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Abstract. We summarize some applications of Answer Set Programming (ASP)
in phylogenetics systematics, focusing on the challenges, how they are handled
using computational methods of ASP, the usefulness of the ASP-based meth-
ods/tools both from the point of view of phylogenetic systematics and from the
point of view of ASP.

1 Introduction

Since the concept of a stable model was defined by Michael Gelfond and Vladimir Lif-
schitz [25], the declarative programming paradigm of Answer Set Programming (ASP)
has emerged [32,37,30,31] and flourished with many efficient solvers (e.g., CLASP [22],
CMODELS [29], DLV [13,28], SMODELS [35,37]) and applications. One active area for
ASP has been computational biology and bioinformatics. Various computational prob-
lems have been studied in systems biology [38,39,40,23,24,36,10,26], haplotype infer-
ence [17,14,41], query answering and inconsistency checking over biomedical ontolo-
gies [1,20,21,19], and phylogenetic systematics [11,5,16,18,15,3,4,7,6] using computa-
tional methods of ASP. These applications have led to useful methods/tools not only for
experts in these areas but also for the ASP community.

In this chapter, based on our earlier studies, we summarize some applications of
ASP in phylogenetic systematics—the study of evolutionary relations between species
based on their shared traits [27]. Represented diagrammatically, these relations can form
a tree whose leaves represent the species, internal vertices represent their ancestors, and
edges represent the genetic relationships between them. Such a tree is called a “phy-
logeny”. We consider reconstruction of phylogenies as the first step of reconstructing
the evolutionary history of a set of taxa (taxonomic units). The idea is then to recon-
struct (phylogenetic) networks, which also explain the contacts (or borrowings) between
taxonomic units, from the reconstructed phylogenies by adding some horizontal bidi-
rectional edges. We have studied both steps of inferring evolutionary relations between
species, using computational methods of ASP. We have illustrated the applicability and
effectiveness of these ASP-based methods for the historical analysis of languages (e.g.,
Indo-European languages and Chinese dialects), the historical analysis of parasite-host
systems (e.g., Alcatenia species), and the historical analysis of oak trees (e.g., Quercus
species). While working on these real datasets in close collaboration with the experts,
we have faced some challenges and introduced novel solutions to each one of them. The

http://www.cs.uni-potsdam.de/clasp
http://www.cs.utexas.edu/users/tag/cmodels.html
http://www.dbai.tuwien.ac.at/proj/dlv
http://www.tcs.hut.fi/Software/smodels
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Fig. 1. A phylogeny reconstructed for English, German, French, Spanish, Italian with respect to
a leaf-labeling function over two characters, “Hand” and “Father”.

following sections summarize these challenges, and our solutions and their usefulness
both from the point of view of phylogenetic systematics and from the point of view of
ASP. We conclude with a discussion of further challenges in phylogenetic systematics
that pose challenges for ASP.

2 Reconstructing Phylogenies

A phylogeny (V,E,L, I, S, f) for a set of taxa is a finite rooted binary tree 〈V,E〉
along with two finite sets I and S and a function f from L × I to S, where L ⊆ V is
the set of leaves of the tree. The set L represents the given taxonomic units whereas the
set V \L describes their ancestral units and the setE describes the genetic relationships
between them. The elements of I are usually positive integers (“indices”) that represent,
intuitively, qualitative characters (i.e., shared traits), and elements of S are possible
states of these characters. The function f “labels” every leaf v by mapping every index i
to the state f(v, i) of the corresponding character in that taxonomic unit. Figure 1 shows
a phylogeny for five languages, L = {English, German, French, Spanish, Italian}, with
two characters, I = {“Hand”, “Father”}, that have two states, S = {1, 2}.

Our studies in phylogenetic systematics are based on the compatibility criterion [9],
where the goal is to reconstruct a phylogeny with a large number of characters that are
“compatible” with it. Intuitively, a character is compatible with a phylogeny/network if
the taxonomic units that instantiate this character in the same way (i.e., that have the
same character state) are connected via a tree in that phylogeny.
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Fig. 2. An example for a compatible character (“Hand”): all vertices labeled by 1 (resp. 2) are
connected via a rooted tree.

A character i ∈ I is compatible with a phylogeny (V,E, L, I, S, f) if there exists a
function g : V × {i} → S such that

– for every leaf v of the phylogeny, g(v, i) = f(v, i); and
– for every s ∈ S, if the set Vis = {x ∈ V : g(x, i) = s} is nonempty then the

digraph 〈V,E〉 has a subgraph with the set Vis of vertices that is a rooted tree.

