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DCTIONARY REFINEMENT FOR 
INFORMATION EXTRACTION 

BACKGROUND 

0001 Extracting structured information from unstruc 
tured text is an essential component of many important appli 
cations including business intelligence, social media analyt 
ics, semantic search, and regulatory compliance. The Success 
of these applications is tightly connected with the quality of 
the extracted results. Incorrect or missing results may often 
render the application useless. 
0002 Building high-quality information extraction rules 
to extract structured information from unstructured text is a 
difficult and time-consuming process. Exhaustive dictionar 
ies of words and phrases are integral to any information 
extraction system. One of the most important parts of this 
process can include refining the dictionaries by selectively 
removing dictionary entries that lead to false positives. 
Sophisticated extractors that use greater numbers of fine 
grained dictionaries to improve accuracy also increase the 
difficulty of refining the dictionaries for efficient and accurate 
extraction due to the size and number of dictionaries. 

SUMMARY 

0003 Embodiments of a system are described. In one 
embodiment, the system is a dictionary refinement system. 
The system includes: an extractor configured to match a dic 
tionary to a collection of text to obtain a set of extracted 
results, wherein the extracted results are labeled as correct 
results or incorrect results; a processor configured to: process 
the extracted results using an algorithm configured to set a 
score for the extractor above a score threshold, wherein the 
score threshold balances a precision and a recall of the extrac 
tor; and output a set of candidate dictionary entries corre 
sponding to a full set of dictionary entries, wherein the can 
didate dictionary entries are candidates to be removed from 
the dictionary based on the extracted results. Other embodi 
ments of the system are also described. 
0004 Embodiments of a computer program product are 
also described. In one embodiment, the computer program 
product includes a computer readable storage medium to 
store a computer readable program, wherein the computer 
readable program, when executed by a processor within a 
computer, causes the computer to perform operations for 
refining a dictionary for information extraction. The opera 
tions include: inputting a set of extracted results from execu 
tion of an extractor comprising the dictionary on a collection 
of text, wherein the extracted results are labeled as correct 
results or incorrect results; processing the extracted results 
using an algorithm configured to set a score of the extractor 
above a score threshold, wherein the score threshold balances 
a precision and a recall of the extractor; and outputting a set of 
candidate dictionary entries corresponding to a full set of 
dictionary entries, wherein the candidate dictionary entries 
are candidates to be removed from the dictionary based on the 
extracted results. Other embodiments of the computer pro 
gram product are also described. 
0005 Embodiments of a method are also described. In one 
embodiment, the method is a method for refining a dictionary 
for information extraction. The method includes: inputting a 
set of extracted results from execution of an extractor com 
prising the dictionary on a collection of text, wherein the 
extracted results are labeled as correct results or incorrect 
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results; processing the extracted results using an algorithm 
configured to set a score of the extractor above a score thresh 
old, wherein the score threshold balances a precision and a 
recall of the extractor, and outputting a set of candidate dic 
tionary entries corresponding to a full set of dictionary 
entries, wherein the candidate dictionary entries are candi 
dates to be removed from the dictionary based on the 
extracted results. Other embodiments of the method are also 
described. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0006 FIG. 1 depicts a schematic diagram of one embodi 
ment of a dictionary refinement system. 
0007 FIG. 2 depicts a flowchart diagram of one embodi 
ment of a method for determining candidate dictionary 
entries. 
0008 FIG. 3 depicts a flowchart diagram of one embodi 
ment of a method for refining a dictionary. 
0009 FIG. 4 depicts a flowchart diagram of one embodi 
ment of a method for refining a dictionary for information 
extraction. 
0010 FIG. 5 depicts a schematic diagram of one embodi 
ment of a computer system for implementation of one or more 
aspects of the functionality described herein. 
0011. Throughout the description, similar reference num 
bers may be used to identify similar elements. 

DETAILED DESCRIPTION 

0012. It will be readily understood that the components of 
the embodiments as generally described herein and illustrated 
in the appended figures could be arranged and designed in a 
wide variety of different configurations. Thus, the following 
more detailed description of various embodiments, as repre 
sented in the figures, is not intended to limit the scope of the 
present disclosure, but is merely representative of various 
embodiments. While the various aspects of the embodiments 
are presented in drawings, the drawings are not necessarily 
drawn to Scale unless specifically indicated. 
0013 The present invention may be embodied in other 
specific forms without departing from its spirit or essential 
characteristics. The described embodiments are to be consid 
ered in all respects only as illustrative and not restrictive. The 
scope of the invention is, therefore, indicated by the appended 
claims rather than by this detailed description. All changes 
which come within the meaning and range of equivalency of 
the claims are to be embraced within their scope. 
0014 Reference throughout this specification to features, 
advantages, or similar language does not imply that all of the 
features and advantages that may be realized with the present 
invention should be or are in any single embodiment of the 
invention. Rather, language referring to the features and 
advantages is understood to mean that a specific feature, 
advantage, or characteristic described in connection with an 
embodiment is included in at least one embodiment of the 
present invention. Thus, discussions of the features and 
advantages, and similar language, throughout this specifica 
tion may, but do not necessarily, refer to the same embodi 
ment. 

0015. Furthermore, the described features, advantages, 
and characteristics of the invention may be combined in any 
suitable manner in one or more embodiments. One skilled in 
the relevant art will recognize, in light of the description 
herein, that the invention can be practiced without one or 
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more of the specific features or advantages of a particular 
embodiment. In other instances, additional features and 
advantages may be recognized in certain embodiments that 
may not be present in all embodiments of the invention. 
0016 Reference throughout this specification to “one 
embodiment,” “an embodiment, or similar language means 
that a particular feature, structure, or characteristic described 
in connection with the indicated embodiment is included in at 
least one embodiment of the present invention. Thus, the 
phrases “in one embodiment,” “in an embodiment and simi 
lar language throughout this specification may, but do not 
necessarily, all refer to the same embodiment. 
0017 While many embodiments are described herein, at 
least some of the described embodiments present a system 
and method for refining at least one dictionary for informa 
tion extraction. More specifically, the system uses statistical 
modeling and refinement optimization to balance the preci 
sion and recall of an extractor for efficient, accurate informa 
tion extraction. The system may use extracted results that 
have been labeled as corrector incorrect to determine candi 
date entries 138 to be removed from the dictionary to provide 
the highest precision for avoiding false positives while mini 
mizing any decrease in recall. These candidate entries 138 
may also be analyzed by a user to determine which entries 
should be removed from the dictionary. 
0.018. In general, developing and maintaining high-quality 
extractors is a laborious and time consuming process. When 
creating an extractor, developers may start by writing an 
initial extractor that includes an initial set of basic features 
and rules that combine the features to extract the desired 
entities. The extractor may be executed on a document col 
lection, the results may be examined to determine the cause of 
incorrect results, and the features and rules may then be 
refined to remove the incorrect results. This process may be 
repeated as many times as necessary to obtain satisfactory 
performance of the extractor. Generally, removing the 
Sources of false positives from the extractor helps produce a 
higher precision in the extracted results. Specifically, refining 
dictionaries used in an extractor by removing the sources 
(words or phrases) of false positives can improve the quality 
of the extractor. The system and method described herein 
allow the refinement of dictionaries to improve the precision 
(minimization of false positives) of the extractor while main 
taining a Sufficient level of recall (avoidance of discarding 
correct answers) for the extractor. 
0019 Refining the dictionary may be divided into two 
Sub-problems: Statistical modeling and refinement optimiza 
tion. The primary goal of the statistical modeling problem is 
to estimate the precision of each individual dictionary entry in 
an extractor, given a set of extracted entities that have been 
labeled as “correct' or “incorrect’. Labeling the outputs of 
extractors may be an expensive task requiring large amounts 
of human effort. Dictionaries frequently contain thousands of 
entries, so very little information about individual entries may 
be available even with a large collection of labeled data. 
Consequently, the extractor may need to be capable of coping 
with very sparse labeled data in order to be usable in practice. 
0020. The refinement optimization problem involves 
using the outputs of parameter estimation to choose the best 
set of entries to remove from the dictionary in order to 
improve the quality of the extractor. Balancing the require 
ments of precision and recall allow the maximization of an 
F-score (the harmonic mean of precision and recall) for the 
extractor. In some embodiments, the F-score maximization 
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may be subject to a limit on the number of entries removed 
from the dictionary, or the maximum allowable decrease in 
recall. 

