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Abstract. In this paper, the applicability of the MapReduce frame-
work for parallel computation for monadic logic programs is studied.
In monadic programs all predicates are of arity one. Two different ap-
proaches are suggested: the first is based on parallelizing on constants,
the second parallelizes on predicates. In each case, a method is provided
that makes use of MapReduce and calls standard ASP solvers as back-
ends via an abstract API. For each method, we provide a theoretical
analysis of its computational impact.

1 Introduction

Answer Set Programming (ASP) is a powerful formalism for knowledge repre-
sentation and common sense reasoning [1]. Encouraged by the availability of
efficient inference engines, such as Gringo and Clasp [4], DLV [10], GnT [7],
Cmodels [11], ASP has found several practical applications in various domains,
including data integration [9], semantic-based information extraction [14, 15], e-
tourism [19], workforce management [20], and many more. As a matter of fact,
these ASP systems are continuously enhanced to support novel optimization
strategies, enabling them to be effective over increasingly larger application do-
mains.

Parallelization has been one of the proposed optimization techniques for ASP.
We mention two previous approaches: The system claspar [5] uses the MPI (Mes-
sage Passing Interface), but it needs a preliminary grounding step, as it accepts
only ground or propositional programs. The system described in [18] uses POSIX
threads on shared memory for parallelized grounding. To our knowledge, so far
no system has been proposed that exploits parallelism and avoids full grounding.
In this paper we describe a first attempt to do so by means of the MapReduce
framework, but we restrict our focus to monadic ASP programs, in which each
predicate is of arity one.

In a broader setting, parallelization in general has been identified as a promi-
nent approach for large scale reasoning [3] the computation among nodes. Two
approaches, namely rule partitioning and data partitioning [21] were proposed
in the literature.

In the case of rule partitioning, the computation of each rule is assigned to
a node in the cluster. Thus, the workload for each rule (and node) depends on
the structure and the size of the given rule set, which could possibly prevent



balanced work distribution and high scalability. An experimental evaluation re-
ported in [21] shows sub-linear but monotonic speedups. However, the used rule
sets were small, and thus, only a small number of processors could be utilized.
On the other hand, for the case of data partitioning, data is divided in chunks
with each chunk assigned to a node, allowing more balanced distribution of the
computation among nodes.

Parallel reasoning, based on data partitioning, has been studied extensively.
WebPIE [26] implements forward reasoning under RDFS and OWL ter Horst
semantics over the MapReduce framework [2] scaling up to 100 billion triples.
In [6] authors present RDFS inference scaling up to 512 processors with the
ability to process, entirely in-memory, 20 billion triples.

MARVIN [17] implements the SpeedDate method, presented in [8], where
authors pointed out and addressed the scalability challenge posed by the highly
uneven distribution of Semantic Web data. In particular, MARVIN follows the
divide-conquer-swap strategy in which triples are being swapped between nodes
in the cluster in order to achieve balanced workload.

FuzzyPD [12, 13] is a MapReduce based prototype system allowing fuzzy
reasoning in OWL pD∗ with scalability of up to 128 process units and over 1
billion triples. In [27] authors present an approach for finding all justifications
of an entailment in OWL pD∗, which has the ability to scale to over 1 billion
triples. Description logic in the form of EL+ have been studied in [16]. The
authors parallelize an existing algorithm for EL+ classification by converting
it into MapReduce algorithms, while experimental evaluation was deferred to
future work.

The aforementioned approaches are mainly focused on monotonic reasoning.
However, there has been work on nonmonotonic reasoning as well. Specifically,
in [24] authors presented the first step towards scalable reasoning, using the
MapReduce framework, over defeasible logic with unary predicates. Experimen-
tal evaluation showed that defeasible reasoning is feasible over billions of facts.

In [25] the authors extended their approach by performing parallel defeasible
reasoning for predicates of arbitrary arity. In particular, it has been presented
that defeasible reasoning, under the assumption of stratification, can be per-
formed over millions of facts and has the potential to scale up to billions of facts.
Results in [23] indicate that this approach is applicable to RDF data, showing
good scalability properties and being able to handle a benchmark dataset of 1
billion triples.

