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Short Definitions to CL, NLP, LLM —1/3

* Linguistics is the scientific study of language. It span both theoretical and
practical applications. Theoretical linguistics is concerned with understanding the
universal and fundamental nature of language and developing a general
theoretical framework for describing it. Applied linguistics seeks to utilize the
scientific findings of the study of language for practical purposes, such as
developing methods of improving language education and literacy.

Linguistics emerged from the field of philology. Linguistics is also related to the
philosophy of language, stylistics, rhetoric, semiotics, lexicography, and
translation.

» Computational Linguistics (CL) is an interdisciplinary field concerned with the
computational modelling of natural language, as well as the study of appropriate
computational approaches to linguistic questions. Computational linguistics
draws upon linguistics, computer science, artificial intelligence, logic, philosophy,
cognitive science.
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* Natural Language Understanding (NLU) is the effort, methods, tools and
techniques to transform the human/natural language text to some structured
form (like Predicate Calculus, FRL, KL-ONE, Case Grammars, etc) and handle it by
computers.

* Natural Language Generation (NLG) is the reverse. It is a software process that
produces natural written or spoken text from structured and unstructured data.

* Natural Language Processing (NLP) is a broader term. It is a branch of Artificial
Intelligence%AI) which enables computers to analyze and synthesize natural
(human) language and speech. It includes both NLU and NLG and more others:

Summarization,

Question Answering,
Machine Translation,

Text Classifications,
Sentiment Analysis,
Named Entity Recognition,



Short Definitions to CL, NLP, LLM — 3/3

e Large Language Models (LLMs) is a software process that uses deep
learning techniques and massively large data sets to learn how to
understand and generate natural text

* The process of evolution of language models has gone under four main
stages:

* The first stage was in 1990s, where statistical models on n-gram languages were used
both in NLP and Information Retrieval tasks

* The next stage involved the use of neural networks, such as RNNs, to be replaced
later by the more efficient bi-LSTM models, leading to the class of Pre-trained
Language Models (PLMs)

* However, those models’ performance excelled when the model’s size or the data size
was significantly increased

* This was the opening of today’s Large Language Models (LLMs)



Detailed presentation of CL

* The CL field overlapped with artificial intelligence since the efforts in
the United States in the 1950s to use computers to automatically
translate texts from foreign languages, particularly Russian scientific
journals, into English. Since rule-based approaches were able to make
arithmetic (systematic) calculations much faster and more accurately
than humans, it was expected that lexicon, morphology, syntax and
semantics can be learned using explicit rules, as well. After the failure
of rule-based approaches, the term Computational Linguistics is
coined in order to distinguish the field from Al.

* CLis a very active disciplinary supported by the Association of
Computational Linguistics (ACL) and its more well known events are
the COLING Conferences
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» Systems, models and applications that can produce discourse (written text or oral speech)
with meaning not recognized as artificial

» Stages: Planning, Microplanning, Realizing, Presenting (optional)

» Planning - decide what is:
» the most interesting parts of input data (structured data),
» the order of communicated ideas/facts,
» the hidden rhetorical relations [cause, sequence, etc]

» Microplanning:
» aggregation,
» anaphora generation,
» selection of lexical items,
» decide the syntactic



Detailed Presentation of NLG 2/2

» Realizing morphologically and orthographically correct discourse:
» inflection,
» orthography,
» ordering of adjectives.

» Presenting (optional stage):
» Written text: Titles, Emphasis (e.g. bold), punctuation marks
» Oral speaches: Intonation, Sentence Type (Affirmative, Negative, Imperative,
Exclamatory, Interrogative)

» Prerequisite for NLG is NLU



Detailed Presentation of NLU 1/7

» NLU is the translation of human/natural language text to some structured form (Predicate
Calculus, FRL, KL-ONE, Case Grammars, etc)

» Natural Language Understanding follows (usually) the following tasks:
» Tokenization,
» Part of Speech Tagging,
» Syntactic Analysis,
» Structural Disambiguation (Resolution of Syntactic Ambiguity),
» Word Sense Disambiguation,
» Semantic Representation,
» Anaphora Resolution,
» Optional Tasks: Affective Computing, Discourse Analysis, Pragmatics.



