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1 Problem definition

Text learning algorithms are reasonablysuccessfulwhen provided with enoughlabeled or annotated training
examples. For instance, text classibergd13, 10, 21, 4, 18] reach high accuracyfrom large sets of class-lateled
documerts; information extraction algorithms [3, 15, 19, 8] perform well when given many tagged documerts
or large sets of rules as input. However, creating these training sets becomestedious and expensiwe, since
typically they must be labeled by a person.

To learn from a large amount of unlabeled cortent, bootstrap learning algorithms have been proposed.
Bootstrap learning is a form of semi-sugervisedlearning wherethe algorithm starts with a small setof labeled
points commonly referred to as seeds and performs a task such as classibcationwith minimal intervertion or
labeling onward.

In our work, we consider extracting facts from a corpus; given a relation or a predicate, the task is to bnd
ertities that satisfy the relation or predicate. For example, for predicate is-a-nation, we would like to extract
strings represeting nations such as United States or Japan. We usethe bootstrap setting introducedin the
KnowlITALL system by Etzioni et al.[7], where they employ an iterativ e approad that alternates between
extracting rules from a set of entities, and bnding ertities from the newly extracted set of rules. Although a
rule can be of any form, e.g.,an incremental bag-of-words classiberthat usesthe words around an ertity, or
evena pre-trained entit y classiberfor simplicity we examineonly rules matching an exact sequenceof tokens.
We believe more sophisticated or generalforms of rules can increasethe performance of the bootstrapping
algorithm, but this issueis outside our scope of problem.

One major weaknessof such bootstrap algorithms is the tendencyto decreasén precisionover time. Because
there is no oraclelabeling examplesafter the initial seeding,the algorithm canrapidly divergefrom the target

relation. In our setting, it is typical for a bootstrapper to extract many ertities that do not satisfy the given
predicate or relation, or to becomeunable to extract any ertities or rules. We identiped the main cause
of this deviation problem to be the equal treatment of every rule and ertit y; the plain bootstrap algorithm

usesall ertities and rules for further iterations and assumesall extractions to be true, without assigningany

conbdencescores.If arule is too general,it will extract many ertities not satisfying the predicate or relation;

for example, I flew to will not only extract namesof nations but also of other locations such as states and

cities, thereby lowering the precision of extracted examples. If a rule is too specibc,it will not extract many

ertities other than the ertity that extracted the rule; I love the beautiful snow-covered slopes of the Rockies

in Will not extract any nations apart from Canada and United States.

There exists a handful of previous work addressingthe deviation problem by scoring rules and ertities. [7]
preseris multiple scoring metrics for the KNOowITALL system, such as pointwise mutual information (PMI),
the Noisy-Or model, and the UrNs model. We revisit these methods and compare their inBuenceon the
quality of extractions by bootstrapping. Furthermore, we study the value of feedbad in bootstrap extraction
using active learning. We conjecture that active learning can prevent divergenceof the bootstrapper with a
small amount of user feedbad b far lessthan the elort required to label a large pool of examples.

Henceour work involvestwo main goals. The brst is to comparethe precision and recall of a set of scoring
methods for rules and ertities, and to examinethe elect of active learning on those methods. The secondis
to examinethe sensitivity of active learning by investigating issuessuch as how many questionsare required



for active learning to be useful, at what point in the life of a bootstrapper can active learning prove helpful,
and what kinds of active learning strategies provide the most improvemert.

2 Related work

Bootstrap learning is closelyrelated to co-training [2], which alternately learnsusing two orthogonal views of
the data. Joneset al.[9] givesa good overview of methods usedin bootstrap learning. Information extraction
systemsthat usebootstrapping include [12, 1, 5, 17, 14]. Thesesystemsbeginwith a set of hand-taggedseed
ertities, then alternately learn rules from seeds,and further seedsfrom rules.

Furthermore, Etzioni et al. proposedthe KNOowITALL system, which does not require hand-tagged seeds,
but instead beginswith a domain-independert set of genericextraction patterns from which it inducesa set
of seedertities [7]. For example, the genericpattern ONP1such as NPList20 indicates that the head of eath
simple noun phrase (NP) in the list NPList2 is a menmber of the classnamedin NP1. By instantiating the
rule for the classis-a-city, KNowITALL extracts three candidate cities from the sertence, OWe provide tours
to cities such as Paris, London, and Berlin.O

Previous work has explored inactive methods of scoring facts extracted by bootstrap learning systems. The
KNowITALL system used pointwise mutual information, a method of assessinghe truth of a relation using
Web queries,to Pnd conbdencescoresfor extracted facts. Downey et al.[6] expandedupon this work by using
probabilistic models such as Noisy-Or and the Urns model.

