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Abstract. In this paper a new class of hard SAT instances is proposed. These
instances are built using a new graph based representation of boolean formula
in conjunctive normal form (CNF). It extends the well known implication graph
of binary clauses (2-SAT) to the general case. Every clause is represented as a
set of possible (conditional) implications and encoded with different arcs labeled
with a set of literals, called contexts. This representation allows us to reformulate
classical resolution as a transitive closure on the graph. This result combined with
the underlying structure of the graph are then used to derivehard SAT instances
with respect to the state-of-the-art SAT solvers.

1 Introduction

The SAT problem, namely the issue of checking whether a boolean formula in conjunc-
tive normal form is satisfiable or not, is central in many computer science and artificial
intelligence domains, like theorem proving, planning, non-monotonic reasoning, VLSI
correctness checking and knowledge-bases verification andvalidation. During these last
two decades, many approaches have been proposed to solve hard SAT instances, based
on -logically complete or not- algorithms. Both local-search techniques [20] and elabo-
rate variants of the Davis-Putnam-Loveland-Logemann’sDPLL procedure [9] ([19, 13])
can now solve efficiently many families of large SAT instances encoding real-world ap-
plications. Other kind of instances have been proposed withthe main objective to defeat
all existing solvers. For example, randomly generated unsatisfiable SAT instances still
the most difficult ones [7]. Other instances such as Urquart [22], parity-32 [8], pigeon
hole [15] can be solved thanks to an efficient handling of their particular structure.
These last kind of instances has been for a long time a subjectof active research. Many
interesting improvements has been derived. Among them, onecan cite heuristics [11],
look-ahead [18, 4], symmetry breaking [3, 1], equivalence processing [17], functional
dependencies [14].

In this paper, we propose a new class of hard SAT instances. These instances are
highly structured but randomly generated. As we show in section 5, these instances are
difficult to solve using the state-of-the-art SAT solvers such as CDCL (Conflict Driven
Clause Learning) solvers (MINISAT [12] and ZCHAFF [19]) or other approaches such
us (MARCH EQ [16]). These instances are built using a new SAT graph-basedrepre-
sentation which extends in an original way the well known implication graph of binary
CNF formula (2-SAT) to the general case. Every clause is represented as a set of pos-
sible (conditional) implications and encoded with different arcs labeled with a set of



literals, called contexts (or conditions). Our proposed representation allows us to ex-
tend many interesting features of the 2-SAT polynomial timealgorithm. Among them,
classical resolution is formulated using the transitive closure of the graph. Paths from
nodes labeled with opposite literals lead to a new definitionof conditional backbone i.e.
the literal is implied under a given context or condition. However, in the general case
finding the (minimal) context under which a given literal is implied is computationally
intractable.

Our SAT graph representation allows to generate small but hard structured satisfi-
able and unsatisfiable SAT instances. Our generator use different parameters leading to
instances with different clauses length.

The rest of the paper is organized as follows. After some preliminary definitions,
our sat graph-based representation is presented in section3. Then, we introduce our new
class of difficult benchmarks in section 4. Before concluding, an extensive experimental
study is presented in section 5.

2 Technical preliminaries

Let B be a Boolean (i.e. propositional) language of formulas built in the standard way,
using usual connectives (∨, ∧, ¬, →, ↔) and a set of propositional variables.

A CNF formulaΣ is a set (interpreted as a conjunction) ofclauses, where a clause
is a set (interpreted as a disjunction) ofliterals. A literal is a positive or negated propo-
sitional variable. For a literalx (resp. a clausec), V(x) (resp.V(c)) denotes the propo-
sitional variable associated to a literalx (resp. the set of variables associated to literals
of c). We noteV(Σ) (resp.L(Σ)) the set of variables (resp. literals) occurring inΣ.
The size of a clausec, denoted|c|, is equal to the number of literals it contains. Aunit
clauseis a clause formed of size one. Aunit literal is the unique literal of a unit clause.
Binary clausescontains two literals. AHorn clausecontains at most one positive lit-
eral. A clause is calledpositive(resp.negative) if all of its literals are positive (resp.
negative). AHorn-SAT(rep.2-SAT) is a formula composed of only Horn (resp. binary)
clauses. These two fragments of SAT are known to be solvable in linear time [2, 10].

In addition to these usual set-based notations, we define thenegation of a set of
literalsS as the set of the corresponding opposite literals¬S = {¬l|l ∈ S}.

