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Abstract

We investigate the computational problem of determining the set of acceptable
arguments in abstract argumentation wrt. credulous and skeptical reasoning under
grounded, complete, stable, and preferred semantics. In particular, we investi-
gate the computational complexity of that problem and its verification variant,
and develop several algorithms for all problem variants, including two baseline
approaches based on iterative acceptability queries and extension enumeration,
and some optimised versions. We experimentally compare the runtime perfor-
mance of these algorithms: our results show that our newly optimised algorithms
significantly outperform the baseline algorithms in most cases.

1. Introduction

In abstract argumentation [1], an argument a is skeptically (credulously) ac-
cepted wrt. some semantics o, if it belongs to all (at least one) o-extensions,
respectively. Work on algorithms for solving reasoning problems in abstract ar-
gumentation—see e. g. the survey [2]—so far focused on deciding acceptability
for a single query argument, or determining a single or all o-extensions. How-
ever, the computational problem of directly computing the set of all acceptable
arguments (wrt. either credulous or skeptical reasoning) has not been considered
yet explicitly in the literature. Of course, this problem can be solved by reducing
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it to the problems mentioned above. For example, one can determine the set of
all credulously accepted arguments by first computing all o-extensions and then
taking their union. In this paper, we ask whether this approach is appropriate for
the problem and whether other approaches provide superior performance.

Having efficient algorithms for computing the set of credulously or skeptically
accepted arguments is of practical importance. For instance, consider CISpaces
[3], an argumentation-based research-grade prototype for supporting intelligence
analysts in their sense-making process, under consideration for transitioning into
a commercial product. It supports intelligence analysts in sense-making in as-
sessing competing hypotheses, where each hypothesis is a preferred extension.
Knowing whether specific arguments are not in any possible extensions—the dual
problem of credulous acceptance—or knowing whether arguments are skeptically
justified is of great service as also discussed in [4]. It allows human analysts to re-
duce their cognitive burden by consciously deciding whether or not to look more
into a specific argument they made in their sense-making process.

In this paper, we first look at the theoretical complexity of the problem of ver-
ifying whether a given set of arguments is exactly the set of acceptable arguments
wrt. both credulous and skeptical reasoning under grounded, complete, stable, and
preferred semantics. Our results mirror similar previous results [5] in that, for ex-
ample, the verification problem for grounded semantics under both credulous and
skeptical reasoning is in P, while the verification problem for skeptical reason-
ing for preferred semantics is DP2-complete (see Section 3 for definitions of the
complexity classes). While the proofs of membership follow easily from exist-
ing results [5], the hardness proofs require some novel reduction techniques and
insights.

In addition to the theoretical analysis, we present and analyse concrete algo-
rithms for determining the set of acceptable arguments wrt. preferred and stable
semantics and both reasoning modes.! We first consider two baseline algorithms.
The first one computes the set of acceptable arguments by simply iterating over
all arguments and solving the corresponding decision problem for each argument.
To be comparable with our other algorithms, we use simple SAT-solver based al-
gorithms in the spirit of u-toksia [6] for these decision problems. Our second
baseline method simply enumerates all extensions and then takes their union (for

"We do not consider grounded semantics and skeptical reasoning with complete semantics,
since these problems are polynomial; we also do not consider credulous reasoning with complete
semantics explicitly, since this is equivalent to credulous reasoning with preferred semantics.
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credulous reasoning) or intersection (for skeptical reasoning). We improve upon
this second algorithm by defining an optimised version that enumerates only a
subset of all extensions that already cover the whole set of acceptable arguments.
Finally, we describe a fourth algorithm that uses a MAXSAT-solver to maximise
the number of newly discovered acceptable arguments in each call. We provide
an extensive experimental evaluation of these four algorithms on all benchmarks
from all ICCMA? competitions. Our results consistently show that the two opti-
mised algorithms significantly outperform the baseline algorithms.
To summarise, the contributions of this paper are as follows.

1. We characterise the computational complexity of the verification problem
of checking whether a given set is exactly the set of acceptable arguments
wrt. both credulous and skeptical reasoning and the grounded, complete,
stable, and preferred semantics (Section 3).

2. We present four (SAT-based) algorithms for solving the problem of deter-
mining the set of acceptable arguments wrt. credulous reasoning and the
stable and preferred semantics (Section 4)

3. We present four (SAT-based) algorithms for solving the problem of deter-
mining the set of acceptable arguments wrt. skeptical reasoning and the sta-
ble and preferred semantics (Section 5)

4. We report on an experimental evaluation of the runtime performance of the
above four algorithms (Section 6).

We provide necessary preliminaries in Section 2 and conclude in Section 7. All
proofs of technical results can be found in the appendix.

This paper is an extended version of the conference paper [7]. This version
contains all proofs of technical results, an extensive presentation of the contribu-
tions, algorithms for both credulous and skeptical reasoning wrt. grounded, com-
plete, stable, and preferred semantics (the previous version only considered cred-
ulous reasoning wrt. to complete semantics), and a thorough experimental evalu-
ation of algorithms for both credulous and skeptical reasoning wrt. the grounded,
complete, stable, and preferred semantics on data sets from ICCMA 2015-2023
(the previous version only covered credulous reasoning wrt. to complete seman-
tics and the data sets from ICCMA 2015-2019).

’http://argumentationcompetition.org
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Figure 1: The abstract argumentation framework AF; from Example 1.

2. Preliminaries

An abstract argumentation framework AF is a tuple AF = (A,R) where A is
a set of arguments and R is a relation R C A x A. For two arguments a,b € A
the relation aRb means that argument a attacks argument b. For a € A define
a” ={b|bRa} and a” = {b | aRb}. We say that a set S C A defends an argument
b € A if for all a with aRb then there is ¢ € S with cRa.

Semantics are given to abstract argumentation frameworks by means of ex-
tensions [1]. An extension E is a set of arguments £ C A intended to represent
a coherent point of view on the argumentation modelled by AF. Arguably, the
most important property of an extension is its admissibility. An extension E is
called admissible if and only if (1) E is conflict-free, i. e., there are no arguments
a,b € E with aRb and (2) E defends every a € E, and it is called complete (CO)
if, additionally, it satisfies (3) if £ defends a then a € E.

Different types of classical semantics can be phrased by imposing further con-
straints. In particular, a complete extension E

e is grounded (GR) if and only if E is minimal;
e is preferred (PR) if and only if E is maximal; and
e is stable (ST) if and only if A= EU{b | Ja € E : aRb}.

All statements on minimality/maximality are meant to be with respect to set in-
clusion. Note that the grounded extension is uniquely determined and that stable
extensions may not exist [1].

Example 1. Consider the abstract argumentation framework AF; depicted as a
directed graph in Figure 1. In AF; there are three complete extensions E1, E;, E3
defined via Ey = {a,}, E; = {a1,a3}, and E3 = {a;,a4}. E) is also grounded and
E» and E5 are both stable and preferred.

Let o0 € {CO,GR,ST,PR} be some semantics and AF = (A,R) an abstract
argumentation framework. Then, an argument a € A is skeptically accepted in AF,
denoted by AF =5 a, if a is contained in every c-extension. An argument a € A

4
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is credulously accepted in AF, denoted by AF =% a, if a is contained in some
o-extension. Define Accl(AF) = {a € A | AF =5 a} and Accg (AF) = {a € A |
AF = a} to be the sets of skeptically and credulously accepted arguments in AF,
respectively. Observe that Acc; (AF) C Accg (AF) for all semantics and abstract
argumentation frameworks, except for = ST and an argumentation framework
AF’ that possesses no stable extension. In the latter case Accl(AF') = A and
Accs (AF") = 0 by definition.

In the remainder of the paper, we consider the computational problem of de-
termining the sets Accy (AF) and Accy (AF), respectively. Note that these exact
problems have not been investigated before, to the best of our knowledge, in terms
of computational complexity and algorithms. Previous studies and algorithms ei-
ther focus on a single acceptability problem, such as deciding whether AF =5 a
is true for x € {s,c} and some argument a € A, or computing one or all extensions
(as done in the ICCMA series of argumentation competitions).

3. Complexity of Computing the Set of Acceptable Arguments

We assume familiarity with basic concepts of computational complexity and
basic complexity classes such as P, NP and coNP, see [8] for an introduction.
Recall that every decision problem can be represented as a language L that con-
tains exactly those instances to the problem with answer “yes.” A complexity
class can then be represented by the languages of those problems it contains. We
will make use of the complexity class DP, which is defined as DP = {L; N L; |
L; € NP,L; € coNP}. So DP contains the intersections of a language in NP and
a language in coNP. We also need the following class DP2 = {L; N L, | L €
NPNP I, € coN PNP} where NPNP is the class of problems that can be solved by
a non-deterministic Turing machine in polynomial time that has access to an NP
oracle and coNPNP is the class of problems where the complement can be solved
by a non-deterministic Turing machine in polynomial time that has access to an
NP oracle. NPNP is also written as ¥% and coN PNP ag I15. So DP2 contains those
languages that are intersections of a language in Zg and a language in HIZ) .

In this section, we are interested in the computational complexity of the fol-
lowing decision problem:

ACC§ Input: AF=(A,R)and E C A
Output: TRUE iff E = Acc(AF).

for a semantics o and x € {s,c}.
We start with the tractable problems.

5
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Proposition 1. ACCgr, ACCgr, and ACCiq are in P.

Many other problems are DP-complete.
Proposition 2. ACCo, ACCpg, and ACCSt are DP-complete.
Proposition 3. ACCS is DP-complete.

Skeptical inference with preferred semantics is (unsurprisingly) on the second
level of the polynomial hierarchy.

Proposition 4. ACCpg is DP2-complete.

The results from above also allow us to easily provide an upper bound for
the computational complexity of the functional problem of determining the set of
acceptable arguments. For the following result, recall that FN PPPUL is the com-
plexity class of functional problems that can be solved by a non-deterministic Tur-
ing machine running in polynomial time that can call a DP-oracle for a constant
number of times. The class FNPPP2lU is defined analogously. Let furthermore
EnumACC¢ denote the problem of computing Accy (AF).

Corollary 1. Let AF be an abstract argumentation framework.

