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Abstract
The task of aligning sequences arises in many applications. Classical dynamic programming approaches require
the explicit state enumeration in the reward model. This is
often impractical: the number of states grows very quickly
with the number of domain objects and relations among
these objects. Relational sequence alignment aims at exploiting symbolic structure to avoid the full enumeration.
This comes at the expense of a more complex reward model
selection problem: virtually infinitely many abstraction levels have to be explored. In this paper, we apply gradientbased boosting to leverage this problem. Specifically, we
show how to reduce the learning problem to a series of relational regressions problems. The main benefit of this is that
interactions between states variables are introduced only
as needed, so that the potentially infinite search space is
not explicitly considered. As our experimental results show,
this boosting approach can significantly improve upon established results in challenging applications.

1. Introduction
Sequential data is ubiquitous and of interest to many
communities. It can be found in virtually all application
areas of machine learning, including computational biology, activity recognition, information extractions, among
others. Therefore, it is not surprising that sequential data
has been the subject of active research for decades. One
of the many tasks investigated for sequential data is that
of sequence alignment. Informally speaking, a sequence
alignment is a way of arranging sequences to emphasize
their regions of similarity. For this task, dynamic programming (DP) has become the standard model. Classical DP
approaches, however, require the explicit state enumeration
in the reward model, which is often impractical: the number of states grows very quickly with the number of domain

objects and relations among these objects such as in web
communities evolving over time. In contrast, relational sequences alignment aims at exploiting symbolic structure in
the reward model to avoid the full alphabet enumeration.
Crucial to the performance of any alignment method (relational or not) is an accurate reward model for transforming one sequence into another. In the relational case, in
which e.g. there is a varying number of objects and relations among them, specifying the reward model by hand
is difficult if not impossible. Even estimating it from data
is challenging as virtually infinitely many abstraction levels have to be explored. Triggered by the observation that
finding many rough rules of thumb of how to transform one
sequence into another can be a lot easier than finding a single, highly accurate reward model, we apply Friedmann’s
gradient boosting [3] to learning the reward model. That is,
we represent reward models as weighted sums of regression
models grown in a stage-wise optimization. The benefits of
this approach, which we call B OOSTED R EAL, are twofold.
First, interactions between states variables are introduced
only as needed, so that the potentially infinite search space
is not explicitly considered. Second, existing off-the-shelf
regression learners can be used to deal with propositional
and relational domains in a unified way. As our experimental results show, this approach can significantly improve
upon established results in challenging applications.
We proceed as follows. We start off by discussing related work. Afterwards, we briefly review DP-based alignment approaches in Section 3. In Section 4, we then develop
B OOSTED R EAL. Before concluding, we present our experimental evaluation and its results.

2. Related Work
Surprisingly few works have investigated sequences of
complex objects so far. Ketterlin [11] considered the clustering of sequences of complex objects but did not employ
logical concepts. Likewise, Jiang et al. [8] and Weskamp

et al. [21] proposed alignment algorithms for trees respectively graphs. Lee and De Raedt [13] and Jacobs [7] introduced ILP frameworks for reasoning and learning with
relational sequences. Recently, Tobudic and Widmer [19]
used relational instance-based learning for mining music
data, where sequential, relational information is employed.
To the best of our knowledge, however, none of these works
investigate the alignment of relational sequences.
Indeed within bioinformatics most advances of sequence
alignment for biological sequence analysis (see [2] for a
good overview) have been made by incorporating additional
sources of information such as sequence profiles or secondary structure predictions. For instance, Sato and Sakakibara [18] use conditional random fields (CRFs) to discriminatively learn edit distances for trees. CRFs allow to use
arbitrary, even relational features [5] to define the potential
functions involved. CRFs are, however, considerably more
difficult than DP approaches and as we will show boosted
DP methods can yield competitive performance. Recently,
kernel methods have been developed [20]. Due to the finite alphabet assumption the learned reward models do not
easily generalize to symbols not seen at training time.
Most similar to our work, Parker et al. [16] also proposed
gradient-based boosting for learning the reward model.
They do not, however, consider relational domains and they
consider a different learning setting, which cannot easily
be applied in our experimental domains: whereas we only
assume a given set of classified sequences, Parker et al. assume properly aligned pairs of query and target sequences
to which a correct score is given.