NLU 2/7 | |
Constituent Parsing versus Dependency Parsing

"Jennifer drove her car, for four kilometers"

drove
//SL
Iy /WJD\D
Vv
pln V/Knp prep/knp nsubj dobj %o
. ‘ “N\
Jennifer pospr n  for adj n
drive .
her car four kilometer _
Jennifer car for
s( np(n(pn(Jennifer))),
vp( vp( v(drive), poss pobj
np(pospr(her), n(car))) her Hkﬂ#;;Er

pp( prep(for),
np(adj(four), n(kilometer)))

rmirrod

four



NLU 3/7  Structural Disambiguation
(Resolution of Syntactic Ambiguity)

syntactic/parse (phrase structure) trees (in nested lists form)
resulting from the sentence "Look at the dog with one eye."

s( np(n(you))
vp( v(look),
pp (p(at),np(det(the),n(dog))),
pp (p(with),np(adj(one),n(eye)))
)
)

s( np(n(you))
vp( v(look),
pp ( p(at),
np( det(the),
n(dog),
pp(p(with), np(adj(one),n(eye)))
)



NLU 4/7 . .
Semantic representation

e.g. “Jennifer drove her car, for four kilometers”

DRIVE

Acceptable Thematic Roles:
Agent, Theme, Source, Destination, Location, Extent, Duration, Time

Selectional Restrictions:

Jennifer drove her car for four kilometers

drive WHAT was the event?

T =
Agen [ Jennifer | WHO did the event?
Il'l-_l"
Theme r ~ To WHOM was it done?
1 Car Usually a participant
undergoing a change of location
Extent 4km Range or degree of change
Time . ™
| Past |WHEN was the event done?
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Thematic
Roles
according
o
verbnet

Table 2: Thematic roles and example classes that use them

Actor: used for some communication classes (e.g., Chitchat-37.6, Marry-36.2, Meet-36.2) when both arguments can be considered symmetrical (pseudo-agents).
Agent: generally a human or an animate subject. Used mostly as a volitional agent, but also used in VerbNet for internally controlled subjects such as forces and machines.
Asset: used for the Sum of Money Alternation, present in classes such as Build-26.1, Get-13.5.1, and Qbtain-13.5.2 with "currency’ as a selectional restriction.
attribute of Patient/Theme refers to a quality of something that is being changed, as in (The price)att of oil soared. At the moment, we have only one class using this
Attribute: role Calibratable cos-45.6 to capture the Possessor Subject Possessor-Attribute Factoring Alternation. The selectional restriction “scalar' (defined as a quantity, such as
mass, length, time, or temperature, which is completely specified by a number on an appropriate scale) ensures the nature of Attribute.
Beneficiary: the entity that benefits from some action. Used by such classes asBuild-26.1, Get-13.5.1, Performance-26.7, Preparing-26.3, and Steal-10.5. Generally introduced by
the preposition “for’, or double object variant in the benefactive alternation.
Cause: used mostly by classes involving Psychological Verbs and Verbs Involving the Body.
Location,
Destination, |used for spatial locations.
Source:

Destination:

end point of the motion, or direction towards which the motion is directed. Used with a "to" prepositional phrase by classes of change of location, such as Banish-10.2,
and Verbs of Sending and Carrying. Also used as location direct objects in classes where the concept of destination is implicit (and location could not be Source), such
as Butter-9.9, or Image impression-25.1.

Source:

start point of the motion. Usually introduced by a source prepositional phrase (mostly headed by “from' or “out of'). It is also used as a direct object in such classes as
Clear-10.3, Leave-51.2, and Wipe instr-10.4.2.

Location:

underspecified destination, source, or place, in general introduced by a locative or path prepositional phrase.

Experiencer:

used for a participant that is aware or experiencing something. In VerbNet it is used by classes involving Psychological Verbs, Verbs of Perception, Touch, and Verbs
Involving the Body.

Extent: used only in the Calibratable-45.6 class, to specify the range or degree of change, as in The price of oil soared (10%)ext. This role may be added to other classes.
used for objects (or forces) that come in contact with an object and cause some change in them. Generally introduced by a “with' prepositional phrase. Also used as a
Instrument:  |subject in the Instrument Subject Alternation and as a direct object in the Poke-19 class for the Through/With Alternation and in the Hit-18.1 class for the With/Against

Alternation.

