspfsv 
belgijske belgijski Aspmpa 
belgijske belgijski Aspfsg 
belgijske belgijski Aspfpn 
belgijske belgijski Aspfpa 
belgijske belgijski Aspfpv 
belgijski belgijski Aspmsn 
belgijski belgijski Aspmsa 
belgijski belgijski Aspmsv 
belgijski belgijski Aspmpn 
belgijski belgijski Aspmpv 
belgijskih belgijski Aspmpg 
belgijskih belgijski Aspnpg 
belgijskih belgijski Aspfpg 
Belgijanac belgijanac N=msn 
Belgijanac belgijanac N=msa 
Belgijanaca belgijanac N=mpg 
Belgijanca belgijanac N=msg 

Belgijanki belgijanka N==sl 
Belgijanki belgijanka N=fsd 
Belgijanki belgijanka N=fsl 
Belgijanko belgijanka N==sv 
Belgijanko belgijanka N=fsv 
Belgijankom belgijanka N==si 
Belgijankom belgijanka N=fsi 
Belgijanku belgijanka N==sa 
Belgijanku belgijanka N=fsa 
Belgijac belgijac N=msa 
Belgijaca belgijac N=mpg 
Belgijca belgijac N=msg 
Belgijce belgijac N=msv 
Belgijce belgijac N=mpa 
Belgijcem belgijac N=msi 
Belgijci belgijac N=mpn 
Belgijci belgijac N=mpv 
Belgijcima belgijac N=mpd 
Belgijcima belgijac N=mpl 
Belgijcima belgijac N=mpi 
Belgijcom belgijac N=msi 
Belgijcu belgijac N=msd 
Belgijcu belgijac N=msl 
Belgijce belgijac N=msv 
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Croatian morphology 

 High level of affixation, numerous phonological alterations 

 Infexion 

 nouns: declination (7 cases, number) 

 verbs: conjugation (tense, person, number, gender) 

 adjectives: declination (7 cases, number, gender),  

comparison (3 degrees), definiteness 

 Formation (derivation) 

 lots of patterns (verb->noun, noun->noun, noun->verb, noun-

>adjective, …) 
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Croatian morphology (2) 

 Example of inflexion: 

 adjective: brz, brza, brzi, brzima, brzih, brzoj, brze, brzim, 

brzog, brzoga, brz, brza, brzo, brzom, brzomu, brži, bržeg, 

brža, brži, bržima, bržih, bržoj, brže, bržim, bržem, bržima, 

najbrži, bržeg, najbrža, najbržima, najbržih, najbrže, najbržim, 

najbrži, najbržoj, ... 

 noun: brzina, brzinom, brzine, brzinama, brzinu, brzina, brzini 

 adjective: brzinski, brzinskom, brzinske, brzinskih, brzinska, 

brzinskoj, brzinsko, brzinskog, brzinskoga,… 

 adverb: brzo, brže, najbrže, brzinski 

 Example of formation: 

 brz -> brzina -> brzinski 
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Our approach 

 1. Acquisition of inflexional lexicon 

 input: morphological model and an untagged corpus 

 output: inflexional or inflexional/derivational morphological 

lexicon 

 2. Word form normalization 

 inflexional (lemmatization) 

 inflexional/derivational (close to stemming) 

 Advantages 

 can be used as a lemmatizer and as a stemmer 

 high coverage tailored according to a corpus 

 economical price of construction 
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Model of morphology 

 Example: noun paradigm 

 vojnik (solider) 

case singular plural 

N  vojnik-Ø  vojnic-i 

G  vojnik-a  vojnik-a 

D  vojnik-u  vojnic-ima 

A  vojnik-a vojnik-e 

V  vojnič-e  vojnic-i 

L  vojnik-u  vojnic-ima 

I  vojnik-om vojnic-ima 
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Model of morphology (2) 

 Inflexional and derivational patterns are defined 

 Model is based on functional programming concepts 

 Functions are building blocks: 

 condition functions 

 transformation functions 

 Functions are defined indirectly with higher order functions: 

 E.g. 

 sfx  

 sfx('a')  

 sfx('a')('vojnik') = 'vojnika’ 

 sfx(‘e’) alt(pal)  

 (sfx('e') alt(pal))('vojnik') = 'vojniče' 
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Model of morphology (3) 

case singular  plural 

N  vojnik-Ø  vojnic-i 

G  vojnik-a  vojnik-a 

D  vojnik-u  vojnic-ima 

A  vojnik-a  vojnik-e 

V  vojnič-e  vojnic-i 

L  vojnik-u  vojnic-ima 

I  vojnik-om vojnic-ima 

 

(λs.ends('k','g','h')(s)¬cgr(s), {null, sfx(‘a’), sfx(‘u’), 

sfx(‘om’), sfx(‘e’)alt(pal), sfx(‘i’)alt(sib), sfx(‘ima’) 

alt(sib), sfx(‘e’)}) 
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Model of morphology (4) 

 Advantages: 

 Close to morphology descriptions in traditional grammars 

 Highly expressive formalism 

 Adaptable to morphologically similar languages 

 Implemented in Haskell 

 Purely functional programming language 

 Model implementation does not require programming skills 

 

 If you want to create a Haskell morphological model for your language 

using our formalism, do send us an email (ktlab@fer.hr) 
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Lexicon acquisition  

 In order to get the lemmas we use the morphological model 

and an untagged corpus 

 frequencies of word forms in corpus + heuristics 

 very high linguistic precision is not a major goal 

 manual intervention not needed 

 
Šnajder, J., Dalbelo Bašić, B., Tadić, M. (2008) Automatic Acquisition of Inflectional 

Lexica for Morphological Normalisation. Information Processing and 

Management, 44 (5), 1720–1731. 
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Results 