3. Alignments by Dynamic Programming (DP)
The Needleman-Wunsch (NW) algorithm [14] for global
alignment is one well known DP-based alignment algorithm. It finds the alignment of two sequences with the
maximal overall similarity w.r.t. a given pairwise similarity
model. In biological domains, the similarity model is typically represented as matrices over pairwise (dis-)similarity
scores of pairs of amino acids. The scores, or costs, associated with a match or mismatch between two amino acids, reflect to some extent the probability that this change in amino
acids has occurred over time in evolution.
To construct an alignment NW constructs a matrix with
m + 1 columns and n + 1 rows for two sequences of length
m and n. After initialization of the first row and the first
column, the matrix is then progressively filled with the maximum score as follows:
Mi,j



Mi−1,j−1 + Si,j
= max Mi,j−1 + g


Mi−1,j + g

: (mis-)match
: insertion
: deletion

(1)

where Si,j is the pairwise similarity of the symbols in an al-

phabet A, e.g. the alphabet of amino acids, and g reflects a
linear gap (insertion or deletion) penalty. The overall score
of the alignment can be found in cell Mm,n . To provide
more flexibility, one often employs affine gaps, i.e., different kind of gap costs for opening a gap (gopen ) or for extending one (gextend ). To discourage the splitting of connected
regions due to the enforcement of a gap in the middle of
the alignment, commonly extra gaps are allowed to be inserted at the end and at the beginning at either sequence in
the alignment with no or relatively low additional costs. We
refer to these costs as gpaddingF ront and gpaddingBack .
The alignment algorithms discussed so far assume a
given similarity measure Si,j . Typically, this similarity
measure is flat because the considered sequences consist of
flat symbols. Many sequences occurring in real-world problems such as in computational biology, planning, or user
modeling, however, exhibit internal structure, that can elegantly be represented as ”objects” in a relational logic.
Relational sequence alignment simply denotes the alignment of sequences of such structured objects. More formally, the relational alignment problem can be defined
as follows: Given two sequences of logical objects x =
hxi ini=1 , n > 0, and y = hyi im
i=1 , m > 0, and let Si,j be a
similarity measure indicating the score of aligning object xi
with object yj . Then, the global alignment problem seeks
to find the match with highest score of both sequences in
their entirety. Notice that this is a generic problem definition that generalizes the classical setting as it leaves the
type of logical objects encountered open. So, given an appropriate reward model, one can indeed apply the classical
DP machinery to solve the more general setting. Classical
DP approaches, however, require the explicit state enumeration in the reward model, which is often impractical: the
number of states grows very quickly with the number of domain objects and relations among these objects. Relational
alignment aims at exploiting symbolic structure in the reward model to avoid the full alphabet enumeration of classical approaches. Specifically, they replace the flat similarity
measure Si,j in Eq. (1) by a structured one, depending on
the type of logical objects encountered. Several such distance measures have been developed, see for example [17].
We will now briefly review two of the existing measures.
As the first example, consider sequences of ground
atoms. In general, atoms are expressions of the form
p(t1 , . . . , tn ), where p/n is a predicate symbol (of arity
n) and the ti are terms. Terms are built from constants,
variables (placeholders), and functor symbols. Ground
atoms do not contain variables. For instance, st(pl, sh)
could denote a strand of certain type and length. The
Nienhuys-Cheng measure [15] treats ground atoms as hierarchies, i.e., trees, where the top structure is most important and the deeper, nested sub-structures are less important. Let A denote the set of all symbols, then the

Nienhuys-Cheng distance dnc is inductively defined as follows. For all matching constants c/0 ∈ A the distance is
dnc (c, c) = 0; For all atoms within non-matching predicate symbols, dnc (p(t1 , . . . , tn ), q(s1 , . . . , sm )) = 0; otherwise, ifPthe predicate symbols match, we recursively comn
1
pute 2n
i=1 dnc (ti , si ). That is, for different symbols
the distance is one; however, when the symbols are identical, the distance linearly decreases with the number of arguments that have different values, and is at most 0.5. The
intuition is that longer tuples are more error-prone and that
multiple errors in the same tuple are less likely. At this point
the reader may verify that dnc (st(pl, sh), st(mi, sh)) =
1
2·2 · (0 + 1) = 0.25. In other words, the distance smoothes
the dichotomic identity function of the propositional case,
i.e., the p/0 case. Finally, let us note that to solve the corresponding relational alignment problem, we indeed simply
set Si,j = 1 − dnc (xi , yi ) in Eq. (1).
As the second example, consider sequences of
more complex logical objects, namely interpretations.
An interpretation is a set of ground atoms
{st(pl, sh), st(mi, sh), . . .} specifying which ground
atoms are true at a certain time. Typically, one applies a
closed-world assumption, i.e., everything not listed is assumed to be false. For interpretations, a different similarity
function has to be chosen. A simple way to measure the
distance of two interpretations (or sets of logical objects) A
and B is the so-called Hausdorff metric dh :


