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Abstract

Recently, there has been an increasing interest in extend-
ing Dung’s framework with probability theory, leading to
the Probabilistic Argumentation Framework (PAF), and with
supports in addition to attacks, leading to the Bipolar Argu-
mentation Framework (BAF). In this paper, we introduce the
Conditional Probabilistic Bipolar Argumentation Framework
(CPBAF), which extends Probabilistic and Bipolar AF by al-
lowing conditional probabilities on arguments, attacks, and
on (possibly cyclic) supports. In this setting, we address the
problem of computing the probability that a given argument
is accepted. This is carried out by introducing the concept of
probabilistic explanation for a given (probabilistic) extension.
We show that the complexity of the problem is FP#P-hard and
propose polynomial approximation algorithms with bounded
additive error for CPBAF where cycles with an odd number
of attacks are forbidden.

1 Introduction
Research on rational discourse and conflict resolution has
become increasingly prominent in Artificial Intelligence,
prompting the development of the formal argumentation
field (Bench-Capon and Dunne 2007; Simari and Rah-
wan 2009; Atkinson et al. 2017). A foundational model in
this domain is Dung’s abstract Argumentation Framework
(AF) (Dung 1995), which captures conflicts among agents
using a set of arguments and a binary attack relation.

To extend its expressive power, various refinements have
been proposed, e.g., (Alfano et al. 2023b,c, 2024b,c,e,
2025d,e,c). Bipolar Argumentation Frameworks (BAFs) in-
troduce support relations in addition to attacks (Nouioua and
Risch 2011; Villata et al. 2012; Alfano et al. 2024a), allow-
ing for cooperative and adversarial links between arguments.

Recently, increasing attention has been given to modeling
uncertainty in argumentation. Probabilistic approaches, such
as the constellation one (Dung and Thang 2010; Rienstra
2012; Doder and Woltran 2014; Hunter 2012; Li, Oren, and
Norman 2011; Popescu and Wallner 2024), address this by
associating probabilities with alternative configurations of
arguments—possible worlds—thus enabling reasoning un-
der incomplete knowledge. In a Probabilistic Argumentation
Framework (PAF) (Li, Oren, and Norman 2011; Fazzinga,
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Figure 1: Probabilistic Bipolar AF ∆ of Example 1.

Flesca, and Parisi 2015, 2016; Fazzinga, Flesca, and Fur-
faro 2019), and in its extension called Probabilistic Bipolar
Argumentation Framework (PBAF) (Fazzinga, Flesca, and
Furfaro 2018b), a probability distribution function (PDF) on
the set of possible worlds is entailed by the probabilities that
are associated with arguments, attacks, and supports.

Example 1. Consider a situation where a party planner in-
vites Alice, Bob, Carl, David, and Erik to join a party. The
party planner knows that: (i) Bob (resp., Carl, David, and
Erik) replies that he will join the party if Alice (resp., David,
Carl, and Bob) does not, and (ii) to let Carl (resp., Alice)
join the party, it is necessary that Bob (resp., Erik) joins the
party as well. Moreover, the party planner knows that Bob’s
and Carl’s availability for the party’s date is uncertain, with
probability 0.6 for Bob and 0.8 for Carl (while the others are
certainly available). This situation can be modeled by means
of the PBAF ∆ whose corresponding graph is shown in Fig-
ure 1, where nodes represent arguments, single edges (→)
represent attacks, and double edges (⇒) represent supports,
whereas probabilities different from 1 are specified nearby
them. Argument x states that “(the person whose name’s ini-
tial is) x joins the party”. ✷

In this paper we do not address the problem of assigning
probabilities to arguments or attacks/supports, as is instead
done e.g. in (Hunter 2012, 2013), and assume they are given.

Several argumentation semantics—e.g. grounded (gr),
complete (co), preferred (pr), and stable (st)—have been
defined for Bipolar AFs, leading to the characterization of
σ-extensions, which intuitively consist of the sets of argu-
ments that can be collectively accepted under semantics σ.
Consider for instance the deterministic version of the PBAF
in Example 1, obtained by assuming that all arguments are
certain (i.e., they have probability 1), the stable extensions
are E1 = {b, c}, E2 = {b, d}, and E3 = {a, d, e}.

The semantics of a PBAF is given by considering all pos-
sible worlds (i.e., BAFs) obtained by removing consistent
subsets of the probabilistic elements. Every possible world
has associated a probability value derived from the probabil-
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ities of the elements that have been kept or removed. More-
over, every possible world admits a set of σ-extensions.
Example 2 (cont’d). There exist four possible worlds wi

(with i ∈ [1, 4]). w1 is the BAF obtained from the PBAF by
keeping all arguments, attacks, and supports. Moreover, w2

(resp., w3, and w4) is the BAF obtained from the PBAF by
removing c (resp., b, both b and c) and, consistently with
this, the attacks and supports towards/from the removed ar-
gument(s). As it will be clear later (cf. Example 7), the prob-
abilities of the possible worlds w1, w2, w3, and w4 are 0.48,
0.12, 0.32, and 0.08. Since w1 coincides with the determin-
istic version of ∆, its st-extensions are E1, E2, and E3

given earlier. The st-extensions of w2 (resp., w3) are E2

and E3 (resp., E4 = {a, e, c} and E3). Finally, w4 admits
only E3 as an st-extension. ✷

Notably, PBAFs currently defined in the literature do not
allow for encoding i) cyclic supports (though the semantics
of cyclic Bipolar AFs has been investigated), as well as ii)
conditional probabilities, that would allow to model more
general situations, as shown in the following example.
Example 3 (cont’d). Assume now that the party planner de-
sires to model the fact that the probability that David will
attend the party, provided that both Bob and Carl will attend
too, is 0.4. This can be modeled by means of a conditional
probability P (d | b ∧ c) = 0.4. ✷

To this end, we introduce Conditional Probabilistic Bipo-
lar Argumentation Frameworks (CPBAF), where condi-
tional probabilities on arguments, attacks, and (possibly
cyclic) supports can be easily modeled.

Interesting problems recently investigated in the context
of probabilistic argumentation are the probabilistic credu-
lous and skeptical acceptance problems (Fazzinga, Flesca,
and Furfaro 2018a, 2019), and their generalization to prob-
abilistic acceptance (Alfano et al. 2023a), where a proba-
bility distribution function over the set of σ-extensions of
possible worlds is considered. Given a PAF (i.e., a PBAF
without supports) ∆ and a goal argument g, the probabilis-
tic acceptance (denoted as PrA[σ]) returns the probability
that g is accepted under semantics σ ∈ {gr, co, pr, st}. In
more detail, PrA[σ] implicitly assumes that a PDF over the
set of σ-extensions of any possible world of PAF ∆ is de-
fined (herein a possible world of a PAF is an AF). Thus, a
concrete instance of PrA[σ] is obtained after defining such a
PDF.

