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NP-hard Problems 
In many papers we can read… 

Motivation 

“Our optimization problem is NP-hard, and for this reason we use… 

 

 

 

… which do not ensure an optimal solution but it is able to find good 
solutions in a reasonable time.” 

•  Metaheuristic techniques 

•  Heuristic algorithms 

•  Stochastic algorithms 

As far as we know: no efficient (polynomial time) algorithm exists for solving 
NP-hard problems 

But we know inefficient algorithms (at least exponential time)  
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The SATisfiability Problem 
Motivation 

Can we find an assignment of boolean values (true and false) to the variables 
such that all the formulas are satisfied? 

The first NP-complete problem (Stephen Cook, 1971) 

If it can be solved efficiently (polynomial time) then P=NP 

The known algorithms solve this problem in exponential time (worst case) 

Nowadays, SAT solvers can solve instances with 500 000 boolean variables 

This means a search space of 2500 000 ≈ 10150514 

State-of-the-art algorithms in SAT 
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The SATisfiability Problem 

My favourite 
problem 

SAT 
instance 

Use SAT 
solvers 

Optimal 
solution 

Motivation 

Main research question: 

Can we use the advances of SAT solvers to 
solve optimization algorithms up to optimality? 

Test Suite 
Minimization 

Translation to SAT  

 

Algorithms 

MiniSAT+ Experimental 
Results 
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Test Suite Minimization 
Problem Formalization 

Given: 

Ø  A set of test cases T  = {t1, t2, ..., tn}  

Ø  A set of program elements to be covered (e.g., branches) E= {e1, e2, ..., em} 

Ø  A coverage matrix 

 

 

 

Find a subset of tests X ⊆ T     maximizing coverage and minimizing the testing cost 

3 Test Suite Minimization Problem

When a piece of software is modified, the new software is tested using some
previous test cases in order to check if new errors were introduced. This check
is known as regression testing. One problem related to regression testing is the
Test Suite Minimization Problem (TSMP). This problem is equivalent to the
Minimal Hitting Set Problem which is NP-hard [17]. Let T = {t1, t2, · · · , tn}
be a set of tests for a program where the cost of running test ti is ci and let
E = {e1, e2, · · · , em} be a set of elements of the program that we want to cover
with the tests. After running all the tests T we find that each test can cover
several program elements. This information is stored in a matrix M = [mij ] of
dimension n⇥m that is defined as:

mij =

(
1 if element ej is covered by test ti
0 otherwise

The single-objective version of this problem consists in finding a subset of
tests X ✓ T with minimum cost covering all the program elements. In formal
terms:

minimize cost(X) =
nX

i=1
ti2X

ci (2)

subject to:

8ej 2 E , 9ti 2 X such that element ej is covered by test ti, that is, mij = 1.

The multi-objective version of the TSMP does not impose the constraint of
full coverage, but it defines the coverage as the second objective to optimize,
leading to a bi-objective problem. In short, the bi-objective TSMP consists in
finding a subset of tests X ✓ T having minimum cost and maximum coverage.
Formally:

minimize cost(X) =
nX

i=1
ti2X

ci (3)

maximize cov(X) = |{ej 2 E|9ti 2 X with mij = 1}| (4)

There is no constraint in this bi-objective formulation. We should notice here
that solving the bi-objective version (2-obj in short) of TSMP implies solving
the single-objective version (1-obj). In e↵ect, let us suppose that we solve an
instance of the 2-obj TSMP, then a solution for the related 1-obj TSMP is just
the set X ✓ T with cov(X) = |E| in the Pareto optimal set, if such a solution
exists. If there is no solution of 2-obj TSMP with cov(X) = |E|, then the related
1-obj TSMP is not solvable.

e1 e2 e3 ... em 
t1 1 0 1 … 1 

t2 0 0 1 … 0 

… … … … … … 

tn 1 1 0 … 0 

M= 

3 Test Suite Minimization Problem

When a piece of software is modified, the new software is tested using some
previous test cases in order to check if new errors were introduced. This check
is known as regression testing. One problem related to regression testing is the
Test Suite Minimization Problem (TSMP). This problem is equivalent to the
Minimal Hitting Set Problem which is NP-hard [17]. Let T = {t1, t2, · · · , tn}
be a set of tests for a program where the cost of running test ti is ci and let
E = {e1, e2, · · · , em} be a set of elements of the program that we want to cover
with the tests. After running all the tests T we find that each test can cover
several program elements. This information is stored in a matrix M = [mij ] of
dimension n⇥m that is defined as:

mij =

(
1 if element ej is covered by test ti
0 otherwise

The single-objective version of this problem consists in finding a subset of
tests X ✓ T with minimum cost covering all the program elements. In formal
terms:

minimize cost(X) =
nX

i=1
ti2X

ci (2)

subject to:

8ej 2 E , 9ti 2 X such that element ej is covered by test ti, that is, mij = 1.