A character is incompatible with a phylogeny if it is not compatible with that phylogeny.
For example, in Figure 2, Character “Hand” is compatible with respect to the given

phylogeny, since all vertices labeled with the same state are connected with a tree.
In Figure 3, Character “Father” is incompatible, since there is no possible labeling of
internal vertices such that all vertices labeled with the same state are connected with a
tree.

The computational problem we are interested in is the following problem:

n-INCOMPATIBILITY PROBLEM Given three sets L, I , S and a function f , and a
non-negative integer n, decide the existence of a phylogeny (V,E, L, I, S, f) with
at most n incompatible characters.

This problem is NP-hard [9,2,34,5].
In [4,3], we described this decision problem as an ASP program whose answer sets

correspond to such phylogenies, and proved the correctness of this formalization. We
observed that domain-specific geographical/temporal constraints could be added to the
main program as constraints, to compute more plausible phylogenies.

Usually, instead of finding one phylogeny with the minimum number of incompati-
ble characters, experts are interested in finding all phylogenies with a small number n of



4 Esra Erdem

������� �	
��� 
	��� ������� �������
���
���	

�����	
��

� � � � �

�

�

�

�

(a)

������� �	
��� 
	��� ������� �������
���
���	

�����	
��

� � � � �

�

�

�

�

(b)

Fig. 3. An example for an incompatible character (“Father”): if you label the internal vertices by
1 as in (a) (resp. 2 as in (b)), the vertices labeled by 1 (resp. 2) are connected but the vertices
labeled by 2 (resp. 1) are not connected.

characters. Finding these phylogenies, by first computing all the answer sets and then
extracting distinct phylogenies from them may not be efficient since there are many
answer sets that correspond to the same phylogeny due to different possible labelings
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of internal vertices (e.g., the root of the phylogeny in Figure 2 can be labeled as 1 or
2, leading to two different labelings of vertices of the same tree). On the other hand,
we can compute all phylogenies with i = 0, ..., n incompatible characters as in [3,4]
by iteratively calling an ASP solver to find a phylogeny different from the previously
computed ones until no answer set is found. After that, the experts can identify the
phylogenies that are plausible.

Although the ASP formulation of phylogeny reconstruction as in [4,3] is applicable
to many real datasets, we observed in our studies that it is not applicable to real datasets
with “ambiguous” labelings, i.e., where a leaf is labeled by a set of states rather than
a unique state. Such ambiguities are mostly due to polymorphic characters. If a real
dataset (such as Indo-European languages) has only a few such ambiguities, then every
possible combination of these labelings are considered as a new character. However, if a
dataset has many ambiguities (like Turkic languages), enumerating all possibilities will
lead to too many new characters. In such cases, to deal with this challenge, we modified
our ASP program by adding an explicit definition of a leaf-labeling function that picks
exactly one state for each group, from the set of states that label the group, as described
in [5].

3 Computing Similar/Diverse Phylogenies

For a given dataset, we usually compute all phylogenies with a large number of com-
patible characters, that also satisfy the given domain-specific constraints. However,
sometimes there are too many such phylogenies, and then the experts have to ana-
lyze/compare them manually to pick the most plausible ones.

In our experiments with Indo-European languages [3,4], we observed that one way
the experts analyze phylogenies is as follows: try to classify the phylogenies by finding
few diverse phylogenies, and pick the most plausible one among them; afterwards, try to
find phylogenies close to this plausible phylogeny. So if we can compute similar/diverse
phylogenies, and phylogenies close/distant to a given set of phylogenies, then there is
no need to compute all phylogenies in advance. With this motivation, we studied the
following two main problems:

n k-SIMILAR PHYLOGENIES (resp. n k-DIVERSE PHYLOGENIES)
Given an ASP program that formulates reconstruction of phylogenies with at most
l incompatible characters, a distance measure ∆ that maps a set of phylogenies to a
nonnegative integer, and two nonnegative integers n and k, decide whether a set S
of n phylogenies with at most l incompatible characters exists such that ∆(S) ≤ k
(resp. ∆(S) ≥ k).

k-CLOSE PHYLOGENY (resp. k-DISTANT PHYLOGENY)
Given an ASP program that formulates reconstruction of phylogenies with at most
l incompatible characters, a distance measure ∆ that maps a set of phylogenies to
a nonnegative integer, a set S of phylogenies, and a nonnegative integer k, decide
whether a phylogeny s (s 6∈ S) with at most l incompatible characters exists such
that ∆(S ∪ {s}) ≤ k (resp. ∆(S ∪ {s}) ≥ k).
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We studied in [11,6] various related decision/optimization problems, analyzed their
complexities, and computational methods for solving them offline/online. We also in-
troduced novel distance functions for comparing phylogenies.

