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<L, R, A,, ഥ >

Language
(set of sentences)

Rules

Assumptions

total mapping from A into L
ത𝑎 is the Contrary of 𝑎 in A

h ← s1, … ,sn

head body

if n=0,  h ← is called fact

ABA FRAMEWORKS

flat ABAFs 
assumptions are 
not heads of rules



loan(X) ← employed(X), nobreaks(X)

breaks(X) ← onleave(X)

contrary of 
nobreaks

assumption

an example …

facts

rules

employed(jo) ←
employed(bob) ←
employed(claudia) ←

onleave(jo) ←
onleave(bob) ←

maternity(jo) ←
maternity(diana) ←

nobreaks(X) renders the rule defeasible: 
it can be applied only if breaks(X) cannot be derived

ABA FRAMEWORKS



“acceptable” extensions:
sets of arguments able to 
“defend” themselves from “attacks”
(as determined by the chosen semantics) 

• Arguments are deductions
of claims using rules and
supported by assumptions

• Attacks are directed at the 
assumptions in the support 
of arguments

{ arg1: { nobreaks(jo) } ⊢ loan(jo)
arg2: { nobreaks(bob) } ⊢ loan(bob)
arg3: { nobreaks(claudia) } ⊢ loan(claudia)
arg4: { } ⊢ breaks(jo)
arg5: { } ⊢ breaks(bob)                      }

We focus on stable extensions
any set of arguments S that 
1. do not attack each other (conflict-free)
2. S attacks all arguments it does not contain

Accepted claims: loan(claudia) Rejected claims:
loan(jo)
loan(bob)

employed(jo) ←
employed(bob) ←
employed(claudia) ←

onleave(jo) ←
onleave(bob) ←

maternity(jo) ←
maternity(diana) ←

loan(X) ← employed(X), nobreaks(X)
breaks(X) ← onleave(X)

ABA FRAMEWORKS - SEMANTICS
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BRAVE ABA LEARNING PROBLEM

Given 

1. ABA framework  F = < L , R , A , ഥ > (background knowledge)             
with at least one stable extension

2. Ep = { positive examples }
3. En = { negative examples }
4. T = { learnable predicates }

find  F’ = < L’ , R’ , A’, ഥ > with a stable extension S such that

i. F ⊆ F’
ii. positive are covered: every positive has an argument in S
iii. negative are not covered: no negative has an argument in S

F’ is a solution to the brave ABA learning problem

′



CAUTIOUS ABA LEARNING PROBLEM

Given 

1. ABA framework  F = < L , R , A , ഥ > (background knowledge)               
with at least one stable extension

2. Ep = { positive examples }
3. En = { negative examples }
4. T = { learnable predicates }

find  F’ = < L’ , R’ , A’, ഥ > with at least one stable extension

i. F ⊆ F’
ii. positive are covered: every positive has an argument in C
iii. negative are not covered: no negative has an argument in C

F’ is a solution to the cautious ABA learning problem

′

C = ځ
k

n
Si

S1,…,Sn: stable 
extensions of F’



ABA LEARNING
VIA TRANSFORMATION RULES

Learning ABA frameworks relies upon a set of  transformation rules

<L1 , R1 , A1, 
ഥ >   <L2 , R2 , A2, ഥ >    …    <Ln , Rn , An, ഥ >

A strategy controls the order of application of the transformation rules

∈

background knowledge intensional solution

{ Rote Learning, Folding, Assumption Introduction, Subsumption }

learnt rules do not 
make explicit 

reference to specific 
values in the universe 

1 2 n



ABA LEARNING at work

1. Background Knowledge     < L ,  R ,  A ,  ഥ >

Rules

{ employed(jo)←, employed(bob)←, employed(claudia)←,
onleave(jo)←, onleave(bob)←,
maternity(jo)←, maternity(diana)← }