In [22] the authors studied parallel reasoning, based on data partitioning,
over negative rules, namely over rules containing negative subgoals. In partic-
ular, stratified semantics of logic programming, equivalent to the well-founded
semantics for stratified programs were considered. Experimental results showed
that stratified semantics can be applied to billions of facts.

To the best of our knowledge, this is the first work to study the applicability
of the MapReduce framework for parallel computation of monadic logic programs
under the semantics of answer set programming. As mentioned earlier, in this
paper we deal with monadic programs, namely programs where all predicates are



of arity one. Our main contribution consists of two approaches, the first is based
on parallelizing on constants and the second on parallelizing on predicates. Each
approach makes use of MapReduce while calling standard ASP solvers as back-
ends via an abstract API. For each method, we provide a theoretical analysis of
its computational impact.

The rest of the paper is organized as follows. Section 2 introduces briefly
the MapReduce framework and answer set programming. A description of single
variable (nomadic) programs and the intuition behind the proposed paralleliza-
tion techniques is provided in Section 3. Parallel reasoning based on constants
is described in Section 4, while Section 5 provides the description for the pred-
icate based approach. Further issues regarding parallelization are discussed in
Section 6. We conclude in Section 7.

2 Preliminaries

2.1 MapReduce Framework

MapReduce is a framework for parallel processing over huge datasets [2]. Pro-
cessing is carried out in a map and a reduce phase. For each phase, a set of
user-defined map and reduce functions are run in parallel. The former performs
a user-defined operation over an arbitrary part of the input and partitions the
data, while the latter performs a user-defined operation on each partition.

MapReduce is designed to operate over key/value pairs. Specifically, each
Map function receives a key/value pair and emits a set of key/value pairs. Sub-
sequently, all key/value pairs produced during the map phase are grouped by
their key and passed to reduce phase. During the reduce phase, a Reduce func-
tion is called for each unique key, processing the corresponding set of values.

Let us illustrate the wordcount example. In this example, we take as input
a large number of documents and calculate the frequency of each word. The
pseudo-code for the Map and Reduce functions is provided in Algorithm 1.

Consider the following documents as input:

Doc1: “Hello world.”
Doc2: “Hello MapReduce.”

During map phase, each map operation gets as input a line of a document.
Map function extracts words from each line and emits pairs of the form <w,
“1”> meaning that word w occurred once (“1”), namely the following pairs:

<Hello, 1> <world, 1> <Hello, 1> <MapReduce, 1>

MapReduce framework will perform grouping/sorting resulting in the follow-
ing intermediate pairs:

<Hello, <1,1>> <world, 1> <MapReduce, 1>

During the reduce phase, the Reduce function sums up all occurrence values
for each word emitting a pair containing the word and the frequency of the word.
Thus, the reducer with key:



Algorithm 1 Wordcount example

map(Long key, String value) :
// key: position in document
// value: document line
for each word w in value

EmitIntermediate(w, “1”);

reduce(String key, Iterator values) :
// key: a word
// values : list of counts
int count = 0;
for each v in values

count += ParseInt(v);
Emit(key , count);

Hello will emit <Hello, 2>
world will emit <world, 1>
MapReduce will emit <MapReduce, 1>

2.2 Answer Set Programming

For a definition of syntax and semantics of ASP, we refer to [1]. We will next
focus on monadic, or single-variable programs.

3 Single variable programs

In this section, we present a solution for single variable ASP programs. Consider
the following program:

male(X) ← human(X), not female(X).
female(X) ← human(X), not male(X).

and the following facts:

human(pat) human(mary) female(mary)

The name Pat may either refer to a male (Patrick) or a female (Patricia), while
Mary is a well known female name. Thus, this program has two answer sets,
namely:

{human(pat), human(mary), male(pat), female(mary)}
{human(pat), human(mary), female(pat), female(mary)}

A typical ASP solver would first ground the given program and then com-
pute the aforementioned answer sets. However, this process can be improved for
programs with one variable. The key observation here is the fact that for each



rule, literals in both head and body are instantiated using the same constant
(as X is the only variable). Since this is true for every rule, we can consider the
following program for each constant separately:

male ← human, not female.
female ← human, not male.

Thus, reasoning is performed for pat and mary separately. There are two answer
sets for pat, namely {human(pat), male(pat)} and {human(pat), female(pat)},
and one answer set for mary, namely {human(mary), female(mary)}.

