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Preface

This workshop is the second in a series of workshops held in conjunction with AAAI and IJCAI. The
first workshop was held in July, 2000 at AAAL. Notes from that workshop are available at
http://robotics.stanford.edu/srl/. Since the AAAI 2000 workshop, there has been a surge of
interest in this area. The efforts have been diffused across a wide collection of sub-areas in
computer science including machine learning, database management and theoretical computer
science. Much of the work is organized around applications such as hypertext mining, modeling the
World Wide Web and social network analysis. This surge in interest has been fueled by the large
interest in the Internet and web mining and interest in mining social networks for counter-terrorism
and intelligence (led by DARPA's Evidence Extraction and Link Discovery program ).

We are excited to see common topics and themes emerging from the various research camps and
cliques. We hope to use this year’s workshop to begin formulating a general theory for statistical
relational learning (and perhaps devise a better term for it, too!).

This year’s workshop will consist of the following sessions:

Feature Construction, Aggregation, and Propositionalization

Link Prediction

Identity Uncertainty, Record Linkage and Consolidation

Instances vs. Classes

General Relations/Handling Time and Space

Models and Systems

The sessions will be devoted largely to discussion; there will be no formal paper presentations.

A key to the success of the workshop will be the use of a collaboratively edited website to
encourage participation before the workshop, to support interaction during the workshop and to
provide a record after the workshop. The website is:

http://kdl.cs.umass.edu/srl2003/
The login and password are: srl2003/ijcai2003!

We'd like to give extend our sincere thanks to the program committee, the authors, and all of the
participants.

We are looking forward to a lively and productive workshop in Acapulco,

Lise Getoor, University of Maryland, College Park
David Jensen, University of Massachusetts, Amherst
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Speeding Up Multi-Relational Data Mining

Anna Atramentov, Vasant Honavar
Artificial Intelligence Research Laboratory,
Computer Science Department, lowa State University,
226 Atanasoff Hall, Ames, 1A 50011-1040, USA,
{anj uta, honavar }@s.iastate. edu

Abstract

We present a general approach to speeding up a
family of multi-relational data mining algorithms
that construct and use selection graphs to obtain the
information needed for building predictive mod-
els (e.g., decision tree classifiers) from relational
database. Preliminary results of our experiments
suggest that the proposed method can yield 1-2 or-
ders of magnitude reductions in the running time
of such algorithms without any deterioration in
the quality of results. The proposed modifications
enhance the applicability of multi-relational data
mining algorithms to significantly larger relational
databases that would otherwise be not feasible in
practice.

1 Introduction

Recent advances in high throughput data acquisition, digital
storage, and communications technologies have made it pos-
sible to gather very large amounts of data in many scientific
and commercial domains. Much of this data resides in rela-
tional databases. Even when the data repository is not a rela-
tional database, it is often convenient to view heterogeneous
data sources as if they were a collection of relations [Reinoso-
Castillo, 2002] for the purpose of extracting and organizing
information from multiple sources. Thus, the task of learning
from relational data has begun to receive significant attention
in the literature [Blockeel, 1998; Knobbe et al., 1999a; Fried-
man et al., 1999; Koller, 1999; Krogel and Wrobel, 2001;
Getoor, 2001; Kersting and De Raedt, 2000; Pfeffer, 2000;
Dzeroski and Lavrac, 2001; Dehaspe and Raedt, 1997; Jaeger,
1997; Karalic and Bratko, 1997].

Recently, [Knobbe et al., 1999a] outlined a general frame-
work for multi-relational data mining which exploits struc-
tured query language (SQL) to gather the information needed
for constructing classifiers (e.g., decision trees) from multi-
relational data. Based on this framework, several algorithms
for multi-relational data mining have been developed. Exper-
iments reported by [Leiva, 2002] have shown that MRDTL —
a multi-relational decision tree learning algorithm is compet-
itive with other approaches to learning from relational data.
One common feature of all algorithms based on the multi-
relational data mining framework proposed by [Knobbe et al.,

1999a] is their use of selection graphs to query the relevant
databases to obtain the information (e.g., statistics) needed
for constructing a model. Our experiments with MRDTL re-
vealed that the execution of queries encoded by such selection
graphs was a major bottleneck in terms of the running time of
the algorithm. Hence, this paper describes an approach for
significantly speeding up some of the most time consuming
components of such algorithms. Preliminary results of our
experiments suggest that the proposed method can yield one
to two orders of magnitude speedups in the case of MRDTL.
We expect similar speedups to be obtained with other multi-
relational data mining algorithms which construct and use se-
lection graphs.

The rest of the paper is organized as follows: in Section 2
we overview multi-relational data-mining framework, in Sec-
tion 3 we describe the speed up scheme for this framework
and in Section 4 we show the experimental results that we
obtained applying the scheme.

2 Multi-Relational Data Mining

2.1 Relational Databases

A relational database consists of a set of tables D =
{X1,X5,...X,}, and a set of associations between pairs of
tables. In each table a row represents description of one
record. A column represents values of some attribute for the
records in the table. An attribute A from table X is denoted
by X.A.

Definition 2.1 The domain of the attribute X. A is denoted as
DOM(X.A) and is defined as the set of all different values
that the records from table X have in the column of attribute
A.

Associations between tables are defined through primary
and foreign key attributes in D.

Definition 2.2 A primary key attribute of table X, denoted
as X.ID, has a unique value for each row in this table.

Definition 2.3 A foreign key attribute in table Y refer-
encing table X, denoted as Y.X_ID, takes values from
DOM (X .ID).

An example of a relational database is shown in Figure
1. There are three tables and three associations between
tables. The primary keys of the tables GENE, COMPO-
SITION, and INTERACTION are: GENE_ID, C_ID, and
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Figure 1: Example database

I_ID, respectively. Each COMPOSITION record references
some GENE record through the foreign key COMPOSI-
TION.GENE_ID, and each INTERACTION record refer-
ences two GENE records through the foreign keys INTER-
ACTION.GENE_ID1 and INTERACTION.GENE_ID2.

In this setting, if an attribute of interest is chosen, it is
called target attribute, and the table in which this attribute
is stored is called target table and is denoted by Tj.

Each record in Ty corresponds to a single object. Addi-
tional information about an object is stored in other tables of
the database, which can be looked up, when following the
associations between tables.

2.2 Multi-Relational Data Mining Framework

Multi-relational data mining framework is based on the
search for interesting patterns in the relational database,
where multi-relational patterns can be viewed as “pieces of
substructure encountered in the structure of the objects of in-
terest” [Knobbe et al., 1999a].

Definition 2.4 A multi-relational object is covered by a
multi-relational pattern iff the substructure described by the
multi-relational pattern, in terms of both attribute-value con-
ditions and structural conditions, occurs at least once in the
multi-relational object. ([Knobbe et al., 1999a])

Multi-relational patterns also can be viewed as subsets of
the objects from the database having some property. The most
interesting subsets are chosen according to some measure (i.e.
information gain for classification task), which guides the
search in the space of all patterns. The search for interesting
patterns usually proceeds by a top-down induction. For each
interesting pattern, subputterns are obtained with the help of
refinement operator, which can be seen as further division of
the set of objects covered by initial pattern. Top-down induc-
tion of interesting pattern proceeds recursively applying such
refinement operators to the best patterns.

COMPOSITION

GENE Complex =’ Cytoskeleton’

Chromosome=1
COMPOSITION

)

Complex =’ Cytoskeleton’ and
Class = 'Proteases’

Figure 2: Selection graph, corresponding to those GENE(S)
that belong to chromosome number 1, that have at least one
COMPOSITION record whose complex value is *Cytoskele-
ton’, but for which none of the COMPOSITION records have
complex value *Cytoskeleton’ and class value ’Proteases’ at
the same time.

Multi-relational pattern language is defined in terms of se-
lection graphs and refinements which are described in the fol-
lowing sections.

2.3 Selection Graphs

Multi-relational patterns are expressed in a graphical lan-
guage of selection graphs [Knobbe et al., 1999b].

Definition 2.5 A selection graph S is a directed graph S =
(N,E). N represents the set of nodes in S in the form of
tuples (X, C, s, f), where X is a table from D, C is the set of
conditions on attributes in X (for example, X .color = ’red’
or X.salary > 5,000), s is a flag with possible values open
and closed, and f is a flag with possible values front and
back. F represents edges in S in the form of tuples (p, ¢, a, ),
where p and ¢ are nodes and « is a relation between p and ¢
in the data model (for example, X.ID = Y.X_ID), and ¢ is a
flag with possible values present and absent. The selection
graph should contain at least one node ng that corresponds
to the target table 7.

An example of the selection graph for the data model from
Figure 1 is shown in Figure 2. This selection graph corre-
sponds to those GENE(s) that belong to chromosome number
1, that have at least one COMPOSITION record whose com-
plex value is Cytoskeleton’, but for which none of the COM-
POSITION records have complex value *Cytoskeleton’ and
class value "Proteases’ at the same time. In this example the
target table is GENE, and within GENE the target attribute is
LOCALIZATION.

In graphical representation of a selection graph, the value
of s is represented by the presence or absence of a cross in
the node, representing the value open and closed, respec-
tively. The value for e, in turn, is indicated by the presence
(present value) or absence (absent value) of a cross on the
corresponding arrow representing the edge. An edge between
nodes p and ¢ chooses the records in the database that match
the joint condition, a, between the tables which is defined by
the relation between the primary key in p and a foreign key



in ¢, or the other way around. For example, the join condi-
tion, a, between table GENE and COMPOSITION in selec-
tion graph from Figure 2 is GENE.GENE_ID = COMPOSI-
TION.GENE_ID.

A present edge between tables p and ¢ combined with a list
of conditions, ¢.C and p.C, selects those objects that match
the list of conditions, ¢.C' and p.C', and belong to the join
between p and ¢, specified by join condition, e.a. On the
other hand, an absent edge between tables p and ¢ combined
with a list of conditions, ¢.C and p.C, selects those objects
that match condition p.C' but do not satisfy the following:
match ¢.C' and belong to the join between tables at the same
time.

Flag f is set to front for those nodes that on their path to
ng have no closed edges. For all the other nodes flag f is set
to back.

[Knobbe et al., 1999b] introduces the algorithm (Figure 3)
for translating a selection graph into SQL query that returns
the records in the target table covered by this selection graph,
where subgraph(sS, j.q) procedure returns the subgraph of the
selection graph S starting with the node ¢ as the target node,
with label s reset to open, removing the part of the graph that
was connected to this node with the edge j and reseting all
the values of flag f at the resulting selection graph by defi-
nition of f. Notation j.q.key means the name of the attribute
(primary or foreign key) in the table ¢ that is associated with
the table p in relation j.a.

TRANSLATE(S, key)
Input Selection graph S, key (primary or foreign) in the

target node of S
Output SQL query for creating sufficient information about
graph S
1  table_list:="
2 condition_list ;="
3 join.list:="
4  foreachnodeiin S do
5 if (i.s =’open’ and i. f = "front’)
6 table_list.add(i.table_name + 'T" + 7)
7 for each condition cin i do
8 condition_list.add(c)
9 foreachedge jinSdo
10 if (j.e = "present’)
11 if (j.q.s ='open’ and j.q.f = "front’)
12 join_list.add(j.a)
13 else
14 join_list.add(

j.p+')+ jpprimary key +’ notin’ +

TRANSLATE( subgraph(S, j.q), j.q.key))

15 return’select distinct’ + 'T;.” + key +
"from’ + table_list +
"where’ + join_list +’ and ' + condition_list

Figure 3: Translation of selection graph into SQL query

Using this procedure the graph in Figure 2 translates to the
SQL statement shown in Figure 4.

select  distinct Tp.gene_id
from GENE T, COMPOSITION T}
where  Tjy.gene_id =T} .gene._id

and Ty.chromosome = 1

and 77.complex = "Cytoskeleton’

and T.gene_id not in

('select Ty.gene-id

from COMPOSITION Ty

where Ty.complex = "Cytoskeleton’
and Tj.class = Proteases)

Figure 4: SQL query corresponding to the selection graph in
Figure 2

Ti

G
S O
R

Candc
b)

Figure 5: Complement refinements for adding condition to
the node: a) positive condition, b) negative condition

2.4 Refinements of the Selection Graphs

Multi-relational data mining algorithms search for and suc-
cessively refine interesting patterns and select promising ones
based on some impurity measure (e.g. information gain). The
set of refinements introduced by [Knobbe et al., 1999b] are
given below. Note that all of these refinements can only be
applied to the open, front nodes in the selection graph S.

e Add positive condition (Figure 5 a)). This refinement
will simply add a condition ¢ to the set of conditions
C' in the node T; of selection graph S without actually
changing the structure of S.

e Add negative condition (Figure 5 b). If the node which is
refined is not ng, this refinement will introduce a new ab-
sent edge from the parent of the selection node in ques-
tion. The condition list of the selection node will be
copied to the new closed node, and will be extended by
the new condition. This node will also get the copies of
the children of the selection graph in question and open
edges to those children will be added. If the node which
is refined does represent the target table, the condition
is simply negated and added to the current list of con-
ditions for this node. This refinement is complement to
the add positive condition refinement”, in the sense that
it covers those objects from the original selection graph
which were not covered by corresponding "add positive
condition” refinement.

e Add present edge and open node (Figure 6 a)). This re-
finement introduces a present edge together with its cor-
responding table to the selection graph S.



Figure 6: Complement refinements for adding edge to selec-
tion graph: a) adding present edge and open node, b) adding
absent edge and closed node

e Add absent edge and closed node (Figure 6 b). This re-
finement introduces an absent edge together with its cor-
responding table to the selection graph S. This refine-
ment is complement to the “add present edge and open
node”, in the sense that it covers those objects from the
original selection graph which were not covered by "add
present edge and open node” refinement.

It is important to note that only through the "add edge” re-
finements the exploration of all the tables in the database is
done. We can consider "add condition” refinement on some
attribute from some table only after the edge to that table has
been added to the selection graph. What happens if the val-
ues of the attributes in some table are important for the task
but the edge to this table can never be added, i.e. adding
edge doesn’t result in further split of the data covered by the
refined selection graph? Look ahead refinements, which are
a sequence of several refinements, are used for dealing with
this situation. In the case when some refinement doesn’t split
the data covered by the selection graph, the next set of refine-
ments is also considered as refinements of the original selec-
tion graph.

3 Speeding Up Multi-Relational Data Mining

Let S be some selection graph. Any refinement of .S covers
the subset of instances covered by S. Since all the refinements
of S usually need to be examined, storing intermediate results
obtained from S will reduce the amount of time needed to
examine all its refinements.

The goal of this section is to show what intermediate infor-
mation should be stored for each selection graph S so that the
instances covered by each of its refinements can be recovered
quickly.

The knowledge of the structure of the selection graph S is
enough to restore all the objects in the database correspond-
ing to any refinement R of S. This can be done by first ap-
plying the refinement to S to obtain a refined selection graph
R(SS), which in turn is then transformed into an SQL query
as described in Subsection 2.3. The size of the resulting SQL
query increases with the complexity of the graph, resulting in
the corresponding increase in the execution time of the query.

It is possible to substantially speed up this step of the algo-
rithm as follows. For each object covered by selection graph
S we store only its class label and the primary key values
from the tables corresponding to the open, front nodes in the
selection graph S. We call the resulting table the sufficient
table for S and denote it by Ig.

The procedure that transforms selection graph .S into SQL
query for creating sufficient table Is is shown in Figure 7.

SUF_TABLE(S)
Input Selection graph S
Output SQL query for creating sufficient table 7s
1 table_list, condition_list, join_list :=
extract_from(TRANSLATE(S))
2 primary_key_list := 'Tj.target_attribute’
3 foreachnodeiin .S do
4 if (:.s ='open’ and i. f = "front’)
5 primary_key_list .add(z.1D)
6 return’create table g as’ +
" (select’ + primary key_list +
" from’ + table_list +
"where’ + join_list +
"and’ + condition_list + /)’

Figure 7: Algorithm for generating SQL query corresponding
to the sufficient table I's of the selection graph S

Given a sufficient table I, we can restore all the records
from the target table that are covered by the selection graph
S, by applying the following SQL query on table Ig:

select distinct Ty.primary_key from Ig.

The sufficient table s stores all the records corresponding
to the selection graph S, i.e., all the records satisfying the
constraints imposed by S, even though these constrains are
not explicit anymore.

Let R be a refinement of the selection graph .S, and R(S)
a new selection graph resulting from refining S with R. The
procedure for obtaining the sufficient table for R(.S) given I's
is shown in Figure 8.

The sufficient table for a selection graph contains all the
information necessary to obtain the database objects that are
covered by the selection graph and any of its refinements.

Proposition 1 Given a selection graph S, its sufficient ta-
ble Is, and a refinement R, the table constructed by REFINE-
MENT_SUF_TABLE(/s, R) will contain the same records as
the table constructed by SUF_TABLE(R(S))

Proof sketch: Selection graph can be viewed as multi-
relational pattern consisting of two subpatterns. The one that
corresponds to all the open, front nodes in the selection graph,
and the complement one. Let’s denote the first subpattern as
EXPLICIT subpattern, and the latter as IMPLICIT subpat-
tern. The sufficient table contains the information about the
EXPLICIT subpattern. Information about IMPLICIT subpat-
tern is hidden in the sufficient table. It is important to note
though, that objects stored in sufficient table still match IM-
PLICIT subpattern. Refinements can be applied only to the
open, front nodes. Let’s consider applying either "add pos-
itive condition’ refinement or *add present edge’ refinement.
The resulting refined selection graph consists of extended (re-
fined) EXPLICIT subpattern and unchanged IMPLICIT sub-
pattern. This means that applying the refinement only to the
sufficient table (as it is done in Figure 8) will result in ob-
jects matching to the extended EXPLICIT subpattern and in-
herently matching to the IMPLICIT subpattern, which means
that they are matching to the refined selection graph. Similar



REFINEMENT_SUF_TABLE(Is, R)
Input Sufficient table Is for selection graph .S,
refinement R
Output SQL query for sufficient table for R(S)
table_list := "I
condition_list := "
join_list :="
primary _key_list := primary _keys(Is)
if R == add positive condition, ¢, in table T;
table_list +='T7/
condition_list +='T;.c/
joinlist +=T;.ID+' ='+15.T;_ID
else if R == add negative condition, ¢, in table T;
0 condition_list += T,,.ID + is not in
(‘select distinct’ + I5.Ty_ID +
"from’ + Is, T; +
"where’ + T;.c+’and’ + T;,.ID +
"= +Is.T;, ID+'Y
11 else if R = add present edge, e, from T; to T;

P OOO~NOUTAWN -

12 table_list += T;+'." +1;

13 join_list +=T;. ID+' =" +1s.T; ID+
"and’ 4 e.a

14 primary_key_list += T;.1D

15 else if R == add closed edge, e from T; to T}

16 condition_list += T},.ID + ’is not in

( select distinct’ + Is.7To-ID +

"from’ + Is+') +T;+' +T; +

"where’ + T;. 1D+ =" +15.T;_ID+
"and’ + e.a+’)’

17 return’create table I_R as’ +

'(select” + primary _key_list +

"from’ + table_list +

"where’ + join_list +

"and’ + condition_list + )’

Figure 8: Algorithm for generating SQL query corresponding
to sufficient table I (s)

argument can be used for the case of other refinements. ]

Note that REFINEMENT_SUF_TABLE procedure always
returns a query of the constant size, i.e. the number of tables
that need to be joint and the number of conditions that need
to be applied is constant, which means that the time needed
for executing this query doesn’t increase with the size of the
selection graph. On the other hand, the time needed for the
execution of the TRANSLATE(S) function increases consid-
erably with the size of the selection graph.

The above discussion can be extended to the look-ahead
refinements, since they are a sequence of two refinements.

4 Experimental Results

We illustrate how the proposed approach can speed up a
multi-relational data mining algorithm by considering multi-
relational decision tree learning (MRDTL) algorithm, which
constructs a decision tree for classifying a target attribute
from a target table in a given database.

This algorithm proposed in [Knobbe et al., 1999b] and
implemented in [Leiva, 2002] is an extension of the logical
decision tree induction algorithm called TILDE proposed by
[Blockeel, 1998]. Essentially, MRDTL, like the propositional
version of the decision tree algorithm [Quinlan, 1993], adds
decision nodes to the tree through a process of successive re-
finement until some termination criterion is met (e.g., correct
classification of instances in the training set). The choice of
the decision node to be added at each step is guided by a
suitable impurity measure (e.g., information gain). MRDTL
starts with the selection graph containing a single node at the
root of the tree, which represents the set of all objects of in-
terest in the relational database. This node corresponds to the
target table Ty,. The algorithm iteratively considers every pos-
sible refinement that can be made to the current pattern (se-
lection graph) S with respect to the database D and selects,
in a greedy fashion, the optimal refinement (i.e., the one that
maximizes information gain) and its complement.

Each candidate refinement is evaluated in terms of the split
of the data induced by it with respect to the target attribute,
as in the case of the propositional version of the decision tree
learning algorithm [Quinlan, 1993]. Splits based on numeri-
cal attributes are handled using a technique similar to that of
C4.5 algorithm [Quinlan, 1993] with modifications proposed
in [Fayyad and Irani, 1992; Quinlan, 1996].

The hypothesis resulting from the induction of the rela-
tional decision tree algorithm described above can be viewed
as a set of SQL queries associated with the selection graphs
that correspond to the leaves of the decision tree. Each selec-
tion graph (query) has a class label associated with it. If the
corresponding node is not a pure node, (i.e., it misclassifies
some of the training instances that match the query), the label
associated with the node can be based on the classification of
the majority of training instances that match the correspond-
ing selection graph. Alternatively, we can use probabilistic
assignment of labels based on the distribution of class labels
among the training instances that match the corresponding
selection graph. The complementary nature of the different
branches of a decision tree ensures that a given instance will
not be assigned conflicting labels. It is also worth noting that
it is not necessary to traverse the entire tree in order to classify
a new instance; all the constraints on a certain path are stored
in the selection graph associated with the corresponding leaf
node. Instances that do not match the selection graphs as-
sociated with any of the leaf nodes in the tree are assigned
unknown label and are counted as incorrectly classified when
evaluating the accuracy of the tree on test data.

We have implemented MRDTL in Java using Oracle rela-
tional database and tested it on different databases. We have
also implemented the speedup scheme for this algorithm. The
resulting algorithm is shown in Figure 9.

We conducted our experiments on the data for prediction
gene localization from KDD Cup 2001 [Cheng et al., 2002].
Our current implementation of MRDTL assumes that the tar-
get table has a primary key, therefore it was necessary to
normalize one of the initial tables given in this task. This
normalization was achieved by creating tables named GENE,
INTERACTION, and COMPOSITION as shown in Figure
1. For the gene/protein localization task, the target table is



Tree_Induction(D, S, Ig)
Input Database D, selection graph S, sufficient table I's
Output The root of the tree, T’
1 ALL := all_refinements(S)
R := optimal_refinement(s, D, ALL)
if stopping_criteria(/s)

return leaf
Tieyt := Tree_Induction(D, R(S), R(Is))
Tright := Tree_Induction(D, R(S), R(Is))

2
3
4
5 else
6
7
8

return node(Tic s¢, Tright, R)

Figure 9: MRDTL algorithm with speed up

o_r_min | o_r_max o_r_all all
WOSU 0.04 70.642 | 3838.512 | 4764.15
WSU 0.00 3.656 65.241 416.74

Table 1: Experimental results. Here o_r_min denotes the
shortest running times (in seconds) spent by the algorithm
on a single call of optimal_refinement procedure, o_r_max
denotes the longest running times (in seconds) spent by the
algorithm on a single call of optimal_refinement procedure,
o-r_all denotes the running time (in seconds) spent by the
algorithm on all calls of the optimal_refinement procedure,
all denotes the overall running time (in seconds) of the algo-
rithm, WOSU denotes the results for the run of the algorithm
without speed up scheme implemented, and WSU denotes the
results for the run of the algorithm with speed up scheme im-
plemented.

GENE and the target attribute is LOCALIZATION. The re-
sulting training set consists of 862 genes and the test set con-
sists of 381 genes. We constructed a classifier using all the
training data and test the resulting classifier on the test set.

We have recorded the running times of the algorithm with
and without speedup scheme proposed in the paper. We also
measured the amount of time spent on the function opti-
mal_refinement.

Experimental results are shown in Table 1, where o_r_min
denotes the shortest running times (in seconds) spent by the
algorithm on a single call of optimal_refinement procedure,
o-r_max denotes the longest running times (in seconds) spent
by the algorithm on a single call of optimal_refinement pro-
cedure, o_r_all denotes the running time (in seconds) spent
by the algorithm on all calls of the optimal_refinement pro-
cedure, all denotes the overall running time (in seconds) of
the algorithm, WOSU denotes the results for the run of the
algorithm without speed up scheme implemented, and WSU
denotes the results for the run of the algorithm with speed up
scheme implemented.

The overall running time spent on querying the database in
training phase was decreased by a factor of around 59. The
running time improvement by a factor of 11 was observed in
the overall running time for the MRDTL algorithm on this
database. Some calls of optimal_refinement procedure had
running time improvement up to a factor of 1000.

5 Conclusion

In this paper we present a general approach to speeding up
a class of multi-relational data mining algorithms. We have
incorporated the proposed method into MRDTL algorithm.
Preliminary results of our experiments have shown that the
proposed method yields one to two orders of magnitude re-
ductions in the running time of the algorithm. The proposed
modifications make it feasible to apply multi-relational data
mining algorithms to significantly larger relational databases.
Our work in progress is aimed at:

e Incorporation of sophisticated methods for handling
missing attribute values into MRDTL

e Incorporation of sophisticated pruning methods or com-
plexity regularization techniques into MRDTL to mini-
mize overfitting and improve generalization

e More extensive experimental evaluation of MRDTL on
real-world data sets

e Development of ontology-guided multi-relational deci-
sion tree learning algorithms to generate classifiers at
multiple levels of abstraction (based on the recently de-
veloped prepositional decision tree counterparts of such
algorithms [Zhang et al., 2002]

e Development of variants of MRDTL for classification
tasks where the classes are not disjoint, based on the
recently developed propositional decision tree counter-
parts of such algorithms [Caragea et al., in preparation]

e Development of variants of MRDTL that can learn from
heterogeneous, distributed, autonomous data sources
based on recently developed techniques for distributed
learning [Caragea et al., 2001b; 2001a] and ontology-
based data integration [Honavar et al., 2001; Honavar et
al., 2002; Reinoso-Castillo, 2002].

o Application of multi-relational data mining algorithms
to data-driven knowledge discovery problems in bioin-
formatics and computational biology.
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ABSTRACT

This paper addresses the classification of linked
entities. We introduce a relational vector-space (VS)
model (in analogy to the VS model used in information
retrieval) that abstracts the linked structure,
representing entities by vectors of weights. Given
labeled data as background knowledge/training data,
classification procedures can be defined for this model,
including a straightforward, “direct” model using
weighted adjacency vectors. Using a large set of tasks
from the domain of company affiliation identification,
we demonstrate that such classification procedures can
be effective. We then examine the method in more
detail, showing that as expected the classification
performance  correlates with  the relationa
autocorrelation of the data set. We then turn the tables
and use the relationa VS scores as a way to
analyzelvisualize the relational autocorrelation present
in acomplex linked structure. The main contribution of
the paper is to introduce the relational VS model as a
potentially useful addition to the toolkit for relational
data mining. It could provide useful constructed
features for domains with low to moderate relational
autocorrelation; it may be effective by itself for
domains with high levels of relational autocorrelation,
and it provides a useful abstraction for analyzing the
properties of linked data.

Keywords

relational data mining, vector-space models, industry
classification, homophily, relational autocorrelation,
relational -neighbor classifier

1. INTRODUCTION

The analysis of linked data differs from the traditiona
datamining scenario: the data items, instead of being
statistically independent, have relationships to each other.
Linked data are ubiquitous, and relational data mining is
receiving increasing attention with the explicit linking of
web sites, and with the need to analyze socia networks for
applications such as counterterrorism [1, 2, 3]. We
address a particular relational data mining application:
identifying the group membership of linked entities. We
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address company-industry affiliation, but the framework
and methods we describe are intended to be general.

Figure 1 shows a link diagram of companies and their
relationships, as extracted from the business news. Colors
indicate industry-sector affiliation. The diagram suggests
that relationships may play a useful role in identifying the
(unknown) affiliation of a company, because linked
companies often have the same affiliation.

Figure 1. Link diagram of firms. Only links with strength > 4
are shown (but proximity also indicates relatedness). Colors
indicate industry-sector member ship.

The key contribution of this paper is the presentation and
demonstration of a simple, but useful, method for
producing classification models from linked data. In
analogy to information retrieval [4], we represent entities
using a vector-space model. The relational vector-space
(RVS) model abstracts away much of the graph structure,
representing entities by adjacency vectors. Various
classification procedures can be defined on the RVS
model.

The main attraction of the RVS model isits simplicity.
We argue that RVS class-membership scores could be
useful constructed features for more complex (relational)
datamining approaches, such as ILP [5] that do not
naturally summarize the class membership of local
neighborhoods. We also believe that for certain tasks, the
RV'S model may be appropriate by itself.



The rest of the paper is organized as follows. We
present the RVS model formally, and use it to define
severa classification scoring functions. Next we
introduce the domain of company affiliation identification,
from which we will take a set of classification tasks. Then
we present the results of an experimental case study,
examining the effectiveness of the RVS model for
classification in this domain. Finaly, we show how the
model’ s scores can be used to analyze and visualize certain
class-related information about the original, complex

graph.

2. THE RVSMODEL

We make a direct analogy to the “vector-space model”
used for information retrieval, in which al textual and
linguistic structure is ignored and documents are
represented by vectors of weights on words. The relational
vector-space model is a similarly limited abstraction of
the graph structure, into a representation on which
straightforward classification techniques can be built.
Specifically, each dimension in the vector space
corresponds to another entity; each entity is represented
by a (weighted) adjacency vector (i.e., the magnitude aong
each dimension is some measure of the strength of the
relationship).

2.1 General Mode
Formally, we consider a set of entities E and aset Bl E

of “background knowledge” entities. Later in our company
affiliation domain, the entities will be companies and the
background knowledge will be companies for which the
classification is known. We place an (arbitrary) ordering
on B, resulting in b, i =1, .. |Bl. These define the
dimensions of the vector space, and thereby the
dimensions a ong which any entity can be described.
Definition: An entity e is described by an entity vector w
= (w1, W, ), Where w is the strength of the relationship
between entity e and background entity b. Ignoring
strengths gives a simple entity vector, w, where thew; are
binary (presence/absence of alink).

This relational vector-space representation can be used
for classification and clustering of entities, and other tasks
that rely on entity similarity. In this paper, we will
consider entity classification. In particular, consider a
discrete, finite set of classes C, such that for each G| C,
Gl E. Ifel G, eisconsideredtobeamember of classi.
In principle, the classes need not be mutually exclusive,
but we will consider them to be for this paper, so the class
can be considered to be a single-valued attribute of an
entity and (later) we can adapt previous notions of
relational autocorrelation directly. By definition, for
el B, class membership is known. We would like to
determine (estimate) class membership for at least one
entity el B.

Definition: Each class G| C is described by a class
vector ¢ = (Ci1, G2, ..), Where g is the strength of the
relationship between class C; and background ertity b;.

In order to classify an entity, we will consider how
similar the entity vector is to each class vector, using a
similarity-based scoring function. First, let us define a
generalized scoring function.

Definition: The generalized RVS score of entity e for
class i is the normalized inner product of w and ¢; (the

normalizing function g(w,c;) is discussed below):
WG,
g(w,c)

RV S scores may be used for classification and other class-
based scoring (e.g., for ranking) directly. They also could
provide generally useful constructed featuresto be used by
other methods (for example, more complex relational data
mining methods [1,2,3]).

2.2 Instantiating the RVS M odel

To define specific RVS scores we must answer three
questions, which we now will addressin turn.

1. How exactly arethe entity vectors, w, defined?

2. How exactly are the class vectors, ci, defined?

3. What normaizing function, g(w, ¢; ) is used?

Entity vectors. Recall that an entity vector is composed
of the strengths of the relationships between the entity e
and the background entities by. Of course, the definition of
strength is domain dependent, but there are some general
issuesworth highlighting. In all cases, we will consider w;
= 0 to indicate the lack of arelationship between e and by.
A simple way of defining entity vectors is to ignore
strengths, creating a vector of binary indicators. If thereis
a natural notion of strength, such as the number of links
between entities, this gives an obvious way of defining the
wi. However, in analogy to how the vector-space model is
used in text classification, a TFIDF-like weighting scheme
[4] may be provide added discrimination power.
Class vectors. Defining class vectors is somewhat more
involved. One general direct method is to give non-zero
weights to the background entities that are members of the
class. The distribution of weights places an a priori
directionality on the class vector, which ideally maximizes
discriminability. Using uniform weights defines a set of
simple, “canonical” vectorsfor each class.
Definition: The canonical class vector, ¢, for classi has
non-zero components: -

Cij= 1U QI C
Other distributions of direct weights may be natural for a
particular domain, based on background knowledge or
statistics summarized from the corpus of background
entities. For company affiliation classification,
companies in an industry (class) may be weighted by

d(ei) =



market capitaization or by a measure of margina
probability of linkage to same-class companies.

These direct methods assume that linkage to members
of the same class is sufficient for discrimination. It may
be that members of the same class are not linked to each
other, but are linked to the same ather entities (or other
classes). Short of abandoning the RVS approach for a
more complex graph-based approach, an indirect method
for defining class vectors may be beneficial.

Definition: The simple indirect class vector, sici, for
class i is the vector sum of the entity vectors for the
background entities belonging to the class:

Sic = é w

el CCB

One can define more complicated indirect class vectors.
For example, a class centroid would be dlightly more
complicated. An even more complicated indirect method
would be to redefine the b, one per class, as “super-
entities.” Then an indirect method could compare an
entity’s distribution of links to the various super-entities
to the average distributions for those classes. For this
paper, we do not consider complicated variations further.

Normalization functions. Generdly, g(w,c;) defines

the semantics of the similarity represented by the score.
For example, the familiar “cosine similarity” between the
entity vector and the class vector is d(ei) with the
following normalization function:

g(w.c;) =|w]
where I is the Euclidean (L2) norm. Whether the exact

C.
|

cosine distance, or some other normalization, is
appropriate is domain dependent, but a so depends on the
definitions of w and ¢;. For the experiments below, we
will look at several scoring functions representing
different similarities. These scoring functions are defined

by different instantiations of w, ci, and g(w, ¢;) .

2.3 Five RVSscoring functions

The RVS modd gives a convenient design space of
classification scoring functions. We concentrate on the
canonical class vector, because it is easy to define, and
creates intuitively attractive scores (that perform well in
our domain).
Definition: The class-normalized direct RVS score of
entity e for class i is the inner product of W and the
canonical class vector ¢;, normalized by the L1 norm of c.

Scnd (&) = —_—

a Ci .j

The class-normalized direct RVS score counts up the
connected entities belonging to the class, and then

normalizes by the size of the class;! so that certain classes
do not get higher scores simply because they are larger.
Definition: The entity-normalized direct RVS score of
entity e for class i is the inner product of W and the
canonical class vector c¢;, normalized by the L1 norm of
w.
. Woc
Send (e! I) = T—AI
Wi
The entity-normalized direct RVS score is attractive
intuitively: it represents the proportion of connected
entities that are members of G. This normalizes so that
certain entities do not get higher scores simply by being
more highly connected.
Definition: The weighted, entity-normalized direct
(wend) RVS score of entity e for class i is the inner
product of w and the canonical class vector c;, normalized
by the L1 norm of w.
L WoC,
Swena (€1) = 52—
Wi

Using a weighted entity vector inherently deals with noise
(spurious, lowweight links) in the data. Using the L1
norm of the weight vector gives the intuitively appealing
weighted proportion of links that are to members of the
class of interest.

All three of these methods directly relate the entity
vectors w with the respective canonical class vectorsc;. A
second group of scoring functions relaes the entity vector
w with the simpleindirect class vector sic; of aclass.
Definition: The (simple) indirect RVS score of entity e
for classi isthe cosine similarity between w and sic;,

. w XSiCi
d(e,i) =7——
[wl]sici

We define efigf weights (entity frequency inverse graph
frequency) analogously to the TFIDF (text frequency
inverse document frequency) weights used in Information
Retrievd [4].
Definition: The efigf-based indirect RVS score of entity
e for class i is the cosine between the efigf-normalized
vector w' and the analogously normalized vector sic’,
where

N 0

ef =w 1 ,igfi= IO%—; and
max (W) N g

w' =ef ?igf (sici anaogoudy)

hence, d ei) =
ef gf( ’I)

i ||W41||sicp||

! For the canonica class vector, the semantics of the cosine of the
angle between it and a weighted entity vector is dubious.



3. DOMAIN & TASKS

To demonstrate the RVS model, we report a case study
involving severa classification tasks from the domain of
company affiliation identification. ldentifying the group
membership of companies is a prerequisite for solving
various problems. Consider industry membership.
Determining which companies belong to a particular
industry is essential for intellectual property (e.g., patent)
litigation, financial analysis (e.g., balancing a portfolio,
constructing sector funds), making/improving government
economic projections, and so on.

Traditionally, industry membership has been determined
by a manua process, and there are various existing
classifications. For example, the US Government’s Office
of Management and Budget has devel oped a framework for
how to assign SIC codes (“Standard Industry
Classification” codes-hierarchical, four digit codes used
as industry identifiers for firms). Business information
companies, such as Hoover's and Yahoo, have different
industry classifications (which often do not have a high
degree of correspondence with the assigned SIC codes).
There are known problems with industry classifications.
For example, one study showed that two common SIC-
code sources for the same companies disagreed on more
than 36% of the codes at the 2-digit code level, and on
more then 80% at the 4-digit level [6].

The RVS model can take as background knowledge any
industry classification, and (attempt to) classify
companies based onit. This givesthe additional flexibility
to adjust the classification of some background
companies, and have the model adjust the rest accordingly,
or start from scratch with anew scheme.

The quality of the generdization performance is an
empirical question, which we address next for Yahoo's
classification. Thus, for the RVS model, E is the set of
companies, C comprises the Yahoo classifications
(industry sector, unless otherwise noted), and B contains
the companies for which the Yahoo classification is
(deemed to be) known. We chose Yahoo because the
granularity of the classifications (12 sectors) was
attractive for a conference-paper study and because of
ease of accessto the data.

For the RVS model we aso need a source for links
between companies. For this study we chose a generic, but
easily accessible link: two companies are linked if they
cooccur in a business news story, with the strength of the
relationship being the number of such links. Note that
cooccurrence lumps together a wide variety of
relationships, including joint ventures,
mergerg/acquisitions, product-related, market related, and
so on. Some have nothing to do with industry membership
(e.g., two companies happen to announce earnings on the
same day). We based the cooccurrences on a collection
of news stories from the period December 1999 to

September 2002, for which the news provider had assigned
a least two ticker symbols and for which the symbols
appeared in the Y ahoo classification.

4, RESULTS

To compare the various RV'S scoring methods, we take
each affiliation (the 12 Yahoo sectors) and ask how well
the companies can be separated into those belonging to the
affiliation and those not. We examine the five scoring
functions listed in Section 2.2. and two extensions
(described later). We also examined the methods using as
the affiliations 97 Y ahoo industries, with similar results
(which we also use for illustration).