In this paper, we explore an instantiation of PrA[σ]
in CPBAF where the PDF over the σ-extensions of a
world relies on the concept of explanation, firstly intro-
duced in (Alfano et al. 2020) for PAF. This problem is
called Explanation-based Probabilistic Acceptance, denoted
as PrEA[σ]. Intuitively, an explanation for a σ-extension E is
a sequence of arguments occurring in E that ‘justify’ E. Ev-
ery explanation is associated with a probability entailed by
the possible choices that can be made. These choices must
be consistent with an ordering entailed by the strongly con-
nected components of the underlying BAF, and they are used
to guide the construction of an extension. The sum of the
probabilities of the explanations for an extension E gives
the probability of E. Thus, given a CPBAF ∆, we assign (i)

to each possible world w of ∆, a probability I(w), and (ii)
to each extension E of w (under semantics σ), a probability
Pr(E,w, σ), whose value is based on the probabilities of
the explanations of E.
Contributions. In this paper we tackle a new problem that
we call Probabilistic Acceptance of an argument.
• We first introduce the Conditional Probabilistic Bipolar

Argumentation Framework (CPBAF) that extends PBAF
by allowing the modeling of conditional probabilities on
arguments, attacks, and supports. Moreover, in CPBAF
the support relation may be cyclic, encompassing the
limitations of previous approaches.

• We define the problem of Probabilistic Acceptance
PrA[σ], for some semantics σ, in CPBAF. Given a CP-
BAF ∆ and an argument g, the problem asks for the prob-
ability that g is accepted in ∆, by means of some fixed
PDF over the σ-extensions of the possible worlds of ∆.

• We introduce our notion of explanation for a BAF ∆, and
exploit it to provide a PDF over the σ-extensions of ∆.
This leads to an instantiation of PrA[σ], dubbed PrEA[σ].

• To deal with the intractability of PrA[σ] and PrEA[σ],
whose complexity is shown to be FP#P-hard, we propose
an additive approximation algorithm for PrEA[σ] for CP-
BAF without cycles with an odd number of attacks and
semantics σ ∈ {gr, co, st, pr}.

2 Preliminaries
We briefly recall the Bipolar Argumentation Framework and
its probabilistic variant (where support cycles are avoided).
We assume familiarity with basic complexity theory notions.

2.1 Bipolar Argumentation Frameworks
A Bipolar Argumentation Framework (BAF) is a triple
⟨A,R, S⟩, where A is a set of arguments, R ⊆ A × A is
a set of attacks, and S ⊆ A × A is a set of supports (with
R ∩ S = ∅). A BAF can be represented by a directed graph
with two types of edges: attacks and supports, denoted by
→ and ⇒, respectively. A support path a0 ⇒− an from ar-
gument a0 to argument an is a sequence of n > 0 edges
ai−1 ⇒ ai with 0 < i ≤ n. We use a⃗ = {b ∈ A | b →
a ∨ ∃c ∈ A.(b → c) ∧ c ⇒− a} to denote the set of argu-
ments that directly or transitively attack a.

Given a cycle of attacks and supports, we say that the cy-
cle is odd (resp., even) if it contains an odd (resp., even)
number of attacks. A BAF is (i) acyclic if it does not have
cycles, (ii) support-acyclic if it does not have cycles con-
taining only supports, i.e. there is no argument a such that
a ⇒− a, (iii) odd-cycle-free if it does not have odd cycles.
Example 4. The BAF encoding the deterministic version
of the PBAF of Example 1 is Λ = ⟨A = {a, b, c, d, e},
R = {(a, b), (b, e), (c, d), (d, c)}, S = {(b, c), (e, a)}⟩. ✷

Different interpretations of the support relation have been
proposed in the literature (Simari and Rahwan 2009; Cayrol,
Cohen, and Lagasquie-Schiex 2021; Villata et al. 2012). We
focus on necessary supports,1 whose semantics is intended

1The results can be easily extended to the deductive interpreta-
tion of the support relation by reversing the direction of supports.
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to capture the following intuition: if argument a supports ar-
gument b, then to have b accepted, it is necessary that a is
accepted as well; the non-acceptance of a implies the non-
acceptance of b (Nouioua and Risch 2011). Moreover, we
consider BAF that could be possibly cyclic, whose seman-
tics is recalled next.
Definition 1 (BAF Semantics (Alfano et al. 2024d)). For
any BAF ⟨A,R, S⟩ and set of arguments E ⊆ A:
• DEF(E) = E+ = {a∈A | (∃b∈E . b → a)

∨ (∃b ∈ DEF(E) . b ⇒ a) ∨ a ⇒− a};
• ACC(E) = {a∈A | (∀b∈A . b → a implies b∈DEF(E))

∧ (∀c∈A . c ⇒ a implies c∈ACC(E)}.
Observe that the set of acceptable arguments ACC(E) ex-

plicitly excludes self-supported arguments (i.e., arguments
in a support cycle or supported by an argument in a support
cycle), that are assumed to be defeated. For a given set E,
E∗ = E ∪ E+ denotes the set of elements which are either
in E or defeated by E (i.e., E∗ = E ∪ DEF(E)).

Different argumentation semantics have been defined
leading to the characterization of collectively acceptable sets
of arguments, called extensions (Dung 1995).

Given a BAF Λ = ⟨A,R, S⟩, a set E ⊆ A of arguments
is said to be i) conflict-free iff E ∩ DEF(E) = ∅, and ii)
admissible iff it is conflict-free and E⊆ACC(E). Moreover,
E is an extension:
• complete iff it is conflict-free and E = ACC(E);
• preferred iff it is a ⊆-maximal complete extension;
• stable iff it is a total (E∪DEF(E)=A) preferred extension;
• grounded iff it is the ⊆-smallest complete extension.

The set of σ-extensions (with σ ∈ {gr, co, st, pr}) of a
BAF Λ will be denoted by σ(Λ). If we consider a generic
semantics σ, we refer to a semantics in {gr, co, pr, st}.

Given an extension E, we say that the status of an ar-
gument a is true (resp., false, undecided) if a ∈ E (resp.,
a ∈ E+, a ∈ A \ E∗). We also say that a is accepted, de-
feated, or undefined (w.r.t. E), respectively.

