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Abstract. The similarity measures used in first-order IBL so far have been limited to the function-free case. In
this paper we show that a lot of power can be gained by allowing lists and other terms in the input representation and
designing similarity measures that work directly on these structures. We present an improved similarity measure
for the first-order instance-based learreL that employs the concept eflit distancedo efficiently compute
distances between lists and terms, discuss its computational and formal properties, and empirically demonstrate its
additional power on a problem from the domain of biochemistry. The paper also includes a thorough reconstruction
of RIBL’s overall algorithm.
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1. Introduction

For propositional learning problems instance-based learning (IBL) algorithms have always
been a very popular and well studied choice (Aha, 1997; Aha, Kibler & Albert, 1991,
Wettschereck & Dietterich, 1995). An instance-based algorithm does not compute a gener-
alization of the examples at learning time, but simply stores the examples or variants thereof
and then arrives at a classification based on comparing a new instance to the previously
stored instances. Since generalization is delayed until classification time, such algorithms
are also referred to dazy learningalgorithms (Aha, 1997; Aha, Kibler & Albert, 1991).
Even the simplest instance-based learning algorithmkihearest neighbor (kNN) clas-
sifier, is known to outperform other approaches for many application problems. More
advanced variants address the problem of sensitivity to irrelevant features by learning fea-
ture weights (Wettschereck, Mohri & Aha, 1997) and the problem of overly large instance
sets by storing selected examples or generalized prototypes (Aha, Kibler & Albert, 1991;
Salzberg, 1991).
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In first-order relational learning, as it is studied e.g. in the field of Inductive Logic
Programming (ILP) (Muggleton & De Raedt, 1994; Wrobel, 1996) the use of instance-based
learning techniques was first described in Emde and Wettschereck (1996), and implemented
in the first version of the Relational Instance-Based Learning syst&@m Even though this
original version oRiBL was limited to function-free relational representations, it was applied
very successfully to practical problems such as the classification of Diterpene molecules
based on their nuclear magnetic resonance (NMR) specher@SKi et al., 1996).

In this paper we present the most recent versioriBf which has been extended to
now handle relational representations with lists and other functional terms as well. To this
end we define an improved similarity measure R@L that employs the concept efit
distancedo efficiently compute distances between lists and terms. With experiments in
a real-world domain (signal structure prediction in mRNA-molecules) we show that the
new similarity measure allows significant additional power to be gained. The paper also
includes a thorough reconstruction of the basic origial algorithm and can thus serve
as a precise reference R@gL which has previously only been described in the conference
paper (Emde & Wettschereck, 1996).

The paper is organized as follows: In the next section we briefly review the basics of IBL
and propositional similarity measures. In Section 3, we then give a detailed reconstruction
of therieL algorithm that supplements the original paper of (Emde & Wettschereck, 1996).
Section 4 then presents the main technical contribution of this paper, the new similarity
measure for constants, lists and terms. We discuss its computational properties and prove
that the measure is a semi-metric. Section 5 is devoted to the empirical evaluation on
the mRNA signal structure prediction problem first presented in Bohnebeckattoawd
Wrobel (1998a). In Section 6 we discuss related work. Section 7 contains our conclusions
and pointers to future work.

2. Instance-based learning and RBL

In function learning from examples, a learner is given a set of exanipfesm an instance
spacel along with a class label or target valage) € Y for eache € E. If Y contains

only a few discrete values, one often speaks of a classification learning probMrhag

only two values, the task is referred to as concept learning, and one of the target function
values (e.g.¢(e) = 1) is taken to meane‘is a member of the target concept”, and the other
value (e.g.c(e) = 0) is taken to mean€e‘is not a member of the target concept” Ylfis a
continuous set such & the problem is also named a regression learning problem. From
these examples, mostinductive learners would induce a hypothisisis a generalization

of the examples, e.g., a decision tree, and use it to classify new, unseen examples, i.e., the
learner’s predictior’ for a new instance,e, € Z would be

C/(enew) = h(enew)~

An instance-basetkarner, on the other hand, in its simplest form just stores all of the
example<€. Itthen basesits prediction on thdsexamples fronk that are “closest” t@new
(wherek is a user-given or system determined parameter). To this end, the instance-based
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learner possesses (or is givergistance measurbIST
DsT: ZIx7Z—>R

that assigns a real number to each pair of instances such that “closer” pairs of instances are
assigned smaller numbers. In the following, we will assume thstt 3 bounded between
0 and 1, so we can equivalently speak of sirailarity measuresim defined as

SM(X, y) :=1— DIST(X, ¥).

The learner usesii$ (or DIST) to determine th& nearest neighbors (mew) = {€,, - - -,
en.} C E of enew(breaking ties arbitrarily), and lets these nearest neighbors “vote” to arrive
at a prediction foene,. Usually, each neighbor’s vote is weighted according to its distance,
so that closer neighbors have larger influence.

For a discrete prediction problem with class valies {c,, ..., ¢y}, we select the class
which individually has received the highest weighted vote. More preciseNc|étew) ‘=
{e € N(enew | C(€) = cj} denote the neighbors efi., voting for class;. Then the voting
procedure is:

h(new 1= argma, ¢ Z SIM (Enew, €)-
eENv:j (Enew)

For a continuous prediction problem, instead of selecting the value that received the
highest vote, we predict the weighted average of the neighbors’ class values:

ZeeN(eneW) SIM (Enews €) - C(€)
2N (@ M (Enew ©)

h(enew) =

For obvious reasons, this simplest instance-based learner is also dallesheest neigh-
bor classifiekNN). The valuek is usually determined by the learner using cross validation
on the training set, choosing the valuekahat performs best.

Since aninstance-based learner delays generalization until classification time, such algo-
rithms are also referred to By learningalgorithms. Based on the kNN algorithm, various
more sophisticated approaches have been studied to address some of the open issues with
kNN. First, for large example sets, storing all the examples might require too much storage
and too much time for finding the nearest neighbors. This problem can be addressed by
storing only selected examples (Aha, Kibler & Albert, 1991) or using generalized proto-
types or rectangles in instance space (Salzberg, 1991). Second, the problem of sensitivity to
irrelevant features has been addressed by different weight learning schemes (Wettschereck,
Mohri & Aha, 1997).