Jones[11] exploresmethods of incorporating active learning in a bootstrap learning systemin the co-testing
setting. Her work Pndsthat active learning can help improve the precision of a bootstapped named ertit y
recognizer.

3 Approach

In order to investigate the elect of active learning on the bootstrapping process,we conduct an evaluation
of dilerent scoring methods and measurethe elect that active learning has on ead. Four dilerent scoring
algorithms were developed. Each was adapted to use one or more dilerent active learning strategies. A
standard bootstrapping algorithm was developed to act asa common environment for testing these scoring
algorithms, and they were evaluated on their performancein a simple bootstrapping task.

3.1 Confidence scoring methods

The role of scoringmethodsin bootstrap learning is twofold. First, asthe bootstrapping algorithm iterativ ely
usesthe extraction rules and ertities that it has already found to learn new ertities and rules, the scores
assignedto ead rule and ertit y drivesthe selectionof new ones. High scoringrules and ertities are assumed
to be better at Pnding other high-scoring ones. Second,after the bootstrapping processhas Pnished,a list is
generatedof those ertities most likely to belongto the target relation accordingto their scores.Sinceactive
learning may provide dilerent benebtsto dilerent scoring methods, we did not conbPneour investigation to

the elect on a singlemethod. Instead, a diversesampleof four methods was chosen,sometaken from existing
work, others designedand developed for this application. Specibcally they are pointwise mutual information,

Basilisk, Noisy-Or, and Pagerank. Additionally , in order that these methods might be compared against a
common baseline,a bfth Ostrav manOscoring method called Uniform Scorerwas developed.

3.1.1 Pointwise mutual information (PMI)

Etzioni et al.[7] demonstrated that the PMI of an ertity and a relation can be approximated using the
statistics maintained by vast Web indexing systemssuc as Google. Specibcally the PMI betweenan ertity



e and a relation R is approximately proportional to a statistic involving the estimated hit counts returned
by Google.
HitCount(e + R)

HitCount(e)

The ratio of the number of hits for both the ertit y and the relation to the total number of hits for the entity
is a measureof the strength of assaiation betweenthe two. Note that using a strategy suggestedby Etzioni
et al., we treat the expressione + R to indicate the composite seart string Q is a RO(e.g., OAustraliais a
NationO).

Each conbdencescoring method can be reduced to two formulas: one scoring ertities, the other scoring
extraction rules. The Prst formula expresseshe score assaiated with an ertity e and a relation R. We
directly use PMI( e, R) for this score. While the PMI score can range between zero and one, it is usually
notoriously closeto zero[7. Howewer, we are not performing any arithmetic on the scores,simply comparing
them to one another. As sud, the raw scoreseemssu’cient. Note that in the event HitCount(e) = 0, we
considerthe PMI to be zero. The secondof the two formulas expresseshe scoreassaiated with an extraction
rule » and a relation R. We compute the scorefor a rule » and a relation R using the scorefor the ertities
e1,...,e, assaiated with the rule. Specibcally we compute the scoressy, ..., s, for ead entity eq,..., e,
and relation R, and we take the averageg over si, ..., s, asthe scorefor the rule r and relation R. We say
that an entity is assaiated with a rule whenewer the two co-occur. A rule and ertity can co-occur either
becausethe rule extracts the ertity or because,when searding for the ertity, the rule occurs as a nearby
phrase. (While seeminglyarbitrary, the latter assaiation exists becauseit is often usedin the bootstrapping
of new rules from existing entities as described in Section 3.3.)

PMI (e, R) =

3.1.2 Basilisk

Basilisk (Bootstrapping Approach to Semartic Lexicon Induction using Semaric Knowledge) is a weakly
supervised mutual bootstrapping algorithm that automatically generatessemariic lexicons [20]. Rilo! Os
researd group hasdone much previous work on bootstrap learning in Information Retrieval and the Basilisk
algorithm is their mostrecert one. The Basilisk algorithm starts from one seedertit y, which may be too weak
for our data. To obtain a more robust algorithm, we begin the algorithm with a small set of seedertities.
The brst step in the Basilisk bootstrapping processis to extract a set of candidate rules from the Web using
an entit y pool (initialized with seedertities). Among all extracted rules, we selectthe n rules most likely to
belongto the target class(e.g., nations) accordingto a predebnedscorefunction. They employ the Rlog F'
scoring metric which was previously proposedby AutoSlog-TS[16]. It is debnedas

