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We devise and use computational 
methods for the study of and for 
applications in legal/normative 
systems at large

We do legal (normative/policy) 
scholarship about computational 
processes and infrastructures 

Here we REGULATE 
(contemporary, mainstream) 
technologies and their uses. 

Here we DISCOVER/DESIGN (new)
techniques/processes for analysing 
or implementing regulations

Legal informatics ≠ Information law  
AI for Law ≠ Law for AI  



The beginnings (?)

In order to compile and maintain a growing 
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sophisticated taxonomy and indexing 
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structured logical framework. 



The beginnings (?)

In order to compile and maintain a growing 
body of norms, Roman Law established a 
sophisticated taxonomy and indexing 
systems, transforming legal customs into a 
structured logical framework. 

This was the historical equivalent of 
information retrieval and metadata 
standards, treating legal principles as scalable 
protocols for the use of information.
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The beginnings (?) 

Leibniz (also a lawyer) strongly believed that 
calculation would be the key to settle legal 
disputes, all human conflicts and disagreements

…using characteristics numbers 
instead of concepts:

animal = 2
rational = 3
man = rational animal = 2*3 = 6

Leibniz: Calculemus! ~1686
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The beginnings (?) 

…building upon and further 
strengthening the analytical tradition!

deontic logic, core element of theories of normative systems



A “fresh” a-new restart

McCarty, TAXMAN – 1972-77



A “fresh” a-new restart

McCarty, TAXMAN – 1972-77

Generic logic solvers 
as Prolog ⇒



A “fresh” a-new restart

McCarty, TAXMAN – 1972-77 Sergot, Sadri, Kowalski et al. – 1986

Generic logic solvers 
as Prolog ⇒
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In the heyday of AI & Law: 80-90s

International Association for Artificial 
Intelligence and Law (IAAIL)
since 1987 => ICAIL conference 

ICAIL2026 @ Singapore
https://site.smu.edu.sg/icail-2026 
coming soon!

Foundation for Legal Knowledge 
Based Systems (JURIX) 
since 1988 => JURIX conference

JURIX2026 @ Toulouse
call for papers in May/June 2026, 
submission in September 2026
conference in December 2026

http://www.iaail.org/
http://www.iaail.org/
https://site.smu.edu.sg/icail-2026
https://jurix.nl
https://jurix.nl
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natural languages
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machine learning

logic(s)
logic-based systems

automated reasoning

knowledge engineering
representational models

Shallow-Knowledge vs Deep-Knowledge 
approaches+

expert systems

heuristics,
knowledge elicitation
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Deontic logics

non-monotonic (defeasible) aspects
Prakken, van der Torre, Sartor, Governatori, …

relevant concepts: normative modalities, 
violations, conflicts, priorities + constitutive aspects?



Deontic logics and Normative systems

Hohfeld’s framework of normative concepts

Deontic logics

non-monotonic (defeasible) aspects
Prakken, van der Torre, Governatori, Sartor…

relevant concepts: 
power, roles, 
norm dynamics



Case-based reasoning

Ashley, Bench-Capon, Horty, …

relevant concepts: factors and dimensions



Expert Systems

Breuker, Valente, …

relevant aspects:
● knowledge domains, coupled with
● problem-solving methods

and heuristics per type of task 



Ontologies, and the Semantic Web

Breuker, Winkels, Van Engers, Hoekstra, Boer, …
Palmirani, Casanovas, Sartor, Francesconi…

CEN MetaLEX 
for legal documents

LRI-core (legal core ontology), LKIF-core
– applied eg. to improve search Akoma Ntoso

PrOnto: Privacy Ontology 
for Legal Compliance

MeLON: Method-ology for 
building Legal Ontology

LegalRuleML, rule interchange 
language for the legal domain.
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Recommender Systems & NLP methods

Winkels, Ashley, Atkinson, Wyner, 
and many others…

network analysis in law
topic modelling (possibly connecting to factors)
argument mining…
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Formal argumentation

Prakken, Verheij, Bench-Capon, van der Torre, …

ASPIC+ specification

Dung’s framework 
arguments and attack relationships



Now? Use of LLMs is exploding everywhere!

● The underlying assumption is essentially the same as Leibniz: reasoning as 
crunching numbers (although on latent spaces)...



