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The case for (explicit) knowledge

e Much of what we know is abstract and
general

o LLMs are deeply unreliable when it
comes to knowledge like this

o Current systems have no real concept of 4
a bottle, a soldier, etc.

o Without explicit, manipulable
knowledge, our models will remain
uninterpretable and unreliable



What can be a solution?
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The Future is Neuro-Symbolic: Where has it been, and where is it going?”

 Frangois Chollet ©&

Vaishak Belle Gary Marcus

Obviously combining a code interpreter (which is a symbolic system of

enormous complexity) with a LLM is neurosymbolic. AlphaGo was
neurosymbolic as well. These are universally accepted definitions
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Abstract

This report explores the evolution and cument state of newro-
symbolic artificial mielligence, an approach thatl mlegrales
ncural network capabilities with symbolic reasoning. We
trace the histoncal context from carly Al aspiabons 10
modern mmplemontabons and sscorsaes, highlightng key
paradigms. and other logical and semantical considerations.
We arpue apzindt the “waling 15 all you meed” hypothesiz,
and point (o persistent chalkenges in neliable symbolic reason-
ing with docp and large modds. We conclude by suggesting
that despite numers implementation choices and the “broad
church™ nature of newro-symbolic Al these approaches offer
the most promising path towands Al systems tha combine
pattemn recognition with robust reasoning. particalarty for ap-

| s requinag stroctured knowledpe, explamabality, and

mastworthiness.

Introduction

Ini its onginal inception, the feld of anificial intelligence
(Al was deeply concermed with how human cognition
could be astomated on a computer (Tunng 1950). John
MeCarthy, for example, argued for the development of so-
called common: sense Programs that could reason and p:l\h-
lem solve, wsing the mathematical apparstus of logic for
formalising the application domain. The idea was arguably
radical at that iime (although Leibaiz had already wondened
abwt [hi:ILL;.I"Ij_,! &4 an _i.tb"n:bd e process | Lev cique 202N
Despite continuing exiensions of logical formalisms to
deal with actions, plans and agents (Levesque 1996; Kelly
and Pearce 2(08), three representational aspects severely
challenge this program: (a) the lack of complete knowledge
jithat is, an exhaustive formalisation) in almost all _1]'-|1!i.|._|-
tions, (b) the difficulty in asseriing that logical assertions are
categorically true, and (c) the need to leverage sensonmo-
tor data and relevant statistical patterns from that data. Sen-
sorimotor dats, including visual and suditory information,
moreover, is sampled from high-dimensional spaces, which
lead 1o the problem of scalability wath purely logical frame-
works, For 1:1._1:|:||1'.|;. a 16 = 16 Black and white image would
require, say. a data strocture with 216x 16 propositions 1o

"Contact author: Vaishak Belle, University of Edinburgh, UK;
emaul: vaihak @ ed a0 uk
iy right © 2005, Associstion for the Advancement of Arificial
Imtellipenoe (www.aasiorg . ALl nghis reserved

capture the pixel values, and for a dataset of 100,000 images
would require as many instances of such data structures

To deal with possibly false facts, and uncertainty in gen-
eral, probabilistic logics emerged (Bacchus 1990; Halpern
2003}, that allowed for a mixture of probabilistic and logical
assertions. However, because they inhented the expressave
power of (often first-order) logic but then further extendad it
for probabilistic knowledge, they (oo suffered from scalabil-
ity issues. And they largely glossed over the point of where
the probabilitics came from. Presumably, these need 1o be
drawn from data, but integrating the leaming of statistical
information and ensuring its consistency with prior logical
knowledge 15 a non-trivial matter (Valiant 1999).

When limited to graphs, Bayesian (and later cansal) net-
works offered a neasonable compromise between expert
kmm-l;q!gv: !q‘-é:c'lha wth ;:rui'\.'ﬁ%”idic .md '\1|.il.|i:-1'i\,:=|. |J:r-|:,\:'-
mation (Pearl 1998), and were amenable to cenain types
of learming from data (Koller and Friedman 2009). Buld-
ing on this suocess, the field of statistical relational leaming
(SRL) aimed to wnify logical and probabalistic frameworks
by controlling the expressivensss (Raadt et al. 2016}, such as
by investigating relations] extensions to Bayesian networks
(Koller and Pleffer 1997; Getoor ot al. 2001). Be that as it
imay, a purely expert-dnven paradigm for dedling with high-
dimensional data is i.I.I1!I.LI.'|.:n' L \uu{tc\d unless :hcl. T S
source data-heavy computation o neural networks.