1. The problems EnumACCSGR, EnumACCCGR, EnumACCSCO are in FP, respec-
tively.

2. The problems EnumACCCCO, EnumACCCPR, EnumACC?T, EnumACC?T are
in FNPPPI, respectively.

3. The problem Enum/—\CCfR is in FNPPP21],

Table 1 summarises the results of this section and also lists known complexity
results for deciding credulous reasoning (Creds for deciding whether on input
AF and a it holds AF =5 a) and skeptical reasoning (Skep, for deciding whether
on input AF and a it holds AF =5 a) for reference, cf. [5]. Membership proofs
(see Appendix A) for the new results do derive quite naturally from proofs of
those previously known results, while hardness proofs required some new and
challenging techniques.
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o | Creds | Skeps || ACCy | ACCY | EnumACCy | EnumACCy
GR| P P P P FP FP
CO | NP P DPc | P FNPOPI FP
ST | NP-c | coNP-c || DP-c | DP-c | FNPPPUI | FNpPDPI]
PR | NP-c | TI5-c | DP-c | DP2-c | FNPPFI | FNPDPE

Table 1: Overview in existing (columns Creds and Skep,) and new (remaining columns) com-

[T3PRE)

plexity results; all statements are membership statements, except where a suffix “-c” indicates
completeness statements.

4. Algorithms for Credulous Reasoning

We will now investigate some algorithms that compute the set Accg (AF) for
o € {CO,ST,PR}. We do not consider grounded semantics here as Acc(AF)
can be computed in polynomial time anyway, cf. see Proposition 1.

We will develop reduction-based algorithms [9, 2] and leverage SAT-solving
technologies. Our encodings of acceptability problems into SAT are based on the
encodings proposed initially in [10] and used in modern S AT-based argumentation
solvers, see e. g. [9, 11]. We consider complete semantics first. Let AF = (A,R)
be an abstract argumentation framework. For each argument a € A we introduce
three propositional variables in,, out,,undec, which model the cases that a is in
the extension, a is attacked by the extension, a is not in the extension nor attacked
by it, respectively. Then define

CIJSO = <outa & \/ in;,) A (ina & /\ out;,) A (ing V out, V undec,)

bea~ bea~
A (—ing V —out,) A (—in, V —undec,) A (—out, V —undec,)

and
cOo _ Cco
Y = N\ 9,°.
acA

For any propositional formula ®, let Mod(®) denote its set of models. For any
model w let E(®) = {a | ®(in,) = TRUE}. Variants of the following observations
have been proven in e. g. [10].

Proposition 5. Let AF = (A R) be an abstract argumentation framework.

1. If @ € Mod(¥§P) then E(w) is a complete extension of AF.

7
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2. IfE is a complete extension of AF then there is @ € Mod(W§P) with E(®) =
E.
3. a € Accg(AF) if and only lf\ng A ing is satisfiable.

Due to Accéo(AF) = Acchr(AF) we set PER = WP§O and use the encoding
‘ng for credulous reasoning with preferred semantics as well.

For stable semantics, we can define a slightly simpler encoding as we do not
need to encode the case in which an argument is neither in the extension nor
attacked by the extension. So, for each argument a € A, we introduce one propo-
sitional variable in,, which models the case that a is in the extension. Then define

CIDST: -in, & \/ in, | A | in, & /\ —iny
bea~ bea~
and
ST __ ST
vir= N\ o
achA

The observations from Proposition 5 apply similarly for stable semantics as well.

Proposition 6. Let AF = (A,R) be an abstract argumentation framework.

1. If © € Mod(W3[) then E() is a stable extension of AF.
2. IfE is a stable extension of AF then there is ® € Mod(¥3[) with E(®) = E.
3. a € Accgt(AF) if and only if ‘I‘f.‘,l—/\ in, is satisfiable.

The above observations enable us to use SAT solving technology by encoding
abstract argumentation problems into one or a series of SAT problems.>

Example 2. Given the abstract argumentation framework AF; from Example 1,
PO is
(ing, Vouty, Vundecy ) A
(outy, < ing ) A (ing, < outy,) A (ing, Vout,, Vundec,,) A
(outy, < ing, Ving,) A (ing, < outg, Aoutg,) A (ing V out,, Vundecg,) A
(outy, < ing;) A (ing, < outg,) A (ing, Vout,, V undecy, )

Observe that Acciq (AF) = {ay,a3,a4}.

3Note that formulas such as W§© can be easily turned in conjunctive normal form, the standard
input format for SAT solvers, with only polynomial overhead, so we do not explicitly discuss
matters related to this aspect in the following.
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Algorithm 1 Algorithm IAQ®

Input: AF = (A,R), o € {CO,ST,PR}
Output:  Acc (AF)

1: S0

2: forac Ado

3: if SAT(WQ, A in,) then

4: S« Su{a}

5: return S

In the remainder of this section, we will use AF; as a running example to
explain the behaviour of the introduced algorithms.

4.1. Iterative Acceptability Queries

A straightforward algorithm for determining Accg (AF) is to exploit observa-
tions 3 of Propositions 5 and 6, respectively, and check for each a € A whether
WZF Ain, is satisfiable using some SAT solver. We denote this algorithm IAQ®
(for iterative acceptability queries wrt. credulous reasoning), it is depicted as Al-
gorithm 1. We write SAT(¢) for a call to an external SAT solver that evaluates to
TRUE if ¢ is satisfiable.

Example 3. Assuming o = CO, the IAQ¢ algorithm makes exactly one call per
argument to the SAT solver, and updates S accordingly. Considering AF, after its
initialisation S <— @, S is updated as follows:

1. loopona;: S={a}

2. looponay: S={a}

3. looponasz: S ={aj,as}

4. loopon ay: S ={ay,as,as}

The following observation regarding the correctness of the algorithm should
be obvious.

Proposition 7. Algorithm |1AQC is sound and complete.

4.2. Exhaustive extension enumeration

Another straightforward approach is to leverage the fact that SAT solvers usu-
ally do not only report on the satisfiability of a given formula but also provide a
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Algorithm 2 Algorithm EEE€

Input: AF = (A,R), o € {CO,ST,PR}
Output:  Acc (AF)

I: S0

2. ¥+ P2,

3: while FALSE # @ = WITNESS(¥) do
4: S+ SUE(w)
5
6

Y+~ YAC(®)
. return S

model as a witness. For a model o let

Clo)= \/ -av \/ «a

®(0t)=TRUE @(0)=FALSE

One can then enumerate all models of formula ¢ by first retrieving any one model
o, then retrieving a model @’ of ¢ A C(w), then a model ®” if ¢ AC(@) AC(’)
and so on. It is clear that all models retrieved this way are models of ¢ and
that by adding C(®), we avoid retrieving the same model on future calls again.
Eventually, the formula becomes unsatisfiable, so we retrieved all the models.
We can use this strategy to enumerate all complete/stable extensions of an input
abstract argumentation framework (using observations 2 and 3 of Propositions 5
and 6, respectively). The union of these is then the set Accg (AF). We denote this
algorithm EEEC and it is depicted as Algorithm 2. We write WITNESS(¢) for a
call to an external SAT solver that evaluates to a model @ of ¢ if ¢ is satisfiable,
or FALSE otherwise.

Example 4. Assuming o = CO, let us consider one by one the iterations that the
EEEC algorithm performs on AF;.

1. E ={ay,as} is found, so
E(w) ={a1,a3} S={a,a3} C(o0)={-a1VayV—-azVa}
2. E ={a,} is found, so
E(®w)={a} S={ay,az} C(w)={—-a1VayVazVaa}
3. E ={ay,a4} is found, so

E((D) = {611,04} S= {al,a3,a4} C(CO) = {—|a1 VayVaj \/ﬂa4}

10
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Algorithm 3 Algorithm SEE€

Input: AF = (A,R), 0 € {CO,ST,PR}
Output:  Acc (AF)

1: S0

22 D+ A

3: while FALSE # ® = WITNESS(W{r A Vyep ing) do
4: S+ SUE(w)
5
6

D+ D\E(w)
: return S

A final iteration is then performed, but ¥ is now unsatisfiable, as no more exten-
sions exist, and therefore WITNESS (W) = FALSE, and the algorithm terminates.

The following observation regarding the correctness of the algorithm should
be obvious.

Proposition 8. Algorithm EEE€ is sound and complete.

4.3. Selective extension enumeration

We now turn to our proposal of a non-trivial algorithm for computing Accg (AF).
A major drawback of the algorithm EEE€ is that an abstract argumentation frame-
work may feature an exponential number of complete/stable extensions and many
may overlap to a large degree. It may therefore be the case that in many itera-
tions of the main loop in line 3 of Algorithm 2 no new arguments are added to
S. To address this issue, we propose a more selective extension enumeration SEE,
implemented in Algorithm 3.

Differently from Algorithm 2, the algorithm SEE® constrains the search for
further models (line 3) by requiring that at least one argument that has not already
been classified as accepted, needs to be included. Indeed, at the first iteration (line
3) the SAT solver will identify a o-extension with at least one in argument. The
set of in arguments in the obtained extension will then be removed from the set D
of unvisited arguments (line 5). From the second iteration, the SAT solver will then
be forced to identify o-extensions that intersect with the unvisited arguments. As
we can see in the following example, SEE requires one less iteration to identify
all the acceptable arguments, compared to EEE® from the previous section.

Example 5. Assuming again ¢ = CO, let us consider the iterations that the SEE®
algorithm performs on AF;.

11
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Algorithm 4 Algorithm SEEM¢

Input: AF = (A,R), 0 € {CO,ST,PR}
Output:  Acc (AF)

1: S0

22 D+ A

3: while FALSE # ® = MAXSAT({in, | a € D},¥§;) do
4: S+ SUE(w)
5
6

D+ D\E(w)
: return S

1. E ={ay,as} is found, so

E(®)={a,a3} S={ay,a3} D ={as,a4}
2. E ={ay,as} is found, so
E(w) ={ai,as} S={a1,a3,a4} D= {a}

Finally, since a; cannot be included in any complete extension, the overall for-
mula is unsatisfiable and the execution ends. Observe, in particular, that after the
algorithm found the extension E = {aj,a3} in the first iteration, it will not con-
sider the extension E’ = {a; } in any of the following iterations as it introduces no
new arguments.