4.1 ROC Analysisfor Sectors

1 =
Transpartation i = ==

Capital Goods

True Positive Rate
(=3 =3

s
e ———

: o Fall-E:Positiverjl.?zte o :

Figure 2: ROC curve for weighted, entity-normalized method
(averaged over 10 runs)
We use ROC analysis [7, 8] to assess the model’s ability
to separate class members from non-members. For a
given scoring of companies, ROC curves plot al the
possible tradeoffs between correctly classifying the
members of the class (the true positive rate, on the y-axis)
and incorrectly identifying non-members of the class
(false-positive rate, on the xaxis). The area under the
ROC curve (AUC), equivdent to the Wilcoxorn-Mann-
Whitney statistic, is the probability that a member of the
class will be scored higher than a non-member [9]. Error
is calculated as 1 — AUC, and since the AUCs often are
close to 1, relative error reductior? is reported for
comparisons.

Figure 2 shows the ROC curves for the best method, the
weighted, entity-normalized direct score  (Swend)-
Generdization performance ranges from moderate class
separability (AUC=0.68 for Capital Goods) to excellent
class separability (0.93 for Transportation). Referring
back to Figure 1, Transportation is green, and we can see

2 Relative error reduction of method2 over methodl = (AUC2 —
AUCL)/(1-AUCYI).



that green nodes are very well interlinked. (Capital Goods,
cyan, areinterlinked not nearly aswell.)

Table 1 reports the AUCs of all 5 scoring functions for
the 12 classification tasks. In most cases all the scoring
methods classify considerably better than random
(represented by the diagonal in ROC space).  Swend
consistently performs better than the aher scores (with
only a few exceptions).. Table 2 shows the relative error
reduction of Syenq OVer the other methods. Syeng has lower
error than its closest competitor, the simple Seng, 0N 10 of
12 classification tasks, but achieves only a 2.3% error
reduction on average.

area under curve

Sector S end S cnd S wend dgi d efigf
BasicMaterials 0.7318 0.6644 0.7339 0.6218 0.6494
CapitalGoods 0.6781 0.6635 0.6810 0.5274 0.5476
Conglomerates 0.7563 0.5318 0.7697 0.6236 0.6281
ConsumerCyclical 0.7379 0.6087 0.7463 0.5845 0.6073
ConsumerNonCyclical | 0.8704 0.6530 0.8753 0.7227 0.7285

Energy 0.8685 0.7701 0.8682 0.8083 0.8520
Financial 0.8002 0.6619 0.8067 0.5566 0.6238
Healthcare 0.8890 0.6918 0.8898 0.7652 0.8142
Services 0.7966 0.6035 0.8124 0.5823 0.6031
Technology 0.8378 0.6785 0.8427 0.7146 0.7294
Transportation 0.9306 0.7325 0.9307 0.8406 0.8825
Utilities 0.9103 0.7982 0.9096 0.8841 0.8924
Average 0.8173 0.6715 0.8222 0.6860 0.7132

Table 1: Areaunder curve (AUC) for all scoring methods

error reduction

Sector S end S cnd d si d efigf

BasicMaterials 0.0080 0.2072 0.2966 0.2411
CapitalGoods 0.0090 0.0520 0.3250 0.2948
Conglomerates 0.0550 0.5081 0.3881 0.3807
ConsumerCyclical 0.0322 0.3517 0.3895 0.3540
ConsumerNonCyclical 0.0382 0.6407 0.5503 0.5408
Energy -0.0028 0.4267 0.3122 0.1092
Financial 0.0327 0.4283 0.5642 0.4863
Healthcare 0.0068 0.6423 0.5305 0.4066
Services 0.0778 0.5268 0.5508 0.5274
Technology 0.0303 0.5106 0.4489 0.4186
Transportation 0.0007 0.7409 0.5653 0.4101
Utilities -0.0073 0.5520 0.2201 0.1600
Average 0.0234 0.4656 0.4285 0.3608

Table 2: Relative error reductionsfor Syeng OVer other
methods
Notice the curious shape of the ROC curves in Figure 2:
rather than having smoothly decreasing slopes (for ROC
curves the slope corresponds to the class-membership
likelihood ratio), after a certain point the slope is constant
(to (1,1)). Thisis an indication that Syenq iS giving equal
(low) scores to a large number of entities. Examining the

scores we see that, indeed, the direct method is giving
scores of zero to many entities.?

Swend=0 Means that the entity is not linked to any
(background) members of the class. This may largely be
due to our limited data sample. A larger sample would
contain (i) many more links and perhaps (ii) many more
labeled background companies. Moreover, comparing
different direct scores on these data obscures their
differences, because (as is evident in Figure 2) due to the
large number of zeros, for a given industry the AUCs
cannot be very different for different direct scorings
(which would correspond only to different slopes of the
aready-very-steep initial rise). By definition, on the cases
with no links to background class members, al d the
direct methods give zero scores.

Therefore, to assess the potential of the scores with
more data, and to compare different direct scores on those
cases where they can differ, we magnify the far-left part of
the curves by looking only at those cases with at least one
link to a background member of the class (i.e., ignoring the
zero scores). The resultant ROC curves for Syenq are
shownin Figure 3.

Transportation

[ N {
glad | I: Conglomerates

True Positive Rate

] 0.2 0.4 0.6 0.8 1
False Positive Rate

Figure 3: ROC curvefor weighted, entity-normalized
method, ignoring non-linked entities (averaged over 10 runs)
In Figure 3, most of the AUCs are 0.9 or better, and only
one (Conglomerates, AUC=0.67) is less than 0.8. This
demonstrates that Svengs Can separate the entities by class
remarkably well, in cases where it has a chance—i.e,,

% Giving scores of zero to entities not in the class is of course
desirable. The problem here is that members of the class are
receiving scores of zero. The percentage varies from sector to
sector, and can be estimated by (one minus) the TP rate at the
beginning of the final linear segment of the ROC curve. E.g., for
Transportation approximately 10% of the members of the class
receive zeros. For Capita Goods, approximately 50% receive
Zeros.



where there is at least one link to a known member of the
class.

area under curve (no zeros)

Sector S end S wend dg d efigf
BasicMaterials 0.9106 0.9286 0.6442 0.6685
CapitalGoods 0.8321 0.8574 0.5299 0.5676
Conglomerates 0.5755 0.6668 0.7079 0.7169
ConsumerCyclical 0.8205 0.8602 0.5853 0.6107
ConsumerNonCyclicall 0.9079 0.9317 0.7482 0.7578

Energy 0.9291 0.9281 0.8283 0.8522
Financial 0.8892 0.9107 0.6243 0.6646
Healthcare 0.9397 0.9405 0.7599 0.8078
Services 0.8143 0.8462 0.5712 0.5970
Technology 0.8373 0.8446 0.7051 0.7195
Transportation 0.9567 0.9624 0.8551 0.9124
Utilities 0.9397 0.9518 0.9076 0.9225
Average 0.8627 0.8857 0.7056 0.7331

Table 3: Area under curve (AUC) for all scoring methods
ignoring non-linked entities
Table 3 reportsthe AUCs of all 5 scoring functions for the
12 classification tasks for this task. In most cases all the
scoring methods classify considerably better than random
(represented by the diagona in ROC space), but again Seng
and svena perform the best. The wend score consistently
performs better than the other scores (with only a few
exceptions). Table 4 shows the relative error reduction of
the Syens Over the other methods. Even over Seng, it
achieves a 15% error reduction on average.

error reduction (no zeros)
Sector S end d si d efigf

BasicMaterials 0.2019 0.7994 0.7846
CapitalGoods 0.1506 0.6966 0.6701
Conglomerates 0.2152 -0.1406 -0.1768
ConsumerCyclical 0.2209 0.6628 0.6408
ConsumerNonCyclicall 0.2586 0.7290 0.7182

Energy -0.0152 0.5810 0.5132
Financial 0.1945 0.7624 0.7339
Healthcare 0.0133 0.7521 0.6904
Services 0.1716 0.6413 0.6183
Technology 0.0444 0.4729 0.4458
Transportation 0.1298 0.7402 0.5702
Utilities 0.1994 0.4779 0.3777
Average 0.1487 0.5979 0.5489

Table 4: Relative error reductionsfor Syeng Over other
methods ignoring non-linked entities
It is important to emphasize that we are not claiming that
these results show that Syeng iS generally preferable. This
will be domain and task dependent. For this particular
domain, Svend SEEMS to be the better score. This general
result is reinforced by examining the results on the finer-
grained industry (rather than sector) affiliations. For 34 of
the 97 industries the two methods produce identical

generalization performance For the remaining 63
industries, Sengissuperior for 11 and Syeng for 52. Figure 4
plots the AUCS of Syeng (Vertical axis) and Seng (horizontal
axis). Points above the diagona indicate that Syenq has a
higher AUC than sgng. Clearly, Syend iS the better performer
on these finer-grained classification tasks, sometimes by a
large margin.

Returning to the zero scores, the direct RVS method
does not stand a chance when there are no links to a known
member of the class. The indirect method is not so
limited—the only time it will give a non-zero score for a
classisif the entity in question is not linked to anything
that a known member is linked to. Scoring al the
companies with the indirect method indeed produces few
zeros.  Unfortunately (as shown in Table 1), the
classification performance is not nearly as strong with the
indirect methods. The indirect methods show a much
wider range of performance, from Utilities (almost as
good as with the direct score) down to Capital Goods
(apparently random).
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Figure 4. AUC of Syeng VS. AUC 0Of Seng ON the 97 industries

4.2 Hybrid methods

In order to improve the direct methods' performance on
entities with no direct links to the class, it is possible to
combine the direct and indirect methods, using the latter
only when the former returns a zero.
Definition: The weighted, efigf combined score of an
entity is:

S (1) = Guggr (&) 1IN (S0 (&, K))

- éswend (e! I)

& (€1),if Syenq(611) =0
Thus, we use the weighted, entity normalized direct score
Swend, UNIESS Syend IS ZEr0, in Which case we scale the efigf -
score by the minimal, greater-than-zero Svens to fit the
d«igr’ s below the true weighted, entity normalized scores.

cs (&)

* For sparser data the two methods scorings will become more
smila—and exactly identical scorings are not necessary to
produce identical ROC curves.



Using this approach, we see a modest improvement. On
average we see 4% additional error reduction over Syend
(see Table 5). However, there are certain cases where
additional error reduction is very large (Transportation,
Energy error reduction >20%), and three cases where it
increases error (on average 9% relative increase). This
illustrates the need for a flexible framework within which
avariety of RVS methods can be defined and tested.
Another approach to address the scoring of entities with
no links to a known member of the class in question isto
investigate degree-2 links (links to entities “two hops’
away). Redefining the links in the direct RVS model
results in a score, which is analogous to Sng, the simple
entity-normalized direct RVS score, but follows links of
degree two. Consider w? to be the analogue to w, except
with two-hop links.
Definition: An entity g can be described by an simple
second-degree entity vector w?;, = (W?1, W?j,2, ...),
where:

W2 =1if wi* Wi =1forany e, exinE
Definition: The second-degree class-normalized direct
RVS score of entity e for classi is the inner product of
weand the canonical class vector c¢;, normalized by the L1
norm of c.

v“v@xci

stha (&) =—
ac

J
Again we can define acombined score:
Definition: The weighted, second degree class-
normalized combined score of an entity is:
se,i)=st ,(ei)* mkin (Spena(&K))

S\ eswend(e! I)
cslei)=a " .
ésqevl)vlf aNend(evl) = 0

area under curve rel. error red.
Sector S wend cs cs" cs cs"”
BasicMaterials 0.7339 0.7313 0.7677] -0.0098 0.1270
CapitalGoods 0.6810 0.6525 0.7187] -0.0891 0.1183
Conglomerates 0.7697 0.7702 0.7232] 0.0024 -0.2019
ConsumerCyclical 0.7463 0.7178 0.7682] -0.1126 0.0862
ConsumerNonCyclical 0.8753 0.8859 0.8726] 0.0850 -0.0215
Energy 0.8682 0.8981 0.9078 0.2267 0.3003
Financial 0.8067 0.7938 0.8129] -0.0671 0.0319
Healthcare 0.8898 0.8945 0.9136] 0.0425 0.2163
Services 0.8124 0.8150 0.8234] 0.0137 0.0586
Technology 0.8427 0.8458 0.8496] 0.0200 0.0437
Transportation 0.9307 0.9470 0.9458] 0.2347 0.2177
Utilities 0.9096 0.9185 0.9187] 0.0979 0.1011
Average 0.8222 0.8225 0.8352] 0.0370 0.0898

Table5: AUC and relative error reduction with combined
methods
As Table 5 shows this method improves further over Syena.
On average we get 9% relative error reduction with some
reductions going up to 30% (for energy) and two
additional being higher than 20% (Hedthcare and
Technology). Like with the weighted, efigf combined
score cs, however, some sectors have an error increase,

the largest being Conglomerates with 20%. (NB: by its
nature, Conglomerates is the one sector for which we
would not expect members to be linked to each other.)
This illustrates that even in a domain where simple scores
perform very well, more-complex scores can add value.

4.3 Comparing scores acr 0ss sectors

The ROC analysis above evaluates the problem: given a
sector, how well can companies be separated into those in
the sector and those not. More specifically, it evaluates
the scoring function’s ability to rank the companies by
probability of class membership. The dual question is:
given a company, how accurately can it be placed into the
“correct” sector?

The base rate for this classification problem will be the
marginal probability of the most common class: in our
data, 0.29 (Technology). The accuracy of Swenq fOr
classifying companies into the correct sector was 0.68.
Table 6 shows the accuracy for the companies in each
sector. For only one sector (Conglomerates) was the
classification accuracy worse than the base rate (0.15) and
this sector also had the smallest number of members
(recall that syenq does not normalize for the size of the
class). Classification is one (important) case where
comparing scores across sectors is necessary. We will
return to thisin the follow-up analysis below.

Sector Correct Total Accuracy
Technology 392 505 0.78
Energy 54 71 0.76
Transportation 28 38 0.74
Healthcare 131 180 0.73
Utilities 21 30 0.7¢
Financial 111 170 0.65
Services 286 444 0.64
(ConsumerNonCyclical 38 60 0.63
BasicMaterials 47 104 0.45
ConsumerCyclical 36 99 0.36
CapitalGoods 17 73 0.23
Conglomerates 3 14 0.21
Overall 1164 1788 0.65
base rate (Technology) 0.28

Table 6: Accuracy for classifying companiesin each sector

4.4 Other methods

How good are these results, with respect to other methods
of company-affiliation classification? Our god in this
paper was to demonstrate the RVS model, and not to
assess what is the best method for company affiliation
identification. Nevertheless, for completeness we address
this question briefly.

Running the relational learning program FOIL [10] on
these data failed completely, returning a single clause for
each company. We modified FOIL to search for more
general theories, and it still performed far worse than the
RV S methods. In retrospect, thisis not surprising because
FOIL (and many other ILP [5] agorithms) do not perform



numeric aggregations without having them be defined
explicitly. The RVS scores may provide useful
constructed features for ILP programs.

We created an ensemble, multi-document, full-text
classification method, using the stories from which the
links were extracted. This method performed similarly to
Swend DUt was two orders of magnitude dSower.
Interestingly, when the sector-specific word models were
examined, the names of major companies in the sector
were given high scores. So the text-based method chose
to usethese “links’ in its own vector-space model.

In the financia literature and industry, companies are
clustered into industry groupings based on correlations in
their financia time series (and singular-vaue
decompositions) [11]. Our experiments so far with these
methods have not yielded remarkable performance on our
classification tasks.

Probabilistic and dtatistically oriented relationa
learning methods, such as PRMs [12], and relational
versions of naive Bayes[13], decision trees[14], etc., hold
the most promise for competing with the RVS model.
These methods do perform aggregations over the values of
the attributes at linked nodes. In particular, properly
utilized (weighted) COUNT or MODE operations would
incorporate the fundamentals of the basic, direct RVS
scores. However, even if they performed competitively,
they far more complex learning procedures than the RVS
scoring functions.

5. Discussion and Followup

So, what does our case study illustrate about the relational
vector-space model? Firgt, it showsthat there are domains
where the interlinkage between class members is strong
enough for simple scoring methods based only on linkage
to capture much of the “signal” needed for good
classification. And for some tasks the scoring can lead to
remarkable classification accuracy. For example, even
though Transportation companies represent only 2% of the
companies, the excellent Transportation scores
(AUC>0.9) lead to a classification accuracy of 74%, when
classifying by choosing the highest sector-score (of the
12).

Intuitively, we expect the direct RVS methods to excel
when (as in Figure 1) entities are more likely to be linked
to other entities with the same class membership. This
intuitive notion is captured more formally by relational
autocorrelation [15]: the correlation between values of
the same attribute on linked entities “represents an
extremely important type of knowledge about relationa
data, one that is just beginning to be explored and
exploited for learning statistical models from relational
data” (ibid). We can use this notion to understand the RVS
model in more detail.

Adapting Jensen & Neville's [15] definition to our
context, consider a set of entities E, an attributef, and a set
of paths P that connect objectsin E.

Definition: Relational autocorrelation C' is the
correlation between all pairs  (f(x1).f(x2)) where
X, %1 E,x * xandsuchthat $p(x;, x,)T P.

Let us define degree-k relational autocorrelation as

further restricting the length of p(x,x,)to be k.

Intuitively, the direct RVS method should be appropriate
when the degree-1 relational autocorrelation in the
entities’ classvaluesishigh (“homophily”). We can use an
existing measure of relational autocorrelation to verify
this. Following Jensen & Neville we use Pearson’'s
corrected contingency coefficient to measure class-vaue
autocorrelation.

For our sector-classification problem, the degree-1
relational autocorrelation considering all classes is 0.84,
reflecting our intuition from inspecting Figure 1. Figure5
shows for each class the classification performance
(accuracy) plotted against the class vs. not-class degree-1
autocorrelations.  The rankings of performance and
autocorrelation are very similar (Pearson’s correlaion
coefficient is 0.76). This high value is due to a large part
to Conglomerates, which has the lowest autocorrelation
and the lowest accuracy. Nonetheless it suggests that the
performance of the direct RVS method indeed isrelated to
the degree-1 relational autocorrelation in the class values.

ACCuracy

1] 0.2 0.4 0.6 0.8
Contingency Coeff

Figure5: Accuracy versus degree-1 autocorrelation

More specifically, the direct RV S score itself is ameasure
of degree-2 relational autocorrelation where the path
p(x1,X2) passes through the entity to be classified. If the
degree-1 relational autocorrelation is high, one would
expect entities connected by paths of length 2 through an
entity of class C, also to have class C (thisis the condition
for the direct RVS score to be effective for
classification).
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Figure 6: Fraction of correct and incorrect Sector
Classifications (black are correct classifications, gray are
incorrect classifications)

This suggests that the RVS scores can be used for
assessments of the nature of the relational autocorrelation
in a graph, that are finer-grained than given by the
contingency coefficient. For example, for our sector-
classification problem, Figure 6 is a histogram, plotting
the distribution of companies over the maximum of Syeng
for any of the 12 classes. The black (gray) shading shows
the percentage of companies with the same (different)
class as the class with the maximum score. Interestingly,
the distribution shows that for this domain, most (>75%)
of the entities have a (weighted) mgjority of the links to
entities of asingle class. More often than not, thisclassis
correct.
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Figure 7: Sector specific Syeng SCOresfor Transportation
(gray is All but Transportation, black is Transportation)
Let us use Syend t0 view two of the particular sector
classification tasks, Transportation (high AUC &
accuracy) and Capital Goods® (low AUC & accuracy).
Figure 7 and Figure 8 show histograms of the sector-
specific syena SCOres for the members of the class (black)
and the non-members (gray). We can see clearly that
Transportation companies are primarily linked to other

® Conglomerates is similar, but has only 13 member companies (as
compared to 61 for Capital Goods).

Transportation companies, and other companies are not.
Capital Goods companies, on the other hand, show very
different connectivity—they are not primarily linked to
other Capital Goods companies. In fact, their linkage to
other Capital Goods companies is remarkably similar to
that of the rest of the companies.
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Figure 8: Sector specific Syeng ScOres for Captial Goods
(gray is All but CapitalGoods, black is CapitalGoods)
Finally, consider the comprehensive view of class
interlinkage given in Figure 9 (on the last page), which
shows the class interlinkage for all class pairs. Each
individual graph shows the averages across the members of
the class of the s.eng Scores for each of the 12 classes.
This figure gives a condensed visualization of the class-

specific interlinkage in the graph.

We argue that this visualization could lead to insights
about the classes. Pretend for the moment that we did not
already have a basic understanding of the sectors. We see
that Capital Goods has high linkage to most of the other
classes. Transportation, on the other hand is linked
primarily with itself® And Services are linked almost
uniformly to the rest of the sectors. Utilities are linked to
Energy and Transportation (and in contrast to the rest of
the sectors, not to Technology much at al). Each of these
properties makes good sense for the corresponding class.

6. LIMITATIONSAND FUTURE WORK

For this study we limited ourselves to relatively simple
RVS scoring functions. This was partidly due to our
desire to flesh out the basics of the model first before
getting fancy, but more due to the remarkabl e performance
of the basic methodsin our case-study domain.

The RVS scoring functions are “learning” procedures
only in the sense that nearest-neighbor classifiers are: they
simply apply a scoring function to a database of instances-
-- no feature selection or parameter estimation takes

5 We have not normaized here by the size of the class here, in
keeping with the rest of the paper (so Technology is weighted
heavily across most of the classes). Doing so gives a different,
and equally intriguing visudization.



place. Indeed, Swend could be considered a “Relational
Neighbor” classifier [16], that takes advantage of class
homophily. Provost et al. argue that such a simple model
should generally be used as a baseline for more
complicated approaches, because it seems to perform
remarkably well in many domains [16]. Jensen & Neville
found high relational autocorrelation for almost all
atributes they examined in linked movie data [15].
Furthermore, homophily has been observed in human
groups with respect to a wide variety of descriptive
variables, and is one of the basic premises of theories of
social structure [17]. Chakrabarti et al. take advantage of
autocorrelation in class values to classify hypertext
documents [18]. Their procedure learns a probabilistic
model based on the classes of related entities, and
therefore can capture more complex relationships than
simply homophily.

There are several ways in which the current model is
limited. We only consider a single link type. This does
not restrict the model’ s applicability, because (aswedid in
our case study) the type of links can simply be ignored.
However, it may obscure information that is important for
classification. The model as presented could be extended
to handle multiple link types simply by creating multiple
vectors (one per link type) and concatenating them.
Alternatively, different models could be produced for
different link types, and selected among or applied as an
ensemble.  Whether or not these would be effective
techniques isa subject for future study.

We aso only consider a single entity type. Thisis a
more fundamental limitation of the model, and we have not
considered carefully how to extend it. One obvious way to
apply the model to data with multiple types of entitiesisto
focus on one entity type, and consider paths between these
entities (perhaps going through other entities) to be the
links.

The direct RVS scores (as presented) abstract away
most of the graph structure, only considering adjacency.
This is the source of the model’ s elegant simplicity, but it
aso limits the types of problems on which it will be
effective. It could be extended by defining links in the
model to be paths of length greater than one. These could
be treated similarly to multiple link types, as discussed
above.

We have assumed that more data will (partialy) resolve
the issue with many zero scores (described in Section
4.1). We have little support for this assumption, but it
seems reasonable. We have procured another data set to
test with; however, we have not yet completed the data
preprocessing necessary to make the two data sets
comparable.

Finaly, we have looked at different sector and industry
classifications (SIC codes and Hoover's classification)
with qualitatively similar results, but have not studied them
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comprehensively. We would like to show that the RVS
model with newswire-extracted links can model various,
different classifications that have little similarity to each
other (the aforementioned surprisingly do not) but are
nevertheless meaningful.

7. CONCLUSIONS

The relational vector-space model is a useful abstract
representation for studying relational classification. With
simple choices for its components (entity vector, class
vector, normalization function) it represents intuitive
notions of classification by relational autocorrelation.
With more complicated choices, it can represent more
complex classification models on linked data (still
abstracting away much of the graph structure).

In our case study of company affiliation classification,
relatively simple scoring functions performed remarkably
well, illustrating the potentia utility of the RVS model.
However, the RVS scores may be most useful as feature
constructors in other, more complicated systems.
Relational learners can include these scores as (additional)
aggregation functions. Standard feature-vector learners
can use the RVS scores to take into account an important
part of relational structure.

The case study aso illustrated the advantage of the
structure that the RVS model places on the space of
scoring functions, alowing them to be explored
systematically. Although the improvement for this domain
was not dramatic, the results of combining the different
scores do suggest that combined RV S scoring models may
be advantageous in certain domains.
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Abstract

We outline some criteria by which to compare un-
supervised relational learning algorithms, and illus-
trate these criteria with reference to three examples:
SUBDUE, relational association rules (WARMR),
and Probabilistic Relational Models. For each al-
gorithm we ask, What form of input data does it
require? What form of output does it produce?
Can the output be used to make predictions about
unseen inputs? Categorizing the existing unsuper-
vised relational learning algorithms helps us to un-
derstand how each algorithm relates to the others
(no pun intended). We can identify important gaps
in coverage that could be fruitful areas for future
research.

1 What do we mean by unsupervised?

In this paper we outline some criteria by which to compare
unsupervised relational learning algorithms. We begin by
clarifying what we mean by an unsupervised learning algo-
rithm. A supervised learning algorithm distinguishes one at-
tribute of its input instances as the target and learns a model
designed to predict the value of the target attribute for pre-
viously unseen inputs. The target attribute can be discrete,
as in classification, or continuous. An unsupervised learning
algorithm does not treat any particular attribute of its input
instances as the target to be learned. There is no teacher who
gives the correct answer; there is no one correct answer. In
some cases, the model produced by an unsupervised learning
algorithm can be used for prediction tasks even though it was
not designed for such tasks. The distinction between super-
vised and unsupervised learning is a spectrum on which some
algorithms are at the extremes and others are toward the mid-
dle. SuBDUE is clearly an unsupervised learning algorithm.

*This effort is supported by DARPA and AFRL under contract
numbers F30602-00-2-0597 and F30602-01-2-0566, and by NSF
under contract number EIA9983215. The U.S. Government is au-
thorized to reproduce and distribute reprints for governmental pur-
poses notwithstanding any copyright notation hereon. The views and
conclusions contained herein are those of the authors and should not
be interpreted as necessarily representing the official policies or en-
dorsements either expressed or implied, of DARPA, AFRL, NSF, or
the U.S. Government.

It recognizes repeated substructures in a labeled graph, and
can be used for graph compression [Cook and Holder, 1994]
and for hierarchical clustering [Jonyer et al., 2001], but not
prediction. Relational Markov Networks [Taskar et al., 2002]
are designed for discriminative training: they fall at the super-
vised end of the spectrum. Probabilistic Relational Models
are more toward the middle. PRMs learn a dependency struc-
ture which can enhance a domain expert’s understanding of
the data [Getoor et al., 2001]. They can model uncertainty
in the relational structure of the domain [Getoor et al., 2002].
They can be used for classification and for clustering [Taskar
et al., 2001]. The underlying learning algorithm is the same,
but the relational data structures given as input are adapted to
the desired task.

2 Criteria of comparison

Unsupervised relational learning algorithms can be catego-
rized along several different axes:

e What form of input data does the algorithm require?
e What form of output does it produce?

e Can the output be used to make predictions about unseen
inputs?

To describe the input data configuration, we employ the
terms object, link, and attribute. (We choose link instead of
relation to avoid confusion with the terminology of relational
database management systems.) In our framework, relational
data consist of objects connected together by links. Both ob-
jects and links can have attributes. An attribute is a name-
value pair.

The input for any learning algorithm that claims to be “re-
lational” must have links as well as objects. A link can be
represented explicitly by an edge in a graph, or implicitly by
a pointer to the related object. The number of attributes al-
lowed for each object or link can be none, exactly one, or
many. The input database can consist of a single connected
component, or a set of connected components.

The output of a relational learning algorithm is a pattern
(using the term loosely) that expresses a generalization sup-
ported by the input data. The scale of the pattern might be
a single object, or a structure consisting of a group of related
objects and the links that connect them. All patterns produced
by a relational learning algorithm are descriptive because they



capture regularities of the input data; some patterns can also
be used to make predictions about unseen data.

Categorizing the existing unsupervised relational learning
algorithms helps us to understand how each algorithm relates
to the others (no pun intended). Our goals in developing this
categorization are

e to establish a common vocabulary in which to express
the similarities and differences of relational learning al-
gorithms;

e to identify interesting areas of unsupervised relational
learning that are currently underdeveloped.

3 Threeexamplealgorithms

We illustrate our multi-dimensional categorization of unsu-
pervised relational learning algorithms by comparing three
systems that differ widely in their input and output formats.

The WARMR algorithm [Dehaspe et al., 1998; Dehaspe and
Toivonen, 2001] finds relational association rules or, to use
the vocabulary of the authors, query extensions. The algo-
rithm takes as input a Prolog database and a specification (in
the WARMODE language) that limits the format of possible
query extensions. The output of WARMR is a set of query ex-
tensions, all of which refer to the object designated as the key
parameter. The query extensions are not limited to attributes
of the key object, but can include its links to other objects and
their attributes.

The SUBDUE system [Cook and Holder, 1994] iteratively
discovers repeated substructures in a graph and compresses
the graph by replacing the repeated substructure with a single
vertex. The algorithm takes as input a labeled graph and a
set of rules intended to bias the search process toward struc-
tures that are deemed more interesting. SUBDUE returns as
output the substructure selected at each iteration as the best
to compress the graph.

Probabilistic Relational Models (PRM) reinterpret
Bayesian networks in a relational setting. PRMs have been
evolving rapidly over the past few years; we focus here
on the version described in [Getoor et al., 2002]. A PRM
captures the probabilistic dependence between the attributes
of interrelated objects. It can also model uncertainty about
the link structure. Reference uncertainty means we know
how many links there are in the graph, but we don’t know
what their endpoints are. Existence uncertainty means we
don’t know how many links there are and have to consider the
possibility that any pair of objects (of the appropriate types)
might be linked. The input to the PRM learning algorithm is
a database schema (specifying objects, links, and attributes)
and an instantiation of that schema (a set of relational tables).

4 |Input criterion of comparison

The first criterion of comparison concerns the input to the
unsupervised relational learning algorithm. Our three exam-
ple algorithms have very different data representations, but
conceptually we can view their input in terms of objects and
links. For SUBDUE the mapping is straightforward: objects
correspond to vertices in the graph, and links to edges. Sus-
DUE requires exactly one attribute on each object and link in
the graph: a label.

In the Inductive Logic Programming approach of WARMR,
the input data are a set of Prolog facts, describing both objects
and links. The predicate name is the equivalent of a type
attribute. For example (from [Dehaspe and Toivonen, 2001,
p. 191]), a fact such as

customer(allen).

represents an object of type customer with identifier allen. A
fact such as

parent(allen, bill).

represents a link of type parent between the allen object and
the bill object. The WARMR data model allows both ob-
jects and links to have multiple attributes besides type, which
would be represented by additional arguments to the cus-
tomer and parent predicates.

Our use of the terms “object” and “link” does not coincide
with the terminology of [Getoor et al., 2002]. What we call
an object corresponds to the instantiation of an entity class in
the PRM. What we call a link corresponds to the instantiation
of a relationship class. The reference slots of the relationship
class tell us the endpoints of the link. Both entity classes and
relationship classes can have descriptive attributes, which we
would simply call attributes. So any object or link in the PRM
input can have multiple attributes. Could there be a link with
no attributes? No. Even if the relationship class has only ref-
erence slots and no descriptive attributes, we still say that the
link has one type attribute because in the PRM we know to
what class this link belongs. For example, the PRM for the
citation domain has a class representing the “cites” relation-
ship between one paper and another. This is equivalent in our
vocabulary to a link of type “cites” going from the citing pa-
per to the cited paper. Keeping this translation of terminology
in mind, we conclude that every object and link in the PRM’s
input has at least one attribute, its type, and possibly more.

5 Output criterion of comparison

The second criterion of comparison concerns the output
produced by the unsupervised relational learning algorithm.
Does the algorithm discover patterns at the level of individ-
ual objects, or at the level of subgraphs? (By “subgraph” we
mean a structure containing at least one link with its associ-
ated objects.) SUBDUE searches for repeated substructures
using an approximate graph match, and at each iteration re-
turns the substructure which achieves the maximum graph
compression when it is collapsed to a vertex. These are cer-
tainly patterns at the subgraph level. PRMs also discover pat-
terns at the subgraph level. The result of training a PRM is an
estimate of the joint probability distribution of attribute val-
ues (and link structure, in the case of reference or existence
uncertainty) over the entire network.

Relational association rules are in a gray area. The
WARMR algorithm requires that some predicate be designated
as the key. All query extensions must contain the key pred-
icate. For example, if customer is the key then all the rules
will be about customers. (A link predicate such as parent
can also be designated the key.) The association rules men-
tion other objects to which the customer is linked, and the



attributes of those related objects. So all the discovered pat-
terns concern the key object (or link) but can draw upon the
relational neighborhood surrounding the key.

6 Predictivecriterion of comparison

Generally the goal of an unsupervised learning algorithm is
descriptive. We hope that the discovered patterns capture the
essential regularities of the input dataset. However, for some
algorithms it is possible to make predictions about new inputs
based on the patterns observed in the training data. Relational
association rules could be applied to make predictions about
the key object (or link). As noted in Section 1, PRMs can
be used for classification [Taskar et al., 2001; Getoor et al.,
2002]. SuBDUE’s output cannot be exploited for prediction.
There is no reason to assume the substructure that provides
maximum compression in one input graph would do the same
in another graph.

7 Conclusion

We have presented one approach to categorizing unsuper-
vised relational learning algorithms, and applied it to three
examples. These same criteria of comparison would be rele-
vant for other algorithms we have not discussed, such as fre-
quent subgraph discovery [Kuramochi and Karypis, 2001],
and stochastic link and group detection [Kubica et al., 2002].
We aim to establish a common vocabulary in which we can
compare systems that have very different input/output specifi-
cations. Categorizing the current algorithms helps us identify
important gaps in unsupervised relational learning that could
be fruitful areas for future research.
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Abstract

Current relational learners handle sets either by ag-
gregating over them or by selecting specific ele-
ments, but do not combine both. This imposes
a significant, possibly undesirable bias on these
learners. We discuss this bias, as well as some ideas
on how to lift it. In the process, we introduce the
notion of relational neural networks.

1 Biasesof Reational Learners

Among the many approaches to relational model learning that
currently exist, a distinction can be made with respect to
how they handle one-to-many and many-to-many relations,
or, equivalently, how they handle sets of objects.

To illustrate this, consider a database with just a single
relation “Person” with attributes Mother, Father, and Sex.
(Mother and Father are foreign keys to Person.) and consider
the following simple concepts:

A. people who have two children
B. people who have a son (that is, at least one)
C. people who have two sons

In all three cases, we want to classify persons, based on
properties of (a set of) persons related to them. The paren-
theses around “a set of” indicate the two different kinds of
approaches that we distinguish here, a distinction also men-
tioned by Jensen and Neville (2002).

The first kind of relational methods use aggregate functions
to handle sets. The result of an aggregate function, obviously,
is a property of the set as a whole, not of individual elements
of the set. Among these methods we count, e.g., probabilistic
relational models (PRMs) (Getoor et al., 2001) , or “proposi-
tionalization” approaches that include aggregates, such as the
one by Krogel and Wrobel (2001).

A second kind of relational methods handles sets by look-
ing at properties of their elements. Typically, tests are of the
form “there exists an x in the set such that P(x) holds”, with
P a relatively complicated condition. Most inductive logic
programming (ILP) systems follow this approach.

Let us call methods of the first kind, aggregating methods;
and methods of the second kind, selective methods (in the
sense that they select an element from the set and investigate

properties of that single element). Referring to the example
concepts above, we can then state that aggregating methods
can easily express A, but not B, whereas selective methods
can easily express B, but not A. Importantly, none of the ap-
proaches mentioned can easily express concept C, because
this description contains both selection and aggregation (se-
lect all male children, and count only these).

More formally, if we express class definitions in the rela-
tional algebra and write them as o ¢, (F(o¢, (R))) with R the
result of joining the original relation with a relation it links
to, then selective methods such as ILP focus on the construc-
tion of C> and fix C; and F to denote existence (count > 0),
whereas aggregating methods focus on constructing a good
C; and F but fix C5 to be true.

For instance, PRMs, as defined by Getoor et al. (2001) can-
not learn concept C without having separate relations for sons
and daughters. Manually introducing these separate relations
of course presupposes that the user is aware of the possible
importance of these concepts. Alternatively, one could define
a large number of aggregate functions that have appropriate
selection conditions built in; in that case, a search through a
space of aggregate functions is needed.

In an ILP setting, one could of course define aggregate
functions as background knowledge. Then, e.g., the rule
p(X) :- count(Y, (child(X Y), male(Y)), 2) ex-
presses concept C. The main difficulty here is that the second
argument of the count meta-predicate is itself a query that is
the result of a search through some hypothesis space. It is not
obvious how such a search should be conducted; the many
results in ILP on how to search a first-order hypothesis space
efficiently (Nienhuys-Cheng and De Wolf, 1997) do not con-
sider the case where the resulting hypothesis will be used as
the argument of a metapredicate.

ILP-like approaches that do not include aggregate func-
tions, can still express concept C as, e.g., “the person has a
male child = and a male child y and = # y and there does not
exist a child z such that z is male and z # z and z # y”; but
in practice, the length of this rule, as well as the occurrence
of a negation (the scope of which is again a conjunction of
multiple literals) make it difficult to learn, and of course also
the comprehensibility of the result is negatively influenced.

To our knowledge no currently existing approaches can
construct theories that combine aggregate functions with
(reasonably complex) selections on the set to be aggregated.



2 Combining Aggregation with Selection

In databases, both aggregation and selection are very natural
operations, and ideally a relational learning system should
be able to combine both in the models it builds. In order
to achieve this goal, it is necessary to define a search space
of hypotheses that combine aggregations and selections, and
find a more or less efficient way to navigate through this
search space. This is currently an open problem. We here
list a number of ideas that could be investigated further. We
divide them into symbolic and subsymbolic approaches.

2.1 Symbolic Approaches

To build a concept in symbolic form, a search space has to be
traversed that consists of combinations of aggregations and
selections. This could be done in a hill-climbing way, but it
appears that in some cases the search can be made slightly
more exhaustive without increasing its computational com-
plexity much. For instance, counting the number of children
of a person takes just as much work as counting the num-
ber of sons and daughters separately, and a simple addition
of these counts yields the total number of children. More
generally, given a partition {S1,...,S,} of a set S, aggreg-
ates of S can often be computed efficiently from aggregates
of the S;, and the latter can all together be computed as effi-
ciently as computing the aggregate for S. This holds at least
for the often occurring aggregate functions count, sum, aver-
age, min, max. Thus, when we search for conditions of the
form F(o(S))8c with F an aggregate function, o some se-
lection, and § some operator (<, =,...), a certain subspace
of all possible ¢’s can be searched exhaustively at very little
additional computational cost, compared to considering only
the condition F(S)fc. This suggests a straightforward pos-
sible improvement to some of the existing approaches.

2.2 Subsymbolic Approaches

Another direction for future research that seems interesting,
is that of modelling relational databases with neural net-
works. Neural networks are usually considered propositional
learners. A number of approaches exist to extend them to the
context of first order logic, but not (to our knowledge) to that
of relational databases, which could in fact be simpler. One
approach to do that is based on the following observation.
Any data can be modelled using only two basic data struc-
tures: tuples and sets. (The relational data model is based
on just these two notions.) Propositional learning algorithms
handle tuples; to make them relational, it is sufficient to add
the capability to process sets. (This is consistent with De
Raedt (1998), who identifies multi-instance learning as the
simplest “relational” learning task; it is indeed the simplest
case where a single example is described by a set of tuples.)
The input of a standard feedforward neural network is a
tuple. A relational neural network should in addition have
the ability to handle sets, which can have an unlimited num-
ber of unordered elements. Recurrent neural networks have
this capability: by feeding the output of a layer back into the
network, they can aggregate information over an indefinite
number of previous inputs. They are typically used for tasks
such as time series prediction, where an input at time ¢ can

influence the output at time ¢ + k£ with &£ not bounded, but
they can just as well be used for processing sets.