 Example of a small lexicon: 

 News corpus, 20 Mw 

 100 inflexional + 300 derivational patterns 

 contains 42.000 lemmas / 500.000 word forms 

 Quality 

 coverage: 96% over word forms, 98% over tokens 

 understemming < 5% 

 overstemming < 4% 

 Can be improved with manual editing 
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Implementation of normalization 

 lexicon lookup, 957K unique word forms 

 uncompressed size: 225 MB 

 not practical to hold in main memory  

(at least it was not some years ago) 

 compressed size: <1MB 

 minimal finite state automaton 

 C++ implementation 

 equal speed of lookup (O(#letters)) 
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TermeX 

 http://ktlab.fer.hr/termex 

 A tool for automatic collocation extraction and terminology 

lexica construction 

 Using 14 different association measures to rank candidate 

collocations 

 Similar ideas used for keyword extraction 
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TermeX - GUI 
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CADIAL Search 

 http://cadial.hidra.hr 

 Full text search over a collection of 20,000 legal documents 

 Documents are automatically indexed using Eurovoc 

descriptors 

 HIDRA (Croatian Information, Documentation and Referral 

Agency) assures that additional metadata is correct: 

 Regulation status (valid / invalid) 

 Area of activity 

 EU accession chapter 
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CADIAL Search (2) 

 Possibility to search: 

 Full text 

 Titles 

 EUROVOC thesaurus terms 

 Historical versions 

 ... 

 

 Legislation: semi-structured documents: possibility to take 

the structure into account when computing the relevance 

of article, section etc. 

 Successful participation at the INEX competition 2008 

[Mijic et al. 2009] 
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CADIAL Search - demo 
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CADIAL Search - metadata 
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CADIAL Search - architecture 

Index builder tool
Document 

collection

Search engine 1

Index database N Search engine N

Search provider

Web interface

Desktop 

application

LM database 1

LM database N

Index database 1
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CADIAL Search 

 Was it worth the effort? 

 The CADIAL project has received the 2009 Prime Minister 

Award for special achievements in the field of e-Government 

in Croatia and the 2009 "Golden Tesla's Egg" Award of the 

VIDI publishing house for the best innovative solution in ICT 

for the category Academic Institutions. 

 Search engine was easily embedded in SAT project. 
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Modeling parallelization 
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Modeling parallelization 

 A simple model of classification calculation speedup due to 

parallelization 

 Possible choices: 

 using one or more computers 

 using computers with less or more memory 

 using processors with one or more cores 
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Modeling parallelization (2) 

 I will show how system architects need to be aware of 

seemingly trivial relationships 

 e.g. ratio of time to load a classifier from disk and time to 

classify a document collection 

 It is a must to know the intended calculation size in advance 

 We will see how these analyses can help decide hardware 

choice and software development direction 
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Task description 
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Task description 

 Calculation of each category-document value is 

independent 

 these problems are known as 

embarrassingly parallel problems 

 Nevertheless, considerable performance variations are 

possible due to housekeeping tasks 

 e.g. memory allocation, fetching an object from memory, disk, 

or database 
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Notation 

P – number of processes 

J – number of cores available to a process 

K – number of categories 

k – number of classifiers in a process 

D – number of documents 

d – number of documents in a process 
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Some preliminary simplifications 

 Waiting time for RAM is negligible 

 Document vectors always fit into RAM 

 justified because a classification task is in the range of 10.000 

documents of which each is a few kilobytes 

 Classifier engines do not necessarily fit into RAM 

 in real setting, they are in a range of 1-3MB, and there are 

thousands of categories 
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No concurrency (0P0M) 

1) Calculation in one process on one core (0P), with little memory (0M) 
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Time calculation for 0P0M 

1) fetching documents from the database (tF) 

 we assume it is constant (regardless of #doc) 

2) fetching a classifier (tL) and classifying all documents 

(d*tC) 

 repeated k times 

3) saving results to a database (tI) 

 we assume it is constant 

. 
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Concurrency within a process 

(0P1M) 

2) Calculation in one process on one core (0P), with more memory (1M) 
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Time calculation for 0P1M 

 We do not need to wait for disk anymore since all classifiers 

are held in memory 
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Concurrency within a process 

(1P1M) 

3) Calculation in one process on many cores (1P), with more memory (1M) 
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Time calculation for 1P1M 
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Concurrency within a process 

(1P0M) 

 In our case of low document number it does not make much 

sense because in practice tL >> tC 

 we do not need to go for multithreading if we do not have 

enough memory 

 if usual document count would be higher, 1P0M would come 

into consideration 
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Concurrency among processes 

 Each process has dedicated cores 

 e.g. each process is a service on a different computer 
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Vertical distribution (RV) 

 Number of documents per process is divided by P 

 

 

 

 

 

 
 

 

Note: Effects of concurrent database insertions are not taken into account 
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Horizontal distribution (RH) 

 Number of classifiers per process is smaller 

 In a large memory setting (1M), formulas are alike: 
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Horizontal distribution (RH) 

 In small memory (0M), the formula depends on 

whether the classifiers fit in memory 

 if the number of classifiers is low enough, they might fit into 

our low memory as well 

 

 

 

 

 

 

 

 With RH, we can increase the memory space and considerably 

speedup the system by avoiding disk reading for classifiers 
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Ok, but where are the numbers? 

 The numbers depend on the situation  

 This kind of analysis needs to be done before product 

development in order to adequately choose software 

architecture – why? 

 Also, it can help to choose the cheapest hardware 

according to market price – how? 

 In SAT, we implemented the horizontal distribution with 

enough memory assumption (0P+1M+RH) 
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Thank you for your attention. 

CLARA is an Initial Training Network in the 

Marie Curie Actions financed by the EC under FP7 


