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Abstract

Qualitative and quantitative approaches to automatically analyze and annotate natural language data have proven
successful on many fronts. Goldsmith (2001, 2006, 2009) and Goldsmith’s Linguistica software have demonstrated
success in identifying inflectional morphology across languages from raw corpus data. The Brown, et al (1992)
algorithm (as developed in software by Liang (2005)) and Linguistica were used in the current study to identify
semantic categories based on word neighbors. The word classes and morphemes thus identified and the signatures,
i.e., a database of which stems combine with which morphemes, were used here to successfully identify the part of
speech of words strongly associated with the case marking morphemes of the immmediately following one or two
words. For Russian, this procedure yielded a semantic category in which 33 out of the 35 most frequent words
(94%) in the category were prepositions. A further multiple correspondence analysis (MCA) on the prepositions
and the morphology of the following words reveals clusters that correspond to case governance.

Although the research thus far has demonstrated that is is possible to identify some case constructions
(prepositions and the cases they combine with), the ultimate goal of this research is to identify structure and
meaning across the board for case marking systems in order to accelerate the acquisition of case data with inputs
into corpus annotation and to broaden the range of languages studied with inputs into typological research within
cognitive linguistics. Previous studies in Slavic case semantics (Janda and Clancy 2002, 2006) form a constructicon
and a gold standard of case marking constructions for Russian and Czech and provide templates for possible
unsupervised approaches to replicating this constructicon. Successful replication will feed into further research
both within the Slavic languages (with immediate extensions to Polish and Bosnian/Croatian/Serbian) and to other
languages with case and/or adposition marking constructions. The current study aims to refine and automate the
process of identifying case constructions so that the case marking systems (morphology and semantics) can be
identified directly from corpora in an unsupervised fashion, enabling the expansion of these projects to include
many more languages by accelerating the process of data collection and analysis.

However, finding structure in contiguous items such as prepositions and their noun phrases is fairly
straightforward, but the challenges of Slavic word order and the variety of constructions pose many problems for
unsupervised learning. For a particular verb, such as oTseyaTb/oTBeTUTH, one might propose the following
construction:

[NOM oteeyaTb/oTBeTUTL (DAT) (Ha +ACC)]
‘someone-NOM answer (someone-DAT) (Ha+ something-ACC)’

However, a manual inspection for examples in Dostoevsky’s becbi revealed a plethora of constructions with this
verb, such that the proposed construction might be something more along the lines of the following:

[(He) oTBeuaTb/oTBeTUTE (KOMY) (Ha (KAKOW) Bompoc) (, uto) (QUOTE) (we..GEN) (KAK) (KOTAA)
(uto/uTo-HMbYAb/uTO-TO) (TAE) (KYAA) (MOYEMY)]
‘(not) answer someone/something/that/“QUOTE”/NEGATIVE/how/when/something/where/to where/why’

Unsupervised techniques also face the problems of word order and long distances, such as this example from
Bulgakov’'s Macmep u Maprapuma with the cmoabko, ckoAbko ‘so much, as’ construction spread out over three
exchanges in dialogue:

- Ho MeHs, koHeuHo, He CTOAbKO MHTepecyloT aBTObYChbl, TeAedOHbI U MpoYas...
- AnnapaTtypa! - [NoAckasaa KAeTYATBIN.
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- COBePLLIeHHO BE€pHO, 6Aal’0AaPIO, - MEAAEHHO FOBOPHUA Mal TAXXEAbIM 6aCOM, - CKOAbKO ropasao 6oaee
BaXKHbIM BOMpoOC: UBAMEHNAUCD AU 3TN TOpPOXKaHe BH)’TPeHHe.’

“But I'm, of course, not so much interested in buses, telephones, and such...”
“Equipment!” prompted the checkered one.

“Absolutely, thank you,” slowly spoke the magician with a heavy bass.

“as in a much more important question: have these city-dwellers changed internally?”

Constructional depth and richness and long distance relations pose seemingly insurmountable challenges for
unsupervised methods. This paper will present the current results from this ongoing research in computational
construction grammar and will also discuss the problems with automatic identification of case constructions when
combined with manual analyses, annotations, and data collection.

I will discuss the nature of computational construction grammar as applied to the problem of identifying case
constructions: are we looking for a needle in a haystack, i.e., are constructions difficult to identify, or are we
shooting fish in a barrel (i.e., constructions are present at every level and merely need to be gathered up and
classified?). Goldberg’s assertion that all linguistic structure is “constructions all the way down” testifies to the
ubiquity of constructions at every level of language. However, this situation all too easily yields a situation in which
we cannot see the forest for the trees.
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Finding Constructions

“It’s constructions all the way down.”