The multi-objective version of the TSMP does not impose the constraint of
full coverage, but it defines the coverage as the second objective to optimize,
leading to a bi-objective problem. In short, the bi-objective TSMP consists in
finding a subset of tests X ✓ T having minimum cost and maximum coverage.
Formally:

minimize cost(X) =
nX

i=1
ti2X

ci (3)

maximize cov(X) = |{ej 2 E|9ti 2 X with mij = 1}| (4)

There is no constraint in this bi-objective formulation. We should notice here
that solving the bi-objective version (2-obj in short) of TSMP implies solving
the single-objective version (1-obj). In e↵ect, let us suppose that we solve an
instance of the 2-obj TSMP, then a solution for the related 1-obj TSMP is just
the set X ✓ T with cov(X) = |E| in the Pareto optimal set, if such a solution
exists. If there is no solution of 2-obj TSMP with cov(X) = |E|, then the related
1-obj TSMP is not solvable.
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A Pseudo-Boolean (PB) constraint has the form: 

let us suppose without loss of generality that we want to find a solution x⇤ 2 X
that minimizes3 f , that is, f(x⇤)  f(x) for all the solutions x 2 X. This opti-
mization problem can be transformed in a series of decision problems in which
the objective is to find a solution y 2 X for which the constraint f(y)  B holds,
where B 2 Z takes di↵erent integer values. This series of decision problems can
be used to find the optimal (minimal) solution of the optimization problem. The
procedure could be as follows. We start with a value of B low enough for the
constraint to be unsatisfiabe. We solve the decision problem to check that it is
unsatisfiable. Then, we enter a loop in which the value of B is increased and the
constraint is checked again. The loop is repeated until the result is satisfiable.
Once the loop finishes, the value of B is the minimal value of f in the search
space and the solution to the decision problem is an optimal solution of the
optimization problem.

If the optimization problem has several objective functions f1, f2, . . . , fm to
minimize, we need one constraint for each objective function:

f1(y)  B1

f2(y)  B2

...
fm(y)  Bm

In order to use SAT solvers to solve optimization problems, we still need
to translate the constraints f(y)  B to Boolean formulas. To this aim the
concept of Pseudo-Boolean constraint plays a main role. A Pseudo-Boolean (PB)
constraint is an inequality on a linear combination of Boolean variables:

nX

i=1

aixi �B (1)

where � 2 {<,,=, 6=, >,�}, ai, B 2 Z, and xi 2 {0, 1}. A PB constraint is said
to be satisfied under an assignment if the sum of the coe�cients ai for which
xi = 1 satisfies the relational operator � with respect to B.

PB constraints can be translated into SAT instances. The simplest approaches
translate the PB constraint to an equivalent Boolean formula with the same
variables. The main drawback of these approaches is that the number of clauses
generated grows exponentially with respect to the variables. In practice, it is
common to use one of the following methods for the translation: network of
adders, binary decision diagrams and network of sorters [1] (chapter 22). All of
these approaches introduce additional variables to generate a formula which is
semantically equivalent to the original PB constraint. Although the translation
of a non-trivial PB constraint to a set of clauses with some of these methods have
also an exponential complexity in the worst case, in practice it is not common to
have exponential complexity [3] and the translation can be done in a reasonable
time.
3 If the optimization problem consists in maximizing f , we can formulate the problem
as the minimization of �f .
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Can be translated to SAT instances (usually efficient) 

Are a higher level formalism to specify a decision problem 

Can be the input for MiniSAT+ 
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Let us assume we want to minimize f(x) 

B 
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B B B 
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Optimal solution found 

The same can be done with multi-objective problems, but we need more 
PB constraints 
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3 Test Suite Minimization Problem