In particular, we investigated three sorts of online methods to compute n k-similar
or diverse phylogenies. In the first method, the idea is to reformulate the ASP program
for phylogeny reconstruction to compute n-distinct phylogenies, to formulate the dis-
tance function as an ASP program, and then to extract n k-similar (resp. k-diverse)
phylogenies from an answer set for the union of these ASP programs.

The second method does not modify the ASP program for phylogeny reconstruction
but formulates the distance function as an ASP program, so that a unique k-close (resp.
k-distant) phylogeny can be extracted from an answer set for the union of these ASP
programs and a previously computed phylogeny; then, by iteratively computing k-close
(resp. k-distant) phylogenies one after other, it computes online a set of n k-similar (or
k-diverse) solutions.

The third method is different from the first two methods in that it does not modify
the ASP program encoding phylogeny reconstruction, and it does not formulate the dis-
tance function as an ASP program. Instead it modifies the search algorithm of an ASP
solver to compute all n k-similar (or k-diverse) phylogenies at once with respect to the
distance function implemented as a C++ program. For this method, we modified the
search algorithm of CLASP [22], in the spirit of a branch-and-bound algorithm to com-
pute similar/diverse solutions. CLASPperforms a DPLL-like [8,33] branch and bound
search to find an answer set for a given ASP program: at each level, it “propagates”
some literals to be included in the answer set, “selects” new literals to branch on, or
“backtracks” to an earlier appropriate point in search while “learning conflicts” to avoid
redundant search. We modified CLASP to obtain CLASP-NK as in Algorithm 1; the mod-
ifications are shown in color red. CLASP-NK can compute n k-similar/diverse solutions.
In our experiments for reconstructing similar/diverse solutions for Indo-European lan-
guages, we observed that this method is computationally more efficient than the other
two methods in terms of time/space and that it allows for computing similar/diverse
solutions in ASP when the distance function cannot be formulated in ASP (e.g., due to
some numerical functions).

4 Computing Weighted Phylogenies

Another way to find more plausible phylogenies is to assign a weight to each phylogeny
to characterize its plausibility, and to compute phylogenies whose weights are over
some given threshold. For that we studied in [6,7] the following problem:

AT LEAST (resp. AT MOST) w-WEIGHTED PHYLOGENY: Given an ASP program
that formulates reconstruction of phylogenies with at most l incompatible charac-
ters, a weight measure ω that maps a phylogeny to a nonnegative integer, and a
nonnegative integer w, decide whether a phylogeny S with at most l incompatible
characters exists such that ω(S) ≥ w (resp. ω(S) ≤ w).

Motivated by our studies on computing similar/diverse solutions in ASP [11], we stud-
ied representation/search-based online methods for computing weighted solutions in

http://www.cs.uni-potsdam.de/clasp
http://www.cs.uni-potsdam.de/clasp
http://www.cs.uni-potsdam.de/clasp
http://krr.sabanciuniv.edu/projects/SimilarDiverseSolnsInASP/
http://krr.sabanciuniv.edu/projects/SimilarDiverseSolnsInASP/
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Algorithm 1 The algorithm of CLASP-NK.
Input: An ASP program Π , nonnegative integers n, and k
Output: A set X of n solutions that are k similar (n k-similar solutions)
A← ∅ // current assignment of literals
5← ∅ // set of conflicts
X ← ∅ // computed solutions
while |X| < n do

PartialSolution← A
// compute a lower bound for the distance between any completion of a partial solution

and previously computed solutions
LowerBound← DISTANCE-ANALYZE(X,PartialSolution)
PROPAGATION(Π,A,5)
if Conflict in propagation OR LowerBound > k then

RESOLVE-CONFLICT(Π,A,5) // learn and update the conflict set and do backtracking
else

if Current assignment does not yield an answer set then
SELECT(Π,A,5) // select a literal to continue search

else
X ← X ∪A
A← ∅

end if
end if

end while
return X

ASP. We introduced novel weight functions that take into account domain-specific in-
formation such as expected groupings of taxonomic units. We also modified the search
algorithm of CLASP to compute weighted solutions; this modified version is called
CLASP-W.