— Adele Goldberg

If true, then there is much more in common between the lexical (contents, words) and
grammatical (skeletal, structural, more abstract) systems of language.

What’s a Construction?

Typical sample constructions for English (based on Goldberg 2006)...

Construction Form/Example Function/Meaning
1 1 1
Passive Form: [Subj aux VPpp (PP,)] Discourse function:

The armadillo was hit by a car.

to make undergoer topical
and/or actor non-topical

Ditransitive (double-object)
construction

Form: [Subj V Objl Obj2]
He gave her a Coke.
He baked her a muffin.

Meaning:
transfer (intended or actual)

Covariational-Conditional
construction

Form: [the Xer the Yer]
The more you think about it,
the less you understand.

Meaning:
linked independent and
dependent variables

Idiom (partially filled)

[jog X*""™’s memory]

Idiom (filled) [going great guns]
Complex word (compounds) [daredevil], [shoo-in]
Word [avocado], [anaconda], [and]
Morpheme [anti-], [pre-], [-ing]
! ! !
Everything’s a construction, but not all

constructions are equally interesting
* are we looking for a needle in a haystack, i.e., are constructions difficult to identify
* or are we shooting fish in a barrel (i.e., constructions are present at every level and merely

need to be gathered up and classified?)
* the ubiquity of constructions at every level of language yields a situation in which we cannot

see the forest for the trees.
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Constructions all the way down and all the way up

Phrase...Clause...Sentence...Corpus

Passive
Ditransitive (double-object)
construction
Covariational-Conditional
construction
Idiom (partially filled)
Idiom (filled)
Complex word (compounds)
Word
Morpheme

Phoneme...Orthographic System

Computational methods have successfully identified constructions from the smallest levels up in
an unsupervised manner, i.e., without knowing anything in particular about the specific language
under analysis, using the empirical data we find in corpora.

Finding larger level constructions in a language should be the same as finding orthographic
systems, phonemes, morphemes, words, and compound words, all of which have enjoyed a high
degree of success in unsupervised learning approaches.

In the same way we can identify an orthographic system, a phonemic system, a lexicon, we
should be able to build up a constructicon, i.e., a set of possible constructions in a given
language.
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Constructions from the top down

the corpus as construction
[...CORPUS...]
* trivial...the corpus as a whole is what it is...

the sentence as construction

]

* trivial..given the starting point of a punctuated corpus and using the punctuation to divide
the corpus...

[SENTENCE [ !
|

clauses and phrases as constructions

* depending on what kinds of phrases, we want to find, this could also be trivial using a
punctuated corpus, but here we also begin to approach the difficulties involved...

* let’s approach this phrase level from the bottom up first...

Constructions from the bottom up

something as simple as the information you can gather about the distribution of each unit (e.g.,
a letter) and it’s right and left neighboring units can reveal much about the structure of language

letters as constructions

* identifying not only the orthographic symbols used (they’re what the corpus consists of),
but also recognizing digraphs and other spelling conventions
e.g., th, sh, ch in English; rz, sz, cz, $-si, etc. in Polish

phonemes as constructions
* identifying the consonant and vowel categories in language

words as constructions
* tokens in the corpus; broken vs. unbroken corpora (e.g., Chinese)
* lemmas and lemmatizers

morphological constructions

* morphemes, prefixes, derivational and inflectional suffixes

* with words and morphemes, we can begin to approach the phrasal and clausal levels from
below...

Two Problems:

Constructional depth and richness and long distance relations pose seemingly insurmountable
challenges for unsupervised methods.
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The problem of richness

Sample constructicon for oTBeyaTs/oTBETUTD
A constructicon entry for [oTBeyaTb/oTBeTUTB] based on examples in Dostoevsky's Becbl

A first guess might be:
[NOM otseyatb/oTBETUTL (DAT) (Ha +ACC)]
‘someone-NOM answer (someone-DAT) (Hat+ something-ACC)’

However, a manual inspection for examples in Dostoevsky’s becbl revealed a plethora of
constructions with this verb, such that the proposed construction might be something more
along the lines of the following:

[NOM (He) oTseuatb/oTBeTUTL (KOMY) (Ha (KAKOW) BoOMpoC) (, uto) (QUOTE) (NOM He...GEN) (KAK)
(KOT'AA) (uto/uTto-Hunbyab/uto-10) (TAE) (KYAA) (MOYEMY)]d
‘Someone (not) answer someone/something/that/“QUOTE”/NEGATIVE/how/when/something/where/to where/why’