Thus, a relational neural network would essentially consist
of “normal” and “aggregating” nodes; an aggregating node is
simply a node that is fed back into a lower layer. Such a re-
lational neural network would have the same structure as the
skeletons used in PRMs. Where the PRM skeleton contains
an aggregate function, the relational neural net contains one
or more aggregating nodes. Relational neural nets are very
similar to Ramon, Driessens and Demoen’s (2002) “neural
logic programs”, with as main difference that Ramon et al.
consider fixed combination functions for the different kinds
of nodes and handle sets using nodes with a variable number
of inputs, instead of recurrent nodes.

Relational neural networks would have as advantage over
the other approaches that they can learn an aggregate func-
tion, without that function being pre-encoded in the net-
work, and with selection possibly integrated in it. Thus,
training the relational neural network automatically consti-
tutes a search through aggregations and selections simultan-
eously. Moreover, a wider variety of aggregate functions is
considered: not just sums, counts, etc. but also more exotic
functions. On the other hand, the learnability of the relational
neural networks we propose here, is an open problem. It is
known that recurrent neural networks are harder to train than
feedforward networks. Increasing the number of layers, as we
do here, may further decrease learnability. We believe these
issues are worth further investigation.
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Abstract

We study representations and relational learning
over structured domains within a propositionaliza-
tion framework that decouples feature construction
and model construction.

We describe two complementary approaches that
address three aspects of the problem: First, we
develop and study a flexible knowledge represen-
tation for structured data, with an associated lan-
guage that provides the syntax and a well defined
equivalent semantics for expressing complex struc-
tured data succinctly. Second, we use this lan-
guage to automate the process of feature construc-
tion by expressing ‘types’ of objects in the lan-
guage, which are instantiated in the ground data, al-
lowing us to determine the level at which learning
is done. Finally, this process of re-representation
of the domain allows general purpose learning
schemes, such as feature efficient linear algorithms
and probabilistic representations, to be defined over
the resulting space, yielding efficient and expres-
sive learning of relational functions over a struc-
tured domain using propositional means.

1 Introduction

In a variety of Al problems, such as natural language under-
standing related tasks and visual inference, there is a need to
learn, represent and reason with respect to definitions over
structured and relational data. Examples include learning
to identify properties of text fragments such as functional
phrases and named entities, identifying relations such as “A
is the assassin of B” in text, learning to classify molecules for
mutagenicity from atom-bond data in drug design, learning to
identify 3D objects in their natural surrounding and learning
a policy to map goals to actions in planning domains.

In all these cases it is necessary (1) to represent and rea-
son with structured domain elements in the sense that their
internal (hierarchical) structure can be encoded, and learning
functions in these terms can be supported, and (2) it is es-
sential to represent concepts and functions relationally, in the
sense that different data instantiations may be abstracted to
yield the same representation — so that evaluation of functions
over different instantiations will produce the same output.

The challenge is to provide the expressivity necessary to
deal with large scale and highly structured domains such
as natural language and visual inference and at the same
time meet the strong tractability requirements for these tasks.
Propositional representations might be too large, could lose
much of the inherent domain structure and consequently
might not generalize well. This realization has renewed
the interest in studying relational representations both in the
knowledge representation and reasoning (KRR) community
and in the learning community. As it turns out, both are
relevant to our approach. The main effort in the knowledge
representation and reasoning community has been to identify
classes of representations that are expressive enough to allow
reasoning in complex situations yet are limited enough as to
support reasoning efficiently [Levesque and Brachman, 1985;
Selman, 1990]. It has become clear that propositional repre-
sentations are not sufficient, and effort has been devoted to
studying languages that are subsets of first order logic, such as
description logics and frame representation systems [Borgida
and Patel-Schneider, 1994], as well as probabilistic augmen-
tations of those [Koller et al., 1997].

The expressivity vs. tractability issue has been addressed
also from the learning perspective, and a similar tradeoff has
been observed and studied. While, in principle, Inductive
Logic Programming (ILP) methods provide the natural ap-
proach to these tasks in that they allow induction over re-
lational structures and unbounded data structures, theoreti-
cal and practical considerations render the use of unrestricted
ILP methods impossible. These methods have also been aug-
mented with the ability to handle uncertainty [Kersting and
Raedt, 2000] although, as expected, this makes some of the
computational issues more severe - studies in ILP suggest that
unless the rule representation is severely restricted the learn-
ing problem is intractable [Muggleton and De Raedt, 1994;
Dzeroski et al., 1992; Cohen, 1995a; 1995b].

The main way out of these computational difficulties has
been via the use of propositionalization methods that at-
tempt to learn classifiers for relational predicates via proposi-
tional algorithms, mapping complex structures to simple fea-
tures [Lavrac et al., 1991; Kramer et al., 2001; Khardon et
al., 1999]. These approaches attempt to decouple feature con-
struction and model construction (learning) by devising meth-
ods to produce propositional features from structured data.

This paper is best viewed in this context, as it describes



our work on feature extraction languages for propositional-
ized relational learning. The study of feature extraction lan-
guages in the context of learning relational representations
over structured domains needs to address at least three as-
pects of the problem. First, we develop and study a flexible
knowledge representation for structured data, with an asso-
ciated language that provides the syntax and a well defined
equivalent semantics for expressing complex structured data
succinctly. Second, we use this language to automate the pro-
cess of feature construction by expressing ‘types’ of objects
in the language, which are instantiated in the ground data.
In particular, this process can determine the level at which
learning is done (between ground literals and full relational
expressions) by choosing these types appropriately. Finally,
this process of re-representation of the domain should allow
general purpose learning schemes, such as feature efficient
linear algorithms and probabilistic representation and algo-
rithms, to be defined over the resulting space.

The paper describes two different but complementary ex-
traction frameworks and discusses their equivalence. The
first, “functional” framework, following [Cumby and Roth,
2000], defines a set of relational formulae R, a subset of FOL,
with a functional calculus composed of so-called “Relational
Generation Functions” (RGFs). These functions serve to gen-
erate elements of R representing (properties of) ground input
data elements. The formulae could then be treated as features
for a propositional learner. In this framework ground data
is codified in a graphical structure on which the RGF calcu-
lus operates, and elements in the language are defined opera-
tionally via this calculus. The second, “syntactic” framework,
expanding on [Cumby and Roth, 2002], provides a unified
language used both in expressing structured features and in
generating them. It builds on the idea of Description Logics
to give a concrete syntactic form to the graphical represen-
tation of ground data introduced in the first framework. We
provide a formal syntax and semantics for a specific feature
description language (FDL) - but this is only one member
in a family of languages, deterministic or probabilistic, that
could be used within our framework. Domain elements and
properties of them are “concepts” which are described, as in
other description logics, in terms of individuals possessing at-
tributes and roles in relation to other individuals. The equiv-
alence of descriptions in FDL to a class of concept graphs
is used to show efficient subsumption between descriptions
The importance of inference with relational representations
becomes clear in this paradigm. The description logic is an
intermediate step and the basic inference step, subsumption,
is used as a means to transform a domain element, e.g., a nat-
ural language sentence, and represent it in terms of a richer
vocabulary — descriptions in our Feature Description Logic
(FDL). This representation, in turn, may serve as an input to
any propositional learning algorithm, including probabilistic
algorithms, to yield structures in which sought after predi-
cates are represented as functions (or conditional probabili-
ties) over the relational descriptions.

We then discuss the extent to which the flexible operational
language and the better defined syntactic language are equiv-
alent and provide a mapping between the two. The FDL lan-
guage is shown to possess a semantics similar to the subset

‘R of FOL introduced earlier; and, the parameterized Feature
Generating Function is shown to duplicate the operation of
the RGF calculus.

Both frameworks differ from standard ILP approaches and
most propositionalization techniques. Features are generated
up front before any learning stage, in a data-driven way, based
on background knowledge (or pre-learned knowledge) in the
“type” of feature defined. This allows us to dictate the level of
complexity of our intermediate representation before learning
occurs, and to bypass a potentially expensive search for good
features. Thus particularly expressive features that would not
necessarily be generated during a search are allowed to influ-
ence our final learned function in a significant way.

Our techniques are aimed at complicated large-scale rela-
tional learning problems in which ground features, in addition
to quantified predicates, play an important role in any learned
classifier. This is the case in many natural language applica-
tions [Roth and Yih, 2001; Khardon et al., 1999] where lex-
ical features are an important part of the learned concept. In
this cases, the potential number of features is very large and
choosing a suitable learning approach in conjunction with the
feature extraction approach is essential.

While the learning approach is presented here as an ap-
proach to learn a definition for single predicates, we view this
in a wider context. Learning definitions may be used to enrich
vocabulary describing the input data; the feature extraction
technique can then be used incrementally to produce useful
features again and subsequently to build up new representa-
tions in terms of those in a manner similar to the one envi-
sioned in [Valiant, 1999]. Such a system might integrate eas-
ily into a programming platform, allowing researchers to con-
struct large scale learning-based architectures to solve com-
plex Al problems in areas such as natural language process-
ing. It then becomes even more crucial that the basic com-
ponents of this system are articulated in a language whose
structure and meaning are well understood.

The remainder of the paper is structured as follows: Sec. 2
surveys related work. Sec. 3 explains the machine learning
setting in which our frameworks can be used. Sec. 4 presents
our Functional Feature Extraction Framework and Sec. 5 the
Syntactic Feature Extraction Framework. The relations be-
tween the two is discussed in Sec. 6, and Sec. 7 concludes.

2 Reated Work

Our work is mostly related to the work in the ILP community
on the topic of learning relational concepts by propositional
means. Commonly known as “propositionalization” meth-
ods, these approaches reformulate data for relational prob-
lems in terms of attribute-value feature vectors. A hypothesis
is then induced over the set of these new features.

However, our language allows us to generate expressive,
relational formulae — “quantified propositions” — and place
this within any model construction approach. Specifically,
it is possible to learn probabilistic classifiers and models over
quantified propositions extracted with the our approach [Pun-
yakanok and Roth, 2001]. Thus, it can also be viewed and
compared with probabilistic approaches. Moreover, defining
the “type” of features so as to dictate the abstraction level



of our intermediate representation is conceptually similar to
modeling approaches such as relational probabilistic mod-
els [Friedman et al., 1999], where the modeler may determine
the level of abstraction and dependencies between entities, at-
tributes and relations.

The following brief survey, however, focuses on related
propositionalization approaches, specifically those that utilize
a graph-based knowledge representation. See [Kramer et al.,
2001] for a good survey of propositionalization methods.

The most similar formulation to the approach we present
is Kramer’s graph-based approach for feature construction
in biochemical domains. This approach [Kramer and Frank,
2000; Kramer and Raedt, 2001], uses structural features pro-
duced by a molecular feature mining program called MolFea
in conjunction with SVM to learn a classifier for predicting
carcinogenicity in molecules.  [Kramer and Raedt, 2001],
uses a version-space approach to represent a set of fragments
in the input data that is more general than, and more specific
than a given fragment. This is somewhat similar to our notion
of defining particular “types” of features which are instanti-
ated in the input data, however we allow the programmer to
constrain the specificity of the instantiated features in a way
designed to reduce overfitting.

Other graphical techniques include the method of [Geibel
and Wysotzki, 1996] which, like ours, utilizes properties
of proximity in a graph-based representation of the input
data to restrict the range of features produced during feature
construction, and [Cook and Holder, 1994; Gonzalez et al.,
2002], which construct features from graphical instances but
restrict the number of features produced (to “good” features),
blurring the line between feature and model construction.

3 TheLearning Framework

The propositionalization approach presented in this work
consists of a feature extraction stage — structured data ele-
ments represented as labeled graphs are converted to features
representing relational and grounded properties of it — along
with a general purpose propositional model generation (learn-
ing) stage that makes use of the extracted vocabulary.

In this framework, as in ILP, each observation in the do-
main is mapped into a collection of predicates that hold over
elements in the domain. The key difference from standard
ILP is that our representation of an observation may con-
tain quantified formulae. “Examples” of this form are then
given as input to a learning algorithm, that is supposed to
produce a classifier to predict whether a particular target
predicate holds for some particular elements. For example,
we may wish to predict that for some domain elements X
and Y, the predicate father(X,Y) holds. To accomplish
this task using standard propositional learning algorithms, we
must generate examples in the form of lists of active propo-
sitions (features) for each predicate to be learned. Proposi-
tions of this form may either be fully ground as in the predi-
cate father(john, jack), or existentially quantified as in the
predicate 3X father(john, X) A father(X, harry). In the
supervised learning setting each example will contain a label
feature, which corresponds to the true relation between X and
Y. An example of this sort can also serve as a negative exam-

ple for other possible relations between elements that do not
hold in it. Our major task then becomes to re-represent the
data in a manner conducive to producing features over which
we can learn a good model or a good discriminant function.
This re-representation is the subject of the work described in
the rest of this paper.

The feature extraction methods presented operate under the
closed-world assumption, generating only the features judged
to be active in the observation. All other features are judged
to be inactive, or false. As it may be inefficient or impossible
to list all features for a particular interpretation, this is a per-
formance boon. Thus our learning algorithm should be able
to accept examples represented as variable length vectors of
only positive features. In addition, our methods provide the
flexibility to generate a large number of features by designat-
ing a smaller set of “types” of features, so our learning algo-
rithm should be able to learn well in the presence of a large
number of irrelevant features.

In most of the applications of our approach we have used
as the learning component, the SNoW? learning system. This
is a multi-class propositional classifier suited to a high di-
mensional but sparse representation of feature data of vari-
able length that uses a network of linear functions to learn
the target concept. It has been shown to be especially useful
for large scale NLP and IE problems [Khardon et al., 1999;
Roth and Yih, 2001; Golding and Roth, 1999]. Unlike “tra-
ditional” ILP methods that typically learn concepts repre-
sented as conjunctive rules, SNoW employs a variation of
a feature-efficient learning algorithm, Winnow [Littlestone,
1988] (or other linear learning algorithms), to learn a linear
function over the feature space; consequently, these “gener-
alized rules” are more expressive than simple rules, and are
easier to learn.

4 Functional Feature Extraction Framework

This section introduces a feature extraction framework in
which elements in a restricted subset of first-order logic, gen-
erated using a set of composable functions with an associated
calculus, serve as features for learning.

4.1 TheReational Language R

The relational language R is a restricted first order language.
The alphabet consists of (i) variables, (ii) constants, (iii) pred-
icate symbols, (iv) quantifiers and (v) connectives. (ii) and
(iii) vary from alphabet to alphabet while (i), (iv) and (v) are
the same for every alphabet. Formulae in R are defined to be
restricted function-free first order language formulae in which
there is only a single predicate in the scope of each variable.

Definition 4.1 An atomic formula is defined inductively:
1. Aterm is either a variable or a constant.

2. Let p be a k-ary predicate, t¢i,...,t; terms.
p(t1, ..., ) is an atomic formula.

3. Let F' be an atomic formula, x a variable. Then (VaF')
and (3z F) are atomic formulae.

Definition 4.2 A formula is defined inductively as follows:

Then
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1. Anatomic formula is a formula.

2.1f F and G are formulag, then so are
(~F), (FAG), (FVG).

The relational language given by the alphabet consists of the
set of all formulae constructed from the symbols of the al-
phabet. We call a variable-less atomic formula a proposi-
tion and a quantified atomic formula, a quantified proposition
[Khardon et al., 1999]. The informal semantics of the quan-
tifiers and connectives is as usual.

For formulae in R, the scope of a quantifier is always the
unique predicate that occurs with it in the atomic formula. All
formulae in R are closed since all formulae are composed
from propositions or quantified propositions which are con-
nected via ~, A or Vv, thus variable occurrences are bound.

4.2 Interpretation

R is used as a language for representing knowledge with re-
spect to a domain; we now define how formulae in R receive
their truth values.

Definition 4.3 A domain D for the language R is a collec-
tion D of elements along with

(i) Anassignment for each constant in R to an element in D.

(ii) For each k-ary predicate in R, the assignment of a map-
ping from D* to {0, 1} ({true,false}).

When there is no confusion, we will call D, the set of ele-
ments in the domain, the domain. We can always think of D
as the Herbrand base, the collection of all ground atoms in R
[Lloyd, 1987]. In this case any interpretation is a subset of
the Herbrand base, so we can talk in terms of subsets of D.

Given D’ C D, a formula F' in R is given a unique truth
value, which we call the value of F' on D’. This value is de-
fined inductively using the truth values of the predicates in F,
and the semantics of the connectives. Notice that if £ has the
form Jp (Vp, resp.), for some k-ary predicate, then its truth
value is true (1) iff there exists (for all, resp.) d1,...dx € D’
such that p(dy, . . . di) has truth value true. Since for formu-
lae in R the scope of a quantifier is always the unique predi-
cate that occurs with it in the atomic formula, we have:

Proposition 4.4 Let F be a formulain R, D’ C D, and let
t,, be the time to evaluate the truth value of an atom p in F.
Then, the value of 7" on D’ can be evaluated intime > _ ;- ¢;,.

That is, F'is evaluated simply by evaluating each of its atoms
(ground or quantified) separately.

4.3 Reational Generation Functions

Definition 4.5 (features) Let D be a domain, D’ C D. We
call D’ an instance, and X = 2P an instance space. A fea-
ture? is a function y : X — {0,1}. x can be viewed as an
indicator function over X, defining the subset of those ele-
ments in X that are mapped to 1 by y.

Formulae in R are viewed as features over the instance space
2P, A formula F maps D’ C D to its truth value on D’. A
formula is active in D’ if it has truth value true on D’.

2In earlier versions of thiswork features were called “relations’.

Given an instance, we would like to know what are the
features (with corresponding formulae) that are active in it.
We would like to do that, though, without the need to write
down explicitly all possible formulae in the domain. This is
important, in particular, over infinite domains or in on-line
situations where the domain elements are not known in ad-
vance, and therefore it is simply impossible to write down all
possible formulae. An efficient way to do that is given by the
construct of relational generation functions. As will be clear
later, this notion will also allow us to significantly extend the
language of formulae by exploiting properties of the domain.

Definition 4.6 Let X be an enumerable collection of features
on X. A relational generation function (RGF) is a mapping
G : X — 2% that maps € X to a set of all elements in
X that satisfy x(z) = 1. If there is no xy € X for which
x(@) =1,G(z) = ¢.

RGFs can be thought of as a way to define “types” of formu-
lae, or to parameterize over formulae. Only when an instance
D' C D is presented, concrete formulae are generated.

4.4 Reational Calculus

The family of relational generation functions for R are RGFs
whose outputs are formulae in R. Those are defined induc-
tively, just like the definition of the language R.

The relational calculus is a calculus of symbols that allows
one to inductively compose relational generation functions.
The alphabet for this calculus consists of (i) basic RGFs,
called sensors and (ii) a set of connectives. While the con-
nectives are the same for every alphabet the sensors vary from
domain to domain. A sensor is a way to encode basic infor-
mation one can extract from an instance. It can also be used
as a uniform way to incorporate external knowledge sources
that aid in extracting information from an instance.

Definition 4.7 A sensor is a relational generation function
that maps an instance D’ into a set of atomic formulae in
R. When evaluated on an instance D’ a sensor s outputs all
atomic formulae in its range which are active.

Definition 4.8 Let C be a set of formulae. A conditioning
operation |C on an RGF r restricts r to output features for
only formulae in C.

Definition 4.9 The operation of a relational generation func-
tion (RGF) for R is defined inductively as follows:

1. When evaluated on an instance D’ the sensor s outputs
features for all active atomic formulae in its range.

2.If s and r are RGFs for R, then so are

(_‘S|F)7 (S&T)a (S\Fl |T|F2)'

i The feature output by (—s|z) corresponds to the for-
mula —F' given that I is in the range of s and is
not active on D',

ii The features in the output of (s&r) correspond to ac-
tive formulae of the form F; A F5, where F; is in the
range of s and F5 is in the range of r (evaluated on
D).

iii The features in the output of (s|p, |r|p,) correspond
to formulae of the form F;V F5, where either F; is
active in D’ or F5 is active in D’.



Notice that for negation and disjunction it is necessary to con-
dition the argument RGFs with input formulae, as for many
sensors the range of formulae which are not active in the cur-
rent instance may be infinite. For conjunction and disjunc-
tion, it is possible to focus the range of formulae to those
active for a particular subset of the current instance, based on
structural information as described in Sec. 4.5.

45 Structural Instance Space

So far we have presented R and RGFs with respect to an ab-
stract domain D. In most domains more information than just
a list of objects and assignments is available. We abstract this
using the notion of a structural domain that is defined below.
Instances in a structural domain are augmented with some
structural information and, as a result, it is possible to define
more expressive RGFs in terms of the sensors provided along
with the domain.

Structured Instances

Definition 4.10 Let D be the set of elements in the domain.
A structured instance O is a tuple (V, Ey, Es, ...Ex) where V
is a set of nodes each associated with some subset D’ C D
of elements in the domain, and E; is a set of edges on V. The
graph G; = (V, E;), is called the ith structure of instance O.

Structural Operations

We now augment the relational calculus of Sec 4.4 by adding
structural operations. These operations exploit the structural
properties of the domain as expressed in the graphs G;s in
order to define RGFs, and thereby generate non-atomic for-
mulae that may have special meaning in the domain.

Definition 4.11 Let V’ C V be a set of nodes in the struc-
tured instance O. An RGF r is focused on V' if, given an in-
stance D’ it generates features only for formulae in its range
that are active on those domain elements associated with .
The focused RGF is denoted r[V'].

Definition 4.12 Let sy,s2,...5. be RGFs for R.
collocy(s1,s2,...5) is a restricted conjunctive operator
that is evaluated on a chain of length k in the gth structure of
the given structured instance. Specifically, let O = {G,;}7* be
a structured instance and let vy, vs,...v; be a chain in G;.
The features generated by colloc;(s1, s2,...sx) are those
generated by si[v1]&sa[va]& ... &silvk], where by s;[v;]
we mean here the RGF s; focused to {v;} € V, and the
& operator is defined as in Definition 4.9. Notice that each
SUbRGF conjunctions may produce more than one feature.

Focus-Word Centered Representation
The structural information also provides an easy way to focus
the RGFs (Def 4.11). For example, defining a set of elements
for the focus set V' in s[V’] can be done using some graph
property. Specifically, we use the notion of a focus node, and
define a focus set with respect to it using a radius length. In
particular, in the colloc operation, we can restrict the chains
to start at a node v’ € V at a certain length in edges from
a focus node v or to contain it. Notice that if, for the given
instance O = (V, G), we have that v’ ¢ V, then the output is
an empty set of features.

The next section describes an alternative to the functional
extraction framework based on a syntactic construction.

5 Syntactic Feature Extraction Framework

This section presents a feature extraction framework based on
a description logic-like language. Statements in this language
are constructed to be equivalent to a restricted graphical rep-
resentation for our relational data, and they serve as input for
a parameterizable Feature Generating Function.

5.1 FeatureDescription Logic

The basic Feature Description Logic (FDL) is described be-
low by providing its formal syntax and semantics.

As in most formal description logics, FDL descriptions are
defined with respect to a set X of individuals. However, un-
like most KL-ONE-like description logics, the basic alpha-
bet for FDL descriptions includes attribute, value, and role
symbols. We differentiate attribute from role descriptions and
our basic primitive description is an attribute-value pair. We
also allow a non-functional definition of attribute descriptions
and role descriptions; thus an attribute describing an individ-
ual may take many values and a role describing an individual
could take several different fillers.

This type of language is useful since, at a basic level, state-
ments in the language abstract over sets of objects in differ-
ent domain instances that have that have the same attributes
and relationships to other objects present. These statements
therefore serve as a useful basis for features for learning al-
gorithms. At another level, by quantifying over the set of
values that attributes can take, we can describe an even more
general set of individuals. The procedure which we later in-
troduce takes statements of this type and information about
the current set of objects being considered, and rewrites the
statements to contain the values seen in the current instance.

Definition 5.1 A FDL description over the attribute alphabet
Attr = {ay,...,a,}, the value alphabet Val = vy, ..., vy,
and the role alphabet Role = {ry, ..., } is defined induc-
tively as follows:

1. For an attribute symbol «a;, a; is a description called
a sensor. For some value symbol v;, a;(v;)® is also a
description, called a ground sensor. We also define a
special identity sensor denoted x, which represents all
individuals z.

2. If D is a description and r; is a role symbol, then (r; D)*
is a role description.

3. If Dy, ..., D, are descriptions, then (AND D+, ..., D,,) is
a description. (The conjunction of several descriptions.)

We also define the size of a description | D| as the number of
conjunctive and role sub-descriptions present in D. Def. 5.1
allows the recursive construction of FDL descriptions.

We now turn to the semantics of FDL descriptions. This
discussion follows a model-theoretic framework similar to
that laid out in [Borgida and Patel-Schneider, 1994]. This
definition uses the notion of an interpretation [Lloyd, 1987],
and that of an interpretation function which can be viewed
as the function that encodes the information about domain.
For a domain element = we denote by 2! its image under the
interpretation function.

3read: a; takesvalue v,
“read: relation r; holds for current object and those in ext(D)



Definition 5.2 (FDL extension) An interpretation I consists
of a domain A, for which there exists an interpretation func-
tion I. The domain is divided into disjoint sets of individuals,
X, and values, V. The interpretation function assigns an el-
ement v/ € V to each value v. It assigns a set of binary
relations a’ over X x V to each symbol « in Attr, and a set of
binary relations »! over X x X to each symbol r in Role. The
extension of a FDL description ext(D) is defined as follows:

1. The extension of a sensor is defined as ext(a(v)) =
{x € X|(x,v!) € a’}. The extension of an existential
sensor ext(a) is {x € X|F! € Vst (x,07) € al}.

2. The extension of a role is defined as ext((r D)) = {z €
X|(z,y) € rl —y e DI},

3. The extension of a conjunctive expression ext((AND D,
D)) is defined as ext(D1) () ext(Ds2).

We can now define the subsumption of a FDL description D;
by another description D,. We say that D; subsumes D iff
the extension of D, is a subset of the extension of D;. i.e.
DI O DI for all interpretations . In our framework sub-
sumption is used to transform a domain element, represented
as a concept graph, into a feature set that can serve as an input
to a propositional learning algorithm.

To show that FDL allows efficient subsumption, we use the
notion of a concept graph that we define next.

5.2 Concept Graphs

The notion of concept graphs stems from work in the seman-
tic network and frame-based representations. In many ways
description logics were invented to provide a concrete seman-
tics for the construction of such graph-based knowledge rep-
resentations. Here they provide a tool for computing sub-
sumption between descriptions and as a convenient represen-
tation for examples presented to algorithms in our learning
framework.

FDL concept graphs are a variation on the type invented for
[Borgida and Patel-Schneider, 1994] to explain “basic CLAS-
SIC”. A FDL concept graph is a rooted labeled directed graph
G = G(N, E,vg,ln), where N is a set of nodes, ng € N is
the root of the graph, £ C (N x N x Role) a set of labeled
edges (with role symbols as labels) and [ is a function that
maps each node in NV to a set of sensor descriptions.

The semantics of FDL concept graphs is defined similarly
to that of basic CLASSIC, minus those associated with equal-
ity constraints. The extension of a node in the graph is in-
tended to be the set of individuals described by its corre-
sponding description.

Definition 5.3 (Concept Graph extension) Given a FDL
concept graph G = (N, E,ng,lx), anode n € N, and an
interpretation I in some domain A composed of elements X
and values V/, we say that an individual x € X is in the ex-
tension of n iff:

1. For each sensor a;(v) € Iy (n), al(x,v!) is true. For

%

each sensor a; € Iy (n), ! € V st al(z,v!) is true.

2. For each edge (n,m,r;) € E,Vy € X if r!(z,y) then
y is in the extension of m.

{name(Charles)} {name(Michael)}

grandfather

father father

{age(52)}

Figure 1: An example concept graph for the kinship domain.

As in earlier works on DL, an individual x is in the extension
of G, iff it is in the extension of ng. It will be clear later that
in our paradigm we care about concept graph extension only
as a clean way to define subsumption; the more basic notion
here is the description itself. Two constructs over domain A
are semantically equivalent if they have the same extensions
given an interpretation I. The significance of concept graphs
for our purposes stems from the following theorem.
Theorem 5.4 Any FDL description D is semantically equiv-
alent to an acyclic FDL concept-graph of size polynomial in
| D| that can be constructed in polynomial time.

Thm 5.4 allows now to show that FDL supports efficient
subsumption queries between descriptions and, moreover,
that it supports checking subsumption of an arbitrary concept
graph by a description.

Theorem 5.5 For FDL descriptions Dy, D5 the subsumption
of Dy by Dy (D1 D D) can be decided in polynomial time.
Additionally for a description D, and an arbitrary FDL con-
cept graph G, the subsumption of G4 by D, can be decided
in polynomial time.

Given these definitions for FDL descriptions and their cor-
responding concept graph representations, it now becomes
possible to describe a feature extraction framework where
such representations play a major role. Efficient subsumption
testing allows generation of expressive propositional features
from arbitrarily complex data represented by concept graphs.

5.3 Feature Generating Functions

Up until this point, our treatment of FDL has closely mir-
rored that of similar CLASSIC-like DL’s [Borgida and Patel-
Schneider, 1994]. However, our usage of FDL descriptions
is vastly different from the usage of descriptions in these
other DL’s. The most closely related usage may be that of
P-CLASSIC [Koller et al., 1997] descriptions, in which a
probabilistic distribution over descriptions is used to perform
probabilistic subsumption queries. Instead, in our paradigm,
descriptions are used to generate propositional formulae, in a
data-driven way via subsumption queries. We first describe
the process of generating propositional formulae using FDL
descriptions.

The essential construction of our method is a Feature Gen-
erating Function, closely related to the RGF of Sec. 4.3.

The constructions, however, differ in an important re-
spect. Here we discuss a general Feature Generating Func-
tion, whose operation is constrained by the formal syntax of
the generating descriptions themselves, having well defined
structure and meaning. This therefore extends and unifies
the “relational calculus” of Sec. 4.3 that procedurally com-
poses different types of RGFs to produce complex features.



In fact, we claim that any operation of such a calculus may be
pushed onto the syntax of an FDL, and therefore it is possible
to define descriptions in our language that produce exactly the
same features as produced there (as we explain later).

Definition 5.6 (features) Let | be some interpretation with
domain A = (X, V), and let Z be the space of all interpre-
tations. For a description D we define a feature F'p to be a
function Fp : T — {0,1}. Fp acts an indicator function
over Z, denoting the interpretations for which the extension
of the description D is not empty.

Given an interpretation I we say that a feature F' is active
in I if it evaluates to true. Generating such features efficiently
however is the topic of much debate, as such feature spaces
could be prohibitively large or in some cases infinite, making
manual generation impossible.

Our next step is to automate the construction of features of
this sort. Luckily, the semantics of FDL descriptions and their
equivalence to rooted concept graphs give rise to an efficient
method of constructing active features, via the notion of the
feature generating function (FGF). Let some interpretation I
be represented as a concept graph G, in which all elements of
I are in the extension of some node of GG. The construction
of this graph is efficient, following Thm 5.4.

Our FGF method takes G along with a set of input FDL de-
scriptions D, and outputs a set of active features over G. The
basic method computes a feature description Dg° for each
attribute as described in Def. 5.8 for G with respect to each
description D € D, and constructs a feature for each Dy.
The intuition is that each input description defines a “type” of
feature, subsuming many possible (partially) ground descrip-
tions over an interpretation. We say a description is ground if
it is a description containing only sensors of the form a;(v;).

Definition 5.7 (Feature Generating Function) Let F de-
note an enumerable set of features over the space Z of in-
terpretations and let D be a description. A feature generat-
ing function X" is a mapping X : Z x D — 2% that maps
and interpretation I to a set of all features in F such that
Fp(I)=1.

Thus, the image of I under X is a re-representation of I in
terms of the (set of Dy’s subsumed by the) description D.

Definition 5.8 The feature description of a rooted concept
graph G with respect to an input description D is the unique
ground description Dy subsuming G and subsumed by D,
containing only ground forms of the sensors in D.

In the case that D is itself already ground, computing the fea-
ture description Dy amounts to checking the subsumption of
G by D.

As usual, the importance of features stems from the fact
that they might provide some abstraction. That is, they de-
scribe some significant property of the input which may occur
also in other, different, inputs.

Theorem 5.9 Given any interpretation I represented as a
concept graph and a description D, all active features over I
with respect to D can be generated by X in polynomial time.

5The 6 here indicates the binding that occurs for each attribute.

6 Mapping the Two Formalisms

As previously stated, the two methods presented are both
means to generate propositional features from structured or
semi-structured input data. In the first case presented, a more
functional approach is taken. Sensor RGFs may produce for-
mulae inferred through some process and not explicitly pro-
vided as predicates in the domain. For example, in a vi-
sual processing problem, we might want a sensor such as the
I > 50 sensor discussed earlier. The domain may provide
predicates only of the form intensity(60),

By contrast, the second method attempts to push all of the
functionality of the RGF functions, and the logical structure
implied by using graph operations, onto the syntax of our de-
scription language. The process of constructing features is
then reduced to a single mechanical operation. In order to
produce a feature from a particular domain instance, the in-
formation contained in that feature must be explicitly repre-
sented in the graphical structure, or else implied in the syntax
of the language. For complicated learning problems involving
several stages of classification, we thus update the domain in-
stance with information gained from previous stages. In this
manner we can, for example, simulate the learning of recur-
sive concepts such as a path in a graph. If a domain instance
is given with edge arcs represented between each node, we
can first learn a classifier to predict that two nodes linked by
an edge define a path. After filling in all predicted path arcs
based on this classifier, a second classifier based on the exist-
ing path arcs and the new edge arcs can be learned, and iter-
atively applied to predict the remaining path edges between
any pair of nodes.

While the above discussion would give the impression that
the formalism of RGFs could yield more expressivity than the
FDL formalism, we claim that we can simulate most of the
features output in the first framework with the second. The
details of this mapping appear in [Cumby and Roth, 2003a].

Here we stress that, although the formalisms presented can
be mapped to one another in terms of creating features to
express the same concepts in the same situations, each has
its own unique advantages. The RGF formalism serves as
a more abstract foundation for feature extraction. It allows
us to devise extraction functions that are independent of the
underlying knowledge representation used for the data. The
conjunctive & operator and the disjunctive | operator exhibit
this independence. The FDL based approach, by encoding
particular graph properties explicitly in the syntax of the lan-
guage and by directing the feature extraction process through
syntactic operators, gives a more “implementation-level” un-
derstanding of that process. Additionally, with a cleanly es-
tablished syntax for the description language we can substi-
tute other functionality in place of explicit feature generation.
For example, the language can be used as the basis of a pa-
rameterizable family of kernels for use with kernel learners
as shown in [Cumby and Roth, 2003b].

7 Conclusion

This work presents two paradigms for efficient learning and
inference with relational data. The first framework addressed
feature extraction in a functional setting through the defini-



tion of Relational Generation Functions. This framework can
be viewed as providing a general basis for the second frame-
work, abstracting away many of the details of the feature con-
struction process. For example, we introduced the abstract
notion of a sensor RGFs, which we allowed to construct fea-
tures by inferring predicates from input instances, through ex-
ternal functions or any other means.

The second paradigm defined the notion of feature descrip-
tion logics - a relational language with clear syntax and se-
mantics that can be used, via feature generation functions,
to efficiently re-represent world observations in a way that is
suitable for general purpose learning algorithms. We have
shown that both these formalisms allow one to efficiently
learn complex relational representations, in a system in which
the basic components are articulated in a language whose
structure and meaning are well understood.

It is important to point out that a wide family of feature
description logics can be used within our framework. In fact,
other CLASSIC-like description logics, as well as their prob-
abilistic variations, could be incorporated into the framework
with the addition of a Feature Generating Function for each.
They could then participate as building blocks in the process
of learning relations and predicates. For example, features
generated in this framework need not be defined as Boolean.
They can be associated with a real number, indicating the
probability the feature holds in the interpretation, allowing a
immediate use of P-CLASSIC like languages. This approach
provides a different view on ways to extend such description
languages, orthogonal to the one suggested by existing exten-
sions, such as PRMs [Friedman et al., 1999]. Unlike those
extensions, which are more suitable to relational database-
like (probabilistic) inferences, we provide a natural solution
to learning predicates and relational structure, as seen in the
examples pointed to in [Cumby and Roth, 2003a]. Further-
more, the syntactic framework allows us to use the FDL lan-
guage for tasks other than pure feature extraction. For exam-
ple, in [Cumby and Roth, 2003b], a family of relational ker-
nel functions parameterized by descriptions in the language
is developed for use with the Kernel Perceptron algorithm.

Some future directions include the use of our formalism
to determine in a data driven way the level of abstraction of
feature ‘types’ required for a given application; the develop-
ment of nested and hierarchical FDL-based knowledge rep-
resentations; and integrating our framework into a program-
ming platform, allowing researchers to construct large scale
learning-based architectures to solve complex Al problems.
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Abstract
. . . . Unknown
Relational data is equivalent to non-relational struc-
tured data. It is this equivalence which permits
Indep vars Model Data

probabilistic models of relational data. Learning
of probabilistic models for relational data is possi-
ble because one item of structured data is generally
equivalent to many related data items. Succession
and inclusion are two relations that have been well Input Machine Output
explored in the statistical literature. A description
of the relevant statistical approaches is given. The
representation of relational data via Bayesian nets

is examined, and compared with PRMs. The pa- Experiment Nature Results
per ends with some cursory remarks on structured
objects.

1 Learning from iid samples Figure 1: Statistical Inference

Recall from[Cussens, 20Q0the well-known correspondence
between the mathematical abstractions used in statistics and
the real world. This correspondence is given diagrammatizontinue the metaphor of the machine, which will be used
cally in Figure 1. This view sees Nature as a machine whichnroughout, we assume that: each datum is generated by one
probabilistically spits out data in response to questions (intyn of the machine, the same machine is used for each da-
puts) that we give it. In some cases (e.g. clustering, density;m and previous outputs of the machine do not affect how
estimation) the independent variables do not play an imporit gperates on future runs. The iid assumption often permits
tant role—the machine does not require any input to producgccyrate estimation of parameters from data, and sometimes
an output. This probabilistic machine has many names in thgoth parameterandthe structure of the model/machine.
literature, it is Hacking’s “chance set-upHacking, 1965
and Popper’s “generating conditiong®opper, 1988

This probabilistic machine is often taken to produce output2 . .
by selecting its output from some population of possible out2 Relational learning
puts. Such a reconceptualisation is sometimes strained: “But
only excessive metaphor makes outcomes of every chanda many cases we are presented with data where the iid as-
set-up into samples from an hypothetical populatififack-  sumption is invalid. In such situations, let us say that we are
ing, 1965, p. 2k But it is pretty much hard-coded into the faced with arelational learningproblem, on the grounds that
standard Kolmogorovian formalisation of probability. Kol- the items of data will be related in some way. What is per-
mogorov’s axiomatisation defines a probabilistic model to behaps new in current Al research in this area is that this issue
a probability spacé?, F, P). Here( is the population, and is being approached ingeneralway: formalisms—often re-
outputs (actually subsets ©fin ) are chosen according to lated to first-order logic—are being created where data items
P. may be related in an arbitrary manner. However, there ex-

In standard approaches to statistical inference (or ‘learnists valuable work in the statistical literature which focuses
ing’; the terms will be used interchangeably in this paper)on particular relationships between data. In Sections 2.1 and
we assume that the observed data is composeddejpen- 2.2 we examine two specific relations: respectively, that of
dent and identically distributed (iidfems sampled fronf. succession and the “isa” relation which forms the basis of hi-
The homogeneity of such data permits estimatiolPofTo  erarchical models.



