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Outline of the talk

● who am I?

● historical outline of the research tracks in AI & Law 

● some examples of 

○ the struggle quantitative vs qualitative approaches to law, 
○ on the challenges of norm modelling, 

● on the fundamental issues with defining/measuring (un)fairness 
[work in progress]
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● M.Sc. Electronics Engineering, Politecnico of Torino and ENSIMAG 

My thesis was about the conception/design of 
autonomous embedded systems through 
modeling and simulation, integrating: 
hardware models, software models, 
environmental (probabilistic) models.
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Reality check

After my degree, I worked as business analyst (McKinsey 
& co.), dealing with several organizations.

I learned that: 

❖ most organizational design decisions are based upon 
common-sense heuristics, implicit models/criteria 

⇒ no modeling and simulation!

❖ lack of transparency on design choices implied opacity 
and resistance to contextualization in operations.

⇒ root cause of  “bureaucratic alienation”need for tools for systematic institutional design and analysis!
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But first a crucial disclaimer:

AI for Law ≠ Law for AI  
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 
infrastructures

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

Here we DISCOVER/DESIGN (new)
techniques/processes for analysing 
or implementing regulations
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…building upon and further 
strengthening the analytical tradition!

deontic logic, core element of theories of normative systems
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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 

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

UvA researchers had also a prominent role in 
this wave, resulting in the founding of 
the Leibniz Center for Law at the Law Faculty

http://www.iaail.org/
http://www.iaail.org/
https://jurix.nl
https://jurix.nl
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Shallow-Knowledge vs Deep-Knowledge 
approaches+

expert systems

heuristics,
knowledge elicitation
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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, …

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, Francesconi…

CEN MetaLEX for legal documents

LRI-core (legal core ontology)
– applied eg. to improve search
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Recommender Systems & NLP methods

Winkels, Ashley, …

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

● A huge numbers of contributions concern LLM-centred pipelines:
○ for access to justice, 
○ for human-right impact assessment (eg. using personas, vignettes), 
○ for knowledge extraction
○ for text interpretation
○ for legal prediction…

● Reasoning is still weak. There is space for neuro-symbolic approaches: 
towards hybrid methods for normative system specifications, or 
argumentation or case-based reasoning constructs?
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On the positive side… 
Plenty of datasets available!

From JURIX 2025: Mumford, Jack, et al. "Context-Aware Citation Networks: A Human–AI Dataset, Analysis, and Tool." Frontiers in Artificial 
Intelligence and Applications (2025). https://ebooks.iospress.nl/volumearticle/76891 

eg. cases addressed European Convention on Human Rights (ECHR), 
annotated by humans and LLMs, counting for the number and variety of 
citations (the citation context)....

https://ebooks.iospress.nl/volumearticle/76891


Some (necessarily?) 
open challenges
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Quantitative vs qualitative

● Economic vs Legal reasoning 
● Axiological vs Deontological (in Ethics)
● Optimization vs Satisfiability (in Computer Science)
● Soft vs strong requirements (in Operational research)
● Principles (Balancing) vs Rules (in Law)
● Voting (Counting) vs Argumentation (in Decision-making)
● Metrics vs Topology (in Mathematics)
● Functional vs Script-based agents (in Agent-based Modelling)
● …

These dimensions are dynamically 
entrenched, we cannot easily “collapse” 
one on the other without problems..



On probabilistic judgments



A dramatic, and unfortunately true story 

“Starting in 1996, four British mothers were arrested for murder because two 
or more of their infants had died in their cribs. Three of the mothers were 
convicted and sentenced to life imprisonment. Yet by 2006, all four mothers 
were declared innocent of crimes that had never occurred. Bayes’ rule could 
have cleared them.

Sally Clark, a lawyer who lost her first son at 11 weeks and her second at 8 
weeks, was convicted in 1999. A prominent pediatrician, Sir Roy Meadow, had 
testified for the prosecution about Sudden Infant Death Syndrome, known as 
SIDS in the U.S. and cot death in Britain. Citing a government study, Meadow 
said the incidence of one SIDS death was one in 8,500 in a family like 
Clark’s–stable, affluent, nonsmoking, with a mother more than 26 years old.

Then, despite the fact that some families are predisposed to SIDS, Meadow 
assumed erroneously that each sibling’s death occurred independently of the 
other. Multiplying 8,500 by 8,500, he calculated that the chance of two 
children dying in a family like Sally Clark’s was so rare–one in 73 million–that 
they must have been murdered. […]“
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Can we judge individuals 
on the basis of frequencies 
observable in a social 
group?

Can we apply bayesian inference in court?