Proposition 9. Algorithm SEE€ is sound and complete.

4.4. Selective extension enumeration via MAXSAT

In (unweighted) MAXSAT [12], formulas can be either hard or soft. The so-
lutions of a MAXSAT problem are determined among all assignments that satisfy
all the hard formulas and are those that maximise the number of satisfied soft for-
mulas. We write MAXSAT(S, H) (with a set of formulas S and a formula H) for
a call to an external MAXSAT solver that evaluates to a model @ that satisfies H
and a maximal number of formulas in S. If H is not satisfiable, MAXSAT(S,H)
evaluates to FALSE. Algorithm 4 shows our final algorithm SEEM¢ for credulous
reasoning.

The algorithm SEEM€ forces the MAXSAT solver to maximise the set of unvis-
ited arguments at each iteration. Given the simplicity and the size of the abstract
argumentation framework AF, in this specific case, the SEEM¢ algorithm would
perform as SEE€, so we do not give an additional example here.

12
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Proposition 10. Algorithm SEEM€ is sound and complete.

Despite the fact that SEEM€¢ seems to be the most sophisticated algorithm so
far, we will see later (in Section 6) that it is indeed outperformed in many cases
by the simpler SEE¢ version.

5. Algorithms for Skeptical Reasoning

We will now investigate some algorithms that compute the set Acc; (AF) for
o € {ST,PR}. We do not consider grounded and complete semantics here as
Accir(AF) = Accio(AF) can be computed in polynomial time anyway, cf. see
Proposition 1.

For stable semantics, we will develop SAT-based algorithms and use the en-
coding ‘Pi,T: from the previous section. For that, we will take the following well-
known fact about skeptical reasoning wrt. stable semantics and ‘P/SMT:

Proposition 11. Let AF = (A,R) be an abstract argumentation framework. Then
a € Accst (AF) if and only if ‘Pﬂ—/\ —in, is unsatisfiable.

For preferred semantics, note that the problem of deciding whether an argu-
ment a is skeptically accepted is I'IIZJ -complete [5]. Thus, it cannot be solved by a
single SAT-solver call (under standard complexity-theoretic assumptions). To de-
velop similar baseline algorithms as before for skeptical reasoning under preferred
semantics (in particular skeptical variants of the methods IAQ and EEE), we will
make use of oracle calls of the form SKEPPREF(AF,a) and PREFEXTS(AF). Here
SKEPPREF(AF,a) returns TRUE if and only if a is skeptically accepted wrt. pre-
ferred semantics in AF (and FALSE otherwise) while PREFEXTS(AF) returns the
set of all preferred extensions of AF. These calls can be implemented by solvers
capable of solving these problems, such as e. g., t-toksia [6] or fudge [13] (which
themselves use iterative calls to a SAT-solver for producing the answers).

5.1. Iterative Acceptability Queries

As in Section 4.1 for the case of credulous reasoning, a straightforward algo-
rithm for determining Accy; (AF) is to check skeptical acceptance for each a € A
individually. We denote this algorithm IAQ°, which is depicted as Algorithm 5.
As before, we write SAT(¢) for a call to an external SAT solver that evaluates to
TRUE if ¢ is satisfiable (and SKEPPREF(AF, a) to decide skeptical acceptance wrt.
preferred semantics). The following observation regarding the correctness of the
algorithm should be obvious.

Proposition 12. Algorithm |AQ°® is sound and complete.

13
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Algorithm 5 Algorithm [AQ®

Input: AF = (A,R), o € {ST,PR}
Output:  Acc (AF)

1: S+ 0

2: forac Ado

3: if 0 = ST then

4 if ~SAT(P3L A —in,) then
5 S <+ Su{a}

6: if 0 = PR then
7

8

9:

if SKEPPREF(AF,a) then
S+« SuU{a}

return S

5.2. Exhaustive extension enumeration

As in Section 4.2 for the case of credulous reasoning, another straightforward
approach for skeptical reasoning is to exhaustively enumerate all extensions and
take their intersection. For that, recall

Clwy= \/ -av \/ «a

®(0)=TRUE ®(0)=FALSE

for any model @w. We denote this algorithm EEE® and it is depicted as Algo-
rithm 6. As before, We write WITNESS(¢) for a call to an external SAT solver that
evaluates to a model w of ¢ if ¢ is satisfiable, or FALSE otherwise (and we use
PREFEXTS(AF) for a call to a solver that enumerates all preferred extensions).
The following observation regarding the correctness of the algorithm should be
obvious.

Proposition 13. Algorithm EEE® is sound and complete.

5.3. Selective extension enumeration via SAT for skeptical reasoning wrt. stable
semantics

In this and the next section, we continue with algorithms that follow the scheme
of the algorithms SEE“ and SEEM€ presented in Sections 4.3 and 4.4, respectively,
but only for skeptical reasoning wrt. stable semantics. Due to the higher compu-
tational complexity of skeptical reasoning wrt. preferred semantics, those ideas
cannot be applied in the same manner.
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Algorithm 6 Algorithm EEE®

Input: AF = (A,R), o € {ST,PR}
Output:  Acc (AF)

I: S« A

2: if 0 = ST then
I P
4 while FALSE # ® = WITNESS(W¥) do
5: S+ SNE(w)
6: Y+~ YAC(0)
7: if 0 = PR then
8 for E € PREFEXTS(AF) do
9: S+ SNE
10: return S

Algorithm 7 Algorithm SEE®

Input: AF = (A,R)

Output:  Accgr(AF)

1. S« A

2: while FALSE # @ = WITNESS (YL A Vyes—ing) do
3 S+ SNE(w)

4: return S

Again, a major drawback of the algorithm EEE® (for stable semantics) is that
an abstract argumentation framework may feature an exponential number of stable
extensions and many may overlap to a large degree. So it may be the case that in
many iterations of the main loop in line 4 of Algorithm 6 no new arguments are
added to S. To address this, we present in Algorithm 7 the skeptical variant of
selective extension enumeration SEE® for stable semantics.

As one can see, the skeptical variant SEE® is even a bit simpler than the cred-
ulous variant SEE® (see Algorithm 3). We only maintain a set S of arguments
that will hold the acceptable arguments once the algorithm terminates. This set is
initialised with all arguments. In each iteration of the algorithm, we constrain the
search for further models (line 2) by requiring that at least one argument currently
assumed to be skeptically accepted must be —=in. Then, we take the intersection of
the obtained stable extension with the set S and continue. Once no further model
can be found, it is clear that all arguments in S must be contained in every stable
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Algorithm 8 Algorithm SEEM?

Input: AF = (A,R)

Output:  Accgr(AF)

I: S« A

2: while FALSE # @ = MAXSAT({—in, | a € S},%¥3[) do
3: S+ SNE(w)

4: return S

extension.

Proposition 14. Algorithm SEE® is sound and complete.

5.4. Selective extension enumeration via MAXSAT for skeptical reasoning wrt.
stable semantics

We can apply the same idea when going from SEE® to SEEM€ for skeptical
reasoning wrt. stable semantics as well. Line 2 of Algorithm 7 only requires that at
least one of the variables in, for a € S be FALSE. Using a MAXSAT solver allows
us to maximise the number of arguments that can be dismissed in each iteration.
Recall that MAXSAT(S,H) (with a set of formulas S and a formula H) denotes
a call to an external MAXSAT solver that evaluates to a model @ that satisfies H
and a maximal number of formulas in S. If H is not satisfiable, MAXSAT(S,H)
evaluates to FALSE. Algorithm 8 shows our final algorithm SEEM? for skeptical
reasoning.

Proposition 15. Algorithm SEEM?® is sound and complete.

As for the variant SEEM® for credulous reasoning and despite the fact that
SEEM?® seems to be the most sophisticated algorithm so far (for skeptical reason-
ing), we will see later (in Section 6) that it is indeed outperformed in many cases
by the simpler SEE® version.

6. Experimental Evaluation

We performed an extensive experimental evaluation to compare the runtime
performance of our new algorithms. We describe the setup of this evaluation in
Section 6.1 and present the results in Section 6.2. In Section 6.3 we conduct a
small ablation study to show that the concrete SAT-solver has no influence on the
general behaviour of our algorithms.
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6.1. Experimental setup

For the experimental evaluation, we considered the following problems

EC-PR Enumerate the acceptable arguments wrt. credulous reasoning with pre-
ferred semantics

EC-ST Enumerate the acceptable arguments wrt. credulous reasoning with sta-
ble semantics

ES-PR Enumerate the acceptable arguments wrt. skeptical reasoning with pre-
ferred semantics

ES-ST Enumerate the acceptable arguments wrt. skeptical reasoning with stable
semantics

Again, we do not consider complete semantics since credulous reasoning with
complete semantics is equivalent to credulous reasoning with preferred semantics,
and skeptical reasoning with complete semantics is equivalent to credulous/skep-
tical reasoning with grounded semantics, which can be solved in polynomial time
and is also not considered.

For the above problems, we consider the algorithms depicted in Algorithms 1—
8. More precisely, the competitors for the individual problems are:

e EC-PR: IAQ¢, EEE®, SEE®, SEEM®
o EC-ST: IAQS, EEE®, SEE®, SEEM®
e ES-PR: IAQ’, EEE’

e ES-ST: IAQ’, EEE®, SEE’, SEEM®

Our algorithms were implemented in C++*. For all calls of the form SAT(-),
WITNESS(-) and MAXSAT(+,-) we used the CGSS 2.2.5 MAXSAT-solver [14, 15]
based on the CADICAL 1.9.5 SAT-solver [16, 17]. For the problem ES-PR, all al-
gorithms do not require MAXSAT(+,-) calls and thus only use CADICAL 1.9.5.
We implemented the function SKEPPREF(AF,a) utilised in Algorithm 5 via a
CEGAR-style approach [18], similar to that of the u-toksia solver [6]. For Al-
gorithm 6, the function PREFEXTS(AF) for enumerating the preferred extensions

“nttps://github.com/aig-hagen/algorithms_for_acceptable_arguments
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has been implemented via the SAT-encoding ‘P/C\(F) of the complete semantics and
an iterative maximisation of all found models [19]. We ran the experiments on a
machine running Ubuntu 20.04 with an Intel Xeon E5 3.4 GHz CPU and 192 GB
of RAM. The evaluation has been conducted via the Probo2 benchmark suite [20].
We considered the benchmark datasets from the ICCMA’15 to ICCMA’23 com-
petitions [21, 22, 23, 24]. Table 2 gives an overview on features of these datasets.
There, #AFs is the number of instances in the dataset>; |A| is the number of argu-
ments of an instance, for which Table 2 shows the average, median and standard
deviation; Avg. |R| is the average number of attacks in the instances of the dataset;
Avg. D is the average node degree over the whole dataset.