2.1. Propositional similarity measures

Since the similarity measure is the central element of an instance-based learner, let us have
a closer look at its required properties. These are easier to express for distance measures.
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Ideally, a distance measure should beetric

DIST(X, y) > 0 1)
DisT(x,y) =0iff x=y (2)
DIST(X, y) = DIsST(y, X) 3)
DIST(X, y) < DIST(X, Z) + DIST(Z, y) (4)

for everyx, y, z € Z. A metric DIST is said to bdrivial if for everyx,y e 7

5 0 ifx=y

IST(X.Y) = {1 otherwise

DisT is asemi-metricf Condition (4) (thetriangle inequality does not hold. Relaxing
Condition (2) to DsT(x, x) = 0 for Vx € Z, we get the definition opseudo-metric A
metric, semi-metric or pseudo-metriedd is r-bounded(r € R) if r is an upper bound on

the values of sT. In this paper, all distance (and thus similarity) measures considered are
1-bounded.

Depending on how instancesdnare represented, defining a distance measure (or simi-
larity measure, respectively) that satisfies the above conditions is more or less difficult. For
propositional representations including both numeric and discrete attributes, one usually
defines distance measures on individual attributes depending on their type.

Let TyPe(A) denote the type of an attribu® For a numerical attributé with value
range B, b] (TYPE(A) := number (a, b)), we define the similarity of two attribute values
r, andr, as

[ry —ra
b—a

S"V|att(r17 2, A) =1-

For adiscrete attribut& (TyPE(A) := discrete ), we define the similarity of two attribute
valuesd; andd, by

SM (. Ay = |1 T =0
at™L "2 V710 otherwise
From these, the overall similarity of two instances is computed as the average of the
similarities of all attributes. More precisely, I8¢, . .., A, denote the attributes describing
the instances, and leftj ] denote the value of attributd; for a particular instance Then
define the similarity of two instances i, € Z as

SM(iy, ip) 1= ==t

n

We note that if desired, attribute weights may be assigned or learned (Wettschereck,
Mohri & Aha, 1997); in this case, the weighted average is used in the above formula.
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3. First-order instance-based learning inRIBL

RIBL, as first introduced in Emde and Wettschereck (1996), is a first-order instance-based
learner that applies the basic principles of IBL as described above to an instance space con-
sisting of first-order descriptions. More precis&\gL uses &-nearest-neighbor algorithm

that determines the value kfthrough cross-validation on the training set. It differs from

the basic algorithm firstly through its first-order learning task and similarity measure, and
secondly through its use of a special weight learning scheme for predicates and arguments.
Due to space reasons, we do not describe this weight learning approach here, and refer
the reader to Emde and Wettschereck (1996) for details. Instead, in this section, we give
a detailed definition of the learning task addressecaiBy and then provide a thorough
reconstruction of the first-order similarity measure that supplements the short description
in Emde and Wettschereck (1996).

3.1. Learning task

RIBL turns the basic instance-based learning problem into a first-order version by allowing
each instance to be described not only by numerical and discrete attributes, but also by
attributes of type object (PE(A) = object ) containing object identifiers that point to
further information in a separately specified bodyatkground knowledgB, a database
consisting of first-order ground atoms (first-order facts). Let us first illustrate this with an
example.

Assume we want to send a culinary present to a friend, and want to classify a number
of prepackaged present sets from different vendors according to whether trseytabde
for our friend or not. Based on a few manually classified examples, we want further offers
to be classified automatically by1BL. Assume that about each set, we know its price
and delivery mode (personal, mail, or pick-up). Each instance will be represented by three
attributes: its identifier, price, and delivery mode. In addition, we know the contents of each
package which for simplicity we assume consist of different red wines and cheeses. We also
know something about different vineyards. Thus, our first package might be represented as
follows:

e : (seftl, 125 persona) with c(e) = suitable

whereas a new package to be classified might be represented by
Enhew . (seB5, 195 mail) without classification, i.eG(€new) =?.

In these instances the first argument (setl and set25, respectively) is objgpe and
refers to further information in the background knowle@jesuch as:

% set ID, cheese type, weight, and origin of cheese
cheesésetl, camembertl50 france

cheesése5, roquefort 200, france)

cheeséseP5, ricotta, 100, italy)
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% set ID, vineyard ID, vintage year, and bottle size
wine(setl, mouton 1988 0.75)

wine(setl, gallo, 1995 0.5)

wine(se5, mouton 1995 0.75)

% vineyard ID, popularity, size, country
vineyardgallo, famouslarge, usa
vineyardmouton famous small france)

Note thatB contains both general background knowledge and knowledge specific to in-
dividual instances. This particular example uses the function-free representation of Emde
and Wettschereck (1996); below, we also allow arguments ofdypstant  (with custom
defined distancesl)ist (which may contain lists), and arguments of typem (which
may contain arbitrary first-order terms). Thus, the exact task considered in this paper is
defined as follows.

Given:

e asetof exampleg, each described by a set of attributds, . . ., A,} of typenumber,
discrete , object ,constant ,list ,orterm,

e atarget valukc(e) for everye € E,

e background knowledgés consisting of first-order atoms with arguments of type
number , discrete , object ,list , orterm , and

e a set of unseen instancEse,, each described by the same attributegas

Find: A predictionc’(e) of the target value for eadhe Enen.

3.2. Similarity Computation irIBL

To compute the similarity of two first-order instances, naturally we want to take into account
not only the attributes of the instances, but also the available background knowledge. To this
end,RIBL uses a recursive descent strategy similar to the one employed in Bisson (1992b).
We first illustrate the idea using our wine and cheese running example (see also figure 1).
So assume we want to comparanden.,. For the arguments expressing price and delivery
mode, we simply rely on the standard distances for numerical and discrete attributes. To
compare the object identifiesetl andse®5, however, we first collect all we know about
these two objects from the background knowledge. In our example we obtain the two sets
Lsen andLgeps Of logical atoms

Lsen = {cheesésetl, camembertl50, france),
wine(setl, mouton 1988 0.75),
wine(setl, gallo, 1995 0.5)},
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Figure L The recursive scheme for computing the similarity betweandeney.

Lseps = {cheeséseP5, roquefort 200, france
cheesése®b, ricotta, 100, italy)
wine(se25, mouton 1995 0.75)},

respectively.
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We now have to compute the similarity between these two sets of atoms. We do this
separately for each predicate that is used, and then average across all of them. So taking
the atoms using “wine” as an example, we get the subsets

Lin = {wine(setl, mouton 1988 0.75), wine(setl, gallo, 1995 0.5)},
Leps = {wine(se5, mouton 1995 0.75)},

respectively. For each atom in the smaller set, which in this case is tif ggtfor enew
we determine which of the atoms in the other set is most similar. Thus in our example we
compute the similarity between

wine(se25mouton1995,0.75) and wineétl,mouton1988,0.75),
and between
wine(se5mouton1995,0.75) and wineétl gallo,1995,0.5).