Judges usually argue that eg. people cannot be 
deemed to be in a certain place with a probability 
of 0.6 or 0.7. 

Either they were there or they were not there. 



On the difficulty of 
normative modelling
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● You are forbidden to use trolleys.



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! 



On case predictions



https://jurisays.com/ 

https://journals.plos.org/plosone/article?id
=10.1371/journal.pone.0174698 

● An increasing number of works state they reach a good accuracy in 
predicting court outcomes.

Judgment “prediction”?

https://jurisays.com/
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0174698
https://journals.plos.org/plosone/article?id=10.1371/journal.pone.0174698
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● An increasing number of works state they reach a good accuracy in 
predicting court outcomes.

Judgment “prediction”?

https://aclanthology.org/2023.nllp-1.9.pdf 

● Yet, besides the clear ethical 
challenge, often they have serious 
methodological issues!

● Predictions are mostly based on 
summaries, not on the brute facts 
given to the court!

https://aclanthology.org/2023.nllp-1.9.pdf


On algorithmic fairness



● Studying 1,200 bail cases from Indian High Courts and the Supreme Court 
(1975–2025), researchers found that different ML algorithms behave 
differently both with respect to performance (accuracy) and fairness (always 
measured in terms of accuracy)… 

From JURIX 2025: Sneha Deshmukh and Prathmesh Kamble "From Data to Equity: Predicting and Auditing Fairness in Indian Bail Decisions" 
Frontiers in Artificial Intelligence and Applications (2025). https://ebooks.iospress.nl/volumearticle/76906  

bail judgments are court decisions 
about releasing before trial

A super-recent example

https://ebooks.iospress.nl/volumearticle/76906


● Studying 1,200 bail cases from Indian High Courts and the Supreme Court 
(1975–2025), researchers found that different ML algorithms behave 
differently both with respect to performance (accuracy) and fairness (always 
measured in terms of accuracy)… 

From JURIX 2025: Sneha Deshmukh and Prathmesh Kamble "From Data to Equity: Predicting and Auditing Fairness in Indian Bail Decisions" 
Frontiers in Artificial Intelligence and Applications (2025). https://ebooks.iospress.nl/volumearticle/76906  

bail judgments are court decisions 
about releasing before trial

A super-recent example

Yet, many things
are still unclear here!

https://ebooks.iospress.nl/volumearticle/76906


Bias

● As an electronic engineer, I was trained to see the term bias from a 
technical point of view: bias as variable (eg. current/tension) or offset that 
changes the functioning of a device.
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(Social) Bias and Fairness

● More commonly, bias is used to denote social discrimination:

preferring someone over someone else.

● typically to cases of negative discrimination (disfavouring/punishing). but 
in principle it can be applied for positive discrimination 
(favouring/assisting).

affirmative action (“active effort to improve employment, 
educational, and other opportunities for members of groups that 
have been subjected to discrimination”) is positive discrimination, 
and by definition requires discrimination (= differentiation)
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Bias and Algorithmic Fairness

● Particularly in data-centred contexts, bias is measured as statistical parity

● Studies in algorithmic fairness have introduced several statistical measures 
(demographic parity, equalized odds, …), in most cases theoretically 
incompatible with each other.

● Which one to choose? 

○ It depends on the specific decision context – eg. how much impact has 
a false negative error compared to a false positive error.  

see eg. the AEQUITAS fairness tree: 
datasciencepublicpolicy.org/our-work/tools-guides/aequitas/ 

https://www.datasciencepublicpolicy.org/our-work/tools-guides/aequitas/
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Parity between whom? 

● statistical measures relies on identifying groups

● but which groups? generally protected groups groups defined by sensitive 
dimensions (eg. sex or gender, race or ethnicity)

problem of intersectionality

Example: 

○ women vs men
○ black women vs black men
○ low-class black women vs low-class black men

Which is the right granularity? (problem with affinities to Simpson's paradox!)
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mathematics dept. sociology dept.
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Example of Simpson’s paradox

Pearl, J. (2014). Understanding Simpson’s Paradox. The American Statistician, 68(1), 8–13.

mathematics dept. sociology dept.

university

0/1 vs 1/30 1/10 vs 1/1

1/11 vs 2/31

favours 
males

favours 
males

favours 
females

● The Simpson’s paradox is an unintuitive property 
consequent to counting.  

By changing the level of aggregation (eg. university vs dept.) you can 
reach opposite conclusions about the same phenomenon!



Parity between whom? 

With a Master IS student we worked on inverting the problem: 

● identifying descriptively relevant subgroups in the data space 

● check how the algorithm works on these in general, and w.r.t. protected 
features

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.
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Working with text levels

The UvA template has a number of 
pre-programmed text levels. Go to 
'Home' and then to 'Paragraph' to 
easily switch between different levels

Level Down

Level Up

Text levels

Body text (24 pt.)