Dataset #AFs | Avg. |A| | Med. |A] | Std. |A| | Avg. |R| | Avg. D
ICCMA’15 192 1980 675 2424 | 105396 68
ICCMA’17 | 1050 16638 500 | 151641 | 301409 169
ICCMA’19 | 326 826 196 1784 97639 239
ICCMA’21 480 87331 48200 | 92881 | 7239611 161
ICCMA’23 | 329 29791 796 | 203719 | 1002470 299

Table 2: Statistics for all considered benchmark datasets.

Each algorithm was given 20 minutes to compute the solution for every in-
stance (=argumentation framework) and problem. For every algorithm and prob-
lem, we consider the number of unsolved instances and the runtime of solved
instances. We also considered the PAR10 (Penalised Average Runtime) score to
compare the performance of the algorithms. This score combines runtime and
ability to solve, as it is calculated by considering runs that did not solve the prob-
lem as ten times the cutoff time.

6.2. Results

Tables 3—6 show the performance of the considered algorithms on all bench-
marks for the respective problems EC-PR, EC-ST, ES-PR, and ES-ST. For each
benchmark and problem we also include the virtual best solver (VBS), i.e., the
solver that uses per instance the best other solver. In each table, N is the total num-
ber of instances of the benchmark set; #TO gives the number of time-outs/errors
of each solver on this benchmark set; RT gives the runtime in seconds on all

>Note that the ICCMA’17 purposefully contains duplicate AFs. In total there are 874 unique
AFs in the ICCMA’ 17 dataset.
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ICCMA’1S
No. | Algorithm N | #TO RT PARI10 | #VBS
1 | VBS 192 0| 2474.12 12.89 -
2 | SEE¢ 192 0| 2493.56 12.99 106
3 | EEEC 192 0| 2571.85 13.40 43
4 | IAQ° 192 1| 2942.53 77.83 10
5 | SEEM¢ 192 19 | 11491.34 | 1247.35 33
ICCMA’17
No. | Algorithm N | #TO RT PARI10 | #VBS
1 | VBS 1050 | 223 | 28450.93 | 2575.67 -
2 | SEE¢ 1050 | 232 | 29529.34 | 2679.55 239
3 | IAQ° 1050 | 240 | 36385.91 | 2777.51 133
4 | SEEM€ 1050 | 308 | 31471.52 | 3549.97 194
5 | EEEC 1050 | 541 | 32191.84 | 6213.52 118
ICCMA’19
No. | Algorithm N | #TO RT PAR10 | #VBS
1 | VBS 326 0 664.77 2.04 -
2 | SEE¢ 326 0 774.88 2.38 134
3 | EEEC 326 0 946.80 2.90 85
4 | 1AQ° 326 0| 1004.89 3.08 59
5 | SEEM€ 326 4 | 5437.36 163.92 48
ICCMA’21
No. | Algorithm N | #TO RT PAR10 | #VBS
1 | VBS 480 | 347 | 62511.65 | 8805.23 -
2 | IAQ° 480 | 349 | 68501.58 | 8867.71 106
3 | SEE° 480 | 390 | 4043498 | 9834.24 27
4 | EEE® 480 | 480 0.00 | 12000.00 0
5 | SEEM€ 480 | 480 0.00 | 12000.00 0
ICCMA’23
No. | Algorithm N | #TO RT PAR10 | #VBS
1 | VBS 329 59 | 9806.91 | 2181.78 -
2 | SEE¢ 329 63 | 8755.90 | 2324.49 129
3 | IAQ° 329 68 | 11353.52 | 2514.75 53
4 | SEEM€ 329 81 | 1009291 | 2985.08 45
5 | EEE® 329 | 142 | 7603.76 | 5202.44 43

Table 3: Results for EC-PR on the ICCMA’15, ICCMA’17, ICCMA’19, ICCMA’21 and IC-
CMA’23 benchmark sets.
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ICCMA’1S
No. | Algorithm N | #TO RT PAR10 | #VBS
1 | VBS 192 0 1442.36 7.51 -
2 | EEE® 192 0 1492.35 7.77 50
3 | SEE° 192 0 1520.09 7.92 95
4 | IAQ¢ 192 0 2336.67 12.17 25
5 | SEEM€ 192 7 | 10497.84 492.18 22
ICCMA’17
No. | Algorithm N | #TO RT PAR10 | #VBS
1 | VBS 1050 | 209 | 36085.22 | 2422.94 -
2 | SEE° 1050 | 219 | 33461.65 | 2534.73 260
3 | IAQ° 1050 | 232 | 35937.57 | 2685.65 125
4 | SEEM¢ 1050 | 279 | 22751.58 | 3210.24 133
5 | EEE¢ 1050 | 325 | 4194391 | 3754.23 177
ICCMA’19
No. | Algorithm N | #TO RT PAR10 | #VBS
1 | VBS 326 0 592.56 1.82 -
2 | SEE¢ 326 0 724.18 2.22 131
3 | EEE 326 0 730.91 2.24 116
4 | 1AQ° 326 0 790.67 243 43
5 | SEEM€ 326 4 3008.31 156.47 36
ICCMA’21
No. | Algorithm N | #TO RT PARIO | #VBS
1 | VBS 480 | 159 | 99064.08 | 4181.38 -
2 | 1AQ¢ 480 | 175 | 107816.26 | 4599.62 226
3 | SEE 480 | 234 | 8748291 | 6032.26 51
4 | SEEM¢ 480 | 368 | 49448.02 | 9303.02 27
5 | EEE¢ 480 | 401 | 16596.06 | 10059.58 17
ICCMA’23
No. | Algorithm N | #TO RT PAR10 | #VBS
1 | VBS 329 38 | 14796.29 | 1430.99 -
2 | SEE¢ 329 39 | 16550.30 | 1472.80 135
3 | 1AQ° 329 49 | 18408.16 | 1843.19 42
4 | SEEM® 329 57 | 13039.01 | 2118.66 37
5 | EEE¢ 329 81 | 13497.44 | 2995.43 77

Table 4: Results for EC-ST on the ICCMA’15, ICCMA’17, ICCMA’19, ICCMA’21 and IC-
CMA’23 benchmark sets.
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ICCMA’1S
No. | Algorithm N | #TO RT PARI10 | #VBS
1 | VBS 192 0 934.68 4.87 -
2 | EEE® 192 0 934.68 4.87 192
3 | IAQ° 192 47 | 22608.66 | 3055.25 0
ICCMA’17
No. | Algorithm N | #TO RT PAR10 | #VBS
1 | VBS 1050 | 299 | 42531.08 | 3457.65 -
2 | EEF? 1050 | 343 | 46995.16 | 3964.76 461
3 | IAQ° 1050 | 587 | 59977.92 | 6765.69 144
ICCMA’19
No. | Algorithm N | #TO RT PAR10 | #VBS
1 | VBS 326 0 386.61 1.19 -
2 | EEFE’ 326 0 387.11 1.19 310
3 | IAQ° 326 9 | 27777.68 416.50 16
ICCMA’21
No. | Algorithm N | #TO RT PAR10 | #VBS
1 | VBS 480 | 480 0 | 12000.00 -
2 | EEF’ 480 | 480 0 | 12000.00 0
3 | IAQ° 480 | 480 0 | 12000.00 0
ICCMA’23
No. | Algorithm N | #TO RT PAR10 | #VBS
1 | VBS 329 81 | 654426 | 2974.30 -
2 | EEF® 329 | 101 | 6207.97 | 3702.76 213
3 | IAQ° 329 | 136 | 19856.58 | 5020.84 35

Table 5: Results for ES-PR on the ICCMA’15, ICCMA’17, ICCMA’19, ICCMA’21 and IC-
CMA’23 benchmark sets.

correctly solved benchmarks; PAR10 gives the average runtime where time-outs
count ten times the cutoff-time, i.e., 12,000 seconds; #VBS gives the number of
instances contributed to the VBS. Algorithms are ranked by the number of un-
solved instances (in increasing order). In the case of ties, solvers are then ranked
by runtime (in increasing order). Figures 2 and 3 visualise the performance of all
approaches on the ICCMA’21 and ICCMA’23 benchmark sets (the other bench-
mark sets are not shown in order to keep the plots readable; their addition would
not add interesting information).