F;
score(rule;) = ﬁlOQQ(Fi)

where F; is the number of unique classmembersin the entity pool, and N; is the total nhumber of ertities
extracted by rule;. Intuitiv ely, the Rlog F' metric tries to strike a balancebetweenreliability and frequency:
% is high when the rules extractions are highly correlated with the class, and F; is high when the rule
extracts a large number of classmenmbers. After scoring, we selectthe top 5 rules and add them to a pool
of all acceptedextracted rules. The next step is to extract ertities by the rules in the rule pool and score
the ertities using another scorefunction. An entity is scoredaccording to the number of unique rules that
extracted it. Intuitiv ely, an ertit y extracted by three dilerent rulesis more likely to belongto the classthan
an entit y extracted by a singlerule. For tie-breaking purposes,we alsointro duce a small factor to represen

the strength of the rules that extracted it. The scoring metric for entities is formally debPnedas:

Yooty logs(Fy + 1)
P;

The main advantage of Basilisk bootstrapping comesfrom re-ewaluating the extraction rules after ead boot-
strapping iteration. For example, after the brst bootstrapping run, if Pve new ertities are added to the
permanert ertity pool, bootstrapping is restarted from scratch with the original seedertities plus these bve
new entities. Now the best rule selectedby bootstrapping might be dilerent from the best rule selected
last time. This procedurehas a snowball elect because,in ead iteration, new extractions are addedto the
temporary classusedto chooserules for subsequen iterations. In particular, more generalrules seemto [3oat
to the top asthe permanert classmember grows.

AvgLog(entity;) =



3.1.3 Noisy-Or

The Noisy-Or model [6] assumesthat ead time a rule extracts an entity, it is an independert event. Let
p,- denote the precision of rule . The precision is the probability that a random extraction from the rule
will be a positive example of the target relation Let c.,. denote the number of times ertity e is extracted by
rule ». The probability that an entity extracted by a single rule is a positive example of the target relation
is p(relation(e)|pr,cer) = 1 — (1 — py)%r. It is the probability that rule » was incorrect c., times. Seed
rules are assumedto have a precision p = 0.90, while other rules are assumedto have an initial precision
p= 0.50.

When we take multiple rules into accourt, the probability that an ertity is a positive example of the target
relation becomesp(relation(e)|p,c) = 1 — [, c ruies(L — Pr) .

3.1.4 Pagerank

We choseto implement a variant of the Pagerankalgorithm in order to addressour intuition that the goodness
of a node should reBectthe goodnessof its neighbors and of their neighbors and soon. The Pagerankscorer
is an iterativ e algorithm that repeatsthe scoring schemedescribed below until a Pxed point.

Consider the extraction data in the following graph form of G = (V, E). Let ead rule or entity be a node
v; € V. Then, there exists an edgebetweennodeswv; and v; if v; extracted v; or if v; extracted v;. For ead
independert evert of extraction betweenv; and v; from a unique span, where spanis debnedto be a tuple of
documert and the location in the documert, we add an edgebetweenv; and v;. Hencethe number of edges
betweenv; and v; represers how many times the two strings co-occur in the corpus. Note that following the
original Pagerank scheme one would employ the directed form of the graph (i.e., the edgefrom v; to v; is
treated dilerently an edgefrom v; to v;). However, we considerthe undirected version. Theoretically, rule
and entit y extraction must be symmetric; given the samecorpus, if a rule extracts an entit y then the ertity
must also extract the rule. When bootstrapping within the World Wide Web using Google, this assumption
fails due to the asymmetry of top pagesreturned by Google giventwo dilerent query strings. Howewer, since
we considerlearning from any given corpus, not the top pagesper query, the undirected version seemsmore
adequate.

For eadh ertity or rule ¢ and relation R, the conbdencescoreS(i, R) is calculated by:

1. If the entity or rule i is a seedfor relation R, S(i,R) = 1.

2. If the ertity or rule i is labeled (answered) by the userto be true for the relation R, S(i, R) = 1.
3. If the ertity or rule i is labeled (answered) by the userto be falsefor the relation R, S(i, R) = 0.
4

. Otherwise,
S, R)y= Y S(,R)Pr(j — i),
§.(0.§)EE

where . .
Number of edgesbetweeni and j

Pr(g —1i) = > zcv Number of edgesbetweenx and j

Note herethat the original Pagerankalgorithm has an additional term in the scoring equation:

S(i,R)y=a Y SG,R)Pr(j—i)+ (L —a)/V],
§(,4)EE

where |V| is the number of nodesin the graph. One may interpret the additional term as giving a small
conbdencescoreto a node for existing in the graph (after all, being extracted at all is a stronger evidence
of the entit yOgruthfulness to the predicate than not being extracted). However, we useda = 1 becausethe
Markov random walk model doesnot bt the scoring problem, and we believe the additional termOsmoothing
of scoreswill make the scoring schemelessdiscriminating.

