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Abstract. We describe an implementation of a solver for satisfiability
modulo theories. Unlike DPLL(T"), our solver avoids the translation to
CNF. Instead, it uses a new approach, NC(T'), which simultaneously
handles clauses as well as formulas in negation normal form. We imple-
mented our approach in a system called Nenofar. Our experiments show
that, using the same solver engine, the non-clausal approach improves
the performance compared to several translations to CNF. Nenofar source
code and benchmarks are available on the web for further experiments.

1 Introduction

Modern satisfiability modulo theories (SMT) provers [1,2] are often based on
DPLL(T) [3] and work with clausal representation of formulas. In contrast, for-
mulas arising in applications are often in non-clausal form. For example, the
SMT-LIB [4] benchmark suite contains non-clausal benchmarks. In software
verification, verification condition generation techniques such as [5,6] convert
loop-free code into polynomially sized formulas whose syntax tree contains al-
ternation of disjunctions and conjunctions, and are therefore also not in clausal
form.

A standard approach to bridge the gap between non-clausal problems and
clausal techniques is to initially convert the entire formula into the clausal form,
using one of the several proposed encodings [7,8,9]. These encodings, however,
introduce additional variables, and may obscure the syntactic structure of the
original formula. Researchers have therefore developed SAT solvers that work on
non-clausal representations of formulas, avoiding the need for such translations
[10, 11]. Building on this work, our goal is to apply non-clausal techniques to
SMT, and to experimentally explore the potential of this approach.

This paper presents Nenofar, NEgation NOrmal Form Automated Reasoner,
a prover that decides satisfiability of quantifier-free first-order logic with equality
by working directly on negation-normal form (NNF) of formulas. Nenofar makes
it easy to compare different approaches to non-clausal formulas. In addition
to natively handling NNF, it also implements three translations to conjunctive
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normal form (CNF). Our results show that using NNF is in most cases faster
than doing CNF translation.

In the rest of this paper we describe the approach implemented in Nenofar and
present our experimental results. More details about the underlying algorithm,
NC(T), are in [12]. We believe the approach is promising and useful to study non-
clausal reasoning. The tool and the examples from our experiments are available
at:

http://lara.epfl.ch/dokuwiki/nenofar

This paper makes the following contributions:

1. We present the first combination of reasoning on theories and non-clausal
boolean reasoning in a schema we call NC(T'), an extension of DPLL(T).

2. Our modifications to the existing non-clausal framework increase its interac-
tion with the clausal reasoner thus yielding a system which effectively works
by incrementally translating to CNF.

3. Finally, we report on the evaluation of our method compared to upfront
translations to CNF.

2 Example

This section gives an informal overview of non-clausal reasoning through an
example. We describe the techniques involved in more detail in Section 3.
Consider the following non-clausal formula:

(fla) # fB)Vb=c) ha=bAa#c) v
(b=f®) A (b= fla)V (a=bAb# f(a)))

To check the satisfiability of (1), a DPLL(T') solver would typically convert the
formula to CNF first, introducing fresh boolean variables to avoid an exponential
increase in the size of the formula (we describe such encodings in Section 5).

Rather than working on CNF, Nenofar performs reasoning on NNF con-
straints. A formula is in NNF if it contains only the boolean operators A, V
and —, and if — only appears directly in front of atomic subformulas. Any for-
mula, and in particular any quantifier-free formula, can be efficiently transformed
into a logically equivalent formula in NNF of the same structure by applying the
rules given in Figure 1. Note that (1) is already in NNF.

Just like any other DPLL(T") solver, Nenofar searches for a satisfying assign-
ment by 1) heuristically asserting truth values to literals, 2) computing the effects
of such assignments on the boolean structure of the formula as well as their con-
sistency within the theory. If during the search all literals have a truth value
assigned such that the conjunction of these assignments is not self-contradictory
and the assignment satisfies the boolean structure, then the search concludes
and the formula is satisfiable (SAT). If, on the other hand, all possible assign-
ments are exhausted and none could be found to satisfy the formula, then it is
declared unsatisfiable (UNSAT).