From Neural to Neuro-Syvmbaolic

In the arcas of vision and speech, in the last two decades,
ncural network-based leaming began demonstrated out-
standing performance in paticm reCOENIlion ACross Com-
puter vision (Krizhevsky, Sutskever, and Hinton 2012), natu-
ral language processing, and recommendation systems. This
is owing o a cascade of improvemenis. Classically, nearal
networks were buili consisting of input, hidden, and output
layers with limited depth, but then “decp™ leaming archi-
tectures introduced multiple hidden layers, likely enabling
the learming of deeper hierarchical representations (although
these internal construciions are !J.r}:ﬂ} opaque 10 humans)
There were also

1. Architectural improvements: The development of con-
volutional neurzl networks (CNNg) for compuler Vision,
recurrent neural networks (RNNs) (Goodiellow et al



Al Paradigms: Neural, Symbolic,
and Hybrid (Neuro-Symbolic)

Neural ' @ Symbolic

(Deep Learning) ' W (Logic-Based Al)

e Pattern recggnﬂmn I,"'II '-_ 4 ¢ lses E'lelﬂft l'LlJEE-, |GQIC, and
from raw data | _ knowledge graphs

e Scalable with B« Naturally interpetable and
large datasets explamable

e Excels at images. ol Enables precise error-

language. and checking and
unstructured constraint
input. enforcement

Handles
olic log compin-
and knowledge = - atorial

* Performs multi-step reasumgs
and generalizes from few exam

-

* Reduces hallucinations via fact checking
and error correction.

e Offers human-readable :l
explanations with robust-outputs

» Bridgas the “generation—undestanding
gap.’in modern Al

* Powers real-world applications
(finance, healthcare, agents, corpliance)

www.ajithp.com



Knowledge engineering is the disciplined
process of designing, structuring, and
maintaining explicit, machine-readable

representations of domain knowledge to
enable reliable reasoning and decision-

making in Al systems.



e How LLMs can automate knowledge
engineering
e How knowledge engineering can
Improve LLMs



Research Questions (RQs)

Which LLMs?
cvaluation Which prompting techniques?
of ontologies Which evaluation metrics?

Which benefits and weaknesses?
How to guarantee the reproducibility of the
results?




e How LLMs can automate knowledge
engineering



The problems of knowledge engineering

O A

Manual and time-consuming Error prone Challenging for novice

ontology engineers



Ontology Engineering Assistant

w/o copilot w/ copilot




Development and Evaluation

Requirements (Competency questions):

Development University setting:

1-Which teacher teaches a specific course?

2-Total number of credits a teacher presents this semester?

Input: Output: 3-Give me a list of students in a course?
Requirements Ontology
_ NumberOfCredits
XSd:|nt —
Course
L Name
Xsdstnng # PresentedBy
d -
. «sd-date E ate Teacher-Course
Eval u at l 0 n Present

XSA:String  (E————————— Teacher
Input: Output:
Ontology Report

Report: Competency Questions 1 and 2 are modelled in the

ontology but the third one is missing




Can LLMs generate ontologies?



Prompting techniques

Methodology

Dataset

1- Memoryless CQbyCQ

2- Ontogenia

e 100 CQs

e 29 user stories
e Gold standard

ontologies

Ontology Generation Methods

1- Independent Ontology

(Generation

2- Incremental Ontology

(Generation




Evaluation

e OntOlogy Pitfall Scanner! (OOPS)
e CQ verification

e Expert evaluation



Results: OOPS!

Critical Pitfalls by OOPS!

