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My first ESSLLI
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o Frege (1891, 1892): Verbs are unsaturated functions, they require to be completed by an argument.

Philosophy of Language

o Frege, G. (1892). Über Sinn und Bedeutung ("On Sense and Reference").

             The Morning Star  &  The Evening Star different senses (Sinn)
                                  
           Venus                          the same reference (Bedeutung)

Propositional Logic
Aristotle’ syllogism

Claudia Casadio

P1 All men are mortal
P2 Socrates is men
C: Socrates is mortal

Language & Reasoning interplay
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Logic & Language

Michael Moortgat

PhD Thesis, Utrecht University, 2002

Logic & Language

à Logic Representations (NLU)
à Built compositionally: logic rules
à Reasoning

 

All good AI researchers (attended ESSLLI lectures)+ 

No bad AI researchers (attended interesting lectures)- 

ESSLLI lectures ⊆ interesting lectures 

Core: Logical Words and 
Syntax-Semantics interfaceNo bad AI researchers attended ESSLLI lectures

All good AI researchers attended interesting lectures
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Frege in Space, Baroni, Bernardi, Zamparelli 2014 

M. Baroni       R. Zamparelli

Distributional Semantics

à Vector Representations (NLU)
à Beyond Lexicon: algebraic operations
à Reasoning (SICK dataset)

Core: Content words
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GuessWhat?!

Beyond task success: A closer look at jointly learning to see, ask, and GuessWhat, NAACL 2019
Ravi Shekhar, Aashish Venkatesh, Tim Baumgärtner, Elia Bruni, Barbara Plank, Raffaella 
Bernardi, Raquel Fernández

B. Plank            R. Fernández

à Vector representations 
à Sequence of polar Q-A turns (NLG 

and NLU)
à Visually Grounded Reasoning

Visually grounded conversation

Core: Model architecture and 
learning paradigm

Task Success

Our model RL model

è Quality of the dialogues
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Logic & Language
(NLU)

Distributional Semantics
(NLU)

Visually grounded conversations
(NLU & NLG)

à Logic Representation
à Built compositionally
à Logic Reasoning

  Core: Logical words

à Vector Representation
à Beyond Lexicon 
à Reasoning

Core: Content words

à Vector representation 
à Sequence of polar Q-A turns 
à Visually Grounded Reasoning 

Core: Model architecture and 
learning paradigm

From Formal Semantics to 
Conversational Vision Language Models
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First lesson I learned

There is no  pre-defined path

Research is driven by curiosity

While doing research in a team, you build for ever lasting relations
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LARGE LANGUAGE MODELS

Competence and Performance

Reasoning

Denotational 
Semantics
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Key points of Denotational Semantics

The meaning of an expression is the object it denotes.

Expression Denotation
John an entity
runs a set of entities

every a generalized quantifier (a set of sets of 
entities)

John runs a truth value

Ø Pretty good in representing Logical Words: e.g. negation and quantifiers

Ø Pretty good in accounting for Scope Ambiguity

10

è LLMs and Denotational Semantics key points



True False

X

X

a) People riding bicycles down 
the road approaching a dog

ACL 2017: Models were at chance level on FOIL-it

Bugliarello et al 2023: on verbs SOTA 90%
but they fail with spatial relations

èSOTA good in grounding nouns
èSOTA still struggles with verbs
Parcalabescu et al (Deep Mind) ACL 2022

CLIP: 89%  

Visually Grounded Verification Tasks:  
True vs False

b) People riding bicycles down 
the road approaching a bird

Ravi Shekhar

   
    
    
    
    
    
    
    
    
    

VLMs struggle with carefully designed 
verification tasks 

CVPR 2024: Tong, Liu, Zhai, Ma, LeCun, Xie 11



Testoni, Greco, Bernardi
Artificial Intelligence Models Do Not Ground Negation, Humans Do. GuessWhat?! 
Dialogues as a Case Study
Front. Big Data, 2022

Logical Words: Visually grounded 
negation

1. Is it an object?                     No
2. Is it a person?             Yes

Questioner                         Oracle

3. Does he have his right
arm on the other’s shoulder?      No

Claudio Greco
Alberto Testoni

   
    
    
    
    
    
    
    
    
    

Vision-Language Models Do Not Understand Negation, 
Alhamoud et al (MIT, OpenAI, Un. Oxford) CVPR 2025
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Sandro Pezzelle

Pezzelle et al Cognition 2018
Pezzelle et al NAACL 2018

Logical Words: Visually grounded 
quantifiers

   
    
    
    
    
    
    
    
    
    

VLMs, like humans, are influenced 
by object count in vague quantifier 
use. However, we find significant 
inconsistencies across models in 
different evaluation settings, 
suggesting that judging and 
producing vague quantifiers rely on 
two different processes.