(1)


http://lara.epfl.ch/dokuwiki/nenofar

Nenofar: A Negation Normal Form SMT Solver 3

1) if ¢ is atomic
g1 if ¢ is —¢1 and ¢; is atomic
NNF(¢1) if ¢ is 71

NNF(¢$) = < NNF(¢1) A ... ANNF(¢,) ifpispr Ao Ao
NNF(¢1) V...V NNF(¢n) ifopispr V...V on
NNF(=¢1) V... VNNF(=¢yn) if ¢ is =(d1 A ... A ¢n)
NNF(=¢1) A ... ANNF(=¢,) if ¢pis (1 V...V )

Fig. 1. Rules for the conversion of quantifier-free formulas into negation normal
form.

Critical to the applicability of DPLL-like techniques is the ability to derive
new assignments from previous ones, thereby limiting the number of literals
which remain to be assigned in a given branch of the search tree. Derived as-
signments have to be logically implied by: either the conjunction of the previous
ones, in which case they constitute theory implications, or by the truth value
of the assigned literals and the boolean structure of the formula, in which case
they are boolean implications.

Consider for instance the search for an assignment satisfying (1). If at given
point in the search the atom f(a) = f(b) is assumed to be true and the atom
b = f(b) is assumed to be false, then:

— f(a) # b is a theory implication, because f(a) = f(b) Ab # f(b) = f(a) # b.

— a = b is a boolean implication, because adding the assertion a # b to the
assignment immediately makes the formula unsatisfiable.

In Nenofar, similarly to DPLL(T) solvers, theory implications are computed
in a separate component, the theory solver. Boolean implications are derived
by reasoning on the NNF constraints. Each formula is represented internally as
a pair of directed acyclic graphs (DAG): the wvertical graph and the horizontal
graph [13,14,11]. Figure 2 shows these two graphs for (1). A path in the vertical
graph from a node with no predecessor to a node with no successor corresponds
to one conjunction of the formula in disjunctive normal form (DNF). Dually, a
path in the horizontal graph corresponds to a clause in CNF.

From the properties of horizontal and vertical graphs one can derive proce-
dures to perform boolean constraint propagation and conflict detection on NNF
formulas. The partial boolean assignment under consideration implies a literal
when there exists a path in the horizontal graph such that all literals are fal-
sified by the assignment except one. In our example, if a # b is in the current
assignment, then b = f(a) is an implied literal because of the horizontal path
3—-6—-T.
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Fig. 2. Vertical and horizontal graphs of (1)

3 Non-Clausal Reasoning in Nenofar

This section describes the algorithms used for reasoning about non-clausal
boolean structures in Nenofar. The propositional aspect of the techniques pre-
sented here was first described in [14,11].

3.1 Graph Representations

In [13], Andrews introduces a two-dimensional representation for formulas in
NNF. Following his convention, we write disjunctions in the usual, horizontal
fashion while we represent conjunctions by displaying their conjuncts in verti-
cal stacks surrounded by brackets. As an example, Figure 3 shows (1) in this
representation.

fla)# fb)vb=c b= f(b)
a=> vV a=1>b
b:f(a)\/[ ]
a#c b# f(a)

Fig. 3. Two-dimensional representation of (1)

A wertical path in this representation is obtained by traversing the diagram
from top to bottom, choosing for each traversed disjunction exactly one disjunct
to follow. As an example, (b = ¢) — (a = b) — (a # ¢) is a vertical path in
Fig. 3, and sois (b = f(b)) — (a =b) — (b # f(a)). Horizontal paths are defined
in a similar way, and an example in the same diagram is (f(a) # f(b)) — (b =
¢) = (b= f(a)) = (a=1b).