To do this, we apply the same principle recursively: We treat the two atoms as instances to
be compared (however, we ignore the first argument to avoid infinite recursion). Thus in our
example, we use the basic similarity measures on the third and fourth argument and collect
further background knowledge about the objeatsutonandgallo, i.e., for the second pair

of atoms we need to compare the sets of literals

{vineyardgallo, famouslarge, usa} and
{vineyardmouton famous small france}.

Once we know the most similar partner for each literal of the smaller set, we sum up all
these similarities and normalize with the size of llugier set. This is done to ensure that
with an increasing number of extra literals in one of the sets, similarity becomes smaller
(if one of the sets is empty, similarity is O for this pair of atom sets). In our example
the most similar atom for wines€25mouton1995,0.75) is winegetl,mouton1988,0.75),
the similarity of which is divided by two since the larger set contained two atoms. A
similar computation is made for the cheese literals, arriving at the overall similarity for
sefl andse®5 by adding the cheese and wine literal set similarities, and dividing by
two.

In our example, we have used all of the available background knowledge; for larger
problems, a depth bound is used to ensure limited effort for the recursive computation.

We precisely define the similarity computation as follows. Bét, 1) denote the set of
background facts containing at least one object from the arguments of an instanddet
B(e, d+1) € B\Uid=l B(e, i) denote the set of facts containing at least one object occurring
in a fact fromB(e, d). Note that the above language includes propositional representations
as special cases. For instance, in our exanifleneyw, 1) is the setleeps.
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The similarity function used briBL to compare two instances ande, with attributes
As, ..., Ay with respect to background knowledffas defined as

SM(B, €, &) 1= == . (5)

The algorithmic definition of the termi@iLARITY in (5) is given in Algorithm 1. In
the algorithm we generally usgi] to denote the-th argument value of an atoey or
thei-th element of a lise. Furthermore, by @-atom we mean an atom with predicate
symbolg. The algorithm computes, in the context of compagn@nde,, the normalized
similarity between theth arguments of the atong, andl,, wherel,, andl, are both of
depthd with respect tae; ande,. (For the sake of consistency, we define the depth of an
instance to be 0, and also refer to instances as atoms.) We use the similarity measure of
Section 2 for arguments of typeimber , anddiscrete , respectively (see Lines 3, and 5
in Algorithm 1). In order to compare objeats, ando; (i.e., arguments of typebject ),
the algorithm first checks whethdras already reached the value of the depth parameter.
If yes, it outputs 1, or 0 depending on the truthaaf= o, (Line 8). Otherwise, we first
collect fromB the sets; of literals with depthd + 1 containingo; (Line 12) fori = 1, 2.
The similarity betweel;, ando, is defined by the similarity between the sgts and.L».
The comparison of two sets of facts is based on a similarity measure between two facts. In
RIBL the similarity between two facts is reduced again to the similarity between arguments
thus making the algorithm recursive. The formal definition of similarity between facts is
given by Swm; in Line 18.

Now we can turn back to the problem of similarity between the SgetandL; induced
by 01, andoy, respectively. LeP; denote the set of pai(g’, k) for which there is &’-atom
in £; such that itkth argument i; fori = 1, 2. For each argument positiéq’, k) from
P1 U P, we collect they’-atoms from£; (resp. L£2) with kth argumenb; (resp.oy). From
these two sets lef; ., denote the set that has greater or equal cardinality,Zndthe
other one (Lines 16-17). For each atom frdry,, we choose its most similar atom from
L0 @nd take the sum of the similarities of these pairs of atoms divided by the cardinality
of Lmax (fraction in Line 18). Finally, the similarity betweem, ando, is computed as
the sum of the above similarities for eveiy, k) € P1 U P, divided by the cardinality of
P1 U P> (Line 20).

4. A similarity measure for lists and terms

In order to directly computer similarity of instances with non-flat components (lists, terms),
we have chosen to rely on the ideaedfit distancedetween objects. Intuitively, with an

edit distance, we are given a set of edit operations (insert, delete, change) with an associated
cost functior that tells us how expensive it is to delete or insert an element of our alphabet
¥, or how expensive it is to change one element into another. The edit distance is given by
the smallest cost sequence of such operations that turns the first object into the second, and
there are efficient algorithms for computing it (see below).
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Input: 1,1, areg-atoms of depthd, 1 <i < p(Q).
Output: Normalized similarity between thi¢gh arguments offy, I,
respectively.
1:leto; = |1[|], 0y = |2[|]
2:if Type (q[i]) = number(a,b) then

return 1 — |—0é_—02|
:else ifType (q[i]) = discrete  then

4

5: return 1if 0o, = 0y, and 0 otherwise
6: else ifType (q[i]) = object then
7.
8

w

if d = DEPTHthen
return 1if o, = 0,, and 0 otherwise
9: elseifo; = 0y then
10: return 1
11: else
12: letL; = {l € B(ej,d + 1) : ojoccursinl}
13: forj =1,2let

P; = {(d, k) : g’ is a background predicate, 4k < p(q’),
there exists @'-atoml € £; such that[k] = o}

14: S=0

15: forall (g, k) €e PLUP,do

16: letl; ={l € £j :| isa g'-atom, and[Kk] = oj} for j =1,2
17: letL,, be the smaller set frond’, £5, and letl,, denote

the other one
max SiMji(B, ey, &, d + 1, Ix, ly)

€
' y max
Ixe min

18: S=S+

| L maxl
where
SMllt(Bv el5 e2’ d + 15 IX7 Iy) =
ZSMILARITY (B, e, e,d 41,1y, 1y,i")

“ | i‘el

with I ={u:1=<u=<p(d),Ix[u] #o01VIx[u] # 0z}

19: end for

. S
20: return PrU P,
21: endif
22: end if

Algorithm 1: SIMILARITY (B, €1, €, d, 11, 12,1)

In the following, we will precisely specify the edit distance measure used in the current
version ofRIBL (henceforth referred to assL 2.0). Even though both constants and lists
could be considered as terms, we distinguish them from each other for the sake of efficiency
(see Section 4.4).
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4.1. Constants

An argumenttypeonstant is given by a set of constant symb&lgnstan@nd a 1-bounded
semi-metrics on Teonstant Thedistancebetweern, b € Y constantS then defined directly by
8, 1.e.,

D|STconstan{a» b) = 5(3-’ b)-

We note that the argument tydiscrete  can be considered as a special case of this type.