Material and

used in the Build and Grow classes to capture the key semantic components of the arguments. Used by classes from Verbs of Creation and Transformation that allow

Product: for the Material/Product Alternation.
Material: start point of transformation.
Product: end result of transformation.
used for participants that are undergoing a process or that have been affected in some way. Verbs that explicitly (or implicitly) express changes of state have Patient
Patient: as their usual direct object. We also use Patient1 and Patient2 for some classes of Verbs of Combining and Attaching and Verbs of Separating and Disassembling,
where there are two roles that undergo some change with no clear distinction between them.
Predicate: used for classes with a predicative complement.
Recipient: target of the transfer. Used by some classes of Verbs of Change of Possession, Verbs of Communication, and Verbs Involving the Body. The selection restrictions on
this role always allow for animate and sometimes for organization recipients.
Stimulus: used by Verbs of Perception for events or objects that elicit some response from an xperiencer. This role usually imposes no restrictions.
Theme: used for participants in a location or undergoing a change of location. Also, Themel and Theme2 are used for a few classes where there seems to be no distinction
between the arguments, such as Differ-23.4 and Exchange-13.6 classes.
Time: class-specific role, used in Begin-55.1 class to express time.
Topic: topic of communication verbs to handle theme/topic of the conversation or transfer of message. In some cases, like the verbs in the Say-37.7 class, it would seem

better to have "Message' instead of "Topic', but we decided not to proliferate the number of roles.

https://verbs.colorado.edu/verbnet/ --> kaptéda (tab) "About VerbNet" --> scroll down
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MNpétaon Verb Agent Destination Co-Agent Instrument Patient IxoAwo
O MovayLATne Oiye oto Béatpo

ELEEETIEEELE s s s ERTE T g CEEEET s i R e
Neutral, Singular,
______________________________________________________________________________ D I O
_______________________________________________________________________________________________________________________________________________ DT e BT EIED e SR LD s
NP(DET(0), PP(PREP(oT0), PP(PREP({usg), DET(t0), avTL yio ADP xprjowpomnolw PREP
PROPN(Mavaywwtnc)) NOUN(B2utpo)) NOUN(Aswdopzio)) (mpaBean, preposition)
O Movoy LATNC ORye OTo BEaTpo
He TN AAUNTEX YAV e NaveyTng Ofarpo B DO e
Neutral, Singular,
_______________________________________________________________________________ Indicative, Aorist, Singular, 3rd _ Male, Singular, Nominative Nominative  Female Singular, Nominative
_______________________________________________________________________________________________________________________________________________ L L L L L L Y
NP(DET(0), PP(PREP(oT0), PP(PREP(pe), DET(tn),
PROPN({Mavaywwtnc)) NOUN(B£atpo)) PROPN{ARunTpa))
0 Movoy LATNC OAYE Tn ARUNTpo Epwtnon: Noti n ¢pdaon "t
oto Eevodoyelo (autd to mapadeypa Anuntpa’ tomoBeteital oto
Sev undpyet ot and 1-6-2024 onuacwohoyikd poho Patient kot
ONUELWOELC HOU) Tnyaive Mavayuatng fevoboyeio Afuntpo oy otov Co-Agent;
"""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""" Selectional restriction Semantic
Neutral, Singular, Female, Singular, role Co-Agent: ZuvriBwc PP pe PREP
Indicative, Aorist, Singular, 3rd Male, Singular, Nominative Nominative Nominative "pe'.
"""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""" Selectional restriction Semantic
role Patient: ZuvriBweg NP os B&on
Direct Object (Ovopatiki Mpdon -
0 MNavaywwtne oto fevoboyeio n AfjunTpa NP - mov akohouBel to prjpa).