An interpretationI of a Boolean formula is an assignment of truth values{true, false}
to its variables.I can be represented as a conjunction (a set) of literals. Letl ∈ L(φ),
the formula obtained by assigningl to true, isφ(l) = {c−{¬l}|c ∈ φ,¬l ∈ c}∪{c|c ∈
φ, l /∈ c,¬l /∈ c}. For an interpretationI = {l1, l2, . . . , ln}, φ(I) = φ(l1)(l2) . . . (ln).
A modelof a formula is an interpretationI that satisfies the formula i.e.φ(I) = ∅.
Accordingly, SAT consists in finding a model of a CNF formula when such a model
does exist or in proving that such a model does not exist.

Let c1 be a clause containing a literala andc2 a clause containing the opposite literal
¬a, oneresolventof c1 andc2 is the disjunction of all literals ofc1 andc2 lessa and
¬a, notedres(a, c1, c2). A resolvent is calledtautologicalwhen it contains opposite
literals; fundamental otherwise.



3 SAT-based graph representation

Different graph representations of CNF formula has been proposed previously and
used for different purposes. Among them, one can cite graph implication for learn-
ing schemes [19], preprocessing [5], , survey propagation for solving satisfiable 3-SAT
random formulas [6], visualization [21] and so on. Our proposed representation can be
seen as an extension of the 2-SAT graph representation to thegeneral case [2].

3.1 From CNF to labeled graph

Before introducing our approach, let us first recall the wellknown graph representation
of 2-SAT formula.

Let Φ be a 2-SAT formula. The graph representation ofφ, is defined asGφ =
(S, E), whereS = {x,¬x|x ∈ L(φ)} andE = {(¬x, y), (¬y, x)|(x ∨ y) ∈ φ}. The
polynomial time algorithm used to solveφ is based on applying the computation of the
transitive closure ofGφ, Gc

φ = (S, E′) and checking whether there exists a literalx ∈ S
such that(x,¬x) ∈ E′ and(¬x, x) ∈ E′. Obviously, computing transitive closure on
the graphGφ is equivalent to the saturatingφ by resolution. Indeed, for(x, y) and
(y, z) of E a new edge(x, z) is generated and added to the graph. Such application
corresponds tores(y, (¬x ∨ y), (¬y ∨ z))) = (¬x ∨ z).

For general CNF formula, a natural representation can be obtained using a hyper-
graph where vertices correspond to literals, and hyper edges to clauses. In the following,
a SAT graph based representation of general CNF formula is presented. It extends in an
original way the 2-SAT graph representation described below.

Definition 1. Let c be a clause such that|c| ≥ 2. A contextηc associated toc is a
conjunction of literals such that¬ηc ⊂ c and |c − {¬ηc}| = 2 i.e whenηc is true the
clausec becomes a binary clause.

Example 1.Let c = (a ∨ ¬b ∨ c ∨ d) be a clause. One possible context associated toc
is ηc = (b ∧ ¬c). The clausec can be rewritten as((¬a ∧ ηc) → d).

For a clausec of sizek, we have|ηc| = k − 2. The context associated to a binary
clause is empty, whereas for ternary clauses the context is aunit literal. The number
of possible contexts ofc is equal tok(k−1)

2 . A clausec can be rewritten ink(k − 1)
different ways. Whenk = 1 the clause is unit, no context is possible. Using the clause
c given in the example 1, we obtain 6 possible contexts of size 2, and 12 different ways
for rewritingc.
Let us now define our SAT graph based representation of CNF formula.

Definition 2 (graph SAT representation).Let φ be a CNF formula. we defineGφ =
(S, E, v) the graph SAT associated toΦ as the directed labeled graph defined as fol-
lows:

– S = {x,¬x|x ∈ L(φ)}
– E = {a = (¬x, y) such that∃c ∈ Φ, c = (x ∨ ¬ηc ∨ y) andv(a) = ηc}



In the sequel, for clarity reasons, we sometimes note a labeled arca = (x, y) as
(x, y, v(a)). We also notecla(a) = (¬x ∨ ¬v(a) ∨ y) as the clause associated toa.

Clearly, the definition 2 generalizes the classical 2-SAT graph representation. In-
deed, if all the contexts are empty i.e. all clauses ofφ are binary, then all the arcs ofGφ

are labeled with an empty set of literals.

