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Preface

At a time where the amount of data collected day by day far exceeds the human
capabilities to extract the knowledge hidden in it, it becomes more and more
important to automate the process of learning. Typical data collections have two
things in common: They are huge and the information stored in them is highly
structured.

Graphs are one of the most popular data representations in mathematics,
computer science, engineering disciplines, and other natural sciences. This work-
shop on “Mining and Learning with Graphs” (MLG) thus concentrated on learn-
ing from graphs and its subclasses such as — but not limited to — trees, se-
quences (GTS). The primary goal of MLG was to bring together researchers
working on various aspects of mining and learning with graphs. It is hence in
the tradition of previous ECML/PKDD workshops on “Mining Graphs, Trees,
and Sequences” (MGTS) but extends its scope to include other areas of machine
learning and data mining also concerned with graphs and their subclasses such
as:

Algorithmic aspects of
Theoretical aspects of
Open problems in
Novel applications of
Evaluative studies of

the following — non-exclusive — list of topics

Kernels and Distances for graphs.

GTS-structured output spaces.

Frequent GTS mining.

Learning with generative GTS models and compact (e.g., intensional) rep-
resentations like GTS transformations, grammars, or matchings.

Theoretical aspects of learning from GTS.
Probabilistic modelling of GTS.
GTS-based approaches to transductive and semi-supervised learning.

Compared to previous workshops on MGTS, MLG was able to attract a
record number of submissions (28 full and 6 short papers). For time and space
restrictions, we could only accept 9 full papers and 15 short papers (most of
which were originally submitted as full papers).

For the first time, the workshop received the support of the PASCAL Network
of Excellence that sponsored the invited talk and the best paper award. We
most sincerely thank the PASCAL network for this sponsoring; the program
committee and additional reviewers for their reviews; as well as the authors for
their high quality submissions.

Thomas Gértner, Gemma C. Garriga, Thorsten Meinl
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Intersection Algorithms and a Closure Operator
on Unordered Trees

José L. Balcazar, Albert Bifet and Antoni Lozano

Universitat Politecnica de Catalunya,
{balqui,abifet,antoni}@lsi.upc.edu

Abstract. Link-based data may be studied formally by means of un-
ordered trees. On a dataset formed by such link-based data, a natural
notion of support-based closure can be immediately defined. Abstract-
ing information from subsets of such data requires, first, a formal notion
of intersection; second, deeper understanding of the notion of closure;
and, third, efficient algorithms for computing intersections on unordered
trees. We provide answers to these three questions.

1 Introduction

Closure-based mining is well-established by now as one of the various approaches
to summarize subsets of a large dataset. Sharing some of the attractive features
of frequency-based summarization of subsets, it offers an alternative view with
both downsides and advantages; among the latter, there are the facts that, first,
by imposing closure, the number of frequent sets is heavily reduced and, sec-
ond, the possibility appears of developing a mathematical foundation that con-
nects closure-based mining with lattice-theoretic approaches like Formal Concept
Analysis.

Closure-based mining on itemsets is, by now, well understood, and there
are interesting algorithmic developments; thus, there have been subsequent ef-
forts in moving towards closure-based mining on structured data, particularly
sequences, trees and graphs; see the survey [4] and the references there. One
of the differences with closed itemset mining stems from the fact that the set
theoretic intersection no longer applies, and whereas the intersection of sets is
a set, the intersection of two sequences or two trees is not one sequence or one
tree. This makes it nontrivial to justify the word “closed” in terms of a standard
closure operator. Many papers resort to a support-based notion of closedness
of a tree or sequence ([5], see below); others (like [1]) choose a variant of trees
where a closure operator between trees can be actually defined (via least general
generalization). In some cases, the trees are labeled, and strong conditions are
imposed on the label patterns (such as nonrepeated labels in tree siblings [10]
or nonrepeated labels at all in sequences [8]).