When a piece of software is modified, the new software is tested using some
previous test cases in order to check if new errors were introduced. This check
is known as regression testing. One problem related to regression testing is the
Test Suite Minimization Problem (TSMP). This problem is equivalent to the
Minimal Hitting Set Problem which is NP-hard [17]. Let T = {t1, t2, · · · , tn}
be a set of tests for a program where the cost of running test ti is ci and let
E = {e1, e2, · · · , em} be a set of elements of the program that we want to cover
with the tests. After running all the tests T we find that each test can cover
several program elements. This information is stored in a matrix M = [mij ] of
dimension n⇥m that is defined as:

mij =

(
1 if element ej is covered by test ti
0 otherwise

The single-objective version of this problem consists in finding a subset of
tests X ✓ T with minimum cost covering all the program elements. In formal
terms:

minimize cost(X) =
nX

i=1
ti2X

ci (2)

subject to:

8ej 2 E , 9ti 2 X such that element ej is covered by test ti, that is, mij = 1.

The multi-objective version of the TSMP does not impose the constraint of
full coverage, but it defines the coverage as the second objective to optimize,
leading to a bi-objective problem. In short, the bi-objective TSMP consists in
finding a subset of tests X ✓ T having minimum cost and maximum coverage.
Formally:

minimize cost(X) =
nX

i=1
ti2X

ci (3)

maximize cov(X) = |{ej 2 E|9ti 2 X with mij = 1}| (4)

There is no constraint in this bi-objective formulation. We should notice here
that solving the bi-objective version (2-obj in short) of TSMP implies solving
the single-objective version (1-obj). In e↵ect, let us suppose that we solve an
instance of the 2-obj TSMP, then a solution for the related 1-obj TSMP is just
the set X ✓ T with cov(X) = |E| in the Pareto optimal set, if such a solution
exists. If there is no solution of 2-obj TSMP with cov(X) = |E|, then the related
1-obj TSMP is not solvable.

4 Solving TSMP Instances using PB Constraints

In this section, we will present the proposed approach for solving the TSMP using
SAT solvers. First, we detail how the two versions of TSMP can be translated
into a set of PB constraints and then we present the algorithms used to solve
both versions of TSMP with the help of the SAT solvers.

4.1 Translating the TSMP

The single-objective formulation of TSMP is a particular case of the bi-objective
formulation. Then, we can translate the 2-obj TSMP into a set of PB constraints
and then infer the translation of the 1-obj TSMP as a especial case.

Let us introduce n binary variables ti 2 {0, 1}: one for each test case in T . If
ti = 1 then the corresponding test case is included in the solution and if ti = 0
the test case is not included. We also introduce m binary variables ej 2 {0, 1}:
one for each program element to cover. If ej = 1 then the corresponding element
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whereB 2 Z is the maximum allowed cost and P 2 {0, 1, . . . ,m}, is the minimum
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For the 1-obj TSMP the formulation is simpler. This is a especial case of the
2-obj formulation in which P = m. If we include this new constraint in (7) we
have ej = 1 for all 1  j  m. Then we don’t need the ej variables anymore
because they are constants. Including these constants in (5) we have:
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which is equivalent to:

nX

i=1

mijti � 1 1  j  m, (9)

since the sum is always less than or equal to n. Thus, for the 1-obj TSMP the
PB constraints are (8) and (9).

4.2 Translation example

In this section we show through a small example how to model with PB con-
straints an instance of the TSMP according to the methodology above described.
Let T = {t1, t2, t3, t4, t5, t6}, E = {e1, e2, e3, e4} and M:

e1 e2 e3 e4
t1 1 0 1 0
t2 1 1 0 0
t3 0 0 1 0
t4 1 0 0 0
t5 1 0 0 1
t6 0 1 1 0

If we want to solve the 2-obj TSMP we need to instantiate Eqs. (5), (6) and
(7). The result is:

e1  t1 + t2 + t4 + t5  4e1 (10)

e2  t2 + t6  4e2 (11)

e3  t1 + t3 + t6  4e3 (12)

e4  t5  4e4 (13)

t1 + t2 + t3 + t4 + t5 + t6  B (14)

e1 + e2 + e3 + e4 � P (15)

where P,B 2 N.
If we are otherwise interested in the 1-obj version the formulation is simpler:

t1 + t2 + t4 + t5 � 1 (16)

t2 + t6 � 1 (17)

t1 + t3 + t6 � 1 (18)

t5 � 1 (19)
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Bi-objective problem 

Single-objective problem 
(total coverage) 

f(x)  B

e1  t1 + t2 + t4 + t5  6e1 (1)

e2  t2 + t6  6e2 (2)

e3  t1 + t3 + t6  6e3 (3)

e4  t5  6e4 (4)

1
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The result is an instance with fewer test cases but having the same Pareto front.
These transformed instances were solved using Algorithm 2. Table 1 shows the
size of the test suites with and without the reduction for each program. We can
observe a really great reduction in the number of test cases when the previous
approach is used.