3.2 Transitive closure / Resolution

In this section, a connection between classical resolutionand graph transitive closure is
described. Let us introduce some necessary definitions. Henceforth, we only consider
formulaφ without tautological clauses, andGφ = (S, A, v) the SAT graph representa-
tion of φ.

Definition 3. LetGφ = (S, A, v) a graph,a1 = (x, y, v(a1)) ∈ A anda2 = (y, z, v(a2)) ∈
A. We definetr(a1, a2) = a3 st.a3 = (x, z, v(a1) ∪ v(a2)\{x,¬z}).

In the definition above, the elimination of{x,¬z} from the context associated toa3

guaranties that the clausecla(a3) do not contains several occurrences of the same literal.
It corresponds to the application of the classical fusion rule.

Example 2.Let a1 = (x, y, {¬z, e}) anda2 = (y, z, {x, f}). The two clauses encoded
in a1 anda2 arec1 = (¬x∨ z ∨¬e∨ y) andc2 = (¬y ∨¬x∨¬f ∨ z) respectively. We
obtaintr(a1, a2) = (x, z, {¬e,¬f}) andcla(tr(a1, a2)) = (¬x∨¬e∨∨¬f ∨ z). This
last clause does not contain redundant literals. Using resolution res(c1, c2, y) we obtain
c3 = (¬x∨z∨¬e∨¬x∨¬f∨z). Applying fusion rule onc3 we eliminate one occurrence
of ¬x andz. We obtainres(c1, c2, y) = cla(tr(a1, a2)) = (¬x ∨ ¬e ∨ ∨¬f ∨ z)

Property 1. Let c1 = (x∨ηc1
∨y) ∈ φ, c2 = (¬y∨ηc2

∨ z) ∈ φ, a1 = (x, y, ηc1
) ∈ A

anda2 = (x, y, ηc2
) ∈ A. We haveres(c1, c2, y) = cla(tr(a1, a2))

The proof of the property 1 is a direct consequence of the definitions 2 and 3.

Definition 4 (path). A path p(x, y) betweenx and y in Gφ, is defined as follow :
p(x, y) = [xi1 , xi2 , . . . , xik

] st. xi1 = x andxik
= y and1 < j ≤ k (xij−1

, xij
) ∈

A. We defineηp =
⋃

1<j≤k v((xij−1
, xij

)) as the context associated top(x, y) and
tr(p(x, y)) = tr(. . . (tr((xi1 , xi2 ), (xi2 , xi3)) . . . (xik−1

, xik
) . . .) as the transitive clo-

sure associated top(x, y).

Definition 5 (Fundamental path). Let p(x, y) = [x = xi1 , xi2 , . . . , xik
= y] be a

path betweenx andy. p(x, y) is called fundamental if it satisfies the following condi-
tions:

– ηp do not contain a literal and its opposite
– ¬x /∈ ηp andy /∈ ηp

The following property states that for a fundamental pathp(x, y), one can derive a
fundamental resolvent using the transitive closure.



Property 2. Let p(x, y) be a path. Ifp(x, y) is fundamental iffcla(tr(p(x, y))) is a
fundamental clause.

Proof. For a fundamental pathp(x, y), we haveηp do not contain a literal and its oppo-
site. Ascla(tr(p(x, y)) can be written asr = (¬x∨¬ηp∨y), r is clearly a fundamental
clause. Indeed, from definition 5,ηp do not contain a literal and its opposite (first con-
dition) andx ∈ ¬ηp and¬y /∈ ¬ηp (second condition). The converse is also true.
Suppose thatcla(tr(p(x, y))) is not fundamental. Astr(p(x, y)) = (x, y, ηp). Then
cla(tr(p(x, y)) = (¬x ∨ ¬ηp ∨ y) is not fundamental. This mean that either the first or
the second condition of the definition 5 is violated.

In the following, we describe how classical resolution can be achieved using graph
transitive closure.

Definition 6. Let Gφ = (S, A, v) a graph representation ofφ. We definetr(Gφ) =
(S, A′, v′) such that:∀x ∈ S, ∀y ∈ S such that∃p(x, y) a fundamental path fromx
andy, A′ = A ∪ {tr(p(x, y))}.

Property 3. Let φ be a formula.φ is unsatisfiable iff∃k st. trk(Gφ) = (S, A′, v′) and
∃x ∈ S with (x,¬x, ∅) ∈ A′ and(¬x, x, ∅) ∈ A′

Proof. Our graph representation is clearly complete i.e. each clause is encodedk(k−1)
times. As shown above, the application of thetr on the arcs ofGφ is equivalent to
applying resolution onφ. The proof can be derived from the refutation completeness
result of classical resolution.