When a new rule or an ertity is extracted, it is given a scoreof 1/N for ead relation, where N is the
number of relations consideredin the bootstrapper. Since our experiments only consider predicates of the
form is-a-X, the set of relations become{is-a-X, is-not-a-X }, and the initial score0.5.



3.1.5 Uniform Scorer

The Uniform Scorer algorithm simply assignsa constart score, uniformly to all rules and ertities. It was
developed in order that the scoring methods described above could be comparedagainsta common baseline.
Its performanceis a measureof what can be done by a bootstrapping algorithm without any useful scoring
strategy.

3.2 Active learning methods

The userOme is valuable. To make good useof labeling elort, it isimportant to judiciously selectexamples
preseried to the userfor labeling. We want to selectexampleswhich will steerthe bootstrapper in the right
direction, sothat it doesnot divergefrom the target relation. A good overview of strategiesfor active learning
in a bootstrap setting is given by Jones[1].

1. Random selectionchoosesertities randomly. The intuition is that we want the userto give input on a
wide variety of ertities, including positive and negative examples.

2. Density selection choosesertities for labeling basedon how many times they are extracted by rules.
We might considerselectingthe entities which occur most frequertly acrossall rules, sincethe answers
given by the userwill tend to alect conbdencescoresmore than ertities which occur rarely. We might
also considerthe least frequertly occurring ertities, sincethey are more likely to be incorrect.

3. Score-based selection choosesertities for labeling basedon their scores(as estimated by somescoring
method). We might considerentities with the topmost or bottommost scores,becauseinaccuraciesin
their scoreswould be most detrimental to the scoring methodOgerformance.

Each of our scoring methods was adapted to usethese strategies. For ead scoring method, seweral variants
were created. In addition to the unsupervised scoring method described in the previous section (which we
call the passive variant to distinguish it from the active variants), a random variant was developed for eat
strategy. A most-frequent density selection variant was developed for ead of PMI, Noisy-Or, and Pagerank.
A least-frequent density selection variant was developed for Noisy-Or and Pagerank. A topmost score-based
variant was developed for Basilisk.

In addition to selectingwhich questionsto ask a user, an active learning strategy must include a procedure
for incorporating the labels provided by the user badk into the scoring function. The reasona scoring
function must approximate the assiation betweenan ertit y and a relation is becausethe actual assaiation
is unknown. If that uncertainty is removed, e.g., becausethe user informs the scorerthat an assaiation
exists or it doesnot, then there is no needto approximate the score. In every case,if the user conbrmsthat
an entit y belongsto a relation, we set the scoreto 1.0. If an entity doesnot belongto a relation, we set the
scoreto 0.0.

Labeled data alect not just ertity scoresbut rule scoresaswell. The PMI and Pagerank methods simply
usethe newly computed ertit y scoresinto their rule scores.(E.g., PMI calculatesthe scoreof a rule asthe
averagescoreof the entities that are assa@iated with it.) The Basilisk algorithm, where rule scoresare based
on those ertities in the entit y pool, ensuresthat ertities with positive labels always appear in the pool while
ertities with negative labels are always excluded. Noisy-Or usesthe answers of questionsto estimate the
precisionfor ead rule. Let £, denotethe ertities labeled positively by the user,and E,, denotethoselabeled
negatively. Let c.. denote the count of times ertity e is extracted by rule r. For rule r, the precision is

estimated as p, = (ZeeEp ceT) / (ZeeEpuEn cer).

3.3 Experimental settings

An experiment was designedand conducted in order to measurethe electivenessof eat of these active
learning strategies and scoring methods. A simple bootstrapper was createdto act as a common platform
on which to evaluate ead of the strategiespreviously described. While the World Wide Web would be the
natural corpus on which such a bootstrapper would operate, for the purposeof evaluation, a static corpus
was created. While it is impossibleto completely encapsulatethe Web in a bxed corpus, we believe that



procedure SIMPLEBOOT((a list of seed extraction rules R))

Create a new scoring object S which can be active or passive
while (1) the list R of unsearched extraction rules is not empty and
(2) the maximum number of iterations have not been run do

Stage 1: Extract new entities from rules
Assign score Sg(r) to all unsearched rules r € R.
Sort the rules in R from highest to lowest score
for all the top five scoring rules 7 € R do
Search for the top ten occurrences of r.string.
Extract all noun phrases occurring on the r.hand side of the string in the title or “snippet” text
Add each noun phrase to the list E of potential entities
Remove r from list of unsearched extraction rules

Stage 2: Extract new rules from entities

Assign score Sg(e) to all entities e € E.