Typical use of LLMs

Input Prompt Generated Output



Typical use of LLMs

User Prompt Generated Output

System 
Instructions

Chat 
History
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Code CodePrompt
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Code CodePrompt

● text for conceiving/designing the program,
● code for developing the program and 
● code for verifying, validating, and 

deploying the program…

with Agentic AI:

where’s the 
human?



Typical use of LLMs for coding 

Code CodePrompt
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Typical use of LLMs in legal practice 

Natural text Natural textPrompt

plenty of legal tasks are based on texts.
It seems LLMs offer a “general-purpose” instrument to 
to perform almost all legal tasks… should we throw away

all what done so far in
legal informatics?
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Typical use of LLMs in legal practice 

Natural text Natural textPrompt

Well, things can still 
go (very) wrong…

and we do not know easily WHY…
“allucitation” is a feature, not an error!
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Why does it seem to work so well?

Natural text Natural text

Code Code

Prompt

Prompt

Domain of discourse

1 - GenAI navigates 
very well in the text 
realm

2 - humans accept 
promptly linguistic
interfaces



Why GenAI navigates so 
well in the text realm?
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BOUNDARIES between “concepts” PROTOTYPES of “concepts”

“concepts”, empirically, are co-occurrent structures



Of the many uses of “prototypes” 

● Given methods to extract “prototypes” from a given dataset, we can:

○ identify boundaries on the basis of “prototypical” regions

⇒ DISCRIMINATIVE functions can be derived from GENERATIVE ones.
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Of the many uses of “prototypes” 

● Given methods to extract “prototypes” from a given dataset, we can:

○ identify boundaries on the basis of “prototypical” regions

⇒ DISCRIMINATIVE functions can be derived from GENERATIVE ones.

○ complete partial information with the nearest “prototype”

⇒ defaults can be applied to recover missing information

○ extract most representative entities of the domain via “prototypes”

⇒ defaults can be retrieved for further inferences



Example 1: bias assessment 

With a Master IS student we worked on a simple algorithm: 

● identifying descriptively relevant subgroups in the data space (“profiles”) 

● study how a decision-maker (e.g. an algorithm) performs on these subgroups, 
also w.r.t. protected features (e.g. gender)

Wilms, M., Sileno, G., and Hinda Haned. PEBAM: A Profile-based Evaluation Method for Bias Assessment 
on Mixed Datasets. Proceedings of KI 2022, 45th German Conference on Artificial Intelligence.



demographic disparity 
against women
with low resources
when asking credit
for cars

(slight)
demographic disparity 
against women
with low resources
when asking credit
for furniture/equipment 

Some results on 
German credit dataset
– Note: here ML is used to unveil
historical (human) bias!



Example 2: personas, vignettes, …

With a PhD student and two bachelor students we experimented on a simple 
LLM-driven pipeline for fundamental rights impact assessment (FRIA).

Zhang, X., Skoric, V., Sileno, G., Automating Fundamental Right Impact Assessment: an Open Experiment, 
Proceedings of the 37th International Conference on Legal Knowledge and Information Systems (JURIX 2024).
Skoric, V., van der Lee,  B., Sileno G., Unpacking Automated Fundamental Rights Impact Assessment: 
Experimentation and Critical Reflections, Proceedings of ICAIL 2026 (forthcoming)
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Example 2: personas, vignettes, …

With a PhD student and two bachelor students we experimented on a simple 
LLM-driven pipeline for fundamental rights impact assessment (FRIA).

Zhang, X., Skoric, V., Sileno, G., Automating Fundamental Right Impact Assessment: an Open Experiment, 
Proceedings of the 37th International Conference on Legal Knowledge and Information Systems (JURIX 2024).
Skoric, V., van der Lee,  B., Sileno G., Unpacking Automated Fundamental Rights Impact Assessment: 
Experimentation and Critical Reflections, Proceedings of ICAIL 2026 (forthcoming)

SCENARIO

STAKEHOLDERS

HARMS

VIGNETTES

IMPACT

SEVERITY

MITIGATION 
MEASURES

LIKELIHOOD

IRREVERSIBILITY

retrieving 
“common-sense”? ~97%

~45%



AI models as trained “mirrors”