0021 FIG. 1 depicts a schematic diagram of one embodi 
ment of a dictionary refinement system 100. The depicted 
dictionary refinement system 100 includes various compo 
nents, described in more detail below, that are capable of 
performing the functions and operations described herein. In 
one embodiment, at least Some of the components of the 
dictionary refinement system 100 are implemented in a com 
puter system. For example, the functionality of one or more 
components of the dictionary refinement system 100 may be 
implemented by computer program instructions stored on a 
computer memory device 102 and executed by a processing 
device 104 such as a CPU. The dictionary refinement system 
100 may include other components, such as input/output 
devices 106, a disk storage drive 108, an extractor 110, a 
dictionary 112, and a processor 114. Some or all of the com 
ponents of the dictionary refinement system 100 may be 
stored on a single computing device or on a network of 
computing devices, including a wireless communication net 
work. The dictionary refinement system 100 may include 
more or fewer components or Subsystems than those depicted 
herein. In some embodiments, the dictionary refinement sys 
tem 100 may be used to implement the methods described 
herein as depicted in FIG. 4. 
0022. In one embodiment, the processor 114 is wholly 
contained within the processing device 104. In another 
embodiment, the processor 114 includes one or more separate 
devices that may be spread among a network of computers, 
Such that the processing capabilities are shared by multiple 
computing devices and/or executed simultaneously. In vari 
ous embodiments, the extractor is implemented in the pro 
cessing device 104 or the processor 114. In one embodiment, 
the dictionary 112 is contained on the storage disk 108 on the 
same computing device as the processing device 104, though 
the dictionary 112 may be contained on any number of stor 
age disks 108. In one embodiment, the dictionary refinement 
system 100 includes more than one dictionary 112. Each 
dictionary 112 may be a specialized dictionary for any given 
Subject or grouping of information. 
0023. In one embodiment, the extractor 110 is applied to a 
collection of text, dictionary entries 124 in the dictionary 112 
are matched to the collection of text and the extractor 110 
outputs extracted results 116. The extractor may include mul 
tiple dictionaries 112 and may be applied to the collection of 
textbased on a set of predefined rules 118. At least some of the 
extracted results 116 may be labeled by a user to identify 
correct results 120 (true positives) and incorrect results 122 
(false positives). In one embodiment, the precision 130 of the 
extractor 110 is the fraction of true positives among the total 
number of extracted results 116. The precision of each dic 
tionary entry 124 is the probability that an extracted entity 
will be correct, given that the entity is based, in whole or in 
part, on a match of the dictionary entry 124. An extractor 110 
with high precision 130 outputs few incorrect results 122. An 
expected mention that is not identified by the extractor 110 is 
referred to herein as a missing result or a false negative. The 
term “recall 128 is broadly interpreted herein to include the 
fraction of true positives among the total number of expected 
occurrences. An extractor 110 with high recall 128 misses 
very few expected results. In one embodiment, the recall 128 
and precision 130 are balanced to maximize a score of the 
extractor, for example, by setting the score above a score 
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threshold that may be predetermined based on a desired bal 
ance of the precision 130 and recall 128. The score may be an 
F-Score, an F-measure, or Some other measure of scoring the 
dictionary. The term “F-score 132, or “F-measure', is 
broadly interpreted herein to include combining precision 
130 and recall 128 into a single measure that is computed as 
the harmonic mean of precision 130 and recall 128 depicted 
aS 

2PR 

(P+ R) 