The first observation when inspecting the results is that out of 15 experi-
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ICCMA’1S
No. | Algorithm N | #TO RT PAR10 | #VBS
1 | VBS 192 0 1152.76 6.00 -
2 | SEE* 192 0 1203.54 6.27 30
3 | EEF’ 192 0 1539.26 8.02 38
4 | IAQ* 192 0 1996.11 10.40 10
5 | SEEM¥ 192 2 4389.96 147.86 114
ICCMA’17
No. | Algorithm N | #TO RT PAR10 | #VBS
1 | VBS 1050 | 214 | 34651.15 | 2478.72 -
2 | SEF* 1050 | 218 | 34555.19 | 2524.34 220
3 | IAQ° 1050 | 232 | 38677.18 | 2688.26 71
4 | SEEM® 1050 | 245 | 2192475 | 2820.88 261
5 | EEF® 1050 | 318 | 40397.99 | 3672.76 139
ICCMA’19
No. | Algorithm N | #TO RT PAR10 | #VBS
1 | VBS 326 0 461.20 1.41 -
2 | SEE* 326 0 489.73 1.50 83
3 | IAQ° 326 0 679.94 2.09 36
4 | EEFP’ 326 0 709.62 2.18 67
5 | SEEM¥ 326 1 2007.56 42.97 140
ICCMA’21
No. | Algorithm N | #TO RT PARIO | #VBS
1 | VBS 480 82 | 99532.77 | 2257.36 -
2 | SEE* 480 82 | 99801.65 | 2257.92 350
3 | SEEM¥ 480 | 146 | 110667.28 | 3880.56 8
4 | 1AQ* 480 | 204 | 91177.72 | 5289.95 0
5 | EEFE® 480 | 401 | 13788.57 | 10053.73 40
ICCMA’23
No. | Algorithm N | #TO RT PAR10 | #VBS
1 | VBS 329 34 | 15216.83 | 1286.37 -
2 | SEFE? 329 35 | 15018.27 | 1322.24 120
3 | IAQ° 329 43 | 20851.61 | 1631.77 27
4 | SEEM?® 329 67 | 13095.07 | 2483.57 100
5 | EEFE® 329 79 | 14164.20 | 2924.51 48

Table 6: Results for ES-ST on the ICCMA’15, ICCMA’17, ICCMA’19, ICCMA’21 and IC-
CMA’23 benchmark sets.
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Figure 2: Number of solved instances given the per-instance runtime by each algorithm for cred-
ulous reasoning on the ICCMA’21 and ICCMA’23 datasets.

ments, where the algorithm SEE/SEE® participated (one for each pair of bench-
mark set and problem EC-PR, EC-ST, and ES-ST), it achieved first rank in 12
of them. In particular, SEE‘/SEE® outperforms EEE‘/EEE® in all but one case,
namely on the ICCMA’15 data set for EC-ST. However, in that case, both al-
gorithms have almost the same performance (no time outs and about 1500s to-
tal runtime), so there is indeed no case where EEE/EEE® (significantly) outper-
forms SEEC/SEE®. This shows that exhaustive extension enumeration can gener-
ally be avoided when determining the set of acceptable arguments. SEE/SEE®
also outperforms IAQ°/IAQ’® in all but two cases, namely EC-PR and EC-ST on
the ICCMA’21 data set. In both cases, IAQ¢ outperforms SEE® quite signifi-
cantly. The main difference between the ICCMA’21 data set and the others is
that it features many large instances, which seems to benefit the |AQ¢ approach.
Finally, SEE¢/SEE* also outperforms the algorithm SEEM¢/SEEM? in all of them.
The reason for this is likely that the total number of required SAT-solver calls
for SEE/SEE® is lower than the total number of required SAT-solver calls for
SEEMC/SEEM?, since the latter requires a MAXSAT-solver call for finding each
new extension, which results in multiple SAT-solver calls for each such extension.
Although the number of found extensions by SEE‘/SEE® is usually larger than
for SEEMC/SEEM?, fewer SAT-solver calls are required for the former. Assuming
that each SAT-solver call has (roughly) the same time consumption, SEE“/SEE®
can outperform SEEM¢/SEEM?®.

An anomaly can be observed between 400 and 600 seconds runtime for SEE¢
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Figure 3: Number of solved instances given the per-instance runtime by each algorithm for skep-
tical reasoning on the ICCMA’21 and ICCMA’23 datasets.

in Figure 2a, where a couple of instances can be identified with similar run-
time. Nearly all of these instances are from the ICCMA’21 dataset. In particular,
these instances are those with the smallest number of arguments in the ICCMA’21
dataset, they have between 9,450 and 12,600 arguments and thus about 8 times
less arguments than the dataset average. Comparatively, they also have about 4
fewer attacks than the dataset average. These instances are the only instances of
the ICCMA’21 dataset that were solved at all by the algorithm SEE€, all other
instances resulted in a timeout. In the same instances, EEE® and SEEM® produce
only timeouts and |IAQ¢ exhibits no abnormal behaviour. In general, this hints
that IAQC scales better with an increasing number of arguments than the other
algorithms.

As for the results for ES-PR (see Table 5), where only EEE® and IAQ® com-
peted, it may come to a surprise that EEE® consistently outperformed IAQ® (with
the exception of the ICCMA’21 data set where neither algorithm could solve any
instance; which is again likely because the instances of ICCMA’21 are signifi-
cantly larger than for the other data sets). However, one should recall that solving
a single query on skeptical acceptance wrt. preferred semantics is a HZP -complete
problem [5] and itself involves multiple SAT-solver calls. In contrast, determining
(some) preferred extension is a comparably easy task. In the best case, it can be
solved by a single SAT-solver call (when the search heuristic of the solver favours
labelling arguments as accepted). So even if the number of extensions is com-
parably large, solving a series of comparably easier tasks is beneficial to solving
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fewer but harder tasks (at least in the case of skeptical acceptance wrt. preferred
semantics).

Another interesting observation can be made on the results for ES-ST, see
Table 6. Despite the fact that SEEM® usually ranks at the lower end, it has a sig-
nificantly large contribution to the virtual best solver. This is particularly apparent
for ICCMA’15, ICCMA’17, and ICCMA’ 19, where SEEM? has the majority share
in the virtual best solver. The reason for this is that ICCMA’15 and ICCMA’19
(and also a large part of ICCMA’17) feature many easy instances that all solvers
can solve, but where SEEM? can solve them quite fast. Still, the overhead required
for MAXSAT-solving in SEEM? leads to more timeouts for the harder instances,
which leads to the otherwise low ranking of SEEM?.

6.3. Ablation study wrt. SAT-solvers

To evaluate the impact of the underlying SAT-solver that is used in each al-
gorithm, we conducted a small ablation study, focusing only on the ICCMA’23
benchmark set and the problems EC-ST and ES-ST. In addition to the previously
used SAT-solver CADICAL 1.9.5 [17], we also considered GLUCOSE 4.1 [25]
and CRYPTOMINISAT 5.11.21 [26]. Tables 7 and 8 show the results for the al-
gorithms IAQ, EEE and SEE executed with the three different SAT-solvers on the
ICCMA’23 benchmark set for the problems EC-ST and ES-ST, respectively. As
one can see, the choice of the concrete SAT-solver has no influence on the ranking
of the three algorithmic approaches. However, one can observe that CADICAL
consistently outperforms the other SAT-solvers in this domain.

7. Summary and Conclusion

In this paper, we considered the computational task of computing the set of
acceptable arguments in abstract argumentation wrt. credulous and skeptical rea-
soning and grounded, complete, stable, and preferred semantics. Our study on
computational complexity showed that the corresponding decision variants are
complete for the DP family of complexity classes, mirroring results for classical
problems. We presented different SAT-based algorithms for computing the set
of accepted arguments wrt. the different semantics and reasoning modes, and our
evaluation showed that the SEE approach turned out to be the most effective, also
generally outperforming (quite surprisingly) the approaches based on maximum
satisfiability solving.

For future work, both the theoretical as well as the experimental study can be
extended to include further semantics such as semi-stable [27], stage [28], and
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SEE¢
No. | Algorithm N | #TO RT | PARI10O
1 | SEE (CADICAL) 329 28 | 10999.14 | 1054.71
2 | SEE (GLUCOSE) 329 40 | 15929.37 | 1507.38
3 | SEE® (CRYPTOMINISAT) | 329 42 | 16254.35 | 1581.32
IAQ€
No. | Algorithm N | #TO RT | PARI10O
1 | IAQ° (CADICAL) 329 34 | 11726.63 | 1275.76
2 | IAQ° (CRYPTOMINISAT) | 329 49 | 18997.24 | 1844.98
3 | IAQ¢ (GLUCOSE) 329 50 | 14301.12 | 1867.18
EEE®
No. | Algorithm N | #TO RT | PARI10O
1 | EEEC (CADICAL) 329 68 | 10761.63 | 2512.95
2 | EEEC (GLUCOSE) 329 79 | 15379.40 | 2928.20
3 | EEE® (CRYPTOMINISAT) | 329 88 | 12872.30 | 3248.85

Table 7: Results for EC-ST on the ICCMA’23 benchmark set for the algorithms IAQ®, EEE* and
SEE’ executed with three different SAT-solvers.

CF2 semantics [29]. Since the complexity of reasoning with CF2 semantics (NP-
complete for credulous reasoning and coNP-complete reasoning for skeptical rea-
soning) is similar to reasoning with stable semantics, see, e. g., [5], we expect that
this will also be similar to the corresponding problems analysed in this paper for
stable semantics (so DP-completeness for all variants). Moreover, since skeptical
reasoning with semi-stable and stage semantics is H2P -complete, we expect that the
result for ACCpg carries over as well (namely DP2-completeness). Since credu-
lous reasoning with semi-stable/stage semantics is 25 -complete, a more challeng-
ing analysis and development of algorithmic approaches is expected for this case.

Another avenue for future work are improvements on the algorithms. In partic-
ular, algorithms IAQ, EEE, and SEE (for both credulous and skeptical reasoning)
are based on iterative calls to a SAT solver. The order of these calls (in partic-
ular when using iterative SAT solving techniques) can influence overall runtime
and approaches such as [30] could be used to decrease the number of required
SAT solver calls. Also approaches to algorithm selection [31] or portfolio-based
approaches [32] could be used to combine the advantages of the individual algo-
rithms.
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SEE®

No. | Algorithm N | #TO RT | PARI10
1 | SEE®* (CADICAL) 329 27 | 11339.43 | 1019.27
2 | SEE* (GLUCOSE) 329 35| 11705.36 | 1312.17
3 | SEE® (CRYPTOMINISAT) | 329 40 | 15033.60 | 1504.66

IAQS‘

No. | Algorithm N | #TO RT | PARI10O
1 | IAQ* (CADICAL) 329 34 | 11810.67 | 1276.02
2 | IAQ* (GLUCOSE) 329 41 | 20346.03 | 1557.28
3 | IAQ° (CRYPTOMINISAT) | 329 53 | 16891.78 | 1984.47

EEE®

No. | Algorithm N | #TO RT | PARI10O
1 | EEE® (CADICAL) 329 68 | 11510.70 | 2515.23
2 | EEE® (GLUCOSE) 329 77 | 13078.14 | 2848.26
3 | EEE®’ (CRYPTOMINISAT) | 329 86 | 17660.49 | 3190.46

Table 8: Results for ES-ST on the ICCMA’23 benchmark set for the algorithms IAQ®, EEE* and
SEE’ executed with three different SAT-solvers.