dh (A, B) = max max min d(a, b), max min d(a, b) .
a∈A b∈B

b∈B a∈A

As d(x, y) the Nienhuys-Cheng distance measure dnc can
be employed. Other, more complex distance measures for
interpretations exist, cf. [17].
We have implemented a global alignment algorithm in
C and Prolog that can be used with these kind of distance
measures. The system, called R EAL, allows for affine gap
costs gopen and gextend . The distances are defined in Prolog
and dynamically calculated. R EAL also allows two distinct
padding gap costs gpaddingF ront and gpaddingBack so that
we can assign different gap costs to specific symbols at the
beginning or at the end of a sequence.
Finally, let us note that sequence alignment naturally allows one to classify sequences: align the query sequence
with all training sequences and perform a k-nearest neighbor search based on the distances computed. In our experiments, we simply use a 1-nearest neighbor search.

4. Boosting the Reward Model
We have seen how to align sequences using DP given a
reward model. In real-world applications, the reward model
is typically highly complex and domain specific and, in turn,
difficult to specify by hand. It is therefore not surprising

that techniques for automatically learning propositional or
continuous reward models from examples have been developed. Without extensive feature engineering, however, it is
difficult – if not impossible – to apply them to relational
domains; there are simply to many possible features. Moreover, they typically assume that the training examples are
query and target sequences, properly aligned, and assigned
a correct score. Consider to classify protein sequences (for
more details, see the experimental section). Here, properly aligned sequences are typically not given. Instead, we
have clusters of ”similar” proteins. Therefore, we consider
a more general learning setting: Given a set of classified seci n
ij=1 ,i = 1, 2, . . . , n, where ci denotes
quences qici = hqi,j
the class label ci ∈ {c1 , c2 , . . . , ck } of the i-th sequences,
find a reward model r : S × S 7→ R that maximizes the
intra-class sequence similarity and minimizes the inter-class
sequence similarities as much as possible. We will now derive our boosting approach to solving this problem.
Boosting is a method for incrementally building linear combinations of ”weak” models to generate a ”strong”
model. Given data, a dictionary of weak learners, and a loss
function L, a boosting algorithm sequentially finds linear
combinations
P h of weak learners that minimize the cumulative loss i L(zi , h). It has been shown that boosting can
be described as a (functional) gradient descent algorithm,
where the weights in each step of the algorithm corresponds
to the gradient of a loss function at the ”current” fit. Let us
first define our loss function.
Motivated by Parker et al. [16], the main idea is to convert Friedman et al.’s [4] loss function from LogitBoost to a
loss meaningful to our learning problem, then to use a function approximator estimating the gradient function at points
unseen in the training data. Specifically, let F (x, y, a) be
the total, additive reward for aligning sequences x and y
with the series of alignment operations a. We define the
margin for a sequence q c of class c as
maxt∈c F (q c , tc , aq,t ) − maxt6∈c F (q c , tk , âq,t ) .

(2)

That is, we view the margin as the difference, for a given
query sequence q c , between the best target in the same cluster and the highest scoring target in the incorrect clusters.
This then leads to the following LogitBoost-like loss function for training examples q c


c k
c c
L(q c , F ) = log 1 + eF (q ,t ,âq,t )−F (q ,t ,aq,t ) . (3)
Notice that the loss function monotonically decreases with
increasing margin as desired.
Because the reward model is additive, we can express
our scoring function F as a sum of the rewards for the
various events in the alignment. To do this, let us define
r(x, y) to represent a combination of the reward functions
discussed above for logical objects x and y. Also define

f (x, y, q c , tc , aq,t ) to be the number of times that object x
is replaced by y in the alignment aq,t of sequence q with
sequence t. Thus we can express the scoring function as:
X
F (q c , tc , aq,t ) =
r(x, y)[f (x, y, q c , tc , aq,t )] . (4)
x,y

Applying gradient boosting means now to iteratively learn
the reward model r(x, y) in order to minimize the loss
function (3) using Eq. (4) inside. Initially, we set the reward model to some arbitrary (perhaps uninformative) function. Then, we compute rk+1 , i.e., the reward model after k iterations by approximating the functional gradient
δk+1 of the loss function with respect to rk and setting
rk+1 = rk − ηδk+1 (η being the learning rate). This is
likely to move rk+1 in a direction that decreases the loss
function. We iterate until a stopping condition is reached.
The key step of this process is to compute the approximate
functional gradients, which we now describe.
Define ∆fi (x, y) for the i-th training examples to be
∆fi (x, y) = f (x, y, q c , tc , aq,t ) − f (x, y, q c , tk , âq,t ) .
The cumulative loss over the training set is then given by