where P is the precision 130 and R is the recall 128. 
0024. In various embodiments, the refinement optimiza 
tion problem includes executing a refinement algorithm 126 
under two constraints. First, because the refinement of an 
extractor 110 is often done with human supervision, the prob 
lem may include a size constraint 134 to limit the size of 
dictionary entries 124 to be examined at a time. For an extrac 
tor E, the size constraint 134 may include a set S of size at 
most k to maximize the F-score 132 of the resulting extractor 
E". Alternatively, the extractor 110 may be refined such that 
the recall 128 does not fall below a certain limit using a recall 
constraint 136. The recall constraint 136 includes a set w such 
that the F-score 132 of E is maximized, while at the same time 
the recall 128 of E' does not decrease more than a fixed 
budget. In other embodiments, the refinement optimization 
problem may be approached without constraints on size or 
recall 128. The algorithm 126 produces a set of candidate 
dictionary entries 138 that may be removed from the dictio 
nary 112 to improve performance of the extractor 110. 
0025 Maximizing the quality of the extractor 110 on the 
entirety of the labeled dataset for the extracted results 116 
may not be useful in practice. Instead, by using statistical 
modeling and refinement optimization, the system may maxi 
mize the quality of the extractor 110 in general and avoid 
overfitting to the labeled dataset. The system may use a model 
for refining the dictionary 112 by estimating the parameters 
of the model including the precision 130 of each individual 
dictionary entry, given the set of extracted results 116 that 
have been labeled as correct or incorrect. 
0026 FIG. 2 depicts a flowchart diagram of one embodi 
ment of a method 200 for determining candidate dictionary 
entries 138. While the method 200 is described in conjunction 
with the dictionary refinement system 100 of FIG. 1, embodi 
ments of the method 200 may be implemented with other 
types of dictionary refinement systems 100. 
0027. In one embodiment, the extractor 110 receives a 
collection of text 202 to be matched to a set of one or more 
dictionaries 112 according to a set of rules associated with the 
extractor 110. Each dictionary 112 may include a set of dic 
tionary entries 124 corresponding to a given subject or group 
ing of words and phrases. Some of the entries 124 in the 
dictionaries 112 may overlap with other dictionaries 112, 
depending on the Subjects or groupings for the dictionaries 
112. 
0028. The extractor 110 is applied to the collection of text 
202 and outputs the extracted results 116. For each result 116, 
the system 100 examines the rules and dictionaries 112 of the 
extractor 110 and determines which dictionaries 112 are 
involved in producing the extracted result 116, and also deter 
mines the provenance of the extracted result 116. Some or all 
of the extracted results 116 are then given labels 204 as 
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correct results 120 or incorrect results 122 based on a user 
input. The incorrect results 122 are false positives output by 
the extractor 110. For example, given a dictionary 112 con 
taining “first name entries, a second dictionary 112 contain 
ing “last name entries, and a third dictionary 112 containing 
“full name entries, the collection of text 202 may include a 
phrase “Mark Calendar that is marked as a name based on 
matches in one or more of the dictionaries 112. 
0029. The extracted results 116 are input into the proces 
sor 114, and the processor 114 uses an algorithm 126 that 
maximizes the F-score 132 for the extractor 110. The algo 
rithm 126 produces a set of candidate dictionary entries 138 
for each dictionary 112 that are output by the processor 114. 
The set of candidate dictionary entries 138 are candidates that 
may be removed from the dictionary 112 that would maxi 
mize the F-score 132 for the extractor 110. 
0030. Because the labels 204 for a given false positive may 
be determined by multiple dictionary entries 124, the label 
204 may not be used to estimate the precision 130 of a dic 
tionary entry directly. Using the false positive example given 
above, it is not clear whether the false positive is because 
“Mark' is an incorrect first name, "Calendar' is an incorrect 
last name, or both. Furthermore, the same dictionary entry 
can contribute to different results, some correct and some 
incorrect. For example, “Mark” may contribute to an incor 
rect result “Mark Calendar', as well as a correct result for 
“Mark Smith'. In this case, the processor 114 determines the 
candidate dictionary entries 138 by using the provenance of 
each false positive to model the complex dependencies 
between the dictionary entries 124 and the extracted results 
116, along with an algorithm 126 for estimating precisions 
130 based on an expectation-maximization (EM) algorithm. 
0031. In one embodiment, the algorithm 126 is configured 
to determine which dictionary entries 124 may be removed to 
result in the highest quality improvement of the extractor 110. 
In another example, two dictionary entries “Chelsea' and 
“Mark” are both ambiguous as a person name. If “Chelsea' is 
labeled as an incorrect result 60 times and as a correct result 
40 times, and “Mark' is labeled as an incorrect result 9 times 
and as a correct result 1 time, the precision 130 of “Mark” 
(10%) is lower than that of “Chelsea' (40%). However, 
removing "Chelsea' results in removing more incorrect 
results 122, possibly leading to a higher overall quality 
improvement for the extractor 110. 
0032 FIG. 3 depicts a flowchart diagram of one embodi 
ment of a method for refining a dictionary 112. While the 
method is described in conjunction with the dictionary refine 
ment system 100 of FIG. 1, embodiments of the method may 
be implemented with other types of dictionary refinement 
systems 100. 
0033. In one embodiment, after the processor 114 outputs 
the candidate dictionary entries 138, the processor 114 then 
receives a user input 302 that selects one or more of the 
candidate dictionary entries 138 for removal from the dictio 
naries 112. The processor 114 may then read the dictionary 
entries 124 currently stored in the dictionaries 112, remove 
the selected dictionary entries, and modify the dictionaries 
112 according to the new set of dictionary entries 124. This 
may allow a user to manually refine the candidate dictionary 
entries 138 by determining which entries from the set of 
candidate dictionary entries 138 are actually removed from 
the dictionaries 112. 
0034 FIG. 4 depicts a flowchart diagram of one embodi 
ment of a method 400 for refining a dictionary 112 for infor 
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mation extraction. While the method 400 is described in 
conjunction with the dictionary refinement system 100 of 
FIG. 1, embodiments of the method 400 may be implemented 
with other types of dictionary refinement systems 100. 
0035. In one embodiment, the dictionary refinement sys 
tem 100 inputs a set of extracted results 116 from matching 
the dictionary 112 to the collection of text 202. The extracted 
results 116 are labeled 410 as correct results 122 or incorrect 
results 122. In some embodiments, the extracted results 116 
that are labeled include only a portion of the entities from the 
collection of text 202 matched to entries 124 in the dictionary 
112. In one embodiment, the system uses 405 a set of prede 
termined rules 118 and a dictionary 112 to determine the 
extracted results 116 for the collection of text 202. In one 
embodiment, the correct results 122 and incorrect results 122 
are labeled based on a user input 302. 
0036. The dictionary refinement system 100 processes 
415 the extracted results 116 using an algorithm 126 config 
ured to maximize an F-score 132 for the extractor 110, for 
example, by setting the F-score above a score threshold. The 
score threshold for the maximized F-score 132 balances the 
precision 130 and recall 128 of the extractor 110. The system 
may process the extracted results 116 by computing the set of 
candidate dictionary entries 138 that maximize the F-score 
132 under a maximum size constraint 134 for the set of 
candidate dictionary entries 138. The system may process the 
extracted results 116 by computing the set of candidate dic 
tionary entries 138 that maximize the F-score 132 within an 
allocated recall constraint 136. The recall constraint 136 
determines a minimum coverage of the dictionary 112, which 
may help the system avoid false negatives. The system may 
process the extracted results 116 by estimating the precision 
130 of each dictionary entry in the full set of dictionary entries 
124 using the extracted results 116. The algorithm 126 used 
by the system may be the EM algorithm. 
0037. The dictionary refinement system 100 outputs 420 a 
set of candidate dictionary entries 138 corresponding to a full 
set of dictionary entries 124 of the dictionary 112. The can 
didate dictionary entries 138 are candidates to be removed 
from the dictionary 112 based on the extracted results 116. In 
one embodiment, the dictionary refinement system 100 
receives 425 a user input 302 to select dictionary entries from 
the set of candidate dictionary entries 138. The dictionary 
refinement system 100 then removes 430 the selected dictio 
nary entries from the dictionary 112. 
0038. In some embodiments, the system may obtain 
extracted results 116 using a plurality of specialized dictio 
naries. Each dictionary 112 may produce extracted results 
116 labeled as correct results 122 or incorrect results 122, 
which may then be processed for each corresponding dictio 
nary 112 to determine which dictionary entries 124 should be 
removed for greatest improvement of the performance of the 
extractor 110. 