Acknowledgements The research reported here was partially supported by the
Deutsche Forschungsgemeinschaft (grants 375588274, 550735820).

References

[1] P. M. Dung, On the Acceptability of Arguments and its Fundamental Role
in Nonmonotonic Reasoning, Logic Programming and n-Person Games, Ar-
tificial Intelligence 77 (2) (1995) 321-358.

[2] F Cerutti, S. A. Gaggl, M. Thimm, J. P. Wallner, Foundations of implemen-
tations for formal argumentation, in: Handbook of Formal Argumentation,
2018.

[3] A. Toniolo, T. J. Norman, A. Etuk, F. Cerutti, R. W. Ouyang, M. Srivastava,
N. Oren, T. Dropps, J. A. Allen, P. Sullivan, Agent Support to Reasoning
with Different Types of Evidence in Intelligence Analysis, in: Proceedings
of AAMAS, 2015, pp. 781-789.

27



518

519

520

521

522

523

524

525

526

527

528

529

530

531

532

533

534

535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

[4] M. Vallati, F. Cerutti, M. Giacomin, Predictive models and abstract argumen-
tation: the case of high-complexity semantics, The Knowledge Engineering
Review 34 (2019) eb6.

[5S] W. Dvordk, P. E. Dunne, Computational problems in formal argumentation
and their complexity, in: Handbook of Formal Argumentation, 2018.

[6] A. Niskanen, M. Jarvisalo, p-toksia: An efficient abstract argumentation
reasoner, in: Proceedings of the 17th International Conference on Principles
of Knowledge Representation and Reasoning (KR 2020), 2020.

[7] M. Thimm, F. Cerutti, M. Vallati, On computing the set of acceptable ar-
guments in abstract argumentation, in: H. Prakken, S. Bistarelli, F. Santini,
C. Taticchi (Eds.), Proceedings of the 8th International Conference on Com-
putational Models of Argument (COMMA’20), Vol. 326 of Frontiers in Ar-
tificial Intelligence and Applications, IOS Press, 2020, pp. 363-370.

[8] C. Papadimitriou, Computational Complexity, Addison-Wesley, 1994.

[9] G. Charwat, W. Dvordk, S. A. Gaggl, J. P. Wallner, S. Woltran, Methods for
solving reasoning problems in abstract argumentation - A survey, Artificial
Intelligence 220 (2015) 28-63.

[10] P. Besnard, S. Doutre, Checking the acceptability of a set of arguments, in:
Proceedinfs of NMR, 2004.

[11] F. Cerutti, M. Giacomin, M. Vallati, How we designed winning algorithms
for abstract argumentation and which insight we attained, Artificial Intelli-
gence 276 (2019) 1 — 40.

[12] C. M. Li, F. Manya, Maxsat, hard and soft constraints., in: Handbook of
Satisfiability, 2009.

[13] M. Thimm, F. Cerutti, M. Vallati, Skeptical reasoning with preferred seman-
tics in abstract argumentation without computing preferred extensions, in:
Proceedings of the 30th International Joint Conference on Artificial Intelli-
gence (IJCATI’21), 2021.

[14] H. E. Ihalainen, J. Berg, M. Jarvisalo, Refined core relaxation for core-
guided maxsat solving, in: 27th International Conference on Principles and
Practice of Constraint Programming (CP 2021), Schloss Dagstuhl-Leibniz-
Zentrum fiir Informatik, 2021, pp. 28—1.

28



550

551

552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

573

574

575

576

577

578

579

580

581

[15] H. Ihalainen, Refined core relaxations for core-guided maximum satisfia-
bility algorithms, Ph.D. thesis, MSc thesis, University of Helsinki, 2022,
http://hdl.handle.net/10138/351207 (2022).

[16] A. Biere, K. Fazekas, M. Fleury, M. Heisinger, CaDiCal., Kissat, Para-
cooba, Plingeling and Treengeling entering the SAT Competition 2020, in:
T. Balyo, N. Froleyks, M. Heule, M. Iser, M. Jirvisalo, M. Suda (Eds.),
Proc. of SAT Competition 2020 — Solver and Benchmark Descriptions, Vol.
B-2020-1 of Department of Computer Science Report Series B, University
of Helsinki, 2020, pp. 51-53.

[17] A. Biere, T. Faller, K. Fazekas, M. Fleury, N. Froleyks, F. Pollitt, CaDiCal
2.0, in: A. Gurfinkel, V. Ganesh (Eds.), Computer Aided Verification - 36th
International Conference, CAV 2024, Montreal, QC, Canada, July 24-27,
2024, Proceedings, Part I, Vol. 14681 of Lecture Notes in Computer Science,
Springer, 2024, pp. 133—-152. d0i:10.1007/978-3-031-65627-9_7.

[18] W. Dvotdk, M. Jarvisalo, J. P. Wallner, S. Woltran, Complexity-sensitive
decision procedures for abstract argumentation, Artificial Intelligence 206
(2014) 53-78.

[19] J. Klein, M. Thimm, Revisiting sat techniques for abstract argumentation,
in: Computational Models of Argument, IOS Press, 2020, pp. 251-262.

[20] J. Klein, M. Thimm, probo2: A benchmark framework for argumentation
solvers, in: Computational Models of Argument, I0S Press, 2022, pp. 363—
364.

[21] M. Thimm, S. Villata, The first international competition on computational
models of argumentation: Results and analysis, Artificial Intelligence 252
(2017) 267-294.

[22] S. A. Gaggl, T. Linsbichler, M. Maratea, S. Woltran, Design and results of
the second international competition on computational models of argumen-
tation, Artificial Intelligence 278 (2020).

[23] S. Bistarelli, L. Kotthoff, J.-M. Lagniez, E. Lonca, J.-G. Mailly, J. Rossit,
F. Santini, C. Taticchi, The third and fourth international competitions on
computational models of argumentation: Design, results and analysis, Argu-
ment & Computation (Preprint) (2024) 1-73.

29



582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

612

613

614

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

M. Jarvisalo, T. Lehtonen, A. Niskanen, Solver and benchmark descriptions
of iccma 2023: 5th international competition on computational models of
argumentation (2023).

G. Audemard, L. Simon, On the glucose SAT solver, Int. J. Artif. Intell. Tools
27 (1) (2018) 1840001:1-1840001:25. doi:10.1142/S0218213018400018.
URL https://doi.org/10.1142/50218213018400018

M. Soos, K. Nohl, C. Castelluccia, Extending SAT solvers to cryptographic
problems, in: O. Kullmann (Ed.), Theory and Applications of Satisfiability
Testing - SAT 2009, 12th International Conference, SAT 2009, Swansea,
UK, June 30 - July 3, 2009. Proceedings, Vol. 5584 of Lecture Notes in
Computer Science, Springer, 2009, pp. 244-257. doi:10.1007/978-3-642-
02777-2_24.

URL https://doi.org/10.1007/978-3-642-02777-2\_24

M. Caminada, Semi-stable semantics, in: The First Conference on Compu-
tational Models of Argument (COMMA’06), 2006, pp. 121-130.

B. Verheij, Two approaches to dialectical argumentation: admissible sets and
argumentation stages, in: Proceedings of NAIC, 1996, pp. 357-368.

P. Baroni, M. Giacomin, G. Guida, SCC-recursiveness: a general schema for
argumentation semantics, Artificial Intelligence 168 (1-2) (2005) 162-210.

M. Janota, J. Marques-Silva, On the query complexity of selecting
minimal sets for monotone predicates, Artif. Intell. 233 (2016) 73-83.
doi:10.1016/J.ARTINT.2016.01.002.

URL https://doi.org/10.1016/j.artint.2016.01.002

F. Cerutti, M. Giacomin, M. Vallati, Algorithm selection for preferred ex-
tensions enumeration, in: S. Parsons, N. Oren, C. Reed, F. Cerutti (Eds.),
Computational Models of Argument - Proceedings of COMMA 2014, Atholl
Palace Hotel, Scottish Highlands, UK, September 9-12, 2014, Vol. 266 of
Frontiers in Artificial Intelligence and Applications, I0S Press, 2014, pp.
221-232. doi:10.3233/978-1-61499-436-7-221.

URL https://doi.org/10.3233/978-1-61499-436-7-221

M. Vallati, F. Cerutti, M. Giacomin, On the combination of argumentation
solvers into parallel portfolios, in: Proceedings of the 30th Australasian Joint
Conference on Artificial Intelligence (AG 2017), 2017.

30



615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

[33] M. Thimm, J. P. Wallner, On the complexity of inconsistency measurement,
Artificial Intelligence 275 (2019) 411-456.

Appendix A. Proofs of technical results
Proposition 1. ACC¢r, ACCqg, and ACCiq are in P.

Proof. Observe first that the problems ACC(r, ACCgg, and ACC{q are actually
identical as there is exactly one grounded extension and it is equal to the inter-
section of all complete extensions. Furthermore, as determining the grounded
extension Eg, is in P [5], we can first compute it and then compare it to the input
E in linear time. 0

Proposition 2. ACCo, ACCpg, and ACCSt are DP-complete.

Proof. Observe first that the problems ACC:o and ACCpy are identical. Recall
also that verifying whether a given set E is a complete or stable extension can be
done in polynomial time [5].

In order to show DP membership of ACCy (with o being either complete or
stable semantics), we first define the two languages L and L; as follows

Ly ={(E1,A\E1) € AxA| E; C Accg(AF)}
Ly = {(A\ E2,E2) € Ax A | ExNAcc(AF) = 0}

Observe that L; € NP: on instance (E}, E;) we guess for each a € E| a set F with
a € F and verify in polynomial time whether it is indeed a complete/stable exten-
sion. Furthermore, L, € coNP: if an instance (E},E,) is not in L, we can guess
a set F' for some a € E, (with a € F) and verify in polynomial time whether it is
a complete/stable extension. Finally, L; N L; is equivalent to ACCg by projecting
on the first component of the instances, showing its DP-membership.