X
X
L=
log 1 + exp(−
r(x, y)[∆fi (x, y)])
i

x,y

and the function gradient at pair (x, y) as δk+1 (x, y) =
X
∆fi (x, y)
∂L
P
=
.
0 0
0 0
i 1 + e x0 ,y0 r(x ,y )∆fi (x ,y )
∂rk (x, y)
Putting all together, we iterate over our training examples and compute pairs of (logical) objects weighted by
δk+1 . On these regression examples, we induce a regression model that approximates the function gradient, update
our current model as described above, and iterate.
In principle, any kind of regression learner can be used.
In our experiments, we grow regression trees, which basically works as follows. It starts with the empty tree and
repeatedly searches for the best test for a node according
to some splitting criterion such as weighted variance. Because we are dealing with logical objects, rather than using
attribute-value or threshold tests in a node of the tree, we
employ logical queries [1], which are generated by basically choosing a literal, unifying variables, and grounding
variables. Next, the examples E in the node are split into
Es (success) and Ef (failure) according to the test. For
each split, the procedure is recursively applied, obtaining
subtrees for the respective splits. As splitting criterion, we
use the weighted variance on Es and Ef . We stop splitting
if the variance in one node is small enough or a depth limit
was reached. In leaves, the average regression value is predicted. We call the resulting algorithm ”boosted relational
alignment” or short B OOSTED R EAL.

5. Experimental Evaluation
Our general intention is to investigate whether B OOSTE More precisely,
we investigated the following two questions: Q1 Is B OOSTED R EAL able to compete with state-of-the-art approaches?
Q2 Is it possible to extract meaningful knowledge when
aligning sequences of interpretations?
(Q1) Protein Fold Classification: This is an intrinsically difficult task in molecular biology. The general assumption made is that knowing what class/fold a newlyfound protein belongs to, one can infer its function, which in
turn helps understanding the processes running in the studied organism so that certain proteins might be identified as
potential drug targets.
Here, we consider the task of predicting the actual fold
of proteins within the the five most populated folds in the
SCOP [6] class Alpha and beta proteins (a/b), i.e., folds c.1,
TIM beta/alpha-barrel, c.2, NAD(P)-binding Rossmannfold domains, c.23, Flavodoxin-like, c.37, P-loop containing nucleotide triphosphate hydrolases, and c.55, Ribonuclease H-like motif. The examples are sequences of secondary structure elements of proteins which are similar in
their three dimensional shape, but in general do not share a
common ancestor (i.e. are not homologous). In total there
are 2086 sequence distributed over the folds as follows:
(c.1: 721), (c.2: 360), (c.23, 274), (c.37, 441), (c.55,290).
The data set was generated using the ASTRAL database for
the SCOP version 1.631 and has been used in a number of
publications to evaluate the performance of relational sequence learning algorithms [10, 9, 5, 12]. Each sequence
object is represented as a logical atom, either a strand or a
helix. The helical objects are further described using three
attributes with information about the type of helix (α, π, or
3-10), its orientation (right or left), and its discritized length
as measured in number of amino acids (short, medium, or
long). Similarly, the strand objects contain information
about their orientation to other strands (generating a βsheet), namely parallel, anti-parallel, or none. The length
of the strand object is also discretized into three length.
We performed a 10-fold stratified cross validation. As
the question of finding the appropriate gap costs in computational biology is commonly answered by a trial and error approach, we have arbitrarily chosen the following gap
costs: gopen = 1.0, gextend = 0.1, gpaddingF ront = 0.0,
and gpaddingBack = 0.0 and let the approach investigate
the best suited gap costs for this particular application. We
have used the same initial gap costs throughout the paper.
The learning rate was arbitrarily set to η = 0.1.
The results shown in Table 1 are quite convincing. Even
without boosting, the 1-nearest neighbour classifier based
D R EAL is useful in real-world applications.