N

MemorylessCQbyCQ

Ontogenia

|GPT-4 Llama“ ol

GPT-4 Llama* ol

P05 |Wrong inverse relationships 1 25 0 2 7 5
P06|Cycles in a class hierarchy 0 2 0 5 0 11|
P19|Multiple domains or ranges 23 32 1 4 15 0
P29 Wrong transitive relatiﬂnship 0 0 1 0 0 0
P37|Ontology not available | 2 0 0 0 0 O
P39|Ambiguous namespace [ 2 0 1 | 0 0

Takeaways:
Llama (3.1-405 B-instruct-bf16)— high number of pitfalls.

o1-preview — yields the least number of pitfalls

Prompting
Technigques

LLMs



Functional evaluation through CQ verification

A competency question is modelled by an ontology if you could write a SPARQL
guery to extract the answer (Blomqvist et al., 2012)

Story:
The context is about university
courses given by different teachers.

Competency Question:
What courses did Eva teach in this
period?



Functional evaluation through CQ verification

A competency question is modelled by an ontology if you could write a SPARQL
guery to extract the answer (Blomqvist et al., 2012)

Story:

_ . . Teacher Course
The context is about university
. . % @b

courses given by different teachers. 2, N

= &

& ,\032&
Competency Question:
What courses did Eva teach in this TeachingCourse
period?

Z
& o
o,)@

Xsd:Time Xsd:Time



Functional evaluation through CQ verification

A competency question is modelled by an ontology if you could write a SPARQL
guery to extract the answer (Blomqvist et al., 2012)

Story:

_ . . Teacher Course
The context is about university SELECT ?course
courses given by different teachers. 3, @&Q’ WHERE {
/;% *Q’% ?course ex:isPresented ?tc .
Competency Question: Pteacher ex:teaches ?tc .
What courses did Eva teach in this TeachingCourse >tc ex:start ?start ;
period? ex:end ?end .
NG
<0
Xsd:Time* © Xsd:Time
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Results: CQ verification
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Ontogenia Memless Ontogenia Memless
’ CQbyCQ J CQbyCQ

Proportion of modelled CQs

1 &l

o1-prev.
Ontogenia

Student
First Sub
(baseline)

Novice Ontology
Engineers

y
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Student
Last
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(baseline)




Results: Experts Evaluation

1- No label and comments on some classes and properties.

2- Loops in the taxonomy.

3- Multiple domains and ranges for some properties.

4- Unnecessary classes.

5- Duplicate classes or properties.

6- Not all CQs are properly modelled. -

/- Axioms are poorly defined for classes or no axioms at all.

8- Bad taxonomy or missing taxonomy.



Lippolis, Anna Sofia, Mohammad Javad Saeedizade, Robin Keskisarkka,
Sara Zuppiroli, Miguel Ceriani, Aldo Gangemi, Eva Blomqvist, and Andrea
Giovanni Nuzzolese. "Ontology generation using large language models." In
European Semantic Web Conference, pp. 321-341. Cham: Springer Nature
Switzerland, 2025.
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Can LLMs evaluate ontologies?

--------------
Tecnalegie et Cogrisions.



The problem of evaluation

-

.,

Test and revise ]

il

l||I _ﬂ'l- &

-~

.

Customer

Evaluate and revise

/

A



LLMs in the loop?

Test and revise ] 1

|

-"!I"'- o

r_
Customer

Evaluate and revise

LLM

€ .

. i

LLM



Functional evaluation through CQ verification

The user wants to know which competency questions are properly modelled in the ontology.

Unassisted mode Assisted mode




Research questions

. To what extent can LLMs evaluate ontologies using CQ verification?

. To what extent can LLMs assist ontology engineers in evaluating ontologies
through CQ verification, and what are the benefits and drawbacks of a hybrid
approach combining LLM suggestions with expert validation compared to
traditional human-only methods?