4.2. Lists

Let £(Zyst) be the set of finite lists over the alphat®t;, and letZs, ;. = Xjist U {L},
where_L denotes thempty list ||| denotes théengthof the listl € L£L(Z)st). Consider the
following operations on the elements 6{Z)s):

— insert(l, i, a): insertsthe symbok € X5 before tha -th symbol inl,
— deletdl, i): deleteghei-th symbolinl,
— changel, i, a): changeghei-th symbol inl to anewsymbola

foreverya € Y, | € L(Zjist) andi = 1, ..., |I|. Thus, an operation can be considered as
an application of aewriting rule a — b for a,b € %y 4, i.€., insert, delete and change
correspond to the application of a rewriting rule— a, a — 1 anda — b, respectively
(a,b#1).

Letly, 1, € L(Z)isy). We say thak, can bedirectly derivedrom|; (denoted by; = 1,) if
there exists an operation that produglsom ;. Thederivation(denoted by, =7 . I2)
is thereflexive, transitive closuref =. The indexo; - - - o, denotes the sequence of the
applied rewritingrules. Aist  typeis given by a 1-bounded metric spa&gs: . , §). Here,
5(a — b) is considered as theostof the rewriting rulea — b for everya, b € Xy .
Sincesd is a metric, it can be given by a symmetdast matrixwith zero elements in its
diagonal. Theeditor Levenshtein distanédetweerl, |, € L£(Zjit) is defined by

EDITDISTiist (11, 12)

n
= min Z(S(ai) : 3o1,...,0nsuchthat; =% Iz}.
i=1

Sinceé is a distance metric o®is |, EDITDISTj IS @ distance metric 08 (Zyist). The
next theorem is a special case of Theorems 2 and 3 in Wagner and Fischer (1974):

Theorem 1. Letly = [ag,...,a&n],l2 = [by,...,bn] € L(Zst), and (Zjis, 1, 8) be a
metric space. Let [} denote the edit distance betwefm, ..., &], and [by,..., bj]
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Table 1 The distance matrip; ;.

1L c u u a g c u c
L 0 1 2 3 4 5 6 7 8
c 1 0 1 2 3 4 5 6 7
c 2 1 1 2 3 4 4 5 6
u 3 2 1 1 2 3 4 4 5
a 4 3 2 2 1 2 3 4 5

fori =0,...,n,and j=0,...,m. Then
j

i
Doo =0, DO,]' = ZS(J_ — by), Dio= Z(S(ak — 1), and
k=1 k=1

Di,j = min(Di_1j-1 + 8@ — bj),
Di_yj+dé@ — 1), Dij_1+ (L — bJ))
foreveryij > 0.
By Theorem 1, BITDISTjist(l1, I2) can be computed iimeandspace @mn).
Example2 LetZjs={a, c, g, u}, ands bethe trivial metric orEjis; | . Letl; =[c, ¢, u, a,
andl>=[c,u,u,a,g,c, u,c]. Thevalue ofD; ; fori =0,...,4,andj =0,..., 8is given

in Table 1. The edit distance iDEDISTjist(I1,12) = D4g = 5.

Animproved algorithm for computing the edit distance between lists and the next theorem
can be found in Ukkonen (1985).

Theorem 3. The edit distance d= EDITDISTist(I1, |2) between listsql and L can be
computed in time and space

O(d - min(|l1], [I2))) and O(min(d, [l1], [I2])),
respectively.

We define distance between listsRiBL as:

EDITDISTjist (11, |2)
max(|l1], [12])

DisTist(I1, 12) =

(6)

Proposition 4. If (Zst.1, 8) is a 1-bounded metric space thdhsTg; is a 1-bounded
semi-metric onC(Xjist).
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Proof: Since BITDISTjg is @ metric onL(Zjist), DISTis; satisfies Conditions (1)—(3)
defined in Section 2.1. We show that (6) violates the triangle inequality. Consider the
alphabetzjs; = {a, b} with the trivial metrics. Then

DisTist([a, b, [b, a]) = 2/2
> DisTist([a, b], [a, b, a])
+ DisTiist([a, b, a], [b, a])
=1/3+1/3.

As § is a 1-bounded metric OBjig; i ,
EDITDISTjist (11, [2) < max(|ly], [I2])

for everyly, I, € L(Zst). Hence, DsTjg is also 1-bounded. O

4.3. Terms

In RIBL 2.0, terms are considered beled ordered treeand hence, the distance between
terms is computed as theglit distancebetween labeled ordered trees.

Let Ziwerm be an alphabet. We note that., is not arankedalphabet, i.e., no arity
function is assigned t&m. The set of alfinite terms with nodes labeled by the elements
of Zierm including theemptyterm (L) is denoted by7 (Zierm)-

For a given ternt € 7 (Ziem), |t| denotes the number of nodestofandt[i] (1 <
i < |t]) denotes theth node oft according to the preorder traversal tof Let t;, and
ty be terms from7Z (Ziwem). A mappingfrom t; to t, denoted byM;,_.+,, is a subset of
{1,..., 1]} x {1, ..., |[t2|} such that for everyiy, j1), (i2, j2) € M it holds that

(i) i1 =iiff j1 = jo,
(II) il < i2 iff jl < j2,
(i) t1[i1] is an ancestor (resp. descendant)fit] iff t1[j;] is an ancestor (resp. descen-
dant) ofty[ j2].

A mappingM;,_.1, can be considered as a one-to-one correspondence between subsets of
nodes oft; andt,, respectively, such that by deleting the 'untouched’ nodes ficendt,,
respectively, the remaining terms are identical up to relabeling. For a detailed discussion
of mapping the reader is referred to Tai (1979). If there is no confusion we define a
mapping by using the nodes’ labels instead of their positions according to the preorder
walk. Furthermore, if; andt; follow from the context we writeM instead of\;, .+, .

Example 5 Consider the terms

ty = a(b, c(d, e(f,g),h)) and t, =a'(c(d, e(f, g), h), b).
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Figure 2 Mapping between two terms.