0039. In one embodiment, for a single dictionary case, the 
dictionary A contains a set of n entries 124. A given partially 
labeled corpus may be a random sample of entries from A 
sampled independently according to their relative frequency 
denoted by f, i.e., any occurrence in the corpus is a match for 
entry w with probability f, and Xfix=1. 
0040. In addition, each entry has a fixed precision pe(), 
1. An occurrence of an entry w is Good if it is a correct match 
for the annotation used in a query, otherwise the occurrence is 
Bad. For example, a match for Ford, Chelsea or Mark is 
Good for the Person annotator if the match corresponds to a 
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person name, and Bad otherwise. In practice, a human anno 
tator labels a subset of the occurrences explicitly as Good or 
Bad. In one embodiment, it is assumed that each occurrence 
of w in the given corpus was chosen to be Good with prob 
ability p, and Bad with probability 1-p, randomly and inde 
pendently of the other occurrences and of whether the label 
204 is given to the refinement algorithm 126. For an entry w 
lett denote the number of occurrences of w in the given 
corpus, g, denote the number of times the entry was labeled 
Good and b, denote the number of times the entry was labeled 
Bad. 
0041. For the collections of text 202 in which the total 
number of occurrences is much larger than the number of 
labeled occurrences, the empirical frequencies (t/X,t) 
may be referred to as true frequencies. Consequently, the goal 
of the parameter estimation problem is estimating precisions 
130. 
0042. In one embodiment, estimating the precision 130 for 
w includes observing the precision 130 of other entries 124. 
For example, if other entries 124 with a large number of labels 
204 have precision 130 close to 80% then w is also more 
likely to have precision 130 close to 80%. This dependency 
may be expressed in the model as described below. The pre 
cision 130 of each word is assumed to be chosen randomly 
and independently from a fixed and unknown distribution H 
over 0.1. In a Bayesian analysis, when estimating p, dis 
tribution II represents a prior belief about p. This allows the 
use of the given labels 204 for w to perform Bayesian updates 
so as to obtain the posterior distribution II. The posterior 
distribution II represents a knowledge of p and can be used 
to derive an estimate of p. Taking the mean of II provides a 
simple and more optimal way to use II. 
0043. In some embodiments, it is assumed that the prior 
distribution II is not given to the algorithm 126, and a suitable 
II may need to be found given the available labels 204. To find 
the distribution II from which each precision p is assumed to 
be drawn randomly and independently. The distribution II 
may be modeled using beta distributions. This may be a 
convenient distribution for Bayesian updates using the labels 
204. The beta distribution also allows easy estimation of 
parameters. 
0044) A beta distribution Beta(O.B) has two parameters 
C.BDO, and the probability density function (PDF) of the 
distribution is ce'' (1-0) where c is the normalizing 
constant. The mean of the distribution is 

C 

a + (8 

If a Good (or Bad) label 204 is observed, the posterior II 
updates to Beta(C.+1.f3) (or Beta(C.B+1), respectively). More 
generally, if g b-0, the posterior II is the same as the 
prior II. 
0045 Better estimates of the parameters of the prior Beta 
(C.f3) improve the estimate of the obtained precision p. The 
system may use a uniform prior case with Beta(1,1) as the 
prior. The available empirical precisions 

8w 
ge + be 
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may be used to compute the prior using the standard method 
of moments. Let 

1 8w 
pi = - i2. ge + by 

be the sample mean of observed precisions, and 

a = (PP) - 
and 

which are considered as the parameters. 
0046) 
equals 

The mean of the posterior distribution II, which 

C. g. 
a +g + B+ b 

is used to estimate p. This simplification may not affect the 
quality of the refinement optimization significantly because 
the F-score 132 of a dictionary 112 is determined by large 
sums of precisions 130 multiplied by frequencies. A large 
sum of precisions 130, each drawn independently from the 
corresponding distribution II, is strongly concentrated 
around the expectation of the Sum, which depends only on the 
mean of each II. 
0047. In one embodiment, the optimization problem may 
be considered for single dictionary refinement, assuming that 
the true values of p, f are given as input for all weA. The 
standard notions of precision 130, recall 128 and F-score 132 
may be used to measure the quality of the solution for the 
refinement optimization problem. For a subset of entries S. 
precision (Ps), recall (Rs), and F-score (Fs) are defined as 

0048 F-score 132 is the harmonic mean of Ps, and Rs and 
is used to balance the precision 130 with recall 128 of the 
refined dictionary. When a subset of S is removed from the 
dictionary A, the residual precision 130, recall 128 and 
F-score 132 are denoted by PPs, RRs and FFs. 
The F-score 132 may be maximized under two constraints: 
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0049. 1. Size constraint: Given an integer ksin, find a 
subset S that maximizes F, where Slsk. 

0050 2. Recall constraint: Given a fraction ps1, find a 
subset S that maximizes F, where the residual recall R 
Sep. 

The F-score 132 may alternatively be maximized with no size 
or recall budget constraints. 
005.1 F is a non-linear function of the precisions p, weS, 
since both the numerator and the denominator are dependent 
on the set S being removed, thereby making the analysis of the 
optimization problem non-trivial. 
0.052 For the size constraint 134, the goal is to maximize 

where Slsk. Finding out whether there exists a dictionary 
112 with F-score 132 of at least 0 may be allow the algorithm 
126 to overcome the non-linearity of the objective function. 
Accordingly, the algorithm 126 guesses a value 0 and then 
checks if 0 is a feasible F-score 132 for some S. The maxi 
mum value of the F-score 132 is then found by doing a binary 
search. 
0053. To check whether 0 is a feasible F-score 132, the 
system first checks whether there is a set S of entries such that 

= 2- - - > 6. Fs = 2 x . . . . y = 
weA weA eS 

Rearranging the terms obtains 
0054 X f(0-2p)2X f(0-(2-0)p). The right 
hand side of the inequality is independent of S. So the system 
selects the highest (at most) kentries with non-negative value 
of f(0-2p) and checks if the sum is at least Xf(0-(2- 
0)p). 
0055. A subset S is desired such that FF. Consequently, 
the minimum value of the guess is F and the maximum value 
is 1. The algorithm 126 is presented in Algorithm 1, shown 
below, in terms of parameter A where A is the desired accu 
racy of the algorithm. 

Algorithm 1: Algorithm for size constraint (given k and parameter A) 

1: Let 0 = F4 and 0, = 1 
2: while 0 - 6 - A do 
3: Let 0 = (0, + 0) / 2 be the current guess. 
4: Sort the entries w in descending order of f(0 - 2p). 
5: Let S be the top lisk entries in the sorted order Such that 

f(0 - 2p.) > 0 for all we S. 
6: if X's f(0 - 2p.) > X f(0- (2-0)p) then 
7: 0 is feasible, set 0 = F and continue. 
8: else 

9: 0 is not feasible, set 0 = 0 and continue. 
10: end if 
11: end while 
12: Output the sets to define the most recent 0. 