Eenighos Wb



Contributions

e New, dedicated dataset for ontology evaluation

e Automatic and semi-automatic CQ verification



Metric OntoEval OntoEval-smalli
Total CQs 1,393 20
Modelled CQs 1,204 10
Difficulty: simple 725 0
Difficulty: complex 135 20
Domains 33 6




RQ 1 Automatic evaluation

. - CQ = LHb"E'I !
Automatic Dataset ' - (Yes/MNa) : .
Evaluati (OntoEval) ' - Story [ '“F'rnmpl.: = LLM Matching with
valuation 3 : = SPAROL »| Gold Standard '-1 HEEUIEEI

-[ Ontology Label

e Models: o1-preview, 03-mini, GPT-40-0513

e Metric: macro-F1 on the full set and accuracy on the balanced set



. Semi-automatic evaluation

-~ ca | Label q00 |
- 5 ; : = o o, Matching with
i Dataset .' | (Yes/No) AT Decision L} oy standard
Evaluation (OntoEval-smal)| =] Story |— = Bfempti —~ LLM / Ontology sl Label R
e s L s = SPARQL | -= : . =|Resulls
(OE-Assist) — l_! ﬂnlﬂlﬁgyi '=.5E ngineers | | perceived
| " - i

o B protégé ‘ . DIH":U“F

e 19 users either expert and non-expert in ontology engineering
e 20 CQ verification tasks, 10 with LLM suggestions, 10 with not

e Answers were Yes, No, or | don’t know, followed by a 1-5 difficulty rating
e The order of the tasks was randomized every time
e A survey was given to obtain more information from the users



Ontology Evaluation

First Half Second Half

Not all assisted answers were correct. We wanted to know the effect of
wrong answers on people’s decisions.

Z%’@ Assisted mode




Semi-automatic evaluation: setup (assisted

CQ: When is the level of a chemical substance recorded in a

water bﬂdy? = o R e W o [ ; (\ protégé
Scenario: Context is about monitoring water quality by recording = - LR
M e . 4 = i Cla hip: fhaewewr Co-008 orgloriclogee s pa2005A 0N sz ze owlreget aranfiz ze Iriar o Ve
chemical substance levels to investigate potential links between ot |3 e
contaminated water sources and adverse public health A Thing Brcparty il
DomarConcept rfs.comiran Aty plzza hat does not have fah topping and does not hiee maal iooping = a Viegetarsnfzze
Dutcomes. ':{!I..l'll'.- Mombars of this chass do nod nesd Lo Rave any H.H'.'lm’ll]: al ol

= rdfs: balbeal Pizza'egolorians

orr el
v b ]
CheeseyPizza
LLM suggested answer: Yes arestingPlzzs
MealyFizIe &
L ] ol
v epelaianPEIe
el ekt 2o
SpicyPzza
SpicyPirzaboguivalent
VeptlananFizis
VepstananPirzalouraent|
VepetanarPoralouralent 2
= Pizznfinse
- PrzzaTopping
3 P R

Fizza
et (Feas Topping some FishTopping)
ruist (heas Topping mame Mal ToapEng)

SELECT 7chemicalSubstance ?waterBody 7date
WHERE {
?7clr a :ChemicallevelRecording .

7clr :hasRecordingDate ?7date .
tclr :recordsChemical ?chemicalSubstance .
?clr :recordedIn ?waterBody .

Is the CQ modelled?

How difficult was the CQ for you to solve?
(1: Very easy to 5: Very hard)




Semi-automatic evaluation: setup (unassisted

CQ: When is the level of a chemical substance recorded in a
water body?

Scenario: Context is about monitoring water quality by recording
chemical substance levels to investigate potential links between
contaminated water sources and adverse public health
outcomes.

Is the CQ modelled?

How difficult was the CQ for you to solve?
(1: Very easy to 5: Very hard)

i LI gy o FreT LIF e LT A | L

& [ g () protégé

W Matacalapirze ow) L Casses I Properiies & Indwiduals = Forms
. B¢ S=l T

& pizzaow Cla HEp: Serwrw Co-008 orglartaloges iz 2a/ 0054 0N Bz ze owlVegelananFiz za Inrferrod View

e [".c' £ 9 ¥ ﬁ )
Proporty ahao

: Coonawes g epl pof s comiram Arvy plzza lhal does nal Bave fish topping and does not have maat Iooping s o VegetarienPizze
Coundry Mombers of this class do nol need o have any toppngs of ol