ThenM; = {(a, &), (b, ¢)} is a mapping front; to t;, as the corresponding positions
{(1,1), (2, 2)} according to preorder traversal satisfy conditions (i)—(iii). Note that the
treesa(b) anda’(c) obtained fromt; by deleting the nodes, d, e, f, g, h and fromt; by
deletingly’, d, e, f, g, h, respectively, are identical up to relabeling.

M, = {(a, @), (c, ¢), (d,d), (e, e), (h, h), (f, ), (g, g)} is also a mapping between
andt, (see figure 2).

A mappingM between terms;, andt, defines a transformation frota into t, by the
following sequence oédit operations:

— deleteeach untouched node frotn (i.e., each node of t; such that there is no pair
(X, y) € M for anyy), then

— inserteach untouched node Bfwith its corresponding label (i.e., each nodeft; such
that there is no paifx, y) € M for anyx), and then

— for every(x, y) € M such thatx, y have different labelgeplacethe label ofx by the
label ofy.

The above edit operations on terms can also be considered as applicatems kwrit-
ingrulesa— b (a,b e Xmy anda — b# L — 1). Lets be a 1-bounded metric on
Zerm - As for lists,é is considered as eost matrixfor the term rewriting rules. Theost
of a mappingM betweert;, t, is the sum of the costs of the applied term rewriting rules
transformingt; into t,. Theedit distancebetweent,, t;, denoted by BITDISTierm(t1, t2),
is the cost of the mapping with the smallest cost with respeét ince(Ziem, 8) is a
metric space(7 (Xierm), EDITDISTierm) IS also a metric space.

The algorithm for computing the edit distance between terms and the following theorem
can be found in Zhang and Shasha (1989) (we denotiepth(t), andleavest) the depth,
and the number of leaves of the termespectively):
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Theorem 6. The edit distance between termsahd t can be computed in time

O(Jt1] x |tz] x min(depthty), leavest;)) x min(depthty), leavest,)))
and space Q| x |to]).

In contrast to lists, in the next example we show that talx |t2|) is notanupper bound
on EDITDISTerm.

Example 7 Let § be the trivial metric on{_L, a, b, c}, and consider the terms =
a@---(@))---) (i.e., achainof a’'s) andt,=b(c, ..., c) with |t;| =tz =n. The edit
distance between the two terms is 2 2.

Althoughi|t;| + [t2| is an upper bound onETr DISTiem(ts, t2) for every 1-bounded metric
space(Zierm 1, 8), andty, to € 7 (Zierm), We normalize with another function measuring
thestructural differencef t;, andt, and giving a tighter upper bound.

Let M;,_,, be a mapping. By the definition of mappind, is a set of ordered pairs. We
denote by/; (M) (resp.U>(M)) the set of nodes df (resp.t;) untouchedy M. Thesize
of a mapping is defined by

SizgM) = M| + [Ur(M)] + |U2(M)]. @)

Theoptimal mapping NP"1is a mapping with the smallest size.

1—~>12

In RIBL distance between terms is defined by

EDITDISTierm(t1, t2)

DisT t1, ) = - . 8
term( 1 2) SIZth?E;L) ( )

Example 8 Lett; = a(b, c(d)), andt, = a(b(d)) be terms.
EDITDISTierm(ty, to) = 2

using the trivial metric. The optimal mapping is
MEPT = {(a, ), (c, b), (d, d)}.

t1—t

Sinceul(MOPT) = {b}, anduz(MOPT ) = @,

t1—>t t1—t

sizMPPT) =3+1+0

t1—ts
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by (7). Applying (8) we get
DiSTeerm(t1, t2) = 2/4-

In rRiBL, sizd MPFT ) is computed as follows: lefh/a (resp. to/b) denote the terms

t1—t

obtained front; (resp.t,) by replacing the label of each node witresp.b). Then

siz§ MPFY ) = EDITDISTiem(t1/a, to/b)

t1—>t2

using the trivial metric of_L, a, b}.

Proposition 9. If (X1, d) is a 1-bounded metric space thé&nSTiem, is a 1-bounded
semi-metric ory (Zierm).

Proof: Since DSTiem iS a metric onZ (i), and the size of a mapping between terms
is symmetric, (8) satisfy Conditions (1)—(3). However, it does not satisfy the triangle
inequality, e.g. let{_L, a, b}, §) be a trivial metric space, and consider the teatts, and
b(a). Then

DiSTerm(a(b), b(a)) = 2/2
> DisTierm(a(b), a(b(a)))
+ DisTerm(a(b(a)), b(a))
=1/3+1/3.

It remains to be proven thati®rerm is 1-bounded. Let, t; be terms, and;, ., be any
mapping. Sincé is 1-bounded,

Siz&M,_.t,) > EDITDISTerm(t1, t2). )]

As M is any arbitrary mapping frorq to t,, (9) holds forMCFT as well. O

t1—>to

4.4, Lists asterms

The standard term representation of lists is given by the function synhand the empty
list L (or [] in the standard Prolog notation). However, in this representati@sT;{pand
DisTerm may differ on the same lists, e.g.

2/2 = DisTist([a, b], [b, a])
7é D|STterm((a, (bs J—))1 (b3 (av J—)))
=2/5

using the trivial metric o L, a, b}.
As an alternative, ldt=[ay, . .., ay] be alistin£(Zjist). Thechain termrepresentation
oflisai(ax(-- - (ay) - - -). Letl{, and$§ denote the chain representationkck [ay, . . ., ai],
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andlz = [by, ..., by], respectively. Since BETDISTjit(I1, I2) = EDITDISTiem (5, 15), and
max(ll1|, |lz)) = siza ML),

DISTliSt(Ilv |2) = D|5Tterm(|i:a |§)

for every metric used in both representations.

Applying Theorem 6§, and$, the edit distance of lists in the chain term representation
can be computed i@(mn). The reason why we handle lists and terms separately is that
the time and space complexity for computing edit distance between lists given in Ukkonen
(1985) is always as good as the complexity of computing their edit distance in the chain
term representation, and the norm function of lists can be computed in linear time.

4.5. Definings for the alphabets

In Sections 4.2 and 4.3, we have treated list and term distances as basic (non-recursive)
distance functions which rely on metriésfor comparing individual symbols from the
alphabet. Clearly, one possibility is to use user-defined metrics which allows the encoding
of additional domain knowledge of the user. Another attractive possibility is teBs&s

basic idea again, and compute the editing cost of two symbols by esntg similarity
measure.