5 Reconstructing Phylogenies for Very Large Datasets

For many real datasets, using the ASP program of [4,3] using an existing ASP solver
is quite inefficient and even not possible. For a more efficient computation, we investi-
gated methods to reduce the datasets and to improve the search.

In phylogeny reconstruction, one way to handle a large dataset is to reduce it to a
smaller dataset by some preprocessing (e.g., by removing the noninformative parts of
the dataset as in [3]). With such a preprocessing, for instance, out of 282 characters of
Indo-European languages, 21 are found to be informative. However, such preprocessing
may not be applicable to all datasets, like Quercus (oak trees), since every bit of the
given information is essential in reconstructing a phylogeny.

In such cases, a phylogeny can be computed by a divide-and-conquer approach, if
the experts provide some domain-specific information about how the species could be
grouped; usually the experts provide such information. For instance, [3] applies this idea
on Indo-European languages: first 8 language groups are identified over 24 languages by
the historical linguist Don Ringe, then a plausible phylogeny is reconstructed for each

http://krr.sabanciuniv.edu/projects/SimilarDiverseSolnsInASP/
http://www.cs.uni-potsdam.de/clasp
http://krr.sabanciuniv.edu/projects/SimilarDiverseSolnsInASP/
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Fig. 4. (a) Given taxonomic units (b) and their groupings. (c) A main phylogeny for all groups,
where the triangles denote a labeling for the groups. (d) Phylogenies reconstructed for each group.
(e) A complete phylogeny obtained by combining the main phylogeny for all groups with the
phylogenies for each group.

group by “propagating up” the labelings of taxonomic units towards the root, and finally
a main phylogeny is reconstructed over the roots of these phylogenies. However, this
bottom-up approach may not be applicable to all datasets, like Quercus, where a group
of taxonomic units may lead to many different phylogenies and cannot be characterized
by a unique node. Note that if we pick one of these phylogenies and accordingly decide
for a labeling for the groups, we may end up reconstructing a main phylogeny with
more number of incompatible characters. However, since the main phylogeny charac-
terizes deep evolution, experts expect less number of incompatible characters for such
phylogenies.

To be able to automatically reconstruct phylogenies for large datasets, including
Quercus, [5] introduces a different divide-and-conquer method for reconstructing large
phylogenies with a top-down approach (Figure 4): first a main phylogeny is computed
viewing each group as a unique node, and then phylogenies are computed for each
group. This approach is applicable to datasets where the groupings are not as clean as
in Indo-European. However, it still needs to address some challenges.
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To be able to reconstruct a main phylogeny for the groups of taxonomic units, we
need a labeling of these groups. How can we pick such a labeling considering the label-
ings of the taxonomic units? Recall that the ASP program of [4,3] for reconstruction of
phylogenies assumes that a leaf-labeling function f is given as an input. As described
at the end of Section 2, this program can be modified to handle ambiguous data (as in
[5]) by adding an explicit definition of a leaf-labeling function that picks exactly one
state for each group, from the set of states that label the group. By this way, labels of
groups can be determined automatically while reconstructing the phylogeny.

The divide-and-conquer approach of [5] reconstructs two sorts of phylogenies: one
phylogeny for each group of taxonomic units, and one main phylogeny for all groups.
In each case, we may end up computing too many possible phylogenies for a set of taxa,
with a large number of compatible characters. Instead, in each case, we can compute the
most plausible phylogenies using domain-specific information provided by the experts.
For instance, for the first kind of phylogenies, according to the compatibility criterion,
we can group taxonomic units with more number of identical character states closer to
each other. Once we define a weight measure (as in [6,7] introduced for Indo-European
languages) to characterize this idea of plausibility, we can find a max-weighted phy-
logeny using methods of Section 4. For the reconstruction of the main phylogeny, we
can utilize further domain-specific information about possible classification of groups
so that the phylogenies that classify the groups with respect to the given domain-specific
information have more weight. For that, we can define a weight measure that takes into
account hierarchical groupings of taxonomic units (as in [7] introduced for Quercus
species); and utilize our methods described in Section 4 for computing max-weighted
phylogenies.