- = rds: bkl Pizzayegolariana

. b ]
CheeseyPizza
risresingPize
ealyPizIo P S
HamedFiIIa & 5
HenVegHariarPaze
ReaRabarPizzn
SpicyPrIa
SpicyPir zabgqurvalend
VepslarianPizza
VepelananPizzalqurealent]
VepranatPo e abaus st 2

3 P raBiase

2 PrzzaTopping

E e ion

Pizza
reot (ems Topoirg somie FiehToppirg)
it (heas Topping moama el ToppEng)



Automatic evaluation: results

Model Macro-F; Accuracy
Dataset | OntoEval | OntoEval-small
Random baseline 0.43 0.50
GPT-40-0513  0.48 £0 0.55 +0
03-mini 0.58 +0.01/0.72 +0.02

ol-preview 0.66 0.75 £0.05



Accuracy

Semi-automatic evaluation: results

r=-=0.47, p=0.035
1.0 4

e Perceived difficulty decreased with

0.8
assistance

r e Most participants found the suggestions
useful and easy to learn, but about a fifth

0.4 reported distraction, especially when
CQs or labels were unclear

0.2

1.75 2.00 2.25 250 2./75 3.00 3.25

Average Reported Difficulty = @ ?l“



Semi-automatic evaluation: results

Overall performance did No significant difference between o1-
not change significantly. preview and Ontology Engineers.

Users Users Users
unassisted assisted unassisted

ol-preview

TER ST O i
e §
</ AL AT TAC G i
3 ol BN 02 | .
& = Natic =
LOT08 sl

|="5}




When LLM suggestions are incorrect...
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When LLM suggestions are correct...

if, 3§,
3% Bf3 .
i §3° ...Accuracy rises



The Tradeoff

e Efficiency and lower perceived difficulty come with the risk of over-trust.
e Two mitigations:
o pre-check suggested SPARQL against the actual ontology before
showing the label
o show a calibrated confidence or provenance for suggestions

Quality of the requirements matters: domain-specific CQ wording quality
and ontology documentation strongly affect outcomes.



The assisted development of ontologies

1- Difficult for both ontology engineers and LLMs--even though for different reasons

2- LLMs still need a human-in-the-loop for accurate results

LLM O,

Requireme

:: stories

| Custom
Elicit requirements

/" Project initiation \

and scoping

LR
Design team

k\. Cus Lamy

‘ﬂ

ﬂ
v
oDp Develop module(s)
repository starting from ODPs

€
IL
¢«
 »

LLM

]

5@ - "

Design pair

"
[ Test and revise
o
v
“
’ o Release module
>

Onlology module

-

L]

Release ontology
version

€
r
t

Customer
Evaluate and revise

S

¢
&

L

A

LLM

integrate and refactor

1]

LLM

ey ation
leam




GitHub repository

Lippolis, Anna Sofia, Mohammad Javad Saeedizade, Robin Keskisarkka,
Aldo Gangemi, Eva Blomqvist, and Andrea Giovanni Nuzzolese. "Large
Language Models Assisting Ontology Evaluation.” In International Semantic
Web Conference, pp. 502-520. Cham: Springer Nature Switzerland, 2025.
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How knowledge engineering can
Improve LLMs

-------------
Tecnalegie et Cogrisions.



The case of metaphor

00 @ S Human-level

conceptual
meaning

abstract
meaning /
metaphor s
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Title: one of them is my alt

Me and my 2 regular
- followers who always
likes my posts

Caption: Meme poster appreciates their only two
followers and one of them is their alternative account.

Figure 1: A meme and its title. The caption describes
what the meme poster was trying to convey.

WAKING UP s HARD




weapon

agent

place

CRIME

The crime epidemic is affecting our cities

DISEASE
type
source o
agent What is a metaphor?



Definitions

Sarah liked 10 go running i her neighborhood, Whenever she

'Lrulr went running, she always carried a candster of pepper spray
Metaphor Fq}r'.w.'dq:-r 12 and a whistle on her keychain, She trusted her neiglbors, bus

A she niever knew who elie might be out when she went jogging
! al 5 in the mormang.