Table 1: Details of the instances used in the experiments
Instance Original Size Reduced Size Elements to cover
printtokens 4130 40 195
printtokens2 4115 28 192
replace 5542 215 208
schedule 2650 4 126
schedule2 2710 13 119
tcas 1608 5 54
totinfo 1052 21 117

In Table 2 we present the Pareto optimal set and the Pareto front for the
instances described above. The columns “Tests” and “Elements” correspond to
the functions cost and cov of the 2-obj TSMP. The column “Coverage” is the
number of covered elements divided by the total number of elements. The optimal
solution for the 1-obj TSMP can be found in the lines with 100% coverage,
as explained in Section 3. It is not common to show the Pareto optimal set
or the Pareto front in numbers in the multi-objective literature because only
approximate Pareto fronts can be obtained for NP-hard problems. However, in
this case we obtain the exact Pareto fronts and optimal sets, so we think that this
information could be useful for future reference. Figure 1 shows the Pareto front
for all the instances of Table 1: they present the same information as Table 2
in a graphical way. The information provided in the tables and the figures is
very useful for the tester, knowing beforehand which are the most important
test cases and giving the possibility to make a decision taking into account the
number of tests necessary to assure a particular coverage level or vice versa.

We show in Table 3 the running time of Algorithm 2, which includes the
execution of Algorithm 1. The experiments were performed on a Laptop with
an Intel CORE i7 running Ubuntu Linux 11.04. Since the underlying algorithm
is deterministic the running time is an (almost) deterministic variable. The only
source of randomness for the SAT solver comes from limited random restarts and
the application of variable selection heuristics. Additionally, we compared the
running time of our approach with the performance of two heuristic algorithms:
a local search (LS) algorithm and a genetic algorithm (GA) for the 1-obj formu-
lation of the TSMP. The LS algorithm is based on an iterative best improvement
process and the GA is a steady-state GA with 10 individuals in the population,
binary tournament selection, bit-flip mutation with probability p = 0.01 of flip-
ping a bit, one-point crossover and elitist replacement. The stopping condition is
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Fig. 1: Pareto front for the SIR instances

Table 3: Information about clauses-to-variables ratio, computation time of Al-
gorithm 2, average coverage and number of test cases for the two heuristic algo-
rithms for the instances from SIR.
Instance Ratio Algorithm 2 Local Search Genetic Algorithm

Original (s) Reduced (s) Avg. Cov. Avg. Tests Avg. Cov. Avg. Tests
printtokens 4.61 3400.74 2.17 100.00% 6.00 99.06% 5.16
printtokens2 4.61 3370.44 1.43 100.00% 4.60 99.23% 3.56
replace 4.62 1469272.00 345.62 100.00% 10.16 99.15% 15.46
schedule 2.19 492.38 0.24 100.00% 3.00 99.84% 2.90
schedule2 4.61 195.55 0.27 100.00% 4.00 99.58% 3.70
tcas 4.61 73.44 0.33 100.00% 4.00 95.80% 3.23
totinfo 4.53 181823.50 0.96 100.00% 5.00 98.89% 5.13

independent runs. However, the required number of test cases is non-optimal in
printtokens, printtokens2 and replace. LS obtains optimal solutions in the
rest of the programs. However, we should recall here that LS cannot ensure that
the result is an optimal solution, as the SAT-based approach does. In the case
of GA, it is not able to reach full coverage in any program.

It is interesting to remark that almost all the resulting SAT instances ob-
tained from the translation are in the phase transition of SAT problems except
the one for schedule. It has been shown experimentally that most of the in-
stances where the ratio of clauses-to-variables is approximately equal to 4.3 are
the hardest to be solved [18].

