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DeriNet Network

A

Adatabase of Czech lexemdsV)

connectedby links(809k) corresponding to
derivational relations (rootedree)
Developedsince2013;ufal.cz/derinet ol

Organizedaccording to morphemic and
semantic complexity from the simplest to
the most complexexemes

Smanticlabeling experiments carried out
on DeriNetl.7 {Vidraet al.2018)

Resultinglabels included intderiNet2.0
(Vidraet al.2019) n LINDAT/CLARIAH CZ

repositoryunderthe CC BABWGSA 3.0
http://hdl.handle.net/11234/1 - 2995



http://ufal.cz/derinet
http://hdl.handle.net/11234/1-2995
http://hdl.handle.net/11234/1-2995
http://hdl.handle.net/11234/1-2995

Derivation as achangeof meaning

A Word-Formationmeaning

Thechangein meaningthat happens~vhenattachingan affix to a baseword
pomoci > pomoey” N=la persorwho helps

LJ2 Ndiz6 H -y IF{eBedsorwho commands

A Lexicameaning

The meaning of the word in the current use (listed in the dictionaries)

may or maynot be shifted
LJ2 Y 2 O Yigipkr
LJ2 NHz6Iggplduardian

BASE

WORD + AFFIX
POMOGi Y N1
LI2 Nltizo Y N1

WF
—>

meaning

DERIVATIVE

L2 Y2 Oy N
LJ2 NHz6 y N |



Homonymy and synonymy of affixes in Czech

A Homonymy Formallyidenticalaffixes convey moréhan one meaning.

-ka: a1 nfNz-kah a tuppphe>small cupboard diminutive
dz6 A G St-kah dedeiedctsr female teacher femalenoun
obat-tH 2kat { towrap>envelope instrumentnoun

A Synonymy A particular meaning isxpressedy several, formallyifferent affixes.

femalenoun K NP K6 N&kad male player>female player

ministr>ministr-& y S male minister>female minister
0SH STV} male boss>female boss



Semanticallylabeled derivational resources

A Addressedn moreor lessexplicitwayin:
Derivanczdor Czech (17labels Pala & Y S2015)
CroDeriMor Croatian (14labels Filkoet al. 2019)
Databasdrom EnglisiWordNet (14labels Fellbaumet al. 2007)
5 S Y 2 yfBriFiertsh (4 labels Hathout& Namer2014)



The goal

A Longterm goal:

Toadd explicit semantitabels
(based on semanticomparativeconceptsby Bagasheva2017)
into DeriNet

A Challenges
I 1M+ lexemes iDeriNet derivational links still added/deleted
I Homonymyand synonymy of affixes

A Pilotexperiment:

A semiautomatic Machine Learning procedure limitetb
five semantic categoriesvhen conveyed bysuffixation




Selected semantic labels

A

DIMINUTIVE

FEMALE

POSSESSIVE

ITERATIVE

ASPECT

LJISa B LJAN] dog>small dog
Ot dzié B Of dz0 2 dgéidweyellowish

dz6 A (0 Stka B dz6 A U Steacher>female teacher

Jaroslav > Jaroslava (male first name) (fem. first name)
b2dt 1 B b2@dt | 208be surnamey (fem surname

dz6 A G St B dz8 A (i SidacheP (i S+ OK SN A
dz6 AG St 1+ B dz6 AMemSdtedcheyfemaleti S+ OK S N A

OK2RAU B OK2 RNGRIK(IPFV) > twalk repeatedly(IPFV)
1dzLI2 g1 G B | dzLI2tébby @RF\) > to buy repeatedipFV)

obalit > obalovat to wrap (PFV) > tovrap (IPFV)
OGS 1Fd B OuS] yi@bdei(IPFV) > to bark (PFV)



Machine Learningprocedure

Q

DATA FEATURES ML MODEL

A 14,752basederivative pairextractedfrom DeriNet1.7

A negative examples extractedsofrom DeriNet1.7
I their amount determinedempirically



Machine Learningprocedure

Q

DATA FEATURES ML MODEL

A Semantic label
I For. basederivativepair pesNH LB N1 DIMINUTIVE
i From dz6 ANHS fd#aN i S FEMALE
oo o || 55 o LT g8 s el ol
ThevalenajexconVALLER o1 6 [ 2tarz0tse o1 0K 2 REU o 1B IRRERR o1 G
t fNNHzZS Y N YT dz@yerad 80125 S OG A y & Ol 67 ofgloyaty  ASPECT



Machine Learningprocedure

Q

DATA FEATURES ML MODEL

A Partof-speechcategory

i For the base word and derivative pesN.m_animBb  LBanN3nim

i From DeriNet dz6 ANImSdnimp  d#éaN.terd
dz6 AN(mSdnimp dz6 AG St 4 &
choditvh OK2VMRNGI G @
obalit.vV> obalovaty

A Gender

i For.the base word and derivatiy@ouns only
i From MorfFlexCZ



Machine Learningprocedure

Q- B

DATA FEATURES

A Asped

i For.the base word and derivatiy@erbs only
i From MorfFlex CZ, SYN2015, VALLEX

A Possessivity tag
T For. the derivative(adjectivesonly)
i From MorfFlex CZ

i

ML MODEL

pesNH LB N1

dz6 ANBS fd#aNG S

dz6 ANBS tdz6 A fpoS frué &
choditVipivh OK2 BPNGI (i o+ @
obalit.Vpfv > obalovat.\pfv



Machine Learningprocedure

Q

DATA FEATURES ML MODEL

A Final ngrams
i For the base word and derivative dz6 AGSt B dz6A0GSt &0

i B, tri-, tetra-, penta, hexagrams €l tel, -itel, -6 A 6d6tA 0 St
-4 Bt a-8t G f-AWSt a4 g

obalit > obalovat

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



Machine Learningprocedure

Q

DATA FEATURES ML MODEL

A Classifyinghe mostprobable semantic label (highest possible precision)
A Multinomial Logistic Regression (MLR) with newtgrsolver

Model trained ontraining dataset (80 %)
Probability thresholds adjusted accordingdevelopment dataet (10 %)
Tested ortesting dataset (10 %)

o o I
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Machine Learningprocedure

Q

DATA FEATURES ML MODEL

Evaluatioron the testingdata set

Accuracy Precision Recall Fl-score

Baseline 0.827 0.813 0.827 0.792

MLR model 0.986 0.984 0.984 0.984




Applying the MLR model

A Predicted data= basederivativerelationsfrom DeriNet 1.7

A 150,521relationsassignedne of the five semantitabels

DIMINUTIVE

FEMALE

POSSESSIV

ITERATIVE

ASPECT

6,042

28,510

88,620

11,890

15,459
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