For DP-hardness, we reduce the problem SAT-UNSAT to ACCg, which is
known to be DP-complete [8]. An instance (¢, y), with two propositional formu-
las @, y in conjunctive normal form with exactly three literals per clause (3-CNF),
belongs to SAT-UNSAT iff ¢ is satisfiable and y is not satisfiable. We make use
of the standard reduction of 3-CNF to abstract argumentation frameworks (see
Reduction 3.6. in [5]). For a formula ¢ =ci A...N¢c, with ¢; =11; VI ; VI3
over the alphabet Vy = {v1,...,v,}.> we denote by Fy = (As,Ry) the abstract

The argument ¢ can be interpreted as “the formula ¢ is true,” while the argument ¢; can be
read as “clause ¢; is not satisfied” [5].
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argumentation framework defined via

Ap =1{ap,ap.c s 10 cps Vs s Vi, V15 oy Vi }

R(p = {(a(p’q,aq;), ceey (a¢7cn,a¢)}u
{vagpe)|vec,i=1,...,n}U

{1, 1), (v, 1), oo, Vs =Vi), (5Vimy Vi) }

For an SAT-UNSAT instance (¢, y) we require two additional assumptions: no
clause ¢ appearing in either ¢ or y is a tautology, i.e., contains both v and —v
for some atom v (the clause could be removed from the formula anyway), and ¢
and y have disjoint vocabularies (can be realised by renaming of atoms). Upon
instance (¢, y) we construct the framework AF = (Ay UAy,Ry URy) and ask
whether

E=A¢UAy \{ay}

is exactly the set of credulously accepted arguments wrt. complete/stable seman-
tics. This is the case if and only if (@, y) is a positive instance of SAT-UNSAT.
To see this, assume that (@, ) is a positive instance and observe first that stable
extensions exist in AF for every instance (there is no odd loop in AF). Further-
more, every v and —v is accepted as it defends itself against its only attacker, so
there is always a complete/stable extension including it. As every clause c¢; in ei-
ther ¢ or V¥ is not a tautology, the set {Zl,ij2,ij3,i} (with overlining indicating the
complement literal) is conflict-free and defends c;, therefore c¢; can be credulously
accepted. Furthermore, if ¢ is satisfiable there is a stable/complete extension con-
taining ay [5]. Finally, if y is not satisfiable, ay cannot be credulously accepted
(as the only argument of AF). So if E is the set of credulously accepted arguments
wrt. complete/stable semantics then (@, ) is a positive instance of SAT-UNSAT.
The reverse direction is analogous. 0

Proposition 3. ACCSt is DP-complete.

Proof. The proof is similar to the proof of Proposition 2. For DP-membership we
define two languages

Ly = {(E;,A\E;) € AXA| E| C Accir(AF)}
Ly, = {(A\Ez,Ez) cAxA ’ EzﬂACCgT(AF) — @}

Observe that L is in coNP: if an instance (E},E) is not in L; we guess a set E
with E| \ E # 0 and verify in polynomial time that E is stable (meaning that there
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is at least one argument in £ that cannot be skeptically accepted). Furthermore,
L, is in NP: for each argument a € E; we can guess a set E with a ¢ E and verify
in polynomial time that E is stable. Finally, L N L, is equivalent to ACCgt by pro-
jecting on the first component of the instances, showing its DP-membership (the
reader may also verify that the verification still works for the case of an abstract
argumentation framework without stable extensions where Accg(AF) = A).

For DP-hardness, we use the same reduction as in the proof of Proposition 2,
but include two new arguments x, Xy, and attacks (ag,xg), (ay,xy). Then E =
{xy } is exactly the set of skeptically accepted arguments wrt. stable semantics if
and only if (¢, y) is a positive instance of SAT-UNSAT. Assume that (¢, y) is a
positive instance of SAT-UNSAT, then no argument v or —v is skeptically accepted
as there is always a stable extension including its only attacker. Furthermore, no
c; 1s skeptically accepted as there is always a stable extension including one of
its attackers (as every clause is satisfiable). Furthermore, as ¢ is satisfiable, x,
is not included in the extension containing ags, which must exist [5]. As ¢ is
also not tautological (this can only be the case if all its clauses are tautological),
there must also be a stable extension not including ay. As Y is not satisfiable
xy must be contained in every stable extension and ay is in no stable extension.
This shows that E = {xy, } is exactly the set of skeptically accepted arguments wrt.
stable semantics. The reverse direction is analogous. [

Proposition 4. ACC}, is DP2-complete.

Proof. In order to show DP2 membership of ACC}, we first define the two lan-
guages L and L, as follows

Ly ={(E1,A\E1) € AxA| E; C Accpr(AF)}
Ly = {(A\ Es,Ey) € Ax A | EyNAcchr(AF) = 0}

Observe that L is in coN PNP. if an instance (E1,E») is not in L) we guess a set
E with E| \ E # 0 and verify that E is preferred (meaning that there is at least
one argument in £ that cannot be skeptically accepted). The latter problem is in
coNP [5] and an NP-oracle call is equivalent to an coNP-oracle call. Furthermore,
L, is in NPNP: for each argument a € E, we can guess a set E with a ¢ E and
verify that E is preferred. Finally, L; N L, is equivalent to ACCpg by projecting
on the first component of the instances, showing its DP2-membership.

For DP2-hardness, we reduce the DP2-complete problem VIQBF, [33] to
ACCPg. Here, an instance is a pair (¢, y) of quantified Boolean formula of the
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form
0 =VY3Z:u,2)
v=vY'3z (Y, 7Z)

where 1 (Y,Z) and u'(Y’,Z’) are propositional formula over the variables ¥ UZ,
Y'UZ', respectively. The pair (¢, y) is a “yes” instance of VIQBF; if ¢ evaluates
to TRUE and y evaluates to FALSE.

First, we define a generalisation of Reduction 3.7 of [5] to compile a QBF of
the form

O =YY1,. s Yn32lye s Zn V13 Y2y -5 Zm) (A.1)

to abstract argumentation frameworks that works for arbitrary propositional for-
mule W(yg,...,Yn, 21,---,2m) (not just CNF-formule). For that, we inductively
define a transformation from a propositional formula ¢ (we now omit mentioning
the variables explicitly) to an AF, i.e., AF, = (Ay,Ry), via

1. If u = v for some v € {y1,...,Yn,21,---,Zm} define

Ayi = {Pv,Pv}
Ryi - {(p\th)? (P%Pv)}

2. If u = -’ define

A_‘“/ = A‘u/ U {p_‘“/}
Rﬁu’ = Ru’ U{(Pu’al?ﬁu’)}

3. If u=p’' Au” define
1 2
Au’/\,u” = A,u.’ UA,U.” U {hul/\”//,h”//\‘u//,p#//\‘u”}

1 2 1
Rﬂ//\ﬂ” = Rul U R'u/ U {(pﬂ/’hli//\ﬂ’/)’ (pu//,h‘u//\”//), (h,u’/\ﬂ”’pll//\li”)’
2
(h'u’/\'u”apu//\,u”)}
4. Ifu = pu'vu” define
A”/v“// = Aur U A’u// U {h“/\/'u//,p”/\/'u//}

R/.L’\//J” = R“/ U R“/ U {(pu/, h/.t’\//.i")? (p'u//,h’u/\/‘u//), (hu’\/u”apu’\/u”)}
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Figure A.4: Abstract argumentation framework AF for the QBF ¢ = Vy; : 371,25 : u with u =
(=y1 Vz1) A= (z1 Azz). We abbreviate o = -y, 0 =73 Az, and o3 = -y V73

To complete the reduction, similarly to [5], we define for a QBF of the form (A.1)
the AF AFy = (A,,R,) with
Ry =Ry U{(pu.p), (Pr:pe) Y Y {(Pm,21),- -, (Pmyzm) }

Figure A.4 shows an example of the reduction. Observe that the QBF ¢ evalu-
ates to TRUE iff py is skeptically accepted in AF, wrt. preferred semantics [5].
However, note that p,, may not be the only argument that is skeptically accepted
(for example, in Figure A.4, pq, is skeptically accepted as well). In order for
our aimed reduction to ACCpg to work, we need to have a clearly defined status
for each argument. We address this by a process we call cloning. Each argu-
ment a € Ay \ {py,pg} is cloned yielding an additional argument 4. For each

attack (a,b) € Ry \ {(d,#') | d',b' & {pu,pg}} we add attacks (a,b), (a,b), (a,b).
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Figure A.5: Abstract argumentation framework AF, for the QBF ¢ =Vx:Jy:xVy.

Furthermore, for each attack (a,py) we add the attack (a, p,) and for each at-
tack (pg,a) we add (pg,d). We abbreviate the new argumentation framework by
AAF¢ = (A¢, §¢). Figures A.5 and A.6 show an example of the cloning process.
Observe that every preferred extension E of AF, is also a preferred extension of
AAF¢. Furthermore, if one removes any number of arguments (except py and py)
in a preferred extension of AF, and replaces them with their clones, one again ob-
tains a preferred extension of Al Fy. Finally, observe that every preferred extension
of AAF¢ is of that form (i. e., it cannot be the case that both an argument and its
clone are not in a preferred extension, even if all their respective attackers are not
in the extension; as a preferred extension is a maximal admissible set, one of them
has to be included in that case). It follows, that p,, is the only skeptically accepted
argument in AAF¢.

Now back to the reduction from V3IQBF, to ACCpg. For an instance (¢, y)—
we assume that ¢ and y are defined on disjoint vocabularies—we construct the
abstract argumentation framework AF 4 v) = (A(4,y), R(g,y)) defined via

Ag.y) = Ao UAy
Rip.y) =R URy

Then (¢, y) is a positive instance of YIQBF, if and only if Accf;R(AF(¢7W)) —
{py} by construction. -

Corollary 1. Let AF be an abstract argumentation framework.
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Figure A.6: Cloned abstract argumentation framework Al Fy for the QBF ¢ =Vx:Jdy:xVy.