6 PHYLO-ASP

We implemented some of the methods/algorithms for reconstructing/analyzing/comparing
phylogenies summarized above, as part of a phylogenetic system, called PHYLO-ASP.
This system has mainly four components.

PHYLORECONSTRUCT-ASP is used for reconstructing (weighted) phylogenies. Its
overall structure is illustrated in Figure 5. To use this system, the expert provides a leaf-
labeling function for a set of taxonomic units. Optionally, she can choose one of the
four available weight measures, two domain-independent and two domain-dependent
[5], or provide a new weight measure; and provide some domain-specific information
about groupings of taxonomic units. Before reconstruction of phylogenies, the system
performs some preprocessing as described in [3] and [5]. If some grouping information
is provided then the system follows the divide-and-conquer algorithm of Section 5 by
utilizing the methods for computing weighted phylogenies of Section 4. Otherwise, it
computes phylogenies as described in Sections 2 and 4. According to the given option,
the system can solve various optimization/decision problems.

PHYLORECONSTRUCTN-ASP is used for computing similar/diverse phylogenies, uti-
lizing the methods described in Section 3. The expert needs to provide a leaf-labeling
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Fig. 5. The Overall System Architecture of PHYLORECONSTRUCT-ASP

function for a set of taxonomic units. The system implements two distance measures,
one domain-independent and one domain-dependent [11]; so the expert can choose one
of them. Depending on the appropriate option, the system can solve various optimiza-
tion/decision problems.

PHYLOANALYZE-ASP is used for analyzing a given phylogeny or a given dataset, as
described in [5]. For instance, we can find informative characters in a given dataset, or
compatible characters with respect to a given phylogeny using this system.
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PHYLOCOMPARE-ASP is used for comparing phylogenies offline, as described in
[11]. For instance, we can find similar/diverse phylogenies among some given phy-
logenies. The system implements two distance measures, one domain-independent and
one domain-dependent [11]; so the expert can choose one of them.

We applied PHYLO-ASP to reconstruct and analyze Chinese dialects, Indo-European
languages, Turkic languages, Alcataenia species (a tapeworm genus), and Quercus
species (oak trees). After reconstructing phylogenies for each taxa using PHYLO-ASP,
we identified the phylogenies that are plausible. For instance, for the Chinese dialects
and Indo-European languages, the plausibility of phylogenies is identified with respect
to the available linguistics and archaeological evidence. For Alcataenia, the plausibil-
ity of the phylogeny we compute is dependent on the knowledge of host phylogeny
(e.g., phylogeny of the seabird family Alcidae), chronology of the fossil record, and
biogeographical evidence. On the other hand, we computed similar/diverse phyloge-
nies for these datasets using PHYLO-ASP. All these experimental results are detailed
in [5,6,7,16,11,3,4].

7 Reconstructing Temporal Networks

A phylogeny for a given set of taxonomic units characterizes the genetic evolution-
ary relations between them. If there are few characters left that are not compatible
with the phylogeny, then the relations between the taxonomic units can be explained
differently for these characters. For instance, contacts/borrowings may explain how
these characters have such states. To characterize such relations, we transform the phy-
logeny into a network by adding a small number of horizontal edges that represent
contact/borrowings between the taxonomic units.

For some datasets, like languages, experts can provide us explicit temporal informa-
tion about extinct languages—by estimates of the dates when those languages could be
spoken. Such temporal information can be integrated into the concept of a phylogeny
and a network with a “date” assigned to each vertex, leading to the concepts of “tem-
poral phylogenies” and “temporal networks” (Figure 6). Dates monotonically increase
along every branch of the phylogeny, and the dates assigned to the ends of a lateral edge
are equal to each other. With such an extended definition of a phylogeny/network, we
can talk not only about the languages that are represented by the vertices, but also about
the “intermediate” languages spoken by members of a linguistic community at various
times.

A “temporal phylogeny” is a phylogeny along with a function τ from vertices of
the phylogeny to real numbers denoting the times when these taxonomic units emerged
(Figure 6(a)). A contact between two taxonomic units can be represented by a horizontal
edge added to a pictorial representation of temporal phylogeny (Figure 6(b)). The two
endpoints of the edge are simultaneous “events” in the histories of these communities.
An event can be represented by a pair v↑t, where v is a vertex of the phylogeny and t is
a real number.