Tests Time 
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Table 2: Pareto optimal set and Front for the instances of SIR.
Instance Elements Tests Coverage Solution
printtokens 195 5 100% (t2222, t2375, t3438, t4100, t4101)

194 4 99.48% (t1908, t2375, t4099, t4101)
192 3 98.46% (t1658, t2363, t4072)
190 2 97.43% (t1658, t3669)
186 1 95.38% (t2597)

printtokens2 192 4 100% (t2521, t2526, t4085, t4088)
190 3 98.95% (t457, t3717, t4098)
188 2 97.91% (t2190, t3282)
184 1 95.83% (t3717)

replace 208 8 100% (t306, t410, t653, t1279, t1301, t3134, t4057, t4328)
207 7 99.51% (t309, t358, t653, t776, t1279, t1795, t3248)
206 6 99.03% (t275, t290, t1279, t1938, t2723, t2785)
205 5 98.55% (t426, t1279, t1898, t2875, t3324)
203 4 97.59% (t298, t653, t3324, t5054)
200 3 96.15% (t2723, t2901, t3324)
195 2 93.75% (t358, t5387)
187 1 89.90% (t358)

schedule 126 3 100% (t1403, t1559, t1564)
124 2 98.41% (t1570, t1595)
122 1 96.82% (t1572)

schedule2 119 4 100% (t2226, t2458, t2462, t2681)
118 3 99.15% (t101, t1406, t2516)
117 2 98.31% (t2461, t2710)
116 1 97.47% (t1584)

tcas 54 4 100% (t5, t1191, t1229, t1608)
53 3 98.14% (t13, t25, t1581)
50 2 92.59% (t72, t1584)
44 1 81.48% (t217)

totinfo 117 5 100% (t62, t118, t218, t1000, t1038)
115 4 98.29% (t62, t118, t913, t1016)
113 3 96.58% (t65, t216, t913)
111 2 94.87% (t65, t919)
110 1 94.01% (t179)

to equal the running time of the SAT-based method for each reduced instance.
For the two heuristic algorithms we show the average coverage and number of
test cases over 30 independent runs.

Regarding the computational time, we observe that all the instances can
be solved in much less time using the reduction. The speed up for the SAT-
based approach ranges from more than 200 for tcas to more than 2000 for
printtokens2. All the instances can be solved in around 2 seconds with the ex-
ception of replace, which requires almost 6 minutes. In the case of the heuristic
algorithms, we observe that LS reaches full coverage in all the instances and
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Since we are considering cost 1 for the tests, we can apply an a priori reduction 
in the original test suite 

e1 e2 e3 ... em 
t1 1 0 0 … 1 

t2 1 0 1 … 1 

… … … … … … 

tn 1 1 0 … 0 

Test t1 can be removed The result is an instance with fewer test cases but having the same Pareto front.
These transformed instances were solved using Algorithm 2. Table 1 shows the
size of the test suites with and without the reduction for each program. We can
observe a really great reduction in the number of test cases when the previous
approach is used.

Table 1: Details of the instances used in the experiments
Instance Original Size Reduced Size Elements to cover
printtokens 4130 40 195
printtokens2 4115 28 192
replace 5542 215 208
schedule 2650 4 126
schedule2 2710 13 119
tcas 1608 5 54
totinfo 1052 21 117

In Table 2 we present the Pareto optimal set and the Pareto front for the
instances described above. The columns “Tests” and “Elements” correspond to
the functions cost and cov of the 2-obj TSMP. The column “Coverage” is the
number of covered elements divided by the total number of elements. The optimal
solution for the 1-obj TSMP can be found in the lines with 100% coverage,
as explained in Section 3. It is not common to show the Pareto optimal set
or the Pareto front in numbers in the multi-objective literature because only
approximate Pareto fronts can be obtained for NP-hard problems. However, in
this case we obtain the exact Pareto fronts and optimal sets, so we think that this
information could be useful for future reference. Figure 1 shows the Pareto front
for all the instances of Table 1: they present the same information as Table 2
in a graphical way. The information provided in the tables and the figures is
very useful for the tester, knowing beforehand which are the most important
test cases and giving the possibility to make a decision taking into account the
number of tests necessary to assure a particular coverage level or vice versa.

We show in Table 3 the running time of Algorithm 2, which includes the
execution of Algorithm 1. The experiments were performed on a Laptop with
an Intel CORE i7 running Ubuntu Linux 11.04. Since the underlying algorithm
is deterministic the running time is an (almost) deterministic variable. The only
source of randomness for the SAT solver comes from limited random restarts and
the application of variable selection heuristics. Additionally, we compared the
running time of our approach with the performance of two heuristic algorithms:
a local search (LS) algorithm and a genetic algorithm (GA) for the 1-obj formu-
lation of the TSMP. The LS algorithm is based on an iterative best improvement
process and the GA is a steady-state GA with 10 individuals in the population,
binary tournament selection, bit-flip mutation with probability p = 0.01 of flip-
ping a bit, one-point crossover and elitist replacement. The stopping condition is
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The optimal Pareto Front for the reduced test suite can be found from 200 to 
180 000 times faster 
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Fig. 1: Pareto front for the SIR instances