Such reasoning process reduces both reasoning complexity and space require-
ments for answer sets storage. In general, we consider the following parameters:

– k, which is the number of predicates.
– m, which is the number of constants.
– n = k ∗m, which is the number of ground literals.

For the program containing the variable X, there are 2n potential answer
sets, since we need to consider every ground literal. However, by performing
reasoning for each constant separately, the number of potential answer sets is
reduced to 2k ∗ m. In addition to this complexity reduction, we can speed up
the process by performing reasoning, either on each constant or on each subset
of predicates, in parallel applying the MapReduce framework.

4 Parallel reasoning based on constants

In this section, we provide a solution based on the MapReduce framework. Our
solution is based on the concept of grouping given facts based on their con-
stants and performing reasoning for each constant separately, as described in
Algorithm 2. Consider the following program:

male ← human, not female.
female ← human, not male.

The Map function reads facts of the form predicate(constant) and emits pairs
of the form <constant, predicate>. Functions getConstant(value) and getPredi-
cate(value) extract the constant and the predicate respectively from each value
(given fact).

Given the facts: human(pat), human(mary) and female(mary), Map function
will emit the following pairs :

<pat, human> <mary, human> <mary, female>

Note that, reasoning is performed for each constant (pat, mary) separately,
and in isolation. Therefore, the MapReduce framework will group/sort the pairs
emitted by Map, resulting in the following pairs:

<pat, human> <mary, <human, female>>



Algorithm 2 Parallel inference based on constants

map(Long key, String value) :
// key: position in document (irrelevant)
// value: document line (a fact)
constant = getConstant(value);
predicate = getPredicate(value);
EmitIntermediate(constant, predicate);

reduce(String key, Iterator values) :
// program: propositional program stored in memory
// key: constant
// values : list of predicates (facts)
Set facts = ∅;
for each v in values

facts.add(v);
ASPSolver solver = ASPSolver.getSolver();
solver.reason(facts, program);
Emit(key , solver.getResults());

Each Reduce function has to perform, in parallel, reasoning on an ASP solver
(we assume any available solver that can be imported as an external library).
First, Reduce function reads all the values (predicates) and adds them to facts,
which is a set of predicates. We use a generic API defining functions such as
ASPSolver.getSolver(), which provides an instance of the available solver. Sub-
sequently, solver.reason(fact, program) performs reasoning based on the given
predicates and the in-memory propositional program. Calculated answer sets
are extracted from the solver using solver.getResults().

Thus, during the reduce phase the reducer with key:

pat, will emit <pat, <{human, male}, {human, female}>>
mary, will emit <mary, {human, female}>

Note that in case there is no answer set for at least one constant, then no answer
set exists for the given ASP program.

5 Parallel reasoning based on predicates

An alternative solution for parallel reasoning, using the MapReduce framework,
is based on the idea of grouping given facts according to the set of predicates
they form for each constant and performing reasoning on each set of predicates
separately. Consider the following program:

male ← human, not female.
female ← human, not male.



Algorithm 3 Calculating sets of predicates per constant

map(Long key, String value) :
// key: position in document (irrelevant)
// value: document line (a fact)
constant = getConstant(value);
predicate = getPredicate(value);
EmitIntermediate(constant, predicate);

reduce(String key, Iterator values) :
// key: constant
// values : list of predicates (facts)
Set facts = ∅;
for each v in values

facts.add(v);
Emit(facts, key);

Our first step is to calculate the sets of predicates for each constant, as
depicted in Algorithm 3. Given the facts: human(pat), human(mary) and fe-
male(mary), Map function will emit the following pairs :

<pat, human> <mary, human> <mary, female>

Note that, the calculation of corresponding set of predicates for each constant
(pat, mary) is performed separately, and in isolation. Therefore, the MapReduce
framework will group/sort the pairs emitted by Map, resulting in the following
pairs:

<pat, human> <mary, <human, female>>

Each Reduce function has to calculate and emit, in parallel, the correspond-
ing sets of predicates. Thus, Reduce function reads all the values (predicates)
and adds them to facts, which is a set of predicates. Finally, both the set of
predicates (facts) and the constant (key) are emitted.