A natural way to represent the sets of paths is by exhibiting a pair of directly
acyclic graphs. The graphs corresponding to Figure 3 were shown in Figure 2
in the previous section. We describe these graphs using 5-uples (V, E, R, L,¢)
where: V' is the set of vertices. |V| is equal to the number of literal occurrences
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in the formula, multiple occurrences of the same literal being counted multiple
times. £ C V' x V is the set of edges. R C V is the set of nodes with in-degree 0
and L C V the set of nodes with out-degree 0. Finally, ¢ : V — L is a function
mapping each node in the graph to a literal from the formula. For a formula ¢,
we denote its vertical and horizontal graphs as Gy (¢) = (Vy, Ev, Ry, Ly, cv)
and Gy (¢) = (Vu, Ey, Ry, Ly, ci) respectively, and in particular, we have that
Vv = Vi and that Yo € Vi . ¢y (v) = ¢y (v). Algorithm 1, adapted from [14],
presents a mechanical procedure to build Gy (¢) for a formula ¢. Note that
in the presentation, A and V are considered to be binary for simplicity, but
the adaptation to the m-ary case is straightforward. The construction of the
horizontal graph is done is a similar, dual, way. We should note that the process
can lead to different pairs of graphs for a given formula, as the operands of A and
V can be selected in any order. For instance, Figure 4 shows a possible different
outcome of the construction for (1). Although the graphs are different, one can
easily verify that for a given formula, the set of vertical and horizontal paths are
identical, up to permutations in the paths.

Algorithm 1 Vertical graph construction

1: function Gv(¢)
Require: ¢ is in NNF

2: if ¢ is a single literal [ then

3: return ({vi}, {vi}, {vi}, 0, {vi — 1}) > where ¢ is a fresh index
4: else if ¢ is ¢1 V ¢2 then

5: (V17E1,R1,L17C1)<—Gv((]51)

6: (VQ,EQ,RQ,LQ,CQ) <—Gv((]52)

7 return (V1 U Vs, E1 U Ey, R1 U Ra, L1 U Lo, c1 U ¢2)
8: else if ¢ is ¢1 A ¢2 then

9: (V17E1,R1,L1,C1)<—Gv((]51)

10: (Va, E2, Ra, L2, c2) «— Gv(¢2)

11: return (V1U‘/2,R17L2,E1UE2U(L1 XRQ),ClLJCz)
12: end if

13: end function

a=1b

Fig. 4. Alternative vertical and horizontal graphs of (1)
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3.2 Detection of Boolean Implications and Conflicts

As suggested in the previous section, the horizontal graph can be used to detect
boolean implications resulting from a partial assignment to the literals. Explor-
ing the whole horizontal graph and searching for paths which are almost entirely
falsified is too costly, however. One of the main contributions from [11] is an algo-
rithm for efficiently detecting such implications and conflicts while only visiting
a small part of the horizontal graph.

We define a cut for a pair of vertical and horizontal graphs as a set of nodes
such that it contains at least one node from each horizontal path. Jain showed
that the set of nodes from any vertical path constitutes a valid cut [11, Appendix
C]. Moreover, such cuts are minimal in the sense that 1) they contain exactly
one literal from each horizontal path, and 2) any cut will always contain at least
one vertical path.

We say that a literal [ is in a cut if there exists a node v in that cut such
that ¢y (v) = I. Given a partial assignment, we call a cut acceptable if none of
the literals in it are falsified by the assignment. Whether or not a cut contains
a literal and its negation is not a criterion for acceptability as long as that
literal remains unassigned. Finally we say that two cuts are overlapping if the
intersection of their node sets is non-empty. Having common literals is not a
sufficient condition, as there could be two different nodes vy and vy in the first
and second cut respectively such that ¢y (v1) = cy(v2). Non-overlapping cuts
are said to be disjoint. Figure 5 shows two disjoint cuts on the vertical and
horizontal graphs of (1).