Table 3: Information about clauses-to-variables ratio, computation time of Al-
gorithm 2, average coverage and number of test cases for the two heuristic algo-
rithms for the instances from SIR.
Instance Ratio Algorithm 2 Local Search Genetic Algorithm

Original (s) Reduced (s) Avg. Cov. Avg. Tests Avg. Cov. Avg. Tests
printtokens 4.61 3400.74 2.17 100.00% 6.00 99.06% 5.16
printtokens2 4.61 3370.44 1.43 100.00% 4.60 99.23% 3.56
replace 4.62 1469272.00 345.62 100.00% 10.16 99.15% 15.46
schedule 2.19 492.38 0.24 100.00% 3.00 99.84% 2.90
schedule2 4.61 195.55 0.27 100.00% 4.00 99.58% 3.70
tcas 4.61 73.44 0.33 100.00% 4.00 95.80% 3.23
totinfo 4.53 181823.50 0.96 100.00% 5.00 98.89% 5.13

independent runs. However, the required number of test cases is non-optimal in
printtokens, printtokens2 and replace. LS obtains optimal solutions in the
rest of the programs. However, we should recall here that LS cannot ensure that
the result is an optimal solution, as the SAT-based approach does. In the case
of GA, it is not able to reach full coverage in any program.

It is interesting to remark that almost all the resulting SAT instances ob-
tained from the translation are in the phase transition of SAT problems except
the one for schedule. It has been shown experimentally that most of the in-
stances where the ratio of clauses-to-variables is approximately equal to 4.3 are
the hardest to be solved [18].
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Local Search 

Best improvement 

Genetic Algorithm 
10 individuals 

2-tournament 

Bit-flip mutation (p=0.01) 

1-point crossover 

Steady-state 
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Fig. 1: Pareto front for the SIR instances

Table 3: Information about clauses-to-variables ratio, computation time of Al-
gorithm 2, average coverage and number of test cases for the two heuristic algo-
rithms for the instances from SIR.
Instance Ratio Algorithm 2 Local Search Genetic Algorithm

Original (s) Reduced (s) Avg. Cov. Avg. Tests Avg. Cov. Avg. Tests
printtokens 4.61 3400.74 2.17 100.00% 6.00 99.06% 5.16
printtokens2 4.61 3370.44 1.43 100.00% 4.60 99.23% 3.56
replace 4.62 1469272.00 345.62 100.00% 10.16 99.15% 15.46
schedule 2.19 492.38 0.24 100.00% 3.00 99.84% 2.90
schedule2 4.61 195.55 0.27 100.00% 4.00 99.58% 3.70
tcas 4.61 73.44 0.33 100.00% 4.00 95.80% 3.23
totinfo 4.53 181823.50 0.96 100.00% 5.00 98.89% 5.13

independent runs. However, the required number of test cases is non-optimal in
printtokens, printtokens2 and replace. LS obtains optimal solutions in the
rest of the programs. However, we should recall here that LS cannot ensure that
the result is an optimal solution, as the SAT-based approach does. In the case
of GA, it is not able to reach full coverage in any program.

It is interesting to remark that almost all the resulting SAT instances ob-
tained from the translation are in the phase transition of SAT problems except
the one for schedule. It has been shown experimentally that most of the in-
stances where the ratio of clauses-to-variables is approximately equal to 4.3 are
the hardest to be solved [18].

Total coverage (not Pareto front) 
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Intractability of SAT 
• How far can we go with this approach? 
•  It could depend on the coverage table 

Scalability of the translation 
•  Exponential complexity in worst case 

Non-unitary costs for tests 
•  Is the translation tractable? 
•  Is the SAT instance tractable? 
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Conclusions & Future Work 

•  Current SAT solvers are powerful enough to solve 
interesting instances of combinatorial optimization 
problems 

•  Key issue: the translation to SAT 
•  Illustration: the 2-obj Test Suite Minimization 

Conclusions 

•  Non-unitary cost for tests 
•  Other SBSE problems 
•  Other exact methods 

Future Work 



20  / 20 September 2012  SSBSE 2012, Riva del Garda, Italy 

Thanks for your attention !!! 

On the Application of SAT Solvers to 
the Test Suite Minimization Problem 


