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Definition

An argumentation framework (AF) is a pair Γ = ⟨A,R⟩ where A is a set of arguments and
R ⊆ A×A. We say that b attacks a iff ⟨b,a⟩ ∈ R, also denoted as b → a.
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Definition

Given an AF Γ = ⟨A,R⟩:

∙ a set S ⊆ A is a conflict–free set of Γ if ∄ a,b ∈ S s.t. a → b;
∙ an argument a ∈ A is acceptable with respect to a set S ⊆ A of Γ if ∀b ∈ A s.t.

b → a, ∃ c ∈ S s.t. c → b;
∙ a set S ⊆ A is an admissible set of Γ if S is a conflict–free set of Γ and every element
of S is acceptable with respect to S of Γ.

Definition

Given an AF Γ = ⟨A,R⟩: a set S ⊆ A is a:

∙ preferred extension of Γ iff S is a maximal (w.r.t. set inclusion) admissible set of Γ;
∙ stable extension of Γ iff S is a conflict–free set of Γ and
A \ S = {a ∈ A | b → a and b ∈ S}.
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First Impression:
Reduction-based systems

are the most efficient
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iccma15 results

EE-PR

1. Cegartix

2. ArgSemSAT

3. CoQuiAAS

4. ASPARTIX-V

5. LabSATSolver

6. prefMaxSAT

7. ASGL

8. ASPARTIX-D

9. ConArg

10. ArgTools

11. …

EE-ST

1. ASPARTIX-D

2. ArgSemSAT

3. CoQuiAAS

4. ASGL

5. ConArg

6. ArgTools

7. LabSATSolver

8. DIAMOND

9. Dungell
Carneades
ASSA
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PAR10(s,P) =
{

10 ∗ T if P is unsolved

tP(s) otherwise

T indicates the considered timeout
tP(s) denotes the time needed by solver s to solve problem P
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EE-PR

All Barabasi-Albert Erdös-Rényi StableM Watts-Strogatz
Solver PAR10 Cov. F.t PAR10 Cov. PAR10 Cov. PAR10 Cov. PAR10 Cov.

Cegartix 1350.4 79.1 229 1662.6 74.2 1266.6 81.0 1439.2 77.0 1028.6 84.2
ArgSemSAT 1916.2 69.1 35 3532.3 41.9 433.7 94.2 2530.9 58.7 1171.1 81.5
LabSATSolver 2050.3 66.8 9 3430.7 43.5 261.3 96.5 2869.5 53.0 1657.5 73.9
prefMaxSAT 2057.2 66.8 273 3482.1 42.9 444.0 94.2 3625.2 40.3 697.5 89.4
DIAMOND 2417.0 61.0 1 3447.8 43.2 1366.7 79.0 2831.8 53.7 2026.0 68.0
ASPARTIX-D 2728.6 56.1 4 4101.5 32.6 3067.8 51.6 2068.8 66.7 1630.3 74.3
ASPARTIX-V 2772.2 55.2 21 3646.6 40.3 3292.6 47.1 2340.7 62.0 1772.4 71.9
CoQuiAas 3026.4 50.5 78 3736.1 38.4 2873.4 53.5 2836.4 53.3 2645.1 57.1
ASGL 3477.3 43.2 1 4809.7 20.3 96.1 100.0 4475.4 26.0 4585.5 25.4
Conarg 3696.3 39.3 158 1128.7 81.6 2813.9 55.8 4934.6 18.3 6000.0 0.0
ArgTools 3906.2 35.2 322 3694.4 39.0 45.2 100.0 6000.0 0.0 6000.0 0.0
GRIS 4543.7 24.4 174 254.6 96.1 6000.0 0.0 6000.0 0.0 6000.0 0.0

13



EE-ST

All Barabasi-Albert Erdös-Rényi StableM Watts-Strogatz
Solver PAR10 Cov. F.t PAR10 Cov. PAR10 Cov. PAR10 Cov. PAR10 Cov.

ArgTools 440.7 94.5 245 1328.6 78.4 47.4 100.0 144.1 100.0 230.5 100.0
LabSATSolver 641.6 90.0 352 396.2 93.9 22.7 100.0 1497.6 76.0 684.9 90.7
ASPARTIX-D 829.7 87.1 395 412.2 93.5 1194.4 81.6 1187.2 81.0 535.0 93.0
CoQuiAas 1477.2 76.2 372 1453.3 76.5 1485.1 76.5 1879.0 69.3 1106.5 83.3
DIAMOND 1555.4 75.2 42 2527.1 58.7 692.2 89.7 1887.2 69.7 1127.1 83.7
ArgSemSAT 1826.6 70.5 70 4019.0 33.5 408.9 94.5 1970.0 68.0 900.8 87.0
Conarg 1976.4 67.8 292 261.4 96.1 33.6 100.0 3742.1 38.3 4010.0 35.3
ASGL 2647.6 57.3 11 2737.4 56.1 85.2 100.0 3723.8 38.7 4152.8 33.7
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static portfolios

Defined by:
1. the selected solvers;

2. the order in which
solvers will be run;
and

3. the runtime allocated
to each solver.