Clearly, if the set S of supports is: i) acyclic, then the
semantics extends that of AF with Necessities (Nouioua and
Risch 2011); ii) empty, then a BAF is an AF (Dung 1995).
Example 5 (cont’d). Consider the cyclic BAF Λ′ obtained
from Λ by replacing attacks (a, b) and (b, e) with supports.
Then, DEF({d}) = {a, b, c, e} and ACC({d}) = {d}. Under
necessary interpretation of supports, Λ′ has a unique com-
plete extension, {d}, that is grounded, preferred and stable.✷

Given a BAF Λ = ⟨A,R, S⟩ and set E ⊆ A, Λ↓E =
⟨E,R ∩ (E × E), S ∩ (E × E)⟩ denotes the restriction of
Λ to E. Moreover, Λ↑E = Λ↓A\E denotes the restriction
of Λ to A \ E. A strongly connected component (SCC) of
Λ is a maximal subset C of A such that, for every pair of
arguments a, b ∈ C, there is a path from a to b along the at-
tack and support relation in the graph representing Λ. Note
that, differently from the standard definition, we use SCC to
denote a set of nodes (i.e. arguments), not a subgraph. Here-
after, we assume the existence of a linear ordering over the
SCCs of Λ that follows the topological ordering of the un-
derlying graph. An SCC is said to be first if there is no other
SCC preceding it in the ordering. As an example, the two
SCCs of the BAF shown in Figure 1 (i.e., the deterministic

version of the PBAF in Example 1) are {a, b, e} and {c, d},
where the former precedes the latter.

2.2 Probabilistic Acyclic BAF
Probabilistic acyclic Bipolar Argumentation Framework
(PBAF), introduced in (Fazzinga, Flesca, and Furfaro
2018b), extends acyclic BAF with probabilities on argu-
ments, attacks, and supports.

Definition 2. A Probabilistic Bipolar Argumentation
Framework (PBAF) is a quadruple ⟨A,R, S, P ⟩ where
⟨A,R, S⟩ is a BAF, and P is a total function assigning
a non-zero marginal probability value to every element in
A ∪R ∪ S, that is, P : (A ∪R ∪ S) → (0, 1].

In this section, for the sake of the presentation, we assume
that only arguments are uncertain (and attacks and supports
are certain, i.e., their probability is 1). This is w.l.o.g. as any
PBAF can be rewritten into an equivalent one where only
arguments are uncertain (see in Section 3.1). Also, marginal
probabilities equal to 1 will not be explicitly defined.

Example 6. The PBAF underlying the scenario of Exam-
ple 1 is ∆ = ⟨A,R, S, P ⟩, where ⟨A,R, S⟩ is the BAF of
Example 4, while P = {P (b) = 0.6, P (c) = 0.8}⟩. ✷

Intuitively, the value assigned by P to any argument a
represents the probability that a actually occurs. The formal
meaning of a PBAF is given in terms of possible worlds.
Given a PBAF ∆ = ⟨A,R, S, P ⟩, a possible world of ∆ is a
BAF w = ⟨A′, R′, S′⟩ such that A′ ⊆ A, R′ = R ∩ (A′ ×
A′), S′ = S ∩ (A′ ×A′), and arguments a ∈ A occur in A′

whenever they are certain (i.e., P (a) = 1). We use pw(∆)
to denote the set of all possible worlds of ∆.

An interpretation for a PBAF ∆ = ⟨A,R, S, P ⟩ is a
PDF I over the set pw(∆) of the possible worlds. Each
w=⟨A′, R′, S′⟩∈pw(∆) is assigned by I the probability:

I(w) =
∏
a∈A′

P (a)×
∏

a∈A\A′

(
1− P (a)

)
. (1)

Example 7. The possible worlds of the PBAF ∆ of Exam-
ples 1 and 6 are w1, w2, w3 and w4 given in Example 2.
Then, interpretation I is as follows:2
• I(w1) = P (b) · P (c) = 0.6 · 0.8 = 0.48,
• I(w2) = P (b) · (1− P (c)) = 0.6 · 0.2 = 0.12,
• I(w3) = (1− P (b)) · P (c) = 0.4 · 0.8 = 0.32,
• I(w4) = (1−P (b)) · (1−P (c))= 0.4 · 0.2 = 0.08. ✷

3 Conditional Probabilistic BAF
Before defining the syntax and semantics of the proposed
framework, we introduce some notation.

In defining probabilities for attacks and supports, we will
use the symbol αab (resp., βab) to denote the attack (resp.,
support) (a, b). For instance, to say that the probability that
the attack (a, b) occurs, provided that the support (b, c) oc-
curred, we write P (αab|βbc). Given a set R of attacks and a
set S of supports, we introduce the sets α = {αab | (a, b) ∈

2Probabilities equal to one have been omitted, as they do not
affect the final result.
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Figure 2: CPBAF ∆ of Example 8.

R} and β = {βab | (a, b) ∈ S}, that is, α and β are al-
ternative ways to denote the sets of attacks and supports,
respectively, that will be used in what follows.
Definition 3 (CPBAF). A Conditional Probabilistic Bipo-
lar Argumentation Framework (CPBAF) is a quadruple
⟨A,R, S, P ⟩ where ⟨A,R, S⟩ is an BAF, and P is a total
conditional probability function assigning a non-zero prob-
ability value P (a|Ca) to every element a ∈ A∪α∪β, where
Ca is a conditional event consisting of a propositional logic
formula whose atoms are taken from A ∪ α ∪ β.

The marginal probability of an element a will be simply
denoted by P (a) (instead of P (a|true)). Again, marginal
probabilities equal to 1 will not be explicitly defined. We
assume that the probabilistic function uniquely defines the
probability of an element, i.e., there are no two distinct in-
stances P (a|C ′

a) and P (a|C ′′
a ). Clearly, the probability that

an attack αab or a supports βab occurs is conditional to the
occurrence of the related arguments a and b. Thus, whenever
we write P (αab) (resp. P (αab | Cab)) we mean P (αab|a∧b)
(resp. P (αab | a ∧ b ∧ Cab)). Analogous assumptions are
made regarding supports’ probabilities.
Example 8. The CPBAF of Example 3 is ∆ = ⟨A, R, S,
P ⟩, where ⟨A,R, S⟩ is the BAF of Example 4, while P =
{P (b) = 0.6, P (c) = 0.8, P (d | b ∧ c) = 0.4}, as shown
in Figure 2. ✷

Given a CPBAF ⟨A,R, S, P ⟩ the probability dependency
graph is a graph whose nodes are elements in A ∪ α ∪ β
and there is an edge from b to a if atom b is conditioning
atom a, that is, let P (a|Ca) be the conditional probability of
a, b occurs in the formula Ca. We say that a CPBAF is well
defined if the probability dependency graph is acyclic. From
now on, we assume that CPBAFs are well defined.

