
APPENDIX

A. RULE LANGUAGES
Figure 6 shows examples of rule languages referenced in recent

work. The figure shows three different implementations of the rule
that we had described earlier in Figure 1. Each implementation uses
a different rule language, but all three generate the same output,
except in certain corner cases.

In general, information extraction rule languages often differ in
syntax and overall expressive power [27]. However, most rule lan-
guages in common use share a large set of core functionality. Fur-
thermore, the common core functionality of most information ex-
traction rule languages can be expressed as standard SQL, with a
few text-specific extensions described next.

B. ADDITIONS TO SQL
In the examples in this paper, we augment the standard set of

SQL functions with the following text-specific functions:

1. Predicates and scalar functions for manipulating spans, used
for expressingjoin andselection predicates, and creating new
values in the SELECT clause of a rule; and

2. Table functions for performing three crucial IE tasks:regular
expression matching,dictionary matching.

Figure 7 lists these text-specific additions, along with a brief de-
scription of each.

The ability to perform character-levelregular expression match-
ing is fundamental in any IE system, as many basic extraction tasks
such as identifying phone numbers or IP addresses can be achieved
using regular expressions. For our example rule in Figure 6, regular
expression matching is appropiate for identifying capitalized words
in the document, and is expressed, for instance, in AQL lines 5 – 6,
and xLog line 5 in Figure 6.

For this purpose, we have added to our language theRegexta-
ble function (refer to Figure 7), which takes as input a regular ex-
pression, a relation nameR, and an attribute of type spanA of R,
and computes an instance with a single span-typed attribute called
matchcontaining all matches of the given regular expression on the
A values of all tuples inR.

A second fundamental IE functionality isdictionary matching:
the ability to identify in an input document all occurrences of a
given set of terms specified as entries in a dictionary file. Dictio-
nary matching is useful in performing many basic extraction tasks
such as identifying person salutations (e.g., “Mr”, “Ms”, “Dr”), or
identifying occurrences of known first names (e.g., refer to Fig-
ure 6, line 4 of JAPE, lines 3–4 of AQL, and line 3 of xLog). The
Dictionary table function serves this purpose in our language: it
takes as input the name of a dictionary file, a relation nameR, and
an attribute of type spanA of R, and computes an instance with a
single span-typed field calledmatchcontaining all occurrences of
dictionary entries on theA values of all tuples inR.

A third component of information extraction rules is a toolkit of
span operations. Table 7 lists the text-based scalar functions that
our system uses to implement various operations over thespan
type. Note the distinction between scalar functions that return a
boolean value (e.g.,Follows) and can be used as join predicates, and
scalar functions that return non-boolean values (e.g., Merge), used
as selection predicates, and to create new values in the SELECT
clause of rules.

C. PROVENANCE ASSOCIATED WITH
OPERATORS

Definition C.1 formalizes the notion ofprovenance graphused
in this paper. Note that the intention of the formalism below is not
to propose yet another definition for provenance. In fact, when re-
stricted to the SPJU fragment of SQL, Definition C.1 corresponds
to the original definition of how-provenance of [17]2. Rather, our
goal is to provide a pictorial representation of provenance that we
can use in discussing the algorithm for computing high-level changes.

DEFINITION C.1. [Provenance graph] LetQ be a set of rules
and D be a document collection. Thedata flow graph ofQ and
D, or in short, the data flow graph ofQ whenD is understood
from the context, is a hypergraphG(V, E), whereV is a set of
hypervertices, andE is a set of hyperedges, constructed as follows.
For every operatorOp in the canonical representation ofQ:

� If Op = Regex(regex,A)(R), or Op = Dictionary(dict file,A)(R),
thenfor everyt 2 R and every output tuplet′ 2 Op(t), V

contains verticesvt, vt′ andE contains edgevt
Op�! vt′ . We

say thatthe provenance oft′ according toOp is t.

� If Op = πA(R), whereA is a set of attributes, then for every
t 2 R and corresponding output tuplet′ = πA(t), V con-

tains verticesvt, vt′ andE contains edgevt
πA�! vt′ . We say

that the provenance oft′ according toπA is t.

� If Op = σC(R), whereC is a conjunction of selection pred-
icates, then for everyt 2 R and corresponding output tu-
ple t′ = σC(t) (if any), V contains verticesvt, vt′ and E

contains edgevt
σC�! vt′ . We say thatthe provenance oft′

according toσC is t.

� If Op = ./C (R1, . . . , Rn), whereC is a conjunction of join
predicates, then for everyt1 2 R1, . . . , tn 2 Rn and corre-
sponding output tuplet′ =./ (t1, . . . , tn) (if any),V contains
verticesvt1 , . . . , vtn and hypervertexfvt1 , . . . , vtn g, andE

contains hyperedgefvt1 , . . . , vtn g ./C�! vt′ . We say thatthe
provenance oft′ according to./C is ft1, . . . , tng.

� If Op = [(R1, R2), then for everyt1 2 R1 (or t2 2 R2) and
corresponding output tuplet′ 2 [(ft1g, ;) (or respectively,
t′ 2 [(;, ft2g)), V contains verticesvt1 (or vt2 ) and vt′ ,

andE contains edgevt1
∪�! vt′ (respectively,vt2

∪�! vt′ ).
We say thatthe provenance oft′ according to[ is t1 (or re-
spectively,t2).