Anévtnon: Norti n opdon 't

AfunTpa’ sival NP ko oyt PP ko

w¢ ek ToUToU Bev ExeL Tnv pobeon
NP(DET(0), PP(PREP(oT0), NP{DET({tn), 'ne’ fj dAAn avdAoyn. Emuthéov
PROPN(Mavaywwtnc)) NOUN(fevoboyeio)) PROPN(Afuntpa)) givan Direct Object oto prjpc.
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MNpoétaon Verb Agent Destination Co-Agent Instrument Patient IxoAwo

O MovoylaTne OAyE oTo 8fxTpo

HE TO OPOXOT LOKO AfQopelo mnyaivio Navayuwwtne Béatpo Aswdopeio

Neutral, Singular,

Indicative, Aorist, Singular, 3rd Male, Singular, Nominative Nominative Neutral, Singular, Nominative

PP(PREP({u&), DET(to),

NP(DET(O), PP(PREP(oT0), AD](npoaotiakd),
PROPN{Mavaywwtng)) NOUN(D£atpo)) NOUN(Aewdopeio))
0 MovoaylaTne niye orto BéaTpo
B 1 2 e BT, s
Neutral, Singular,
______________________________________________________________________________ ity AT EIEE 2 S JEIEE I LI e e e B ST LITIITEILE e
O Mavaywwtng oto Béatpo pe Tnv opopdn Afuntpa
"""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""" PP(PREP(pe), DET(tnv),
NP({DET(0), PP(PREP(oT0), ADJ{dpopdn),
PROPN({Mavaywwtnc)) NOUN(B2atpo)) PROPN(Anuntpa))

O MovoyldTne OAye oto SExTpo
e Tnv ayamnpévn tov fefear myelvew ] Navaywtg | 8éatpo AL S e S

Neutral, Singular,

______________________________________________________________________________ Indicative, Aorist, Singular, 3rd | Male, Singular, Nominative|Nominative  |Female, Singular, Nominative | e e
O Mavoyuwtneg oto Béatpo He TNV ayannuévn tou Beia

T pp(PREP (), DET(tRV), 8w n A&En 'Tou’ Sev elval DET
NP(DET(O), PP{PREP(oT0), ADJ{ayamnuévn), ahAd eival POSPRO (possesive

PROPN{Mavaywwtng)) NOUN(B£atpo)) POSPRO(tou), NOUN(Deia)) pronoun)



Mmopeig va pou SWwOELG TOUG ap)LKoUg XPOVOUC TOU PIIHOTOC TIAEKW
OTNV EVEPYNTIKN Pwvr) oTa vea eAnvika, Stakpivovtog Tov
MeA\ovta og oTyplaio, eEakoAouvBnTikO Kol CUVTEAEOHEVO;

D eta I | e d &) Puoika! Zta Nea EAANVIKG, oL ap)Lkoi XpOvoL TOU PHOTOC TIAEKW OTNV EVEPYNTIKI (PWVI, UE

diakplon Tov MeAovta, mapovatalovtal we €N

Drese ntatio n o EveoTtwToCg: TMAEKW
Of L L I\/I S Wit h o TMopaTaTIKOC: £MAEKA

¢ MeAAovTog:

u S a g e e ITypaiog: Ba mAew
exa m p ‘ e S ¢ E&akoAouOnTikog: Ba TmAEKW

e JuvteAeopevog: Ba £xw TAEEEL
1/9 e AoploTtocg: emAeta

e [Mapakeipevog: £xw TIAEEEL

e YmepouvteAikog: eixa TAEEEL

Av ypealeoat kaTL emumAéov, Tieg pou! ©
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®

Mropeig va pou SWOELG TOUG apXLKOVE XPOVOUG TOL PrHatog PAETTW
OTNV EVEPYNTIKI (PUVH OTA VEX EAANVIKG;

BePBaiwg! Ot apyikol xpovol Tou prpatog PAETTw otnv evepynTikn pwvn ota Nea EAAnvika eivar ot
g&nc:
e Eveotwrtog: PATW
e [apatatikog: pAema
e MEéeAAovTog:
* E&akolouBnTikog: Ba PAenw
¢ ITypaioq: Oo dw
s JuvteAeopevog: Ba exw Sel
¢ AoploTog: slda
e [lapakeipevog: xw O&l

e YmepouvteAKoG: elxa Sel



ChatGPT

Mrtopeig va pou Ppelg Toug ap)IKkoug Xpovoug oTa Vea EAANVIKG Tou

D eta I | e d PHHATOC TPWW;
D re S e n tat I O n ©®  Bepaiwc! Ol apyikol xpdvoL TOU PHUOTOC TPLIW TNV EVePYNTIKY GV oTa Néa EAAnViké eivai ot

e€ne:

Of I— I— I\/l S W it h e EveotwTtOg TpWw
u S a ge ¢ [opatatikog: ETpwya

e MeAlovTac:

exa m p ‘ e S ¢ EfakoAouvOnTikog: Ba Tpww
3/9 e ITypaioq: Oa paw

e ZuvteAeopevog: Ba £xw QAEl

¢ AoploTOG: Epayal
¢ [Mopoakeipevog: £xw PAEL

¢ YmepouvTEALKOG: i} (pAEL
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Detailed
P re S e n ta t I O n Mmopeic va pov dwoelg Toug ap)IKoug XpOVoug OTa VEX EAANVIKA

TOV PHHATOG TPWYOHAL OTNV TaBnTIKN pwvr), SlakpivovTtag To

Of L L I\/I S W i t h peAovTa o £okoAoOLONTIKO, OTIYHLOHO KOl CUVTEAECHEVO;
u S a g e G BeBaiwc! To pApa "tpwyopat” otnv maBnTikn (v, He Tn S1AKpLon Tou HEANOVTO OF

examples 4/9

e£oKOAOUONTIKO, OTIYIALO KOl TUVTEAEOHEVO, EXEL TOUG EENG OPXLKOUG X POVOUG:
* EveotwTtog Tpwyopal
o MopaTATIKOG TPWYOHOLV

e AOpPLOTOG TPAPW

Failure s s
e Mopakeipevog £Xw Tpopsi
(T p (l) e (b ’ — e EEakolouBnTikog péAdovtag Ba Tpwyopal

e ITypiaiog pEAdovtoag Ba Tpwbw

C O r rOt I O n * Juvteleopévog pEAAovTag o EXWw Tpagel

* YTePOUVTEALKOG: ElYO TPOEL 0
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KaAnotepa, Ba nBeAa val HETATPEYOLHE KATIOLEC TIPOTATELG OTIO
TNV EVEPYNTIKN ouvTagn otnv madntikr ouvtaén.

KoAnomépa! BePaiwe, ypdTe pou TiC TPoTATELC o BéAeTe va peTatpéoupe. &)
O lopdavnc peTepepe To yaha ato Yuyeio.

To yaha petapepBnke oto Yuyeio amo tov lopdavn.
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ExBec To Ppadu, o Navayiwtng EKave TPLOVTATIEVTE TOOUPEKILAL.

ExBec To Ppady, Tplavtamevte Tooupekia yvav amo tov [NovaywwTn.

O P dY OV
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Mrtopeig var pou PeTaTpEPELg TNV TIPOKATW TIPOTOON Ao
EVEPYNTIKN ouvtaén og ToBnTKn; O NavaywwTtng eixe &L TIg
ONMEWWOELG TOV KoBnynTn OTav TIr)YE VO TOV OUVAVTHOEL.

Ot onpewoelg Tou KaBnynTn eixav eldwBel amo Tov MNovayuwwTn 0Tav TIHYE Vo TOV CUVOVTHOEL

YTiapx el KL GAAOG TPOTIOC;

Nau, prropel va dtorumwBetl ko wg eENG:

OL onMeWwCELg TOV KABNYNTN £lXav Ndn yivel opateg amo Tov MNavaylwtn OTav TIHYE Vo TOV

TUVOVTHOEL
'H, av BeAovpe va ST priOOVME TN PUOIKOTNTA TOU AGYOU:

OL onpewwoelg Tou kaBnyntn eixav nén diaPfactei amo tov MNavaywTn OTAV TIHYE VA& TOV

OUVOIVTHOEL
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KAeldwoo Tnv mopTa TPV pUywW.

H Mapia emtAe€e eval OpopPpo KAgKoA yia Tn @iAn tne.
Eida eva evdloupepov VTOKIPHAVTEP OTNV TNAEOpAON.

H Mapia epoye To HECNHEPLAVO TNG YEVUAL.

O daokadog Agel pla LoTopia oToug paBnTeG Tov.

O natepag Pyadel TNV KapekAa oo TRV amoBnikn.

H pntépa Badel Ta povxa ato TAUVTNPLO.

O me(og Ppexel Ta OO TOL TIEPTIATWVTOG OTN Bpoxrn).