(TR Con R YD (T

|
?:ga\‘) // ( a=>b :
S I ) O
i\»“c},' ‘‘‘‘‘ - b#f(a)&:

Fig. 5. Two disjoint cuts

The use of cuts on NNF constraints is very similar to the two-watched-literal
scheme [15] used in modern DPLL-based solvers working on clauses: the solver
tries to maintain two acceptable, disjoint cuts during the search. A failure to
find any acceptable cut indicates a boolean conflict in the current assignment,
and the inability to find two disjoint cuts indicates boolean implications. The
first property follows directly from the construction of the horizontal and vertical
graphs: by construction, all vertical paths have exactly one node in common with
each horizontal path. Therefore, when a horizontal path is entirely falsified by an
assignment, no vertical path can form an acceptable cut. The second property
follows from similar arguments: the non-existence of a second acceptable cut
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disjoint from the first one implies that there are horizontal paths with only one
literal left non-falsified. In particular, this means that if the two overlapping cuts
are minimally overlapping, then the set of nodes at their intersection contains
literals implied by the current assignment. Figure 6 shows an example of such
a situation: the literal b = f(b) was assumed to be false. As a consequence, the
cuts have a = b and a # c as overlapping literals. These two literals are therefore
a consequence of the assignment, and one can verify by inspecting the horizontal
graph that there are indeed one path for each of them where they are the only
non-falsified node (paths (a = b) — (b = f(b)) and (a # ¢) — (b = f(b))
respectively).

Fig. 6. Minimally overlapping cuts

From a practical point of view, finding the first acceptable cut is essentially
a depth-first search on the vertical graph where we mark falsified nodes and
nodes leading only to falsified nodes to avoid traversing them multiple times.
Algorithm 2 details the process.

The search for a minimally overlapping cut is similar and shown in Algo-
rithm 3: during the second traversal, we mark not only nodes leading to falsified
literals (note that we can also reuse the annotation from the first search), but
also nodes leading to nodes contained in the first cut. If we can’t find a cut en-
tirely disjoint from the first one, we settle for an overlapping one, but we choose
disjoint nodes as often as possible. Note that one necessarily finds a second cut
if the first one was found: indeed in the worst case the two cuts are identical.
Both algorithms were developed independently from [11] which was unavailable
at the time, and private conversations with Jain indicate that his solutions are
similar.

3.3 On-the-Fly Incremental CNF Translation

One of the contributions of Nenofar is that it combines non-clausal reasoning
with conventional clausal reasoning in order to leverage the advantages of both
approaches. Top-level conjuncts are considered separately and are handled by
the clausal or the non-clausal reasoners depending on their nature. Additionally,
Nenofar learns clauses during conflict analysis as most solvers do [16]. Finally, in
our design, all clauses from the horizontal graphs which take part in implications
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Algorithm 2 Search for an acceptable cut

1: function CUTSEARCH(Gv (¢), A) > A is the current assignment
2: (V,E,R,L,c) «— Gv(¢)
Vu; € V . marked(v;) < L
(ok, p) — COMPLETEPATH(R, ()
if ok = T then

return p
else

return |
9: end if
10: end function
11: function COMPLETEPATH(V, p)
12: foreach v € V do

13: if marked(v) = T V ¢(v) is false in A then

14: continue

15: end if

16: S — {w|(v,w) € E} > Successors of v in the graph
17: if S=0 then

18: return (T,p)

19: end if

20: (ok,p2) «— COMPLETEPATH(S, p — v)

21: if ok =T then

22: return (T,p2)

23: else

24: marked(v) «— T > Marks node as dead
25: end if

26: end foreach
27: return (L, 0)
28: end function

are transfered to the clausal reasoner. This effectively acts as an incremental
translation to CNF, since more and more conflicts and implications are detected
outside the non-clausal reasoner as the search progresses. An indirect advantage
of this choice is that the computation of implicants during conflict analysis can
be done on clauses alone.