• Bullet (24 pt.)

• Sub Bullet (16 pt.)

Title (24 pt)

Title (16 pt)

1

2

3

4

5

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!

In general, parity at aggregate level does not imply parity at subgroup level!



● Studying 1,200 bail cases from Indian High Courts and the Supreme Court 
(1975–2025), researchers found that different ML algorithms behave 
differently both with respect to performance (accuracy) and fairness (always 
measured in terms of accuracy)… 

From JURIX 2025: Sneha Deshmukh and Prathmesh Kamble "From Data to Equity: Predicting and Auditing Fairness in Indian Bail Decisions" 
Frontiers in Artificial Intelligence and Applications (2025). https://ebooks.iospress.nl/volumearticle/76906  

bail judgments are court decisions 
about releasing before trial

A super-recent example

What about world bias? 
What about other fairness 
measures? What about 
intersectionality? 

Prediction based on 
summary!

https://ebooks.iospress.nl/volumearticle/76906


On the fundamental problem 
of (un)fairness

(ongoing work)
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Background: Parity about what? 

● Algorithmic approaches to fairness overlook the problem of defining of what 
fairness should be about (it is just about the decision). In contrast, philosophy 
has been debating for a long time which dimensions are relevant:

● In the wider system, 
Algorithmic fairness 
may not bring fairer 
results! (work of a 
Master AI student, still 
to be published).    
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principle that “similar should be treated similarly”



Approaches to Fairness

There exists two main families of fairness models:

● Individual fairness compares treatment amongst individuals, based upon the 
principle that “similar should be treated similarly”

● Group fairness compares treatment amongst groups (rather sub-groups of a 
given population) typically identified by sensitive attributes (e.g. gender, 
ethnicity, age, etc.), e.g. “women should be treated as men”.



Group fairness

● Group fairness is the one that has by far received more attention in the 
computational literature, as it provides a clear connection to statistical methods. 
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● Group fairness is the one that has by far received more attention in the 
computational literature, as it provides a clear connection to statistical methods. 

● Individual fairness has traditionally attracted more attention in 
non-computational literature. At the end, claims of unfairness are primarily 
made about decisions towards individuals. 

● An extension to individual fairness can be centred on proportionality, ie. that 
differences in outcome of treatment should be proportional to differences 
between the two compared individuals.
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Fairness in law

● Law addresses categories of people (roles), never instances (individuals). 

● Generality is one of the accepted principles of sound legal systems

● Yet, legal systems may still be unfair, by privileging certain categories of 
people rather than others, 

○ explicitly, by
■ disabling/enabling people selectively, 
■ and/or distributing burdens unequally. 

○ implicitly, for consequent non-trivial social effects 

class or 
caste-based 
systems



Veil of ignorance?

● The veil of ignorance approach to “just laws” 
proposed by John Rawls states that a law 
should be deemed right if people would 
accept it even without knowing whether they 
are amongst the ones carrying its burden/its 
benefit. 

● In his words: “A just society is a society that if 
you knew everything about it, you’d be willing 
to enter it in a random place.”



Unawareness…

● The veil of ignorance connects to the Fairness Through Unawareness 
(FTU) approach: by “forgetting” sensitive features, we are inhibited to take a 
biased decision (although this may still occur due to proxy features). 

If we cannot see in what we are different, we cannot be judged differently.



Unawareness vs Awareness

● An approach opposite to FTU, called Fairness through Awareness (FTA). 
has also been presented in the literature on fairness in classification. 

● According to FTA, a classifier will be fair if the outcome distributions M(x) and 
M(y) concerning any two individuals x and y distant d(x, y), are 
statistically distant at max d(x, y).

Dwork, Cynthia, Moritz Hardt, Toniann Pitassi, Omer Reingold, and Richard Zemel. "Fairness through awareness." In Proceedings of the 3rd 
innovations in theoretical computer science conference, pp. 214-226. 2012.
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● An approach opposite to FTU, called Fairness through Awareness (FTA). 
has also been presented in the literature on fairness in classification. 

● According to FTA, a classifier will be fair if the outcome distributions M(x) and 
M(y) concerning any two individuals x and y distant d(x, y), are 
statistically distant at max d(x, y).

● Problem: where this (similarity) metric comes from is identified as an open 
question by the authors. 