2.1 Succession units or subjects at the lowest level breaks down,
Time-series analysis is a venerable form of relational learn- ~ €ven after conditioning on covariate information.

ing with a large literature. It is often applied to financial The simplest extension from a classical regression
data where, say, the price of pork bellies today (let's call it ~ Specification is to introduce as covariates a set of in-
Xz) is not independent of its price yesterd@iil)_ So, al- _d|Cat0r variables for each of the h|gher_-|EVE| units
thoughX; and X;_; may be identically distributed they will in the data—that is, for the classes in the edu-

not be independent, hence the data is not iid. Returning to the ~ cational example ...But this will in general dra-
metaphor of the machine: we have the same machine each Mmatically increase the number of parameters in the
time, but the output of the last run forms part of the input of ~ model .. [Gelmanet al, 1995, p. 366

the next run. Here it is not good enough to produce a regression model

Given that the convenient iid assumption is lacking how(probabilistically) mapping information specific to an indi-
is learning possible? To answer this it is useful to make ajidual to scholastic achievement for that individual. We also
quick detour into the mathematical formalism. A time-serieshave (in ILP speak) background knowledge which is not spe-
is modelled as atochastic proceswhich is defined “as a cific to individuals. Each student is a member of a particular
family of random variable§ X;,i € I} defined on some class, each class is contained within a particular school and
probability spacé(?, F, P)” [Brockwell and Davis, 1991, p. each school is in a particular neighbourhood. Each of these
8]. The index sef may be discrete (as in the case of daily levels in this hierarchical setup will have attributes which will
commodity prices) or continuous. affect the student’s scholastic achievement.

In learning, our goal is to estimate the underlying proba- prefiguring a little the discussion of PRMs in Section 2.4,
bilistic model from data. Since here this model is a stochastigve can imagine a relational database system with tables for
process it looks as if each data point must be a realisatiogtudent, Class, School andNeighbourhood. Each of these
of the stochastic process, i.e. each data point is to be a joinhbles will have fields for information specific to objects of
instantiation of all thg X;, i € I}. By running this sequence- that class, so-called “descriptive attributd€etoor et al,
generating probabilistic machine many times over we could001. Following [Neville et al, 2003, we will call these
get an iid sample each element of which is a joint instantiaintrinsic attributes. There will also be fields for “foreign
tion. Unfortunately, in general, the machine is run just oncekeys” which contain the names of related objects from dif-
We will only get one such data point—since we cannot referent classes. For exampl®tudent might have fields for
peatedly rewind history and observe, say, the price of porlgttendance and age as well as a foreign key field naming the
bellies on 24th Jan 1999 many times over. class that each student is in.
~ Butlearning is still possible if we assume the joint distribu-  The salient relationship in this case is that of inclusion or
tion of the{ X;, i € I} is structured Take the simplest AR(1) membership: each student is a member of a class, etc. Note
model (AR(1) is also known as a Markov process): also that students in the same class are related to each other

Vi: X, ~aX; 1+ ¢ simply by being members of the same class. Students in the
same school or neighbourhood are also related, but presum-
ly these relationships are weaker.

The option of representing all this information in a man-
ner identical to that for individual-specific information is re-
jected. This rejected option corresponds to ‘propositionalisa-
ion’ to use ILP speak again. It will increase the number of
: ! ; arameters because it will increase the length of the covariate
the price of pork bellies on that day. These attributes (th ector considerably. The same “exploding attribute-space”

{X,}) are directly connected without any intervening individ- henomenon ten r when ILP learnin nari r
uals of which they are the attributes. Secondly, this descripp enomenon tends to occu © ®ermng sceraros are

i . tificati q iabl th tpropositionalised. An appropriate probabilistic model is a hi-
lon requires quantfication over ran‘ 'om vanay €S, WItNOUly 4 chical one to reflect the hierarchical nature of the data:
time-series analysts requiring a new ‘first-order’ probabilistic

where thee; are iid. Now the observation of eacki; be-
comes a data point and contributes towards the estimation o
«. The point is that there is mepetitivestructure. It is the
same (unknowny for all X;. There are two further things
to note here. Firstly, individuals (for example days) are no
explicitly represented; only attributes of individuals, such a

formalism. ...sensible estimation of these [the parameters
in the model] is only possible through further mod-
2.2 Hierarchy eling, in the form of a population distribution. The
Sequence data is not the only case where iid assumptions latter may itself take a simple exchangeable or iid
break down. Consider the following situation (where “an as- ~ form, but it may also be reasonable to consider a
sumption of exchangeability” is essentially an iid assumption,  further regression model at this second level to al-
and for “covariate” read “attribute”): low for the effects of covariates defined at this level.

In principle there is no limit to the number of lev-
els of variation that can be handled in this way.
Bayesian methods provide ready guidance on han-

...in studying scholastic achievement we may
have information about individual students (for ex-
ample, family background), class-level information ; S
(chgracterist)i/cs of %[]he tea)cher), and also informa- dling the estimation of unknown parameteiSel-
tion about the school (educational policy, type of manet al, 1995, p. 365
neighborhood). ... With covariates defined at mul- To make the connection between hierarchical modelling
tiple levels, the assumption of exchangeability of and Bayesian computation more concrete, we will consider



a particular example using the BUdGSpiegelhaltert al,,
1994 system.

2.3 Bayesian nets for hierarchical models

Consider the followinditters probabilistic model taken
from [Spiegelhalteet al, 1994. We consider survival rates
in two sets of pigs. Each set of pigs contains 16 litters.
“We would like to assume that the survival rates in the litters
within each set are similar, but not identicalSpiegelhalter

for (j in 1:2) {
for (i in 1:16) {
rfij] = dbin(pi,j],nfi,});
plij] = dbeta(afj],bi);

}

a[j] ©~ dgamma(1,.001);

b[j] © dgamma(1,.001);
}

et al, 1994d. In other words, we assume that there are pheF_igurE; 3: BUGS Ian_guage representation of the Bayesian net
nomena at the level of sets which affect survival rates. On@iven in Figure ZSpiegelhalteet al., 1996

could imagine, for example, that the two sets of litters come
from two different farms. This is clearly a hierarchical set-up,
but it also implies that within each set, the individual sows are
related in some way.

Suppose we want to compute the probability that a piglet,
born to some particular sow, will survive. If we have observed
survival rates for the litters of other sows in the same set,
this should effect the value of the probability we are trying to
compute. How can this be done?

Here is the approach given [Spiegelhalteet al, 1994.

Let theith (1 < 7 < 16) sow in thejth (1 < j < 2) set be
called sow;;. For each sowow;; we wish to compute;;
the probability that a piglet of hers will survive. Clearly, the
number of piglets born so fan(;) and the number of those
that have diedi(;;) for sow;; are pertinent intrinsic attributes.

“The simplest conjugate model is to assume the observed

What is interesting here is that

1. no individuals are explicity represented in the model,
only attributes of individuals;

2. consequently, relationships between individuals (such as
might be represented by a foreign key relationship) can
not be explicitly represented, so the membership rela-
tionship between a sow and her set is not represented
nor is the derived relationship between sows in a given
set;

the individual sows in sgtare related via a very abstract
quantity—the parameter vectgt;, b;)

itis essential that the mediating quantity, b;) is unin-
stantiated

3.

4.

number of deaths;; in litter 7 of group [set]; is binomial )
with sample sizer;; and true rate;;, and then assume the The BUGS documentation has many other good examples of

true rates are drawn from a beta distribution with unknownhi€rarchical models; the current example is one of the simpler
parameters.[Spiegelhalteet al, 1994 The crucial point is _ _ _
that these parametexs andb; are common for all sows in ~ Returning to our machine metaphor, we can say that since
setj. This probabilistic model is represented as the Bayesia§ach litter has its own probability;) for piglets’ surviv-

net given in Figure 2. Note the use of ‘plate’ notation in or- INg, there IS a separate mach'ne_(speufledvm for each

der to compress the representation. The square box aroufiier which ‘tosses a coin’ and decides the fate of each piglet.
n;; indicates tham,; is always assumed instantiated so noHowever, within each set these machines are related. We

distribution need be defined for it. The corresponding Buggnodel this by imagining that there is a machine-outputting
language source code is given in Figure 3. machine for each set, specified by, b;), which outputs the
p;; machines.

When concocting this probabilistic model it seems incon-
ceivable that the statistician did not have particular individ-
uals (sows, piglets) and classes (litters, sets) in mind. But
by the time we have the probabilistic model all individuals
have been eliminated. They merely have a ghostly presence
in the indices of the random variables. It would be useful if
we could find a way of formalising this elimination. To ex-
plore this question we now turn to a probabilistic formalism
where individualsare explicity represented.

litter i
.

2.4 Probabilistic relational models

The ingredients of PRMiGetooret al,, 2007 are as follows.
First considerelational schemasA relational schema spec-
ifies a set of classe¥ = X;,...,X,. With each classX;
there is associated a setd#scriptive attribute§i.e. attributes
which individuals in that class can have) amderence slots

. . . . ) these are ‘attributes’ whose values are the names of individu-
Figure 2: Bayesian net representing a hierarchical modejs in other classes related to individuals in this classinAn
[Spiegelhalteet al, 1994 stanceof a schema defines (i) a set of individuals partitioned
between the classe¥ and (ii) and values for all attributes

set |




(real ones and instantiations of reference slots) of all individton ¢ thus rendering a Bayesian net (with repetitive structure)
uals. Arelational skeletotis a partial definition of an instance containing only “descriptive attributes”. It would be even
where only the individuals and the relations are given—themore interesting to determine the advantages and disadvan-
descriptive attributes are left uninstantiated. A PRM specifiesages of such a ‘compilation’.
a conditional probability distribution over the values of each None of this is attempted here. Instead we just
descriptive attribute, so that given a relational schema, thgive one example of moving in the opposite direc-
PRM defines a distribution oveompletionsof the skeleton. tion. In Figure 4, we give a RDB presentation of
A completion of a skeleton is an instance of the schema.  the litters example. Adding the CPTs (extractable
PRMs are a relational ‘upgrade’ of Bayesian networks.from Figure 3) for P(Piglet.Lives|Piglet.Mother.Health),
Given that in Section 2.3 we have argued that at least somg(Sow.Health|Sow.Set), P(Set.A) and P(Set.B) gives us
relational learning problems can be represented using plaia PRM with a given skeleton.
old Bayesian networks, we need to examine the claimed dif-

ferences between PRMs and Bayesian networks: [ Piglet |

However, there are two primary differences be- Name  Lives Motherl Sow |
tween PRMs and Bayesian networks. First, a PRM pinky ? mary Name He?alth Se
defines the dependency model at the class level, al- perky 2 mary || Many i 1
lowing it to be used for any object in the class. In squeaky  ? susy || SUsY ; 1
a sense, the class dependency model is universally quirky ) susy anny : 2
quantified and instantiated for every element in the . . . e e
class domain. Second, the PRM explicitly uses the [ Set |
relational structure of the model, in that it allows
the probabilistic model of an attribute to depend Name f E
also on attributes of related objects. The specific 1 o o
set of related objects can vary with the skeleton 2 : i

o; the PRM specifies the dependency in a generic . ) . .
enough way that it can apply to an arbitrary struc- Figure 4: Relational database representation of the BUGS

ture. [Getooret al,, 2001 litters  scenario

The first difference is inessential from a mathematical point Comparing Figure 4 with Figures 2 and 3 the with-

of view, despite being imp_ortant for practical model_-building. individuals RDB approach of PRMs seems to me to have two
We have seen that grouping together random variables assgyajn advantages. Firstly, the world simply does contain in-
ciated with objects of the same class (graphically via the platgyjyiduals of various classes, and consequently this is how we
notation, or in the BUGS language usif@ ) achieves the  conceptualise it. On this count Figure 4 is the more perspic-
same effect. In reply one could argue that using the BUG$oys to a human modeller. Secondly, and for related reasons,
language is a move beyond ‘plain old Bayesian nets’ since iRpBs are where the real-world data jso for entirely prac-
explicitly uses the quantification alluded to f§etooretal,  tica| reasons a probabilistic model that can be bolted on to a
2001. , ) i RDB has a lot going for it. The advantage of the BUGS ap-
The second difference is more fundamental in that a PRMyroach s that by eliminating the individuals we have gained
holds off from giving enough information to construct an some simplicity, or at least compactness. On a practical point
equivalent Bayesian net—the missing information is cOnthe BUGS MCMC-based software is also quite well devel-
tained in the skeleton. The BUGS analogue is a partially gped. All these observations indicate that ‘compiling’ PRMs

specified Bayesian net, where, for example, the actual numy, structured Bayesian nets may have much to recommend it.
bers of sows and piglets are yet to be determined.

Learning in PRMs assumes the data is one single structured . .
datum: 3 Structured objects versus systems of objects

Our training data consists of a fully defined in- The slogan of this paper has been that relational data is equiv-
stance of that schema. We assume that this in-  alent to non-relational structured data. However, in the ex-
stance is given in the form of a relational database.  amples given the structured ‘data’ is a single big data-point:
[Getooret al, 2007 an entire sequence, an entire hierarchy or an entire relational

So, as with time-series, the data is a single instance draw@iatabase (or at least completion thereof). A less extreme kind
from the underlying distribution. It is only because this in- Of structured data is data composed of a number of struc-
stance is highly structured and hence composed of many réured objects. In place of a conclusion, in this final section
lated ‘instances’ that there is enough information to do pawe briefly consider the representation of structured objects
rameter estimation, or possibly even model structure learnand connections to relational data. A thorough examination

ing. of these issues and their consequences for relational learning
L . . we leave for future work.
2.5 Eliminating and introducing individuals Consider RDBs. An RDB is a system of related atomistic

It would be interesting to see whether there is an algorithmobjects where each individual object is ‘flat’. It has its own
which eliminates the individuals in a PRM with a given skele- intrinsic attributes and its foreign keys name related objects.
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[Hacking, 1965 lan Hacking.The Logic of Statistical Infer-

Figure 5: Lexical entry for the word “shdPollard and Sag, ence Cambridge University Press, Cambridge, 1965.
1994, p. 17 [Neville et al, 2003 Jennifer Neville, Matthew Rattigan,
and David Jensen. Statistical relational learning: Four
claims and a survey. In Lise Getoor and David Jensen, ed-

INSTANCE

In logic programming terms RDBs are ground'Datalog Pro- itors, IJCAI-03 Workshop on Learning Statistical Models

grams. However, one could argue that a putatively atomistic - 5 Relational DataAcapulco, Mexico, August 2003.

object (sayz) with relations to other atomistic objects (say

ande) in fact has a structure such theandc are in fact ‘con-  Pollard and Sag, 1994Carl Pollard and lvan A. Sagiead-

stituents’ ofa. If so, it follows that it is more perspicuous to ~ Driven Phrase Structure Grammaldniversity of Chicago

represent, as f (b, ¢) wheref represents how andc consti- Press, Chicago, 1994.

tutea. Here, the information abouthas been packed into a [Popper, 1988 Karl R. Popper.Realism and the Aim of Sci-

first-order term so that a mere identifie) fas been replaced ence Hutchinson, London, 1983. Written in 1956.

e e s e [fouverol, 195} Celne Rouverol. Flaening and saura

the ILP literature. For example Rouveil@ouveirol, 1994 tion: Two representation changes for generalizatista-
PR ; ’ chine Learning14(2):219-232, 1994.

shows how to ‘flatten’ structure representations. i _

An extreme example of this sort of packing occurs in lex-ISpiegelhalteet al, 1994 D J Spiegelhalter, A Thomas,
icalised approaches to natural language grammar such as N G Best, and W R GilksBUGS Examples Volume 1, Ver-
Head-Driven Phrase Structure (HPSG). In a lexicalised gram- Sion 0.5, (version ii) MRC Biostatistics Unit, Cambridge,
mar nearly all grammatical information is represented at the UK, 1996.
word level on the grounds that words are information-rich,
and should be represented as such. HPSG grammars present
linguistic objects as feature-structures which are very highly
structured objects. For example, Figure 5 gives a (slightly
cut-down) HPSG lexical entry for the word “shéPollard
and Sag, 1994, p. 17

Here each node is labelled withsart and the arcs corre-
spond to features which those sorts have. Some sorts (such as
non) do not have features; they are called atoms. It is clear
how a feature-structure could be converted to an equivalent
RDB/Datalog program (in fact, this is more or less done in
[Pollard and Sag, 1994 Each arc going to a non-atom sort
represents a foreign key relation; those going to atoms rep-
resent intrinsic attributes. The interesting thing here is that
there is no clear distinction drawn between individuals and
attributes: they are all sorts. Analogously, reference slots and
descriptive attributes are all fields.
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Abstract

In this paper, we present the results of initial
explorations into the application of relational model
discovery methods to building comprehensive
ecosystem models from data. Working with
collaborators at the USGS Biological Resources
Discipline and at the Environmental Protection
Agency, we are engaged in two projects that apply
relational probabilistic model discovery to building
“community-level” models of ecosystems. A
community-level ecosystem model is an integrated
model of the ecosystem as a whole. The goal of our
modeling effort is to aid domain scientists in gaining
insight into data. Our preliminary work leads us to
believe the method has tremendous promise. At the
same time, we have encountered some limitations in
existing methods. We briefly describe two projects and
make some observations, particularly with respect to
the development of synthetic, or derived, variables. We
describe specific extensions we made to solve
problems we encountered, and suggest elements of an
extended grammar for such variables.

1. Introduction

Ecosystems are composed of interacting populations of
organisms and their environments. They are notoriously
difficult to study because of their size and complexity. In
addition, many are unique. Controlled experimentation in
these ecosystems is undesirable because of the potentially
irreversible damage it may cause. However,
observational data are often abundant. The challenge in
studying ecosystems is to synthesize these data into
coherent, comprehensive, biologically meaningful
models.

While data collection traditions and techniques are
mature, data analysis methodologies are less well
developed. Generally, individual, domain-specific teams
(e.g., a team of physicists or a team of biologists) apply
traditional statistical methods to investigate pair-wise
correlations among variables in their separate datasets,
but have no methods for investigating the complex, noisy,
cross-disciplinary interactions that are crucial to
understanding the ecosystem as a whole. As a result, the
standard ecosystem-level computational scientific method
is a form of “generate and test”: the manual construction
of mechanistic models and model selection by comparing

simulation results to data or expert knowledge.
Probabilistic models of ecosystems are slowly becoming
more common, however these have been constructed using
knowledge-engineering (Kuikka et al., 1999, Marcot et al.,
2001).

Most of the data collected in studies of ecological
systems is stored in relational databases. An emerging
family of methods for relational learning [Muggleton and
De Raedt, 1994], [Van Laer and De Raedt, 2001],
[Quinlan, 1996], [Getoor et al., 1999] provide the
opportunity to learn comprehensive models directly from
these relational data sources.

In this paper, we present the results of initial
explorations into the application of model discovery
methods to build comprehensive ecosystem models from
data. Working with collaborators in the USGS Biological
Resources Discipline and the Environmental Protection
Agency, we are engaged in two projects that apply
probabilistic  relational model discovery to build
“community-level” models of ecosystems. (A community-
level ecosystem model is an integrated model of the
ecosystem as a whole.) The goal of our modeling effort is
to aid domain scientists in gaining insight into data and to
construct complex prior hypotheses about the ecosystems
studied. Our preliminary work leads us to believe the
method has tremendous promise. At the same time, we
have encountered some limitations in existing methods.
We briefly describe two projects and make some
observations, particularly with respect to the development
of “synthetic”, or derived, variables.

Probabilistic relational model discovery methods
exploit a relational data model to derive parameters that
account for variation in the explicit variables in a data
model. In a Hollywood database, for example, an actor’s
income may be related to the number of movies in which
s/he played a role. [Getoor et al., 1999] introduce the
concepts of a path (a chain of references — e.g. “actor.role”
above), and a terminal aggregator (e.g., “number” or count
above) as defining a space of synthetic variables. We have
found this framework useful, but limited in its ability to
account for all known interactions in our data. We will
describe examples motivating the introduction of two
additional features, selectors and variables, into a synthetic
variable grammar.



2. Applications

CleverSet is currently engaged in two ecological
modeling projects: community-level modeling of the
Crater Lake ecosystem (USGS) (Jorgensen et al., 2003)
and community-level modeling of West Nile virus disease
transmission (Orme-Zavaleta ef al., 2003).

Crater Lake

Data

The National Park Service is concerned about long-term
changes in the clarity of Crater Lake, a national park and
the clearest deep-water lake in the world. Although many
domain-specific surveys have been undertaken, the
analytical framework necessary to link these analyses into
one overall assessment of lake health has been lacking.
Our goal in this project has been to formulate multiple,
complex, simultancous hypotheses given all the data
obtained from the long-term studies of the lake (Larson et
al., 1993). These data have been collected using varying
time and spatial scales. For example, surface weather
condition information is available on a daily basis, but
phytoplankton densities are measured only once or twice
a month (and not at all in winter), while rocket-borne
instrumentation to gather weather data at altitude is only
rarely available.

Method

In an initial Crater Lake analysis performed for USGS,
we chose a set of temporal units to frame the analysis.
These units were time periods corresponding to observed
patterns of clarity of the lake and for which data were

secchi.mdb

available: June-July, August, September-October. We then
added a table containing these time units (this unary
relation establishes the basic time scale), and relating
hydrological seasons annually (this binary relation
establishes the basic unit of time-lag to be considered in
the analysis), and related the data tables we wished to
include in the analysis to this temporal table. A complete
schema for the analysis is shown in Figure 1.

Results

Figure 2 shows the essential elements of the discovered
model (we omit some schema elements for clarity). One
relationship we discovered is that the dominant fish species
in gill net catches was probabilistically dependent upon
Secchi descending depth (water clarity) in the current year,
mean fish weight in the current year, descending Secchi
depth the previous year and dominant fish species two
years previous. This and findings concerning age class
structure agreed with the anecdotal evidence that schools
of Kokanee smolts swimming at the edges of the lake were
preyed upon by mature Rainbow trout, where they were
caught in gill nets. This phenomenon does not occur every
year. A time lag of two years, discovered by the model, is
consistent with experts’ observations.  The relation
between this interaction and water quality was previously
unknown. Other somewhat surprising discoveries include:
(1) the centrality of water clarity (measured by the Secchi
“DesDepth” parameter); and (2) the lack of a direct
relationship between Zooplankton count and water clarity,
at least at the spatio-temporal scale studied. These finding
suggest that fish attributes may serve as a predictor of
water clarity.

secchi.mdb SampleDates: Table
Readings: Table ™ Secchi ID
Secchi ID Date
DesDepth seasonCode
(n=864) readings
(n=192)
Seasons (added table)
PreYr
Date
L YrSegment
phytoplankton.mdb phytoplankton.mdb phytoplankton .mdb secchiSampleDates
Counts Jan 1988 & 1989 to — | Dates and Depths: Table PhyCode:Table phytoDates
Present: Table 4—— Block Code ] ZooDates
Counts 1985 to 1988 except Date Division FishDates
Jan 1988: Table Depth (n=8) (n=120)
Counts 1981 to 1984:Table [ |counts
Block seasonCode
Density (n=1198)
Code
(n=17,839)
zooplankton.mdb zooplankton.mdb zooplankton.mdb
Table ’—b ZooDateTime: Table ZooSpeciesNames: Table
zooplankton.mdb DateTimelD DateTimelD « Code
ZooCounts: Table Sample Date (n=22)
Sample Depth seasonCode
Count —— | CountTable | SampleTable
Code

(n=3204)

1

fish.mdb fish.mdb

Table 4 Catchlnfo: Table
Catchid » CatchiD
Species Date
TotalLength CaptureMethot
Weight seasonCode
Sex | FishTable

Maturity
Age

Figure 1. Crater Lake Schema
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Discussion

The Crater Lake project highlighted the centrality of time
in such analyses. Time creates several challenges for
relational model discovery:

1. Time is rarely reified in relational schema. This
presents a problem in constructing paths like
“secchi.DesDepth.yrSegment.Phyto.density.”
Our solution in this case was to manually add a
“Season” table. We have since implemented
facilities for partially automating this process, by
recognizing and re-ifying data/time information
in schema’s.

2. Once time was reified, two further decisions
were necessary: we established an aggregation
unit for time and we separately established a lag
duration. Expert knowledge was used to
establish both, based on domain knowledge and
understanding of the goals of the modeling. In
future we hope to explore extensions of existing
statistical time series analysis methods to aid in
this process.

A second problem that arose in this analysis was the
frequent desire to form synthetic variables outside the
scope of the current path language. For example, there
were times when prior knowledge suggested that the
density of a particular phytoplankton species might be a
relevant parameter. Our current synthetic variable
grammar does not allow for selection of a subset of the
items retrieved by a path.

4

revPrevYr

CurrYr

Lake PRM

Finally, the goal of this project was to gain scientific
insight into data that had been collected over 25 or more
years (Secchi depth readings go back to the 1880s!). We
found that learning models over not just the variables in
the provided tables, but over their parents as well,
provided additional insight. An example fragment from
such an extended model, for the FishSpecimen table and
its immediate parents, is shown in Figure 3. This
extended model shows interactions not obvious in Figure
2, such as the multiple pathways through which Mean
Secchi depth (two years previous) interacts with current
Mean fish age.

West Nile Virus

Data

While the Crater Lake project involves building a
relational model over multiple databases of similar type,
our work with the EPA on modeling the spread of West
Nile Virus involves combining multiple databases of
differing types. One class of database contains incident
reports (e.g., reports of dead birds testing positive for
WNV, report of pools of water in which breeding
mosquito populations test positive for WNV, human case
reports, etc.). Each database contains reports of one type
of event, located in place and time. A second class of
database contains records of static features, such as the
presence of a tire disposal facility (potential mosquito
breeding site) or landscape type at a location. The
challenge was to integrate these multiple databases into
an overall model of West Nile Virus spread.
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Figure 3. FishSpecimen Unrolled Model

Method

The first step in our integration of these data sources was
the construction of an integrated data schema across these
data sources through the addition of intensional relations
linking the information in space and time. Knowing that
each database recorded location in columns labeled
latitude and longitude, and time as day/month/year,
enabled us to construct a common spatio-temporal frame
of reference. The simple recognition of point location in
space and time, however, is not enough to integrate these
data sources. Rarely do two events occur at precisely the
same place or time. Rather, we imposed a scale across
both the spatial and temporal dimensions. The parameters
of this scale (five miles for space, and one month for
time) were drawn from scientific knowledge about the
life cycle of the vector of interest, the mosquito, and the
typical flight distance for the competent bird host. Again,
this was done by hand in our preliminary studies to date.

Results

Figure 4 shows a preliminary model of the spread of
West Nile Virus in Maryland in 2001. Shown is a model
over the synthetic variables constructed starting from the
table of positive bird records.

The results support previous hypotheses that tire
disposal site license density is correlated with incidence
of West Nile Virus in birds. Tire disposal facilities may
affect disease spread directly, by serving as breeding
areas for mosquitoes, or may be a proxy for population
density, which may in turn affect sampling and/or disease
prevalence (e.g., though human movement through the
region). The results also suggest that disease prevalence
in mosquito pools may be a predictor of disease
appearance in birds. The number of human and horse
cases in 2001 was too small to support any significant
findings related to these cases. However, even with these
sparse data, the model produced is consistent with current
knowledge regarding the manner in which the disease is
transmitted and forms a framework in which future
findings may be evaluated. The fact that horse cases do
not contribute significant information to the model
provides preliminary evidence that monitoring this
incompetent host may be unnecessary in tracking the
spread of this disease.
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Figure 4. West Nile Virus Model Fragment

Since the mechanistic model of disease spread is not
completely known, the temporal and spatial models
included in the model may not be the only, or even the
most useful scales at which to view interactions. Finer
spatial resolutions, for example, might provide evidence
about the species of birds and mosquitoes involved in
transmission. Landscape level data, for example,
landcover type, might also improve the descriptive and
predictive capabilities of the model. ~As mentioned in
our discussion of the Crater Lake study, our current
manual methods do not permit easy exploration of
possible scales.

Discussion

Our work on West Nile Virus propagation reinforces the
need for selectors in synthetic variables. Unlike Crater
Lake, however, where the selectors where over the values
of primitive attributes, in the analysis of West Nile Virus,
we needed to form equality selectors over entities (e.g.,
positive mosquitoes in adjacent geocells in the same
month). We extended our synthetic variable grammar to
include a single selector phrase. A selector is a Boolean
operator mapped over the elements of the base path
defining a synthetic variable. Elements for which the
selector returns true and included in the result, and
elements for which it returns false are omitted. The
selector consists of a Boolean operator and two paths.
The first path is applied to the table entry at the head of
the base path for the synthetic variable, and the second

path is applied to each table entry retrieved by the base
path. For example, consider:

PosBirds.GeoCell.PosMosq ==(PosBird.month,
PosMosq.month).Count()

The base path (“PosBirds.GeoCell.PosMosq”) yields a set
of positive mosquito entries in the same spatial region as
a bird entry. The selector (“==(PosBird.month,
PosMosq.month)”) then filters out all entries not in the
same month as the positive bird record. Finally, the
“Count()” aggregator returns a scalar, the cardinality of
the resulting set'.

3. Conclusions and Future Work

Relational probabilistic modeling provides a natural
framework for investigating ecological data. The large
amount of observational, noisy data, often collected by
multiple investigators over varying time-scales, provides
a rich field for probabilistic model discovery, and
relational approaches raise the level of modeling to one
with which domain scientists can readily interact.
Existing synthetic variable construction methods
naturally generate many variables either previously

" In more recent work, supported by NSF SBIR DMI-
0231961, we have developed a more comprehensive
synthetic variable language grammar and automated
generation capability, patent-pending.



known to scientists or immediately recognized by them as
scientifically relevant. At the same time, attempts to apply
relational probabilistic model discovery techniques to
ecological data have revealed limitations in our current
synthetic variable construction methods. We are currently
exploring work in data base path expressions, for
example that of Van den Bussche [Van den Bussche et
al., 93] and Frohn [Frohn et al., 94], as generalizations
capable of expressing a more comprehensive set of
synthetic variables. Key concepts include the selector and
the introduction of variables (to allow subsequent
reference to earlier elements in a path). We are also
exploring mixed-initiative search procedures over these
much larger path grammars.
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Abstract

This paper presents an overview of the research on
learning statistical models from relational data be-
ing carried out at the University of Washington.
Our work falls into five main directions: learning
models of social networks; learning models of se-
quential relational processes; scaling up statistical
relational learning to massive data sources; learn-
ing for knowledge integration; and learning pro-
grams in procedural languages. We describe some
of the common themes and research issues arising
from this work.

1 Introduction

The machine learning group at the University of Washington
is pursuing applications in viral marketing, Web search, adap-
tive Web navigation, assisted cognition, planning, knowledge
integration, and programming by demonstration. In each of
these areas, we began with methods that were either statistical
but not relational or vice-versa, but the need for statistical re-
lational learning (SRL) rapidly became apparent. As a result,
our current focus is both on fundamental issues in SRL that
cut across these applications, and on propagating advances in
the fundamental issues to the applications. What follows is an
overview of these research directions, showing how the need
for SRL arose in each application, what fundamental issues
we uncovered, what progress we have made, and the wealth
of problems that remain for future work.

2 Social Networks

Statistical models of customer behavior are widely used in
direct marketing. Typically, these models predict how likely
the customer is to buy a product based on properties of
the customer and/or the product. We have extended these
models by also taking into account the network of influ-
ence among customers [Domingos and Richardson, 2001;
Richardson and Domingos, 2002b]. This takes “word of

ICurrent affiliation: Google, Inc.
“Current affiliation: University of Illinois at Urbana-Champaign.
3Current affiliation: IBM T. J. Watson Research Center.

mouth” effects into account—the fact that a customer’s de-
cision to buy is affected by what her/his friends and acquain-
tances say about the product. This makes it possible to design
optimal viral marketing strategies, which choose which cus-
tomers to market to based not only on their likelihood of buy-
ing, but also on their likelihood of influencing others to buy,
and so on recursively. We mine these models from online
sources like collaborative filtering systems and knowledge-
sharing sites. We have found experimentally that they can
lead to much higher profits than traditional direct marketing.

We have also worked on extending Google’s PageRank al-
gorithm for Web search with information about the content of
pages [Richardson and Domingos, 2002a]. Instead of a uni-
versal PageRank measure, we introduce a query-dependent
PageRank, and show how to efficiently pre-compute the nec-
essary information at crawl time. Although superficially very
different from the viral marketing problem, this problem is
in fact isomorphic to it, with the words on Web pages corre-
sponding to customer attributes, and the links between pages
corresponding to social relations among customers. (See also
[Chakrabarti et al., 1998].)

Notice that, if we view each customer or Web page as a
sample, as is usually done, these models imply that samples
are no longer independent. Dependence between samples is
perhaps the single most fundamental issue that arises in SRL.
Even if a domain contains multiple classes of objects, each
with different attributes, if the objects are all independent the
joint distribution of their attributes decomposes cleanly into
a product of distributions for the individual objects. This is
the usual non-relational case, with the sole difference that the
probabilities for all objects are not all of the same form. It is
particularly remarkable that the space of models that assume
sample independence is a minuscule fraction of the space of
all possible models. In a sense, once the sample independence
assumption is made, all further assumptions made by learning
algorithms (e.g., choice of representation) are second-order
perturbations.

Early studies of the issue of sample dependence in SRL
include [Jensen and Neville, 2002b; 2002al, but the area is
still very much in its infancy. We are currently developing
general methods for this problem, based on assuming inter-
sample dependences that are arbitrary but limited in number
(the same type of assumption that Bayesian networks make
for inter-variable dependences within a sample).



3 Relational Stochastic Processes

Large Web sites are hard to navigate—finding the information
the user is looking for often takes too long, and the user gives
up and/or wastes time. A possible way to ameliorate this is
to automatically adapt the Web site to the user, by predicting
what s/he is looking for [Perkowitz and Etzioni, 1997]. For
example, we can add to the current page shortcuts to the five
pages the user is most likely to want to see. We initially did
this using a simple Markov model with pages as states and
links as transitions, but found that, although successful, this
approach had significant limitations [Anderson ef al., 2001].
Predictions can only be made for pages that the user has vis-
ited before (and reliable predictions only for pages that the
user has visited multiple times). On large Web sites, this is
a vanishingly small fraction of all the pages available. Fur-
ther, as Web sites change over time, it is not possible to make
predictions for new pages when they appear. Finally, gener-
alization across Web sites is not possible: even if the adaptive
Web navigation system knows the user often goes from the
“Books” page to the “Science Fiction” page at Amazon.com,
it cannot infer that s/he is likely to do the same at BarnesAnd-
Noble.com.

To overcome these problems, we introduced relational
Markov models (RMMs) [Anderson et al., 2002]. RMMs
model each page as a tuple in a relation, rather than an atomic
state. Different pages can belong to different relations (e.g.,
pages about books will have different properties from pages
about consumer electronics products). The variables in each
relation can have hierarchically structured domains (e.g., a
hierarchy of categories and subcategories of products). We
consider all the abstractions of a page that can be obtained
by climbing these hierarchies, and compute transition prob-
abilities for the most informative abstractions. These prob-
abilities are then combined into a “ground-level” prediction
using shrinkage [McCallum et al., 1998]. Useful predictions
can thus be made for previously unvisited pages, by shrink-
ing to abstractions of them that have been visited before (e.g.,
“Science Fiction Books”).

RMMs are an example of a statistical relational model
for a sequential domain. (See also [Friedman et al., 1998;
Kersting et al., 2003].) However, they are still a restricted rep-
resentation, in the same way that hidden Markov models are a
restricted form of dynamic Bayesian network (DBNs) [Smyth
et al., 1997]. We are currently working on a natural general-
ization: dynamic probabilistic relational models (DPRMs),
which extend PRMs [Friedman et al., 1999] to sequential do-
mains in the same way that DBNs extend Bayesian networks.
Most processes in the world involve multiple objects and re-
lations and evolution over time, and DPRMs should therefore
be widely applicable. For example, in the viral marketing do-
main, we can model the spread of a product from customer
to customer over time, and optimize our marketing actions at
each time step, instead of our initial “one-shot” approach.

A key issue in DPRMs, as in DBNG, is efficient inference.
The vastness of relational spaces, where the value of a re-
lational variable can be any object in a given class, makes
it particularly thorny. We have extended the particle filter-
ing inference method [Doucet et al., 2001] to the relational

domain by Rao-Blackwellising [Murphy and Russell, 2001]
relational variables conditioned on propositional ones. Initial
results show that this approach is extremely effective [Sang-
hai et al., 2003]. We are currently working on relaxing the
assumptions it requires.

DPRMs are well suited to the problem of probabilistic plan
recognition — that is, the task of inferring a person’s cogni-
tive state in terms of plans and intentions. The Assisted Cog-
nition Project [Kautz ef al., 2003] is using DPRMs to track
the behavior of a person suffering from cognitive limitations
(such as mild dementia) as they go about their day-to-day ac-
tivities, in order to provide pro-active help in cases of con-
fusion and cognitive errors. Part of this work involves de-
veloping techniques for efficiently encoding hierarchical plan
networks.

4 Relational Markov Decision Processes

Factored Markov decision processes (MDPs) have proven ex-
tremely successful for solving planning tasks in the presence
of uncertainty, but they share the same representational weak-
ness which we discussed in the context of Markov models
and DBNs earlier. It is natural, therefore, to extend DPRMs
to create relational MDPs (RMDPs). Here, state variables are
relational fluents instantiated over a set of domain objects, ac-
tions are likewise parameterized, and a reward function spec-
ifies how much utility is derived from each action and its out-
come. The task is to create a control strategy (called a policy)
which will maximize the agent’s expected discounted reward.

While it is theoretically possible to expand an RMDP into a
traditional (ground) MDP, the resulting MDP is often so large
that existing value and policy iteration algorithms are inca-
pable of finding a policy. Previous researchers have proposed
symbolic methods for decision-theoretic regression [Boutilier
et al., 2001], but these techniques are impractical. Instead,
we propose generating first-order policies for RMDPs in a
three step process [Mausam and Weld, 2003]. First, we cre-
ate a number of ground MDPs, by instantiating the RMDP
with a small set of representative objects. Second, we solve
these traditional MDPs with value or policy iteration. Third,
we use first-order regression to generate the high-level pol-
icy. Our approach is similar to that of Yoon ef al. [Yoon et
al., 20021, but we consider a much more expressive policy
representation.

5 Scaling Up

The “killer apps” of SRL are likely to be in domains where
the sources of data are vast and varied. In small domains,
propositionalizing the problem at some cost in human labor is
often feasible. However, given that the space and time cost of
a join are worst-case exponential in the number of relations
being joined, in large domains this will generally not be an
option. Many relational learners work by propositionalizing
parts of the data on the fly (e.g., by adding attributes of related
objects to the attributes of the objects of interest), and apply-
ing a propositional learner to the result [Dzeroski, 1996]. Do-
ing this efficiently is a key but difficult problem, particularly
when the relations involved do not all fit in main memory, and



must be read from disk. We are currently addressing this us-
ing subsampling techniques in two ways [Hulten ez al., 2003].
The first is to minimize the number of tuples that need to be
read and joined, while ensuring that the sufficient statistics
(and consequently the model) obtained from them is essen-
tially the same that would be obtained from the full database.
The second is to minimize the number of tuples that are used
in computing an aggregate (e.g., sum, average, count), again
ensuring that the result is not significantly different from
what we would obtain using all the relevant tuples. This is
based on our previous work in applying subsampling tech-
niques to propositional learners [Domingos and Hulten, 2000;
Hulten and Domingos, 2002]. Beyond this, we envisage that
intelligent control of which tuples a learner looks at, and
which join paths it pursues, will be key to scalable SRL.
Heuristics for this are thus an important area of research.