Here we attempt at formalizing a closure operator for substantiating the
work on closed trees, with no resort to the labelings: we focus on the case where
the given dataset consists of unordered, unlabeled, rooted trees; thus, our only
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relevant information is the root and the link structure (so that the appropri-
ate notion of subtree, so-called top-down subtree, preserves root and links), and
solving the intersection problem along the same lines as in [3]. Thus, we only
focus on the basic operations needed to phrase closure-based mining on such
structures, but with a mathematically very demanding approach. We first for-
malize our structures and the notion of a tree being contained in another. We
also evaluate the quantity of such combinatorial structures. We then move on
to start our study of closure-based mining. Following the same path as in [7],
we first need a notion of intersection: we will see that a natural notion of in-
tersection of trees gives rise to intersection sets of trees, rather than individual
trees, as with the sequences in [7]. We study the cardinality of such intersection
sets, which we prove can be exponential in the worst case, although preliminary
experiments suggest that intersection sets of cardinality beyond 1 hardly ever
arise unless looked for.

We then propose a notion of Galois connection with the associated closure
operator, in such a way that we can characterize support-based notions of clo-
sure with a mathematical operator. We complete this paper with preliminary
algorithmic studies. We propose a natural recursive algorithm to compute in-
tersections, and a more sophisticated method following a dynamic programming
scheme; preliminary comparisons suggest that the dynamic programming algo-
rithm is several orders of magnitude faster.

2 Preliminaries

2.1 Definitions

We will deal with rooted undirected trees with nodes of unbounded arity. This
kind of trees will be referred throughout the paper simply as trees. The set of
all trees will be denoted with 7. Additionally, we call binary tree a tree whose
nodes have a maximum of two children. The letter D C 7 will represent a finite
list of data trees, sometimes treated as a set.

A tree t' is a subtree of a tree t (written ¢’ < ¢) if ¢’ is a connected subgraph
of t which contains the root of ¢ (this is also known as top-down subtree). We
say that q,..., ¢, are the components of tree t if ¢ is made of a node (the root)
joined to the roots of all the t;’s. The components form a set, not a sequence;
therefore, permuting them does not give a different tree. In our drawings, we
follow the convention that larger trees are drawn at the left of smaller trees. In
the algorithms we will identify trees by strings in the following way, which will
allow us to order trees lexicographically (the drawing convention corresponds to
using the lexicographically least identification).

Definition 1. We define the injective total function {-) : T — {0,1}* recur-
sively as follows. If t is a single node, then (t) = 01. Otherwise, suppose that
t1,...,tr are the components of t enumerated so that (t1) < {t2) < ... < {tg) (in
lezicographical order). Then (t) = 0(t1) ... (ty)1. We also define [-] : {0,1}* — T
such that for any tree t, [(t)] = t, and is undefined for strings not in the image

of (-)-
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The one-node tree [01] will be represented with the symbol ¢, and the two-
node tree [0011] by e-e.

Definition 2. Given two trees, a common subtree is a tree that is subtree of
both; it is a maximal common subtree if it is not a subtree of any other common
subtree; it is a maximum common subtree if there is no common subtree of larger
size.

Two trees have always some maximal common subtree but, as is shown in
Figure 1, this common subtree does not need to be unique.

(@] (@]

Fig. 1. Trees X and Y are maximal common subtrees of A and B.

In fact, trees X and Y have the maximum number of nodes among the
common subtrees of A and B. As is shown in Figure 2, just a slight modification
of A and B gives two maximal common subtrees of different sizes, showing that
the concepts of maximal and maximum common subtree do not coincide in

general.

A’ B': X'

A

|
O
é

OOC;Q
OOO>

Fig. 2. Both X’ and Y are maximal common subtrees of A’ and B’, but only X’ is
maximum.

2.2 Number of trees

The number of trees with n nodes is known to be ©(p"n=3/2), where p =
0.3383218569 ([9]). We provide a more modest lower bound based on an easy
way to count the number of binary trees; this will be enough to show in a few
lines an exponential lower bound on the number of trees with n nodes.