3.4 Combining Propositional and Theory Reasoning

To integrate propositional and theory reasoning, we leverage the existing DPLL
scheme [3]. We observe that the original description of the interface of theory
solvers does not require the use of a clausal boolean solver. We are not aware
however of other work integrating such theory solvers with other boolean solvers.
The communication between the theory solver and the boolean reasoners is not
different from the original work on DPLL(T): the propositional solver commu-
nicates new truth value assignments to the theory solver, which either detects
that the set of assignments is unsatisfiable, or returns a (possibly incomplete)
set of consequences.
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Algorithm 3 Search for a least overlapping cut

1: function CUTSEARCH2(GYv (¢), A, C1) > C1 is the first cut
2: (V,E,R,L,c) «— Gv(¢)

3: Vu; € V . leading(v;) < L

4: Yu; € C1 . leading(v;) < T

5: return FINDLEASTOVERLAPPING (R, 0, C1)

6: end function

7: function FINDLEASTOVERLAPPING(V, p, C1)

8: (ok,p2) «— FINDNONOVERLAPPING(V, p, C1)

9: if ok = T then
10: return p»
11: else
12: if Jv € V . (leading(v) Av ¢ C1) then
13: return FINDLEASTOVERLAPPING ({w|(v,w) € E},p — v,Ch)
14: else
15: ve—CiNV > v must exist and be a singleton
16: return FINDLEASTOVERLAPPING ({w|(v,w) € E},p — v, Ch)
17: end if
18: end if

19: return (L, 0)

20: end function

21: function FINDNONOVERLAPPING(V, p, C1)
22: foreach v € V do

23: if marked(v) = T V ¢(v) is false in AV leading(v) = T then
24: continue

25: end if

26: S — {wl|(v,w) € E}

27: if S=0 then

28: return (T,p)

29: end if

30: (ok,p2) < FINDNONOVERLAPPING(S,p — v)
31: if ok =T then

32: return (T,p2)

33: else

34: if 3s € S . leading(s) = T then

35: leading(v) <« T

36: else

37: marked(v) « T

38: end if

39: end if

40: end foreach
41: return (L, 0)
42: end function
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4 Implementation

Figure 7 shows a schema of the solving process in Nenofar. The preprocessing
step converts the formula to NNF or to CNF if such a conversion is selected,
and splits top level conjuncts.

Preprocessin Literal Theory Clausal Non-clausal
P g Selecg implications BCQ //—BJCP
Learning and Theory unsat Conflict
backtracking core 1mphcants
A

Fig. 7. Overview of the solving process

If as a result of this first phase there are no non-clausal constraints in the
formula, Nenofar acts as a standard DPLL(T) solver. Otherwise, the NC(T')
extension in Nenofar does boolean constraint propagation and conflict detection
on the non-clausal constraints. Nenofar implements learning, and the learned
formulas are clauses. Clauses are handled using the two-watched literal scheme
as usual [15]. As already noted in the previous section, as the search progresses,
the solver behaves more and more like a DPLL(T) solver.

Our implementation of the theory solver for the uninterpreted function sym-
bols (QF_UF) is based on [3,17]. Nenofar also implements other features com-
monly found in SMT solvers, such as the VSIDS literal selection heuristic [15],
clause deletion, and restarts [18]. The system is implemented in C++ and the
source code is freely available online at:

http://lara.epfl.ch/dokuwiki/nenofar

5 CNF Encodings

Solvers working on formulas in CNF need to include a translation phase to handle
arbitrary formulas. Contrary to NNF translation which is straightforward, CNF
translation needs to be done carefully; indeed, a naive application of De Morgan’s
laws and of the distributive properties of A and V can lead to an exponential
grow in the size of the formula. The typical way to work around this is due to
Tseitin [7] and consists in introducing fresh boolean variables P; to represent
subformulas ¢; and then adding new clauses to encode the relationship P; < ¢;.
Applying this principle bottom-up, one can transform any boolean formula into
an equisatisfiable set of clauses. This technique applied to (1) yields (2), which
consists in 17 clauses and contains 5 fresh boolean variables. In the rest of this
paper we will call this encoding CNF~.
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(PoVP)AN(—PyVP)A(nPyVa=b A (—PyVa#c)
(PoV-PiVa#bVa=c)AN =PV f(a) # f(b)Vb=rc)