Sort the entities in E from highest to lowest score

Let e be the highest scoring entity in F

while e is not null and fewer than ten rules have been added to R do
Search for the top ten occurrences of e.string
Extract all 3-5 word phrases to the left and right of the string in the title or “snippet” text
If a phrase co-occurs next to two or more entities, create an extraction rule r and add it to R.

Stage 3: Active learning (when applicable)
Get five unlabeled entities from S to ask the user to label
Ask the user for labels for each entity
Report the user’s responses back to the scoring object S
Assign scores Sg(e) to all extracted entities
Return a list of the top scoring entities

Figure 1: The complete simple bootstrapping algorithm usedin the evaluation

the corpus was compiled so as to appear indistinguishable from the Web to our bootstrapping algorithm.
Consequetly, our evaluation ervironment should be realistic and yet remain controllable, both desirable
characteristics for an evaluation.

3.3.1 Simple bootstrapping algorithm

The goal of the bootstrapper is to perform unsupervisedinformation extraction, much aswasdoneby Etzioni
et al.[7] with their KNOowITALL system. Givena target relation (e.qg., is-a-nation), the bootstrapper compiles
a list of ertities belongingto a that relation. It doesso by issuing seard querieson a corpus and analyzing
the results.

The complete bootstrapping algorithm is detailed in Figure 1. It usesan iterativ e processwith new ertities
being extracted ewvery iteration. An iteration proceedsin three stages. In the brst stage, a set of extraction
rules are usedin seard queries,and the returned results are parsedin order to extract new potential ertities.
In the secondstage, the set of extracted ertities are usedto perform further queries,and phrasesthat co-
occur with multiple ertities are added as potential extraction rules for future iterations. In the third stage,
scoringmethods with an active learning componert are askedto composequeriesto a teacher (i.e., the user),
the teacher (or an equivalent oracle) is consulted, and the feedbad is provided to the scoring object (i.e.,
whether the ertit y belongsto the target relation).

For the purposeof evaluation, ground truth is supplied to the bootstrapper in the form of an exhaustive list
of those ertities that belong to the target relation. Consequetly, the bootstrapper automates the role of
the teacher by looking for the ertity in the table of true ertities and providing the scoring object with the
answer. Note that the scoring objectOsjuery-and-ansver framework must allow the teacher to indicate that
he or shedoesnot know the answer, but this evaluation doesnot exercisethat capability. When the scoring
object doesnot have an active componert, the third stageis omitted.



3.3.2 Building the corpus

The bootstrapping algorithm would be most suitable with a vast corpus such asthat provided by the World
Wide Web. It would naturally use GoogleOslava API or a similar mechanism to issue seart queries.
However, running in such an environment would compromiseour attempt to conduct a cortrolled evaluation.
Experiencehasshown that GoogleO3ava API will return dilerent results for the samequery whenthe queries
are made only minutes apart. Transiert failures are frequert, e.g., sener busy errors, connectiontimeouts. '
Operating in such a chaotic ervironment, a fair comparisonof two scoring algorithms is impossible. Intrinsic
dilerences between methods could not be distinguished adequately from dilerences due to environmental
changesbetweenruns of the bootstrapper.

Given theseissues,the decisionwas made to assenble a bxed corpus on which to conduct our evaluation.
However, the corpus was assenbled so that the obsened behavior of the bootstrapper would be realistic,
i.e., no dilerent than if it had beenrunning directly on the Web (except with reproducible results). It was
discovered that a simple modibcation to the bootstrapping algorithm would turn it into a corpus-building
algorithm that assenbles a realistic corpus. This modibcation required only one key insight. Specibcally
the role of the scoring algorithm in the discovery of new rules and ertities is analogousto that of a searh
heuristic in graph traversal (in the A* senseof OseartOrather than the information retrieval sense).

During any particular iteration, a subsetof the extraction rules and ertities will be searhed (in stagesl and
2 respectively). Consequetly, if we modify the bootstrapper slightly sothat it searhesall unsearded rules
and all entities, and cade the results, then any query the bootstrapper might make during that iteration
has already been cadched. Further, these modibcations do not stop the processingof the results returned by
the queries, i.e., the extraction of entities and discovery of new extraction rules. In fact, by allowing this
processingto proceed,we obtain a list of all the extraction rules and entities that could be searched in the
next iteration. Informally, we are making an inductive argumert that the results cached by this corpus-
builder contain any result that the bootstrapper would encourter had it usedthe Web directly. In elect,
this modibcation has made what was a form of heuristic seart algorithm (where the heuristic was encaded
in the scoring method) into a standard breadth-brst seard algorithm. Practically, sincethis corpus-builder
must issuean (exponertially) increasingnumber of queriesead iteration, we cannot run the corpus-builder
forever. However, if we run the corpus-builder for n iterations, we ensurethat the behavior of a bootstrapper
on that corpusis realistic if it runs for no more than n iterations.