In property 3, we have shown how resolution can be performed on the SAT graph
representation. Obviously, other SAT techniques (e.g. variable elimination, unit propa-
gation, etc) can be reformulated using our proposed representation. Let us note that our
graph representation admits many interesting features. One of the main advantage is that
dependencies between clauses are well expressed using our representation. Such struc-
tural property is known to be important for the efficiency of SAT solvers. Interestingly
enough, our representation can be seen as a state graph, where each state represents
a literal and the transition between the states1 to s2 can be performed under a given
conditionv((s1, s2)) (a set of literals). Many interesting problems can be formulated
more easily using graph. For example, one can be interested in computing the shortest
path between a literal and its opposite i.e. computing the minimal condition for a given
literal to be implied.

4 Generating hard instances

In this section, we show how our graph SAT representation canbe used to generate
difficult SAT instances. Our construction is based on graph traversal following paths
p(a,¬a) from a literala to its opposite¬a. Let us note, that when the cumulated set of
context is empty, then¬a is an implied literal i.e.cla(tr(p(a,¬a))) = ¬a. However,
deciding if a given literal is implied or finding the minimal condition for its implica-
tion is computationally intractable. Our idea consists in constructing a particular graph



where the implication of¬a is easy to prove but difficult to obtain with a given solver.
Our proposed generator combine in an original way the graph representation with the
well known hyper resolution.

Definition 7. Let cs = (y1 ∨ y2 ∨ . . . ∨ ym) be a clause, called side clause andφh be
a CNF formula(¬y1 ∨ α) ∧ (¬y2 ∨ α) ∧ . . . ∧ (¬ym ∨ α), whereα is a sub-clause.
Applying hyper-resolution oncs andφh, in short hr(cs, φh), we derive the sub-clause
α, called hyper-resolvent.

Hyper-resolution can be defined using classical resolution. Indeed,α can also be derived
using several resolution steps.

In the following definition, we introduce a new notion, called block-resolution,
which extend hyper-resolution. Block-resolution can be seen as an application of sev-
eral hyper resolution steps.

Definition 8. Letcs = (y1∨y2∨. . .∨ym) be a side clause andcr = (¬x1∨x2∨. . .∨xk)
a clause where1 < k ≤ m + 1. Let φb = φh1

∧ φh2
∧ . . . ∧ φhk−1

be a CNF
formula such thatφh1

= (¬y1 ∨ ¬x1 ∨ x2) ∧ . . . ∧ (¬y m
k−1

∨ ¬x1 ∨ x2) andφhk−1
=

(¬ym− m
k−1

+1 ∨ ¬x1 ∨ xk) ∧ . . . ∧ (¬ym ∨ ¬x1 ∨ xk). We define block resolution on
cs andφb as : br(cs, φb) = hr(. . .hr(hr(cs, φh1

), φh2
). . . φhk−1

) = cr, called a block
resolvent. We defineBm

k (x1, x2, . . . xk) = cs ∧ φb as a block formula.

It is important to note, that in the definition 8, fork = 1, block-resolution corre-
sponds to hyper-resolution.

To illustrate the above definition, in figure 1 an example of block formulaBm
3 (x1, x2, x3)

and its graph representation are given. On the left hand sideof the figure, the side clause
is shown in gray scales, and the other clauses ofBm

3 (x1, x2, x3) are represented using
our SAT graph based representation i.e. each arc fromx1 to xi with 1 < i ≤ 3 is labeled
with a different literal from the side clause.

Remark 1.Applying resolution between the side clause and them other clauses, we can
derive the clausecr = (¬x1 ∨x2 ∨ x3) representing the implication(x1 → (x2 ∨ x3)).
Such a resolventcr can be obtained with one block-resolution step.

{y1}

x1

x2
x3

{y2} . . . . . .{ym

2
+1} {ym}{ym

2
}

y1∨y2 . . .∨y m
2
∨y m

2
+1∨ . . .∨ym

¬x1 ∨ ¬y1 ∨ x2

¬x1 ∨ ¬y2 ∨ x2

. . .

¬x1 ∨ ¬y m
2
∨ x2

¬x1 ∨ ¬y m
2

+1 ∨ x3

. . .