Define B,, as the number of binary trees with n nodes, and set By = 1 for
convenience. Clearly, a root without children is the only binary tree with one
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node, so By = 1. Now, B,, is the sum of all products B;B; for every way to
express n — 1 as i + j (meaning that the n — 1 nodes other than the root are
distributed into two subtrees having ¢ and j nodes). So, we have

—1
%5

By= Y  BBj= Y BB, .

i+j=n—1 =0
)

The second summation can be rewritten as

L2t =5

;J_

2

B, = ByB,—1 + Z Biy1Bn_i—2 = Bp_1 + Z Bit1Bm—2)—(i+1)-1
i=0 =0

which implies that B, > B, _1 + B,_2, thus showing that B,, is bigger than the
n-th Fibonacci number F,, (note that the initial values also satisfy the inequality,
since Fyp = 0 and F; = Fy = 1). Since it is well-known that Fj,1o > ¢", where
¢ > 1.618 is the golden number, we have the lower bound

¢"? < F, < B,.

which is also a lower bound for the total number of trees with n nodes.

2.3 Number of subtrees

We can easily observe, using the trees A, B, X, and Y of Section 2.1, that two
trees can have an exponential number of maximal common subtrees.

Recall that the aforementioned trees have the property that X and Y are
two maximal common subtrees of A and B. Now, consider the pair of trees
constructed in the following way using copies of A and B. First, take a path of
length n — 1 (thus having n nodes which include the root and the unique leaf)
and “attach” to each node a whole copy of A. Call this tree T4. Then, do the
same with a fresh path of the same length, with copies of B hanging from their
nodes, and call this tree Tg. Graphically:

Ta Ts

All the trees constructed similarly with copies of X or Y attached to each
node of the main path (instead of A or B) are maximal common subtrees of T4
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and Tg. The fact that the copies are at different depths assures that all the 2"
possibilities correspond to different subtrees. Therefore, the number of different
maximal common subtrees of T4 and T is at least 2" (which is exponential in
the input since the sum of the sizes of T4 and T is 15n). Any algorithm for
computing maximal common subtrees has, therefore, a worst case exponential
cost due to the size of the output.

3 Closure operator and mining closed trees

Once a proper notion of intersection is available, we move on to build a notion
of closed sets of trees, with a view towards a data mining framework operating
on tree-structured data.

For a notion of closed (sets of) trees to make sense, we expect to be given
as data a finite set (actually, a list) of transactions, each of which consisting of
its transaction identifier (tid) and an unordered tree. Transaction identifiers are
assumed to run sequentially from 1 to IV, the size of the dataset. We denote
D C T the dataset.

The support of a tree ¢ in D is the number of transactions where t is a subtree
of the tree in the transaction. General usage would lead to the following notion
of closed tree:

Definition 3. A tree t is closed for D if no tree t' # t exists with the same
support such that t < t'.

Note that ¢ < ¢’ implies that ¢ is a subtree of all the transactions where ¢’ is
a subtree, so that the support of ¢ is, at least, that of #’. Existence of a larger
t’ with the same support would mean that ¢ does not gather all the possible
information about the transactions in which it appears, since ¢’ also appears in
the same transactions and gives more information (is more specific). A closed
tree is maximally specific for the transactions in which it appears. However, note
that the example of the trees A and B given above provides two trees X and Y
with the same support, and yet mutually incomparable.

We aim at clarifying the properties of closed trees, providing a more detailed
justification of the term “closed” through a closure operator obtained from a
Galois connection, along the lines of [6], [3], [7], or [2] for unstructured or oth-
erwise structured datasets. However, given that the intersection of a set of trees
is not a single tree but yet another set of trees, we will find that the notion of
“closed” is to be applied to subsets of the transaction list, and that the notion
of a “closed tree” t is not exactly coincident with the singleton {t} being closed.

