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DeriNet Network
Å A database of Czech lexemes (1M) 

connected by links (809k) corresponding to 
derivational relations (rooted tree)

Å Developedsince2013; ufal.cz/derinet

Å Organized according to morphemic and 
semantic complexity from the simplest to 
the most complex lexemes

Å Semanticlabeling experiments carried out 
on DeriNet1.7 (Vidraet al. 2018)

Å Resultinglabels included intoDeriNet2.0 
(Vidraet al. 2019) in LINDAT/CLARIAH CZ 
repositoryunderthe CC BY-NC-SA 3.0
http://hdl.handle.net/11234/1 - 2995
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Derivation as a changeof meaning

Å Word-Formationmeaning

Thechangein meaningthat happenswhenattachinganaffix to a base word

pomoc-i > pomoc-ƴƝƪ= 'a person who helps'

ǇƻǊǳő-i-ǘ Ҕ ǇƻǊǳő-ƴƝƪ= 'a person who commands'

Å Lexicalmeaning

The meaning of the word in the current use (listed in the dictionaries);
mayor maynot be shifted

ǇƻƳƻŎƴƝƪ= 'helper'

ǇƻǊǳőƴƝƪ= 'legalguardian'
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BASE 

WORD
AFFIX DERIVATIVE

pomoc-i ƴƝƪ ǇƻƳƻŎƴƝƪ

WF

meaning

ǇƻǊǳő-i-t ƴƝƪ ǇƻǊǳőƴƝƪ



Homonymy and synonymy of affixes in Czech

Å Homonymy: Formallyidenticalaffixes convey more than one meaning.

-ka: ǎƪǌƝƶ Ҕ ǎƪǌƝƶ-ka cupboard > small cupboard diminutive

ǳőƛǘŜƭ Ҕ ǳőƛǘŜƭ-ka male teacher > female teacher female noun

obal-i-t Ҕ ƻōłƭ-ka to wrap > envelope instrument noun

Å Synonymy: A particular meaning is expressed by several, formally different affixes.

female noun: ƘǊłő > ƘǊłő-ka male player > female player

ministr > ministr-ȅƴŠ male minister > female minister

ǑŞŦ > ǑŞŦ-ƻǾł male boss > female boss
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Semanticallylabeledderivational resources

Å Addressedin more or lessexplicit wayin:

Derivanczefor Czech (17 labels; Pala & ~ƳŜǊƪ2015)

CroDeriVfor Croatian (14 labels; Filkoet al. 2019)

Databasefrom English WordNet (14 labels; Fellbaumet al. 2007)

5ŞƳƻƴŜǘǘŜfor French (4 labels; Hathout& Namer2014)
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The goal

Å Long-term goal:

To add explicit semantic labels
(based on semanticcomparativeconceptsby Bagasheva, 2017)

into DeriNet

Å Challenges:
ï 1M+ lexemes in DeriNet, derivational links still added/deleted

ï Homonymy and synonymy of affixes

Å Pilot experiment:

A semi-automatic Machine Learning procedure limited to
five semantic categorieswhen conveyed by suffixation
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Selected semantic labels

Å DIMINUTIVE ǇŜǎ Ҕ ǇǎƝƪ dog> small dog

Ȍƭǳǘȇ Ҕ ȌƭǳǙƻǳőƪȇyellow> yellowish

Å FEMALE ǳőƛǘŜƭ Ҕ ǳőƛǘŜlka teacher> female teacher 

Jaroslav > Jaroslava (male first name) > (fem. first name)

bƻǾłƪ Ҕ bƻǾłƪƻǾł(male surname)> (fem. surname)

Å POSSESSIVE ǳőƛǘŜƭ Ҕ ǳőƛǘŜƭǻǾteacher> ǘŜŀŎƘŜǊΩǎ

ǳőƛǘŜƭƪŀ Ҕ ǳőƛǘŜƭőƛƴfemale teacher> female ǘŜŀŎƘŜǊΩǎ

Å ITERATIVE ŎƘƻŘƛǘ Ҕ ŎƘƻŘƝǾŀǘto walk (IPFV) > to walk repeatedly (IPFV)

ƪǳǇƻǾŀǘ Ҕ ƪǳǇƻǾłǾŀǘto buy (IPFV) > to buy repeatedly (IPFV)

Å ASPECT obalit > obalovat to wrap (PFV) > to wrap (IPFV)