¬x1 ∨ ¬ym ∨ x3

Fig. 1. A block Bm

3 and its associated set of clauses



By connecting blocks in a hierarchical form, we want to builda graph in a way to
highlight that a literal¬a is implied. Our graph is built as shown in figure 2. In this
figure, box in gray scales represent side clauses. Starting from the literala, we use an
incremental construction. Using block-resolution, at each step we generate one more
node until a given levell is reached. Then, at each step, we remove one node. The last
one is the node associated to¬a. We formalize this construction in definition 9.

Definition 9. We defineΦm
l (a) =C Φm

l (a) ∧D Φm
l (a) the set of clauses obtained with

the partial SAT graph represented in figure 2. Each gray scalerepresents aBm
3 block.

Φm
l is called diamond formula.

The following property ensures that the literal¬a is implied by the set of clauses
Φm

l (a).

Property 4. Let Φm
l (a) be a diamond formula. We haveΦm

l (a) � ¬a

Proof. Sketch of the proof : let us remind that for a blockBm
3 (x1, x2, x3) can derive

x1 → x2 ∨ x3 using block resolution. The traversal of the graph (see figure 2 from top
to bottom, and applying block-resolution at each step, one can derive successively the
following implications :a → x1

2 ∨ x2
2, a → x1

3 ∨ x2
3 ∨ x3

3 . . ., a → x1
2×l−2 ∨ x2

2×l−2

anda → ¬a

From this property, it is easy to generate unsatisfiable SAT instances by generating
formulasΦm

l (a)∧Φm
l (¬a). However, we observed that these instances are quite easy to

solve. Since, we want to generate difficult formulas, we operate a very simple change.
Instead to build two graphs, one for the implication ofa and another one for the im-
plication of¬a, we choose two different literals and we keep two graphs, onefor the
impication of¬a and the other one for the implication of¬b. Then generated formulas
are of the formΦm

l (a) ∧ Φm
l (b). We can now introduce the generation process used by

our generator.

– Each generated formulaGm
l has the formGm

l = Φm
l (a)∧Φm

l (b) wherea andb are
two differents literals.

– All variables are randomly generated
– ∀1 ≤ k, h, i, j ≤ l, xi

k 6= xj
h

– Each side clause is a positive one
– Variables appearing in side clauses does not appear in nodesandvice versa

Of course, there exists a large number of ways to construct hard formulas using our
proposed blocks. We use these restrictions forGm

l as it derive the hardest SAT instances.
Our generator is available athttp://www.cril.fr/∼jabbour. As we can see in
the next section 5 our proposed approach allows to generate small but hard unsatisfiable
instances. Furthermore, we can remark that each generated instance has some special
characteristics:

– It does not contain pure literal
– It contains only clauses of size 3 andm
– It does not contain equivalent literals.
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Fig. 2. Graph based generation : a hierarchy of block formulas



5 Experiments

The experimental results reported in this section are obtained on a Xeon 3.2 GHz (2 GB
RAM). CPU time is limited to 1800 seconds.

We generate different classes of formulas. The first ones areG4
l (m = 4) instances,

whereas the second ones areG5
l (m = 5). For each class, the number of levels (l) stands

from 14 to 24, and different formulas are generated by varying the number of variables.
Then, at least 100 instances are generated for each level.

We use three state-of-the-art SAT solvers, ZCHAFF (versionMARCH EQ 2007.3.12),
M INISAT (version 2.0), which are conflict directed clause driven (cdcl) solvers, and
MARCH EQ (version 010). These three solvers are compared on the generated instances.
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Fig. 3. percent of instances solved wrt level

The figure 3 gives the percent of solved instances by the threesolvers for different
levels. Figure 3.a exhibits this result form = 4. It is clear that the greater the level
the harder are the instances. From levell = 16, instances become hard for the three
solvers. At levell = 23, the instances are very difficult and none solver is able to solve
an instance at level23. Let us note that, at this level, instances contains less 6000 clauses
and the number of variables does not exceed 2000. Form = 5 (figure 3.b), generated
instances are more difficult. Indeed, at levell = 20, ZCHAFF and MARCH EQ solve 5%
of the instances, where MINISAT solves 15%. Here, the number of variables does not
exceed 1700.