To do this, the elements of the corresponding alphabet must be considered as objects
that are further described in the background knowledge. Each object is considered as an
instance (without a target value). In contrast to the original IBL prediction problem, we are
interested only in the similarities between such instances. These similarity values are then
used for determining the editing costs between the corresponding symbols.

The editing cost$ on an alphabeE can be computed automatically by the following
two steps:

1. we compute demi-metrics’ on X by recursively recallingIBL’S similarity measure,
ie.,

§'(a, b) := 1 — SIMILARITY (B, (a), (b), 0, (a), (b), 1)

(we use notatiorix) for denoting the instance correspondingdo
2. and then we transform it intoraetricé by

8(a, b) = min(1, §'(a, b) + C) (10)
for everya, b € Zierm 1, whereC is the maximum of

8/()(7 Y) - 8/()(’ Z) - 5/(27 y)
2

for everyx, y, z € X violating the triangle inequality.
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5. Empirical evaluation

In this section we discuss our experiments with the revised versi@msof(RIBL 2.0) in

a real-world domain, thenRNA signal structure predictioproblem. The experiments

are designed to show that the addition of lists and terms enables the easy construction of
background knowledge representing complex objects, and that this representation leads to
excellent results on a significant real-world problem, greatly improving on sinwakr,
1.0-style background knowledge. In fact, the mRNA application can also be considered a
success in terms of the application domain (Bohnebeck et al., 1998Db).

5.1. mRNA signal structures

Protein synthesis involvegianslationstep of copying specific regions (the genes) of DNA
into a complementary strand of RNA. RNA molecules thmdiatebetween the spatially
distinct localizations of information storage (i.e., the DNA) and protein synthesis are called
messengeRNA (mMRNA). Beside the genetic information on the amino acid sequence of
proteins, mMRNA contains two regions, calladtranslated regionsthat do not code for
protein. These untranslated regions contain continuous parts, sajlel structuresthat
control gene expression at the posttranscriptional level. Depending on their biological
functions (i.e., regulatory roles during protein synthesis), signal structures are grouped
into different signal structurelasses

In general, RNA is composed of a linear sequence of the four lzaagne(A), cyto-
sine(C), guanine(G), anduracil (U). This sequence is ifgrimary structure In contrast
to DNA, RNA is asingle-strandedand relatively short molecule. The linear sequence
of an RNA folds back on itself thus giving the RNAtharee-dimensionatonformation.

The three-dimensional conformation contains local regions of short complementary base-
pairing, i.e., the two stable Watson-Crick base pairs A-U, G-C, and the weak G-U. The
secondary structuref an RNA is defined as the collection of the base pairs occurring in its
three-dimensional structure (see Figure 3). Such a secondary structure can be viewed as a
tree (Shapiro & Zhang, 1990) with nodes, also calgdicture elementgorresponding to
continuous regions that belong to bagatterns® This observation holds for signal struc-

tures as well (i.e., the secondary structure of a signal structure can be considered as a tree),
as their primary structures are (continuous) subsequences of the RNA's primary structure
(see also the right upper part of Figure 3 for a signal structure).

Since the biological function of a given signal structure class is based on the common
characteristic binding site of its instances, signal structures belonging to the same class
are not necessarily identical buery similarto each other. They can slightly vary in
their topology, in the sizes of their structure elements, and in their primary structures (see,
e.g., Figure 4 for instances of the Iron Responsive Element signal structure class).

5.2. The learning task and data

In this field of research, one of the challenging problems for computational biology is to
detectinstances of known signal structure classes on uncharacterized mRNA. In order to
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Figure 3 mRNA structure with marked structure elements.
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Figure 4 Example for IRE signal structure instances and the corresponding consensus structure described in
the IUB-IUPAC code.

solve this problem, one has to consider the related problepmeafictingthe class of an
uncharacterized signal structure. That is, wegiven

— a set of signal structurds, each identified by a single attribute of typbject , and
background knowledgg describing the structure of each instance with structure elements
as determined by biological analysis software,

— each signal structure B is associated with a target value representing its signal structure
class,

— a set of uncharacterized (i.e., without class information) signal struckygs each
described in the same way Bs
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The aim is tofind a prediction of the signal structure class (target value) for each
e € Enew

For our experiments, two different example sets were used. The first example set consists
of 66 signal structures, composed of 15 IRE (Iron Responsive Element) (Klausner, Rouault
& Harford, 1993), 15 TAR (Trans Activating Region) (McCarthy & Kollmus, 1995, 25
SECIS (Selenocysteine Insertion Sequence) (Low & Berry, 1996), and 6 histone stemloops
(Belasco & Brawerman, 1993). This example set was used for detailed comparative experi-
ments with different representations and background knowledge. To confirm the scalability
of the accuracy figures that were obtained, a second experiment was carried out on a larger
example set containing 400 signal structures by using the term representation (Bohnebeck
et al., 1998b).

5.3. Background knowledge and representations

As mentioned above, training and unseen signal structure instances were described in
each representation by a single attribute of tgbpgect pointing to facts on structure
information in the background knowledge. Thus, the difference between the experiments
is in the complexity and representation of the background knowledge.

5.3.1. Flat representations. In these representations we have used neither lists, nor terms.
The most simple description of signal structures isdhainrepresentation, in which they

are considered as simple sequences of structure elements. Depending on its type (i.e., is
it a singlesequence, or helical consisting of two attached sequences), itfiiestructure
element of a signal structure is described by a background fact of the form

<setype>(structid, i, size base$ or
<setype>(structid, i, size basesbase}

where <setype> is a background predicate symbol from the &t&m, hairpin, bulge5,
bulge3, singlé defining the type of théth structure element s of typenumber). Argu-
mentsizeof type number stores the length of the primary structure of the corresponding
structure element. Finalljpasesof typediscrete is a special symbol representing the
nucleotid sequence of thi¢h structure element (i.e., the whole sequence is coded by a
single symbol in this representation).

The other flat representation we investigated is nk@hborrepresent, which is the
chainrepresentation extended by additional information on the neighborhoods of structure
elements: for each element, both neighboring elements were represented explicitly.

5.3.2. Representations with lists The two representations used here are basically the same
asinthe previous case, butinstead of tyljserete  , we usedtypést (overthe alphabet
{A, C, G, U}) for describing sequences in argumenases
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Figure 5 The representation and the tree structure of a SECIS signal structure.