Continuing to view the role of the scoring object as that of a heuristic in graph traversal, we made one
additional modibcation by actually encaling the corpusasa directed, bipartite graph. At a high level, there
is a mapping from ead extraction rule to the ertities that it extracts, e.g.,there might be an edgefrom the

extraction rule RH nations such as to the ertity Australia. This edgedenotesthe fact that in one of the

snippets returned by Google, Australia appearsas a noun phrasedirectly to the right of the string Onations
such as.Obut sud details are hidden from the scoring function and hencedo not matter in the evaluation.

Similarly, there is a mapping from an ertity to an extraction rule that co-occurswith it in seard results for

the ertity, e.g., an edgefrom Australia to the extraction rule RH CIA The World Factbook indicates that

a seart for Australia returns a title or snippet that cortains the phrase OCIA The World Factbook& Both

the extraction of ertities from rules and the co-occurrenceof potential rules with ertities can be encaded
in a graph. After the graph is created (by the corpus-builder), the simple bootstrapping algorithm need
only consult the graph, an operation much more e"cient than loading cached web pages,parsing them, and
performing part-of-speed tagging and noun phraseextraction. The initial investmert of building the graph
in the corpus-builder pays o! both in the time the bootstrapping algorithm avoidsin duplicated elort and in

the actual sizeof the corpus. It alsopreseris the opportunity to craft synthetic corpora and test our scoring
algorithms under a range of operating conditions not easily producedin the real world.

n addition to those Google API characteristics that made it undesirable, it is worth mentioning other issues that made it
infeasible even to use for assembling our corpus. Queries often took several seconds to complete, and frequently raised exceptions.
Some queries repeatably raised an undocumented, nonspecific exception, making it impossible to obtain results for those search
queries even through multiple attempts. Results including reported hit counts were often different from those returned through
Google’s web page. Accessing more than 10 results required additional queries. The 1000-query-per-day restriction was an
unexpected impediment because queries that resulted in an exception still counted against the daily limit.

2 Actually, the full title is “CIA — The World Factbook — Australia” but punctuation is ignored by Google and consequently
stripped by our parser.
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Figure 2: The number of ertities in the corpus grows exponertially with the number of iterations; the

precisiondrops super-linearly; and the recall increasedinearly.

3.3.3 Nation-extraction corpus

The actual information extraction task chosenfor the evaluation wasthe extraction of nation names. While
the scoringobjects support the learning and scoring of binary relations aswell asunary ones,unary relations
were chosenfor their simplicity in this brst evaluation. Further, a vetted list of actual country nameswas
available and ready for our use? another factor in favor of building a corpusaround nation extraction.

Note that nation extraction is not an ideal task. From the standpoint of external validity, nation extraction
is an unlikely task for a bootstrap learner. Since the number of nations is comparatively small and well
known, it dilers from the types of tasks for which one might naturally employ a bootstrap learner. From
the standpoint of internal validity, evaluating whether an entity is a nation or not is not as black-and-white
as initially believed. For instance, becauselists of noun phrasesare split into separate nations, conjoined
nations such as Antigua and Barbuda will never be extracted, but Antigua and Barbuda will be extracted
separatelyand counted againstthe algorithm. Likewise,typossuch as Vatican Cit (missinga-y) do not count
as nations. Further, nationhood can be a transient concept. Our list of nations cortains both Burma (the
name changedto Myanmar) and Taiwan, whosenationhood status remains a sensitive political issue.

For this ewvaluation, we consideredthe list of nations to be ground truth. We imagined it asan expressionof
the intentions of a particular userwho did not, for instance, considera misspelled nation to be a nation. While
other usersmight be more lenient, our userwas not. Future studies might relax someof these restrictions
or, alternativ ely, demandthat the nation be recognizedas suc today.