A finite setC of contacts defines a temporal (phylogenetic) network 〈V ∪VC , EC〉—
a digraph obtained from T = 〈V,E〉 by inserting the elements v↑t of the contacts from
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Fig. 6. A temporal phylogeny (a), and a perfect temporal network (b) with a lateral edge connect-
ing B↑1750 with D↑1750.

C as intermediate vertices and then adding every contact in C as a bidirectional edge.
We say that a set C of contacts is simple if the endpoints of all lateral edges are different
from the vertices of T , and each lateral edge subdivides an edge of T into exactly two
edges.

About a simple set C of contacts (and about the corresponding temporal network
〈V ∪ VC , EC〉) we say that it is perfect if there exists a function g : (V ∪ VC)× I → S
such that the function g extends f from leaves to all internal nodes of the temporal
network, and that every state s of every character i could evolve from its original occur-
rence in some “root” (i.e., every character i is compatible with the temporal network).

We are interested in the problem of turning a temporal phylogeny into a perfect
temporal network by adding a small number of simple contacts. For instance, given the
phylogeny in Figure 6(a), the single contact {B↑1750, D↑1750} is a possible answer.

It is clear that the information included in a temporal phylogeny is not sufficient for
determining the exact dates of the contacts that turn it into a perfect temporal network.
To make this idea precise, let us select for each v ∈ V \{R} a new symbol v↑, and define
the summary of a simple set C of contacts to be the result of replacing each element
v↑t of every contact in C with v↑. Thus summaries consist of 2-element subsets of the
set V ↑= {v↑ : v ∈ V \ {R}}. For instance, the summary of the set of contacts of
Figure 6(b) is {{B↑, D↑}}. Then the computational problem we are interested in can
be described as follows:

n-INCREMENT TO PERFECT SIMPLE TEMPORAL NETWORK (n-IPSTN) Given
a phylogeny 〈V,E, I, S, f〉, a function v 7→ (τmin(v), τmax(v)) from the vertices of
the phylogeny to open intervals, and a nonnegative integer n, decide the existence
of a set of 2-element subsets of V ↑ that is the summary of a perfect simple set
of n contacts for a temporal phylogeny 〈V,E, I, S, f, τ〉 such that, for all v ∈ V ,
τmin(v) < τ(v) < τmax(v).

This problem is NP-hard [5]. [16] describes the n-IPSTN problem as an ASP program
whose answer sets correspond to such networks characterized by summaries of contacts.
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While studying this problem we faced several difficulties. One challenge was to
modify the mathematical model of a temporal network in such a way that we do not
have to deal with (real) numbers; so we introduced the concept of summaries and related
them to networks.

To ensure that the edges are horizontal, we need to solve a sort of time interval
analysis problem; since it involves reasoning over (real) numbers, we investigated other
methods that are better suited than ASP. Essentially, we solved n-IPSTN problems in
two steps: use an ASP system (CMODELS) to compute summaries so that every char-
acter is compatible with the network, and then use a Constraint Logic Programming
system (ECLiPSe) to check, for each summary, whether the corresponding contact oc-
curs within the given time intervals.

Reconstructing all networks for real datasets, such as Indo-European languages,
with this approach is still quite inefficient since the datasets are very large. To handle
this challenge, we investigated in [15] the idea of using our ASP program on smaller
problems, embedded in a divide-and-conquer algorithm: first reconstruct a set of min-
imal networks for each character, and then find a minimal hitting set using also ASP.
We could compute solutions with this divide-and-conquer approach, that we could not
compute earlier.

We also investigated the effect of reformulating the problem in ASP [16]. We ob-
served that our ASP program is not tight due to bidirectional lateral edges in the net-
work: Recall that we need to check the compatibility of every character with the net-
work, and for that we need to check whether every vertex labeled by the same state are
connected by a tree with root r; thus, for connectedness, we need to check the reachabil-
ity of a vertex from another; therefore, with the usual recursive definition of reachability,
our ASP program is not tight. We also observed that our ASP program that describes a
network with n bidirectional edges can be turned into a tight program: consider instead
n + 1 copies of the network connected by n additional edges (as in Figure 7), define
the reachability of a vertex in one network from a vertex in another network, and check
the compatibility of a character with respect to this directed acyclic graph. We observed
that the tight version of the program led to more efficient computations.