The semantics of CPBAF is given in terms of possible
worlds; it naturally extends that of PBAF as follows. Given
a CPBAF ∆ = ⟨A,R, S, P ⟩, a possible world of ∆ is a BAF
w = ⟨A′, R′, S′⟩ such that A′ ⊆ A, R′ ⊆ R ∩ (A′ × A′),
S′ ⊆ S ∩ (A′ × A′), w |= Ct for any t ∈ A′ ∪ R′ ∪ S′,
and elements t ∈ A ∪ R ∪ S s.t. P (t|Ct) = 1 and w |= Ct

occur in w. Herein, w |= Ct means that the formula Ct is
true in w.3 This condition generalizes that of possible worlds
for PBAF where only marginal probabilities are defined and
thus Ct is true for each argument t. We use pw(∆) to denote
the set of all possible worlds of CPBAF ∆.
Definition 4. An interpretation for a CPBAF ∆ is a proba-
bility distribution function I over pw(∆). I assigns to each
w ∈ pw(∆) the probability

I(w) =
∏

t∈T ′∧w|=Ct

P (t | Ct)×
∏

t∈T\T ′∧w|=Ct

(
1−P (t | Ct)

)
, (2)

where T = A ∪R ∪ S and T ′ = A′ ∪R′ ∪ S′.
3In evaluating w |= Ct, an atom a is true iff it occurs in w.

Example 9. The possible worlds of the CPBAF ∆ =
⟨A,R, S, P ⟩ of Example 8 are the following:
• w1=⟨A,R, S⟩ with probability I(w1)= .6×.8×.4= .192;
• w2=⟨{a, e, b, c}, {(a, b), (b, e)}, S⟩ with probability
I(w2)= .6×.8×(1− .4)= .288;

• w3=⟨{a, e,b}, {(a, b), (b, e)}, {(e, a)}⟩ with probabil-
ity I(w3) = .6×(1− .8)= .12;

• w4=⟨{a, e,c}, ∅, {(e, a)}⟩ with probability I(w4) =
(1-.6)×(.8)= .32;

• w5=⟨{a, e}, ∅, {(e, a)}⟩ with I(w4) = (1-.6)×(1-.8) =
.08. ✷

A relevant problem in the field of formal argumentation
is that of acceptance, that is determine the probability that
a goal argument g of a framework ∆ is accepted under a
given semantics σ. We next extend the acceptance problem
defined for non-conditional PAF in (Alfano et al. 2023a) to
CPBAF.
Definition 5 (Probabilistic Acceptance). Given a CPBAF
∆ = ⟨A,R, S, P ⟩ and an argument g ∈ A, PrA[σ] is the
problem of determining the probability PrAσ

∆(g) that g is
acceptable w.r.t. semantics σ, defined as follows:
PrAσ

∆(g) =
∑

w∈pw(∆) ∧ E∈σ(w) ∧ g∈E

I(w)·Pr(E,w, σ)

where Pr(·, w, σ) is a PDF over the set σ(w).
The previous definition generalizes the notion of Cred-

ulous Acceptance (CA) for deterministic AFs proposed
in (Thimm 2012) (where a PDF over the set of σ-extensions
is assumed to be given), as well as the notion of probabilistic
CA for PBAF (Fazzinga et al. 2019), and probabilistic ac-
ceptance in PAF, where it has also been shown that PrA[σ]
encompasses some drawback of the classical CA problem.

3.1 CBAF Mappings
W.l.o.g., we can restrict our attention to arg-CPBAFs, a sub-
class of CPBAFs in which the probabilities assigned to at-
tacks and supports are equal to 1. Indeed, for any CPBAF,
there exists an equivalent arg-CPBAF.
Definition 6. Given a CPBAF ∆ = ⟨A,R, S, P ⟩ we denote
by ∆′ = arg(∆) =⟨A′, R′, S′, P ⟩ the arg-CPBAF derived
from ∆ as follows:
• A′=A ∪ {αab | (a, b) ∈ R} ∪ {βab | (a, b) ∈ S};
• R′={(αab, b) | (a, b)∈R};
• S′={(a, αab)|(a, b)∈R} ∪ {(a, βab), (βab, b)|(a, b)∈S}.

Thus, any attack (resp., support) (a, b) is replaced by a
support (a, αab) and an attack (αab, b) (resp., two supports
(a, βab) and (βab, b)), where the fresh argument αab (resp-
βab has associated the same probability of (a, b). It is worth
noting that, to obtain arg-CPBAFs, certain elements (e.g., at-
tacks (a, b) with P (αab|Cab) = 1 and Cab ≡ true) can be
ignored by the rewriting operation. Analogous results map-
ping CPBAF into CPBAF where only attacks/supports are
uncertain can be similarly provided.
Example 10. Consider the CPBAF ∆=⟨{a, b, c}, {(b, c)},
{(a, b)}, P = {P (βab) = 0.4, P (αbc |βab) = 0.6}⟩.
The derived (equivalent) arg-CPBAF is ∆′ = ⟨{a, b, c,
βab, αbc}, {(αbc, c)}, {(a, βab), (βab, b), (b, αbc)}, P ⟩. ✷
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Figure 3: BAFs Λ, Λ↑gr(Λ)∗ , and Λ̂j of Examples 11 and 12.

For any CPBAF ∆ = ⟨A,R, S, P ⟩, we denote by ∆′′ =
⟨A′′, R′′, S′′, P ⟩ the CPBAF derived from ∆′ = arg(∆) =
⟨A′, R′, S′, P ⟩ where: A′′=A′ ∩A; R′′=(R′ ∩R)∪{(a, b) |
αab ∈ A′}; and S′′=(S′ ∩ S) ∪ {(a, b) | βab ∈ A′}.

Fact 1. For any CPBAF ∆, ∆′′ = arg−1(arg(∆)) = ∆.

Thus, the transformation to derive ∆′′ from ∆′ defines an
inverse mapping w.r.t. that used to derive ∆′ from ∆.

The next theorem states the ‘equivalence’ between CP-
BAF and the derived arg-CPBAF.