O oTpaTtnyog OTPEPEL TIC SUVANELG TOV TIPOC TN Ve KATevBuvaon.
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OploTe Ol IPOTAOELG HETATPETIPEVEC OE TIAONTIKH CVVTOEN:
1. H mopta kheldwoe mpv puyw.
2. 'Eva opop@o kagkoA MAEXTNKE amo Tn Mapia yia tn @iAn tnc.

3. ‘Eva evOlapepoV VTOKIPNAVTEP E1OE 0TV TnAsopaan.

4. To peonpeplavo yeupa paywbnke ano tn Mapia.

5. M woTtopla AéyeTal ano Tov SATKOAO 0TOVG HaBNTEG TO.
6. H kapekAa Pyaivel ammo Tnv amobnkn amno Tov maTepa.

7. Ta pouya pmaivouv 0To TIALUVTIPLO ATIO TN UNTEPQL.

8. Ta modia Tou meov PpexovTal TepTATWVTAC OTh Ppoxn.

9. Ou Suvapelg TOL OTPATNYOU OTPEPOVTAL TIPOC TN VEX KatewBuvan.

>0ot0 1: H ndépta kAewdmbnke [amd euéva] mptv eoyo.

20010 3: 'Eva evolopEpov VIOKIUOVTEP EL0MONKE [and euéva] otnv tnAEdpOo).



Weaknesses of NLPs

» NLU/NLG systems require skilled experts to create rules
» There exist numerous human languages with varying grammar and syntax

» Rules are numerous, complex, overlapping, or contradicting and significant
effort is needed for their maintenance

» R&D groups working on NLU/NLG worldwide are isolated and not sharing
their techniques and accomplishments, due to interests / competition

» Since languages evolve, NLU/NLG systems may become outdated
» Handling ambiguity and variability of natural languages is hard

» NLU/NLG systems may suffer from bias, originating on opinions of their
developers



Weaknesses of LLMSs

* are prone to produce misinformation, bias, and impolite language resulting from
their training data

e can generate fake, harmful, misleading, content, or propaganda, raising ethical
concerns

* tend to ‘hallucinate’ and produce, with full conviction, high quality text which
contains factually incorrect information

* since they rely on training data, use potentially obsolete information and may
generate responses that are no longer accurate or relevant

 operate like black boxes, without the possibility to interpret / explain why they
produced specific output

* are not easily controllable and when mistaken answers are identified, it is hard, if
not impossible to diagnose and fix the error

. maydhz(ajndle sensitive and personal data and measures for data protection are
neede

* are costly to train, since massive amounts of data, powerful computing systems
and significant energy consumption are needed



Resolving Weaknesses

o Life attitude / Ztdon {wnc

* Are you planning to accept passively whatever changes that the exciting technology
(and behind it the Companies) imposes. Young people prefer to be “?smart?” and
use the technology to gain whatever they want, without recognizing the drawbacks
and without asking why this is this way and not the other way.

* There is no money any more. They are starting to exchange the plastic bank (credit,
debit, prepaid) cards with other digital means (already done with smart mobiles).
This way, they will remove / cancel the bank cards. Next, they will be possibly decide
to cancel our fingers!

* Resolving Weaknesses of NLPs — Make rule-based NLP scientists to work
together and exchange technologies — Share their data resources — Spread
the knowledge (and the rules) humans create.

* Resolving Weaknesses of LLMs — Set the rule-based NLPs to correct the
weaknesses of LLMs — NLPs in the role of mentor for the LLMs — NLPs
auditing the LLMs

* mutually beneficial synergy of the two technologies (kowr enwdelia
oUPOTEPWYV CUVAELTOUPYLA TwV SUO TEXVOAOYLWV)



Resolving Weaknesses of LLMs — NLP Auditing 1/4

original

LLM result

correct conversion

in English

comment

in English

O Anuntpenc avtihappa-
VETAL TIC €ELOWOELC YLaTl
elval eéumvoc

,,,,,,,,,,,,,,,,,,,,,,,,

A A A AA A A AR A AP AAAAAPAPPRARARAPAARAAS A A AR A LA AP AP APPSR SAS

..........................................................................