3.1 Galois Connection

A Galois connection is provided by two functions, relating two lattices in a certain
way. Here our lattices are plain power sets of the transactions, on the one hand,
and of the corresponding subtrees, in the other. On the basis of the binary
relation ¢ < ', the following definition and proposition are rather standard.
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Definition 4. The Galois connection pair:

— For finite ACD, o(A) ={teT |Vt' e A(t <)}
— For finite B C T, not necessarily in D, 7p(B) = {t' € D |Vt € B(t = t)}

There are many ways to argue that such a pair is a Galois connection. One
of the most useful ones is as follows.

Proposition 1. For all finite AC D and B C T, the following holds:
ACp(B) < BCo(A)

Proof. By definition, each of the two sides is equivalent to

Vte BVt € A(t <t) a

It is well-known that the compositions (in either order) of the two functions
that define a Galois connection constitute a closure operator, that is, are mono-
tonic, extensive, and idempotent (with respect, in our case, to set inclusion).

Corollary 1. I'p = mp o 0 is a closure operator on the subsets of D.

Thus, we have now a concept of closed sets of trees; however, the notion of
closure based on support as previously defined corresponds to single trees, and
it is worth clarifying the connection between them, naturally considering the
closure of the singleton set containing a given tree, I'n({t}). We point out the
following easy-to-check properties:

1. t € I'p({t})

2.t eI'p({t})ifand only if Vs e D(t X s =t/ < s)

3. tis maximal in I'p({t}) (that is, V¢’ € I'p({t})[t < t' = t =¢]) if and only
iV (Vs €Dt <s =t <s|At=<t' =t=1)

The definition of closed tree can be phrased in a similar manner as follows:
t is closed for D if and only if: V¢'(t < ¢/ A supp(t) = supp(t’) =t =t').

Theorem 1. A tree t is closed for D if and only if it is mazimal in I'p({t}).

Proof. Suppose ¢ is maximal in I'p({t}), and let ¢t < ¢’ with supp(t) = supp(t').
The data trees s that count for the support of ¢’ must count as well for the
support of £, because t’ < s implies ¢ < t’ < s. The equality of the supports then
implies that they are the same set, that is, Vs € D(t < s < t' < s), and then,
by the third property above, maximality implies ¢ = t’. Thus ¢ is closed.
Conversely, suppose t closed and let ¢ € I'p({t}) with ¢ < /. Again, then
supp(t") < supp(t); but, from ¢’ € I'p({t}) we have, as in the second property
above, (t < s =t/ < s) for all s € D, that is, supp(¢) < supp(¥'). Hence, equality
holds, and from the fact that ¢ is closed, with ¢ < ¢’ and supp(t) = supp(t’), we
infer ¢ = ¢'. Thus, t is maximal in I'p({t}). O
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Now we can continue the argument as follows. Suppose t is maximal in some
closed set of trees B. From ¢ € B, by monotonicity and idempotency, together
with aforementioned properties, we obtain ¢ € I'p({t}) C I'n(B) = B; being
maximal in the larger set implies being maximal in the smaller one, so that ¢
is maximal in I'p({t}) as well. Hence, we have argued the following alternative,
somewhat simpler, characterization:

Theorem 2. A tree is closed for D if and only if it is maximal in some closed
set of I'p.

Yet another simpler observation is that each closed set is uniquely defined
through its maximal elements. In fact, our implementations chose to avoid du-
plicate calculations and redundant information by just storing the maximal trees
of each closed set. We could have defined the Galois connection so that it would
provide us “irredundant” sets of trees by keeping only maximal ones; the prop-
erty of maximality would be then simplified into ¢ € I'p({t}), which would not
be guaranteed anymore (cf. the notion of stable sequences in [3]). The formal de-
tails of the validation of the Galois connection property would differ slightly (in
particular, the ordering would not be simply a mere subset relationship) but the
essentials would be identical, so that we refrain from developing that approach
here; we would obtain a development somewhat closer to [3] than our current
development is. But there would be no indisputable advantages.

4 Intersection algorithms

Computing a potentially large intersection of a set of trees is not a trivial task,
given that there is no ordering among the components: a maximal element of
the intersection may arise through mapping smaller components of one of the
trees into larger ones of the other. Therefore, the degree of branching along the
exploration is high.