The corpus-builder was usedto build a corpus for nation extraction. Becausethe number of nations is so
small, a single seedrule was supplied to the corpus-builder, specibcally RH nations such as. The corpus-
builder was run for eight iterations. The decisionwas made to stop at eight simply becauseof time and
memory constraints. Summary statistics about the growth of the corpus appear in Figure 2. As expected,
the number of ertities possibleto extract doesappearto grow exponertially in the number of iterations. The
corpus-wide precision drops steeply in the brst few iterations, indicating how quickly a bootstrapper with
a poor scoring algorithm might diverge from the target concept. The recall is calculated as the number of
nations appearing as ertities in the corpus divided by the total number of nations in the ground truth list.
It increasessteadily and seeminglylinearly in the number of iterations. The corpus-widerecall provides an
upper bound on the performanceof any scoringalgorithm. Sincethe corpusonly cortains 47% of the nations
in the ground-truth list, no scoringalgorithm can extract more than 47% of the desirednation names.

3.3.4 Evaluation procedure

Our evaluation proceedsin two parts, ead part designedto accomplish one of the two goals of this work.
The brst goalis to assesghe elect of active learning on the performanceof the bootstrap scoringobject. In
the brst part of our evaluation, the bootstrap algorithm wasrun using ead scoring strategy in turn, with all

3We are grateful to Mohit Kumar for providing us with this list of names.



RELATION = Nation

SCORER TYPE = NoisyOrScorer-MostFrequent
VERBOSE LEVEL = 2

SEED RULE = RH nations such as

ENTITIES RETURNED = 293

ITERATION MAX = 8

RULES PER RUN = 5

NEW RULES PER RUN = 10

ENTITIES PER RULE = 2

QUERIES PER RUN = 5

CORPUS FILE = Experiments/nations2-corpus.txt
GROUND TRUTH = Experiments/nations-key.txt
RESULTS FILE = Experiments/nations2-PMIScorer-random/result-qnum-05.txt

Figure 3: Sample conbguration Ple for the simple bootstrapping algorithm

other conbgurationoptions held bxed. Figure 3 shows the conbgurationpblefor the Noisy-Or scoringmethod
with the most-frequert density-selection active learning strategy. All conbguration options other than the
scorertype and the result Plenamewere constart acrossall runs. The precisionand recall of the top scoring
ertities is calculated at the end of ead iteration and recorded. While these scoresalone provide us with a
comparisonof the relative merits of the algorithms, it is desirableto also measuretheir performanceagainst
a common baseline. To this end, an additional scoring object called Uniform Scorerwas implemented and
included in theseruns. The Uniform Scoring algorithm returns a constart scorefor every ertity and every
rule. As sud, its performanceis a measureof what can be done by the bootstrap algorithm alone, without
any useful scoring strategy.

The secondgoalis to determine the sensitivity of the the active learning strategiesto the number of questions
asked. In the secondpart of our evaluation, the the bootstrap algorithm was run eleven times eac scoring
method, ead of the eleven runs useda slightly dilerent conbguration. Specibcally the number of questions
that the scorerwas allowed to askin ead run varied from zeroto ten. In the brst run, the scoring strategy
was allowed to ask no questions (and as such should behave no dilerently than the passiwe strategy). In
the secondrun, the scoring strategy was allowed to ask one question. In the third run, two questionswere
asked, and soforth. In the elewerth run, ten questionswereasked. The precisionand recall of the top-scoring
ertities were computed at the end of the bnal iteration, and the scoreswere recorded. Again, the Uniform
Scoring algorithm was run through the sameprocedureto provide a common baseline.

4 Experimental results

Figure 4 shaws the results of the brst part of the evaluation, assessinghe elect of active learning on eadh
scoringmethod. Each row of the table comparesthe performanceof ead variant of the scoringmethod (e.g.,
active, passiwe, and random) to one another and to the baselineperformanceof Uniform Scorer. The results
for the PMI-based strategiesare in the top row, the Basilisk-basedstrategiesin the second,Noisy-Or in the
third, and Pagerankin the fourth.

The left column preseris the precisionresults. The percertage of top-scoring results that are actually nations
is plotted asa function of the number of iterations. Initial precisionis high becausethe extractions from the
seedrule are almost all true nations. The right column preseris the recall results. The percertage of true
nations that are amongthe top-scoring results are plotted as a function of the number of iterations.

Figure 5 shawvsthe results of the secondpart of the evaluation, examiningthe sensitivity of ead activelearning
strategy to the number of questionsasked in ead iteration. Again, ead row focuseson the performance of
all variants of a single scoring method (with Uniform ScorerOperformanceas a baseline). The left column
preseris precision results while the right column presers recall results.