(PLV fla)=fO)AN(PLVDZ )N (~PaVb= f(b)) A(—P2V Ps)
(

(

(

Py b £ F(B)V —Py) A <Py b= F(a) v Py) A (Ps V= Py) )

Psvb# f(a) AN(=PyVa=b)A(=PyVb+# f(a))
PyvVa#bVvb= f(a))

Plaisted and Greenbaum [8] observed that if all subformulas are positive (as
in NNF), a shorter encoding, which we will call CNFpg, is possible, where the
new constraints are relaxed to P; — ¢;. While this reduces the number of new
clauses compared to Tseitin’s encoding, it doesn’t have an effect on the number
of variables. Formula (3) is (1) encoded using this techniques, and has 10 clauses.

(Po\/PQ)/\(—'P(J\/Pl)/\("PQ\/azb)/\(—\Po\/a#C)
NPV f(a) £ FB) VD =c) A (=P Vb= f() A (P, V P3)  (3)
AN (=mP3sVb=f(a)VP)A(—PyVa=>b)A(=PyVb# f(a))

While in general, encoding a formula by distributing conjunctions over dis-
junctions and vice versa is worse than introducing a fresh variable, it is not
always the case and sometimes the distribution leads to fewer clauses — and
less variables, since none are introduced. In [9], Jackson and Sheridan give an
algorithm which, for a given formula, determines which of its subformulas should
be renamed using fresh boolean variables and which should be converted by dis-
tribution such that the resulting number of clauses is minimal. We will refer to
this encoding as CNFs. Applying their procedure to (1) results in (4) which
contains 6 clauses and only 1 boolean variable.

(Povb=cV fla)# fO)AN(PyVa=bA(PyVa+#c)
A (SPo Vb= f(B) A (~PoVa=bVb=f(a)) ()
A (Po Vb £ fa) Vb= f(a)

We should note that the impressive reduction observed on this particular ex-
ample comes from its simple structure. In general, we observed a reduction in
the number of clauses around 15% to 20% compared to the Plaisted-Greenbaum
encoding, and an average reduction in the number of variables slightly above

50%.

6 Experimental Evaluation

We compared our NC(T') strategy against three different CNF encodings: CNF,
CNFP(;, and CNFJS.
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Fig. 8. Scatter plots of running times. The vertical axis is always the NC(T)
strategy, the horizontal axes are, from top to bottom: CNFt, CNFpg, CNF .
The left column shows satisfiable benchmarks and unsatisfiable ones are on the
right. Crosses are SMT-LIB benchmarks, circles are bounded model-checking
benchmarks. Points below the diagonals indicate superior performance of NC(T').

We used two different benchmark sets. The SMT-LIB contains over 6000
non-clausal benchmarks for the theory QF _UF; we randomly picked 599 of them
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NC(T) CNFr CNFpg CNF s
F#best #TO |#best #TO |#best #TO |#best #TO
99 1 38 0 52 0 46 0
129 127 35 146 39 143 36 143
15 9 6 9 1 10 14 5
243 137 79 155 92 153 96 148

SAT (235
SMT-LIB (g A (364

Bounded MC (41
Overall (640

N NN AN

Fig. 9. Experiments with 5 minute timeouts. “#best” is the count of times a
strategy was faster than all others. “#TQ” is the count of timeouts.

NC(T) CNFr CNFpe CNFys
NC(T)| -  162/195 145/202 150/192

CNFr|73/78 -  105/116 98/103
CNFpc|90/70 130/139 -  124/120

CNFs| 85/82 137/156 111/139  —

Fig. 10. Comparison of all pairs of strategies. An entry (¢, j) indicates how many
times the strategy ¢ outperformed j, on SAT and UNSAT problems. For instance,
NC(T) was faster than CNF s on 150 SAT and 192 UNSAT benchmarks, for a
total of 342.

to constitute our first set. The second set consists of verification conditions gen-
erated from bounded model-checking (using loop unrolling) of programs manip-
ulating linked data structures. All benchmarks in that second set were obtained
from valid verification conditions and are thus unsatisfiable.