ǑǘŠƪŀǘ Ҕ ǑǘŠƪƴƻǳǘto bark (IPFV) > to bark (PFV)
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MachineLearningprocedure
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FEATURES ML MODELDATA

Å 14,752 base-derivative pairsextractedfrom DeriNet1.7

Å negative examples extracted alsofrom DeriNet1.7

ï their amount determined empirically



MachineLearningprocedure
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FEATURES ML MODELDATA

Å Semantic label
ï For: base-derivativepair

ï From:
{ƭƻǾƴƝƪ ǎǇƛǎƻǾƴŞƘƻ ƧŀȊȅƪŀ őŜǎƪŞƘƻ όIŀǾǊłƴŜƪ мфсл-1971)
Morphologicaldict. MorfFlexCZόIŀƧƛő ϧ IƭŀǾłőƻǾł нлмоύ
The valencylexiconVALLEXоΦл ό[ƻǇŀǘƪƻǾł et al. 2016)
tǌƝǊǳőƴƝ ƳƭǳǾƴƛŎŜ őŜǑǘƛƴȅ όbŜƪǳƭŀ et al. 2012)

pes.NҔ ǇǎƝƪ.N DIMINUTIVE

ǳőƛǘŜƭ.NҔ ǳőƛǘŜlka.N FEMALE

ǳőƛǘŜƭ.NҔ ǳőƛǘŜƭǻǾ.A POSSESSIVE

ŎƘƻŘƛǘΦ± Ҕ ŎƘƻŘƝǾŀǘΦ±ITERATIVE

obalit.V > obalovat.V ASPECT



MachineLearningprocedure

11/19

FEATURES ML MODELDATA

Å Part-of-speech category
ï For: the base word and derivative

ï From: DeriNet

Å Gender
ï For: the base word and derivative(nouns only)

ï From: MorfFlex CZ

pes.N.m_animҔ ǇǎƝƪ.N.m_anim

ǳőƛǘŜƭ.N.m_animҔ ǳőƛǘŜlka.N.fem

ǳőƛǘŜƭ.N.m_animҔ ǳőƛǘŜƭǻǾ.A

chodit.VҔ ŎƘƻŘƝǾŀǘΦV

obalit.V> obalovat.V



MachineLearningprocedure
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FEATURES ML MODELDATA

Å Aspect
ï For: the base word and derivative(verbs only)

ï From: MorfFlex CZ, SYN2015, VALLEX

Å Possessivity tag
ï For: the derivative(adjectivesonly)

ï From: MorfFlex CZ

pes.NҔ ǇǎƝƪ.N

ǳőƛǘŜƭ.NҔ ǳőƛǘŜlka.N

ǳőƛǘŜƭ.NҔ ǳőƛǘŜƭǻǾ.A.pos_true

chodit.V.ipfvҔ ŎƘƻŘƝǾŀǘΦ±Φipfv

obalit.V.pfv > obalovat.V.pfv



MachineLearningprocedure
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FEATURES ML MODELDATA

Å Final n-grams
ï For: the base word and derivative

ï Bi-, tri-, tetra-, penta-, hexa-grams

ǳőƛǘŜƭ Ҕ ǳőƛǘŜƭǻǾ
-el, -tel, -itel, -őƛǘŜƭ, -ǳőƛǘŜƭ
-ǻǾ, -ƭǻǾ, -ŜƭǻǾ, -ǘŜƭǻǾ, -ƛǘŜƭǻǾ

obalit > obalovat
-it , -lit, -alit, -balit, -obalit
-at, -vat, -ovat, -lovat, -alovat



MachineLearningprocedure
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FEATURES ML MODELDATA

Å Classifyingthe mostprobable semantic label (highest possible precision)

Å Multinomial Logistic Regression (MLR) with newton-cg solver

Å Model trained on training dataset (80 %)

Å Probability thresholds adjusted according to development dataset (10 %)

Å Tested on testing dataset (10 %)



MachineLearningprocedure
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FEATURES ML MODELDATA

Accuracy Precision Recall F1-score

Baseline 0.827 0.813 0.827 0.792

MLR model 0.986 0.984 0.984 0.984

Evaluationon the testingdata set



Applying the MLR model

Å Predicted data = base-derivativerelations from DeriNet 1.7

Å 150,521 relations assignedone of the five semantic labels
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DIMINUTIVE FEMALE POSSESSIVE ITERATIVE ASPECT

6,042 28,510 88,620 11,890 15,459
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