Wong, Nouwen, Gatt, ACL 2025
VAQUUM: Are Vague Quantifiers Grounded in Visual Data?
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Logical Words: Generalized quantifiers 
Scope Ambiguity

    
     
     
     
     
     

   

Gaurav Kamath, Sebastian Schuster, Sowmya Vajjala, Siva Reddy
Scope Ambiguities in Large Language Models. TACL 2024

Using these datasets, we find 
evidence that several models 
(i) are sensitive to the meaning 

ambiguity in these sentences, 
in a way that patterns well with 
human judgments, and 

(ii) can successfully identify 
human-preferred readings at a 
high level of accuracy (over 
90% in some cases).
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Conclusion on Denotation

There is no semantics without denotation.
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LLMs may have learned to align with humans' preferred interpretations of 
logical words, but we cannot yet claim that they truly master them.

Venus

The morning star         The evening star

A. It is either an object or a person. 
B. Is it an object? No.
C. Therefore it’s a person.



LARGE LANGUAGE MODELS

Reasoning

Denotational 
Semantics
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è LLMs should be taken seriously as models of formal linguistic skills

è Models that master real-like language use would need to incorporate or develop not only a 
core language module, but also multiple non-language-specific cognitive capacities 
required for modelling thought.

 

Back to my interest: 
Language and Reasoning interplay. 
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Philipp Mondorf and Barbara Plank, COLM 2024 18



Large Scale Benchmarks to evaluate LLMs 
reasoning ability

19Cobbe et al, 2021



GSM-Symbolic, Apple 2024

20



Massive Benckmarks
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Syllogisms as a test bed for formal reasoning

Syllogisms are an ideal test bed for a deep examination of reasoning capabilities:

• Fixed inferential patterns (64 schemas)
• Some sets of premises admit conclusions (valid) and some do not (invalid)
• We have evidence on how humans solve them in practice → cognitive psychology
• We have an abstract model of how they can be solved → predicate logic

P1: All siameses are cats
P2: Some felines are not cats
C: Some felines are not siameses

Schema: AO3
P1: All a are b (A)
P2: Some c are not b  (O)
C: Some  c are not a 

Bertolazzi et. al. 2024. A systematic analysis of large language models as soft reasoners: The case of syllogistic inferences. EMNLP 2024.
Eisape et al 2024 A Systematic Comparison of Syllogistic Reasoning in Humans and Language Models, NAACL 2024
Lampinen et. al. 2024. Language models, like humans, show content effects on reasoning tasks. PNAS Nexus.
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LLMs do not treat syllogisms formally

Syllogism IA1

P1: Some cycluirts are schmeeft.
P2: All schmeeft are szeiag.
P3:  All szeiag are steaugs.
——————————————————
C: Some cycluirts are steaugs or some 
steaugs are cycluirts.

Syllogism EO1

P1: No dogs are felines.
P2: Some felines are not cats.
——————————————————
C: Nothing follows

Syllogism AO3

P1: All canines are dogs.
P2: Some labradors are not dogs.
——————————————————
C: Some labradors are not canines.

Bertolazzi et. al. 2024. A systematic analysis of large language models as soft reasoners: The case of syllogistic inferences. EMNLP 2024

Leaderboard approach
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LLMs and Humans’ reasoning

Human data from: Khemlani and Johnson-Laird 2012

We found that the behavior of LLaMA ZS-CoT is strongly 
predicted by the atmosphere heuristic. A model that has 
learned such a heuristic would never predict “nothing 
follows” conclusions, similar to observations made with 
other LLMs.  We hypothesize that they rely on a shallow 
pattern-matching strategy, using quantifiers as cues.24



Post-training: in-context learning (ICL) or 
supervised finetuning (SFT)?

SFTICL

Some felines are not siameses.
Nothing follows.

Some felines are not siameses. 
Some felines are siameses

Premises 
+

Options

LLM

Let’s think step by step. If we know 
that all siameses are cats and we 
also know that some felines are not 
cats, we can conclude that some 
felines are not siamese. Therefore 
my final answer is: Some felines are 
not siameses. 

Zero-shot CoT

Task Instruction

Premises 
+

Options

Task Instruction

LLM

Premises 
+

Options

LLM

ICL examples/SFT training:  pseudowords

Our results suggest that 
ü ICL does not mitigate 

reasoning biases
ü Through SFT models 

better learn to 
dissociate form from 
meaning, but not 
completely yet.
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Shekhar et al NAACL 2019

GuessWhat?!