1 http://astral.berkeley.edu/scopseq-1.63.html
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Table 1. Comparison of the performances of
R EAL and B OOSTED R EAL to several state-ofthe-art approaches on the protein dataset. Already R EAL using different gap costs is competitive but B OOSTED R EAL significantly outperforms all methods (paired t-test, p = 0.05).
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on relational alignment outperforms more sophisticated approaches such as relational CRFs [5]. However, boosting increases the performance significantly (paired t-test,
p = 0.05). This answers question Q1 affirmatively.
(Q2) Player Interaction in Online Games: As an example for a domain where sequence elements are fully relational state descriptions, we consider a massively multiplayer online game (MMOG). The game considered is Travian2 , a commercial, large-scale strategy game supporting
approximately 20.000–30.000 interacting players. A game
world consists of a large grid map on which players own
cities. During the course of the game, players harvest resources, improve their cities by construction of buildings
or research of technologies, found new cities or conquer
existing cities of other players. A key aspect of Travian
is player interaction in alliances, which are dynamically
formed groups of players that act jointly. We take a highlevel view of the game, focusing on alliances and player
interaction only. At this level, a game state is characterized
by a graph structure relating cities, players and alliances.
As players are acting in the game environment, the graph
structure will change, and thereby reflect changes in the social network structure of the game, see Fig. 1.
Data was collected from a “live” Travian server with
approximately 25.000 active players. Over a period of
three month, the state of the game world (cities and their
size and position on the map, players and currently owned
cities, alliance structure) was recorded once every 24 hours.
As an example for high-level player cooperation, we consider the problem of identifying so-called meta-alliances.
A meta-alliance is a group of alliances that closely cooperate. We manually identified meta-alliances in the collected game data based on the alliance names (a small freetext field). From all available data, 30 sequences of local
2 www.travian.com;

www.traviangames.com

border

Figure 1. A (partial) sequence of game states
in Travian. Circular nodes indicate cities.
Rhombical nodes indicate players, and connections denote ownership.
Rectangular
nodes indicate alliances, and are connected
to all players within the alliance. Players and
cities are color-coded according to alliance
affiliation. Arrows indicate conquest attacks.
border

border

game world states were extracted. Each sequence tracks
a small set of players from three different alliances, two
of which belong to the same meta-alliance (indicated by a
fact meta alliance(a1, a2)). For instance, in Fig. 1 two alliances cooperate and are jointly attacked by a third alliance.
On average, sequences consist of 25.8 interpretations, every interpretation contains 16.4 cities and 10.6 players, and
there are 17.6 conquest events per sequence. The 30 extracted sequences constitute positive examples. A further
60 negative examples were obtained by giving the wrong
meta-alliance information (i.e., meta alliance(a1, a3) or
meta alliance(a2, a3)).
We used a 10-fold cross validation to estimate B OOSTE D R EAL ’s performance on the MMOG data. As initial distance, we chose a uniform distance measure. The average
accuracy is reported in Fig. 2 and clearly shows that reward
models can be learned on such complex data. Moreover the
boosted reward model captured useful knowledge. To extract it, we evaluated the reward model on the data, learned
a single regression tree, and converted the tree into rules.
One interesting rule discovered was:
reward(A,B,0.55376) :alliance_partners(A,C,D),
not_alliance_partners(B,D,C),
alliance_partners(B,D,E),
player(A,F,G,E), player(B,H,I,D),
conquest(A,J,H), conquest(B,K,L),
city(B,M,H), city(B,N,F), city(A,J,F),

border

60

90

48

80

36

70

24

60

12

50

0

5

10

15

20

Average Cumulated Loss

Average Accuracy

Accuracies on the testset in the MMPG Experiment
100

0

Iteration

Figure 2. Results on the MMOG data. The
dashed line shows the average accumulated
loss of the training folds, the solid line the
average accuracies on the test folds. The
straight dotted line denotes the accuracy of
a simple majority vote.

K=J, player(B,O,I,E), player(B,P,G,D),!.

The rule states that when aligning two sequences, the reward for two interpretations, A and B, is 0.55376, when in
interpretation A two alliance partners exist, which are not
partners in B but still a player from the same alliance attacks a city belonging to a player in the same alliance in B.
Although this fact should be rather obvious, it shows that it
is possible to extract meaningful information from the rewards models. This affirmatively answers question Q2.

6. Conclusions
We have introduced a novel algorithm, called B OOSTE for relational sequence alignment based on LogitBoost and gradient-based boosting. The algorithm is
straightforward to implement and highly flexible as it combines the expressive power of relational logic with sequence
alignment. In contrast to previous approaches, B OOSTE D R EAL can deal with any type of relational sequences even
sequences of interpretations. This allows one to elegantly
represent challenging dynamics over variable numbers of
entities and relations such as (web) communities.
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