0056. A linear time O(n) time algorithm for checking the 
feasibility includes: (i) use the standard linear time selection 
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algorithm to find the k-th highest entry, for example u, accord 
ing to f(0-2p), (ii) do a linear scan to choose the entries w 
Such that f(0-2p)f(0-2p), and then choose entries Such 
that f(0-2p)f(0-2p.) to get k entries total, (iii) discard 
the selected entries with negative values of f(2p-0) and 
output the remaining sk as the set S. However, a simpler 
implementation of Verification uses a mini-heap that gives 
O(n+klog n) time, whereas a simple sorting gives O(n log n) 
time. 
0057 Since values of the guesses are between 0 and 1 and 
the algorithm stops when the upper and lower bounds are less 
than A away, at most log(1/A) steps will be required. This 
means that there is an implementation of the algorithm with 
running time O(n log(1/A)). Setting A to a sufficiently low 
value may allow the algorithm to find the optimal solution. 
Specifically, there is an optimal algorithm for maximizing the 
residual F-score 132 for single dictionary refinement under a 
size constraint 134. The algorithm runs in time O(n(log 
n+B)), where B is the number of bits used to represent each of 
the p and f values given to the algorithm. 
0058. A simple and efficient algorithm that gives a nearly 
optimal solution when used on a large corpus where frequen 
cies of individual entries 124 are small is described below. 
The algorithm sorts the entries 124 in increasing order of 
precisions p, and selects entries 124 according to this order 
until the recall budget is exhausted orthere is no improvement 
of F-score 132 by selecting the next entry. The algorithm runs 
in time O(n log n). 
0059. To obtain a lower bound on the F-score 132 of the 
solution produced by the algorithm, let w, . . . . w, be the 
entries 124 sorted by precision 130 and ps. . . sp., be the 
corresponding precisions 130. Let S be the set of entries 124 
whose removal gives the optimal F-score 132 such that R 
Sap. Let r*-Xsp,f, and let 1 be the largest index for which 
X, p.fer. Then the set S returned by the algorithm satisfies 

2X P. f. 
F. - - - - -. 

X. f. --X Pif + far ?pel 
ieS 

0060. The lower bound guaranteed by the algorithm dif 
fers from the optimal F-score Fs, only by the addition of the 
error term 

Jna 

to the denominator. Individual frequencies are likely to be 
Small when the given corpus and the dictionary 112 are large. 
At the same timel, and hence pare determined by the recall 
budget. Therefore, the error term 

Jna 

is likely to be much smaller than the denominator for a large 
dictionary 112. 
0061 While it is not necessarily optimal in general, with 
out the recall budget (i.e., with p=0) this algorithm finds the 
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solution with the globally optimal F-score 132. The optimal 
Solution can also be found using Algorithm 1 with kin. 
0062. While the algorithms above are described primarily 
in conjunction with a single dictionary case, the system and 
method described herein are capable of refining and optimiz 
ing an extractor 110 using more than one dictionary 112. For 
example, in one embodiment there are b dictionaries A. . . . 
, A., and there are n entries in total in AA-U, "A. Any 
occurrence t is produced by matches of one or e=1 more 
dictionary entries 124 combined by the given extraction rule: 
all Such dictionary entries w are said to be in provenance oft. 
How the entries 124 produce t is captured by the provenance 
expression Prov(t) oft; for all such entries w, weProv(t) is a 
Boolean expression where the entries 124 in Prov(t) are 
treated as variable (every entry in A corresponds to a unique 
Boolean variable). Given two Boolean expressions (p and (p. 
(p=qp if the variable sets in p and pare the same and the truth 
tables of p and (p on these variables are also the same. For the 
same provenance expression (p, there may be multiple occur 
rences t such that Prov(t)=(p. This is analogous to the single 
dictionary case, where the trivial provenance expression (p-w 
for any entry w has one or more occurrences. Note that with 
extraction rules based on SELECT PROJECT JOIN 
UNION queries, the provenance expressions are monotone. 
0063. The statistical model of a single dictionary 112 is 
extended to the multiple dictionary case. Every provenance 
expression (p may be assumed to be a true frequency f(p)e(0,1 
and a true precision p(p)e(0,1). As before, X f(p)=1, where 
the sum is overall possible Boolean expressions on the set of 
entries 124, and any occurrence t has Prov(t)=(p with prob 
ability f(qb). In addition, the label 204 of t is Good with 
probability p(cp) and Bad with probability 1-p(cp) randomly 
and independently of other occurrences, and whether the 
label 204 of t is given. 
0064. In practice, unlabeled data is sufficiently large, so 
the frequencies of results are estimated using their empirical 
frequencies 

f(b) = 2. |t: Prov(t) = f' 

and the hat may be dropped. The precision p(p) of results (p 
may be estimated from a limited amount of labeled data. A 
natural approach to find the precisions 130 of provenance 
expressions is to estimate them empirically. The problem 
with this approach is that the possible number of such prov 
enance expression is very large and it is likely that very few (if 
any) labels 204 would be available for most of the provenance 
expressions. At the same time, it is quite likely that individual 
dictionary entries 124 have similar precision 130 across dif 
ferent provenance expressions. This intuition may be repre 
sented by strengthening the model described herein in the 
following way. 
0065. It may be assumed that, as in the single dictionary 
case, every entry w has a fixed (and unknown) precision 130 
denoted by p. For any given occurrence T. Such that weProv 
(t), the match of w for t is correct with probability p, and 
incorrect with probability 1-p, independent of the other 
occurrences and other entries 124 in the provenance of t. 
Further, it may be assumed that the AQL rule is correct, i.e., 
the label 204 oft is Good if and only if its provenance Prov(t) 
evaluates to true with the matches of the dictionary entries 
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124 in Prov(t) ((Good=true and Bad=false). Computing the 
probability of any Boolean expression (p given the probabili 
ties of the individual variables is in general #P-hard, and the 
classes of queries for which the probability of the Boolean 
provenance can be efficiently computed have been exten 
sively studied in the literature. However, the Boolean prov 
enance expression described herein involves a small number 
of variables (typically s10). Thus, p(p) may be computed 
given p by an exhaustive enumeration of satisfying assign 
ments of p and using the assumption of independence of 
variables. 

0066. Here, the goal is to estimate the values of precision 
p, given a set of occurrences Talong with their labels 204 and 
provenance expressions Prov(t). The Expectation-Maximi 
zation (EM) algorithm may be used to solve this problem. 
0067. The EM algorithm is a widely-used technique for 
maximum likelihood estimation of parameters of a probabi 
listic model under hidden variables. This algorithm estimates 
the parameters iteratively either for a given number of steps or 
until some convergence criteria are met. 
0068. The following notations present the update rules of 
the EM algorithm for the problem described herein. The 
entries 124 are indexed arbitrarily as w, ..., W. Each entry 
w, has a true precision p, p. There are N labeled occur 
rences int. . . . . ty. It is assumed that t. . . . , tv also denote 
the labels 204 of the occurrences. So eacht, is Boolean, where 
T-1 (resp. 0) if the label 204 is Good (resp. Bad). If weProv 
(t), then teSucc(w,). 
0069. For simplicity in presentation, it may be assumed 
that entries 124 from exactly b dictionaries 112 are involved 
in the provenance expression (p. Prov(t) for each occurrence 
T, although this implementation works for general cases. 
Hence, each (P, takes binputsy,...,y, and producest, Each 
y is Boolean, where y-1 (resp. 0) if the match of the dic 
tionary entry corresponding they is correct (resp. incorrect) 
while producing the label 204 fort,. The entry corresponding 
they is denoted by Prove{w, ..., w, . 
0070. To illustrate the notations, consider the following 
example extraction rule expressed in the Annotation Query 
Language (AQL) language: 

create view FirstLast as 
Select Merge(F. match, Pimatch) as match 
from FirstName F. LastName L. 
where FollowsTok(Fmatch, L.match, 0, 0) 

0071. The result is a person name if it is a match from 
first-name (FN) dictionary, followed by a match from last 
name (LN) dictionary. This rule is called the FN-LN rule. In 
this example, b–2 and for every occurrence t, t, p,(y, y2) 
=yya. Fora Good occurrence “John Smith', t-1, y=1 (for 
“John'), and y=1 (for “Smith'), Prov, -"John” and 
Prov="Smith". For a Bad occurrence “Mark Calendar", 
t=0, y =1 (for “Mark”), and y=0 (for “Calendar”). 
(0072. The vector x=(t1,...,t) is the observed data, the 
vector of vectors y=( yl) ever is the hidden data, and 

-e 

the vector 0 ={p, ...,p} is the vector of unknown param 
eters. 