During the reduce phase the reducer with key:

pat, will emit <human, pat>
mary, will emit <{human, female}, mary>

Our next step is to perform reasoning for each set of predicates, as described
in Algorithm 4. The Map function reads input of the form <set of predicates,
constant> and emits pairs of the form <predicates, constant>. Functions get-
Predicates(value) and getConstant(value) extract the set of predicates and the
constant respectively from each value (group of predicates per constant).

Given as input the pairs: <human, pat> and <{human, female}, mary>,
Map function will emit the following pairs :

<human, pat> <{human, female}, mary>



Algorithm 4 Parallel inference based on predicates

map(Long key, String value) :
// key: position in document (irrelevant)
// value: document line (a fact)
predicates = getPredicates(value);
constant = getConstant(value);
EmitIntermediate(predicates, constant);

reduce(String key, Iterator values) :
// program: propositional program stored in memory
// key: predicates
// values : list of constants
ASPSolver solver = ASPSolver.getSolver();
solver.reason(key, program);
for each v in values

Emit(v, solver.getResults());

Note that, reasoning is performed for each set of predicates separately, and in
isolation. Therefore, the MapReduce framework will group/sort the pairs emitted
by Map, resulting in the following pairs:

<human, pat> <{human, female}, mary>

Each Reduce function has to perform, in parallel, reasoning on an ASP solver
(we assume any available solver that can be imported as an external library). We
use a generic API defining functions such as ASPSolver.getSolver(), which pro-
vides an instance of the available solver. Subsequently, solver.reason(fact,program)
performs reasoning based on the given set of predicates and the in-memory
propositional program. Finally, Reduce function reads all the values (constants)
and emits, for each constant, the calculated answer sets. Calculated answer sets
are extracted from the solver using solver.getResults().

Thus, during the reduce phase the reducer with key:

human, will emit <pat, <{human, male}, {human, female}>>
{human, female}, will emit <mary, {human, female}>

Note that in case there is no answer set for at least one set of predicates,
then no answer set exists for the given ASP program.

6 Final remarks

Let us elaborate on the advantages of each parallelization technique and the
challenges coming from programs containing rules with multiple variables. Prac-
tically, the parallelization technique that is more suitable in each case depends
on the given program. Recall that the number of potential answer sets is reduced
to 2k ∗m, where k is the number of predicates and m is the number of constants.



Parallel reasoning based on predicates has the advantage that reasoning for
each set of predicates is performed only once. However, for programs contain-
ing few predicates, parallelization may be affected as reasoning process can be
speeded up by a factor of 2k. On the other hand, for reasoning based on con-
stants, given that the amount of constants is most likely to be larger that the
amount of available nodes in the cluster, parallelization comes with higher scal-
ability. Clearly, the best approach depends on the number of predicates and
constants, and their distribution within the given program.

For programs containing rules with more that one variable, parallelization is
more complex. It is currently part of an ongoing study to determine whether rea-
soning can be partitioned in order to be able to take as input disjoint sets of lit-
erals, and compute independent answer sets. Facts are most likely to be included
in several overlapping subsets, while potential answer sets may be overlapping
as well, resulting in the re-computation of certain parts of the reasoning pro-
cess. Further investigation is required is order to devise a scalable and efficient
mechanism for parallel ASP reasoning.

7 Conclusion and Future Work

In this paper, we studied the parallel computation for monadic logic programs,
namely programs where all predicates are of arity one, and proposed algorithms
based on the MapReduce framework. More specifically, two different approaches
were suggested: one based on parallelizing on constants and the other based on
parallelizing on predicates. In each case, a method is provided utilizing MapRe-
duce while calling standard ASP solvers as back-ends via an abstract API. A
theoretical analysis of the computational impact of each method was provided
as well.

In future work, we intend to implement our approach and test it empirically.
Currently this is somewhat hampered by a requirement of the Hadoop frame-
work: the ASP solver to be called should be written in Java, and its source should
be available. So far, we were unable to find an existing solver implemented in
Java with available source code. We will therefore have to settle with creating
our own solver implementation, which will require some effort.

We also plan to study the feasibility of extending the approach to programs
with predicates of greater arity. However, at this stage it is very unclear whether
the MapReduce framework can be applicable in such a setting at all, and if so,
how.
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