4.1 Finding the intersection recursively

We start with a straightforward algorithm for finding all maximal common sub-
trees of two trees in a recursive way. The basic idea is to exploit the recursive
structure of the problem by considering all the ways to match the components of
the two input trees. Suppose we are given the trees t and r, whose components are
t1,...,tg and 71, ..., 1y, respectively. If k < n, then clearly (¢1,71),..., (tx, k)
is one of those matchings. Then, we recursively compute the maximal common
subtrees of each pair (¢;,7;) and “cross” them with the subtrees of the previously
computed pairs, thus giving a set of maximal common subtrees of ¢ and r for
this particular identity matching. The algorithm explores all the (exponentially
many) matchings and, finally, eliminates repetitions and trees which are not
maximal (by using recursion again).

We do not specify the data structure used to represent the trees. The only
condition needed is that every component ¢’ of a tree ¢t can be accessed with
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RECURSIVE INTERSECTION(r, t)

1

\V]

16

if (r=9e)or(t=-¢)
then § — {*}
elseif (r = o) or (t = o)
then § «— {e*}
else §— {}
ny < #COMPONENTS(r)
n¢ «— #COMPONENTS(t)
for each m in MATCHINGS(n,, n;)
do mTrees — {}
for each (i,7) in m
do ¢, — COMPONENT(r, 7)
¢; < COMPONENT(%, j)
c¢Trees « RECURSIVE INTERSECTION(cy, ¢t)
mTrees «— CROSS(mTrees, cTrees)
S < MAX SUBTREES(S, mTrees)
return S

Fig. 3. Algorithm RECURSIVE INTERSECTION

an index which indicates the lexicographical position of its encoding (') with
respect to the encodings of the other components; this will be COMPONENT(¢, 7).
The other procedures are as follows:

— #COMPONENTS(t) computes the number of components of ¢, this is, the

arity of the root of t.

MATCHINGS(n1,n2) computes the set of perfect matchings of the graph
K, n,, this is, of the complete bipartite graph with partition classes {1,. ..,
n1} and {1,...,n2} (each class represents the components of one of the
trees). For example,

MATCHINGS(?, 3) = {{(L 1)7 (27 2)}7 {(17 1), (27 3)}7 {(17 2)7 (27 1)}, {(17 2)a
(2,3)}, {(1,3), (2, 1)}, {(1,3),(2,2)}.

CRross(ly, l2) returns a list of trees constructed in the following way: for each
tree t1 in [; and for each tree t5 in I3 make a copy of ¢; and add t; to it as
a new component.

MAX SUBTREES(S1, S2) returns the list of trees containing every tree in Sy
and every tree in S5 that is not a subtree of another tree in S, thus leaving
only the maximal subtrees. There is a further analysis of this procedure in
the next subsection.

The fact that, as has been shown, two trees may have an exponential number

of maximal common subtrees necessarily makes any algorithm for computing all
maximal subtrees inefficient. However, there is still space for some improvement.
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4.2 Finding the intersection by dynamic programming

In the above algorithm, recursion can be replaced by a table of precomputed
answers for the components of the input trees. This way we avoid repeated
recursive calls for the same trees, and speed up the computation. Suppose we
are given two trees r and ¢. In the first place, we compute all the trees that can
appear in the recursive queries of RECURSIVE INTERSECTION(r, t). This is done
in the following procedure:

— SUBCOMPONENTS(t) returns a list containing ¢ if ¢ = e; otherwise, if ¢ has
the components t1, . .., tx, then, it returns a list containing ¢ and the trees in
SUBCOMPONENTS(%;) for every t;, ordered increasingly by number of nodes.

The new algorithm shown in Figure 4 constructs a dictionary D accessed
by pairs of trees (t1,t2) (or, more precisely, by their codes ({t1), (t2))), when
the input trees are nontrival (different from e and ). Inside the main loops,
the trees which are used as keys for accessing the dictionary are taken from the
lists SUBCOMPONENTS(7) and SUBCOMPONENTS(t), where 7 and ¢ are the input
trees.