0073. The parameter vector at iteration t is denoted to be 
, , 0. Suppose: c., Ely,lt, 0 l, where teSucc(w) and 
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Prov w. It may be shown that the update rules for param 
eters p, has a nice closed form: 

P – c. c. 

where C-Xc, and C2X(1-c. ), and the sum is over 
1ssN Such that teSucc(w,). These parameter values are 
considered to be 0'', estimation of the parameter in the 
t+1-th round. 
0074. In the single dictionary case, every occurrence T of 
an entry w has Prov(t)=w, and when w is deleted only those 
entries 124 get deleted. However, in the multiple-dictionary 
case, if an entry w is deleted, multiple provenance expres 
sions t such that weProv(t) can disappear from the result set. 
When a subset of entries So A is removed, it may be seen that 
a provenance expression (p disappears if and only if, after 
assigning all variables for entries 124 in S value false and all 
variables for entries 124 in A\S value true, the Boolean prov 
enance (p evaluates to false. Denote the set of provenance 
expressions (p that Survive (do not disappear) after a given set 
S is deleted by surv(S). For example, if there are three occur 
rences with provenance expressions uV, u +V, uw--uV, when 
S={u} is deleted, the set surv(S) will only contain the occur 
rence with provenance expression u+V. Hence the residual 
recall (R) and the residual precision (P) are defined as (Fs is 
their harmonic mean): 

X p(b)f(b) X p(b)f(b) 
destints) destints) 

T ), p(b)f(b) X f(q) 
i desir (S) 

0075. The above definitions for multiple dictionary gen 
eralize the definitions for single dictionary refinement opti 
mization. 
0076 Since the multiple dictionary refinement problem is 
non-deterministic polynomial-time (NP)-hard under both 
size and recall constraints 134, 136 several simple and effi 
cient algorithms are proposed and evaluated. These algo 
rithms take the precisions 130 of individual dictionary entries 
124 (which may be obtained using the EM algorithm) and a 
set of occurrences with their provenance expressions as input, 
and produce a subset of entries 124 across all dictionaries 112 
to be removed. The types of algorithms evaluated here are (1) 
greedy, and, (2) entry-precision-based, or EP-based in short. 
0077. To compute the residual F-score 132, both greedy 
and EP-based algorithms compute the precision 130 of tuples 
from precision entries 124 under independence assumption. 
The greedy algorithms select the next entry that gives the 
maximum improvement in F-score 132. The algorithm stops 
if no further improvement in F-score 132 is possible by delet 
ing any entry or when the given size or recall budget is 
exhausted. 
0078. On the other hand, the EP-based algorithms exploit 
the precision 130 of individual dictionary entries 124. The 
dictionary entries 124 may be treated as if they come from a 
single dictionary (however, note that the actual provenances 
were used by the EM algorithm to estimate the precision 130 
of entries 124). These algorithms use the selection criteria of 
incremental algorithms for the single-dictionary case, i.e., 
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maximize AF for size constraint 134 and AF/AR for recall 
constrain, where AF, AR denote the changes in F-score 132 
and recall 128 by deleting one additional entry. It may be 
shown that, in the single-dictionary case, selection according 
to these criteria can be approximated by selecting entries 124 
according to increasing value of f(p-F/2) for size con 
straint 134, and p for recall constrain, where F is the current 
value of F-score 132 (the proof appears in the full version). In 
the multiple-dictionary case, p is considered as the given 
precision 130 of entry w, and f as the total frequency of 
provenance expressions that include W. An entry is selected 
for removal from the top of such a sorted order if it gives an 
improvement in F-score 132. The selection continues until 
the given size or recall budget is exhausted. For optimization 
under the size constraint 134, the value of F-score 132 is also 
recomputed after each entry is selected. 
007.9 FIG.5 depicts a schematic diagram of one embodi 
ment of a computer system 500 for implementation of one or 
more aspects of the functionality described herein. The illus 
trated computer system 500 is only one example of a suitable 
computer architecture and is not intended to suggest any 
limitation as to the scope of use or functionality of embodi 
ments of the invention described herein. Regardless, the com 
puter system 500 is capable of being implemented to per 
forming any or all of the functionality set forth hereinabove. 
0080. The depicted computer system 500 includes a com 
puter processing device 502, which is operational with 
numerous other general purpose or special purpose comput 
ing system environments or configurations. Examples of 
well-known computing systems, environments, and/or con 
figurations that may be suitable for use with computer sys 
tem/server 502 include, but are not limited to, personal com 
puter systems, server computer systems, thin clients, thick 
clients, hand-held or laptop devices, multiprocessor systems, 
microprocessor-based systems, set top boxes, programmable 
consumer electronics, network PCs, minicomputer systems, 
mainframe computer systems, and distributed cloud comput 
ing environments that include any of the above systems or 
devices, and the like. 
0081. The computer processing device 502 may be 
described in the general context of computer system-execut 
able instructions, such as program modules, being executed 
by a computer system. Generally, program modules may 
include routines, programs, objects, components, logic, data 
structures, and so on that perform particular tasks or imple 
ment particular abstract data types. Embodiments of the com 
puter processing device 502 may be practiced locally, 
remotely, or in distributed cloud computing environments 
where tasks are performed by remote processing devices that 
are linked through a communications network. In a distrib 
uted cloud computing environment, program modules may be 
located in both local and remote computer system storage 
media including memory storage devices. 
0082 In one embodiment, the computer processing device 
502 includes components and functionality typical of agen 
eral-purpose computing device. The components of the com 
puter processing device 502 may include, but are not limited 
to, one or more processors or processing units 504, a system 
memory 506, and a bus 508 that couples various system 
components including the system memory 506 to the proces 
Sor 504. 