Assumptions
{ nobreaks(X) }

Language

{ employed(X)←, onleave(X)←, 
maternity(X)←, loan(X)←   }

Contraries  

{ nobreaks(X) = breaks(X) }

2. Positive examples         Ep = { loan(claudia) }

3. Negative examples     En = { loan(bob) }

4. Learnable Predicates    T = { loan }

X ∈ {claudia,jo,bob,diana} 



TRANSFORMATION RULES at work
ROTE LEARNING

Add facts

• from positive examples

• for contraries of assumptions

to get a (non-intensional) solution

It’s enough to learn

loan(X) ← X=claudia

to get

R’ = R U { loan(X) ← X=claudia }

Ep = { loan(claudia) }



TRANSFORMATION RULES at work
FOLDING

Towards an intensional solution …

Generalise

loan(X) ← X=claudia

to

loan(X) ← employed(X)

by using

employed(X) ← X=claudia

WARNING
It also constructs an argument 

for a negative example: loan(bob)

ABA LEARNING is parametric w.r.t. the folding strategy 
It includes a portfolio of strategies, such as “nondeterministic” and “greedy” folding



TRANSFORMATION RULES at work
ASSUMPTION INTRODUCTION

Repairing the ABA framework to get a solution …

Add an assumption to avoid 

• rejecting a positive example

• accepting a negative example

loan(X) ← employed(X), nobreaks(X)

with contrary
breaks(X)



AND REPEAT!

Rote Learning breaks(X) ← X=bob

Folding breaks(X) ← onleave(X)

No more rules to learn: 
LEARNING COMPLETED!

employed(jo) ←
employed(bob) ←
employed(claudia) ←

onleave(jo) ←
onleave(bob) ←

maternity(jo) ←
maternity(diana) ←

loan(X) ← employed(X), nobreaks(X)
breaks(X) ← onleave(X)

Rules in the Background Knowledge

Learnt rules



A GLIMPSE OF 
IMPLEMENTATION via ASP
• ASP encoding

loan(X) :- employed(X), nobreaks(X). ...

nobreaks(X) :- employed(X), not breaks(X).

{ breaksP(X) } :- employed(X).

breaks(X) :- breaksP(X).

#minimize{1,X: breaksP(X)}.

:- not loan(claudia). 

:- loan(bob). 

• Answer sets 

(1-to-1 correspondence with Stable extensions) 

{ breaksP(bob), ... }, ...

• Rote learning

breaks(X) ← X=bob

Clingo (ASP)
+

https://github.com/ABALearn/aba_asp

learning facts 
for contraries 
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ARgumentation-based 
Explainable recommender System 

(ARES)



• Recommender Systems guide us through vast 

amounts of information, but they are often

black boxes

• Critical issues:

• Limited user trust: Why does the system 

recommends this item?

• Poor user experience: Why is the system 

giving a recommendation that I dislike?

• ARES: A recommender system that provides 

transparent and explainable recommendations 

based on Assumption-Based Argumentation

MOTIVATION



1. User Profiling module: collects user preferences 

(likes/dislikes) and feedback

2. ABALearn module: learns an ABAF that 

represents the user’s profile

3. Recommender module: generates a ranked list of 

recommendations by using the learnt ABAF

4. Explanation module: uses Argument Trees and 

LLMs to translate the formal ABAF representation 

into a human-readable explanation

5. Chatbot: manages the interaction between the 

user and the system in NL

ARES ARCHITECTURE



FROM USER PROFILES TO ABA FRAMEWORKS

BACKGROUND KNOWLEDGE & EXAMPLES

• From BK & examples:

like(A) ← ingredient_of(A,B), sweet(B), alpha1(A,B)

c_alpha1(A,B) ← ingredient_of(A,B), B=sugar

like(A) ← ingredient_of(A,B), oriental(B)

• The learnt ABAF accepts all positive examples and no negative example

From the dataset of perfumes

oriental(A) ← A=vanilla
sweet(A) ← A=sugar
ingredient_of(A, B) ← A=meltine, B=vanilla
ingredient_of(A, B) ← A=velvette, B=sugar

From the user profile

like(A) ← ingredient_of(A,B), sweet(B), alpha1(A,B)
sweet(A) ← A=candy
ingredient_of(A, B) ← A=p1, B=candy

Positive examples Ep = { like(meltine), like(p1) }
Negative examples En = { like(velvette) }



Tree-like representation of the arguments 
for the recommended item

EXPLANATIONS



ARES implements a dynamic learning process that continuously refines user profiles 

through contestability, the ability for users to question recommendations and

explanations.