[oTBeuYaTh/OTBETUTH]
[He oTBeyaTh/OTBETUTB]

[oTBeuyaTb/0TBETUTL Ha ACC]

[Ha (KAKOW) Bonpoc-ACC]

[Ha Mol nokAoH]

[Ha Bce aT0]

[Ha nucemo]

[Ha Moit NOBTOPUTEABHBIN CTYK U 30B]

[Ha HekoTOPpbIe aAobbl U 3arpochl]

[Ha Molt BOMpOCUTEABHBIN B3rAsA]
[oTBeyaTh/OTBETUTS, YTO...]
[oTBeuvaTb/oTBETUTE QUOTE]

[oTBeyaTb/oTBETUTL 32 ACC]
[3a aT0]

[He oTBeuvaTb/oTBeTUTE GEN] GEN possible if negated
[Huyero He oTBeyaTb/OTBETUTD]
[He oTBeyaTb/OTBETUTH HU CAOBA]

[He oTBeuvaTb/oTBeTUTE GEN] ACC possible if indefinite (4To/uTO-HUbBYAB/YTO-TO)

[oTBeyaTb/oTBETUTE KAK?]
|. [ADV]
2. other expressions
[c ueM]
[c (KAKOW) yAbi6Koit]
[nouTH ¢ HaTypaAbHbIM MpocToAyLLMEM]
[M1cemom]
[(KAKMNM) roaocom]
[ropabim B3rasiaom]
[npockboit AEAATH YTO]
[6e30 BCAKOro yAMBA€HUS TaKOMy BOMpOCY]
[cxoporoeopkoit]
[c npeHebpexeHnem]
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[TakuM peinapem]

[c Tem xe pasapaxeHuem]

[4yTb He B ropsuke]

[c camoto sicHOIO yABIGKOI]

[ToAbkO cMexoM]

[BonpocuTeAbHbIM AAMHHBIM B3FASIAOM , HE CAMLLKOM BMPOYEM YAMBAECHHBIM]

[B3aumMHOCTBIO]

[no ux maHepe, 4TO, AeCKaTb, TOHKOrO yMa M CO 3APaBbIM CyXXA€HUEM]

[Maao] (ACC or KAK?)

[c TouHOCTUIO]

[6e30 BCAKOro caepa MEepBOHAYAABHOrO BHE3AMHOIO CBOErO BOAHEHWMS M 6e3 MaAeMliero cmylueHus,
KOTOpOEe MOTAO bbl CBUAETEABCTBOBATb O CO3HAHUM XOTs bbl KakoN-HUBYAb 32 cO60I0 BUHDI]

[oTBeuaTb/oTBETUTE KYAA?]
[cxBO3b ABEPM]
[B raaza]

[oTBeuyaTb/oTBETUTE TOYEMY?]
[3auem?]
[oT 6e3papHOCTH]
[moTomy?22?]

[MODAL oTBeyaTb/0TBETUTH]
[He Moub oTBeYaThb]
[Moub oTBETUTB]
[He xoTeTb oTBEYaTh]
[xoTeTb oTBETUTB]
[He cymeTb oTBETUTB]
[He ycneTb oTBeTUTB]
[MpeArOkKUTb OTBETUTD]
[MpocuTb Koro oTBeTUTBL]
[moAoxeHO BbIAG cMCTeMaTUYeCKM He OTBeYaTb]
[pewnTbesa He oTBeYaTh]
[nepecTaTb oTBeYaTh]
[He BUMAETb HapAOBHOCTU OTBEYaTh]
[c BMAMMOIO rOTOBHOCTMIO OTBEYaTh]
[HeBO3MOXHO OTBEYaTh]
[HeyxTo oTBevaTh]
[npukasate KOMY oTBevats]

a

[IMPERSONAL oTBeyaTb/oTBETUTH]
[TpyaHO oTBETUTB]

The problem of distance and intervening material

* Unsupervised techniques also face the problems of word order and long distances

* Something as simple as the presence of adverbs

* parenthetical comments are ubiquitous

* extreme examples such as this example from Bulgakov’'s Macmep n Maprapuma with the
CMOABKO, CKOAbKO ‘so much, as’ construction spread out over three exchanges in dialogue:

- Ho MeHs, koHeuHo, He CTOABKO MHTepecyloT aBTobYChbl, TeAedOHbI U MpoYas...
- AnnapaTtypa! - [NoAckasaA KAeTYATHIN.
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- COBePLLIeHHO BE€pHO, 6Aal’0AaPl0, - MEAAEHHO FOBOPHUA Mal TAXXEAbIM 6aCOM, - CKOAbKO ropasao 6oaee
BaXKHbIM BOMpoOC: UBAMEHNAUCD AU 3TN TOpPOXKaHe BH)’TPeHHe.’