� If Op = δ(R1, R2), then for everyt 2 R1 such thatt 62 R2

and corresponding output tuplet′ 2 ftg � R2, V contains

verticesvt, vt′ andE contains edgevt
δ�! vt′ . We say that

the provenance oft′ according toδ is t.

2Note that since each tuple is assigned a unique identifier, we are
essentially in the realm of set semantics.

596



JAPE [12] AQL [27] XLog [6, 30]

Rule: CandidatePersonName
Priority: 1

(
{ Lookup.kind == firstName }
{ Token.orthography == initialCaps }

):match
--> :match.kind = "CandidateName";

create view CandidatePersonName as
select CombineSpans(F.name, L.name) as name
from (extract dictionary FirstNameDict

on D.text as name from Document D) F,
(extract regex /[A-Z][a-z]+/

on D.text as name from Document D) L
where FollowsTok(F.name, L.name, 0, 0)
consolidate on name;

CandidatePersonName(d, f, l) :-
docs(d),
firstNamesDict(fn),
match(d, fn, f),
match(d, "[A-Z][a-z]+", l),
immBefore(f, l);

Figure 6: The rule from Figure 1, expressed in three different information extraction rule languages

Type Format Description

Predicate Follows/FollowsTok(span1,span2,n1,n2) Tests ifspan2 followsspan1 within n1 to n2 characters, or tokens
functions Contains/Contained/Equals(span1,span2) Tests ifspan1 contains,is contained within, or is equal tospan2

MatchesRegex/ContainsRegex(r, span) Tests ifspan matches(contains a match for, resp.) regular expressionr

MatchesDict/ContainsDict(dict, span) Tests ifspan matches(contains a match for, resp.) an entry of dictionaryd

Scalar Merge(span1, span2) Returns the shortest span that completely covers both input spans
functions Between(span1, span2) Returns the span betweenspan1 andspan2

LeftContext/LeftContextTok(span, n) Returns the span containingn chars/tokens immediately to the left ofspan

RightContext/RightContextTok(span, n) Returns the span containingn chars/tokens immediately to the right ofspan

Table Regex(r, R, A) Returns all matches of regular expressionr in all R.A values.
functions Dictionary(d,R, A) Returns all matches of entries in dictionaryd in all R.A values.

Figure 7: Text-specific predicate, scalar, and table functions that weadd to SQL for expressing the rules in this paper.

D. COMPUTING HIGH-LEVEL CHANGES
Our algorithmGenerateHLCs for computing a set of high-level

changes, given a set of rulesQ, an input document collectionD
and a set of false positives in the output ofQ onD, is listed below.

GenerateHLCs(G, X, D)
Input: Operator graphG of a set of rulesQ, setX of false positives in the
output ofG (i.e.,Q) applied to input document collectionD.
Output: SetH of high-level changes.
Let H = ∅.

1. Compute the provenance graphG
Q,D
p of Q andD;

2. For everyt ∈ X doCollectHLCs(GQ,D
p , t, H);

3. ReturnH.

ProcedureCollectHLCs(Gp, t′, H)
Input: Provenance graphGp, nodet′ in Gp, set of high-level changesH.
If t′ is a tuple of theDocument instance, return.

Otherwise, lete: T
Op
−→ t′ be the incoming edge oft′ in Gp. Do:

1. Add(t′, Op) to H;

2. If e is of typet′′
Op
−→ t′, whereOp ∈ {π, σ,∪, δ, Regex, Dictionary},

doCollectHLCs(Gp, t′′, H).

Otherwise,e is of type{t1, . . . , tn}
./
−→ t′. Do CollectHLCs(Gp, ti,

H), for all ti, 1 6 i 6 n.

E. EVALUATION DATASETS
The characteristics of the datasets used in our experiments in

terms of number of documents and labels in the train and test sets
are listed below.

Dataset Train set Test set
#docs #labels #docs #labels

ACE 273 5201 69 1220
CoNLL 946 6560 216 1842
Enron 434 4500 218 1969
EnronPP 322 157 161 46

These datasets are realistic in practical scenarios, and in fact,
both ACE and CoNLL have been used in official Named Entity
Recognition competitions [3, 34]. We note that in practice, rule
developers are unlikely to examine a very large number of docu-
ments, and obtaining labeled data is known to be a labor intensive
and time consuming task. (Machine learning techniques such as
active learning [33] have been used to facilitate the latter task.)

F. EXPERIMENTAL SETTINGS
We developed our rule refinement approach inSystemTv0.3.6 [11,

22], the information extraction system developed at IBM Research
– Almaden, enhanced with a provenance rewrite engine as described
in Section 5.1. Our implementation uses SystemT’s AQL rule lan-
guage [27]. The experiments were run on a Ubuntu Linux version
9.10 with 2.26GHz Intel Xeon CPU and 8GB of RAM. All experi-
ments, unless otherwise stated, are from a 10-fold cross-validation.
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