Theorem 1. Let ∆ be a CPBAF and ∆′ = arg(∆). Then:
• there is a bijective mapping m from pw(∆) to pw(∆′);
• for each w ∈ pw(∆), I(w) = I(m(w)); and
• σ(w)= {E ∩A |E ∈ σ(m(w))}.

Thus, hereafter we assume that in CPBAFs only argu-
ments may be uncertain, and simply call them CPBAFs.

4 Explanations for Bipolar AF
We introduce the concept of explanation, that is a sequence
of necessary suggestions (guided by an ordering on SCCs)
useful to construct a given extension. The explanation of
an extension E is determined recursively for: i) a BAF
stripped of all arguments determined to be true or false by
the grounded extension, and ii) an (initially empty) set F
of arguments, whose status is not yet determined but, based
on the assumptions made, will have to be determined to be
defeated. We next introduce some notations.

Given a BAF Λ = ⟨A,R, S⟩, a set of arguments F ⊆ A
whose status is to be confirmed as defeated, and an argument
a ∈ A (that will be assumed to be accepted) whose set of
(direct or transitive) attackers is a⃗, we denote by:

• Λa the BAF obtained from Λ by deleting attacks and sup-
ports targeting a, that is, ⟨A,R\(A×{a}), S\(A×{a})⟩;

• Λ̂a the BAF obtained from Λ↑gr(Λa)∗ by adding the fol-
lowing set of (virtual) attacks:

a⃗×
(
{b | (x, b) ∈ R ∧ x ∈ gr(Λa)

+}\gr(Λa)
∗).

As it will be clarified in what follows, the intuitive mean-
ing of virtual attacks is not to determine the status of at-
tacked arguments (since attackers are defeated), but to
preserve the (SCC) topology.

Example 11. Consider the BAF Λ shown in Figure 3(left),
extending that of Example 4, and whose grounded extension
is gr(Λ) = ∅. Since f, g and h are derived as defeated (as
occurring in a support cycle), gr(Λ)∗ = gr(Λ) ∪ {f, g, h}.
Taking the BAF Λ = Λ↑gr(Λ)∗ reported in Figure 3(center),
we have that Λj is obtained by removing the support (i, j),
and consequently gr(Λj) = {j}, and gr(Λj)

∗ = {j, k}. As
j⃗ = {c}, Λ̂j is reported on Figure 3(right). ✷

The next definition recursively identifies when a sequence
of arguments is an explanation for an extension E and it can
be used to determine an explanation X for E. The compu-
tation of X can be carried out considering one SCC at a
time following the topological order of the argumentation
graph, and for each SCC by alternating ‘deterministic com-
putations’ (using the grounded semantics) and the choice of
an argument to be accepted (or alternatively all arguments in
the SCC are undefined). In the first case i) it is possible to
determine the status of a further set U of arguments, ii) state
that all attackers of the chosen argument must be determined
subsequently as defeated (and added to F ), and iii) add ‘vir-
tual attacks’ from the attackers of the arguments attacked by
U . If F is not empty, the choice of the argument is restricted
to arguments making some argument in F defeated.

Definition 7 (Explanation). Let Λ = ⟨A,R, S⟩ be a BAF,
σ ∈ {gr, co, st, pr} a semantics, E ∈ σ(Λ), and F ⊂ A
a set of assumptions about the false status of some argu-
ments. A sequence X = ⟨a1, . . . , an⟩, where ai ∈ E ∪ {ε}
(with i ∈ [1...n] and ε a fresh symbol not used for argu-
ments names), is an explanation for E (w.r.t. Λ and F ) if,
letting Λ = Λ↑gr(Λ)∗ and C be the first SCC of Λ, one of the
following three conditions hold:

1. (Final Step) X = ⟨⟩, F = ∅, and Λ = ⟨∅, ∅, ∅⟩.
2. (Choice Step) (i) a1 occurs in an even cycle of C;

(ii)
(
∃x ∈ C .(a1, x) ∈ R

)
;

(iii) (F ̸= ∅
)

implies
(
gr(Λa1)

+ ∩ F ̸= ∅);
(iv) ⟨a2, ..., an⟩ is an explanation for E′ = E \ gr(Λa1)

w.r.t. Λ̂a1
, and (F ∪ a⃗1) \ gr(Λa1

)+.
3. (Skip Step) a1 = ε, F = ∅ and ⟨a2, . . . , an⟩ is an expla-

nation for E w.r.t. Λ↑C and F .

At each choice step, an argument belonging to the exten-
sion (say it a1) is selected. Intuitively, F denotes arguments
whose status has not yet been determined but, based on pre-
vious assumptions, will have to be derived as defeated. Af-
ter assuming that a1 is accepted, all arguments in a⃗1 that
transitively attack a1 should be derived as defeated and,
thus, added to F (if their status has not been determined
during the computation of gr(Λa1

)). In assuming a1 as ac-
cepted, gr(Λa1

) is the set of arguments that are derived to be
accepted, whereas arguments gr(Λa1

)+ are derived as de-
feated. Then, the BAF Λ↑gr(Λa1

)∗ is obtained by removing
the arguments (in gr(Λa1)

∗) whose status has been deter-
mined (either as true of false). Finally, virtual attacks are
added to Λ↑gr(Λa1

)∗ , obtaining the BAF Λ̂a1
. The meaning

of virtual attacks in Λ̂a1
is to ensure that if a1 belonged to an

SCC C, after eliminating the arguments in gr(Λa1
)∗ and the

related attacks and supports, arguments in a⃗1 belonging to C
continue to belong to C. It is worth noting that, as arguments
in a⃗1 will be determined as defeated, the added attacks do
not contribute to determining the status of other arguments.