“But I'm, of course, not so much interested in buses, telephones, and such...”
“Equipment!” prompted the checkered one.

“Absolutely, thank you,” slowly spoke the magician with a heavy bass.

“as in a much more important question: have these city-dwellers changed internally?”

Identifying Constructions: Procedure

* working with modified Uppsala Corpus (> million words)
* take most frequent multi-word collocates (e.g., 4-word, 3-word, 2-word) and mark the
corpus for these, taking them out of the picture from the beginning
* corpus analyzed with Linguistica (Goldsmith, The Linguistica Project)
* results in a morphologically tagged corpus
* three aligned versions of the corpus can be produced using the results
I) the original raw corpus
2) the corpus with stems and endings
3) the corpus with stems only
* perform the IBM-Brown algorithm on the corpus; use resulting categories to analyze certain
words and surrounding morphology
* divide the corpus into phrases (based on punctuation); use resulting phrases to look at
words and surrounding morphology
* use additional information on signatures (patterns of endings for a given stem) to identify
paradigms or categories

Uppsala Corpus

Chosen for its availabality (downloadable, raw text files) and size (> | million words; not too
large for experimenting with various algorithms and procedures). Transliterated text returned
to Cyrillic and entire corpus compiled as a single document with one-sentence per line.

In addition, | am using a randomly selected gold standard (>1500 words) comprised of:
<author=BukTop lNeaeuH, text=OmoH Pa, name=Victor Pelevin, book=Omon Ra, length=590 words>
<author=Mwuxaua Byarakos, text=beaas reapams, name=Mikhail Bulgakov, book=The White Guard, length=543 words>
<author=®.M. AocToesckuii, text=ManoT, name=Fyodor Dostoevsky, book=lIdiot, length=531 words>

crude method for identifying constructions from the top down
* take most frequent multi-word collocates
* for my corpus, 5-word (including punctuation) collocates

Aenro B TOM , uTO |17 C Apyrom cTopoHbl , 7
Aero B TOM, 14 B TOM , YTO B 7
B TOM YMCAE U 12 M TeM He MeHee 6
B camom aeae, 9 O TOM, YTO B 6
B 10O e Bpems 9 MapTuitHoro KoHTpoas

Ha MOM B3rAfiA , 8 npu LIK KMNCC 6
B cBA3u c aTum 8 COCTOUT B TOM , YTO 6
K COXaA€HUIO , He 7



Linguistica finds morphology from a raw corpus

John Goldsmith’s research group (linguistica.uchicago.edu) at the University of Chicago has
created a software package that explores structure in natural language, focusing on word
structure/morphology. The program finds morpheme boundaries, identifies stems and suffixes,
including case endings for languages with case.

Linguistica yields a broken, morphologically tagged
corpus

Raw Corpus

OMOH - uMsi He 0C060 4acToe M , MOXET , He CAMOe Jiyuwee , Kdkoe ObiBAeT

MeHsi Tak Ha3Ban oTel, , KOTOpLIA BCIO CBOKW XM3Hb NpopaboTan B MUAMLUMKM U XOTen
4YTOObBl S TOXE CTAN MUIULUOHEPOM

- Momn , OMKa , - 4YACTO FrOBOpPWUSI OH MHE , BbiNMMB , - MOWAEWb B MUAULMIO - TAK C
TAKMM MMEHEeM , A4 elye eCauM B NapTuio BCTYMMIWb

Morphologically-Tagged Corpus
OMOH - WMSi He 0CO6+0 4aCT+0e W , MOX+EeT , He CaMm+oe Jydw+ee , Kak+oe ObiB+deT

MeHs+NULL Tak+NULL Hase+an oTen , KOTOp+bid BCHO CBO+0 XW3H+b MpopaboT+an B

MUNU+UMM U XOT+esl , YTOObl S TOXe CTA+1 MUJIULMNOHEP+OM

- Movmm , Omka , - 4act+o roBopu+n oH MHe+NULL , Bbinmu+B , - nong+ewb B
munu+umio - Tak+NULL c+NULL Tak+um wMeH+em , pa+NULL ewe ecan B napT+uio
BCTYN+UWWb