Entailment All this ks their 2t This information belongs to them

informmatson nE;.'l.'in

Interior minastry worker Mo interior minkstry
Megation - was kilked by a - worker was Killed by a
Hﬁluﬂ- mit ey group MW ECETArY groaLp

Senlence o mmm Senlence = & porsan an a homse jumps aver 3 brokea-down sirplane

g —— king (RM) [RR] = person on a broken-down a horse jumps over airplane
; B « [RM] = a [MASK] on a [MASK] jumps over a broken-down [MASK]

sm ﬂ'.l.lﬂ-m Hﬂiﬂﬂ m » [RDD] =* a person on a horse broken-down airplane

Increasing Analogy Complexity

Waordnet word : Wordnet word abstraction®nf6 .. 4 general concepl formed by extracting
meaning commn featurnes from speafic examples
Clue = Crossword AMEN ' Famous last word
Waord pair - Weord pair Caleulator : Compute ;;  Clamp: Grip
Word = Word Blender n Appliance

Figure 2: Analogy taxonomy with six levels. The definitions of the analogies at each level and examples for each
analogy type from the datasets are indicated.

Wijesiriwardene, Thilini, et al. "ANALOGICAL--A Novel Benchmark for Long Text Analogy
Evaluation in Large Language Models." arXiv preprint arXiv:2305.05050 (2023).



Logic Augmented Generation

B
Fu_taw —_ Crime has infected
multimodal ; — communities everywhere
input « -
IMAGE TEXT
v
AMR parser | ]
and iinfect a sevent ;
:causerOfinfection :crime ;
AMRZFRED Jlocation ‘everywhere | rdfs:subClassOf ‘event;
converier -thingBecominginfected -:community .
FRED-LIKE KG = i

A

Prompt + ontology heuristics % 0Q

A4
:CrimeinfectonBlending a :Blending ;
‘hasBlending :Spread;
‘hasAmitude [Negative;
lisMetaphoncal - True ; .
‘hasBlendable ‘Infection, :Crime ; Gangemi, A., &
‘hasBlendedSpace :CnmeAsinfecton .
EXTENDED KG ;infection a ;Blendable ; NUZZO[GSG, A. G. (2025)
‘hasAgent [infectiousAgent | H
DEFINITION ‘hasHost :Victim . generation. Journal of
Cnme a :Blendable ; .
* METAPHOR ‘hasPerpetrator -CriminalAgent ; Web  Semantics, 85,
CRITERION “has\Victim WVctim | 100859
 SOURCE AND TARGET ‘hasSpread -Spread . :
MAPPINGS ‘CnmeAsinfection a ‘BlendedSpace |
« METAPHOR ROLES ‘blends :Crime, :Infection ;
MAPPINGS ‘hasBlendedAgent :Cominalfgent | T i
-hasBlendedProcess InfectiousProcess | TR Cﬂ Sl
hasBlendedHost :Victm ; 3¢ PPl 2 | ol
hﬂﬂmsﬂfﬂﬂ ENEM 7 % b ”:_: :' go'i.ﬁrl t]t(:_[it?ﬁnél




Logic Augmented Generation

e Multimodal

e LAG treats the LLM as a reactive KG
generator

e Enriches with implicit knowledge to an
extended KG under logical constraints

-------------
Tecnolegie (loia Cogrizions



source. GUN
Target: CAR KEYS
Blendng property. DANGEROUS

LAG prompt sample

Given a text T, its deriving
KG, and blending
instructions, along with
three examples, extend the
KG according to the

Blending Ontology [...]

Few-shot prompt sample

Given these three
examples, determine what
conceptual blendivisual
metaphor is in the image,
explicitly stating the
property.

Questionnaire

Look at these three
examples. [...] Similarly, we
ask you to identify the
source, target, and
property for each visual

melaphor presented.

LAG LLM response verbalization 4"

The danger or potential harm associated with the
gun. The metaphor could be implying that something
as mundane as a car can hold the potential for
vialence or harm.