For a given level, we want to know the impact of the number of variables in the
difficulty of instances. As shown in figure 4 (wherem = 4), we observe a threshold
phenomenon when the number of variables changes. Indeed, for a given level, it exists
a critical number of variables which produce difficult generated problems. This number
is near from600 for a levell = 15 (figure 4.a) and near700 for a levell = 16. Like for
random 3-SAT instances, as far from this critical number of variables we are as easier
are the instances. We can also observe that MINISAT is the best on these instances and
ZCHAFF obtain the worst results.
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This threshold phenomenon is observed also forG5
l instances as we can see on figure

5. In this case, the critical point is near580 for the levell = 15, where is near to680
for level l = 16.
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Tables 1 and 2 exhibit that our generator can produce interesting and difficult sat-
isfiable and unsatisfiable instances. The average time reported in these figures takes
only into account solved instances. For a given level, we produces difficult satisfiable
instances (table 1) for all solvers. Results reported in table 2 exhibit that our generator
is able to produce quite short unsatisfiable and difficult benchmarks.

This notion of block allows to generate different kinds of formulas. In this paper,
we achieved experiments, withm = 4 andm = 5, but difficult instances could be
generated withm = 2. Let us remark that with this value binary clauses are generated.
Currently, we are generalizing the side clause to a set of clauses. In this way, we can
generate difficult formulas containing 800 variables and 3000 binary clauses and 1000
n-ary clauses.



ZCHAFF M INISAT MARCH EQ

level l nb inst. nb solvedavg time nb solvedavg time nb solvedavg time
15 63 58 68 63 37 60 118
16 78 65 92 78 113 62 218
17 84 67 96 84 139 67 169
18 68 45 137 68 199 59 327
19 52 37 240 52 241 35 247
20 30 1 326 30 421 18 359
21 8 1 872 8 440 7 289
22 3 - - - - 3 1035

Table 1.Some difficult SAT instances (m = 4, 5)

ZCHAFF M INISAT MARCH EQ

level l nb inst. nb solvedavg time nb solvedavg time nb solvedavg time
14 106 106 67 106 5 106 40
15 91 70 155 91 55 85 214
16 67 23 592 67 254 44 523
17 26 0 - 26 834 3 1203
18 4 0 - 4 1383 - -

Table 2.Some short UNSAT instances (m = 4, 5)

5.1 Preprocessing these hard instances

In this section, we propose a way to simplify these instancesby adding some clauses in a
preprocessing step. To this end, according to definition 8, for each blockBm

3 (x1, x2, x3),
we add the clause(¬x1 ∨ x2 ∨ x3).

Figure 6 compares results of the three solvers with and without preprocessing. Each
scatter plot given in figure 6 illustrates the comparative results of a given solver on each
generated instance. The x-axis (resp. y-axis) correspondsto the cpu timetx (resp.ty)
obtained by a solver on the original instance (resp. instance augmented by previous
clauses). Each dot with(tx, ty) coordinates corresponds to a SAT instance. Dots above
(resp. below) the diagonal indicate instances where the original formula is solved faster
i.e. tx < ty (resp. slower i.e.tx > ty) than the SAT formula with additional clauses.

This preprocessing step improve significantly the performances of MARCH EQ solver.
The performances of ZCHAFF and MINISAT are also improved. Interestingly enough,
in a majority of cases where the performances are decreased corresponds to satisfiable
instances.

Finally, The plot in figure 7 is obtained as follows: the x-axis represents the number
of benchmarks solved by a given solver and the y-axis (in log scale) the time needed
to solve this number of problems. In this figure we take into account all generated
instances (G4

l andG5
l ). It is clear that ZCHAFF and MARCH EQ are not very good on our

benchmarks. Furthermore, MINISAT seems to be the most efficient solver by report/ratio
to the two others solvers. Adding the preprocessing step changes the performances.
Each solver is able to solve more instances with these additionnal clauses (up to 180
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Fig. 6. Original formulas vs preprocessing formulas



instances for MARCH EQ). Furthermore, in this case, MARCH EQ becomes the best
solver.
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6 Conclusion

In this paper we have presented a new class of difficult SAT benchmarks. These bench-
marks are built using a new graph based representation of boolean formula in conjunc-
tive normal form. It originally extends the well known 2-SATimplication graph. This
new representation offers many interesting features. The structure of the formula (vari-
ables dependencies) is clearly well expressed. Experiments carried out on three state
of the art solvers exhibits the difficulty of proposed instances. This graph sat represen-
tation and these difficult instances open interesting pathsfor future research. Among
them, we plan to extend our generator in order to derive hard benchmarks containing
less variables and clauses. Another interesting theoretical work concerns the use of the
SAT graph properties to characterize new SAT polynomial fragments.
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