6 Knowledge Integration

In traditional learning, data must first be gathered, cleaned,
integrated and massaged into a single table. This process typ-
ically consumes the majority of the resources of a machine
learning project. A key part of the promise of SRL is its po-
tential to reduce or bypass parts of it: a statistical relational
learner could in principle gather its own data across multi-
ple sources, including different databases, the Web, etc., as
needed for learning. However, to fulfill this potential, SRL
must be able to bridge the differences in vocabulary that dis-
parate data sources inevitably exhibit: different ontologies,
different names for the same attributes, different representa-
tions of the same object, etc. Fortunately, SRL techniques
can themselves be applied to help solve this “Babel problem.”
Given some manually created mappings between information
sources, we can learn generalizations of them that allow us
to map new sources automatically. We have done this suc-
cessfully for relational and XML data [Doan et al., 2001;
2003b] and for Semantic Web ontologies [Doan et al., 2002]
for the case of one-to-one mappings, and are currently ex-
tending our approach to many-to-one mappings [Doan et al.,
2003al. This approach is based on using a variety of learn-
ers to extract different kinds of mapping knowledge, com-
bining their outputs with a meta-learner, and combining the
result with different types of constraint, domain knowledge,
and user feedback to produce the final mapping.

More generally, SRL lends itself particularly well to
knowledge-intensive learning, because it allows input knowl-
edge to be expressed in a rich relational language, and is po-
tentially tolerant of noise in this input. We have designed an
architecture for incorporating knowledge from a large num-
ber of sources into a learner, which uses SRL techniques to
handle inconsistency among sources and high variability in
source quality [Richardson and Domingos, 2003al. Specifi-
cally, we use a Bayesian logic program representation [Kerst-
ing, 20001, with knowledge-based model construction to ex-
tract the Bayesian network required to answer a given query
[Ngo and Haddawy, 1997]. Horn clauses with the same con-
sequent are combined using a noisy OR, logistic regression
or logarithmic pool. The coefficient of a clause in this com-
bination is effectively the system’s estimate of the quality of

the clause, and is estimated from query answers and evidence
using the EM algorithm [Koller and Pfeffer, 1997]. We have
successfully applied this approach in a printer troubleshoot-
ing domain. We are also exploring the use of social network
models to form estimates of the quality of knowledge con-
tributed by different users, bootstraping each user’s assess-
ment of the quality of a few others to the entire network of
contributors [Richardson et al., 2003].

In general, many different types of knowledge can poten-
tially be integrated into SRL, and we are exploring this spec-
trum. One such type of knowledge is statements about the de-
pendencies among variables of interest (i.e., about the struc-
ture of the Bayesian network representing the joint distribu-
tion of these variables). We have developed a method for
combining statements from a variety of noisy, inconsistent
sources into a single probability distribution over the network
structure [Richardson and Domingos, 2003b]. This distri-
bution can then be used as the structure prior in a standard
Bayesian network learner. The method is based on postulat-
ing a simple generative model for expert statements given the
true network, and inverting this using Bayes’ theorem to ob-
tain a distribution over possible networks. Our experiments
show that even a small number of noisy sources can be suf-
ficient to obtain high-quality estimates of the structure, and
high-performing models as a result. We are currently extend-
ing this approach to allow Horn rules as an additional form
of noisy, partial knowledge about an underlying probability
distribution. Based on our experience in the printer trou-
bleshooting domain, we expect this to be more flexible and
effective than the more traditional form of knowledge-based
model construction.

7 Learning Procedures

We believe that the goal of SRL should be to learn statistical
models of any type of structured information, not just (for ex-
ample) relational databases or Horn knowledge bases. This
includes statistical models of procedures performed by hu-
mans, and of programs in procedural languages (e.g., Java,
Python, C/C++). We have been pursuing applications in pro-
gramming by demonstration (PBD), where the learner in-
fers a general procedure from examples of its execution by
a user (e.g., changing bibilography from one format into an-
other). We initially approached this in a non-statistical set-
ting, defining version spaces over procedures, and defining
a version space algebra to build up complex version spaces
from “atomic™ ones via operations like union and join [Lau
et al., 2003b]. We applied this in the SMARTedit system,
which learns text-editing procedures by demonstration. Our
experience with this system led us to extend the version space
algebra with probability distributions over version spaces, to
allow incorporating knowledge from the PBD application de-
signer on which (sub)procedures are more and less likely, and
to be more flexible and noise-resistant in recognizing proce-
dures. This can be crucial in arriving at a “best guess” as to
what the user’s intentions are in any given interaction. More
recently, we have begun to extend this framework to learning
programs with a full range of programming constructs [Lau
et al., 2003al.



8 Conclusion

This paper presented an overview of recent research on statis-
tical relational learning at the University of Washington. Our
work spans applications, fundamental issues, and the inter-
play between them. Applications we are working on include
Web search, Web personalization, viral marketing, assisted
cognition, planning, information integration, and program-
ming by demonstration. Fundamental issues we have begun
to make progress on include: learning in the presence of inter-
dependencies among samples; modeling stochastic dynam-
ics in relational domains; scaling up; learning across sources
with different representations; and extending SRL beyond
Horn clauses and relational databases.
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Abstract

Anonymous fraudulent behavior can generate
substantial financial burden and inconvenience.
Moreover, the recent threat of terrorist infiltra-
tion to both business and government has
yielded heightened interest in anonymous iden-
tity matching (AIM). Most applications of AIM
require sophisticated methods robust to issues
such as deliberate variation in identity attributes,
missing data, and multi-source data corpora. We
consider relational social network behavior,
eliminating the reliance on personal identifiable
data for identity matching. In particular, we
consider problems that can be characterized by
personal communication networks. We evaluate
a proposed implementation of a social network
vector-space relational model for AIM on Cite-
Seer, a research publication citation database.

1 Introduction

AIM has garnered attention by government agencies in the
wake of perceived increased domestic asymmetric threat.
However, civilians are concerned about the potential exploi-
tation of data collected by government agencies, web en-
abled click stream technologies, credit card companies, and
health care providers. The ongoing debate surrounding the
tension between security and privacy has motivated data
mining research in data privacy.

At the forefront of data mining privacy research are meth-
ods that solely rely on perturbed datasets while maintaining
predictive performance of various modeling techniques
(Agrawal and Srikant 2000; Clifton 2000; Agrawal and Ag-
garwal 2001) (Atallah, Bertino et al. 1999). More relevant
to the AIM discussion are database inference techniques
which utilize multi-source data, (Moskowitz 1999; L.
Sweeney 2002) to identify individuals who otherwise could
not be categorically linked using isolated data sources.

In general, privacy research considers three distinct cate-
gories: 1) basic storage and retrieval, i.e., who can access
sensitive data; 2) pattern discovery, i.e., the misuse of sensi-
tive data for pattern discovery; and 3) combination of group

patterns, i.e., who can make inferences about individual
identity from aggregated data sources (Piatetsky-Shapiro
1995). Despite efforts to encrypt sensitive information, this
research indicates that relationship networks may be a subtle
indicator of identity.

In this paper, we consider a straightforward method, a
social network (Wasserman and Faust 1994; Scott 2000)
vector-space model, for AIM in networks of interpersonal
relationships. Social network analysis is an appropriate
basis for relational learning because: (1) it quantifies
relationships; (2) it is well defined; (3) it can be used as a
complement to other methods; and (4) it can be used for
visualization to enable further understanding of underly-
ing phenomena.

An actor is the social entity of interest in a social net-
work. Actors are discrete individuals, or collective social
units. In our context, actors may be individuals, compa-
nies, industries or nations; we first consider one-mode
networks where the actors are considered the same type.
A relational tie establishes a linkage between a pair of
actors. Examples of relational ties include online com-
munication, business transactions, belonging to the same
professional club, or a physical/virtual connection. Each
actor pair relationship is given a weight to indicate the
strength. Each actor may have multiple relationships to
multiple actors. A vector of weights then represents each
actor.

This paper considers research in progress on AIM. We
demonstrate the usefulness of the social network vector-
space relational model on the application of author iden-
tification. The paper is organized as follows. First, we
present the social network vector-space model in section
2. In section 3 we apply the vector-space model to the
task of author identification and present preliminary re-
sults on the CiteSeer database. Finally, we conclude by
offering a discussion of results and future research direc-
tions in section 4 and 5 respectively.

2 Method

For AIM, we would like to classify new relational exam-
ples given a set of labeled relational training examples.
We consider social network graphs of relationships by



reducing the social network relational graphs to feature
vectors of entities. Each new entity in turn represents a
candidate example for identification. Weighted term vec-
tors represent all individual entities.

Definition: An entity e; can be described by an entity
vector,

e; = (Wi, Wia,...,Wj) [1]

where wj is the weight assigned to the entity ey in entity
relationship e;.

The feature vectors of entities are weighted to give em-
phasis to stronger entity pair relationships. The weight is
determined by the aggregation of all relationships be-
tween two entities.

Furthermore, one can specify to what distance in the
graph, related entities are considered. At distance one,
entities simply represent the weighted adjacency matrix
of the relationship graph. At greater distances, however,
the entity is composed of embedded entities. To consider
entities that embed distant entities, each entity is recur-
sively joined with each of its related entities.

Definition: Under addition, entity E is defined by the
weighted union of all nodes (entities), and edges
(weights) in e; and e, where o and [3 are scalars,

E=0e ®Pe [2]

The scalars are utilized to indicate relative significance to
the resultant entity. For example, one may want to decay
the impact of joined edges in the relationship vector as
the distance from the node in the graph increases.

The weight of an edge in E is therefore defined by [3].

w(E) = aw(e; ) ® Pw(e) [3]

Definition: An entity that takes into consideration rela-
tional links of distance greater than one may therefore be
defined as the recursive sum of each entity with its fea-
ture vector entities ey.

E=@&e¢, [4]

During the AIM process, new entities are compared to
labeled entity vectors. Candidate match sets of entity
vectors closest to the query considered similar are ranked
and returned. For this exposition, we measure similarity
by the cosine distance between the corresponding vector
pairs [5]. However, any vector based similarity measure
may be considered. The distance measures may be used in

standard hierarchical clustering techniques such as dendro-
grams (Duda, Hart et al. 2001).

n

q,-¢€

k _ i=1
U Y YR

Wi iWik

dist(q ;) = |

3 Experiment

Many refereed journals maintain that anonymity in pub-
lication submission is an ethical prerequisite of para-
mount importance. Nonetheless, we find that reference
lists alone identify authors remarkably well. This ex-
periment considers the question of whether the author of
a new paper can be identified utilizing solely the citation
graph of the paper. We apply the social network vector-
space relational model to the CiteSeer database
(Lawrence 1999), a scientific literature digital library.
We identify authors of papers published in the year 2000
by considering only their citation graph.

Prior 2000 <2000 2000 Au-

Pubs Pubs Pubs thors
10 13,174 93,831 8,615
20 9,405 68,597 3,334
30 6,797 50,294 1,659
40 4,678 35,223 855
50 3,462 26,010 510
60 2,636 19,158 315
70 1,932 13,827 191
80 1,540 10,461 128
90 1,201 8,118 91
100 852 5,777 59

Table 1: CiteSeer Data: Distribution of papers au-
thored and authors with at least n prior publications.

First, background knowledge is constructed using prior
publication knowledge. For each document published
prior to 2000 an edge is created linking each author to
each cited author. A weighted vector of cited authors
defines an author. Next, weighted adjacency vectors are
created for each document in 2000. An edge is created
between the document and each cited author. A weighted
vector of cited authors defines each document. The
weights are defined as the total sum of out going links for
each author-author, document-author pair.

For this experiment, we are interested in exact author
matches as opposed to finding similar authors. Therefore,
we limit the dataset to include only papers authored by
writers with publication history. The number of prior
publications in the background knowledge database de-
termines publication history. We present results for dif-
ferent levels of publication history [Tablel] to
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Figure 1: Author Match Success: Observed propor-
tions of author matches versus the set size of ranked
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documents whose authors had greater than n publi-
cations prior to the year 2000, (a) documents com-
pared to entire CiteSeer database and documents
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Figure 2: Author Match Success. Observed propor-
tions of author matches for top ranked candidate ver-
sus prior publication record of at least one author.

understand further attributes that may influence identity
matches in large relational networks.

We present results on three experiments motivated by
subscription fraud in relational networks (Cortes, Pregi-
bon et al. 2002). We use author identification in the Cite-
Seer database as a proxy problem to subscription fraud
detection.

First, subscription fraud cases generate financial burden
to organizations when left undetected. Therefore, the
most prudent of methods generate risk scores for all sub-
scribers. Each potential subscriber is compared to the
knowledge base of all known subscription fraud offend-
ers before services are rendered. As such, we consider
matching documents in 2000 to the entire historical data-
base.

We find that authors with more than 10 prior publica-
tions can be identified with 17% accuracy (recall that this
is from a total of 8615 authors); 28% of the time the true
author is in the top-10 candidate matches. Authors with
more than 90 prior publications can be identified with
58% accuracy; 80% of the time the true author is among
the top-10 candidates [Figure 1a].

Second, subscription fraud often considers “guilt by asso-
ciation”. In this case, new subscribers are compared only to
a subset of fraudulent entities in the knowledge base popula-
tion that are related in some way. We model this problem
by considering sub samples of the knowledge base corre-
sponding to publication history.

We find that authors with more than 10 prior publica-
tions can be identified with 78% accuracy; 41% of the
time the true author is in the top-10 candidate matches.
Authors with more than 90 prior publications can be
identified with 87% accuracy; 71% of the time the true
author is among the top-10 candidates [Figure 1b]. .

Finally, a naive method to remove uninformative edges is
to limit the citation graph by considering only relationships
with relatively high strength greater than n [Figure lc].
The % Correct Matches significantly increased by refining



our search. For authors with more than 10 prior publica-
tions, we compared 13,174 documents to 93,831 documents
with 8,615 authors [Table 1] and yielded 45.6 % matches to
the top ranked candidate [Figure 2]. In practice, filters are
used to reduce the time and space complexity of identity
retrieval techniques.

In summary, we first show that our simple method works
for author matches under different conditions for both the
knowledge base and test set. In an attempt to further refine
our search and reduce noise in the knowledge base, we fol-
lowed with an experiment utilizing smaller samples of the
knowledge base segmented by publication history. This
task refinement resulted in a significant increase in author
identification from 28% to 41% in task accuracy with more
than 10 prior publications. Finally, we attempt to reduce
noise in the test set by filtering less informative nodes which
in turn yield accuracy of 45 % on authors with greater than
10 publications in the past. It is important to note that re-
sults are shown for different candidate set sizes because in
practice, human operators often have the ability to work
multiple cases.

4 Discussion

In this paper, we introduce the concept of social network
vector space model for anonymous identity matching. We
concentrate on the method and show preliminary results on
a real world citation database.

Our results indicate that considering the network struc-
ture of author’s reference list does remarkably well at identi-
fying authors, and combining the social network vector-
space model with (for example) linguistic analysis may per-
form even better (Khmelev 2000).

If we can further understand relationships between re-
search community/author network identification and fraud
detection, we may inform subscription fraud identification
techniques with our method where test labels are abundantly
available.

5 Future Research

There are many interesting challenges, to behavioral AIM.
First, personal communication networks are dynamic and
require data structures (Cortes, Pregibon et al. 2002) that
capture network evolution through time. Furthermore, the
strength of a relationship may not always be determined by
absolute frequency. A less “frequent” relationship may be a
stronger indication of identity. In general, communication
networks are large but sparse. Techniques are needed to
preserve graph structure while reducing dimensionality.
AIM techniques must consider that communication net-
works are inherently noisy, fraudulent individuals for exam-
ple may either attempt to hide their identity or steal that of
someone else. Finally, evaluation methods are needed to
assess unlabelled anonymous entities matches

The research synopsis considers research in progress.
In the future, we will consider multi-attribute entity rela-
tionships in our model. We will consider complement-

ing the AIM ranking with available identifiable actor
information. In addition, we plan to add linguistic analy-
sis attributes to our relationship vector in the future for
author identification. We want to further develop a data
structure that will incorporate the dynamic nature of
communication links.

We will compare and contrast AIM results of other vec-
tor space models such as naive Bayes, information re-
trieval TF-IDF, and support vector machines. Further-
more, we will demonstrate the efficacy of the proposed
method to other communication network domains such as
web logs, email logs, long distance calling records and
prepaid calling card records. Finally, we plan to investi-
gate appropriate evaluation methodologies where test
labels are non-existent.
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Abstract

There is a large and growing mismatch between the
size of the relational data sets available for min-
ing and the amount of data our relational learning
systems can process. In particular, most relational
learning systems can operate on data sets contain-
ing thousands to tens of thousands of objects, while
many real-world data sets grow at a rate of millions
of objects a day. In this paper we explore the chal-
lenges that prevent relational learning systems from
operating on massive data sets, and develop a learn-
ing system that overcomes some of them. Our sys-
tem uses sampling, is efficient with disk accesses,
and is able to learn from an order of magnitude
more relational data than existing algorithms. We
evaluate our system by using it to mine a collection
of massive Web crawls, each containing millions of

pages.

1 Introduction

Many researchers have found that the relations between the
objects in a data set carry as much information about the do-
main as the properties of the objects themselves. This has
lead to a great deal of interest in developing algorithms capa-
ble of explicitly learning from the relational structure in such
data sets. Unfortunately, there is a wide and growing mis-
match between the size of relational data sets available for
mining and the size of relational data sets that our state of the
art algorithms can process in a reasonable amount of time. In
particular, most systems for learning complex models from
relational data have been evaluated on data sets containing
thousands to tens of thousands of objects, while many orga-
nizations today have data sets that grow at a rate of millions
of objects a day. Thus we are not able to take full advantage
of the available data.

There are several main challenges that must be met to al-
low our systems to run on modern data sets. Algorithmic
complexity is one. A rule of thumb is that any learning al-
gorithm with a complexity worse than O(nlogn) (where n
is the number of training samples) is unlikely to run on very
large data sets in reasonable time. Unfortunately, the global
nature of relational data (where each object is potentially re-
lated to every other object) often means the complexity of re-

lational learning algorithms is considerably worse than this.
Additionally, in some situations for example when learning
from high speed, open ended data streams even O(n) algo-
rithms may not be sufficiently scalable. To address this, the
most scalable propositional learning algorithms (for example
BOAT [Gehrke et al., 1999] and VFDT [Domingos and Hul-
ten, 2000]) use sampling to decouple their runtimes from the
size of training data. The scalability of these algorithms de-
pends not on the amount of data available, but rather on the
complexity of the concept being modeled. Unfortunately, it
is difficult to sample relational data (see Jensen [1998] for
a detailed discussion) and these propositional sampling tech-
niques will need to be modified to work with relational data.
Another scaling challenge is that many learning algorithms
make essentially random access to training data. This is rea-
sonable when data fits in RAM, but is prohibitive when it
must be repeatedly swapped from disk, as is the case with
large data sets. To address this, researchers have developed
algorithms that carefully order their accesses to data on disk
[Shafer ef al., 1996], that learn from summary structures in-
stead of from data directly [Moore and Lee, 19971, or that
work with a single scan over data. Unfortunately, it is not
directly clear how these can be applied in relational settings.
Another class of scaling challenges comes from the nature of
the processes that generate large data sets. These processes
exist over long periods of time and continuously generate
data, and the distribution of this data often changes drasti-
cally as time goes by.

In previous work [Hulten and Domingos, 2002] we devel-
oped a framework capable of semi-automatically scaling up a
wide class of propositional learning algorithms to address all
of these challenges simultaneously. In the remainder of this
paper we begin to extend our propositional scaling framework
to the challenge of learning from massive relational data sets.
In particular, we describe a system, called VFREL, which can
learn from relational data sets containing millions of objects
and relations. VFREL works by using sampling to help it
very quickly identify the relations that are important to the
learning task. It is then able to focus its attention on these
important relations, while saving time (and data accesses) by
ignoring ones that are not important. We evaluate our sys-
tem by using it to build models for predicting the evolution of
the Web, and mine a data set containing over a million Web
pages, with millions of links among them.



In the next section we describe the form of the relational
data our system works with. Following that we briefly review
some of the methods currently used for relational learning and
discuss the challenges to scaling them for very large data sets.
The following section describes VFREL in detail. We then
discuss our application and the experiments we conducted,
and conclude.

2 Relational Data

We will now describe the form of the relational data that we
mine. This formulation is similar to those given by Friedman
et al. [1999] and by Jensen and Neville [2002¢]. Data arrives
as a set of object sources, each of which contains a set of ob-
jects. Object sources are typed, and thus each is restricted
to contain objects conforming to a single class. It may be
helpful to think of an object source as a table in a relational
database, where each row in the table corresponds to an ob-
ject. In the following discussion we will use X to refer to an
object and C'(X) to refer to its class. Each class has a set of
intrinsic attributes, and a set of relations. From these, a set
of relational attributes is derived. We will describe each of
these in turn.

Intrinsic attributes are properties of the objects in the do-
main. For example a Product object’s attributes might include
its price, description, weight, stock status, etc. Each attribute
is either numeric or categorical. We denote the set of intrinsic
attributes for C(X) as A(C(X)) and X’s intrinsic attribute
named ¢ as X.a.

Objects can be related to other objects. These relations are
typed, and each relation has a source class and a destination
class. Following a relation from an instance of the source
class yields a (possibly empty) set of instances of the destina-
tion class. One critical feature of a relation is the cardinality
of the set of objects that is reached by following it. If a rela-
tion always returns a single object it is called a one-relation;
if the number of objects returned varies from object to object
it is called a many-relation. Our notation for a relation r on
class C'(X) is C(X) — r. We denote the set of relations for
C(X)as REL(C(X)). We will use X = r to denote the set
of objects reached by following relation r from object X, and
we will use C(X) = r to denote the target class of the rela-
tion. The series of relations that are followed to get from one
object to another is called a relational path. Also note that ev-
ery relation has an inverse relation. For example, the inverse
to the Product — producedBy relation is the Manufacturer —
produces relation.

An object’s relational attributes are logical attributes that
contain information about the objects it is related to. For ex-
ample, one of a Product object’s relational attributes is the
total number of products produced by its manufacturer. Re-
lational attributes are defined recursively, and the relational
attributes of an object consist of the intrinsic attributes and
relational attributes of the objects it is related to, and so on. It
is common to limit the depth of recursion in some manner.

Each object must have a fixed number of relational at-
tributes for any given depth to facilitate the use of exist-
ing tools on relational data. Unfortunately each object with
many-relations (or that is related to an object with many-

relations) has a variable number of related objects for any
given depth. In order to reconcile this difference, we aggre-
gate the values of a set of instances into a fixed number of
attributes using a set of aggregation functions. The attributes
for any particular instance are a subset of the attributes that
are possible at a class level (if a many-relation on an instance
is empty, some of the class level attributes have no value for
the instance). Thus, more formally, let R(C, d) be the set of
relational attributes for C' up to a depth of d. Let the set of all
attributes (intrinsic and relational) for the class to depth d be
ATT(C,d) = A(C) U R(C,d).

R(C,d)= | U

r€EREL(C)a€ATT(C=7r,d—1)

AGG(a) (1)

When 7 is a one-relation AGG is the identity function. When
r is a many-relation AGG applies a set of aggregation func-
tions to a and results in one attribute per aggregation func-
tion. The aggregations used depend on the type of a; in
our experiments we use min, max, mean, and standard de-
viation if @ is numeric and mode if a is categorical. We also
include one additional relational attribute per many-relation,
which is the count of the number of objects that satisfy the
relation. Each relational attribute uses an intrinsic attribute
from a single class, and passes it through the set of aggrega-
tion functions for each many-relation between C(X ) and the
class with the intrinsic attribute. For example, the relational
attributes of Manufacturer might include the average price of
products it produces, the maximum price of a product it pro-
duces, the count of the number of products it produces, the
most common color of a product it produces, the maximum
of the average sale price of products it produces, etc.

The definition of R above is at the class level, but we are
interested in the values for these attributes at an instance level.
This is simply a matter of starting from the instance, follow-
ing relations and calculating aggregations as specified in the
preceding definition. We describe this procedure in more de-
tail (including pseudo-code) in Section 4.1.

3 Relational Learning

One of the possible goals for relational learning is to build
models to predict the value of some farget attribute (or at-
tributes) of a target class (or classes) from the other attributes
of the objects of the target class and the objects they are re-
lated to. (Note that the target attribute can be intrinsic or re-
lational.) A training data set—with the values of the target
attributes filled in—is presented to the learner, and the learner
must produce a model that accurately predicts the values of
the target attributes on some other data set, where they are
unknown. This is the type of relational learning we will fo-
cus on in the remainder of this paper. Other possible goals
for relational learning systems include building probabilistic
models over link existence and object existence (see Getoor
et al. [2001]).

Perhaps the simplest method for performing relational
learning is to flatten the data into a propositional data set,
and pass it to an existing propositional learning system. Flat-
tening proceeds as follows: a target depth d is selected, and a



propositional training example is constructed for each object
in the target source by calculating the values of the attributes
in the set ATT(C(X),d). The advantage of this method is
its simplicity, but it has several disadvantages. One is that it is
very slow: calculating the value for each attribute potentially
requires loading a large portion of data set from disk, and,
even for modest values of d, there can easily be thousands
or tens of thousands of attributes for each object. This prob-
lem grows worse than linearly with the size of the relational
data set, because larger data sets have more objects that need
their attributes calculated, and each of these objects is related
to more objects in the larger data set; the exact cost depends
on the density of the relational structure in the data. Another
disadvantage of this method is that it produces propositional
learning problems with very large attribute spaces. Large at-
tribute spaces lead many learning algorithms to overfit the
training data. Further, this often means that the size of the
flattened data set is much larger than the relational one, which
leads to additional scaling challenges.

One method used to address these problems is to avoid flat-
tening the entire database, and instead perform a search over
the space of possible relational attributes. This is the method
used by PRMs [Friedman et al., 1999]. PRMs work by first
selecting a small subset of the possible attributes using some
form of feature selection. Sufficient statistics are gathered for
the selected attributes and passed to a propositional learner
(PRMs use a Bayesian Network learning algorithm, modified
to learn coherent joint distributions in the presence relational
data). When the learner produces a model, a new set of at-
tributes is selected by performing another round of feature se-
lection, taking into account the information contained in the
partially learned model. The system gathers any new suffi-
cient statistics it needs, and the propositional learner is called
to refine its existing model with the new set of attributes.
These steps are repeated until resources are exhausted or until
the quality of the resulting model asymptotes.

These approaches improve on flattening, but they still do
not scale to very large data sets. One reason is that they must
flatten each attribute they are considering for every object in
the target source before they can do any feature selection.
This is wasteful because the feature selection task is often rel-
atively easy, and decisions could be made much sooner with
high confidence. Additionally, the greedy search procedures
they use may miss interesting features that could be easily
found with more systematic search. In the next section we
will present our system, which addresses these problems.

4 Scaling Up Relational Learning

Our system, which we call VFREL, has three main compo-
nents. The first is a query planner designed to provide ef-
ficient access to training data on disk as needed by the rest
of our system. The second is a filter-based feature selection
algorithm that is accelerated with sampling. The third is a
propositional learning algorithm. At a high level, VFREL
works by using sampling to select a promising subset of the
possible relational attributes, saving time by flattening those
while ignoring the others, and then calling a propositional
learner on the flattened values. In particular, it begins by

scanning a sample of the target objects and flattening all at-
tributes up to a large depth. This is very slow, but VFREL
only does it for a small sample of the target objects. It then
pauses and uses statistical tests to identify attributes that are
poor enough that, with high confidence, they would not be
selected by the feature selection algorithm if it could see their
values for all of the target objects. As soon as it identifies
any such clear losers, VFREL saves time by eliminating them
from further consideration. VFREL repeats this procedure,
generating fewer and fewer attribute values (requiring fewer
disk accesses and less processor time) on more and more of
the data set. After computing attribute values for all of the
target objects, VFREL performs a final round of feature se-
lection, constructs a propositional data set from the final set
of selected attributes, and passes it to a propositional learn-
ing algorithm. We will now describe the components of our
system in more detail, starting with our data access module.

4.1 Efficient Data Access: Traversal Tree

VFREL needs to calculate the values of some relational at-
tributes for each target object. In order to do this, every re-
lated object that is relevant to one of these attributes needs to
be loaded from disk and processed. VFREL can determine
which relations it needs to follow to gather this set of objects
from the information it has at class level. It builds a tree of
these required relational paths. It then traverses the tree, fol-
lowing each relation at most once, loading data into RAM
only as it is needed, and computing the required attribute val-
ues. Traversal Trees work with binary relations. If the do-
main contains N-ary relations, they are encoded into binary
relations in the usual way.

Nodes in the traversal tree correspond to classes, and edges
correspond to relations. During its run, VFREL maintains a
tree that contains exactly the relations that must be followed
to calculate the values of the relational attributes of the target
object that have not been determined to be clear losers. And
so, at each node in the tree, VFREL maintains a list of the at-
tributes whose values need to be calculated from the instances
of that class that are encountered at that point in a traver-
sal. In VFREL’s first iteration the traversal tree is simply an
unrolled version of the class graph, and can be constructed
in time proportional to the size of ATT(TargetClass,d)
as follows. The root node represents the class of the tar-
get object. A child is added to this node for each class in
REL(TargetClass), and so on recursively until the tree is
depth d. Let T be a node, T, be the class represented by the
node, e be an edge, and e, be the relation represented by the
edge. Next, we build a list on each node (let T, be the list
on node T') that represents the attribute values that must be
calculated at that point in the traversal as follows. We com-
pute the set ATT (T'argetClass,d). Each of these attributes
is based on one of the attributes of one class (see Equation 1)
and is added to the associated node’s list. Following cycles in
the relational structure can lead to some obviously redundant
attributes. Many such attributes are removed at this point by
removing length one cycles that involve a one-relation and its
inverse.

When VFREL needs to calculate the value of the relational
attributes for a particular target object it uses the traversal tree



Table 1: Pseudo-code for calculating attribute values with a
traversal tree.

Procedure Traverse(T, O)
T is a traversal tree
O is an instance of class T,
Let R = {} be the results of the traversal
Record in R the values for attributes in T}, from O
For e € Children(T)
Let T¢" be the node reached via e
Let Objs be X = e,
If Objs is empty, every attribute in 7" and all of
its children is missing, note this in R
If e, is a one relation, let O" be the object in Objs
R = R U Traverse(T°", O")
Else e, is a many relation, let T'mp = {}
For O°" € Objs
Tmp = Tmp U Traverse(T", O°h)
Perform needed aggregations, note values in R
Return R

to determine which objects to load from disk and when. Ta-
ble 1 contains pseudo-code for the procedure.

As the run progresses, and attributes are eliminated by fea-
ture selection, VFREL will remove the eliminated attributes
from the attribute lists on the traversal tree’s nodes. Notice
that a leaf with an empty attribute list corresponds to an ob-
ject where every attribute has been determined to be a loser.
Such objects do not need to be loaded from disk and so the
leaf is pruned from the tree (internal nodes may have empty
lists as they can still contribute through the objects that they
are related to).

This traversal strategy allows VFREL to follow each edge
in the traversal tree only once (instead of once per attribute,
as might be done if following an edge required just a pointer
dereference instead of a disk access).! It also allows VFREL
to be very efficient with its RAM usage. In particular, at any
point in the traversal it requires that one object be in RAM
per edge in the path from the root to the current traversal
tree node. It also requires RAM to store the partially com-
puted attribute values. (The maximum space required for this
is on the order of the number of relational attributes of the
target class, since relational attribute values are computed in
an online manner as objects are loaded from disk.) For each
many-relation VFREL also maintains a list of hash keys for
the objects it will need to load to finish following the relation.

4.2 Feature Selection with Sampling

Our system uses filter-based feature selection [Kononenko,
1994], [Kohavi and John, 1997] to explore the space of re-

"Notice that the description here may require an object be loaded
from disk more than once per traversal if it is reached via several dif-
ferent relational paths. The full VFREL system uses several forms
of caching to reduce this redundancy, but they are not reported on or
evaluated in this paper.

lational attributes. The goal is to identify the relational at-
tributes that are most relevant to the learning task and acceler-
ate our system by only calculating the values of these relevant
attributes, while ignoring the rest. VFREL uses sampling to
accelerate this process, and is able to eliminate attributes (and
thus paths from the traversal tree) with less than one scan over
the data set. This allows it to be more efficient than standard
PRM learning.

Filter-based feature selection works as follows. The utility
of each feature is estimated on training data with a scoring
function (commonly information gain). The best N features
are selected, and the rest are discarded. Traditionally, calcu-
lating the information gain of an attribute requires knowing
the value of the attribute for every training example. In our
context, this means that the entire data set needs to be flat-
tened before feature selection can take place, which results
in no speed gain. If we are willing to accept a small chance
of making an error, we can use sampling to do much better.
VFREL uses techniques developed by Hulten and Domingos
[2002] and others to do just that. Standard statistical results
can be used to obtain a high confidence bound on the differ-
ence between the gain observed for a feature on a sample of
data and the true gain of the feature. For example, the Ho-
effding bound [Hoeffding, 1963] says the following. Let x be
arandom variable with range R. Let £ be the mean of n i.i.d.
(independent and identically distributed) observations of x.
Then, with probability 1 — §, the Hoeffding bound guarantees
that z > & — e where

= [ R%In(1/6) @)
2n

We apply this bound to our setting as follows. Let
G(A;,n) be the information gain observed for attribute A
on a sample of n examples and similarly for G(A42,n). Re-
call that the range of the information gain function is the log
base two of the number of values of the target attribute. Let
A = G(A1,n) — G(As3,2). We bound A with the Hoeffding
bound and thus, if A — e > 0, we know with confidence 1 — §
that A; truly has a higher information gain than A5, and thus
that the feature selection algorithm would select A; over As
if the gains were computed from the entire training set, in-
stead of from the sample. Thus, when trying to find the top N
features in the training set, and after the values of relational
attributes have been generated for the first n target objects, we
can state the following. Let Ay be the attribute with the N
best gain on the sample. Then, with confidence 1 — §*, any
attribute with a gain less than G(Ax, n) — € is not one of the
best N attributes. §* is different from the ¢ in the Hoeffding
bound because many comparisons are involved in the feature
selection, and thus the bound needs to be applied many times
to assure a global level of confidence. We use a Bonferroni
correction and set ¢ by dividing 6*, the desired global confi-
dence, by the number of bounds that need to hold during the
algorithm’s entire run.

Sampling from relational data may violate the i.i.d. re-
quirement of the Hoeffding bound. Taking this into account,
using non-i.i.d. extensions of Hoeffding-style bounds, is an
important direction for future research (see also Jensen and
Neville [2002a] [2002b]).



Table 2: Pseudo-code for the VFREL algorithm.

Let F = ATT(TargetClass,d)
Let T' = Initial Traversal tree for F’
Let D = Initial step size
Let C' = Database cursor for the target object source
While C' is not finished
Calculate values for F' on next D objects from C'
Compute information gain for attributes in F’
Order F' by information gain
Let Gy be gain of the N best attribute
Remove from F every attribute with gain < Gy — €
Update T' by dropping the removed attributes
Call the StepSize function to find next D

Return the result of the propositional learner on the
best N attributes

4.3 The VFREL Algorithm

We will now describe VFREL, our algorithm for mining mas-
sive relational data sets, in detail. The inputs are a relational
data set, a target class and target attribute of that class, a depth
cutoff d, a global confidence target 6*, a target number of fea-
tures N, a function that specifies how many samples to take
before performing a round of feature selection (StepSize be-
low), and a propositional learning algorithm. Table 2 contains
pseudo-code for VFREL.

VFREL iterates over the target objects and starts gener-
ating values for all of the attributes that are at most depth
d away. It periodically pauses to perform a round of fea-
ture selection, informed by the data that has been generated
up to that point. The information gain for each of the at-
tributes being considered is computed, and they are sorted
by their information gain. The N'* best attribute is deter-
mined, and its information gain is noted. From the Hoeffd-
ing bound, we know with high probability that any attribute
with a score less than Gy — € will not be selected as one
of the final N attributes, and does not need to be considered
further. In order to assure a global confidence of 6* that the
correct attributes are selected, each local € is determined with
6 = 6*/(JATT(TargetClass,d)| *i), where i is an estimate
of the total number of iterations of VFREL’s main loop that
will be performed?. When VFREL finishes with all the target
objects, it performs one final round of feature selection, keep-
ing only the top N features. Finally, a propositional data set is
created from the attribute values that were calculated during
the feature selection and the propositional learning algorithm
is called to produce a model.

Notice that this algorithm assumes that objects are re-
trieved from the target object source in random order, which
is usually possible. In our application, for example, we iter-

?If the estimate is exceeded we report the global confidence that
was actually achieved, or the algorithm can be run again with a better
estimate if needed. Our experiments required just 13 iterations of the
main loop.

ate over the keys of a DBM style hash table, which returns
keys in essentially random order. Other settings may require
a scan over the data set to randomize it.

Early iterations of VFREL take relatively long, as they gen-
erate values for many attributes, and thus require many ob-
jects be loaded from disk. As the algorithm proceeds, how-
ever, it is able to eliminate attributes that are clearly not go-
ing to be selected, stop following the relations associated
with them, focus its attention on the promising attributes,
and thus generate attribute values for later object much more
quickly. VFREL will be most effective when there are many
unpromising attributes that can be eliminated quickly, and
when the promising attributes are all found along the same
set of relational paths. In the next section we describe an
application we developed to evaluate the performance of our
algorithm, and to determine if it can successfully learn from
massive relational data sets.

S Predicting the Evolution of the Web

The World Wide Web has received much study in recent
years. Researchers have studied ways to classify Web pages
into categories (e.g., Slattery and Craven [2001]), search
for high quality pages (e.g., Kleinberg [1998], Page et al.
[1998]), model the way Web pages acquire links over time
(e.g., Barabasi and Albert [2000], etc.) One commonality
among much of this work is that analyzing the content of Web
pages in isolation seldom produces the best results—the links
between pages often contain critical information that must be
taken into account. Unfortunately, as we have seen, state of
the art systems for building complex relational models are in
incapable of scaling to data sets the size of the Web.

In this section we describe an application of VFREL to
mining a massive Web data set. The goal is to build a model
that accurately predicts if a Web page’s popularity will rise or
fall in the future. Such models would be useful, for example,
to help improve search engine results for new pages, and to
help designers create pages that people will reference. We es-
timate the popularity change in a Web page by counting the
number of pages that point to it in one crawl, and trying to
predict if the page will be linked to by five or more additional
pages, five or more fewer pages, or within five of the same
number of pages in a future crawl. We take into account 47
intrinsic attributes of nearly two million Web pages. We also
make use of relational information that includes seven object
sources and millions of relations.