Shared-k
Each component solver has been allocated maxRuntime

k seconds. Solvers
selected/ordered according to overall PAR10

FDSS
From an empty portfolio, we iteratively add either a new solver component, or
extend the allocated CPU-time of a solver already added to the portfolio,
depending on what maximises the increment of the PAR10 score of the portfolio
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per-instance portfolios

For each AF a vector of
features is computed.
Similar instances should
have similar feature
vectors. Portfolios are
configured using empirical
performance models

Classification-based
Classify
It classifies a given AF into a single category which corresponds to the single solver
predicted to be the fastest and allocates it all the available CPU-time

Regression-based
1-Regression
Given the predicted runtime of each solver, the solver predicted to be the fastest is
selected and it has allocated all the available CPU-time

M-regression
Initially we select the solver predicted to be the fastest, but we allocate only its
predicted CPU-time +10%. If such a solver does not solve the given AF in the
allocated time, it is stopped and no longer available to be selected, and the process
iterates by selecting a different solver
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vs.
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EE-PR EE-ST

System Cov. PAR10 System Cov. PAR10

VBS 91.4 562.9 VBS 100.0 39.3
Classify 89.7 665.2 1-Regression 97.4 206.9
1-Regression 88.6 734.7 Classify 97.1 217.5
M-Regression 82.8 1068.3 Shared-2 97.7 262.3
FDSS 80.0 1311.4 M-Regression 94.7 378.4
Cegartix 79.1 1350.4 Shared-3 94.0 420.1
Shared-2 73.2 1678.0 ArgTools 94.5 440.7
Shared-3 69.4 1892.0 LabSATSolver 90.0 641.6
ArgSemSAT 69.1 1916.2 FDSS 89.4 677.4
LabSATSolver 66.8 2050.3 ASPARTIX-D 87.1 829.7
prefMaxSAT 66.8 2057.2 Shared-5 86.3 867.4
Shared-4 65.7 2105.5 Shared-4 86.0 873.8
Shared-5 63.3 2240.3 CoQuiAas 76.2 1477.2
DIAMOND 61.0 2417.0 DIAMOND 75.2 1555.4
ASPARTIX-D 56.1 2728.6 ArgSemSAT 70.5 1826.6
ASPARTIX-V 55.2 2772.2 Conarg 67.8 1976.4
CoQuiAas 50.5 3026.4 ASGL 57.3 2647.6
ASGL 43.2 3477.3
Conarg 39.3 3696.3
ArgTools 35.2 3906.2
GRIS 24.4 4543.7
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EE-PR EE-ST

System Class. M-Reg. Class. M-Reg.

ArgSemSAT 0 253 0 212
ArgTools 311 305 138 428
ASGL 6 36 0 35
ASPARTIX-D 2 80 305 409
ASPARTIX-V 1 99
Cegartix 221 403
Conarg 157 122 231 337
CoQuiAas 43 44 288 193
DIAMOND 0 65 33 138
GRIS 153 278
LabSATSolver 13 208 228 548
prefMaxSAT 297 301
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leave-one-set-out scenario: preferred extensions

EE-PR

Barabasi-Albert Erdös-Rényi StableM Watts-Strogatz

System Cov. PAR10 Cov. PAR10 Cov. PAR10 Cov. PAR10

Classify 78.9 1321.4 88.6 745.0 74.4 1574.3 89.5 677.8
1-Regression 76.3 1479.0 63.0 2255.2 76.5 1453.9 83.0 1079.9
M-Regression 70.4 1828.4 67.3 2039.7 77.0 1434.7 79.6 1267.6
FDSS 69.1 1916.2 80.9 1245.5 79.1 1341.9 78.6 1380.0
Shared-2 73.2 1678.0 73.2 1678.0 74.2 1620.4 73.2 1678.0
Shared-3 69.4 1892.0 67.3 2007.9 69.5 1896.7 69.4 1892.0
Shared-4 65.7 2106.2 65.7 2101.1 65.7 2108.1 65.7 2103.9
Shared-5 63.3 2240.9 63.4 2235.8 63.3 2242.9 63.3 2242.9
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leave-one-set-out scenario: stable extensions

EE-ST

Barabasi-Albert Erdös-Rényi StableM Watts-Strogatz

System Cov. PAR10 Cov. PAR10 Cov. PAR10 Cov. PAR10

1-Regression 88.6 756.9 92.6 508.7 98.6 149.9 81.6 1153.0
Classify 93.0 470.4 92.4 519.6 91.2 575.6 93.4 439.3
Shared-2 97.7 262.3 97.3 285.2 97.7 220.9 97.7 262.3
M-Regression 96.2 297.4 96.4 282.2 95.6 334.9 90.3 636.5
Shared-3 94.0 420.1 94.0 435.5 94.0 420.1 94.0 476.6
FDSS 89.4 677.4 87.1 829.7 89.4 677.4 88.7 714.7
Shared-4 85.9 878.2 86.0 887.5 86.0 873.8 86.8 833.8
Shared-5 86.3 867.4 86.3 870.8 86.3 862.3 84.3 973.4
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conclusions



1. It is not always the case that that reduction-based solvers always outperform non
reduction-based systems;

2. The solvers at the state of the art show a high level of complementarity (specially
those able to deal with EE-PR problems), thus they are suitable to be combined in
portfolios;

3. Portfolio systems generally outperform basic solvers;

4. If the training instances are representative of testing AFs, the existing set of features
is informative for selecting most suitable solvers;

5. Classification-based portfolios show good generalisation performance;

6. Static portfolios are usually the approaches which are less sensitive to different
training sets.
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∙ Further investigations in the generalisation capabilities of portfolios performance by
considering significantly differently-structured AFs, including complex frameworks
generated by real-world scenarios;

∙ Extend the portfolio methods considering SATZilla like approaches, or more
sophisticated model-based techniques;

∙ Testing portfolio methods also in other complex argumentation problems.

26



27


	Conclusions