1. The problems EnumACCSR, EnumACCSR, EnumACCE© are in FP, respec-
tively.
2. The problems EnumACCCC.O, EnumACCER, EnumACC?T, EnumACCfT are

in FNPPPUI, respectively.
3. The problem EnumACCPR is in FNPPPI,

Proof. The cases in 1) follow from Proposition 1. For the other two cases, we
can non-deterministically guess a set E and then verify that E = Accl;(AF) in DP,
DP2, respectively, yielding algorithms in FN PPPI] and FNPPP2[, respectively.

]

Proposition 5. Let AF = (A R) be an abstract argumentation framework.

1. If @ € Mod(¥§P) then E(w) is a complete extension of AF.

2. IfE is a complete extension of AF then there is ® € Mod(WS2) with E(w) =
E

3. a € Accg(AF) if and only zf‘ng A in, is satisfiable.

Proof. Let AF = (A,R) be an abstract argumentation framework.
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1. Let ® € Mod(W$?) and define

E(w) ={a| o(in,) = TRUE}

In order to show that E(w) is a complete extension, we have to show that
E(w) is conflict-free, admissible, and contains all all arguments it defends:
(a) Suppose E(®) is not conflict-free. Then there are a,b € E(w) such
that b € a~. Dueto b € E(®) we have @(in,) = TRUE and due to @ €

Mod(¥§9) we have (out,) = TRUE (due to the part (out, < \/c, inp)

of P§9). Due to the part (—in, V —out,) of PO we have o(in,) =
FALSE, in contradiction to the assumption a € E(®w). So E(w) is
conflict-free.

(b) Suppose E(w) is not admissible. Since E(w) is conflict-free (see
above), it follows that there is a € E(®) such that there is b € a~
and there is no ¢ € b~ with ¢ € E(®). Due to a € E(®), we have
®(in,) = TRUE and due to the part (in, < A, outy) of ¥§2 it
follows w(outy,) = TRUE. Then due to (out, < \/pe,— inp) (With b
taking the role of a) there must be ¢’ € b~ with ®(in.) = TRUE and
therefore ¢’ € E(w).

(c) Due to (in, < Ape,— outy) A, for every a that is attacked only by ar-
guments b with @w(out;,) = TRUE, we have @(in,) = TRUE and there-
fore a € E(®). It follows that E () contains all arguments it defends.

2. Let E be a complete extension and define ® via

®(in,) = TRUE o(out,) = ®(undec,) = FALSE
forall a € E and

w(outy) = TRUE o(inp) = w(undecy,) = FALSE
forallb € E~ and

®(undec.) = TRUE o(in.) = o(out,) = FALSE

for all remaining arguments ¢ € A\ (E UE ™). It should be clear that ® is a
model of \ng

. Dueto 1 and 2, ‘Pﬁ? A in, is satisfiable iff there is a complete extension E

with a € E, which is equivalent to a € Accg (AF). O

Proposition 6. Let AF = (A R) be an abstract argumentation framework.
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1. If @ € Mod(W3L) then E() is a stable extension of AF.
2. IfE is a stable extension of AF then there is ® € Mod(¥3[) with E(®) = E.
3. a € Accgt (AF) if and only if ‘Pig/\ in, is satisfiable.

Proof. Let AF = (A,R) be an abstract argumentation framework.

1. Let @ € Mod(W3[) and define
E(w)={a| o(in,) = TRUE}

In order to show that E (@) is a stable extension, we have to show that E (@)
is conflict-free and attacks all arguments it does not contain:

(a) Suppose E(®) is not conflict-free. Then there are a,b € E(®) such

thatb € a~. Dueto b € E(w) we have @(in,) = TRUE and due to @ €

Mod(P3F) we have ®(in,) = FALSE (due to the part (—in, < Vye, inp)

of W3I). It follows a ¢ E(®), in contradiction to the assumption
a € E(®). So E(w) is conflict-free.
(b) Fora ¢ E(w) we have w(in,) = FALSE and due to (—in, < /e, inp)
there must be b € a~ with @(in,) = TRUE, so b € E(w).
2. Analogous to the proof of 2 of Proposition 5.
3. Analogous to the proof of 3 of Proposition 5. [

Proposition 7. Algorithm |AQC is sound and complete.

Proof. Observe that S is initialised with the empty set in line 1 and only arguments
a for which ‘PXF A1in, is satisfiable (so arguments a for which there is an extension
E with a € E) are added to S in line 4. So upon termination, S contains exactly
the set of credulously accepted arguments. [

Proposition 8. Algorithm EEE€ is sound and complete.

Proof. Observe that S is initialised with the empty set in line 1. In line 4, the
set E(®) is guaranteed to be an extension of AF (see Propositions 5 and 6) and
added to S. So upon termination (line 6), S only contains credulously accepted
arguments (showing soundness). Assume there is credulously accepted a with
a ¢ S upon termination (towards showing completeness). Then an extension E
with a € S yields a model wg of ¥ in line 3 (due to items 2 of Propositions 5 and
6) since all C(®) are satisfied due to a ¢ S and therefore ®(in,) = FALSE for all
such @. This is in conflict with the termination criterion in line 3 and therefore
a € S upon termination. O

39



776

777

778

779

780

781

782

783

784

785

786

787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

Proposition 9. Algorithm SEEC is sound and complete.

Proof. Let AF = (A,R), 0 € {CO,ST,PR} and S = SEE‘(AF, o).

For soundness, let a € S. Then (due to line 4) there is @ with a € E(®) and
® = WITNESS(WZr AV ,4ep ing). Due to Proposition 5 (resp. Proposition 6), the
set E(w) is a complete (resp. stable) extension of AF, showing that a is indeed
credulously acceptable wrt. complete/preferred (resp. stable) semantics.

For completeness, let a € AccS,(AF) and assume a ¢ S. Let D be the set D in
the final iteration of line 3, i.e., we have WITNESS(W{p AV ,cping) = FALSE.
Duetoa ¢ S we have a € D and since a € Accg (AF), the formula WS AV, p ing)
is satisfiable, contradicting WITNESS(WRr AV cping) = FALSE. O

Proposition 10. Algorithm SEEM€ is sound and complete.

Proof. Let AF = (A,R), o € {CO,ST,PR} and S = SEEM(AF, o).

For soundness, let a € S. Then (due to line 4) there is @ with a € E(®) and
® = MAXSAT({in, | @ € D},¥Q;). In particular, @ is a model of W{r which
assigns TRUE to in,. Due to Proposition 5 (resp. Proposition 6), the set E(®) is
a complete (resp. stable) extension of AF, showing that a is indeed credulously
acceptable wrt. complete/preferred (resp. stable) semantics.

For completeness, let a € Acc,(AF) and assume a ¢ S. Let D be the set D in
the final iteration of line 3, i. ., we have MAXSAT({in, | a € D}, ¥$;) = FALSE.
Due to a ¢ S we have a € D and since a € AccS(AF), the formula W§p A in, is
satisfiable, contradicting MAXSAT({in, | a € D},¥§;) = FALSE. O]

Proposition 11. Let AF = (A,R) be an abstract argumentation framework. Then
a € Accst(AF) if and only if ‘Pﬂ:—/\ —in, is unsatisfiable.

Proof. ‘Pi,T: A —in, is unsatisfiable if and only if there is no stable extension E
of AF with a ¢ E, which is equivalent to a being skeptically accepted, so a €
Accst(AF). O

Proposition 12. Algorithm |IAQ® is sound and complete.

Proof. Observe that § is initialised with the empty set in line 1 and only arguments
a that are skeptically accepted are added to S in lines 5 and 8 respectively. So upon
termination, S contains exactly the set of skeptically accepted arguments. [

Proposition 13. Algorithm EEE® is sound and complete.
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Proof. Observe that S is initialised with all arguments in line 1. In lines 5 and 9,
respectively, the sets E(®) (respectively E) is guaranteed to be an extension of AF
and all arguments not contained in E are removed from S. So upon termination
(line 10), S contains all skeptically accepted arguments (showing completeness).
Assume there is an argument a that is not skeptically accepted but a € S upon
termination (towards showing soundness). Then there must exist an extension E
with a ¢ S and this extension (or another one with a ¢ S) satisfies lines 4 or 8,
respectively (or more precisely for line 4, there is a corresponding model @ for
E). This is in conflict with the termination criterion in lines 4 and 8, respectively
and therefore a ¢ S upon termination. O

Proposition 14. Algorithm SEE® is sound and complete.

Proof. Let AF = (A,R) and S = SEE*(AF).

For soundness, let a € S. Then (due to line 3) for all ® with @ = WITNESS (‘Pﬂ A\
V es0ut,) we have a € E(®) (and due to Proposition 6 these sets E(®) are stable
extensions of AF). In the final iteration of line 2 we have FALSE = WITNESS (‘Pi-'F- A
Vesouty), i. e., there is no stable extension of AF that does not include some ar-
gument of S. It follows that a is skeptically accepted wrt. stable semantics.

For completeness, let a € Accst(AF) and assume a ¢ S. First, consider the
case that AF has no stable extensions. Then we have S = A due to line 1 and it
follows a € S. We, therefore, assume that AF has at least one stable extension.
Since a € Accg(AF), a must belong to every stable extension, in particular a €
E(w) for every @ in line 3. It follows a € S, in contradiction to the assumption.

]

Proposition 15. Algorithm SEEM® is sound and complete.

Proof. Let AF = (A,R) and S = SEEM*(AF).

For soundness, let a € S. Then (due to line 3) for all @ with @ = MAXSAT({out, |
a € S},W3I) we have a € E(®) (and due to Proposition 6 these sets E () are sta-
ble extensions of AF). In the final iteration of line 2 we have FALSE = MAXSAT({out, |
aes },‘PZ-E) i. e., there is no stable extension of AF that does not include some
argument of S. It follows that a is skeptically accepted wrt. stable semantics.

For completeness, let a € Accst(AF) and assume a ¢ S. First, consider the
case that AF has no stable extensions. Then we have S = A due to line 1 and it
follows a € S. We, therefore, assume that AF has at least one stable extension.
Since a € Accé(AF), a must belong to every stable extension, in particular a €

E(w) for every @ in line 3. It follows a € S, in contradiction to the assumption.
[
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