Our application begins with a crawl of approximately 1.7
million Web pages from .edu domains that was gathered in
early June of 2001. The crawl contains pages from 31k
unique Web hosts and uses 23 GB of disk space. It was gath-
ered starting from a small set of seed Web pages (Google’s
top 20 results for the query ‘university’) and performing a
breadth-first crawl until no more files would fit on the disk?.
The crawl ran on a cluster of five 1 Ghz Linux machines, and
took approximately 3 days to finish. We gathered a second
crawl, using the same procedure and set of seed pages, in

3The version of Linux we used for these studies limited the num-
ber of files in a partition to 1.7 million. We plan on removing this
limitation in a future study.



November of 2002. There were 563k pages that appeared in
both crawls.

We put each of the pages that appeared in both crawls into
a database (an object database which we implemented on top
of GDBM). We used seven object sources to represent the
domain, and their properties are as follows:

WebPage There are 563,083 Web page objects in our data
set. Each has 47 attributes, including binary attributes
to indicate the presence of the top 10 words according
to information gain on the training set; the number of
images; characterizations of alt text usage, script usage,
color usage, etc.* and the PageRank [Page et al., 1998]
of the page within the subset of the Web covered by the
first crawl.

WebPageLink There are 2,154,420 Web page link objects,
one for each link between the pages in our data set. Each
of these objects has a one-relation for its source and a
one-relation for its destination.

Domain There are 21,069 domain objects in our data set.
Each has a single categorical attribute, the Carnegie
Classification (a publicly available classification of uni-
versities by their types) of the school it belongs to.

WebPageDomainLink There are 563,083 links from Web
pages to their domain, one for each Web page. Each link
has one numeric attribute, the depth of the page in the
domain. Each also has a one-relation for the page and a
one-relation for the domain.

Site We identified 412 sites in our crawl. A site is distinct
from a domain by being managed by a small group of
people and being about a well defined topic. We used
a set of handcrafted regular expressions that examined
URLSs and identified sites including home pages, course
pages, group pages, and project pages. The very low
number of sites identified by our heuristics is problem-
atic, and in future work we hope to improve this. Each
site has an attribute that specifies its type.

WebPageSiteLink There were 1411 links between Web
pages and sites. Each contains a one-relation to the page
and a one-relation to the site.

SiteDomainLink There were 412 links from sites to their
domains. Each has a single attribute, the depth of the
site in the domain. Each also has a one-relation for the
site and a one-relation for the domain.

Note that conceptually this domain could be modeled with-
out the Link objects. We modeled it this way for several rea-
sons: it is the best way to encode the many-many relation
between WebPage objects in our database; it is conceptually
simpler to have all links modeled the same ways; it is cleaner
and more extensible as we add additional features to the links
(which we plan to do in future work); and it does not hurt
efficiency compared to the other method.

We built index structures so that any relation could be fol-
lowed by accessing the index on disk, and then loading the

“Many of these attributes were gathered with the WebSAT
toolkit: http://zing.ncsl.nist.gov/WebTools/

related objects from the GDBM on-disk hash table that con-
tains them. The resulting database and associated index struc-
tures took on order of a day to construct on a 1Ghz PIII, and
occupy approximately 900MB of disk space. Reading all the
objects from disk in random order takes about 450 seconds.
Notice that many of the attributes in our domain are numeric.
We turn these attributes into categorical ones as needed by
dividing the attribute into ten approximately equal-frequency
regions. Each WebPage object has a target attribute, whose
value is ‘Gain5’ if the number of links to the page in the new
crawl is at least 5 greater than in the original crawl, ‘Lose5’
if the number of links to the page in the new crawl is at least
5 less than in the original crawl, and ‘Same’ otherwise. We
evaluated the learning algorithms in this domain by removing
the target attribute from a randomly selected 30% of the Web-
Page objects, using the learning algorithms to build models
on the data set, and using the models to fill in these missing
labels.

For these experiments we set VFREL’s parameters as fol-
lows: maximum depth, d = 5; global confidence, §* = 5%;
N, number of features to select = 100; and StepSize began
at 1,000 and was doubled in every iteration where feature
selection did not shrink the size of the traversal tree. We
used the C4.5 decision tree learner [Quinlan, 1993] as the
propositional learner. We selected this learner over a scal-
able propositional learner for two reasons: the N-attribute
flattened training examples for the 563k Web page objects
fit in RAM, and we wanted to make the contribution of our
relational feature selection algorithm easier to evaluate. In
future work we plan on combining VFREL with the scal-
able VFDT decision tree induction algorithm [Domingos and
Hulten, 2000]. We ran our system in parallel on a cluster of
five 1Ghz Pentium III workstations running Linux with RAM
sizes ranging from 256MB to 512MB.

We compared our system to simply flattening the database
and passing the flattened data to C4.5. With our comput-
ing resources we were able to flatten depths up to 2, and the
flattened data sets are FlatO (no relational attributes), Flatl,
and Flat2 below. We also compared to one of the leading
models of Web evolution, the preferential attachment model
[Barabdsi er al., 2000]. The preferential attachment model
proposes that links are constantly being added to the Web,
and that the probability that any particular page is the target
of the next link is proportional to the number of links that it
already has. We could not estimate the parameters needed to
apply this model directly in our setting. Instead, we used the
insight it is based on and built a decision tree on a single re-
lational attribute: the number of pages that point to the target
page (non-discretized).

We ran VFREL and Flat0-2 with all of their attributes (-
full below) and also after performing additional feature se-
lection to select the best 20 attributes in each setting. Table 3
contains the results of our experiments. Using 20 attributes
yielded the best results for every system. VFREL with its
20 best attributes achieved the highest accuracy of any of the
algorithms we considered. Note that while the differences in
error rate are small on a percentage basis, they were measured
on 169k test objects and represent real differences in perfor-
mance. Also notice that increasing the depth of attributes



Table 3: Results of the comparison between VFREL, flatten-
ing depth O - 2, the preferential attachment model, and pre-
dicting the most common class, MCC, which was Same. We
show VFREL and FlatO - 2 with their full feature set and after
doing additional feature selection.

Algorithm Test Set Error | # Nodes | # Attribs
MCC 10.2% 0 0
PrefAtt 8.2% 5 1
FlatO 10.9% 18,372 20
Flatl 8.5% 11,663 20
Flat2 8.2% 9,741 20
VFREL 8.1% 7,465 20
FlatO-full 11.2% 10,197 47
Flat1-full 8.8% 15,117 50
Flat2-full 8.3% 10,308 330
VFREL-full 8.6% 14,289 100

considered results in smaller, more accurate models in our
experiments. This suggests that these deeper attributes actu-
ally do contain valuable information for our task, and that it
may be beneficial to explore further than depth 5 — we plan
on doing this in future work. The runtimes for generating the
flattened data sets were (in CPU + system hours): Flat0, .27;
Flatl, .30; Flat2, 12.9. We estimate from generating the first
10k examples that Flat4 would have taken 54 days, and we
estimate from generating the first 1,000 examples that Flat5
would have taken 261 days. Our system was able to gener-
ate values for the best 100 features up to depth 5 in 20 days
of CPU time (4 days of wall time because it ran in parallel).
VFREL is thus an order of magnitude faster than directly flat-
tening the data, and produces the most accurate model of any
of the systems we evaluated.

At the beginning of its run, VFREL was forced to fol-
low 56 relational paths from each Web page to gather
the objects needed to calculate the 3,536 attributes in
ATT(WebPage,5) (after the obviously redundant ones
were removed). By the end of the run it was following just
14 paths for each Web page. Every selected relational path
begins by following the ‘linked from’ relation from the target
object (that is, all selected relational attributes are properties
of pages that point to the target page). After that, the ‘links
to’, ‘linked from’, and ‘domain’ relations were used. None
of the Site related attributes or relations were used to calcu-
late the 100 best attribute values. We believe this will change
when we improve our site identification heuristics.

The top 20 attributes included attributes formed using ev-
ery aggregation we allowed except for mode. Eleven of them
were aggregations of the PageRank of pages that pointed to
the target, or were linked (in either direction) to pages that
pointed to the target. Other selected features included aggre-
gations of counts of Web pages, of depths of pages in their
domain, of the number of words in link anchors, and of the
size of related pages in bytes. The best attribute was the pref-
erential attachment one, the count of the number of pages that
point to the target. By examining the decision tree produced
by C4.5 we determined that the information in the PageRank
attributes was mostly captured by the preferential attachment

attribute. We found the attributes that contributed to our sys-
tem’s improvement over the preferential attachment model
were properties of other pages pointed to by the pages that
pointed to the target, like the variance of the domain depths
of the other pages pointed to by pages pointing to the target,
and the popularity (as measured by the number of inlinks)
of the other pages they point to. These features are a depth
of 5 from the target class, and it is unlikely that they would
have been found by other relational learning systems. We
believe that properties of the pages pointing to the target are
important for this prediction task because people find the tar-
get page (a prerequisite to linking to the page) through these
links.

Generating attribute values for the median hundred Web
pages out of the first thousand (before any feature selection)
took 3,488 seconds and required that nearly 5 million object
be loaded from disk. In the last iteration of VFREL’s main
loop, when it was exploring just 14 relational paths, the me-
dian 100 objects took just 153 seconds and 420k object loads
— an improvement of an order of magnitude by either metric.
There was a great deal of variance in the time it took to gener-
ate attributes for 100 objects. In fact, some single Web pages,
even on the final iteration with only 14 relational paths, re-
quired thousands of seconds and millions of object loads. We
examined some of these Web pages and found them to be ex-
tremely highly connected (tens of thousands of in links), on
very large domains (with many tens of thousands of pages),
or both. In future work we plan on exploring the use of on-
line aggregations [Hellerstein et al., 1997] to reduce the time
needed to generate attribute values for these highly connected
objects.

6 Related Work

Learning from relational data has been extensively studied by
the inductive logic programming (ILP) community [Lavrac
and Dzeroski, 1994]. In general, ILP learns models from a
richer class than our work (for example, learning recursive
concepts), but is also generally believed to be very inefficient
for large databases. Blockeel er al. [1999] developed a scal-
able ILP system named TILDE that effectively flattens rela-
tional data into what they call interpretations and then uses a
version of FOIL [Quinlan, 1990], modified to make efficient
access to data from disk, on these interpretations. TILDE was
evaluated on a synthetic data set with 100,000 training exam-
ples. VFREL scales to much larger data sets by using sam-
pling to focus on relevant attributes and relations. Slattery
and Craven [2001] extensively studied the use of relational
learning for hyper-text documents. They developed a hybrid
algorithm that combines Naive Bayes, FOIL, and many in-
sights into the nature of the Web, and applied it to several
Web mining tasks. Their focus, however, was not on scaling,
and the largest data set they considered contained on the order
of thousands of Web pages, while ours contains millions.

7 Future Work

Directions for future work on VFREL include: more closely
integrating it with a scalable propositional learning algorithm



(for example VFDT); modifying learners to exploit informa-
tion from the data generation process (for example, when a re-
lation is missing, many related attributes simultaneously have
missing values); extending it to the case where the contents
of object sources change over time; modifying it to iterate be-
tween feature selection and learning phases; and applying it
to other domains.

Future directions for our Web application include: per-
forming a similar study with a larger Web crawl; performing
a similar study on a more volatile portion of the Web (perhaps
.com); adding more intrinsic attributes to the objects (words
on links, more text, etc.); building models to predict which
links will appear over time; and building models from the
stream of pages that a crawler finds as it finds them.

8 Summary

In this paper we explored some of the issues that prevent rela-
tional learning algorithms from scaling to very large data sets.
We developed a system, VFREL, which uses efficient data ac-
cess and sampling to efficiently explore the space of relational
attributes. We used VFREL to mine data sets containing mil-
lions of objects and links, and found it to build models that
were more accurate than those produced by any of the sys-
tems we evaluated, discover novel relational attributes, and
work an order of magnitude faster than the alternative ap-
proaches.
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1 Position Statement

There is a diversity oprobabilistic-logical modelgfPLM).
No clear understanding of the relative advantages and limi
tations of different formalisms and their language concept
has yet emerged. To overcome this, we proposeawn-

3 Downgrading

Downgrading consists of two steps.

L(Step 1) Choose a generally applicable (learning) PLM.

The PLM should cover the basic language concepts proposed

grade highly expressive PLMs. This method has several adin the different scientific subareas:
vantages: one can profit from existing research on PLMs and o Relations among random variables or states to model

inherit unique semantics, and inference and learning algo-
rithms. Moreover, there is a clear relationship between the
new PLM and its more expressive counterpart. No single ex-
isting approach is devalued.

2 Motivation

In recent years, there has been an increasing interest in
probabilistic-logical models (PLMs). PLMs integrate prob-
ability theory with some first order logic. Traditionally, a
probabilistic formalism like Bayesian networks or hidden
Markov models is selected angpgradedby incorporating
some logic such as entity-relationship (ER) models or Pro-
log. Real-world data applications have shown the potential of
PLMs e.g. in query optimizatiofGetooret al., 2004, com-
putational biology[Segalet al, 2001; Kerstinget al., 2003
and web minindAndersoret al., 2004.

Despite these successes, the field of (learning) PLMs is
quite complex and confusing. PLMbave been developed
in several related, but different, subareas of artificial intelli-
gence (reasoning under uncertainty, inductive logic program-
ming, machine learning, and knowledge discovery and data
mining)” as stated by Lise Getoor and David Jensen in SRL-
2003’s CFP. Each subarea focuses on its own language con-
cepts. Consider Table 1 which lists a subset of proposed for-
malisms'. The language concepts vary from acyclic to cyclic
models, from logically structured dependencies among ran-

fo

uncertainty. This subsumes interesting concepts such as
referential and existential uncertainty.

Functors allow to consistently encode temporal cor-
relations (dynamic Bayesian networks), complex long
distance correlations (stochastic grammansiyned by
structureentities as they are common in semi-structured
data (e.g. XML), and general data structures (lists, trees,
etc). Functors incorporate flexible memory capabilities.

e Finite, discrete andcontinuous random variablesto-

gether provide compact models which are applicable in
a broad field of applications such as classification, clus-
tering, and regression.

Often, e.g. in computational biology, one is interested
not only to simulate but to gain insight into, and under-
stand the underlying processes. Therefore, PLMs should
beinterpretable.

Learning the PLM should facilitate to define and to spec-
ify both deterministic and probabilistibackground
knowledge This not only makes it possible to specify
the huge amount of expert knowledge often available but
also to break complex questions into subtasks still taking
care of dependencies among the subtasks.

Itis likely that the very general PLM is prohibitively powerful
r a problem at hand. Therefore,

dom variables to states, from finite to continuous random(Step 2) downgrade it to strike the right balance between ex-

variables, and from functor-free languages to Prolog. They
each have their respective merits. However, tipgrading
mentality together with concentrating on particular languag
concepts makes a general understanding of PLMs and leal
ing PLMs difficult — if not impossible.

*This is a position statement for the 1JC2003 Workshop on
Learning Statistical Models from Relational Data

pressivity and learnability.

Compared to upgrading, downgrading has the following
readvantages. First, the downgraded PLM inherits unique
|gémantics, and inference and learning algorithms. Second,
downgrading does not focus on a particular PLM. Instead it
systematically investigates the impact of language concepts.
A general understanding of PLMs and learning PLMs is

Avi Pfeffers's interesting PhD thesis provides some more referlikely to emerge.

ences[Pfeffer, 2000.



PLM Probabilistic Formalism  Logic
Probabilistic Horn Abduction (PHA)Poole, 1998 Bayesian Networks Prolog
PRISM[Sato, 1995 Stochastic Grammars Prolog
Stochastic Logic Programs (SLAsJuggleton, 1996; Cussens, 2400 Stochastic Grammars Prolog
Probabilistic Logic Programs (PLPEYgo and Haddawy, 1997 Bayesian Networks Prolog
Bayesian Logic Programs (BLPEersting and De Raedt, 20p1 Bayesian Netwoks Prolog
Relational Baysian networks (RBNk)aeger, 1997 Bayesian Networks Relational
Probabilistic Relational Models (PRMHE¥riedmaret al,, 1999 Bayesian Networks ER Models
Relational Markov Models (RMMsg)Andersoret al., 2004 Markov Models Relational
Logical Hidden Markov Models (LOHMMs)Kerstinget al, 2007 Hidden Markov Models Iterative Clauses

Table 1: A collection of probabilistic-logical models together with their underlying probabilistic and logical formalism.

Initial attempts of downgrading have been done. Re{Getooret al, 2001 L. Getoor, B. Taskar, and D. Koller. Selec-

stricting SLPs to iterative clauses leads in principle to
LOHMMS [Kersting et al, 2003. [Sato and Kameya,
2001 propose an EM algorithm for parameter estimation of

tivity estimation using probabilistic models. Proceedings of
the ACM SIGMOD International Conference on Management of
Data (SIGMOD 2001).2001.

PRISMs showing that the algorithm exhibits the same com{Jaeger, 1997 M. Jaeger. Relational Bayesian networks. Piro-

plexity for hidden Markov models and stochastic context free ceedings of the Thirteenth Conference on Uncertainty in Artificial
grammars as the specialized counterparts. Intelligence (UAI) pages 266—273. Morgan Kaufmann, 1997.

[Jensen and Neville, 2002D. Jensen and J. Neville. Schemas and
models. InProceedings of the Multi-Relational Data Min-

4 Related Work
ing Workshop, 8th ACM SIGKDD International Conference on

Downgrading is related to work comparing the expressivity Knowledge Discovery and Data Mining002.
of different PLMs[Kersting and De Raedt, 2001; Jensen a”d[Kersting and De Raedt, 20DXK. Kersting and L. De Raedt. To-

Neville, 2002. Furthermore, downgrading is akin to contem-
porary considerations in theductive logic programmingnd
the Baysian networksommunities. E.g. Kevin Murphy mo-
tivates the development of his Matl&aysian Network Tool-

wards Combining Inductive Logic Programming with Bayesian
Networks. InProceedings of the 11th International Conference
on Inductive Logic Programming/olume 2157 ofLNAI, pages

118-131. Springer, 2001.

boxas fO”QW.S:” was fed up with readi_ng papers where all [Kerstinget al, 2004 K. Kersting, T. Raiko, and L. De Raedt. Log-
people do is figure out how to do exact inference and/or learn-  ijcal Hidden Markov Models (Extended Abstract) Rroceedings

ing in a model which is just a trivial special case of a general
Bayes net, e.g., input-output HMMs, coupled-HMMs, auto-

of the First European Workshop on Probabilistic Graphical Mod-
els (PGM-02) Spain, November 2002.

regressive HMMs. My hope is that, by releasing general pur{kerstinget al, 2003 K. Kersting, T. Raiko, S. Kramer, and L. De

pose software, the field can move on to more interesting ques- raedt.

tions”, See http:/www.ai.mit.edurmurphyk/Software/BNT/bnt. htm .
For similar reasons, we initiated a repository for (learning)
PLMs Athttp://www.informatik.uni-freiburg.de/kersting/plmr/
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Abstract rules or transitions) may contain variables and as such make
. . . . : abstractionof many specificgroundedrules or transitions.
MOt'\t’alted by the m_tetre?jt in relat|onalll remforcet- This allows one to compactly represent complex domains.
{nenf earlr)mg, WIT (Ijnl ro ucﬁvla l?ovg répresenta-  gecondly, because of this abstraction, the number of parame-
lon orrrli?Dll\s/er,Pca (':\h to.gltca tar K)/IV EC'SSn pro- ters (such as rewards and probabilities) in the model is signif-
grams ( s), thatintegrates Markov Decision oo iy reduced. This in turn allows - in principle - to speed

Processes with Logic Programs. Using LOMDPS =, o n 4 simplify the learning because one can learn atthe
one can compactly and declaratively represent stractlevel rather than at thgroundlevel.

complex relational Markov decision processes. o ) . :

Within this framework we then develop a theory Many fascinating machine .Iearnmg techmqu.es have.been

of reinforcement learning in which abstraction (of developed under the name reinforcement learning (RL) in the

states and actions) plays a major role. The frame- context of MDPs over the last few decades,[@‘qtton and

work presented should provide a basis for further ~ Barto, 1998. Recently, there has also been an increased at-

developments in relational reinforcement learning. tention for dealing with _relatlonal representations and objects
in reinforcement learning, see elpzeroskiet al, 2001;

) Finneyet al, 2004 Many of these works have taken a practi-
1 Introduction cal perspective and have developed systems and experiments

In the past few years, there has been a lot of work on exthat Operate_ in relational Worlds. At the heart of these SyS-
tending probabilistic and stochastic frameworks with abil-tems there is often a function approximator (often a logical
ities to handle objects, see e.ppndersonet al, 2002; decision tree) that is able to assign values to sets of states
Dzeroskiet al, 2001; Friedmat al, 1999; Kersting and De and to sets of state—action pairs. So far, however, a theory
Raedt, 2001; Kerstingt al, 2003; Muggleton, 1996 From  that explains why this approach works seems to be lacking.
an inductive logic programming or relational learning point The second and most important contribution of this paper is
of view, these approaches are upgrades of propositional re@ first step into the direction of such a theory. The theory is
resentations towards the use of relational or computationd?ased on a notion of abstract states and abstract policies rep-
logic representations. Various successes in this direction haygsented by logical expressions. An abstract state represents a
been reported_ |ndee[ﬁriedmamt al, 1999 and[Kersting set of concrete states and an abstract pOllcy is then a function
and De Raedt, 200upgrade Bayesian networkdiuggle- ~ from abstract states to actions. All ground states represented
ton, 1996 upgrades stochastic context free grammphs; DY the same abstract state are essentially assigned the same
dersonret al, 2009 and[Kerstinget al, 2003 upgrade (hid- ~ action. This is akin to what happens with (relational) rein-
den) Markov models. forcement learning using (logical) decision tréBzeroskiet

The first contribution of this paper is the introduction of al., 2001, where each leaf of the decision tree represents an
a novel representation formalism, callegical Markov de- ~ abstract state and where states classified in the same leaf ob-
cision programiLOMDPs), that combine®larkov decision tain the Same.value or a.C.tlon. Within the LOMDP framework
processesvith computational logic. The result is a flexible abstract policies can easily be represented. The abstract value
and expressive framework for defining MDPs that are abldunction (assigning values to abstract states or state action
to handle structured objects as well as relations and fund?airs) is defined as the average values of the states or state
tors. For MDPs, such a framework grounded in computa&ction pairs they represent. We will show that these abstract
tional logic, was still missing. OnlyBoutilier et al, 200]  Value functions cannot in general be learned using traditional
report on combining MDPs with Reiter’s situation calculus. MDP methods. This in turn provides some new insights into
However, as we argue in Sectignit is more complex and relational reinforcement learning approaches.
model-free reinforcement learning techniques have yet not We proceed as follows. After introducing some mathemati-
been addressed within this framework. LOMDPs share - witlcal preliminaries in Sectiop, we present the LOMDP frame-
the other upgrades of propositional representations - two adwvork in Section3. Section4 defines abstract policies and
vantages. First, logical expressions (in the form of clausesshows how to compute the value of an abstract policy. This



results in the LQ learning algorithm presented in Section our optimality criterion, i.e., future rewards are discounted by
The algorithm is experimentally evaluated in SectionBe- 0 < )\ < 1. The value of a policyr can be shown to be
fore concluding, we discuss related work. Vi(z) =32, o er P [r + A - Vz(2")]. The value ofr at

o ) any initial statez can be computed by solving this system of
2 Preliminaries linear equations. A policyr is optimal if V.(z) > Vi (2)

As logic programs and Markov decision processes will bg©F @ll z € S and policiest’. A (stationary) nondeterministic
used throughout this paper as the underlying mathematic&C!iCY 7 maps a state to a distribution over actions. The value
concepts, we now briefly introduce their key concepts. of 7 is then the expectation according to this distribution.

2.1 Logic 3 Logical Markov Decision Programs

A first-order alphabeﬁ) is a set of relation SymbOIE with The |Ogica| Componentof a MDP Corresponds to &-
arity m > 0, and a set of functor symbofswith arityn > 0. pite state automatoriThis is essentially a propositional rep-

If n = Othent is called a constant, i = O thenpis calleda  resentation because the state and action symbols are flat, i.e.
proposition. Amatomr (t4, ..., t,) is arelation symbat fol-  not structured. The key idea underlyifagical Markov deci-

lowed by a bracketed-tuple of termst; . A termis avariable  sjon programgLOMDPS) is to replace these flat symbols by
Vv or a functor symbol immediately followed by a bracketed gpstract symbols.

n-tuple of termst;, i.e., £(t4,...,ty) . A conjunction is a _ . . . .
set of atoms. A conjunctiod is said to be&f-subsumed by a Def|n|t|o_n 1. An abstract state is a conjunctidh of Ioglpal .
conjunctionB, denoted byA <, B, if there exists a substitu- a0MS, i-€., a logical query. In case of an empty conjuction,
tion § such thatBf C A. A term, atom or claus& is called e Writed.

groundwhen it contains no variables. Tineost general uni-  Abstract states represent sets of states. More formally, we
fier (MGU) for atomsa andb is denoted bymgu(a,bd). The  have that a stat& is a (finite) conjunction of ground facts
Herbrand basef ¥, denoted a&by, is the set of all ground over the alphabek, i.e. a logical interpretation, a subset
atoms constructed with the predicate and functor symbols inf the Herbrand base. In the blocks world, one possible

the alphabek. state Z is on(a,b), on(b,fl),bl(a),bl(b),cl(a),cl(fl)
. whereon(a, b) denotes that objeetis onb, c1(a) states that
2.2 Notation a is clear,bl(a) denotes thak is a block, andf1 refers to

Atoms are written in lower case, set of of atoms in upper the floor. An abstract staté is e.g.on(X,Y), b1(Y), b1(X).
caseA, and sets of sets of atoms in bold, upper cAseTo It represents all states (over the given aIph;&E))ethat have
highlight thata (resp.A and A) may not be ground (i.e. it two blocks on one another. Formally, speaking, we have that

may contain variables), we will write (resp.A andA). an abstract stat& represents all state for which there
exists a substitutio such thatZé C Z. Let S(Z) denote

2.3 Markov Decision Processes this set of states. The substitution in the previous example is

A Markov decision process (MDP) is a tupldl = {X/a,Y/b}. By now we are able to define abstract transitions.

(S,A,T,)) . To avoid ambiguities, we will sometimes in- Definition 2. An abstract transitiorl’ is an expression of
dex the elements bivI. Here, S is a set of system states, \no formm "2 B whereP(T) := p € [0,1], R(T) :=
i.e. propositions. The agent has available a finite set of ac: o [0, 1], a is an abstract action, anébody(T) := B and
tions A(z) C A for each state € S which cause stochas- head(T7) .— T are abstract states. '

tic state transitions. For eachz’ € S anda € A(2) ' R
there is a transitio” in T which is an expression of the We assuméd’ to be range-restricted, i.@ars(H) C vars(B),
form 2 <Z% . The transition denotes that with probability anc:;}”ar.s(?) < t‘.’arS(IB)' Soéhattﬁn abstratct ttrzt:msmlon_Fﬁlles
P(z,a,z’) := p actiona causes a transition to statewhen on the information encoded In the current state only. The Se-

executed in state. We have for each € S anda € A(z) ~ Mantics of an abstract transitibare:

that) g P(z,a,2') = 1. For a transition the agent gains If the agent is in a state, such thafB <, Z, then
an expected next rewaid(z, a, 2’) := r. In case that the re- it will go to the stateZ’ := [Z \ B6] U HO with
ward functionR is probabilistic (mean value depends on the probability p when performing actiond receiving
current state and action only) the MDP is calteshdetermin- an expected next reward of

istic, otherwisedeterministic In this paper, we only consider pq jjjystration purposes, consider the following abstract

MDPs with stationary transition probabilities and stationary,ransition. which moves blockfrom Y to the floor with prob-
bounded rewards. ability 0.9:

A (stationary) deterministic policyr : S — A is a set
of expressions of the form < 2 for eachz € S where
a € A(s). It denotes a particular course of actions to be
adopted by an agent, with(z) := a being the action to We implicitly assume that an abstract action has some precon-
be executed whenever the agent finds itself in statd/e  gitions
assume an infinite horizon and also that the agent accumu- 2pjease note that we employ functor-free examples throughout
lates the rewards associated with the states it enters. To conhe paper for the sake of simplicity. Abstract stafesactionsA,
pare policies, we use the expected total discounted reward asd transitiondl' can include functors. All proofs remain valid.

0.9:—1:mv_£1(X)
T

on(X, 1), c1(X)cl(Y) on(X,Y), cl(X)



Applied to stateExp mv_£1 (A mv_£1 (A)

) mv (A, C)

on(a,b), on(b, 1), on(c, £1), /—\\ stacks
A c A

c1(a), cl(c),bl(a), b1(b), bl(c) 2 S

the abstract transition tells us that when we exenutél(a)

the successor state will be 7 T, Lloor
on(a, fl),on(b,f1),on(c, 1), @ ®)
cl(a), cl(b),cl(c), bl(a),bl(b), bl(c) Figure 1: The two underlying patterns of the blocks world.

with probability0.9 gaining a reward of-1. One can see that Figure (a) shows the situation that there are at least two stacks
this implements a kind of first-order variant of probabilistic of height> 0. Figure (b) shows the situation that there is only
STRIPS operator, cfHanks and McDermott, 1994 one stack left. The serrated cuts indicate th@tesp.C) can

As LOMDPs typically consist of a sé' of multiple ab-  be on top of some other block or on the floor.
stract transitions there are two constraints to be imposed in
order to obtain meaningful LOMDPSs. First, Btbe the set of
all bodies of abstract state transitions in the LOMDP (modulo

variable renaming). FdB € B, let A(B) denote the set of Before giving the semantics of LOMDPs, let us also illus-
all abstract actions such that <=2 B is in the LOMDP. trate LOMDPs on thetackexample from the blocks world:

We require 1 absorb  «200@sOtb  opcorb.
VB € B,Va € A(B P(T)=1.0. (1 2. on(A,fl),cl(A), o
®)>. bod;fTT“)ﬁ;B, () @) on(C,D),c1(C), «2XTEmA L (A,B), c1(A),
. . e cl(B on(C, D), c1(C).
This condition guarantees that all abstract successor stateg. on(A, C) cl(gx)) (¢.D), €1(C)
are specified when executing an abstract action in an ab- on(C7D)7c1(C)’ 0.9:—1mv(4,C) on(A, B), c1(A)
stract state and that their probabilities sumltaSecondly, e Cl(B)’ on(C’D)’ Cl(c)’
we need a way to cope with contradicting transitions and re- 1.0:20:sto0p S
. Lo 1i—l:a : absorb «———  on(A,B),cl(4),
wards. Indeed, consider the two transitishs——— 4 and b1(B)

g L722 ¢ and stateZ = {d, £}. The problem with these . e
transitions is that the first transition says that if we executdf the transition probabilities do not sum o0 for an ab-
a in Z we will go with probability1 to stateZz’ = {e,f}  stract action then there is an additional abstract transition for

whereas the second assigns a probability tf stateZ” = staying in the current abstract state. In order to understand
{4, g}. There are essentially two ways to deal with this situ-the LOMDP stack one has to understand the abstract states
ation. On the one hand, one might want to combine the twdéhat govern the underlying patterns of the blocks world, cf.
transitions and assign a probability @f to both Z’ and Z” Figure 1. Two abstract states (the artificidlsorb state ex-

for Z. On the other hand, one might want to have only onecluded) together with the order in which they are presented
of rule of fire. In this paper, we take the second approaci¢over all possible state action patterns because we can take
because this allows us to consider the transitions more indédvantage of symmetry in the blocks world. Transitloan-
pendently of one another. This in turn will simplify learning codes the absorbing state. Transitiarand3 cover the cases
and yields locally interpretable models. We assume a total o Which there are (at least) two stacks. Finally, transition
der= over all action-body pairs if' and do a forward search encodes the situation that there is only one stack, i.e. our
among the pairs stopping with the first matching body such agoal statestack Here,on(A,B), c1(A),b1(B) are only used

in Prolog’. From now on, we assuniB to be ordered w.r.t. 10 describe the preconditions o (A, B): the floor cannot be

<. We will give an example after the next definition. moved. When performing actionv(a, b) in stateExp (see
By now we are able to formally define logical Markov de- above) only abstract transitionsis firing. Similar, we can
cision programs. easily encode thenstackgoal.

Note that we have not specified the number of blocks. The
LOMDP represents all possible blocks worlds using agly
abstract transitions, i.6.2 probability and reward parame-
ters, whereas the number of parameters of a propositional
system explodes: fat blocks there ar&3 states, foi7 blocks
37.663 states, and fot0 blocks58.941.091 states, resulting

3We chose a total order for the sake of simplicity. A partial orderiN @ even higher number of transitions.
< among the pairs s.t. the set of pairs is well-founded, i.e., every de- )
scending chain of elements w.r.is finite, actually suffices. Then, ~ The semantics of LOMDPs are as follows.
thg conflict resolqtion strategy is to .sglect only those apstrgct tranTheorem 1. Every LOMDPM = (3, A, T, \) specifies a
sitions whose action-body pair is minimal. An e_xample is given in yicorate MDPM (M) = (S, A, T, \).
[Kerstinget al., 2003 where a kind of subsumption (or generality)
relation amongB is employed. All theorems can be adapted accord-Proof sketch: Let hby, C hby be the set of all ground
ingly. atoms built over abstractates predicates, and labs, C

Definition 3. A logical Markov decision process (LOMDP)
is atupleM = (X, A, T, \) whereX is a logical alphabet,
A, is a set of abstract actiondT is a finite set of abstract
state transitions based on actions/M and0 < A < lisa
discount factor, such thgt.) holds.



hby, be the set of all ground atoms built over abstractreward taken over all states [i]. Therefore, the expected
action names. Now, construdvI(IM) from MM as fol- discounted reward, if abstract poliayis used and the system
lows. The countable state st consists of all finite sub- isin abstract stat&, is defined to be
sets ofhbs,. The set of actionA(Z) for stateZ € S is

N

. k . _

B <y Z} . We have thatA(Z)| < o holds. The probability ~ V«(L) = lim Ep; | Ex {Z A revilZe =2 }
P(Z,a,Z") of a transition inT from Z to another state’ k=1
after performing an actioa is the probability value associ-
: : - . duced byr. The inner expectatiof,. is conditioned on the
in T. If there is no abstract transition connectidgand 2, Do e =
the probability is zero. The bounded rewards are constructeﬁyStem being in statéf € 5 at timet, denoted byz, = Z.
he outer expectatiofijr) runs over all elements ¢L]. The

)

given by A(Z) ={a8|H L2 B e T minimal (W.r.t.<),
ated to the unique abstract transition matchifig:, and 2/ wherer; denotes the value at timeof the reward received
normalized by the number of transitions of the fafft <~ Z w.r.t. M(IM) when following the ground level policy in-

in a similar way but are not normalized. O L
From Theorem 1 anfPuterman, 1994, Theorem 6.Ritfol- series in (2) converges absolutely for the same reasons as for
i MDPs. Thus, the limit and the expectations are interchange-
lows that: able in (2):
Corollary 1. For every LOMDP, there exists an optimal pol-
icy (for the ground states). oo
k
Finally, LOMDPs generalize finite MDPs. Va(L) = By | Ex {Z ANl Ze = Z} 3)
Proposition 1. Everyfinite MDP is a propositional LOMDP =t
in which all relation symbols have arity. The abstract) function is defined analogously. Now, an ab-
L. stract policyr is discount optimal at abstraction levél for
4 Abstract Policies fixed A wheneverVy (IL) > V(L) for all L € IL and ab-

Theorem 1 states that every LOMOM specifies a discrete Stract policiesr” at abstraction level. Note, that optimality
MDP M (IM). Furthermore, Corollary 1 guarantees that theredt abstraction level does not imply optimality at the level
exists an optimal policyr for MDP M(IM). Of course, this  Of ground states. This is because an abstract policy specifies
policy is extensional or propositional in the sense that it specthe expected behaviour of a set of ground states. The problem
ifies for each ground state separately which action to executdS Now to compute the value functiar.

Specifying such policies for LOMDPs with large state spaces LetM = (X, A, T, \) be a LOMDP, and letr be an ab-

is cumbersome and learning them will require much effort.stract policy at abstraction lev@l = {L,,...,L,,}. Con-
Therefore, we introducabstract policiesr which intention-  sider the finite MDPL = ({l1, ..., }, AL, T1, A) wich is
ally specify the action to take for an abstract state (or sets ofonstructed as follows.

states). Construction: Both I andIB (the set of bodies iffT) in-
Definition 4. An abstract policyr overY is a finite set of ~duce partitiong[IL,], ..., [IL,,]} (resp.{[B1], ..., [B,]}) of
decision rules of the form. «— IL wherea is an abstract Smm) because both are ordered. The statorresponds to
action andL is an abstract state [IL;]. Furthermore, all ground states belongingltg] N [By]

have the same set of possible transitions. In other words,

The meaning of a decision rute<— L is that . ;
¢ - [L;] N [Bg] forms an equivalence class. Now, there is a tran-

if the agent_ls in a state’ _such thatl. <4 Z then sitionT" € Ty, from statel; to [; when doing actior with
the agent will perform actiond, denoted byr(Z). probability
Usually, 7 consists of multiple decision rules. We apply the
same conflict resolution technique as for abstract transitionsp(lha’ 1) = Z u([B)|[L3]) - p - (L] |S(H))
i.e. we use a total ordex among the decision rules. Let ' [y '
L = {Ly,...,L,,} be the set of bodies in (ordered w.r.t. He——BeT

<). We call IL the abstraction levelof 7. We assume that
IL covers all possible states of the LOMDP. This togethe
with the total order guarantees tfiatforms a partition of the

Here, (X [Y') is a probability function. The valug(X|Y’)
for X, Y C Smqaw) is the probability that a randomly se-

states. The equivalence clasg®s), . .., [IL,,,] induced byl lected ground state iif is an element oX . BecauseVI(M)
are inductively defined bylL,| = S(LL;), and fori > 2 induces a unique probability distribution over all ground

1 _ il : - _ statesy is uniquely specified. This follows from Theorem 1.
[L;] = S(L;) \ U;=; [L;]. BecauséL generally does not co Clearly,

incide withIB the following proposition holds.

Proposition 2. Any abstract policyr specifies anondeter- Z P(l;,a,l;)=1.
ministic policy = at the level of ground states. 1

Let M be a LOMDP and leM(IM) be the induced MDP.

We define the expected rewardlbfe IL to be the expected The intuition behind P(l;,a,l;) is that it specifies
P(L;,a,1L;) for the corresponding abstract states. The prob-

“We assume that is applicable irL. abilistic rewardR(l;, a, ;) depends only ofy andA, and can



be chosen s.t. its mean value equals 9: Take actioru, observer and successor staf#
10: LetlL € IL (resp.I’ € IL) be the unique
R(li,a) = > P(li,a,l;) - R(li,a,1;) . O abstract state matchirig (resp.Z’)
l; 11: = (1 + visits, (L, a)) "

~

As the underlying MDRMI(IM) is not known, the problem 122 QM a)n = (1~ an) - Qn-1(L,a)

specified byl appears to a learner to have a non-Markovian, +ay, - (r+ X -maxy Qn1(IL/,a"))

nature. Consider the following LOMDRI Set := Z'andn :=n +1
14: Until Z is terminal
) 1.0:0.0:a
1. 9 ——— pa
2. ) Lo%E o Here,visits, (IL, a) is the total number of times the abstract

Lo00a state — abstract action pAair has been visited up to and in-
’ cluding then-th iteration.Q(LL, a),, is the approximation of

and the abstraction levéll = {p, q,0}. The induced MDA.  Q(L,a) after n iterations. To select an actiom we first

will assign the same probabilities and rewards to the transiprobabilistically select an abstract actianin a statel. so

tions froml, to I; and fromis to [;. Consequently, the values that the probabilityP(a|LL) of selectiona is proportional to

for [, andl; are the same il as the next state is the same @(IL, A)n, €.9.

namelyl;, butIM assigns different values to both. =

The example shows that a learner followifighas im- TR (L,a)
perfect and incomplete perception of the statesvbflM). P(all) = W (4)
This is interesting becaude corresponds to leafs of a first J

prder Eiecisiqn tree used in relational reinforcement learmgyith 7 > 0. This is common irQ) learning. Then, we select
ing _[Dz_erosk|et al, 2001. Unf_ortunately, complete observ- uniformly among all possible ground action given #yand
ability is necessary for learning methods based on MDPsg geta.