REASONING

LANGUAGE
GENERATION

Beyond task Success:
Quality of the dialogues

interplay

Reasoning and NLG
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Language and Reasoning Interplay

Guess the target

1. Is it dotted? No

2. Is it round? Yes

3. Is it purple? No

4. It’s the orange one.  GUESSED

Hypothesis space with 8 members 
Hierarchically organized.

Optimal Questioner        Answerer

Ruggeri et al Frontiers in Psychology 2021

20- Q game

ChatGPT’s Information Seeking Strategy: Insights from the 20-Questions Game
Leonardo Bertolazzi, Davide Mazzaccara, Filippo Merlo, Raffaella Bernardi, INLG 2023

28

4Y child: Is it orange?



Q1: EIG = 1.0
Q2: EIG = 0.81
Q3: EIG = 0.0

Q4: EIG = 0.92

Q5: EIG = 1.0

Q6: EIG = 0.0   – unnecessary

Q7: EIG = 0.0 – unnecessary

Q8: EIG = 0.0 – unnecessary
Q9: EIG = 0.0 – unnecessary

Q10: Guess

Av. #Q

Optimal 3.5

4Y child 4.5

Chat-GPT 7.24

Expected Information Gain (EIG)

Again, Cognitive Science studies turned out to provide useful evaluation settings (and data)
29



GPT  in 2023

It misses  the
Language Use
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Dialogue Games: 
ü useful for evaluation

https://lm-playschool.github.io/

Workshop at EMNLP 2026
Improving Language Models 
through Learning from Dialogue 
Interaction

LLADIGA 3-Y project DFG and Provincia Autonoma di Bolzano

Triangulating LLM Progress through Benchmarks, Games, and Cognitive Tests
Filippo Momentè, Alessandro Suglia, Mario Giulianelli , Ambra Ferrari, Alexander Koller, Oliver Lemon, 
David Schlangen, Raquel Fernández , Raffaella Bernardi, ACL 2025

The power of interactive setting

Useful for efficient training to learn language use?

31

https://lm-playschool.github.io/
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Conclusion on Reasoning

There is no intelligence, without reasoning;

reasoning does not happen in isolation:
it happens within a linguistic or visual context, 
it unfolds through interaction.

32

Language and Reasoning interplay
Should reasoning benchmarks be based on task requiring grounding information 
against an image or a linguisticaly descreibed world, or in a dialogue?



LARGE LANGUAGE MODELS

Competence and Performance

Reasoning

Denotational 
Semantics

33



Competence and Performance

"Linguistic theory is concerned primarily with an ideal speaker-listener, in a 
completely homogeneous speech-community..." (Chomsky, 1965)

competence = knowledge of language
performance = actual use of language in concrete situations.

A record of natural speech will show numerous false starts, deviations from rules, changes of plan 
in mid-course, and so on. The problem for the linguist, as well as for the child learning the 
language, is to determine from the data of performance the underlying system he puts to use in 
actual performance. (Chomsky 1965:3f)

A "grammar of a language" is "a description of the ideal speaker-hearer's intrinsic competence"
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When treating LLMs as psycholinguistic subjects, their responses may leverage their grasp of 
form, relying on statistical correlations, to create an illusion of understanding meaning. [..] 
psycholinguistic evaluations tend to reflect performance rather than competence, as they 
assess external outputs that may not fully capture the underlying linguistic knowledge 
encoded within the model. This mismatch suggests that psycholinguistic evaluation results 
might not accurately represent the true linguistic competence of LLMs.

In contrast, examining LLMs as neurolinguistic subjects focuses on internal 
representations, providing a more direct assessment of competence by moving beyond 
surface-level biases. [..] This approach allows for a finer distinction between performance 
and competence, revealing insights that psycholinguistic methods might overlook

35

ACL 2025



Competence: Internal Representation Analyses

Credits: ChatGPT
36



Probing Classifiers

ACL 2018
ACL 2019
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Using our probe, we show that such 
transformations exist for both ELMo 
and BERT but not in baselines, 
providing evidence that entire syntax 
trees are embedded implicitly in 
deep models’ vector geometry.

We study how syntactic and semantic 
information is encoded in inner layer 
representations [..] of DeepSeek-V3. [..] 
suggesting that syntax and semantics are, 
at least partially, linearly encoded. We also 
find that the cross-layer encoding profiles 
of syntax and semantics are different, 
and that the two signals can to some extent 
be decoupled.