Example 12. Continuing from Example 11, ⟨j, a⟩ is an ex-
planation for the complete extension E = {a, d, e, i, j},
obtained as follows. The initial BAF is Λ(1)

= Λ = Λ↑gr(Λ)∗

reported on Figure 3 (center), whereas the initial extension
is denoted by E

(1)
= E, and F (1)

= ∅ — superscripts de-
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notes steps. Assume in the first (choice) step that j is se-
lected in the first SCC C = {a, b, c, d, e, i, j, k} of Λ

(1) .
Then, i) gr(Λj) = {j}, ii) Λ(2)

= Λ̂j is obtained (see Fig-
ure 3 (right)); iii) E(2)

= E
(2) \ {j}; and iv) c (the only

attacker of j whose status has not yet been determined) is
added to F (1) , obtaining F (2) . In the second (and choice)
step, recalling that F (2)

= {c} intuitively means that c must
be ‘confirmed’ as defeated in Λ

(2) , the only choice in the
first SCC {a, b, c, e} of Λ(2) making c defeated is a. Then,

i) gr(Λ
(2)

a ) = {a, d, e, i}, ii) Λ(3) =Λ̂(2)

a =⟨∅, ∅, ∅⟩ is obtained;
iii) E

(3)
= F (3)

= ∅. In the third and final step, the empty
explanation ⟨⟩ for E(3) w.r.t. Λ(3) and F (3) is given. ✷

Observe that: (i) when the computation of an SCC termi-
nates, i.e. the status of all arguments in it has been defined,
then F becomes empty, (ii) under stable semantics Item 3
of Definition 7 is never applied, and (iii) under preferred
semantics Item 3 is applied only if Item 2 cannot be applied.

4.1 Properties
Definition 7 gives rise to an explanation strategy (Ulbricht
and Wallner 2021). We use ξ to denote an explanation strat-
egy. Moreover, ξσΛ(E) denotes the set of ξ-explanations
for E ∈ σ(Λ), under semantics σ, whereas ξσ(Λ) =
∪E∈σ(Λ)ξ

σ
Λ(E) is the set of ξ-explanations for Λ under σ.

Most of the explanation strategies defined in the litera-
ture return sets. In contrast, our explanation strategy gives a
sequence of arguments choices. Before formalizing a set of
fundamental properties for explanation strategies introduced
in the literature (Ulbricht and Wallner 2021; Borg and Bex
2024), we define the concept of explanation-set that allows
us to uniformly state properties for explanations consist-
ing of sets or sequences, thus enabling formal comparison
of different types of explanations strategies. For any BAF
Λ = ⟨A,R, S⟩ and explanation X = ⟨x1, ...., xn⟩ ∈ ξσΛ(E)
(with E ∈ σ(Λ)), we say that X̃ = set(X) ∩A is an
explanation-set for E, where set(X) = {x1, ...., xn}. For
explanation strategies where X is a set, X̃ = X ∩A.
Definition 8. Let Λ be a BAF and σ ∈ {gr, co, st, pr} a
semantics. Then, we say that an explanation strategy ξ sati-
fies a property τ , if for every σ-extension E ∈ σ(Λ) and for
every explanation X ∈ ξσΛ(E), it holds that:
τ = σ-basic, if E = gr(⟨A,R \ (A× X̃), S \ (A× X̃)⟩);
τ = σ-existence, if ξσΛ(E) ̸= ∅;
τ = Conflict-freeness, if X̃ is conflict-free in Λ;
τ = Relevance, if X̃ ⊆ ∪a∈E{b ∈ A | b reaches a in Λ};
τ = Disjointness, if F ∈σ(Λ)\{E} implies ξσΛ(E)∩ξσΛ(F )=∅;
τ = Subset-Minimality, if ∄Y ∈ ξσΛ(E) with Ỹ ⊂ X̃.

The σ-basic property, adapted from (Ulbricht and Wall-
ner 2021), intuitively captures the fact that explanation-sets
must be consistent sets of arguments that, when assumed to
be true (i.e., they receive no attack/support), should allow
to derive all arguments in E. An explanation strategy satis-
fies σ-existence if, every extension admits at least one ex-
planation. Conflict-freeness requires explanation sets to be
conflict-free. Relevance ensures that each argument in the
extension is reachable via a path in Λ from at least one

argument in the explanation set; this is meaningful for se-
mantics σ satisfying the directionality principle, as is the
case in this work. Disjointness prescribes that distinct exten-
sions must correspond to disjoint explanation sets. Subset-
Minimality demands subset-minimality of explanation sets.
Note that all these properties implicitly assume explanations
being sets of arguments, and therefore do not fully align
with our notion of explanation as a sequence of arguments.
Therefore, we also consider Sequence-Minimality, that is, let
X = ⟨x1, ..., xn⟩ ∈ ξσΛ(E), there is no ⟨x1, ..., xk⟩ ∈ ξσΛ(E)
with k < n. As also stated next, an explanation X for an
extension E is a minimal sequence of arguments that, if as-
sumed to be true, allows us to derive all arguments in E.
Finally, it is worth considering Inclusion: for E,F ∈ σ(Λ),
if E ⊂ F , then an explanation X ∈ ξσΛ(E) is a prefix of at
least one explanation Y ∈ ξσΛ(F ). Hence, Inclusion states
that an extension contained in other extensions gives expla-
nations that are prefixes of explanations for the larger exten-
sions. Clearly, this property makes sense for complete exten-
sions only, as for the other semantics σ there cannot be two
extensions E,F ∈ σ(Λ) such that E ⊂ F .
Theorem 2. The explanation strategy of Definition 7 satis-
fies σ-basic, σ-existence, Conflict-freeness, Relevance, Dis-
jointness, Sequence-Minimality, and Inclusion.

4.2 Inducing Probabilities on Extensions
Since a given extension may have multiple explanations of
different length, it is reasonable to assume that some expla-
nations are preferred to others. We now introduce probabili-
ties for explanations. As said before, the grounded semantics
has a unique empty explanation which has probability 1. To
define probabilities of explanations, we exploit the concepts
of trie (standard prefix tree data structure) and its probabilis-
tic version (Alfano et al. 2023a).
Definition 9. Given a BAF Λ = ⟨A,R, S⟩ and a semantics
σ, the probabilistic trie for Λ under semantics σ is the triple
Qσ

Λ = ⟨N,H, π⟩ of nodes N and edges H where ⟨N,H⟩
is the trie of all sequences in ξσ(Λ), 4 π : N → (0, 1] is
the function inductively defined as: π(⟨⟩) = 1 and π(x) =
π(PAR(x))/|CHI(PAR(x))| where PAR(x) denotes the parent
of x, whereas |CHI(x)| denotes the number of children of x.