Thus in general, we must use techniques for solypiagially

observableMDPs, see e.g[KaerIing_et al, 1994. In the _ Let us now argue that LQ learning converges with re-
present paper, we follow the most naive approach to deal witQpect 101, Each selection of a ground staf selects a
partially observability, namely ignoring it. That is, we treat unique statd; in L. Likewise, when we have observefi
the induced MDFL as if it would be the correct underlying ihis uniquely specifies a state. The rewards are stochas-
MDP. tic, but they depend oy anda only. Therefore, the con-

. vergence theorem for Q-learning for finite (nondetermin-
5 LQ-Learning istic) MDPs applies tdL, cf. [Watkins and Dayan, 1992;
In principle, any known algorithm for computing an optimal Jaakkoleet al, 1994. Moreover, it might be the case that LQ

policy for I can be used. There are only two complications./€&rning can do even better. The equalify(L;) = Vx(li)
First, the probability function: is not given. This problem S€€ms to hold if for each legal trace bfwe can find a le-
can however be solved using stochastic iterative dynamig@! trace withinM(IM). Due to the abstraction, LQ learning

programming, i.e. model-free approaches. Second, we gehould generalize well even in unseen ground states.
not want to construckL. Instead, we directly want to udk. )
Below, we sketch LQ learning, which learns thefunction 6 EXxperiments

of L using this idea combined with traditionél learning. We implemented LO learnina using the Prolod svstem
Similar, other methods such as MC, SARSA and aCtor-CritiCSiCStusg.Q.O. our ta(gk was t% Iearr? an abstra?:t golicy

methods can be adapted. for the stack LOMDP (see above). This task was moti-
vated by the experiments in relational reinforcement learning

3 p

Logical Q Learning (RRL) [DZeroskiet al., 2001 and by the fact that the blocks
1:LetIL be an abstraction level world is the prototypical toy domain requiring relational rep-
2:Initialize @o(lL, a) arbitrarily for eachL € L resentations. One of the key differences with the experiments
3:'n=1 reported by[DZeroskiet al., 2001 is that we exclusively use
4:Repeat(for each episode) the standard predicates, c1, andbl. [DZeroskiet al, 2001

5 Initialize ground state? € Sy also_needed to make use of several background knowledge
6: Repeat(for each step in episode) predicates such asbove, height of stacks as well as sev-

7: Choose action in Z based or@ . cf (4) eral dlr_ectlves. to the inductive logic programming funcfu(.)n

8 Leta be the abstract action cornres’pondingzto approximator in order to be able to learn adequate policies.

Another difference to our approach is that RRL induces the
5A nondeterministic MDP can be converted into a determin-T€l€vant abstract states automatically using a regression tree

istic one. Maximizing the expected future reward depends only€arner.
on the expected reward in each state, and not on the prob- The discount factor wa$.9, and the temperaturé' to

ability distribution over rewards. In our cas&(l;,a,l;) = select an action was increased by04 each epoch start-
Z}H pra p([B]|[L:]) - p - p([L;]|S(H)) - r would do. ing with 1.0. Therefore, the agent favors exploration during



early states of learning, then gradually shifts towards a strat- Rerunning the experiments with a simpler abstract Q func-
egy of exploration. We randomly generati@iblocks world  tion, omitting the first four abstract values, yields threstack-
states for4 blocks, 20 for 6 blocks, 30 for 8 blocks, and stackpolicy, too, but the learning epochs were faster pro-
50 for 10 blocks using the procedure described[®faney ceeded due to the higher abstraction.

and Thébaux, 200[L Note that for10 blocks a propositional

MDP would have to represemi8.941.091 states of which 7 Related Work

3.628.800 states are goal states. Then, we ran LQ learning o
these starting states in order6, 8 and10 blocks. The initial

Q function was

QNithin reinforcement learning (RL), there is currently a
significant interest in using rich representation languages.
[Finneyet al, 2003 investigated propositionalization meth-
ods in relational domains. They experimentally studied the

on(4,B),on(C,D), on(E, £1), _ intermediate language dkictic representation€DRs). DRs
@ ({ c1(A),c1(C), c1(E),b1(B), b1(D) }’mVﬂ(A)) 00 avoid enumerating the domain by using variables such as
on(A,B), on(C, D), on(E, £1), the-block-on-the-floor Although DRs have led to impres-
Q ({ c1(), ¢1(C), c1(E), b1(B), b1(D) },mv(kc)) = 0.0 sive result§McCallum, 1995; Whitehead and Ballard, 1991
’ ’ ' ' [Finney et al, 2003’s results show that DR may also de-
0 on(A,B),on(C,D), on(E, £1), av(A,E) | = 0.0 grade learning performance within relational domains. Ac-
cl(A), c1(C), cl(E),bl(B),b1(D) [’ ’ " cording to[Fin[ney et al, 2004, Rﬁelational reinforcement
learning(RRL) [DZeroskiet al., 2001 is one way to effective
Q ({ Cl‘g%ﬁ?g&‘;nﬁig’g?g’ fbll)h)) } ,mv(E, A)) = 0.0 learning in domains with objects. RRL is a combination of RL
’ ’ ’ ’ and inductive logic programming (ILHAMuggleton and De
@ ({on(A,B),on(C,D), c1(A),c1(C)}, mv_£1(4)) = 0.0 Raedt, 199} The key idea is that th@ function is approxi-
Q ({on(A,B),on(C,D), c1(A), c1(C)},mv(4,C)) = 0.0 mated usingla relelltional regression tree Iiarn;ar.l A(;thoughI the
_ experimental results are interesting, RRL has failed to explain
@ ({on(4,B), on(E, £1), c1(A), c1(E)},mv£1(4)) = 0.0 — in theoretical terms — why RRL works. Some new insights
Q ({on(A,B), on(E, £1), c1(A), c1(E)}, mv(A, E)) = 0.0 on this have been obtained.
Q ({on(A,B),on(E,£1),c1(A),c1(E)},mv(E,A)) = 0.0 From a more general point of view, our approach is closely

Q ({on(A,B), c1(A)}, stop) = 0.0 related todecision theoretic regressiofDTR) [Boutilier et
Q ({c1(4), c1(B)},mv(A, B)) = 0.0 al., 200d. Here, state spaces are char_act_erlzed _b_y a num-
’ ’ ’ ' ber of random variables and the domain is specified using
where we omitted thebsorb state in front. The whole ex- logical representations of actions that capture the regularities
periment was repeategtimes (including sampling the start- in the effects of actions. Because ‘existing DTR algorithms
ing states). In alb runs, the learned policy (which is optimal are all designed to work witppropositionalrepresentations

at the given abstraction level) was: of MDPs’, [Boutilier et al,, 2001 proposedirst order DTR
which is a probabilistic extension of Reitesguation calcu-
£1(a on(A,B),on(C,D), on(E, £1), lus. The language is certainly more expressive than that of
mv._ —

B
) él( ,c1(C), c1(E). LOMDPs. However, it is also much more complex. Further-
more,[Boutilier et al, 2001 assume that the model is given
mv£1(A) «—  on(AB),on(C,D),cl(A), c1(C). whereas in the present paper traditional model-free learning
mv(E,A) — on(A,B),on(E,£1),c1(4),c1(E). methods have been apply.
mv(A,B) «  cl(A),cl(B). The idea of solving large MDP by a reduction to an equiv-
L . __alent, smaller MDP is also discussed e.g[Dearden and
_ The leamned policy is interesting for many reasons. Firstg, iijier, 1997; Givanet al, 2003; Ravindran and Barto
it uniquely specifies a deterministic policy for ground states500g. However there, onl); finite MDPs and no relational
Secondr, itis well k”OWF‘ in the planning communianey or first order representations have been investigated. Further-
and Thebaux, 2001 It is calledunstack-staclstrategy be- o6 “there has been great interest in abstraction on other

fevels than state spaces. Abstraction over tiwttonet al,,

is at worst twice the optimal. Thirdnstack-staclperfectly  5tions and time. This research is orthogonal and could be
generalizes to all other blocks worlds, no matter how manyapplied to LOMDPs in the future

blocks there are. Finally, it cannot be learned in a proposi-

tional setting because here the optimal policy would encodgvith up t0 10 blocks using RL related techniques. However,

the optimal number of moves. he i | . o
RRL has learned another policy (“move a block to the high-itngo'rrgg?gtuecﬁgifg?ﬁ;ﬂ?nm;mam dependent and does not
S

est stack”) than LQ learning. However, as argued above, thi
policy can only be described using additional backgroun .
predicates, which are not needed in our approach. We belie Conclusions

that RRL would have difficulties in learning the unstack-stackWe have presented a representation framework that integrates
policy using only the predicates, c1 andbl. Markov decision processes with logic programs. This frame-

Finally, [Baum, 1999 reports on solving blocks worlds



work allows one to compactly and declaratively represent
complex (relational) Markov decision processes. Using func-
tors they might even be infinite. Furthermore, we have intro- ference on Uncertainty in Atrtificial Intelligence (UAI-Q2)
duced abstract policies for LOMDPs and studied their prop- 2002.

erties. We have shown that their value functions cannot gen- . :

erally be learned using MDP techniques. However, the egFr;i%m:ritfgflf';g?_gea’;lﬁir']:r'e?g)zr;)‘ilil‘s'ti(?fé?;irézl 'fnoglgé'ls
periments with a simple upgrade of Q-learming have shown InT. f)ean editorProceng:ngs of the Sixteenth Interna-'
that even naive strategies to handle partially observability can tional Joint Conferences on Artificial Intelligence (IJCAI-

sometimes work. The authors hope that this framework will
be useful as a starting point for further theoretical develop- ag)afrﬁgﬁﬁ 1300-1309, Stockholm, Sweden, 1999. Morgan

ments in relational reinforcement learning.

very well: Deictic representation in reinforcement learn-
ing. In Proceedings of the Eighteenth International Con-

[Givanet al, 2003 R. Givan, T. Dean, and M. Greig. Equiv-
alence notions and model minimization in Markov deci-
sion processedtrtificial Intelligence 2003. (in press).
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Abstract

Information extraction (IE) is the problem of con-
structing a knowledge base from a corpus of text
documents. In this paper, we argue that first-
order probabilistic models (FOPMs) are a promis-
ing framework for IE, for two main reasons. First,
FOPMs allow us to reason explicitly about en-
tites that are mentioned in multiple documents, and
compute the probability that two strings refer to
the same entity — thus addressing the problem of
coreference or record linkage in a principled way.
Second, FOPMs allow us to resolve ambiguities in
a text passage using information from the whole
corpus, rather than disambiguating based on local
cues alone and then trying to merge the results into
a coherent knowledge base. This paper presents a
comprehensive FOPM for a bibliographic database,
and explains how the desired inference patterns
emerge from the model.

1 Introduction

1.1 Information extraction

Information extraction (IE) is the problem of constructing a
knowledge base from a corpus of text documents. Some IE
systems extract information from ordinary English prose: for
instance, the Message Understanding Conferences [DARPA,
1998] have evaluated systems that extract information about
changes of corporate management, airplane crashes, and
rocket launches from Wall Street Journal articles. Other sys-
tems extract information that is presented in highly formatted
headers, lists, and tables rather than in complete sentences.
For instance, Citeseer [Lawrence et al., 1999a] and Cora [Mc-
Callum et al., 2000b] build databases of academic publica-
tions; FlipDog [Cohen et al., 2000a] builds a database of
job openings from companies’ employment web pages; and
Froogle [Google Inc., 2003] builds a database of product of-
fers from online stores.

Natural language prose is notoriously ambiguous, and even
highly formatted documents (such as web pages listing job
openings) can be hard to interpret automatically. An even
harder task is combining information from multiple docu-
ments into a single coherent knowledge base. In this paper,

Brian Milch
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University of California

Berkeley, CA 94720-1776
milch@cs.berkeley.edu

Stuart Russell
Computer Science Div.
University of California

Berkeley, CA 94720-1776
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we argue that first-order probabilistic models (FOPMs) are a
promising framework for IE. Because FOPMs allow us to ex-
plicitly represent uncertainty about how many objects are in
the world and what relations hold between them, we can use
a single probabilistic model for everything from parsing or
segmenting the text, to inferring object attributes, to inferring
relations between objects.

1.2 Advantages of a comprehensive model

One advantage of using such a comprehensive probabilistic
model is that we can reason explicitly about identity uncer-
tainty — for instance, whether two citations refer to the same
publication. This problem has been treated extensively in nat-
ural language processing under the name coreference reso-
lution, but methods for resolving coreference across docu-
ments remain mostly heuristic. In the bibliography domain,
resolving identity uncertainty is important both to avoid hav-
ing duplicate entries for publications and authors in our final
database, and so we can assemble more complete descriptions
of publications and authors from multiple citations.

A further advantage of having a comprehensive probabilis-
tic model is that we can use cross-document information to
disambiguate text. For example, suppose we see a citation
that begins, “Wauchope, K. Eucalyptus: Integrating Natural
Language Input with a Graphical User Interface”. Is “Euca-
lyptus” part of the title, or is it the author’s middle name?
If we see other similar citations where the formatting clearly
indicates that “Eucalyptus” is part of the title, then the most
likely explanation is that all these citations refer to a single
publication with “Eucalyptus” in the title, rather than there
being two publications, one with “Eucalyptus” in the title and
one without. Conversely, if we see another paper by “K. E.
Wauchope”, it is more likely that “Eucalyptus” is a middle
name. As discussed in Section 3.2, a FOPM for the bibliogra-
phy domain allows this kind of cross-citation disambiguation.
Such disambiguation would not be possible if we just chose
the most likely segmentation for each citation based on local
cues, and passed these results to another layer of the system
for merging into a coherent database. That is, processes that
are normally bottom-up and opaque to the higher levels of the
systems should instead be cognitively penetrable, to borrow a
phrase from [Pylyshyn, 1984].



1.3 Knowledge base functionality

Once we have created a knowledge base, what would we like
to do with it? One application is allowing a user to browse
the data and follow hyperlinks between entities: for instance,
from a paper, to one of its authors, to other papers by that au-
thor. We would also like to support queries about an entity’s
attributes, such as an author’s full name or the page numbers
of a journal paper. Finally, we would like to support struc-
tured search queries, like “Find all papers by Mike Jordan in
UAI ’97”. One possible answer to such a query is “the sys-
tem has not seen any citations to such a paper”. However,
we would like our system to distinguish between the case
where it has simply not seen any evidence for the existence of
such a paper, and the case where it is very sure no such paper
exists—perhaps because it has parsed Mike Jordan’s publica-
tions page (or the UAI 97 conference program) and seen no
such paper. Thus, our knowledge base will need to do more
than just store lists of known entities and their attributes.

1.4 Paper overview

Pasula et al. [Pasula et al., 2003] have already applied a
FOPM to the bibliography domain. However, that paper dis-
cusses a simple model where the only entities are publications
and authors, and results are reported only for resolving coref-
erence among citations. The purpose of this paper is to bring
the general IE problem to the attention of the FOPM commu-
nity, and to show how a FOPM can serve as a comprehensive
model for an IE task. We use the bibliography domain as our
example, but we believe the advantages of a FOPM for coref-
erence resolution and joint disambiguation will be even more
important in more complex domains.

We do not assume any particular representation language
for the FOPM in this paper. Instead, we focus on the proper-
ties of the model itself, particulary how it supports the kinds
of reasoning discussed above. Our notation is based on that
used in relational probability models (RPMs) [Pfeffer, 2000],
but we are not concerned about whether all the complexities
of the model can be expressed by an RPM. Later in the pa-
per, we briefly discuss features that would be desirable in a
first-order probabilistic language for specifying IE models.

2 Modée for the Bibliography Domain

In this section, we describe our probabilistic model of the ci-
tation domain. The model, which is an expanded version of
the one presented in [Pasula et al., 2003], includes several
classes of objects — authors, publications, collections, cita-
tion groups, and citations — and its possible worlds consist of
the objects and their attributes and relations.

We do not discuss inference or learning in this section, and
indeed, exact inference in the model is probably intractable.
However, rather than building many approximating assump-
tions into the model itself, we choose to make the model as
rich as possible and perform any approximations during infer-
ence. The parameters will be learnt either using Monte-Carlo
EM [Tanner and Wei, 1990] or using supervised methods.

2.1 Classesand attributes

Our model has the following generative structure. First, the
set of Author objects, and the set of Collection objects are

generated independently. Next, the set of Publication objects
is generated conditional on the Authors and Collections. Af-
ter this, CitationGroup objects are generated conditional on
the Authors and Collections, and finally, Citation objects are
generated from the CitationGroups. We now describe each
of these parts in more detail.

Authors

The number of authors who write papers in this field is cho-
sen from a slowly decreasing log-normal prior. Each Author
object has an attribute name, which is chosen from a mixture
of a letter bigram distribution with a distribution that chooses
from a set of commonly occurring names. There is also a
multinomial attribute area, which specifies the field this au-
thor usually writes papers in (to be more realistic, we could
also have multiple such attributes).

Publications

Each publication has attributes area and type which are cho-
sen according to multinomial distributions. Example types
include books, conference papers, and journal papers (al-
ternatively, we could have subclasses of publication corre-
sponding to each type, in which case there would be ‘class
uncertainty’). Publications also have a compound attribute
authorList, generated as follows: first, the length of the list
is chosen. Next, for each position i in the list, a reference
attribute authorList[i] is chosen (by reference attribute, we
mean an attribute whose value is another object). Most of the
time, this attribute is chosen uniformly from the set of au-
thors whose area attribute equals this publication’s area, but
there is also some probability of choosing uniformly from all
the authors. The attribute title is generated from an n-gram
model, conditioned on area (this captures the fact that each
area has its own commonly used technical terms).

If the publication is of a type that is usually part of a larger
collection, such as a conference paper, the collection ref-
erence attribute is set, again depending on area, and date
and publisher are set to equal collection.date and collec-
tion.publisher, respectively. If not, date is generated from
a prior distribution, and publisher is chosen uniformly from
the set of publishers. A publication may also have other at-
tributes, such as a number for a technical report, which are
chosen using appropriate prior distributions.

Publishers

This class has name and city attributes. Instances for the
commonly used publishers are included as evidence, and
there is a prior that allows for previously unseen publishers.

Collections

A Collection is a journal issue, a book of conference pro-
ceedings, or a book that is a collection of articles. It has string
attributes name and date, a multinomial attribute type, and
a reference attribute publisher.

Citation Groups

Citations often occur in groups. Examples include a
reference list at the end of a paper, a bibliography
on a particular topic, the publications section of a re-
searcher’s homepage, or the table of contents of con-
ference proceedings. The CitationGroup class captures



some of the structure present in these groups. To begin
with, there is is an attribute type, which takes values in
{refList, bibliography, tableOfContents, homePage, other}.
Next, there is a multinomial attribute style, depending on
type, that selects from a dictionary of common bibliography
styles (there will also be an “other’ style, to model styles that
are not in the dictionary).

The CitationGroup class also contains a compound vari-
able publicationList, which is a list of Publication objects.
If type € {reflist, other}, this is generated by picking the list
length and then sampling independently from a uniform dis-
tribution over the publications. If type = bibliography, then
the CitationGroup has an area attribute and we sample only
from publications with the same area value.

If type = homePage (the case of tableOfContents is
analogous), then there is a reference attribute author and a
Boolean attribute exhaustive. If exhaustive, then publica-
tionList is the set of Publication objects p such that p.author
= author. If not, we need a model for selecting a subset of
this set (we assume that there is no repetition within such
lists). A simple way to do this is to independently include
each member with some probability 6, but more complicated
distributions are possible, for example to list only publica-
tions before a certain date.

Finally, this class contains a compound variable citation-
List, of the same length as publicationList. The elements of
this list are Citation objects, and each element depends on
the corresponding element in publicationList, in a manner
specified in the next section.

Citations

A citation is generated conditional on the cited publication,
which is the value of the citation’s pub attribute. In any Ci-
tationList object ¢, we require that ¢.citationList[:].pub =
¢.publicationList[i]. A Citation object also has several ‘as
cited” attributes that correspond to how the true attributes of
the publication are ‘corrupted’ while creating this citation.
As an example, the conditional distribution of titleAsCited
given pub.title includes probabilities of misspelling based on
edit distance, of abbreviating common technical terms (e.g.
“HMM?™), and of dropping words like “the”. Once again, we
have an elementwise dependency between two lists, this time
between authorsAsCited and pub.authorList.

There is also an attribute parse that specifies how the var-
ious parts are ordered to produce the citation text. It depends
on the style attribute of the containing citation list, as well
as on pub.type and, if necessary, pub.collection.type (since,
for example, journal articles are usually cited differently from
conference papers). We use a PCFG for this, but other models
such as HMMs are possible.

Finally, there is an attribute text, which will usually be ob-
served. This attribute has a deterministic distribution, which
involves filling in the structure found in parse with the text
of the asCited attributes.

2.2 Examples

We have specified a rich probabilistic model of the citation
domain, but this richness comes at a computational cost. We
now argue that this cost is justified, by giving some examples

where the model leads to plausible conclusions that would be
difficult to reach using simpler methods. Of course, empirical
tests would be needed to make the argument conclusive.

In Figure 1, the journal name could potentially refer to ei-
ther Journal of Artificial Intelligence Research, or Artificial
Intelligence Journal. Suppose the model has previously come
across the table of contents for AIJ 1996, which is known to
be an exhaustive list. None of the citations in that list resem-
bles this one, and so the model would yield a low probability
for the hypothesis that one of those papers produced this cita-
tion. If the model has not seen an exhaustive list for JAIR, it is
free to hypothesize the existence of a paper from JAIR 1996
whose title is very similar to this one, and would conclude
that the paper was published in JAIR.*

In Figure 2, the model would assign high probability to the
event of the citations referring to the same publication, as they
have the same title and year of publication. As a result, infor-
mation from both citations will be combined when inferring
the attributes of the underlying publication — the first cita-
tion contains the correct conference name, while the second
one contains the author’s full name, which could be useful if
there are other Hegers in the knowledge base.

3 Propertiesof the M odel

3.1 Handling identity uncertainty

One desirable property of our model is that it allows us to rea-
son explicitly about whether two citations refer to the same
publication, or whether two papers are written by the same
author. For example, although the two citations in Figure 2
look different, we are quite sure they refer to the same pub-
lication. In this section, we explain how our model can yield
the same conclusion.

A simple scenario

To build intuition, we begin with a very simple scenario, iso-
morphic to the “balls in an urn” example in [Russell, 2001].
Suppose a library contains n books b4, . .., b,,. For now, the
only attribute of a book that we will consider is its title: for
any b;, let P(b;.title = x) = Px(x). We create a citation
list by repeatedly selecting a book uniformly at random from
the library, writing down its title (with some probability of
making an error), and returning the book to the shelf. For any
citation ¢, let P(c.text = y | c.pub.title = x) = Py (y|z).
Thus, Py models the process by which titles are corrupted as
we write them down.

Now suppose we are looking at a citation list with two ci-
tations ¢; and ¢y, whose text strings are y; and y». We have
two hypotheses about whether the citations refer to the same
book:

H c1.pub = co.pub
Hs c1.pub £ co.pub

We can evaluate the posterior probability that the citations
co-refer by comparing the joint probabilities of the two hy-

A third possibility, that this is a previously unseen journal,
would be deemed unlikely thanks to the Occam’s razor effect dis-
cussed in the next section.
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Figure 1: Disambiguating a journal name
Heger, M (1994). Consideration of risk in reinforcenent |earning. In Proceedings
of the El eventh International Conference on Machi ne Learni ng, pages 105-111, San
Franci sco, CA. Morgan Kauf mann.

[ Heger, 1994] Heger, Matthias 1994. Consideration of risk in reinforcenment |earn-
ing. In Proceedings of the Machi ne Learning Conference. To appear.

Figure 2: Combining information from multiple citations

potheses with the evidence: H; does. The penalty is especially strong because a reason-
B B B able prior over publication titles has high entropy: the proba-
p1 = P(Hy citext = yy, co.text = y) bility of a typical title might be 10~7. Then if we are selecting

p2 = P(Ha,citext = y1, co.text = ya) from a library of 100,000 books, the posterior probability of
H, is about 100 times that of H,. The posterior probabilities
only become equal when the library size is about 107. Thus,
Occam’s razor — a preference for hypotheses that explain

Since we choose books uniformly from the n books in the
library, the prior probability of H; is 1/n.

1 the observed data using few hidden objects — arises natu-

= EP(Cl'teXt =y, cotext = yo | Hy) rally from our model. This effect has been analyzed in the

n—1 literature on Bayesian model selection since the work of Jef-

p2 = - P(cy.text = y1, ca.text =y | Ha) freys [Jeffreys, 1939]; see [MacKay, 1992] for a more recent
overview of the topic.

To compute P(c;.text = yi,ca.text = y2 | Hy), we must On the other hand, Occam’s razor does not always domi-

sum over all possible values z for c;.pub.title. To compute  nate the computation. Suppose that instead of choosing books
P(cy.text = yi, ca.text = ya | Ha), we must sum over both  from a library and writing down their titles, we are choosing

c1.pub.title and co.pub.title. The results are as follows: people from a phone book and writing down their first names.
1 The distribution over first names has much lower entropy than

Po= - Z Px (x) Py (y1]|z) Py (y2|) (1)  the distribution over book titles: for instance, the 1990 cen-

" sus indicated that between 1% and 2% of people in the U.S.

n—1 < ) were named Mary. So if we select from a phone book with
P = ZPX (z1)Py (y1]21) 100,000 entries and get two people named Mary, then p; is
n 1 about 107 and p, is about 10~%: the probability that the two
occurrences of Mary are two different people is about 0.999.

<Z Px (z2) Py (?/2|$2)> (2)  string corruptions
2 Now let us return to the case where the citation text may be
Occam’s razor an imperfect copy of the book’s title. For instance, suppose
So which is greater, p1 or p»? Of course, the answer de- Y1 = “Doctor Zhivago” and y, = “Doctoan@go". For
pends on our probability models for book titles and string ~ COnCreteness, assume Px(y1) = Px(y2) = 10°; writing
corruptions, as well as on n. We can gain some insight Zhivago” as “Zivago™ or vice versa has probability 107

by considering the case where no string corruption occurs; ~ nd writing the titles correctly has probability close to 1.
Py (y1lz1) = 1if y; = = and 0 otherwise. Obviously, un- Also, to make the computations simple, assume all other

der this model, H; has probability zero when y; # y2. S0 strings are either extremely unlikely titles, or extremely un-
SUPPOSe y; = ;/2 = y. Then all the terms in the summations likely to be transcribed as “Doctor Zhivago” or “Doctor Zi-

where z # y are zero, and we have: vago”. Then when we substitute into Equations (1) and (2),
' most of the terms in the summations are near zero, and we

1 ; il :
= ;Px (v) can approxnlnate the probabilities as follows:
n—1 9 o~ = ((Px(y)-1-107°) + (Px(y2) - 107% - 1))
p2 = Px(y) n
" ~ @107
These equations make sense: if H; is true, then there is at - E( ' )
least one book with title y, but if Ho is true, there are at least o on—1
two books with title y, so the title probability is squared. p2 = (Px (y1) - )(Px (y2) - 1)
The fact that the title probability is squared in po penalizes n—1

Q

—— (10714

H,, for constraining the values of more hidden variables than "

#



Thus, H; has greater posterior probability than H if there
are fewer than about 20,000 books in the library. The Oc-
cam’s razor effect appears here too: Ho must “pay the cost”
of generating each observed title independently, whereas H;
only “pays” for one title generation and one copying error.

Of course, if y; and y- are quite different strings, such as
“Doctor Zhivago” and “Doctor Dolittle”, then the specific set
of copying errors necessary to transform one to the other will
be less likely than the generation of the title itself, and Ho
will have greater posterior probability.

Unknown numbers of publications

So far, we have assumed the number of books in the library is
a known value n. It does not complicate things much to make
the number of books a random variable N, with a prior dis-
tribution Py (n). Then, to evaluate hypotheses about corefer-
ence, we must sum over the possible values of N. Equations
(1) and (2) become:

ZPN(n) (%) ZPX(CU)PY(ZJ1|ZC)PY(3/2|$)

;PN(n) (n; 1) <Z Px($1)Py(y1|I1)>

Z1

<Z Px (zz)Py(y2|$2)>

z2

p1

D2

We can also obtain a posterior distribution over IV given the
observed citations. This involves summing over all possible
mappings from citations to publications, as well as summing
over publication titles. Formally, let x = x,...,zN range
over assignments of titles to all the publications. Suppose we
have seen K citations. Lety = y1,...,yx be the observed
titles of the citations and let w = wy, . . ., wx range over map-
pings from citations to publications. Then P(N = n|y) is
proportional to:

Py(m)Y (f[l Px(%)) > <%>K (]if[1 Py(yz-larwi)>

X w

This is analogous to the equation given for balls in an urn
in [Russell, 2001]. Intuitively, if we observe the same titles
over and over, we will believe there are few books in the li-
brary; if we very seldom see the same title twice, we will
believe the library is large.

Identity uncertainty in complex models

This section has discussed identity uncertainty in a simpli-
fied scenario: writing down the titles of books from a library.
Working with the complete bibliography model described in
Section 2 introduces two complications. First, the probabil-
ity models for publication attributes and citation strings are
more complex. If ¢ is a citation, then c.text depends not only
on c.pub.title, but also on c.pub.author[1].name, c.pub.date,
c.pub.collection.name, and so on. So to compute the proba-
bility that two particular citations co-refer, we need to sum
over the possible values of many complex and simple at-
tributes (in practice, we must approximate these sums). Fur-
thermore, two citations of the same publication may differ

from each other not because of errors, but simply because
they use different formatting and abbreviations.

The second complication is that we are dealing with iden-
tity uncertainty for all classes simultaneously: publications,
authors, publishers, etc. We may be uncertain not just about
whether ¢;.pub.author[1] = co.pub.author[3], but also about
whether ¢,.pub even has a third author, and whether ¢;.pub =
c1.pub. We can make sense of all this uncertainty if we think
in terms of distributions over logical interpretations (possible
worlds). However, these multiple layers of identity uncer-
tainty pose challenges for both representation languages and
inference algorithms.

3.2 Cross-citation disambiguation

Another useful property of our model is that it can resolve
ambiguities in a citation by using information from other ci-
tations. For example, consider the citations in Figure 3. The
first citation is ambiguous: it could be that the author’s name
is K. Eucalyptus Wauchope, or “Eucalyptus” could be part of
the paper’s title. Of course, a human reader who knew of Ken-
neth Wauchope and his Eucalyptus system — perhaps from
seeing other citations of this paper — would have no trouble
seeing that “Eucalyptus” is part of the title. In this section, we
show how our model can also disambiguate the first citation
using other citations, such as the second one in Figure 3.

Ambiguity given a single citation
To begin with, suppose we observe only the first citation ¢y,
whose text is iy1. There are two likely hypotheses:

c1.authorsAsCited[1] = “Wauchope, K.”
c1 .titleAsCited = “Eucalyptus: Integrating...”

¢1.authorsAsCited[1] = “Wauchope, K. Eucalyptus”
c1.titleAsCited = “Integrating...”

Ay =
Ay =

We can compare the joint probabilities:

q1 = P(A1, c1.text = y1) = P(A1) P(cr-text = y1| A1)
q2 = P(Az, c1.text = y1) = P(A2) P(c1 -text = y1|As)

Suppose our our title model and our author name model as-
sign about the same probability to an unusual word like “Eu-
calyptus”. Then P(A;) =~ P(As). And if the author-title
separator is about equally likely to be a period or a colon, then
P(cy.text = y1|A1) = P(cy.text = y1|As). S0 ¢1 =~ ¢o.

Using a second citation

Thus, looking at ¢; alone, a reasonable model assigns equal
posterior probabilities to the two hypotheses. But suppose
we also observe co (the second citation in Figure 3), whose
text is y2. An ideal model would specify that an institution
is unlikely to issue multiple tech reports with the same num-
ber: so unless the first publication was issued by some other
“NRL” rather than the Naval Research Laboratory, the two
citations must co-refer. However, in the model described in
Section 2, tech report numbers are chosen independently for
each publication. So we must rely on Occam’s razor to give
high probability to the hypothesis that ¢;.pub = ¢5.pub. As
shown in Section 3.1, our model prefers this hypothesis be-
cause it requires the tech report number (and most of the title)
to be generated only once rather than twice.
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Figure 3: A pair of citations where the second helps to disambiguate the first.

So most of the posterior probability mass is on worlds
where ¢; and ¢, corefer. In y9, the date is a clear delimiter
between the author list and the title, so with probability close
to one:

¢o.authorsAsCited[1] = “Kenneth Wauchope” 3)
co.titleAsCited = “Eucalyptus: Integrating...”

This is consistent with A;: if the publication attributes
are c;.pub.authorList[1].name = “Kenneth Wauchope” and
c1.pub.title = “Eucalyptus: Integrating...”, then the ¢; at-
tributes in A; and the ¢, attributes in (3) have high proba-
bility. Note that this explanation only requires the word “Eu-
calyptus” to be generated once, as part of the title. On the
other hand, if A is true, then “Eucalyptus” occurs in the au-
thor name in ¢; and the title in co. This is not impossible: it
could be that “Eucalyptus” was inserted accidentally in one of
the citations; or perhaps both the true title and the true author
name include the word “Eucalyptus”, but it was accidentally
deleted from the title in ¢;. But these explanations are orders
of magnitude less likely than the explanation consistent with
Ay, 50 A has greater posterior probability.

Thus, when local cues are insufficient for parsing a citation,
our model gives a probability “bonus” to parses that are con-
sistent with the parses of other co-referring citations. Parsing
is done as part of the overall inference process, incorporating
such top-down information. Note that this approach does not
require lists of known author names, paper titles, or journal
titles: we are just taking a potentially large set of unlabeled
citations and using them to disambiguate each other.

A more difficult example

We must admit that it took some effort to find a citation
where the the distinction between authors and title was truly
ambiguous. However, there are other domains where fewer
formatting cues are available, and word or character n-gram
models are less helpful for distinguishing the values of dif-
ferent attributes. As an extreme example, the radio station
WPTC displays the artists and titles of songs on its playlist in
two unlabeled columns: 2

The Used Maybe Menori es
From Zer o Smack
V lce Not hi ng i s Real

Soundtrack to the
Wor st Movi e Ever
Tsunam Bonb Take the Reigns
Squi rt M . Nor mal
The reader is challenged to tell which column is which.
Clearly, it would help to find other mentions of these artists
and titles where their roles are less ambiguous.

Burnt by the Sun

2htt p: / / www. pct . edu/ wpt ¢/ pl ayl i st 2. ht

4 Desiderata for a FOPL

In section 2, we gave an informal description of our model.
Our current implementation essentially requires the details of
the model to be hardcoded in. Such an approach will not scale
as we build models for many different IE tasks: it would be
desirable to have a declarative language for specifying such
models. Based on our experience in modeling this domain,
here are some of the features we think such a first-order prob-
abilistic language (FOPL) should have:

e A probability distribution over possible worlds which
contain objects, functions, and relations.

e Uncertainty about the number of objects in the world,
and the ability to make inferences about the existence or
nonexistence of objects having particular properties.

e Uncertainty about the relational structure of the world. It
is often, as in the citation domain, not possible to specify
this structure beforehand.

e The ability to answer queries about all aspects of the
world, including the relational and object structure.

e The ability to represent common types of compound ob-
jects such as lists and finite sets, and common probabil-
ity distributions for dependencies between them, such as
models for selecting a subset of a set, and models for
elementwise dependencies between lists

e The ability to represent probabilistic dependencies that
don’t have a natural generative structure, such as the de-
pendence between authors, topics, and papers.

e An efficient inference algorithm with provable guaran-
tees on accuracy and computational complexity, and
ways to adjust the tradeoff between these two.

e The ability to incorporate domain knowledge into the in-
ference algorithm. For example, in MCMC this knowl-
edge can be used to design a proposal distribution.

e A learning procedure which allows priors over the pa-
rameters.

5 Inference

Because exact inference in our model is intractable, we use
MCMC [Gilks et al., 1996; Andrieu et al., 2003] as our
inference procedure. Specifically, we use a Metropolis-
Hastings proposal distribution, the details of which are de-
scribed in [Pasula et al., 2003]. This proposal includes moves
that create and destroy objects, as well as moves that change
the attributes of existing objects. This last type of move in-
cludes changes to the parse tree of a citation, thus allowing



top-down information to be used to resolve uncertainty about
the parse.

An important point is that, for most queries, if an object is
not referred to by any other objects in the current state, then
we don’t need to waste time resampling its attributes. This
allows us to reason efficiently about worlds with a large num-
ber of unseen papers. However, if we are answering queries
like “How many papers has Mike Jordan published at UAI?”,
we are forced to sample attributes of all papers, and so these
queries are more difficult.

Designing efficient general-purpose MCMC algorithms for
first-order models remains a challenging open problem. We
are investigating several possibilities for speeding conver-
gence. Query-dependent sampling is based on the idea that
when answering a query that only depends on the marginal
distribution of a small subset of the variables, we should fo-
cus our sampling near those variables. [Marthi et al., 2002]
described how to do this for a specific graph structure, but
the idea is more broadly applicable. Rao-Blackwellization
is a technique that can be used when some of the variables
are amenable to exact inference conditional on their Markov
blanket. These variables then don’t need to be sampled, as we
can marginalize them out. Finally, a common approximation
technique is to replace a distribution by a reweighted distribu-
tion over its k£ most likely values. This is useful for sampling
variables with large domains, such as parse trees.

Besides sampling, the other major family of approximate
inference algorithms is that of variational approximations. In
the future, we hope to apply generalized variational infer-
ence [Xing and Russell, 2003] and generalized belief prop-
agation [Yedidia et al., 2001] in this domain, and compare
their performance to MCMC.

6 Redated Work

6.1 ExistingworkinlE

A great deal of work on extracting information from news
articles is described in the MUC proceedings (most re-
cently [DARPA, 1998]); examples of work on highly for-
matted text include [McCallum et al., 2000b; Lafferty et al.,
2001; Cohen et al., 2002]. However, most IE work has not
focused on combining information from multiple documents.
IE researchers have made considerable progress on resolving
coreference within documents, e.g., between nouns and pro-
nouns; see [Harabagiu et al., 2001] and references therein.
There has been less work on cross-document coreference res-
olution, but [Bagga and Baldwin, 1999] describes a method
for detecting mentions of the same event in different news
stories, and [Lawrence et al., 1999b; McCallum et al., 2000a]
discuss coreference among citations.

There has been considerable work on record linkage,
the task of finding and merging duplicate entries in
databases [Fellegi and Sunter, 1969; Cohen et al., 2000b;
Bilenko and Mooney, 2002]. However, record linkage algo-
rithms typically take database tuples as input, while we are
starting with unsegmented text. Of course, one could do IE to
obtain database tuples and then find duplicates with a record
linkage algorithm. But then one would not be able to disam-
biguate text by finding other mentions of the same entities, as

our proposed system does.