We implemented a phylogenetic system, called PHYLONET-ASP [5], for recon-
structing (temporal) phylogenetic networks based on the tight formulation of the n-
IPSTN problem, and by considering a simpler version of the interval analysis problem
so that an ASP solver can be used to solve it. In our experiments with Indo-European
languages, Chinese dialects and Quercus species, after identifying a plausible phy-
logeny for each taxa, we transformed the phylogeny into phylogenetic networks using
PHYLONET-ASP [5,15,18].

8 Discussion

All of the ASP-based methods/tools briefly described above present novelties for phylo-
genetic systematics: new mathematical models for reconstructing phylogenies/networks
based on the compatibility criterion (e.g., concept of a temporal phylogeny/network),
new software for reconstructing phylogenies/networks (PHYLORECONSTRUCT-ASP
and PHYLONET-ASP), new domain-specific/independent distance/weight measures for

http://www.cs.utexas.edu/users/tag/cmodels.html
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Fig. 7. A network (a) and its corresponding digraph (b).

phylogenies, new software for comparing and analyzing phylogenies (PHYLOCOMPARE-
ASP and PHYLOANALYZE-ASP) and computing similar/diverse/weighted phyloge-
nies (PHYLORECONSTRUCTN-ASP). Due to the compatibility criterion, our ASP-
based methods are applicable to datasets (mostly based on morphological characters)
with no (or very rare) backmutation; they are not applicable to genomic datasets. There-
fore, the usefulness of these approaches have been shown on various morphological
datasets, such as Indo-European languages, Chinese dialects, Turkic languages, Alcate-
nia species, and Quercus species: various plausible phylogenies/networks are computed
that conformed with the available evidences; some of these results were different from
the ones computed earlier.

All these applications have been useful in understanding the strengths of ASP (e.g.,
easy representation of recursive definitions, such as reachability of a vertex from an-
other vertex in a directed cyclic graph, easy representation of cardinality constraints,
elaboration-tolerant representation of domain-specific information in terms of constraints)
and the weaknesses of ASP. In particular, understanding the latter has led to novel
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methods/methodologies for solving computational problems as part of real world ap-
plications.

For instance, for many large datasets, it is not possible to reconstruct phyloge-
nies/networks using a straightforward representation of the problem with an existing
ASP solver. To handle this challenge, we have investigated methods to reduce the
datasets and to make the search more efficient. First, we have developed some pre-
processing methods to find the informative part of the datasets. When we noticed that
preprocessing is not sufficient to reconstruct phylogenies for some datasets, we have
developed a divide-and-conquer algorithm that computes a phylogeny in pieces and
combines them in the end. Similarly, we have developed a divide-and-conquer algo-
rithm to reconstruct networks from phylogenies, making use of hitting sets.

When we noticed that some numerical computations (e.g., some weight/distance
measures) are not supported by the ASP solvers, we have modified the ASP solver
CLASP to compute a weighted solution where the weight function is implemented as
a C++ program. The modified version of CLASP, called CLASP-W, is general enough
to compute weighted solutions for other computational problems such as planning. An-
other novelty of CLASP-W is that it builds a weighted solution incrementally in the spirit
of a branch-and-bound algorithm; by this way, redundant search is avoided. Similarly,
we have modified CLASP to compute similar/diverse solutions with respect to a given
distance function; the modified version is called CLASP-NK.

To handle many of the challenges, we have used computational methods of ASP in
connection with other computational methods. For instance, for reconstructing tempo-
ral networks, we have used an ASP solver (CMODELS) for reconstructing a network and
a Constraint Programming system (ECLIPSE) for time interval analysis. Also, in some
applications, we have embedded ASP solvers as part of larger implementations (cf. the
overall structure of PHYLORECONSTRUCT-ASP in Figure 5). One interesting idea in
connection with these ideas of using ASP with other paradigms and embedded in more
complex algorithms is to investigate the other way around: how other computational
methods can be embedded in ASP. The latest studies on programs with external predi-
cates [12] and their implementations (e.g., DLVHEX) may be helpful for extending the
ASP solvers, like CLASP, whose input language is the same as LPARSE’s.

On the other hand, we have investigated how the straightforward ASP formulations
of the problems can be modified to obtain better computational efficiency in terms of
time and space. For instance, for network reconstruction, we have turned the non-tight
ASP program that includes the usual recursive definition of reachability to a tight ASP
program. In our studies for computing weighted phylogenies, we have observed that
using aggregates in the definitions of weight functions, compared to their explicit def-
initions, leads to better computational performance. One useful direction to investigate
would be the effect of reformulation in ASP for various computational problems.
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