Since the set of leaves of the probabilistic trie Qσ
Λ =

⟨N,H, π⟩ coincides with ξσ(Λ) (i.e. leaves(Qσ
Λ) = ξσ(Λ))

hereafter, with a little abuse of notation, we assume that π is
a function from ξσ(Λ) to (0, 1] . By definition, we have that∑

X∈ξσ(Λ) π(X) = 1.
Definition 10. For any BAF Λ and σ-extension E ∈
σ(Λ), PrE(E,Λ, σ) =

∑
X∈ξσΛ(E) π(X) denotes the

Explanation-based Probability associated with E.
4The trie ⟨N,H⟩ of all sequences in ξσ(Λ) is built in the stan-

dard way, by considering an explanation as a sequence of charac-
ters, each representing an argument name or symbol ϵ. Thus, the
root node represents an empty string, that is, an empty explana-
tion; each node in N represents the addition of a single character
from the given sequences, that is, an argument name or symbol ϵ
from an explanation in ξσ(Λ); edges in H connect nodes that are
labeled with argument names or ϵ; and a path from the root to any
node represents a prefix of one or more explanations in ξσ(Λ).
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Figure 4: Probabilistic trie for the BAF Λ of Example 13.

Example 13. The explanations for the complete exten-
sions co(Λ) = {E1 = ∅, E2 = {b}, E3 = {d}, E4 =
{b, c}, E5 = {b, d}, E6 = {a, d, e}} of the BAF Λ of Ex-
ample 4 are represented by the leaf nodes of the trie shown
in Figure 4. The probability of explanation ⟨a⟩ for extension
E6 is 1/3, that is also the value for PrE(E6,Λ, σ). ✷

As for probabilistic CPBAF ∆, we have to consider all
BAFs w in the set pw(∆) of possible worlds. This leads
to the Explanation-based Probabilistic Acceptance problem,
that is a specialization of PrA[σ] (cf. Definition 5).

Definition 11. Given a CPBAF ∆ = ⟨A,R, S, P ⟩ and an
argument g ∈ A, PrEA[σ] is the Explanation-based Prob-
abilistic Acceptance problem, that is, the problem of deter-
mine the probability PrEAσ

∆(g) that g is acceptable w.r.t.
semantics σ, computed as follows:

PrEAσ
∆(g) =

∑
w∈pw(∆) ∧ E∈σ(w) ∧ g∈E

I(w) · PrE(E,w, σ).

The intuition behind the previous definition is that, as ex-
tensions do not share explanations, the probability of expla-
nations is transferred to the extensions and acceptance of
arguments. With a little effort, it can be checked that, for the
CPBAF of Example 8, PrEAco

∆ (g) = 1/3 (resp., 1/3, 1/9,
4/9, and 1/3), with g = a (resp., b, c, d, and e).

5 Complexity and Approximation
We address the complexity of problems PrA[σ] and
PrEA[σ]. Recall that PrA[σ] is defined after choosing an ar-
bitrary but fixed PDF over the set of extensions of a BAF,
while PrEA[σ] uses the specific PDF Pr(E,Λ, σ) of Defini-
tion 11. As shown next, these problems are intractable.

Theorem 3. For σ ∈ {gr, co, st, pr}, PrA[σ] is FP#P-hard,
even for acyclic CPBAFs and for any chosen PDF.

The high computational complexity of PrA[σ] and
PrEA[σ], even for the very simple setting of acyclic CPBAF,
suggests that one would need to focus on finding efficient
algorithms that solve the problem approximately. Next, we
present a complete picture of the approximability landscape
of our problems, under different semantics and approxima-
tion schemes, where the definition of the latter is as follows.

Definition 12 (Approximation schemes). Consider a func-
tion f : {0, 1}∗ → Q. A fully polynomial-time randomized
approximation scheme (FPRAS) for f is a randomized algo-
rithm A that given as input x ∈ {0, 1}∗, and numbers ϵ > 0,
0 < δ < 1, outputs a random variable A(x, ϵ, δ) such that:

Pr (|A(x, ϵ, δ)− f(x)| ≤ ϵ · f(x)) ≥ 1− δ, (3)

and A runs in polynomial time in |x|, 1/ϵ, and ln(1/δ).

Algorithm 1: Apx

Input: A CPBAF ∆, a semantics σ, a goal g ∈ A, error
parameter ϵ > 0, and uncertainty parameter 0 < δ < 1.

Output: a random number p s.t. PrEAσ
∆(g) ∈ [p−ϵ, p+ϵ]

with probability 1− δ.
1: n = ⌈ 1

2ϵ2 × ln( 2δ )⌉; κ = 0;
2: for i ∈ {1, . . . , n} do
3: Choose Λ=⟨A,R, S⟩ in pw(∆) with probability

I(Λ);
4: Choose X ∈ ξσ(Λ) with probability π(X);
5: if g ∈ gr(⟨A,R \ (A× X̃), S \ (A× X̃)⟩ then

κ = κ+ 1;
6: return κ/n;

A fully polynomial-time additive randomized approxima-
tion scheme (FPARAS) for a function f is defined as in
Equation 3, where the inequality |A(x, ϵ, δ) − f(x)| ≤
ϵ · f(x) is replaced with |A(x, ϵ, δ)− f(x)| ≤ ϵ.

The type of error guarantee distinguishes the two
schemes: an additive error bounded by ϵ in FPARAS,
whereas a relative error within a factor of ϵ ·f(x) in FPRAS.

As stated next, approximate computation of PrA[σ] via
FPRASes is not possible even for acyclic CPBAFs.
Theorem 4. Unless NP ⊆ BPP, there is no FPRAS for
PrA[σ] with σ ∈ {gr, co, st, pr}, even for acyclic CPBAFs.

Next, we also show that even approximation algorithms
with bounded additive error cannot be devised, for CPBAFs
of general shape and preferred and stable semantics.
Theorem 5. Unless NP ⊆ BPP, there is no FPARAS for
PrA[st] and PrA[pr], for any chosen PDF.

Our results highlight an intrinsic difficulty in providing ef-
ficient procedures (either exact or approximate) for any ap-
proach assigning a probability to an argument by means of a
probability distribution over the extensions. Thus, our efforts
should be towards approximation schemes with bounded ad-
ditive error guarantees, i.e., FPARASes. In particular, in the
light of Theorem 5, one could still provide an FPARAS ei-
ther when σ = gr, or when some restriction on the input
CPBAF is assumed. The following theorem identifies cases
where using explanations for devising a PDF over extensions
allows us to construct an FPARAS.
Theorem 6. PrEA[σ] has an FPARAS if i) σ=gr, or ii) σ ∈
{gr, co, st, pr} and the input CPBAF is odd-cycle-free.

Our FPARAS algorithm is presented in Algorithm 1. Con-
sider a CPBAF ∆, a semantics σ and an argument g. The
high-level idea is to perform a number of iterations n, and at
each iteration sample a world w of ∆ and an explanation X
in ξσ(w), and count the fraction of iterations for which the
given argument g is in the σ-extension E explained by X .