Dwork, Cynthia, Moritz Hardt, Toniann Pitassi, Omer Reingold, and Richard Zemel. "Fairness through awareness." In Proceedings of the 3rd 
innovations in theoretical computer science conference, pp. 214-226. 2012.
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The contrapositive makes clear that the decision has consequences on 
determining the similarity metric. In other words, a classifier presupposes 
classes of equivalence applicable to the dataset.
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● In the traditional formulation:

We are similar → we are treated similarly 

● We can write it in its contrapositive form:

We are not treated similarly → we are not similar

The contrapositive makes clear that the decision has consequences on 
determining the similarity metric. In other words, a classifier presupposes 
classes of equivalence applicable to the dataset.

=

=

Individual fairness (again)

OOOPS: METRICS + TOPOLOGY !!!
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● Group fairness has a different formulation than 
individual fairness. Here, we have sensitive 
attributes (gender, etc.) that should not be used 
to reach a conclusion. 

≠
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● Therefore, even if we are different with respect to a certain sensitive 
feature, we should be treated the same, because this feature has to be 
treated as irrelevant in the decision process:

Even if we are different for a sensitive feature, we are treated the same.

● Unfairness is defined as the negation of the above rule:

We are different for a feature, AND we are treated differently. 

≠

≠

Group fairness (again)
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● If individual fairness makes reference to variation on input having effects on 
output, group fairness appeals to absence of effects on output.

● The keyword unifying the two views is “relevant”:

○ Individual: We are RELEVANTLY similar, yet we are not treated similarly.
○ Group: We are IRRELEVANTLY different, yet we are not treated similarly.

Group-fairness seems easier to apply as we tend to prescribe explicitly 
irrelevant features!

Yet, irrelevance depends on context. For instance gender is not 
necessarily problematic when suggesting dresses on a web-shop. 
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Fairness vs Unfairness?

● All our elaboration so far brought to the foreground that the difficulty of 
defining what fairness is may be a side-effect of the fact that we generally 
react against unfairness. 

Fairness is therefore a derived notion, resulting from the 
absence of unfairness, rather than having a positive description. 

fair = not unfair 

where not works as the default negation or negation as failure (NAF) in 
logic programming: it returns true if unfair cannot be proven 



Unfair with respect to what?

● We have seen that philosophers have discussed several dimensions relevant 
to fairness (need, treatment, outcome, access, …

these are all possible dimensions where we can perceive unfairness.
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Fairness as an argumentative matter

● (Division of the loot/Sharing of the spoils) Let us imagine to have N pirates. 
The usual fair division of the loot, whose total value is T, would suggest T/N for 
each of them.

● But then… one pirate says: “that’s 
not fair, I fought more bravely than 
others”. Another say, “that’s not fair, I 
have only one leg, I could not go as 
fast as you”. Another says, “that’s not 
fair, I have plenty of kids waiting at 
home, you have no family to feed”. A 
last one says, “nobody woke me up!”

unfairness becomes primarily a matter of argumentation, as parties bring 
their position in the foreground, making clear in what they differ. Because the 
number of variations is open-ended, we cannot cover it extensionally… 
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● A decision is taken by considering certain input factors, and determining a 
certain output. The context is however always wider than the input, as well as 
impact is wider than the decision output.

● Schematically: 

CONTEXT → INPUT → OUTPUT → IMPACT

with CONTEXT ⊃ INPUT, and IMPACT ⊃ OUTPUT

● Applying proportionality to the wider picture, we have:

ΔCONTEXT ~ ΔIMPACT 
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The core mechanism (2)

● Unfairness occurs when ΔIMPACT - ΔCONTEXT ≠ 0, so in two cases: 

○ no variation of impact with variation of context 
○ variation of impact with no variation of context

● Second case: the patient had no access to 
relevant categories used by the 
decision-maker (over-simplification of the 
decision-maker). 

○ The burden of generating arguments 
lies upon the decision-maker. eg. distinguishing action
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…ongoing and future work!

● I sketched here only the very first part of the problem.

● In the full contribution, we will rely on Simplicity Theory, a non-probabilistic 
theory of cognition based on Kolmogorov complexity (description complexity) 

● We are making connections with the 
gerrymandering problems, and with the 
various forms of justice (retributive, 
restorative, distributive, procedural, …).  

● Intuition: at fundamental level, legal 
systems unfold as such because of 
underlying human cognitive mechanisms!
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Conclusion: Relevance to this RPA?

● Polarization may aggregate (communications of) supposed unfairness, 
which may be connected to (perceived) inequality, 
possibly caused by segregation processes. 
Circularly, polarization may cause further segregation

● What about studying at scale 
arguments concerning unfairness?

● Identifying the sources of “contrast” (on 
impact/context) means supporting 
identifying where to dedicate resources 
and/or set-up mitigating policies. 
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