We ran the tests on a 2 quad-core Xeon 2.66 GHz/16GB RAM running
Debian/Linux 64bit. Nenofar uses no parallelization and we observed similar
results on standard desktop machines.

Figure 8 shows the running times for NC(T") compared to the other strategies,
with satisfiable and unsatisfiable benchmarks displayed separately, and Figure 9
summarizes these results. Overall, the NC(T') strategy resulted in the fewest
timeouts and was the fastest one on more benchmarks than any other strategy.
Figure 10 displays a pairwise comparison of the tested strategies.

Some benchmarks from the bounded model-checking set turned out to be
harder to solve for NC(T') than for any CNF encoding. It should be noted that
these benchmarks contain a large proportion of clauses in their original form.
We believe that in these cases, most of the implications and conflicts are de-
rived from the clauses and that the extra time spent repeatedly analyzing the
few non-clausal constraints is detrimental to the NC(T) strategy. We did not
observe similar results on benchmarks constituted of only or mostly non-clausal
constraints.
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7 Related Work

To the best of our knowledge, this is the first non-clausal SMT solver. We present
relevant work from the SAT community. Most of the research on non-clausal
reasoning can be classified between work on non-clausal solvers and work on
efficient CNF encodings.

Earlier work by Jain et al. [14] introduced another graph-based non-clausal
SAT solver. Rather than using DPLL-like recursive search, the approach consists
in searching directly for a consistent vertical path, while collecting conflict clauses
from the horizontal graph. The number of vertical paths to be explored is further
pruned down by the learning of local conflict clauses which are attached to
nodes and subsequently constrain the paths going through them. [11], which is
the boolean basis for our integration and which we presented in the previous
sections, in an extension of [14].

Thiffault et al. present another non-clausal SAT solver in [10]. The approach
doesn’t require converting to NNF and works by adapting the two-watched lit-
eral principle to arbitrary formulas represented as directed acyclic graphs, by
watching literals in conjunctions and disjunctions and propagating relevant in-
formation to both parent and child nodes.

An earlier presentation of a generalization of the DPLL algorithm to non-
clausal formulas is given in [19]. The search space is pruned down by adapting
the pure literal and unit literal rules of DPLL to the non-clausal case. It is also
mentioned that the procedure can be adapted to checking validity of formulas
in quantifier-free first order logics, provided that a decision procedure exists for
testing the satisfiability of a partial assignment, which is essentially the principle
underlying the DPLL(T) scheme, although no mention of communication from
the theory decision procedure to the boolean solver is made. As far as we know,
their technique has only been evaluated on random problems.

To the best of our knowledge, no SMT solver performs boolean reasoning on
non-clausal constraints. Z3 does make use of non-clausal information to reduce
the amount of work for the theory solvers [20].

We presented part of [9] in Section 5. This work by Jackson and Sheridan
also contains efficient constructions for equivalences («») and if-then-else subfor-
mulas. We did not present or implement these for practical reasons: none of our
benchmarks contained any of these constructs.

Manolios and Vroon [21] present a similar, improved, encoding, although it
appears that the main benefits apply only to equivalences and if-then-elses, the
construction being essentially identical to [9] in their absence.

Finally, [22] presents preprocessing techniques for SAT which aim at simpli-
fying a set of clauses. While preprocessing may seem to be a viable alternative
to sophisticated CNF encodings, it has been shown that both approaches are
complementary, rather than alternatives [23]. Nenofar does not implement pre-
processing and we are not aware of preprocessing work targeted specifically at
SMT solvers.
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Conclusions

We presented the combination of non-clausal techniques with theory reason-
ing and with standard clausal reasoning, thus constituting the first non-clausal
SMT solver. We implemented our system and compared it with several CNF
encodings. Our observation is that reasoning on non-clausal constraints and ap-
plying an incremental translation works faster on most examples. Nenofar and
the benchmarks used are available for further study.
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