5.3.3. Representation with termsln this representation (see also Figure 5) we described
the tree structure of signal structures by using background predicates of the form

structuresgtructid, topology
singlegeid, type size base$
helicalseid, type size basesbases.

Argumenttopology of type term is the tree structure of the signal structure identified

by structid. Its nodes are structure elements identified by the arguseidat, and are
further described by the last two predicates. Depending on its type, a structure element is
represented by either tisingle4 or thehelical’5 predicate. Their second argument of type
constant is used to describe the type of the structure elementidentified by argsmieint

(this information was stored by using different predicate symbols in the flat representations).
Finally, the last argumentsize andbasesare the same as in the case of representations
with lists.

5.4. Definings for the different types

In this particular application, we have used a manual definitiohfof constants (referred
to asdconstantin the following), the trivial edit costs for the list alphaljet, C, G, U}, and
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the recursively computed editing cost as defined in Section 4 for the nodes of terms. The
values 0fSconstantwvere as follows:

1 single bulge3 bulge5 hairpin stem

L 0 0.03 0.03 0.03 0.90 0.03
single 0 0.03 0.03 0.18 1.0
bulge3 0 0.06 0.12 1.0
bulge5 0 0.12 1.0
hairpin 0 1.0
stem 0

These are heuristic costs and still under development. Two properties are essential. First,
helical and single-stranded regions are morphologically substantially different and should
therefore notbe mapped. Secondly the hairpinloop takes up an exceptional position because
its insertion or deletion produces also a quite substantial morphological difference.

5.5. Results and discussion

In order to compare the different levels of representation and background knowledge, ex-
periments were performed using the smaller of the two example sets. Each experiment
was performed using leave-one-out cross-validation, determining the best véloa tife
training instances, and then classifying the held-out instance. The following table shows
the results, where times were taken on a Sun Ultrasparc with OS Solaris 2.5.

background knowledge/ accuracy cpu time
representation depth (%) k (sec)
chain 1 77.2 1 0.5
chain with lists 1 78.8 1 4.3
neighbor 2 83.3 3 2.8
neighbor with lists 2 83.3 1 155
term 1 95.4 1 32.8

As can be seen in this table, making the list and term background knowledge available has
had significant influence on the obtained accuracy, ultimately reaching a level which can be
considered as a success in the domain (Bohnebeck et al., 1998b). To confirm the scalability
of this result, the final experiment was repeated in the larger example set containing 400
signal structures, yielding a similar level of accuracy:

background knowledge/ accuracy cpu time
representation depth (%) k (sec)

term 1 96.2 3 9861.0
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As for differences between experiments, besides the remarkable overall increase in accu-
racy, we see that in this particular domain, the information contained in the base sequences
represented by lists did not produce a marked difference in accuracy. To understand why
this is so, recall that in thehain representations a structure was basically considered as
a linear ordered set of its structure elements. The linear ordering was described by an
attribute of typenumber thus not supporting the direct reference to a next or previous
structure element. This was improved by treghborrepresentation. The whole topology
was described adequately by tieem representation. In other words, as suspected by the
domain experts, the mRNA signal structure problem appears to be inherently structural in
nature, and the topology of the molecule, whiciigL 2.0 can easily be represented using
terms, seems to play an important role in prediction.

The experiments also show a marked increase in computation time when terms are used.
This is due to the optimizing nature of the edit distance measure which considers the
optimal mapping of one term to another. Clearly, this leads to very effective use of the
information contained in terms, but may mean that running time becomes problematic for
very large applications. Thisis thus one of the concerns for future work (order-of-magnitude
optimizations appear possible e.g. through the use of distance caching), and we are planning
to work on a re-implementation of the system.

6. Related work

As an IBL systemRiBL is of course related to the large body of work on instance-based
learning, e.g., Aha et al. (1991), Salzberg (1991), Wettschereck and Dietterich (1995). For
all variants of IBL that are exclusively based on similarity measures, these variants could be
used as a basis fersL without problems. For feature weighting approaches (Wettschereck
et al., 1997), as pointed out above, the more powerful representatraLofequires dif-

ferent weighting schemes, which have been developed by Emde and Wettschereck (1996).
Finally, IBL approaches that rely on generalized prototypes or generalized regions in in-
stance space (Salzberg, 1991) do not carry over directly, since in afirst-order space, different
generalization operators would have to be used. Of course, it would be an interesting topic
of further work to see whether for example restricted first-order LGGs (least-general gen-
eralizations) are suitable for this purpose.

As for the distance measure usedRrIBL, it is most closely related to the recursive
computations used in the KBG system (Bisson, 1992a); there, however, they were not
used as the basis of an instance-based learning approach, but rather to select objects for
generalization. FurthermorriBL’s similarity measure can be regarded as a generalization
of propositional similarity measures, which is not the case in Bisson (1992a).

Recently, several other measures for first-order distances have appeared which we briefly
want to contrast witlRiBL's measure. Two different ways are distinguished in the lit-
erature of distance definitions for first-order loggemantical(Sebag, 1997) andyn-
tactical (Hutchinson, 1997; Nienhuys-Cheng, 1997; Nienhuys-Cheng, 1998; Ramon &
Bruynooghe, 1998) distances. A semantical distance maps the first-order space into an-
other space by redescribing it in terms of a number of given or learned elementary concepts.
Thus, the form of description of the instance is not directly used in similarity computation.
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RIBL belongs to the second direction, the syntactical measures, which compute distances
directly from the representation of instances. In contragtgo, where distance between
atoms is recursively computed based on other background knowledge atoms, most other
syntactical first-order distances are based on introducing an appropriate basic metric or
pseudo-metric on ground expressions (i.e., on terms and atoms), and then using this basic
metric to induce a metric on clauses. Thus, it appears useful to compare such basic metrics
on terms withriBL's term distance metric which is based on edit distances.

6.1. Distances onterms

First, we discuss the relevant results on distances between expressions. By using simple
examples, we also show that the behavior of the term editing distance differs fundamentally
from the term distances of Hutchinson (1997), Nienhuys-Cheng (1997).

In Hutchinson (1997), a family of pseudo-metrics between tefraadt; is defined by

D1 (t1, ) = S(61) + S(62)

whereg; is themost general unifieof t; andlgg(ts, to) (i.e., theleast general generalization
(Plotkin, 1970)) foii = 1, 2, andSis asizefunction on substitutions (see Hutchinson, 1997
for the details).