1. User receives a recommendation with explanation

2. User can contest the recommendation or its explanation

3. ABALearn identifies the rules in the ABAF that lead to the unwanted outcome
4. The system redresses the ABAF representing the user profile to resolve conflicts

ITERATIVE LEARNING THROUGH CONTESTATION



CHATBOT ARCHITECTURE



• User profile:

like(A) ← ingredient_of(A,B), oriental(B)

oriental(B) ← B=amber

But the amber ingredient is not liked (contestation via chatbot)

• Add a new dummy item p2 with

ingredient_of(A, B)← A=p2, B=amber

and negative example like(p2)

• ABALearn learns rules:

like(A) ← ingredient_of(A,B), oriental(B), alpha_2(A,B)

c_alpha_2(A, B) ← ingredient_of(A, B), B=amber

• The learnt ABAF does not accept any like(…) claim for items with amber

CONTESTING & REFINING USER PROFILE W/ABALEARN



Object-Centric 
Neuro-Argumentative Learning 

(OC-NAL)



image(X) ← X=1  
triangle(T) ← T=t1  circle(C) ← C=c1
red (T) ← T=t1         green (C) ← C=c1      
top_left(T,X) ← T=t1 , X=1
bottom_left(C,X) ← 𝐶=c1 , X=1
...
image(X) ← X=3
triangle(T) ← T=t2    triangle(T) ← T=t3
red(T) ← T=t2,  red(T) ← T=t3
top_left(T,X) ← T=t2, X=3
bottom_left(T,X) ← T=t3, X=3
…
on(X,Y,Z) ←top_left(X,Z),bottom_left(Y,Z)
…

ABA Learning for Image Classification

Background Knowledge

Positive Examples

Negative Examples

c(1), c(2)

c(3)

1

3

c(X) ← X=1
Rote Learning

Folding
c(X) ←image(X), triangle(T), red(T), top_left(T,X)

Assumption Introduction

c(X) ← image(X), triangle(T), red(T), top_left(T,X), alpha(T,X)

Rote Learning

alpha_con(T,X)← X=3, T=t2

Folding
alpha_con(T,X)← image(X), triangle(T), red(T), top_left(T,X),

triangle(T′), red(T′), bottom_left(T′,X)
Folding
alpha_con(T,X)← image(X), triangle(T), red(T),

triangle(T′), red(T’),
on(T,T’,X)

2

negative 
example 3 
is covered!

Learning an 
exception

25



{alpha(t2,3)} ⊢ 𝑐(3){} ⊢ alpha_con(t2,3)

image(X) ← X=1  
triangle(T) ← T=t1  circle(C) ← C=c1
red (T) ← T=t1         green (C) ← C=c1      
top_left(T,X) ← T=t1 , X=1
bottom_left(C,X) ← 𝐶=c1 , X=1
...
image(X) ← X=3
triangle(T) ← T=t2    triangle(T) ← T=t3
red(T) ← T=t2,  red(T) ← T=t3
top_left(T,X) ← T=t2, X=3
bottom_left(T,X) ← T=t3, X=3
…
on(X,Y,Z) ←top_left(X,Z),bottom_left(Y,Z)
…

Image classification as argumentative reasoning 

Background Knowledge

Positive Examples

Negative Examples

c(1), c(2)

c(3)

1

3

c(X) ← image(X), triangle(T), red(T), top_left(T,X), alpha(T,X)

alpha_con(T,X)← image(X), triangle(T), red(T),
triangle(T′), red(T’),
on(T,T’,X)

2

Learnt ABA framework

{alpha(t1,1)} ⊢ 𝑐(1)

-

{alpha(t1′, 2)} ⊢ 𝑐(2)

Unknown Example

(Arguments for) positive examples are accepted

(Arguments for) negative examples are not accepted

4No argument for c(4)
26



Object-Centric Neuro-Argumentative Learning
aleatoric uncertainty (noisy data)

epistemic uncertainty (incomplete data)

Jacob+; IJCLR 2024

27



Neuro-Argumentative Learning 
with Legal Text



Neuro-Argumentative Learning for Legal Reasoning



Neural Feature Extractor



Conclusions

• ABA Learning as a versatile form of logic-
based/symbolic learning 
• Non-propositional variants?

• Neuro-symbolic, pipeline variants for 
image and text classification
• End-to-end neuro-argumentative learning?
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