DYNAMIC PROGRAMMING INTERSECTION(r, t)

1 for each s, in SUBCOMPONENTS(r)
2 do for each s; in SUBCOMPONENTS(t)

3 do if (s, = ®) or (s¢ = *)
4 then Dis,, s;] < {*}
5 elseif (s, = o*) or (s; = o)
6 then Dis,, s;] <« {**}
7 else Di[sy,s:] — {}
8 nsy «— #COMPONENTS(s;)
9 ns; < #COMPONENTS(s¢)
10 for each m in MATCHINGS(nSy, nst)
11 do mTrees — {*}
12 for each (i,7) in m
13 do cs; < COMPONENT(sy, 1)
14 csy — COMPONENT($¢,7)
15 cTrees «— D[csy, cst]
16 mTrees < CroSs(mTrees, cTrees)
17 Dlsy, st] < MAX SUBTREES(D]sr, s¢], mTrees)

18 return D[r, ¢

Fig. 4. Algorithm DYNAMIC PROGRAMMING INTERSECTION

Note that the fact that the number of trees in SUBCOMPONENTS(?) is linear
in the number of nodes of ¢ assures a quadratic size for D. The entries of the
dictionary are computed by increasing order of the number of nodes; this way, the
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MAX SUBTREES(S1, S2)

1 for each r in S1

2 do for each t in S»

3 if r is a subtree of ¢

4 then mark r

5 elseif t is a subtree of r

6 then mark ¢

7 return sublist of nonmarked trees in S7 U Ss

Fig. 5. Algorithm MAX SUBTREES

information needed to compute an entry has already been computed in previous
steps.

The procedure MAX SUBTREES, which appears in the penultimate step of the
two intersection algorithms presented, is shown in Figure 5. The key point in the
procedure MAX SUBTREES is the identification of subtrees made in steps 3 and
5. By standard algorithms, it can be decided whether ¢; < ¢5 in time O(nln%f’)
([11]), where n; and ng are the number of nodes of ¢; and t2, respectively.

Finally, the table in Figure 6 shows an example of the intersections stored in
the dictionary by the algorithm DYNAMIC PROGRAMMING INTERSECTION with
trees A and B of Figure 1 as input.

A Tn

o
O0—0—0

O
o—oO0
o—oO0

!
Al P
O

Fig. 6. Table with all partial results computed

o
O0—0—0

04
o—
o—o IS
o
o
o—o0—0

5 Conclusion

Closure-based structures have been proposed in several references in a context
of data mining. They may allow for summarizing the (huge) lattice of all the
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subsets of a dataset by reducing it to only closure sets: these may add up to a
much lesser quantity, and each closed subset of the dataset may offer some sort
of actionable interpretation. We have studied such an approach to tree-like link
structures.

Whereas we do not attempt at the design of specific algorithms here for
computing closures yet, we have pointed out that the notion of closure given in
the previous section does provide the appropriate framework for a closure-based
data mining task on tree-structured data. Moreover, the properties established
here suggest that it is possible to construct the lattice of closed sets of trees by
mining first the closed trees and, then, organizing them into the desired lattice.

We describe a toy example of the closure lattice for a simple dataset con-
sisting of six trees, thus providing additional hints on our notion of intersection;
these were not made up for the example, but were instead obtained through six
different (rather arbitrary) random seeds of the synthetic tree mining generator
of Zaki [12].

Fig. 7. Lattice of closed trees for the six input trees in the top row
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The figure depicts the closed sets obtained. It is interesting to note that all the
intersections came up to a single tree, a fact that suggests that the exponential
blow-up of the intersections sets, which is possible as explained in a previous
section, appears infrequently enough. Of course, the common intersection of the
whole dataset is (at least) a “pole” whose length is the minimal height of the
data trees.