(I picked this metaphor from Sennay Ghebreab’s inaugural speech: 
https://www.sennay.net/post/infinity-kaleidoscopy-and-society-on-reflections-of-ai)

https://www.sennay.net/post/infinity-kaleidoscopy-and-society-on-reflections-of-ai


AI models as trained “mirrors”

classifier

PERSON



autoencoder

AI models as trained “mirrors”



AI models as trained “mirrors”

generator

(or any other concept
that was expressed in the dataset)
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AI models as trained “mirrors”
(conditioned) 

generator

FOUR

knowing the “prototypes”
through reoccurring 
associations, the generator
“fills the gaps”

It is NOT the actual detail,
but it is the most plausible one, 
on the basis of the (structures 
found) in the training data.



AI models as trained “mirrors”

The Financial Times is…

…a newspaper 
founded in 1888

transformer
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through reoccurring 
associations, the generator
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AI models as trained “mirrors”

The Financial Times is…

…a newspaper 
founded in 1888

transformer

knowing the “prototypes”
through reoccurring 
associations, the generator
“fills the gaps”

LLMs are “stochastic 
parrots”, also because they 
use randomness as a source
for generation.
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But what “concepts” 
may a GenAI model form?

Locke vs Leibniz
again! 

You can only know what you (learn to) perceive



But what “concepts” 
may a GenAI model form?

You can only know what you (learn to) perceive

but machine learning 
methods are BY DESIGN 
empiricists…
within the boundaries of the sensory 
machinery they rely upon

LLMs builds “concepts” out
of linguistic patterns…



END



I am giving you an image of a 
labyrinth. You must provide 
instructions to a robot. The robot 
starts at START and the goal is to 
exit at the END. The robot can move 
N steps forward, turn right (while 
staying in the same spot), or turn left

Prompt for Gemini:

END



Gemini said…

I have mapped out the route 
through the maze for you. We 
assume that the robot is facing 
right (into the maze) at the 
yellow START tile.

Here are the exact instructions 
to reach the END:

The Route Description

Move forward 4 steps.
Turn right.
Move forward 2 steps.
Turn left.
…
Turn right.
Move forward 6 steps.
Turn left.
Move forward 2 steps.
Turn right.
Move forward 2 steps.
….

END
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I am giving you an image of a 
labyrinth. You must provide 
instructions to a robot. The robot 
starts at START and the goal is to 
exit at the END. The robot can move 
N steps forward, turn right (while 
staying in the same spot), or turn left

Prompt for Gemini:

Non sense!
END

Show me the solution on the 
original image.

Second prompt 
(suggested by 10y old son):



Generative AI models
speak as humans

but

do not think as humans

END



Ok Giovanni,
but you’re using a trick here…

Symbolic AI methods are more than 
capable than doing that.

= neurosymbolic is the way!



Ok Giovanni,
but you’re using a trick here…

Symbolic AI methods are more than 
capable than doing that.

Sure. But symbols come with other 
problems…

= neurosymbolic is the way!



On one of the difficulties of 
normative modelling



What terms like duty or right mean?

● long-standing debate 
● no shared agreement
● new semantics continuously released



Example 1

● You are permitted to smoke.



Example 2

● You have to pay to see the film.



Example 3

● You are forbidden to use trolleys.

(I saw this the first time at the Milan Central Station, but I have seen it since then in other places too)
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● no shared agreement
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And this holds even without 
considering open-textured terms 
(bona fide, reasonable person, etc.)!



What terms like duty or right mean?

● long-standing debate 
● no shared agreement
● new semantics continuously released

And this holds even without 
considering open-textured terms 
(bona fide, reasonable person, etc.)!

Text is not enough: you require extra-linguistic, contextual 
knowledge to form the right interpretation! 



Why humans accept so promptly 
linguistic bots
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Chatbots are not only good at text 
predictions…

● They are explicitly trained for optimizing engagement 

○ keeping the conversation alive
○ becoming sycophantic 
○ (possibly inducing addiction or weaker forms of dependency?)

● These capabilities are developed through conversational training 
techniques and human feedback.

Yet, this becomes more invisible with Agentic AI. 



Bots are now
starting
interacting
via previously
human-only 
channels…



Bots are now
starting
interacting
via previously
human-only 
channels…

Why are we so vulnerable?