I0083. The bus 508 represents one or more of any of several 
types of bus structures, including a memory bus or memory 
controller, a peripheral bus, an accelerated graphics port, and 
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a processor or local bus using any of a variety of bus archi 
tectures. By way of example, and not limitation, Such archi 
tectures include Industry Standard Architecture (ISA) bus, 
Micro Channel Architecture (MCA) bus, Enhanced ISA 
(EISA) bus, Video Electronics Standards Association 
(VESA) local bus, and Peripheral Component Interconnect 
(PCI) bus. 
I0084. The computer processing device 502 typically 
includes a variety of computer system readable media (also 
referred to as computer readable media and/or computer 
usable media). Such media may be any available media that is 
accessible by the computer processing device 502. Embodi 
ments of the computer readable media may include one or 
more of the following types of media: Volatile and non-vola 
tile media, removable and non-removable media. 
I0085. The system memory 506 can include computer sys 
tem readable media in the form of volatile memory, such as 
random access memory (RAM) 510 and/or cache memory 
512. The computer processing device 502 may further 
include other removable/non-removable, volatile/non-vola 
tile computer system storage media. By way of example only, 
a storage system 514 can be provided for reading from and 
writing to a non-removable, non-volatile magnetic media (not 
shown and typically called a “hard drive”). Although not 
shown, a magnetic disk drive for reading from and writing to 
a removable, non-volatile magnetic disk (e.g., a "floppy 
disk”), and an optical disk drive for reading from or writing to 
a removable, non-volatile optical disk such as a CD-ROM, 
DVD-ROM or other optical media can be provided. In such 
instances, each can be connected to the bus 508 by one or 
more data media interfaces. As will be further depicted and 
described below, the memory 506 may include at least one 
program product having a set (e.g., at least one) of program 
modules that are configured to carry out the functions of 
embodiments of the invention. 
I0086. In some embodiments, a program/utility 516, hav 
ing a set (at least one) of program modules 518, is stored in the 
memory 506. The program modules 518 generally carry out 
one or more of the functions and/or methodologies of the 
embodiments described herein. The memory 506 also may 
store an operating system, one or more application programs, 
other program modules, and/or program data. Each of the 
operating system, one or more application programs, other 
program modules, and program data or some combination 
thereof, may include an implementation of a personal com 
puter and/or networking environment. 
I0087. The computer processing device 502 may also com 
municate with one or more external devices 520 such as a 
keyboard, a pointing device, a display 522, etc.; one or more 
devices that enable a user to interact with the computer pro 
cessing device 502; and/or any devices (e.g., network card, 
modem, etc.) that enable the computer processing device 502 
to communicate with one or more other computing devices. 
Such communication can occur via input/output (I/O) inter 
faces 524. Additionally, the computer processing device 502 
can communicate with one or more networks such as a local 
area network (LAN), a general wide area network (WAN). 
and/or a public network (e.g., the Internet) via a network 
adapter 526. As depicted, the network adapter 526 commu 
nicates with the other components of the computer processing 
device 502 via the bus 508. It should be understood that, 
although not shown, other hardware and/or Software compo 
nents could be used in conjunction with embodiments of the 
computer processing device 502. Examples, include, but are 
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not limited to: microcode, device drivers, redundant process 
ing units, external disk drive arrays, RAID systems, tape 
drives, and data archival storage systems, etc. 
0088 Embodiments of the invention can take the form of 
an entirely hardware embodiment, an entirely software 
embodiment, or an embodiment containing both hardware 
and Software elements. In one embodiment, the invention is 
implemented in software, which includes but is not limited to 
firmware, resident Software, microcode, etc. 
0089. An embodiment of a dictionary refinement system 
100 includes at least one processor coupled directly or indi 
rectly to memory elements through a system bus Such as a 
data, address, and/or control bus. The memory elements can 
include local memory employed during actual execution of 
the program code, bulk storage, and cache memories which 
provide temporary storage of at least Some program code in 
order to reduce the number of times code must be retrieved 
from bulk storage during execution. 
0090. As will be appreciated by one skilled in the art, 
aspects of the present invention may be embodied as a system, 
method or computer program product. Accordingly, aspects 
of the present invention may take the form of an entirely 
hardware embodiment, an entirely software embodiment (in 
cluding firmware, resident Software, micro-code, etc.) or an 
embodiment combining software and hardware aspects that 
may all generally be referred to herein as a “circuit,” “mod 
ule' or “system.” Furthermore, aspects of the present inven 
tion may take the form of a computer program product 
embodied in one or more computer readable medium(s) hav 
ing computer readable program code embodied thereon. 
0091 Any combination of one or more computer readable 
medium(s) may be utilized. The computer readable medium 
may be a computer readable signal medium or a computer 
readable storage medium. A computer readable storage 
medium may be, for example, but not limited to, an elec 
tronic, magnetic, optical, electromagnetic, infrared, or semi 
conductor System, apparatus, or device, or any Suitable com 
bination of the foregoing. More specific examples (a non 
exhaustive list) of the computer readable storage medium 
would include the following: an electrical connection having 
one or more wires, a portable computer diskette, a hard disk, 
a random access memory (RAM), a read-only memory 
(ROM), an erasable programmable read-only memory 
(EPROM or Flash memory), an optical fiber, a portable com 
pact disc read-only memory (CD-ROM), an optical storage 
device, a magnetic storage device, or any suitable combina 
tion of the foregoing. In the context of this document, a 
computer readable storage medium may be any tangible 
medium that can contain, or store a program for use by or in 
connection with an instruction execution system, apparatus, 
or device. 
0092. A computer readable signal medium may include a 
propagated data signal with computer readable program code 
embodied therein, for example, in baseband or as part of a 
carrier wave. Such a propagated signal may take any of a 
variety of forms, including, but not limited to, electro-mag 
netic, optical, or any Suitable combination thereof. A com 
puter readable signal medium may be any computer readable 
medium that is not a computer readable storage medium and 
that can communicate, propagate, or transport a program for 
use by or in connection with an instruction execution system, 
apparatus, or device. 
0093 Program code embodied on a computer readable 
medium may be transmitted using any appropriate medium, 
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including but not limited to wireless, wireline, optical fiber 
cable, RF, etc., or any Suitable combination of the foregoing. 
0094 Computer program code for carrying out operations 
for aspects of the present invention may be written in any 
combination of one or more programming languages, includ 
ing an object oriented programming language such as Java, 
Smalltalk, C++ or the like and conventional procedural pro 
gramming languages, such as the “C” programming language 
or similar programming languages. The program code may 
execute entirely on the user's computer, partly on the user's 
computer, as a stand-alone software package, partly on the 
user's computer and partly on a remote computer or entirely 
on the remote computer or server. In the latter scenario, the 
remote computer may be connected to the user's computer 
through any type of network, including a local area network 
(LAN) or a wide area network (WAN), or the connection may 
be made to an external computer (for example, through the 
Internet using an Internet Service Provider). 
0.095 Aspects of the present invention are described 
below with reference to flowchart illustrations and/or block 
diagrams of methods, apparatus (systems) and computer pro 
gram products according to embodiments of the invention. It 
will be understood that each block of the flowchart illustra 
tions and/or block diagrams, and combinations of blocks in 
the flowchart illustrations and/or block diagrams, can be 
implemented by computer program instructions. These com 
puter program instructions may be provided to a processor of 
a general purpose computer, special purpose computer, or 
other programmable data processing apparatus to produce a 
machine, such that the instructions, which execute via the 
processor of the computer or other programmable data pro 
cessing apparatus, create means for implementing the func 
tions/acts specified in the flowchart and/or block diagram 
block or blocks. 
0096. These computer program instructions may also be 
stored in a computer readable medium that can direct a com 
puter, other programmable data processing apparatus, or 
other devices to function in a particular manner, such that the 
instructions stored in the computer readable medium produce 
an article of manufacture including instructions which imple 
ment the function/act specified in the flowchart and/or block 
diagram block or blocks. 
0097. The computer program instructions may also be 
loaded onto a computer, other programmable data processing 
apparatus, or other devices to cause a series of operational 
steps to be performed on the computer, other programmable 
apparatus or other devices to produce a computer imple 
mented process such that the instructions which execute on 
the computer or other programmable apparatus provide pro 
cesses for implementing the functions/acts specified in the 
flowchart and/or block diagram block or blocks. 
0098. Input/output or I/O devices (including but not lim 
ited to keyboards, displays, pointing devices, etc.) can be 
coupled to the system either directly or through intervening 
I/O controllers. Additionally, network adapters also may be 
coupled to the system to enable the data processing system to 
become coupled to other data processing systems or remote 
printers or storage devices through intervening private or 
public networks. Modems, cable modems, and Ethernet cards 
are just a few of the currently available types of network 
adapters. 
0099. In the above description, specific details of various 
embodiments are provided. However, some embodiments 
may be practiced with less than all of these specific details. In 
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other instances, certain methods, procedures, components, 
structures, and/or functions are described in no more detail 
than to enable the various embodiments of the invention, for 
the sake of brevity and clarity. 
0100. The flowchart and block diagrams in the figures 
illustrate the architecture, functionality, and operation of pos 
sible implementations of systems, methods and computer 
program products according to various embodiments of the 
present invention. In this regard, each block in the flowchart 
or block diagrams may represent a module, segment, or por 
tion of code, which comprises one or more executable 
instructions for implementing the specified logical function 
(s). It should also be noted that, in some alternative imple 
mentations, the functions noted in the block may occur out of 
the order noted in the figures. For example, two blocks shown 
in Succession may, in fact, be executed Substantially concur 
rently, or the blocks may sometimes be executed in the reverse 
order, depending upon the functionality involved. It will also 
be noted that each block of the block diagrams and/or flow 
chart illustration, and combinations of blocks in the block 
diagrams and/or flowchart illustration, can be implemented 
by special purpose hardware-based systems that perform the 
specified functions or acts, or combinations of special pur 
pose hardware and computer instructions. 
0101 Although specific embodiments of the invention 
have been described and illustrated, the invention is not to be 
limited to the specific forms or arrangements of parts so 
described and illustrated. The scope of the invention is to be 
defined by the claims appended hereto and their equivalents. 