The study of algorithmics for the construction of this lattice, or of a fragment
thereof (e.g. through frequency thresholds) since it will be usually quite large, will
be subject of further work, as well as the corresponding notions of implications
or association rules for the framework of unordered trees.
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grouped into batches, resulting in 136 batches with at average 17.7 emails and
598 remaining single mails. Our results are obtained through a cross validation
procedure, where each test set contains a non-singular batch and is filled up with
randomly drawn emails to a total size of 100 emails. The training data consist
of nine sets of 100 emails each, sampled randomly from the remaining emails.

Each of the obtained models is applied to the test sets, using either the ap-
proximative clustering based on the linear program, the sequential clustering
algorithm, or the greedy clustering algorithm by [13]. Figure 1 shows the experi-
mental results of three of the training methods. The integrated learning problem
is not tractable for this amount of training data.

In a second experiment, we split each training and each test set in two halves,
resulting in 18 sets of 50 emails each for training. That is, the total number of
training emails remains the same but the integrated learning problem becomes
tractable. Figure 2 shows the results for this setting.

In both experiments, the LP-decoding strategy and the greedy clustering
algorithm perform equally well. By contrast, the sequential clustering performs
significantly worse in most of the cases according to a paired t-Test on a 5%
confidence level. However, this loss in performance comes with a gain in execution
time that is linear in the number of examples (see Table 2).

0.035

LP-Clustering —=2
Greedy Clustering
0.03 Sequential Clustering 3

o_ozs-jL L + + +

0.02 |-

0.015 —

Normalized loss per mail
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0.005 E
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Fig. 1. Average loss and standard errors for m = 100.

Figure 3 details which fraction of the error is caused by the decoding and
which by the learning algorithm. The dashed area indicates the error caused by
the training method. We quantify this error by counting the number of different
edges in the true and the predicted similarity matrix, respectively. The additional
error of the subsequent decoding is indicated for all three decoding strategies.
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Fig. 2. Average loss and standard errors for m = 50.

Except for the sequential decoding, the multi-class optimization leads to cor-
rect clusterings that fulfill the transitivity constraints between triples of nodes.
On the contrary, the solution of the pairwise optimization has the lowest error
but fails to satisfy these transitivity constraints. Neither decoding strategy can
compensate the errors.

Table 2. Execution time of the decoding strategies in seconds.

[Window size m 25 50 100 200
LP-Clustering 2.3-10 '[6.4-10° [4.0-107
Greedy Clustering [6.4-10"%[2.5-1073[9.9-1073[4.0 - 1072
Sequential Clustering|1.5-107°(2.9-107°[5.6 - 10~°[1.1- 10"

6 Conclusion

We devised three large margin approaches to supervised clustering of sequen-
tial data. The integrated approach has at least cubic execution time and can be
solved directly for small training sets. Treating the problem as multi-class clas-
sification allowed us to use larger data sets. The pairwise classification approach
is a rough but fast approximation of the original problem.

Experimental results were carried out on all combinations of learning algo-
rithms and decoding strategies in our discourse area. The results showed that
the LP-decoding performs equally well as the greedy algorithm presented in [13].
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7k Sequential Clustering ——
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Fig. 3. Fraction of the loss induced by the learning algorithm (similarity matrix) and
the decoding.

However, both methods are computationally expensive. The sequential decoding
makes use of the sequential nature of the data and leads to slightly increased
losses.

References

1. Y. Altun, I. Tsochantaridis, and T. Hofmann. Hidden Markov support vector
machines. In Proceedings of the International Conference on Machine Learning,
2003.

2. Nikhil Bansal, Avrim Blum, and Shuchi Chawla. Correlation clustering. In Pro-
ceedings of the 43rd Symposium on Foundations of Computer Science, 2002.

3. Nikhil Bansal, Avrim Blum, and Shuchi Chawla. Correlation clustering. Machine
Learning, 56(1-3):89-113, 2004.

4. Aharon Bar-Hillel, Tomer Hertz, Noam Shental, and Daphna Weinshall. Learning
distance functions using equivalence relations. In ICML ’03: Proceedings of the
Twentieth International Conference on Machine Learning, 2003.