What are social systems made of?

● Intuitively, the fundamental interacting entities composing a social system are 
agents (social, intentional actors as individuals or organizations)
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● Intuitively, the fundamental interacting entities composing a social system are 
agents (social, intentional actors as individuals or organizations)

● However, communications 
play such a great role in 
social activities that they 
may be taken as the most 
fundamental component 
(e.g. Luhmann’s theory)

● For Luhmann, individuals are external to the social system. 
They only “irritate” the production of communications!

What are social systems made of?
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From genes…

genotype
genotype +
environment =
phenotype

mating

selection

genotype

(survival of the species)

(survival of the individual)

(death)

The selfish (or immortal) gene:
species-level learning; individuals are just vessels, disposable nodes. 

ontogenesis phylogenesis
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To memes… (cultural unities)

meme meme +
understanding =

recombination
responding, reposting, …

selection

meme

(acceptance)

(rejection)

Luhmann: selection
concern at once utterance, 
content and intentcommunication adaptation:

discourse-level learning

memes combine together 
to simplify selection, 
becoming disciplines



LAW answers to “is this legal?” 

meme meme +
understanding =

recombination
responding, reposting, …

selection

meme

(acceptance)

(rejection)

Luhmann: selection
concern at once utterance, 
content and intentcommunication adaptation:

discourse-level learning

memes combine together 
to simplify selection, 
becoming disciplines



LAW answers to “is this legal?”
ECONOMICS to “is this efficient?”... 

meme meme +
understanding =

recombination
responding, reposting, …

selection

meme

(acceptance)

(rejection)

Luhmann: selection
concern at once utterance, 
content and intentcommunication adaptation:

discourse-level learning

memes combine together 
to simplify selection, 
becoming disciplines



But we do not talk just for the 
sake of talking! 



But we do not talk just for the 
sake of talking! 

or at least, not always!



● Functional role decomposition

○ Resource holder

○ Knowledge holder 

○ Worker

W

K

R
R

resource 
to be consumed

knowledge
to be applied resource

to be produced
worker

transforming
resources

Simplistic view on 
production (1)

Sileno, G., Technical mean(ing)s of ownership. Talk given at Virtual Ownership workshop, Maison de Science Humaines, Luxembourg, 2025. Working paper.
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○ Resource holder

○ Knowledge holder 

○ Worker 

W

K

R
R

resource 
to be consumed

knowledge
to be applied resource

to be produced
worker

transforming
resourcesknow-what

know-how
(skill, craft, …)

(The core problem with GenAI 
is that it captures part of the 
know-how and make it a 
cloneable resource!)

Simplistic view on 
production (1)
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● Functional role decomposition

○ Resource holder

○ Knowledge holder 

○ Worker

○ Orchestrator 

○ Trader 
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Law inherently plays a role in REGULATING mechanisms of production.1.
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producing and evaluating proper arguments. 

● And arguments are necessarily expressed in symbolic forms.

meaning constructed 
by means and in 
terms of social 
coordination!

but building on institutional mechanisms

NORMWARE!
https://arxiv.org/abs/2410.17257 

https://arxiv.org/abs/2410.17257
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● Luhmann’s framework misses that sub-systems of discourse are functional for 
internal threads of reasoning within an agency. 

● Why arguments are relevant?  

○ for presuppositions of value!

At collective level, constitutions act as 
constitutive guides for collective 
agencies taking the form of a state.
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rules, principles, and guidelines based on 
sources like the Universal Declaration of 
Human Rights, intended to guide the 
behavior of AI.

method: roughly, the model is trained against 
its own responses, reflecting upon them 
based on the constitution. 

Is this similar to how 
human constitutions work?

humans constitutions are not for a single 
agency. they are to guide all social 
actors that participate to res publica. 

Constitutional AI?
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● Making human law as accessible as possible
● Making computational law as accessible as possible 
● Making justice as accessible as possible
● Translating human governance mechanisms within the computational realm
● Applying computational mechanisms to study and evaluate governance

In the era of GenAI,
we need Legal Informatics 
more than ever

here we become computational legal realists

here we become 
instrumental to 
legal scholars!

e.g. Law for AI, 
Information Law, … 
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