1. A computer program product, comprising: 
a computer readable storage medium to store a computer 

readable program, wherein the computer readable pro 
gram, when executed by a processor within a computer, 
causes the computer to perform operations for refining a 
dictionary for information extraction, the operations 
comprising: 
inputting a set of extracted results from execution of an 

extractor matching the dictionary to a collection of 
text, wherein the extracted results are labeled as cor 
rect results or incorrect results; 

processing the extracted results using an algorithm con 
figured to set a score of the extractor above a score 
threshold, computed as a harmonic mean of a recall of 
the extractor and a precision of each dictionary entry, 
wherein the recall comprises a fraction of true posi 
tives among a total number of expected occurrences, 
wherein the precision comprises a probability that an 
extracted entity is correct; and 

outputting a set of candidate dictionary entries corre 
sponding to a full set of dictionary entries, wherein the 
candidate dictionary entries are candidates to be 
removed from the dictionary based on the extracted 
results. 

2. The computer program product of claim 1, wherein the 
computer readable program, when executed on the computer, 
causes the computer to perform additional operations, com 
prising: 

obtaining extracted results from the extractor using a plu 
rality of specialized dictionaries, wherein each dictio 
nary produces extracted results labeled as correct results 
or incorrect results. 

3. The computer program product of claim 1, wherein 
inputting a set of extracted results further comprises: 
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using the extractor comprising a set of predetermined rules 
and matching a plurality of dictionaries to the collection 
of text to determine the extracted results; and 

labeling the correct results and the incorrect results based 
on a user input. 

4. The computer program product of claim 1, wherein 
processing the extracted results further comprises: 

computing the set of candidate dictionary entries that set 
the score above the score threshold, wherein the set of 
candidate dictionary entries comprises a maximum size 
constraint. 

5. The computer program product of claim 1, wherein 
processing the extracted results further comprises: 

computing the set of candidate dictionary entries that set 
the score above the score threshold within an allocated 
recall constraint, wherein the recall constraint deter 
mines a minimum coverage of the dictionary. 

6. The computer program product of claim 1, wherein 
processing the extracted results further comprises: 

estimating the precision of each dictionary entry in the full 
set of dictionary entries using the extracted results, 
wherein the algorithm is a statistical estimation algo 
rithm. 

7. The computer program product of claim 6, wherein the 
algorithm is an expectation-maximization (EM) algorithm. 

8-14. (canceled) 
15. A dictionary refinement system, comprising: 
an extractor configured to matcha dictionary to a collection 

of text to obtain a set of extracted results, wherein the 
extracted results are labeled as correct results or incor 
rect results; 

a processor configured to: 
process the extracted results using an algorithm config 

ured to set a score of the extractor above a score 
threshold computed as a harmonic mean of a recall of 
the extractor and a precision of each dictionary entry, 
wherein the recall comprises a fraction of true posi 
tives among a total number of expected occurrences, 
wherein the precision comprises a probability that an 
extracted entity is correct; and 

output a set of candidate dictionary entries correspond 
ing to a full set of dictionary entries, wherein the 
candidate dictionary entries are candidates to be 
removed from the dictionary based on the extracted 
results. 

16. The system of claim 15, wherein the extractor is further 
configured to: 

obtain extracted results from the extractor using a plurality 
of specialized dictionaries, wherein the extracted results 
corresponding to each dictionary are labeled as correct 
results or incorrect results. 

17. The system of claim 15, wherein inputting a set of 
extracted results further comprises: 

using the extractor comprising a set of predetermined rules 
and matching a plurality of dictionaries to the collection 
of text to determine the extracted results; and 

labeling the correct results and the incorrect results based 
on a user input. 

18. The system of claim 15, wherein processing the 
extracted results further comprises: 

computing the set of candidate dictionary entries that set 
the score above the score threshold, wherein the set of 
candidate dictionary entries comprises a maximum size 
constraint. 



US 2013/031807S A1 Nov. 28, 2013 
11 

19. The system of claim 15, wherein processing the 
extracted results further comprises: 

computing the set of candidate dictionary entries that set 
the score above the score threshold within an allocated 
recall constraint, wherein the recall constraint deter 
mines a minimum coverage of the dictionary. 

20. The system of claim 15, wherein the extractor is further 
configured to: 

estimate the precision of each dictionary entry in the full set 
of dictionary entries using the extracted results, wherein 
the algorithm is a statistical estimation algorithm. 

k k k k k 