We point out that, besides line 4, all steps of our algorithm
can be easily implemented in polynomial time regardless of
the shape of the input CPBAF and the semantics. Particu-
larly, to prove that Algorithm 1 leads to an FPARAS in the
cases described above, it suffices to prove that i) line 4 can
be implemented in polynomial time when either σ = gr or
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Algorithm 2

Input: A BAF Λ = ⟨A,R, S⟩ and a semantics σ.
Output: An explanation for a σ-extension.
1: Let X = ⟨⟩; F = U = ∅; Λ = Λ↑gr(Λ)∗ ;
2: while Λ ̸= ⟨∅, ∅, ∅⟩ do
3: Let A′ be the first SCC of Λ;
4: Let C = {a ∈ A′ | a ̸∈ (F ∪U)∧

(
∃x ∈ A′.(a, x) ∈ R

)
∧(

(F ̸= ∅) implies (gr(Λa)
+ ∩ F ̸= ∅)

)
};

5: if σ = gr then C = {ε};
6: if σ = co ∧ F = ∅ then C = C ∪ {ε};
7: Select a ∈ C with probability 1

|C| and append it to X;
8: if a = ε then
9: U = U∪{x|(y, x)∈((R∪S)∩(A′×(A\A′))}; Λ=Λ↑A′ ;

10: else F = Fa; and Λ = Λ̂a;
11: return X

∆ is odd-cycle-free. This is done via Algorithm 2, which op-
erates as follows. At the beginning Λ is updated to Λ↑gr(Λ)∗

by deleting arguments occurring in the grounded extension
or defeated by them (line 1). Clearly, if the source BAF is
acyclic, we have that Λ↑gr(Λ)∗ is empty and the algorithm
terminates, returning the empty explanation (with probabil-
ity 1). Then, it iterates until the current BAF Λ becomes
empty (line 2) and the following steps are executed itera-
tively. It determines the set C of arguments in the first SCC,
from which it is possible to choose the next element (lines 3
and 4). Moreover, if σ = gr, the only possible choice will be
ε (line 5), whereas if σ = co and F is empty, ε is added to C,
as it is also an admissible choice (line 6). Then, an element
a is nondeterministically selected from C with probability
1/|C| (line 7) and appended to X . The next steps depend on
the choice made. If a = ε (line 9) all arguments in the first
component are deleted from Λ and all arguments attacked or
supported by these arguments are added to U to remember
that their status cannot be true and, thus, they cannot be cho-
sen in the next steps. By deleting the whole components and
adding ε to X we are stating that the status of all elements
in the component is undefined. If the chosen element a is
an argument, the following steps are executed: i) the attack-
ers of a are added to F as we are assuming that their status
must be false, and all elements whose status is determined
(i.e. those in gr(Λa)

+) are deleted from F and ii) the BAF
Λ is updated to Λ̂a (line 10), so that the resulting component
continues to be strongly connected by reconstructing paths
in the graph that were broken through the deletion of nodes.

Theorem 7. Whenever i) σ = gr, or ii) σ ∈ {gr, co,
st, pr} and the input BAF Λ is odd-cycle-free, then: Algo-
rithm 2 runs in polynomial time and, for each E ∈ σ(Λ), it
outputs E with probability Pr(E,Λ, σ).

Thus, Algorithm 1 enjoys the probabilistic and error guar-
antees of an FPARAS (Hoeffding 1963).

6 Related Work
Looking for transparent and interpretable models has led
to the exploration of several explanation paradigms in eX-
plainable AI (XAI) (Marques-Silva and Ignatiev 2022; Ig-
natiev et al. 2022; Malfa et al. 2021; Ignatiev, Narodytska,

and Marques-Silva 2019; Alfano et al. 2025a,b), also in the
probabilistic setting (Izza et al. 2021; Subercaseaux, Arenas,
and Meel 2025; Arenas et al. 2025; Wäldchen et al. 2021).

Integrating explanations in argumentation systems is im-
portant for enhancing the argumentation and persuasion ca-
pabilities of software agents (Moulin et al. 2002; Bex and
Walton 2016; Cyras et al. 2019; Miller 2019). For these
reasons, several researchers explored how to deal with ex-
planations in formal argumentation. Significant work in this
field includes (Fan and Toni 2015), where a new argumenta-
tion semantics is proposed for capturing explanations in AF,
and (Craven and Toni 2016) that focuses on ABA frame-
work (Dung, Kowalski, and Toni 2009). They treat an expla-
nation as a semantics to answer why an argument is accepted
or not. Thus, an explanation is viewed as a set of arguments,
instead of a sequence of arguments, needed for explaining
such an extension. In (Fan and Toni 2015), an explanation is
a set of arguments justifying a given argument by means of
a proponent-opponent dispute-tree (Dung, Mancarella, and
Toni 2007). A similar approach based on debate trees as
proof procedure for computing grounded, ideal, and pre-
ferred semantics is given in (Thang, Dung, and Hung 2009).

Probabilities in argumentation have been widely explored
(Dung and Thang 2010; Rienstra 2012; Doder and Woltran
2014; Hunter 2012; Li, Oren, and Norman 2011; Thang,
Dung, and Hung 2009; Hunter et al. 2021). Almost all
frameworks so far proposed have considered marginal prob-
abilities with either standard AF (Fazzinga, Flesca, and Fur-
faro 2018a, 2022) or support-acyclic BAF (Fazzinga et al.
2019). A formalization of conditional probabilistic argu-
mentation based on probabilistic conditional logic has been
provided in (Hunter and Potyka 2023). A language defin-
ing constraints by means of conditional probabilities is used
in epistemic graphs (De Bona, Rocha, and Cozman 2021).
However, none of those works specifically deals with expla-
nations, which is the focus of our work.

7 Conclusions
We have introduced CPBAF, combining cyclic BAF with
conditional probabilities. Then, we have introduced a no-
tion of explanation in BAF yielding a probability distribu-
tion function over BAF’s extensions. This leads to an in-
stantiation of the acceptance problem in CPBAF (PrA[σ])
called explainable acceptance (PrEA[σ]). After showing that
PrA[σ] and PrEA[σ] are FP#P-hard even for acyclic CP-
BAFs, we have proposed a polynomial time additive ap-
proximation algorithm for solving PrEA[σ] for general CP-
BAFs and either σ = gr or odd-cycle-free CPBAFs under
σ ∈ {co, st, pr}.

Future work will be devoted to the investigation of other
ways of defining a PDF over the set of extensions, thus en-
abling other instantiations of PrA[σ].
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