* marks the endings on analyzed words
* outputs a lexicon of words and signatures of morphemes they combine with
KOTOP: asi Oro O€ O OM OMY OIO YIO bl€ bl bIM bIMU bIX
4394 hits; |3 endings
exa: A Aa AU Tb
| 19 occurrences, 4 endings
ABEP: €/ €L}, U b bMU biO SIM MU AX
32| occurrences, 9 endings
* all of which can be used to tag the original raw corpus
* stems and endings are not necessarily correct or what a linguist familiar with the language
would use if annotating manually
* Linguistica coded my toy corpus 68% of the time the same way | did

Examples:

by hand Linguistica
6bi+Aa vs. bbiAta
AEBYLUKty VS.  AeByuwt+ky
MH+e vs. MHe+NULL
Hero vs. Herto

oH+NULL VS. OH
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OH+a VS. OHa
OH+MU VS. OHU

c vs. c+NULL
Teb+e vs. Tetbe
yexata vs. yextaa

What can you do with a broken corpus?

* goal is to find case structure automatically (i.e., in an unsupervised way) from a raw corpus
* where to begin?

The case of prepositions

* adpositions have a close connection with their contiguous neighbors
* can we find them in an unsupervised fashion by comparing words and their right hand
neighbors?

Brown et al 1992: Algorithm for Finding Semantic Categories
* Brown et al 1992 identified semantic categories based on mutual information of words and

their neighbors

Friday Monday Thursday Wednesday Tuesday Saturday Sunday weekends Sundays Saturdays
June March July April January December October November September August

people guys folks fellows CEOs chaps doubters commies unfortunates blokes

down backwards ashore sideways southward northward overboard aloft downwards adrift
water gas coal liquid acid sand carbon steam shale iron

great big vast sudden mere sheer gigantic lifelong scant colossal

man woman boy girl lawyer doctor guy farmer teacher citizen

American Indian European Japanese German African Catholic Israeli Italian Arab

pressure temperature permeability density porosity stress velocity viscosity gravity tension
mother wife father son husband brother daughter sister boss uncle

machine device controller processor CPU printer spindle subsystem compiler plotter

John George James Bob Robert Paul William Jim David Mike

anyone someone anybody somebody

feet miles pounds degrees inches barrels tons acres meters bytes

director chief professor commissioner commander treasurer founder superintendent dean custodian
liberal conservative parliamentary royal progressive Tory provisional separatist federalist PQ
had hadn't hath would've could've should've must've might've

asking telling wondering instructing informing kidding reminding bothering thanking deposing
that tha theat

head body hands eyes voice arm seat eye hair mouth

(Brown et al 1992: 475)
* Using the implementation of the Brown algorithm found in Liang 2005, | asked for up to 10
categories for corpus data from a number of languages
* among the categories identified, one in particular stands out for its concentration of
prepositions
* aside from Russian and Polish (see below), this phenomenon holds up when the algorithm is
run for other languages as well (e.g., Czech, Latin, German, French, Dutch)
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on the Uppsala Corpus with 20 categories in Russian

requested up to 20 categories requested; data was raw Uppsala Corpus, broken into
phrases by punctuation and made all lower-case

returned |9 categories

reveals more than one interesting category (but for prepositions, see below, it wasn’t as
good)

Category |

* the comma,

* [+ low frequency items]

Category 2

* B, Ha, G K, MO, ! U3, OT, 33, ¥, |, AAs, O, (, AO, NpK, NoA, 6e3, co, NocAe, ;, YEPE3, MEXKAY,
06, nepea, Haa, CpeAU, OKOAO, KPOME, U3-3a, NMPO, NMPOTUB, C_, BO3A€, BMECTO, CKBO3b, aH,
PaAM, U3-MoA, BAOAb, Baaropaps

* [these items with frequency >100; 86% are prepositions]

* 36 prepositions

* Punctuation : ? ! ; and the open parenthesis

* theinitial C., AH

Category 3

* the period .