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

OL e€LOWOELC AVTLAQLU-
Bavovtal amo tov An-
LATPN yatl elvol €€u-
TIVOG

\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\

\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

ypnos]

OL e€LOWOELC yivovTal aVTIANTITEC
Ao To AnUATEN yLoTl elval €€u-
TVOC

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\

Dimitris understands
equations because he is
smart

It is an unnatural /
strange sentence

The equations are understood by
Dimitris because he is smart
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original

LLM result

correct conversion

in English

comment

in English

O Mavaywwtng Bapletal
TOL TTAPTL

\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Ta aptL fapLovvtal
aro tov MNavaylwwtn

A AP, P A P P PP P PP PP PP PP PP PSPPI

Ta aptL yivovtat Bapeta otov MNa-
VOyLWTN

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

Panagiotis is bored of
parties

It is completely not
acceptable by native
speakers

Parties are getting boring for
Panagiotis
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original LLM result correct conversion

in English comment in English

EkpetaAAevovtal Touc OL puoikoil topoL ek- | OL duoikol mopol eival eKPeETAA-
dUOCLKOUC TTOPOUC HeTtaAAgvovtal Agvoluotl OR

[Ekmetallevontai tous [Oi fysikoi poroi ek- | Ot puoikoi mOpoL yivovtal avTiKeL-
fysikous porous] metallevontai] MEVO EKUETAAEUONG

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

AP PP PP PP PP L

\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\

\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\

\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\\

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

It is an unnatural /
strange sentence

Natural resources are exploitable
OR

Natural resources become object
of exploitation
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* Rule-based NLP/NLUs are the solution. There are specific rules for converting
sentences from active syntax to passive syntax when the verb of sentence is an
‘amtoBetikd’ [apothetiko] (deponent) verb. LLMs are not able (as our examples
prove) to learn such rules but Rule-based (or True) NLP/NLUs have this knowledge
(Rules existing in the literature which have been encoded to computer programs
by humans). We can mention one such (of the available rules):

* Auxiliary verb (elpot [eimai] / yivopat [ginomai]) + adjective form of the verb in passive
 Examples are:

e avtllapBavopal =2 yivopat avtiAnmnrtog [antilamvanomai - ginomai antiliptos]

e avtllapBavovtol =2 yivovtat avtiAnmnreg [antilamvanontai = ginontai antiliptes]

* (Greek verbs have person and number but Greek adjectives have case, number and sex)

* Consequently, in its simplest way, Rule-based (or True) NLP/NLUs can suggest
(send prompts) to LLMs of what auxiliary verb (gipat / yivopo) and which
adjectival form of the verb to be used for the passive syntax conversion of a
sentence having ‘amoBetikd’ [apothetiko] (deponent) verb.



Benefits and Challenges for Sciences

* Digitize your/their data

* Transform your/their tacit/implicit into explicit knowledge
(owwTmnpn kat pntn yvwon)
* Impose your rules for Auditing LLMs



THANK YOU!

* ANY QUESTIONS

« CONTACT
Nikitas N. Karanikolas
University of West Attica (UniWA)

Department of Informatics and Computer Engineering
nnk@uniwa.gr

http://users.uniwa.gr/nnk/
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Clarifications

 Some materials in this slides are additional from the original presentation (June 5, 2025).

e Other three works of mine are:

* “Large Language Models versus Natural Language Understanding and Generation”, PCI’2023
conference, https://doi.org/10.1145/3635059.3635104,

* “Strengths and Weaknesses of LLM-Based and Rule-Based NLP Technologies and Their Potential
Synergies”, MDPI Electronics 14(15), 2025, https://doi.org/10.3390/electronics14153064,

e “Understanding and Establishing Natural Lanﬁuage Understanding & Natural Language Generation
Technologies for reliable, ethical Al systems that don't impoverish the human languages”, BCI’2025
conference, find the publication of this work following the link
https://users.uniwa.gr/nnk/papers/EstabINLUandNLGTechForSysNotimpoverLang.pdf.

 Left part of slide 9 (Phrase structure Tree) is same with figure 5 of my paper in PCI’2023.
* Right part of slide 9 (Dependency Tree) is same with a figure of my paper in BCI’2025.

. Elalr’azsoezsécructure trees (nested lists) of Slide 10 are same with figure 6 of my paper in

 Slides 11, 27-30 are from material of my paper in MDPI Electronics.
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