Probing Classifiers: Syntax-Semantics Interface

John Hewitt and Christopher D. Manning,
A Structural Probe for Finding Syntax in Word Representation, 
NAACK-HLT 2019

Santiago Acevedo, Alessandro Laio, Marco Baroni, 
Differential syntactic and semantic enconding in LLMs ICML 2026 38



LLMs display content bias

Syllogism IA1

P1: Some cycluirts are schmeeft.
P2: All schmeeft are szeiag.
P3:  All szeiag are steaugs.
——————————————————
C: Some cycluirts are steaugs or some 
steaugs are cycluirts.

Syllogism EO1

P1: No dogs are felines.
P2: Some felines are not cats.
——————————————————
C: Nothing follows

Syllogism AO3

P1: All canines are dogs.
P2: Some labradors are not dogs.
——————————————————
C: Some labradors are not canines.

Bertolazzi et. al. 2024. A systematic analysis of large language models as soft reasoners: The case of syllogistic inferences. EMNLP 2024

Leaderboard approach

RECALL
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Bertolazzi, Pezzelle, Bernardi 
How Language Models Conflate Logical Validity with Plausibility:
A Representational Analysis of Content Effects, ACL 2026

The parallel geometric structure between 
true/false and valid/invalid clusters suggests 
shared representational directions for 
plausibility and validity

Va
lid
ity

Pla
usi

bili
ty

Why LLMs display content bias

40

V= validity - plausibility

Val - Plaus



Bertolazzi, Mondorf, Plank, Bernardi 
The Validation Gap: A Mechanistic Analysis of How Language Models Compute Arithmetic but Fail to Validate It, EMNLP 2025

Circuit Analysis: 
Why LLMs fail to detect math errors?
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Conclusion on Competence & Performance

No performance without competence

Interpretability methods provide a new bridge between neural language 
models and formal linguistics, allowing us to investigate and compare 
formal theories against the internal representations of LLMs.

42

Can interpretability methods help inspecting whether and how LLMs 
process logical words?



LARGE LANGUAGE MODELS

Competence and Performance

Reasoning

Denotational 
Semantics

No performance without 
competence

No intelligence without 
reasoning

No Semantics 
without 

denotation

43



44

Through my ESSLLI life I have appreciated the elegance of Formal 
Linguistics Theories. They shed light on how language works, and on 
the logic properties of linguistic expressions. 

The knowledge of Formal Linguistic Theories helps creating 
diagnostic evaluation datasets to inspect LLMs’s behaviour as well 
as their internal representations.

I am amazed by how LLMs have learned language, I am still agnostic 
on whether they can arrive to properly capture the concept of 

 entities, truth values, and, hence, of logical words. 

I believe we are in an interesting phase in which Logic, Language and Information lens 
can help advance our understanding on human language, of human reasoning and of 
computational models of them.



Looking at the future

Competence and Performance

Reasoning

Denotational 
Semantics

ChatGPT’s generated image
45



Description Logic

TBox 
(intensional knowledge)

ABox 
(extensional knowledge)

Planet ⊑ CelestialBody

Star ⊑ CelestialBody

Planet ⊓ Star ⊑ ⊥

Planet(Venus)

Planet(Mars)

visibleAt(Venus, Morning)

hasColor(Mars, Red)

LLMs may have learned a lot of 
intensional knoweldge; 

they have also learned 
“extensional” knowledge of entities 
about which information is 
available in their training data. 

But do the truly capture the 
distinction
 extensional vs. intentional?

Enrico Franconi and Diego Calvanese 
(ESSLLI 2003)

Journey through the ESSLLI courses:
future challenges for LLMs
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+ Gemma Boleda
+ Julia Hockenmaier

Belief Revision: The Adaptability of Large Language Models Reasoning Wilie et al EMNLP 2024

Gemma Boleda’s ERC aimed at bringing
DRT into Distributional Semantics’view

Open to collaboration and ..
new friendship J

Renata Wasserman 
(ESSLLI 1997)

47

Discourse Representation Theory

Belief Revision



Last lesson I learned

Believe in your ideas

Do a proper literature review tracing back the history and development of ideas

Enjoy your work

Enjoy working with your co-authors
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Philipp Mondorf

Ravi Shekhar
Alberto Testoni

Davide Mazzaccara Leonardo Bertolazzi

B. Plank R. Fernández A. Gatt

Filippo MomentèFilippo Merlo

Alessandro Suglia

D. Schlangen

Sandro PezzelleClaudio Greco

49



50