* [+ low frequency items]

Category 4

* 2, HO, OAHaKo, NpuyemM

* among less frequent items, lot of verbal adverbs and participles

Category 5

* U, UAU

* [less frequent items]

Category 6

* one with lots of GEN and possessive items

Category 7

* one with a high proportion of question words/relative conjuctions

Category 8

* another one with question words/relative conjuctions

Category 9

* one with forms of 6bITb, lots of modal particles

Category 10

* one with names, kinship, personal pronouns

Category ||

* one with infinitives and 6b1/6

Category 12

* one with comparatives

But all of these have to be taken with a grain of salt. Even when tendencies seem to jump
out, they jump out from lots of junk. None of the other categories are so good as the
preposition category and that one wasn’t as good here with more categories as it is with
fewer categories requested
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the “preposition” category in Russian

Ha

no
us
oT
3a

top 35 items in one category by frequency

33 out of top 35 hits in one category are prepositions (94%); Brown Algorithm on raw
corpus broken into phrases, |10 categories requested

improved over this algorithm with the raw |-sentence-per-line corpus where 24 out of top
35 hits had found Russian prepositions (69%)

28576 AAS 2984 mexay 593 BO3AE 141
15474 o 2982 06 589 cko3b |41
10537 Ao 1971 nepea 572 AH 134
5417 npu 1364 HaA 556 Coseta 30
5227 noa 1201 okoro 320 Bmecto |18
4150 6e3 115 cpean 300 us-nop 106
3804 co 991 us-3a 262 paAu 106
3580 nocae 712 npo 245 BAOAb 104
3051 yepes 660 npotus 230

Multiple Correspondence Analysis (MCA) of Prepositions

preposition plus morphology of neighbor to the right; retain the top 25 most frequent
signatures of preposition plus the morphology | or 2 of the right-hand neighbors,
e.g., MOCAe, MEXAY...

nocae +a nocae +us nocae +ku nocae +Horo nocae +ux

nocae +toro nocae +u nocae +sa nocae +uuun nocae +oro +us
nocae +ro nocae Toro, nocAe 4yero nocae +os nocae +bi .

nocae +bl nocae +oro +a nocae +bix rocae , nocae Toro +NULL
rnocae Toro nocae +omn nocae +ol , nocae +a +a nocae +a,

Mexay +tamu mexay +NULL MexaAy +tamu , MexAy +HbIMMU MexAy +umu +amm
MexAy +oi MexAy +M MeXAy +oi 1 MEXAY HUMM . MexAy teit

Mexay tom MexAy t+biMu MeXAY AByMA MexAy tamu m MexAy +ou .
MEeXAY HUMM Mexay tm, MexAy tamu . MexAy +tamu MexAy tbimu +amu
MexAy tom u MexAy tumm MEeXAY AOAbMMU MEeXAY HUMM , Mexay tem

measure of similarity among the prepositions and the possible forms or case endings to the
right; results in 2-D map of the prepositional space; conducted in R using the mca() function
map accounts for multiple case usage, case ending syncretism, general polysemy of the
prepositions

See Prezi for this talk for MCA graphs of these prepositions.
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Figure I:

MCA Analysis

32 Russian Prepositions (using top 25 morphemes from Rl and
RI1+R2) (forms selected by 35 most frequent items in one of the
categories found by the Brown Algorithm)
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Figure 2:
MCA Analysis

32 Russian Prepositions (using top 25 morphemes from Rl and
RI1+R2); manually omitting non-prepositions and one anomolous
preposition
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Preliminary Conclusions and Future Directions

the unsupervised morphological analysis provided by Linguistica makes it possible to partially
annotate raw corpora and then align multiple versions of the corpus (raw, broken, stems,
morphology)

additional information provided by linguistica may make it possible to get to POS
identification and identification of paradigms

these additional discoveries can then be fed back into further annotations to the corpus

the Brown et all 1992 approach makes it possible to find some semantic categories from
raw corpora

these algorithms are not language specific

these tools provide us with corpora that can be employed in a Computational Construction
Grammar approach in order to build up the constructicon of a language

aside from the unsupervised approach, the morphologically annotated corpora from
Linguistica can be used to explore other phenomena

the resultant richly-annotated corpora will provide material for quantitative methods such
as Behavioral Profile (BP) analysis (Divjak 2006, Divjak & Gries 2006), Multidimensional
Scaling-Optimal Classification Method (MDS-OC) analysis (Clancy 2006, Feist 2008), and
other techniques such as Multiple Correspondence Analysis (MCA)

if multi-word collocations, prepositional phrases, and some other constructions can be
identified, then the corpus can be collapsed in those areas and further combinations words
and neighbors can be explored

there is much room for experimentation with the methods, variables, and approaches used
in this study, for instance word + R| morphology vs. word + RI1&R2 morphology

the goal is to identify a constructicon that will approach the ~1000 constructions identified
in studies of the Russian and Czech case systems (Janda and Clancy 2002, 2006)