Our work can be seen as a fusion of information extraction,
which deals with the relationship between facts and text, and
data mining, which deals with statistical regularities in the
facts themselves. Nahm and Mooney [Nahm and Mooney,
2000] have implemented such a combined system, called
DiIscOTEX, for extracting information about job openings
from newsgroup postings. Their system learns association
rules between fields (analogous to our prior model over ob-
ject attributes) and uses these rules to improve the recall of an
IE system. Another example of using domain knowledge to
improve IE is the DATAMOLD system [Borkar et al., 2001],
which was applied to parsing postal addresses. DATAMOLD
has a database of containment relationships between cities,
provinces, and countries, and prefers parses that include city-
country pairs where the city is known to be in that country.
If we used a FOPM for this task, we would hope to infer the
geographic relationships while parsing the addresses.

6.2 Bayesian modeling

Another way to think about our probabilistic model would
be to say that all the unobserved attributes are parameters of
the model: then the prior distributions over these parameters
become parameter priors, and the problem of choosing how
many hidden objects there are (or computing a posterior dis-
tribution over the number of hidden objects) is one of model
selection (or model averaging). This Bayesian model selec-
tion problem has been tackled, for example, by [Green, 1995]
using an MCMC inference method.

Researchers in other branches of Al have used similar mod-
els where the observed data is generated by first generating
some hidden objects, then generating a correspondence be-
tween observations and hidden objects, and finally generat-
ing the values of the observations conditioned on their cor-
responding hidden objects. Applications of such models in-
clude robot localization [Anguelov et al., 2002], recovering
the 3D structure of an object from multiple images [Dellaert
etal., 2003], and finding stochastically repeated patterns (mo-
tifs) in DNA sequences [Xing et al., 2003]. However, not all
these models are fully Bayesian: [Dellaert et al., 2003] esti-
mate the positions of visual features (corner points, etc.) on
objects using maximum likelihood. They note that this strat-
egy is feasible only because they assume that in each image,
the mapping from observed features to actual features is one-
to-one. Thus, there is no question about the number of hidden
objects (features), and no need for the Occam’s razor effect
provided by a fully Bayesian approach.

7 Conclusions

We have argued that first-order probabilistic models are a use-
ful, probably necessary, component of any system that ex-
tracts complex relational information from unstructured text
data. We presented an example of such a model for one par-
ticular information extraction task. Many desirable features
of plausible reasoning, such as a preference for simple ex-
planations and the combination of top-down and bottom-up
information, which are lacking in most nonrelational or non-
probabilistic IE systems, occur naturally in our model.



Some of the directions we plan to pursue in the future
include defining a representation language that allows such
models to be specified declaratively, scaling up the inference
procedure to handle large knowledge bases, and tackling do-
mains where the observed text is even less structured.
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Abstract

Although information extraction and data mining
appear together in many applications, their inter-
face in most current systems would better be de-
scribed as serial juxtaposition than as tight inte-
gration. Information extraction populates slots in
a database by identifying relevant subsequences of
text, but is usually not aware of the emerging pat-
terns and regularities in the database. Data mining
methods begin from a populated database, and are
often unaware of where the data came from, or its
inherent uncertainties. The result is that the accu-
racy of both suffers, and significant mining of com-
plex text sources is beyond reach.

This position paper proposes the use of unified, re-
lational, undirected graphical models for informa-
tion extraction and data mining, in which extrac-
tion decisions and data-mining decisions are made
in the same probabilistic “currency,” with a com-
mon inference procedure—each component thus
being able to make up for the weaknesses of the
other and therefore improving the performance of
both. For example, data mining run on a partially-
filled database can find patterns that provide “top-
down” accuracy-improving constraints to informa-
tion extraction. Information extraction can provide
a much richer set of “bottom-up” hypotheses to
data mining if the mining is set up to handle ad-
ditional uncertainty information from extraction.

We outline an approach and describe several mod-
els, but provide no experimental results.
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techniques has revolutionized many commercial and govern-
ment enterprises by enabling more accurate decision making
in such areas as industrial contfaang, 1999, fraud de-
tection[Fawcett and Provost, 19B7nventory management
[Agrawal et al, 1993, and customer relationship manage-
ment[Domingos and Richardson, 2001

There is already much data in the necessary “database-
form,” (with fields and records), but there is also a vast
amount of important information available only in natural
language text, such as Web pages, publications, corporate
memos, research findings, government reports and other doc-
uments. To be accurately mined, these data must first be be
first organized and normalized into database-form.

Information extraction aims to do just this—it is the pro-
cess of filling the fields and records of a database from un-
structured text. Its traditional intended use is as the first
step of a pipeline in which unstructured text is converted
into a structured database, and then data mining produces
predictive models from this database. Historically informa-
tion extraction has most often been studied for news articles
[Appelt et al, 1994, but more recently has been applied to
many textual formats, including Web pad&sderland, 1997;
Cravenet al, 1998; Bleiet al, 2004, government reports
[Pintoet al., 2009, scientific article§Lawrenceet al., 1999;
McCallum et al, 2000b; Ray and Craven, 2004nd legal
documentdBruninghaus and Ashley, 20D1 Also recently
there has been somewhat of a revolution in the use of statisti-
cal and machine learning methods for information extraction,
e.g. [Bikel et al, 1997; McCallumet al, 2000a; Lafferty
et al, 2001; Carreragt al, 2002; Roth and tau Yih, 2002;
Ray and Craven, 2001; Klekt al, 2003.

However, in spite of the improved results of these machine
learning methods, and in spite of a surge of over-anxious
commercial ventures claiming success, information extrac-

pdion with sufficient accuracy to dump directly into data min-

future, and make informed decisions based on the evidendd9 remains elusive, and the promise of mining from textual

in large databases. For example, data mining of catego

to understand which items are bought by the same custome

predict sales of seasonal items, and more efficiently mana

its inventory> Over the past decade, the use of data miningf_
[

rsources is largely unfuffilled. Although there has been much
gfiscussion about combining information extraction and data
ining, there are few examples of successful pipelining of
le two technologies on anything but simple problems.

This position paper proposesxtraction-mining random
elds—a family of models for improving our ability to data

While in some circles, data mining indicates “unsupervised dis-Mine information in unstructured text by using information
covery of patterns,” here we include classification and other superextraction and data mining methods that have such tight inte-
vised learning tasks within the scope of data mining.

gration that the boundaries between them disappear, and they



can be accurately described asified framework for ex- 2.1 Inaccurate extraction
traction and mining. This framework uses rich, intertwined state-of-the-art precision and recall for extracting named en-
undirected graphical models in which extraction decisionsgjties (such as people, organizations and locations) is in the
and data-mining de_C|S|ons are made with acommon inferenc@- to mid-90's percent for many systems and domains—
procedure—the evidence for an outcome being the result qhcjuding BBN's IdentiFinder on news wire articlgBikel et
inference both “bottom up” from extraction, and “top down” g1 "1997, Cora’s hidden Markov models on research paper
from data mining. Thus (1) intermediate hypotheses fromhaaderdMcCallumet al, 20008, and WhizBang Lab’s ex-
both extraction and data mining can be easily communicategactors on web page dasicCallum, 2002. The winners of
between extraction and data mining in a closed loop systempe CoNLL-2002 named entity competitidGarreraset al,
(2) mutually-reinforcing evidence and uncertainty will have 2004 reached only about 80% precision and recall on Span-
the opportunity to be properly marshaled, (3) and accuracysh newswire text. One of the most recent research papers on
and confidence assessment will improve. named entity extraction from Web pages reached precision
Our focus in both areas is on relational data—data aboudnd recall in the high 80ECollins, 2002. Reaching about
entities and links that is better described by graphs than by th@0% precision and recall may seem good until one realizes
flat attribute-value representations used in much of machinghat this means that more than one in ten fields in the database
learning. The edges (or hyper-edges) in such graphs represefie either incorrect or missing.
binary (or n-ary) relations between entities, such as familial When we consider the accuracy of database records (or
relationships among people or hyperlink relations among webrelations”) instead of individual fields, the state-of-the-art is
pages. In terms of probabilistic models, individual relationseven worse. For a relation to be correct, all its constituent
or chains of multiple relations help structure the probabilisticfields and its relation-type categorization must be correct.
dependencies among entities. More formally, in addition toEven if a system had 95% accuracy in extracting individ-
having graph structure, we define a relational task as one ipal fields and categorizing relations, the overall accuracy of
which the system’s outputs have several compongnts;  a three-slot relation would be only 80%. This happens be-
{v1,...}, and not all the components are independent frontause each automated decision in the formation of a relation
each other given the inputs; thus3i, j such thatP(y;|x) #  is performed independently, and the errors compound. For
P(yilyj, x). example, the top performer in the 2002 DARPA ACE evalua-
Our proposed models are all trained to maximize con+ion had entity extraction precision and recall scores of about
ditional probability of the outputs given the inputs. Such80%, but binary relation extraction scores of only roughly
models have the advantage of not requiring explicit rep60%[DARPA, 2003.
resentation of dependencies among the features of the in- A better solution should not treat the components of a re-
put. This is especially advantageous when using complexXation independently, but should make coordinated decisions
overlapping and multi-granularity features, as is common irand model them together. For example, the model could know
work with natural language teMcCallum et al, 2000a; that a person graduates from a university, not from another
Lafferty et al,, 2001. person, and use this to coordinate its extraction of a person
name, a university name, and its categorization of the rela-
tion. If done correctly, relations should actually provide con-
2 The Task and Problem straints that help improve overall extraction accuracy, not hurt

o o ) _ . it. Thisidea is one component of our proposed approach, and
Data mining has enabled a revolution in planning, decisions expanded in the section 3.

making and organizational efficiency in many areas of indus-
try and government. A similar revolution could be brought2.2 Poor coreference resolution

about in many additional areas if it were possible to mine thegne of the key problems in current systems that work on
vast amount of information currently locked in unstructured,stryctured text is recognizing when two string names are
text. In many domains, there is far more information in doc'referring to the same entity. For example, “Colin Powell,”
uments and other text than there is in structured databases.upowe”,n “U.S. Secretary of State,” “the Secretary of State”
For example, CiteSedtawrenceet al, 1999 mines the  are not string-identical, but in some context may all refer to
Web for research papers, extracts title, authorship and citatiofhe same person. If they get separate entries in the database,
information, and thus enables analysis of the citation graphelational connections will be missing, and data mining will
for finding seminal and survey papers. This service has hafot find the patterns it shou[densen, 1999
significant impact on the the practice of computer science re- Coreference (also known as de-duplication, or record
search. However, the variety of fields and relations it extractgnatching) is also a difficult problem in traditional databases.
is small, and the limited accuracy of its existing relations con-There, some of the most successful approaches bring to bear
strains the ability to perform more sophisticated data mininga multitude of evidence from different fields of each record,
For example, Pasukt al. [2009 note that CiteSeer contains e.g. [Borthwick et al, 2000; Bilenko and Mooney, 20p2
records of over 30 separate Al textbooks written by RusseHowever, the problem is especially difficult in text domains
and Norvig, when actually there is only one. where the original data is unstructured, the availability of
Unfortunately, the complex data mining of rich unstruc- some fields is questionable, and the collection of fields into
tured text is not feasible with current methods: extraction isrecords has not yet been performed.
often inaccurate, co-reference resolution is often poor, and Often some amount of coreference resolution must hap-
data mining is not able to recover from a noisy database. pen in order to gather all fields of a record because the infor-



mation is dispersed across multiple sentences, paragraphstan from unstructured text.
documents. Thus we have a difficult chicken-and-egg prob- A few preliminary research-level exceptions are discussed
lem: to perform accurate coreference we need a multitude af section 4. Two larger-scale exceptions are FlipDog.com
evidence from different fields of a record, but to gather all the(a database of job openings populated mostly through ex-
fields of a record we rely on coreference resolution. Corefertraction), and CiteSediawrenceet al, 1999 (a database
ence resolution and record (relation) building should happeiwnf research papers and citations populated through various
simultaneously in a coordinated effort. automatic methods). However, FlipDog makes significant
Part of the reason coreference has historically been sconcessions in recall to obtain higher precision, and also re-
problematic in text domains is that it sits on the boundarylies on non-trivial amounts of human verification to clean
between extraction and data mining. Formation of the fieldsts databas¢McCallum, 2002. In CiteSeer, the extraction
and records is addressed by extraction; record de-duplicationf research paper references is significantly easier than most
is usually seen as a database issue. However, as we hakiads of named entity extraction from less structured data,
just pointed out, they rely on each other in highly intertwinedand CiteSeer still makes many significant errors in extraction
ways. They cannot be deeply solved separately. This is pa&nd coreference (as described in the “Russell and Norvig” ex-
ticularly true of cross-document coreference, an extremelample in section 2).
important problem that has received little attention. We believe that extraction and data mining should be able
Early work on relational coreference resolution includesto help each other through close coordination rather than each
Pasulaet al. [2003 and McCallum and Wellnei2003; the  failing separately. We describe our approach in some detail
later is briefly described in section 3.4. in the next section.

2.3 Fragile data mining 3 A Solution

One might hope that data mining techniques could compen- ) ) , i
sate for the errors introduced by inaccurate extraction an@Uur approach to both information extraction and data min-
poor coreference resolution. Research in data mining has 89 1S based on statistical machine learning and probabilistic
long history of constructing accurate models using combinaModels. These methods have had a high degree of success in
tions of many features. Work with decision trees, Bayesiarfach of the two fields recently. There are also strong benefits
classifiers, support-vector machines, and ensemble method®, Using models of IE and data mining that are tightly com-
has produced methods that combine large numbers of (poteRatible with each other—with both of them speaking the lan-
tially noisy) features into a single model that can “damp out”guage of probabilities, they will share a common, low-level
high levels of noise and allow accurate predictions. communication medium. _ _ _

Unfortunately, this existing work on high-accuracy clas- I fact, we propose a model that is so tightly integrated that
sifiers presumes propositional instances, each of which hd§€ boundaries between IE and data mining disappear. Our
large numbers of features. In contrast, data produced by iRfoposed unified system can be understood as a single, large
formation extraction has a rich relational structure, but eactgonditionally-trained undirected graphical model. This is a
entity and relation has relatively few features. This obviatedyP€ of probabilistic model that excels at capturing highly in-
the strategies used to such great effect in propositional learrierdependent, relational data in which strict causality among
ers, and can often result in brittle, inaccurate models. Som8Vents is not necessarily apparent—a set of circumstances ap-
relational learning techniques attempt to overcome this difP€aring both in low-level text data and higher-level relational
ficulty by constructing relational features to supplement thedata mining. . .
relatively small number of intrinsic features present in the raw In the next subsections we describe how recent research
data. However, such calculations rely simultaneously on botf both information extraction and data mining have inde-
extracted relations (the most error prone element of extracte@endently arrived at undirected graphical models, and then
data) and extracted features, so they suffer from the combine@escribe our proposed unification, the advantages of our ap-
errors of both types of data. proach, and several specific models.

Fortunately, relational graphical models can leverage twqg ) ) )
sources of added power to compensate for the relative lack-1 Models for information extraction

of high-quality features. First, these models can incorporatginite state machines are the dominant model for information
information about the uncertainty of the underlying data to in-extraction both in industry and research. There was signifi-
fluence how strongly specific features influence predictionscant early work with hand-tuned finite state transducesg,

By using uncertainty estimates on extracted entities, relationgJerryet al., 1996, but more recent work is with finite state
and features, the models can “play to the strengths” availablghachines whose parameters are set by machine learning—
in extracted data. Second, these models can use the relationgabst commonly hidden Markov moddBikel et al, 1997;
structure of the data themselves so that high-confidence infe[-eek, 1997; Freitag and McCallum, 1999; Ray and Craven,
ences about some entities can be used to aid inferences ab@g].

related entities. We discuss this approach in more detail in Hidden Markov models have parameters for state-to-state

section 3.3. transition probabilities and per-state observation emission
probabilities. From these one can easily calculate the proba-
2.4 Consequences of Problems bility that the model would have generated a particular state

The consequence of these problems is that little or no datsequence associated with a particular observation symbol se-
mining is conducted on databases produced through extragquence. When used for extraction, the emission symbols are



typically natural language words, and states are associate?l2 Models for data mining

with different extraction fields. For example, to extract per-york on data mining has traditionally relied on a common
son names, the hidden Markov model may have two stategamily of techniques for learning statistical models from
one forperson-names, and one foother. To perform ex-  honositional data. For example, algorithms that learn deci-
traction on a particular word sequence, one uses the Vlterkgion treedQuinlan, 1993; Breimagt al, 1984, linear mod-
algorithm to find the state sequence most likely to have geng|s[McCullagh and Nelder, 1989and simple Bayesian clas-
erated the given the observed word sequence, and then degriers[Mitchell, 1997 are typical parts of many data mining
ignates as person names any words Viterbi that claims Wergystems. More recently, work has focused on how to com-
generated while in thperson-name state. bine simple models into more complex models such as en-

A disadvantage of hidden Markov models is that, beingS€Mbles learned through bagglyeiman, 199pand boost-

generative models of the observation sequence, they are linff?d [Schapire, 1999 Finally, the use of graphical models of
ited in their ability to represent many non-independent, overPropositional datgJordan, 199Bhas become widespread, of-
lapping features of the sequence. In other words, since th€" incorporating simple classifiers such as decision trees to
observations argeneratedy the model, the model must rep- €Stimate conditional probability distributions. y
resent any correlations between features in order to faithfully Unfortunately, attempting to adapt these propositional
reproduce them. When there are many correlated features, 2/Ners to relational data can lead to serious statistical er-
complex dependencies among them, (or a desire to captuf@rS: Over the past two years, the second author has iden-
features at multiple levels of granularity and features of the!l1€d several ways in which the structure of relational data

past and future), this modeling is prohibitively difficult, (and @0 cause significant bias in learned models. For example,
in many cases impossible). many relational data sets exhibit autocorrelation among the

features of relational entities (e.g., most coauthors of a pa-
The ability to use arbitrary features is important becauseer tend to be employed by a single type of organization).
often significant features of the observation sequence includ€his autocorrelation can be useful for prediction, but it can
not just the identity of the words, (e.g. the word “Wisniewski” also systematically bias naive learning algorithms toward fea-
was observed), but also other features of the word and itkires with theeastsupporting evidencElensen and Neville,
context—for example, it is capitalized, it ends in “ski,” itisin 2004. More recently, we have also discovered that corre-
bold face, left justified, it is a member of a list of last nameslation between the feature values and the structure of rela-
from the U.S. Census, the previous word is a recognized firdgional data can cause naive learners to produce models with
name, and the next word is “said”. All of these are powerfulinvalid structure[Jenseret al, 20034. We have found so-
pieces of evidence that the word is a person’s last name-utions to both these probleniSensen and Neville, 2003;
especially useful evidence if the word “Wisniewski” does notJenseret al, 20033 and incorporated them into our own re-
appear anywhere in the labeled training data, (a typical cirtational learning algorithms.
cumstance in the common case of limited labeled data). Another failing of many traditional data mining techniques
. N is that they do not use uncertainty information on data items.
Furthermore, and highly significant to our approach, wepjthough we know the probability of correct extraction for
also want an information extraction model that provides & given entity or relation, most data mining models cannot
place for data mining to inject arbitrary “top-down” infor- ;se that information during learning or inference. Notable
mation that could improve extraction accuracy. A simple,exceptions are the techniques for learning and inference in
yet powerful interface between data mining and extraction igraphical models.
for the extraction model to see the output of data mining €s=" A fing| failing of traditional models learned through data

sentially as additional features.—top-dow.n f_eatures in_stead %ining is that they make predictions for each instance (e.g.,
bottom-up word features. Details and variations are discusseg, ., document) individually, independent of any other. These

in the following subsections. approaches typically “propositionalize” the data, by flatten-

Maximum entropy Markov models (MEMM$McCallum N9 complex relational da}ta into a S|_ngle table. Such ap-
et al, 20003 and conditional random fields (CRA&fferty ~ Proaches miss the potential opportunity to correct for errors
et al, 2007 are two conditional-probability finite state mod- O" SOMe instances based on higher-confidence predictions
els that—because they are conditional instead of generative-2P0Ut related instances.

afford the use of arbitrary features in their modeling of the _Fortunately, a small but growing body of researchers is ex-
observation sequence. ploring new methods for relational data mining that overcome

these difficulties. These techniques move beyond naive adap-

Conditional Markov models have provided strong empir-tations of methods for propositional learning, and they take
ical success. They extracted question-answer pairs froreeriously the unique opportunities and challenges presented
Frequently-Asked-Question lists with double the precision ofby relational data. One excellent example is the work by
an HMM [McCallum et al, 20004. They reduced part-of- Getooret al. [200] on learning probabilistic relational mod-
speech tagging errors on unknown words by 50% over aels (PRMs), a form of directed graphical model that learns the
HMM [Lafferty et al, 2001. They have achieved world-class interdependence among features of related entities. PRMs
results in noun phrase segmentatiSha and Pereira, 2003a have been applied to learning relationships among movies
They found tables in government reports significantly moreand their actors, among tuberculosis patients and their con-
accurately than previous methofRintoet al, 2003. They tacts, and among Web pages.
remain an extremely promising area for new research. Despite their power, PRMs are unable to express many of



the types of mutual dependence among features becausebatween “Beth Smith” and “Tracy”. Since the data mining

PRM must be alirected acyclicgraph. For example, the model parameters indicate that this relation only occurs be-

acyclicity constraint makes it nearly impossible to express autween a person and a project, it can be correctly deduced that

tocorrelation[Jensen and Neville, 2002a nearly ubiquitous the word “Tracy” must be a project name here, not a person

feature of relational data sets. Autocorrelation can be used toame. And furthermore an appearance of the person name

greatly improve model accuracy through the natural feedbacKTracy Jones” on a different Web page can correctly be said

of probabilistic inference. not to be co-referent with the project “Tracy” on the first page.
Undirected graphical models, however, remove theAll of these constraints are communicated in subtle shades of

acyclicity constraint, and some of the most advanced workrobability that work themselves out through the statistically

in relational learning has focused on these models in th@rincipled methods of inference.

past two years. These models combine the benefits of tradi- . )

tional graphical models, including understandability and in-3-4 Conditional Random Fields

corporation of uncertainty, with the advantages of full infer-|n this section we define conditional random fields and

ential feedback. Studies o&lational or collective classifi- describe how they may be used to create unified models

cation with undirected model§askaret al, 2002; Neville  for information extraction and data mining—illustrating this

and Jensen, 200Cthave shown impressive gains in accu- framework with several specific examples.

racy. Based on the our preliminary work, undirected graph- Conditional Random Fieldd afferty et al, 2001 are undi-

ical models of relational data are poised to produce subrected graphical models (also knowrrasdom fieldyused to

stantial accuracy gains in almost all cases, analogous to thglculate the conditional probability of values on designated

type of gains seen with ensemble classifl@giman, 1996;  output variables given values assigned to other designated in-
Schapire, 1990and for the same reasons—substantial reducput variables.

tions in variance because of an increase in the evidence used| et X be a set of input random variables, a¥iche a set of

for each inferencéJenseret al, 2003H. output random variables. Then, by the fundamental theorem
. of random fielddHammersley and Clifford, 1971a condi-
3.3 AUnified Model tional random field defines the conditional probability of val-

Thus, conditionally-trained, undirected graphical models aréiesy given valuesk to be a product of potential functions on
at the heart of recent work in two fields: one examining datecliques of the graph,
at word level for information extraction, and the other exam-

ining data at the entity level for data mining. Even though P(ylx) = 1 H D (X, ¥e)s

they provide modeling at different levels of abstraction, they Zx ceC

meet each other at the entity level, and are fundamentally pro- ) »

viding models of the same data—one “bottom up,” the othewhere Zx = >_., [[.cc Pc(xc,yc) is the partition func-
“top down.” tion (normalizer),C is the set of all cliques®.(-) is the

The two models are entirely compatible with each otherpotential function for cliquec, x. is that sub-set of the
An undirected graphical model of information extraction canvariables inx that participate in clique:, andy. is de-
be combined with an undirected graphical model of data minfined analogously. We calculate the potential functions as a
ing in one grand, unified graphical model—a unified proba-log-linear combination of weighted featureB,(x.,y.) =
bilistic model, with a unified representation of data and out-exp(> ;. Aicfre(Xe, ¥e)), Wherefic(si—1, s¢, 9, t) is an arbi-
comes, a unified set of parameters, unified inference procdrary feature function over its arguments, and is a learned
dures, and unified learning procedures. weight for each feature function.

Seen in this light, information extraction and data min-
ing are not separate processes, but a single collective whol
No hard, brittle decisions need to be made at one stage of
pipeline in order to be passed to the next stage—the subtle ! ) .
and most uncertain of hypotheses can be communicated bagXFS make a first-order Markov independence assumption
and forth between extraction and data mining, each helpiné‘".10ng output nodes, and thus correspond to finite state ma-
the other converge to an agreed upon conclusion. hines (FSMs), which have been shown to be suitable se-

For example, consider the following scenario. Word-leve|dU€Nce mOdI?IS for :jnfqrmatlon extractiang. [Bikel et al,
features alone might leave ambiguous whether an appearan$897' McCa ‘um‘an Li, 2003 .
of the word “Tracy” on a university Web page is a person -6l X = (z1,22,...z7) be some observed input data se-
name or a project name. An appearance of “Beth Smith” orfluence, such as a sequence of words text in a document, (the

: : : lues om input nodes of the graphical model). L&the a
the same page might more certainly be hypothesized to be‘fgt of FSM states, each of which is associated with a label,

Linear Chain
Eg’ the special case in which the designated output nodes of the
ggphical model are linked only by edges ifisear chain,

person name. Through initial coreference analysis, we migh £ (such as a label ERSON. Let v —
find Beth Smith's home page, and her relations to some othdr € £+ (SU  tat ’\%h Iy « <yt1’yt2’ "‘é’T>
people. These patterns of relations (in combination with th?® SOMe sequence of states, (the value$' @utput nodes).

. :Ii . . ” . P
words on her home page) might cause the model to decide 2The term “random field” has common usage in the statistical

that Beth Smith is likely a professor. Knowing this might physics and computer vision communities. In statistics the same
help provide just enough additional evidence to the extraCmodels are also known as “Markov networks.” THdenditional

tion model running in the context of the original page thatmarkov NetworkdTaskaret al, 2003 are identical to Conditional

it is able to hypothesize Rrincipal-Investigator-Of relation ~ Random Fields.



CRFs define the conditional probability of a state sequencéffinity- or Relationship-Matrix

given an input sequence as When predicting entity coreference (or other types of rela-
tionships), rather than a sequence of labels, let the output be

) T a matrixw = {w;1,wa, .. ws, ... wpr} Of labels on pairs
Pi(vlx) = — e A - x,1) . of vx_/o_rds (or ent|t|e$), and formlng a matrix of .coreference
A1x) Zx P <;§k: REUSRS )> decisions or other binary relationships. We define the distri-
B bution,

This model ties parameters = {),...} across sequence
positions, but this is just one possible type of tying. Various
patterns of parameter tying may be based on arbitrary SQL- 1 ,
like queries[Taskaret al, 2004. Several specific patterns Py (wlx) = 7 eXP ZZ)‘k’fk’(wtt/vX»tvt)
relevant to unification of extraction and data mining are de- x 2
scribed below. Many others in this framework are also possi-

ble. + Z A fe(Wegr , Wergrr, wegrr )
Cross-referenced Linear Chain bt b

The previous model captures dependencies between adjacent.l_h. del. in which inf d h
pairs of labels, but in some cases we may have reason to be.. | /s Model, in which inference corresponds to graph par-
lieve that other, arbitrarily-separated words have depender@omng’ is further described in McCallum and Wellner
labels. For example, capiuring the fact that two identical capt2003, where the need for dependencies amongutsén the

italized words in the same document often should share thgecond sum is also explained. Another variant described there
same label will help us know that “Green’” is a last name Whenals:o predicts attributes associated with entities. The matrix

we have seen the phrase “David Green” elsewhere in th aTI be Tafjezcs)gg(rjse by approximation witanopies[Mc-
document. Such dependencies among selected [airsf allumetal, '
arbitrarily-separated words can be represented withoas-  Factorial Chain and Relationship-Matrix

referenced linear chain Entity extraction, classification of entities, coreference, and
determination of other relationships among entities can all be

1 T performed simultaneously by a factorial model over chains

Pi(vlx) = — ex A LU X, T and matrices. This is a model that could solve the “Tracy”
A1) Zx P (;zk: i1, ) problem described above. The equation (which we omit to
save space) includes a straightforward combination of the

sums from the previous two models, plus additional desired
+ Z Z A T (Yes Yo %, 1) dependencies among output variables. Other promising vari-

(tt')eP K ations include the integration of hierarchical models corre-

Note that the edges among the output variables now forrf?’pondmg to parse trees.

loops, and inference is more difficult than before. Approxi- Inference and Parameter Estimation

mate inference methods are discussed below. Given an inference procedure, parameter estimation in all

Factorial Linear Chain these models can be performed with standard optimization
- - . dures such as conjugate gradient or approximate quasi-

When there are multiple dimensions of labels to beProce i X

predicted—for example part-of-speech, phrase boundarie éewton ;ne}_hod{;l\/lglr(])qf, 200dZ,|Sha agd Per}c{awa, qu’ﬁmr ’

named entities, and the classification of entities into cate'c c'c€ '0r Linear Lhain Models can be performed eticiently

gories (such as BIDENT and FROFESSOB—these multi- with dynamic programminglafferty etal, 2001. The other
]x:nodels have loops among output variables, and thus we must

esort to approximate inference. Approximate inference in
he Affinity-Matrix models can be performed by randomized
graph partitioning algorithms, as describedMcCallum and
Wellner, 2003. We have had considerable success perform-
ing inference in the Factorial Linear ChaiRohanimanesh
and McCallum, 200Bwith Tree-based Reparameterization
[Jaakkolaet al, 2001. Improved methods of efficient ap-
proximate inference in these models remains an open area
ZAkfk(ytflayt,Xa t) for research. Feature induction (which also corresponds to
k graphical structure induction for these models) is described
in McCallum[2003.

ficiently represented in a factorial model. Ghahramani an
Jordan[1999 describe a factorial HMM. Factorial CRFs are
detailed inf[Rohanimanesh and McCallum, 2Q0and define
the probability of two label sequence factoysandy’, con-
nected in a grid as

M=

1
Pa(y,y'|x) = -~ ©Xp (

“
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1

E

+ )\k’fk’(yéfh y£>X7 t)

1K 4 Related Work
There has been a large amount of previous separate work on

et fror (Y, Yty X, t)) . information extraction and data mining, some of which has
been referenced and described previously in this paper.

+

M~ 1
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4.1 Relational extraction and data mining may merge records based on TF-IDF similarity instead of ex-
act matches—doing so on the fly in response to a particular

There is also a new and growing body of work in extractlonquery_ This approach is intriguing, but it seems only to delay

of relational data, as well as separate work in data MININGhe inevitable difficulties. Much noise and error remains in

of relational data. In extraction, the association of entities I :
into relations has traditionally been performed by classifica—these soft joins, and this approach could not support complex

tion of entity pairs independently from each other. For ex_relatlonal data mining. : . :

ample, noun coreference can be decided by the output of g SOMe Of the most truly integrated work in extraction and
binary maximum entropy classifier indicating whether or notdat@ mining has been done by Ray Mooney's group at UT
the two nouns in the pair are co-referéMorton, 1997. The Austin. For example, in one project, twelve fields of data are

binary classifiers can also be quite sophisticated, for exampIFXtraCtegr;ro? %EN ETI c&)mputer-relayed JIOb ads “S'rr‘lg %rUIe
using SVMs with complex kerne[Zelenkoet al., 2003. earner. Thefields include programming-language, haraware-

However, these methods perform entity extraction com platform, application-area, etc. A second rule learner is ap-

pletely independently from association (causing error lied to an imperfectly-extracted database to produce rules

to compound), and also make coreference and relation[-hatw'” predict the value in each field given the others. Then

. i : hese rules are used to fill in missing values and correct er-
formation decisions independently from each other (allow-, oy traction—a very nice example of “closing (one turn
ing decisions to be inconsistent and errorful). For example

one classifier might decide that “Mr. Smith” is co-referent of) the loop.” This work is a promising first beginning; there

with “Smith,” and another classifier might incompatibly de- remain much additional work to do, especially in the use of

: s ha i S b stronger statistical machine learning methods, such as graph-
ﬁgt?véh:;;?(l)zcﬁrgt?o 'esxt(ﬁg;[e;irdergu\i'lv(;t?elzgghs ﬁ]naalst?nréleical models, that have provided world-class performance in
- : other independent extraction and data mining problems. This
augmented finite state machifi@ay and Craven, 200 or is the aper())ach we put forward in this paperg P
parsing mode[Miller et al, 200d, however this only oper- ’
ates over relations formed within one sentence. Other work )
[Roth and tau Yih, 2002recognizes and models the depen-5 Conclusions

dencies across multiple entity classifications and relationswe have presented motivation. problems and proposed So-
however it relies on entity extraction having already been - P e ' P ; prop .
utions for a unified framework of extraction and data min-

performed. Recent work in coreference analysis also explic- using conditionally-trained undirected graphical models.

itly models the dependencies among coreference decisions gty e X . .
multiple pairs of pre-extracted entitiéBasulaet al, 2002; qﬁlk%s approach addresses the three critical topics of integrating

McCallum and Wellner, 2043 extraction _and data mining:
As described in sect’ion 3.2, there has been a recent surg%létri‘gﬁrfgg%2;:”;%??eg:e_rlhfeggﬁggeif’]esrggggmt e)((j-is-
of research on relational data mining. Particularly notabletr 9 P P y

is work based on undirected graphical moddaskaret al ibutions on nodes of the graphical model. For example, in
2003, (and also indirectlfNeville and Jensen, 2000 The €xtractionsections of the model, a node might represent an in-

former involves experiments on data mining of academic englwdual word, and contain a probability distribution over the

s, alfough i does 50 through Wieb page and hyperin1Y abeierson, projet Umversiy. atherete In e
classification, not through full information extraction (which g ' 9 P

would involve extracting multiple sub-segments of text Onrelation between two entities, and contain a probability distri-

a page, and more difficult coreference and relation-buildinggu'".On over the labelprincipal-investigator-of, adviser-of,
analysis). roject-colleague-of, etc.

With both extraction and data mining embedded in the
P ; : same model, intermediate hypothesis are naturally communi-
4.2 cllze?tg.ymmilr?irnkgm integration of extraction and cated back and forth in the language of probabilities. Rather
than being a problem, uncertainty becomes an opportunity—
There has still been relatively little work on integration be- with the ability for the intermediate hypotheses of data min-
tween extraction and data mining. Most current work is beting to improve extraction, and vice-versa.
ter characterized as serial juxtaposition, (el@haniet al., Inferential Feedback — Closed-loop feedback between
200d), or mining raw text data (such as documents, webextraction and data mining is a natural outcome of inference
sites, hyperlinks, or web logs), (e.gHearst, 1999; Craven in the unified graphical model.
et al, 1998; Taskaet al, 2002; Kosala and Blockeel, 2000;  Note that there has been some previous work on feeding
Andersonet al, 2003), but not mining a rich database re- extracted data into data mining (see section 4), and perform-
sulting from information extraction, (that is, sub-segments ofing inference on this noisy data. However, we are proposing
text on a page, each referring to different entities—which ismodels that actually “close the loop” by feeding results of
significantly more difficult). data mining back into extraction, and looping back to data
One interestingly different approach does not aim to eximining repeatedly. This closed-loop, bi-directional commu-
tract a correct database, but instead attempts to data minenécation will allow subtle constraints to flow both directions,
“soft database” consisting of the raw text of each mentionjet sharper conclusions be formed by the agglomeration of
(without any coreference analysis having been performednultiple pieces of uncertain evidence, and help turn the com-
and perhaps with extraction boundary errof€phen and munication of uncertainty into an advantage, not a disadvan-
Hirsh, 1998. New database operations, such as “soft joins’tage.
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e|S’ inc|uding finite state machianCa"um et a_|_’ 20003_' [Jensen and Neville, 20D3D. Jensen and J. Neville. Randomization tests for relational learning. In
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Abstract are applicable only to this universe. In practice, however,
) . _ ) there is an evident need to generalize conclusions obtained
The Variable Precision Rough Set Inductive Logic from a smaller set of examples to a larger population. The
Programming model (VPRSILP model) extendsthe  \/pRS model allows for a controlled degree of misclassifica-
Variable Precision Rough Set (VPRS) model toIn- jon Any partially incorrect classification rule provides valu-

ductive Logic Programming (ILP). The VPRSILP able trend information about future test cases if the majority
model is considered from the Statistical Relational  f gvailable data to which such a rule applies can be correctly
Learning perspective, by comparing and contrast-  ¢|assified.

ing it with Stochastic Logic Programs. This paper presents the Variable Precision Rough Set

Inductive Logic Programming moddMaheswariet al,
_ _ , . 20014, an extension of the gRS—ILP model using features
Keywords: Rough Set Theory; Variable Precision Rough ot the VPRS model, and compares and contrasts this model

Sets; Inductive Logic Programming; Machine Learning; Stasjith Stochastic Logic Prograni#luggleton, 2000
tistical Relational Learning '

2 Inductive Logic Programming

1 Introduction The semantics of ILP systems are discussefMaggleton
Inductive Logic Programming (ILHMuggleton, 1991isthe  and Raedt, 1994In ILP systems, background (prior) knowl-
research area formed at the intersection of logic programmingdgeB and evidence® (consisting of positive evidencg*
and machine learning. ILP uses background knowledge, angdnd negative evidencE~) are given, and the aim is then to
positive and negative examples to induce a logic program th&ind a hypothesig? such that certain conditions are fulfilled.
describes the examples. The induced logic program consists In the normal semantigs the background knowledge,
of the original background knowledge along with an inducedevidence and hypothesis can be any well-formed logical
hypothesis. formula. The conditions that are to be fulfilled by an ILP
Rough set theoryPawlak, 1982; 1991defines an indis- system in the normal semantics are
cernibility relation, where certain subsets of examples can- Prior Satisfiability:B A E~ [ O
not be distinguished. A concept is rough when it contains Posterior SatisfiabilityB A H A E~ (£ O
at least one such indistinguishable subset that contains both Prior NecessityB ~ E*
positive and negative examples. It is inherently not possible Posterior SufficiencyB A H = ET
to describe the examples accurately, since certain positive and
negative examples cannot be distinguished. However, thedefinite semantigsvhich can be considered
The gRS-ILP moddISiromoney, 1997; Siromoney and In- as a special case of the normal semantics, restricts the
oue, 2002 introduces a rough setting in Inductive Logic Pro- background knowledge and hypothesis to being definite
gramming. It describes the situation where the backgroundlauses. This is simpler than the general setting of normal
knowledge, declarative bias and evidence are such that any isemantics, since a definite clause theftyhas a unique
duced logic program cannot distinguish between certain posninimal Herbrand modeM ™ (T'), and any logical formula is
itive and negative examples. Any induced logic program willeither true or false in the minimal model. The conditions that
either cover both the positive and the negative examples iare to be fulfilled by an ILP system in the definite semantics
the group, or not cover the group at all, with both the positiveare
and the negative examples in this group being left out. Prior Satisfiability: alle € E~ are false inM™(B)
The Variable Precision Rough Set (VPRS) mold&arko, Posterior Satisfiability: alle € FE— are false in
1999 is a generalized model of rough sets that inherits all ba:\ ™ (B A H)
sic mathematical properties of the original rough set model. Prior Necessity: some € E* are false inM*(B)
Rough Set Theory assumes that the universe under considera-Posterior Sufficiency: at € E* are true inM* (B A H)
tion is known and all the 