For two terms with small edit distance, the pseudo-distance with the size furgtion
substitutions given in Hutchinson (1997) may be unreasonably large. Another property
of this pseudo-metric is that the distance between the standard term represeritations
s"(L)) of two different natural numbers is always a constant dependirg arhile it is a
function ofn andm, in our case (see Section 6.1.1).

In Nienhuys-Cheng (1997), the 1-bounded recursive m&ics defined as follows:

DZ(f(sls-'~’S'l)s g(tlv"'9tm))
0 if f=g,n=mandti =5 fori=1,...,n

1 _ -
i=1
1 otherwise

Theideaisthatthe positions of the differences are implicitly weighted (i.e., distance on lower
position has higher weight). Considering the term representations of lists,
(Nienhuys-Cheng, 1997) does not take into accounttiféx of the longer list, i.e., the
distance betweeln andl; is equal to the distance betwelgrandl, + I, for all listsly, I5, |

with |lI1] < |lI2|. Furthermore, it may happen that terms with big and other terms with small
edit distances may have very close distances by Nienhuys-Cheng (1997). In the case of
distance between different natural numbers, the result is independent of the larger number
(see Section 6.1.1).

6.1.1. Quantitative comparison of metrics on examples§ince D; is a pseudo-metric
with no upper bound, anB; is a 1-bounded metric on terms, we compBreand D, with
EDITDISTierm and DSTierm, respectively. We consider the following three cases:
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Table 2 Comparison of different distances on terms.

Terms D1 EDITDISTierm D2 DISTierm
(t1,1,t1,2) n+1 2 @ ﬁ
321
(t21.12,2) 2 n % 1.
(t3.1,13.2) 2 n—-m 2-m n-m
1. Letf,a,...,a, (n> 1) be different symbols and consider the terms

ty1= f(a, f(ag, - f(an1,an) )
tio= f(a, f(as, --- f(an—1, @) ).

2. Let f, a, a be different symbols and consider the terms

th1= f(a, f(ag, - f(ag,a)---)
tho = f(ap, f(ap,--- f(ag, @) )

with |t2y1| = |t2’2| =2n-1 (n > 1)

3. Lets" (L) denote then applications of the unary function symb®|(successor) ta.,
i.e., s"(L)denotestheinteger(n > 0). Lettz; = s"(L) andtz, = s™(L) for some
n > m > 0 (all the distances are 0 for= m).

Table 2 contains a comparison of the different term metrics on the above terni; (fox
used the size functio8 of Hutchinson (1997) withwt, = 0 andwt, = 1fori =1,...,n
and the trivial metrics for the edit distances).

6.2. Distances between sets of literals

One of the most frequently used extension of a distance between expressions to a distance
between sets of expressions is the Hausdorff-metric (Hutchinson, 1997; Nienhuys-Cheng,
1997) defining the distance between sg§tsandS; by

max( maxmin DIST(X, y), maxmin DIST(X, y)),
XeS yeS XeS yeS

where DsST is a metric. Although it can be computed@x|S,| - |S|) for finite sets, and
remains a metric, by reducing the distance between sets to a distance between two chosen
points it “loses” the information on the whole sets.

Following the approach of Eiter and Mannila (1997), the distance between two sets of
atoms is considered asweighted matchingroblem in Ramon and Bruynooghe (1998),
where the weights are defined by the distance between the literals. Although this distance
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has a number of nice properties, its complexity is cubic in contragtgo's quadratic
complexity (see Lines 17-18 in Algorithm 1).

7. Conclusion

In this paper, we have presented the most recent version of the relational instance-based
learning systenriBL (RIBL 2.0). After giving a detailed reconstruction of the original

RIBL algorithm and similarity measure which was limited to function-free representations,
we presented an enhanced similarity measure that can directly handle lists and terms in
instance descriptions. As shown by experiments in the domain of mMRNA signal structure
classification, significant additional power is gained by adding list and term descriptions
to the background knowledge. Lists and terms have also proven useful in experiments in
other domains, such as part-of-speech tagging for the Hungarian languagat{iHeiral.,

1999).

While these experiments, and previous experiments with the first versioBLoindicate
thatriBLS similarity measure is general enough to produce excellent results on a variety
of domains, we must of course emphasize that there can be no “best” similarity measure
across all problems and goals, so that in other situations, other similarity measures might
be preferable. For example, in contrast to Hutchinson (1997), Nienhuys-Cheng (1997),
RIBL’s distance measure &able meaning that small changes on a term do not cause big
distances. This is usually desirable, but may not always be appropriate. Finally, as with
most ILP systems, learning successH@L also depends on how background knowledge
is represented; here, the addition of lists and terms increases flexibility and allows the user
to better fit the background knowledge to the problem domain.

As for future work, above we have already remarked upon further potential for complex-
ity optimization. FirstlyRIBL 2.0 currently uses a non-optimized implementation that does
not use indexing nor caching, so that order of magnitude improvements appear possible by
eliminating recomputation of previously computed distances. Secondly, further improve-
ments are possible within the algorithm for similarity computation which currently checks
all literal matches to find the best partner for each literal. Here it would be possible to use a
stochastic approach instead, along the lines of the stochastic matching principle introduced
by Sebag and Rouveirol (1997), Sebag (1998). Thirdly, the size of an optimal mapping
between termsg;, andt, is currently computed iRIBL by EDITDISTierm(t1/@, t2/b) using
the trivial metric on{_L, a, b}. As this is a special case of Theorem 6, it might be possible
to find a faster algorithm here.

Furthermore, there are some areas where it appears attractive to further enhance the
current similarity measure. Firstly, throughout this paper terms have been considered as
labeled ordered trees, i.e., the arities of the function symbols (labels) have not been taken
into account. In certain situations, it might be desirable to be able to differentiate between
different arities or even automatically extend a given distance measure to varying arities.
Secondly, in this paper, lists and terms have been defined above alphabets consisting of
only constants It appears interesting to extend the similarity metriatbitrary lists and
terms, i.e., where the alphabet belongs t@ggregateype, so that non-constant functors
would also be allowed.
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Notes

1. InRriBL, examples are actually represented by first-order atoms, and the target value can be provided as an
additional argument of this atom, or by using several different example predicates representing different classes.
We omit these variants for simplicity.

2. Some authors (e.g. Aho, 1990) use different definitions for the edit and for the Levenshtein distances, respec-
tively.

3. The most frequently used structure elementsstaeking regionshairpin loops internal loops bulge loops
multibranch loopsanddangling endgZuker, 1989).
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