5. Mikhail Bilenko and Raymond J. Mooney. Adaptive duplicate detection using
learnable string similarity measures. In Proceedings of the International Conference
on Knowledge Discovery and Data Mining, 2003.

6. Sergey Brin, James Davis, and Hector Garcia-Molina. Copy detection mechanisms
for digital documents. In Proceedings of the International Conference on Manage-
ment of Data, 1995.



24

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Peter Haider, Ulf Brefeld, and Tobias Scheffer

Moses Charikar, Venkatesan Guruswami, and Anthony Wirth. Clustering with
qualitative information. In Proceedings of the 44th Annual IEEE Symposium on
Foundations of Computer Science, 2003.

J. Cooper, A. Coden, and E. Brown. Detecting similar documents using salient
terms. In Proceedings of the International Conference on Information and Knowl-
edge Management, 2002.

J. Cooper, A. Coden, and E. Brown. A novel method for detecting similar doc-
uments. In Proceedings of the 35th Annual Hawaii International Conference on
System Sciences, 2002.

Erik D. Demaine and Nicole Immorlica. Correlation clustering with partial infor-
mation. In Proceedings of the 6th International Workshop on Approximation Algo-
rithms for Combinatorial Optimization Problems and 7th International Workshop
on Randomization and Approximation Techniques in Computer Science, 2003.
Dotan Emanuel and Amos Fiat. Correlation clustering — minimizing disagreements
on arbitrary weighted graphs. Lecture Notes in Computer Science, 2832:208-220,
2003.

Michael Fink, Shai Shalev-Shwartz, Yoram Singer, and Shimon Ullman. Online
multiclass learning by interclass hypothesis sharing. In ICML ’06: Proceedings of
the 23nd international conference on Machine learning, 2006.

Thomas Finley and Thorsten Joachims. Supervised clustering with support vector
machines. In Proceedings of the International Conference on Machine Learning,
2005.

Aleksander Kolcz, Abdur Chowdhury, and Joshua Alspector. The impact of feature
selection on signature-driven spam detection. In Proceedings of the First Confer-
ence on Email and Anti-Spam, 2004.

J. Lafferty, X. Zhu, and Y. Liu. Kernel conditional random fields: representation
and clique selection. In Proc. of the International Conference on Machine Learning,
2004.

W. M. Rand. Objective criteria for the evaluation of clustering methods. Journal
of the American Statistical Association, 66:622-626, 1971.

Chaitanya Swamy. Correlation clustering: maximizing agreements via semidefinite
programming. In Proceedings of the fifteenth annual ACM-SIAM symposium on
Discrete algorithms, 2004.

B. Taskar, C. Guestrin, and D. Koller. Max-margin Markov networks. In Advances
in Neural Information Processing Systems, 2004.

Ben Taskar, Vassil Chatalbashev, Daphne Koller, and Carlos Guestrin. Learn-
ing structured prediction models: a large margin approach. In Proceedings of the
International Conference on Machine Learning, 2005.

I. Tsochantaridis, T. Joachims, T. Hofmann, and Y. Altun. Large margin methods
for structured and interdependent output variables. Journal of Machine Learning
Research, 6:1453-1484, 2005.

Kiri Wagstaff, Claire Cardie, Seth Rogers, and Stefan Schr&#246;dl. Constrained
k-means clustering with background knowledge. In ICML ’01: Proceedings of the
FEighteenth International Conference on Machine Learning, pages 577-584, San
Francisco, CA, USA, 2001.

Eric P. Xing, Andrew Y. Ng, Michael I. Jordan, and Stuart Russell. Distance
metric learning, with application to clustering with side-information. In Advances
in Neural Information Processing Systems. The MIT Press, 2002.

Feng Zhou, Li Zhuang, Ben Y. Zhao, Ling Huang, Anthony D. Joseph, and John
Kubiatowicz. Approximate object location and spam filtering on peer-to-peer sys-
tems. In Middleware, 2003.