Few-shot LLM response verbalization ®

The key property being transterred in this blend is
power. Just as a gun gives 1S user the power 10 cause
significant impact, the car key symbolizes the power 10
control and operate a vehicle. This metaphor suggests
that possessing a car key is akin 1o wielding a powerful
ool or weapon, emphasizing the sense of control,
authority, and potental that comes with owning and
driving & car,

Human response 1,/ Human response ®

Danger associated with
driving
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e

« 20 participants
* from students o researcher level
« Native English speakers or near-natne English

proficiency



Layer 1: Detection
- Binary classification
- Metrics: Accuracy, F1

Layer 2: Analysis
- Source/target identification
- Metrics: Semantic similarity
(BLEURT), Human expert
validation

Layer 3: Reasoning
- Property/blending
identification
- Metrics: Human expert
validation and error analysis

Layer 4: Generalization
- Comparison of the

Can the system
identify
metaphorical
language?

Can the system
analyze the
metaphor’s

meaning?

Can the system
justify the
analogical
mapping?

The most common line of inquiry

We need to look back at theories

We need explainable methods

How well does the
system work across
domains/modalities?

performance of the preceding
layers across domains and
modalities

We need data on domains - science
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A new dataset

Table 1: Summary of datasets statistics, including instances, percentage of metaphorical
sentences, and samples.

Dataset | # Instances - % Met. # Samples
MOH-X | 647 48.7 300

TroFi | 3737 | 43.5 300

WG | 447 100 447

| 49 (conceptual) [ I
BCMTD 49 (scientific) 66.6 147
49 (VUA)

Visual | 51 100 48
metaphors




LAG applied to metaphor: results

Table 2: Performance comparison of various methods for metaphor detection on MOH-X
and TroFi. Best performing results are in bold.

Method MOH-X TroFi

F1 (%) Acc. (%) | F1 (%) Acc.(%)
MetaPRO 84 81 79 70
TSI CMT* 82.5 82.9 66 66.8
LAG 89.7 87.3 89.7 84.6

Table 3: Performance metrics for the BCTMD Dataset for metaphor detection. Best
performing results are in bold.

Method | Accuracy (%) | F1 Score (%)
LAG 80.1 84.1
MetaPRO 69.1 69.8
Few-Shot 12 59.0 48.9
Few-Shot 6 | 52.4 45.2
- Few-Shot 3 | 47.5 | 42.8
Z.ero-shot 22.9 33.8




LAG applied to metaphor: ablation

Table 7: Ablation study results for MOH-X, TroFi, and BCMTD datasets. Best results

in bold.

Method MOH-X TroFi BCMTD
Acc.% | F1% | Acc.% | F1% | Acc.% | F1%
LAG - 87.3 | 89.7| 84.6 | 89.7 | 80.1 | 841
No Blending 81.6 87 81.9 86 78.6 85.2

- No Graph 78.6 82 83.9 87 70 73

LR ST B
T {I.._
ALY r “
=y Italian Naticnal

y |

<2 108 Research Coundil ] discionans



LAG applied to metaphor

e Achieves large gains on metaphor detection/understanding,
even surpassing human gold on visual metaphors

e Scientific metaphors remain hard, revealing the need for
domain-specific treatment

e Error analysis: LLMs show surface association strength but
weak relational reasoning; our method improves
iInterpretability and justification of metaphor predictions



Going back to our initial questions...

 LLMs and knowledge engineering form a loop: LLMs can accelerate ontology
generation and evaluation, while explicit ontologies and knowledge graphs
make LLM behaviour more reliable and interpretable.

e Assisted, not (yet) automated: LLMs already match or approach human
performance on many ontology tasks and reduce perceived difficulty, but still
need human oversight to avoid subtle logical and modelling errors.

 Towards neurosymbolic Al: Logic-Augmented Generation shows that injecting
formal knowledge improves multimodal metaphor understanding and
explanation, pointing toward practical neurosymbolic pipelines

e Reproducibility: work in progress



Reflections

e \We need to study heterogeneous domains

e What other KE tasks should be automated?

e Where should we draw the line in automation (so as to not
encourage over-trust)?

e The idea of a plugin for KE?

e What kinds of knowledge (commonsense, spatial, causal,
scientific, etc.) are most urgent to encode explicitly for LLM-
based systems?

e What new benchmarks and datasets are needed to evaluate
relational reasoning and domain-specific metaphor
understanding more rigorously?
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