Figure 4: Comparison of the precision and recall of eat of the scoring methods as the number of iterations

increases.
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Figure 5: Comparison of the bnal precision and recall of ead of the scoring methods as a function of the
number of questionsasked in ead iteration.
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Pointwise mutual information. The PMI scoringmethod is barely alected by active learning. The top
rows in Figures 4 and 5 show that the PMI scoring methods dominate the Uniform Scorerin terms of both
precisionand recall, but they alsoshaw that the three PMI methods are nearly indistinguishable. While user
labeling doeschangethe scoreof an entity, it doesnot changeit much relative to the other scores.Positively
labeled data was already assigneda high PMI scoreand negatively labeled data a low PMI scoreprior to
userlabeling. This suggeststhat userlabeling provided little information not already available to PMI. The
results in Figure 5 support oler further support for this theory, sincethe number of questionsseemsto have
little elect on the precisionand recall of PMI scorers.One implication is that PMI might be usedas a Omor
manOsubstituteO for a real teacher for other learning methods.

Basilisk. Basilisk scoring schemeswith Score-basedselectionand random selectionoutperform the passive
approach. Basilisk scorer benebtedthe most from active learning in our experiments. Figure 5 shows the
increasein precisionfor Basilisk algorithm using Score-basedelection, which reachesnear 60%, higher than
any other combination of scoring and active learning methods we investigated in this work. Note here
that precision does not show much change given dilerent numbers of questionsasked. This suggeststhat
the Basilisk algorithm extracted the same number of positive examplesin all runs (varying the number
of questions asked ead iteration) but extracted fewer negative exampleswhen it was allowed more labels
per iteration. Although the random selection curve seemsto achieve a higher precision, its value shows a
bigger variance during the bootstrapping iterations. The score-basedelectionstrategy shows a more robust
performance.

Noisy-Or. Among the Noisy-Or variants, the Most Frequert strategy, the algorithm that selectsthe most
frequertly extracted ertities for labeling performs the best, with slightly higher recall than the Random
strategy. The Least Frequernt strategy does better than the Passive and Uniform Scorer strategies, but
not as well asthe Most Frequert and Random strategies. We suspect that asking about the Least Frequert
ertities doesnot provide asmuch information asthe other two active methods. Noisy-Or algorithm estimates
conbdencescoresof rules basedon the how many of ertities the rule is assaiated with are positive. We believe
the Most Frequert strategy givesus the most positive information about rules since exampleschosenby this
strategy are extracted by many rules and/or many times. Also, becausethey were extracted many times or
by many rules, we believe most of them would be positive examples. The Random strategy performs well
becauseit asksabout negative examplesas well as positive examples,even though the examplesmay not be
related to many rules and thus do not reveal the goodnesslevel of many rules. However, the Least Frequert
strategy will likely choosenegative examplesthat refectthe badnessof only few rules. The Passiwe strategy
strugglesdue to the bootstrapper having only one seedrule, becausenon-seed,extracted rules are assumed
to all have 50% precision. The number of questionsasked ead round doesnot alect performancemuch for
any Noisy-Or algorithm. The largest dilerence appearsto comefrom asking 1 question versusnone, which
indicates that the presenceof active learning is more important than the degreeof intervertion.

Pagerank. For the Pagerankscorer,active strategies,especially Density Selectionmethods (both Most Fre-

quert and Least Frequert) perform considerablybetter than the passiwe version, which initially outperforms
but evertually cornvergesto the performance of Uniform Scorerfor both precision and recall, as suggested
by Figure 4. Typically, the Random strategy performs similarly to either Density Selectionstrategiesor the

Passiwe strategy, but doesnot deviate much from them. Overall, strategiesutilizing active learning perform

much better than the passiwe scorerand Uniform Scorerfor both precisionand recall. The sameobsenation

holds when examining the performanceswith respect to the number of questionsasked. Figure 5 shows that

while obtaining labels for more examplesis benebcialfor small numbers of questions, after a certain point

(5 in this case)the performanceof active strategies plateau with respect to the number of questionsasked.
Hencesomelevel of active learning improvesbootstrap precisionand recall, but there seemsto be a limit to

its usefulness.While this may suggestthat we may not achieve higher precisionand recall even by obtaining

many labels, if proven generally it may show that whatever the achievable level of performanceis can be
obtained using just a small number of labeled examples.

General trends. Figures 6 and 7 comparethe top performing variants of ead scoring method. Figure 6
shows that after eight iterations, the top variants of eac scoring method have similar precision. Note that
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somemethods maintain high precisionearly in the bootstrapping process(e.g., Basilisk) while others degrade
quickly (e.g., PMI). Pagerankand NoisyOr reach the highest recall.

Figure 7 shavsthat asthe number of questionsincreasesBasilisk seesa steadygain in precision. The behavior
of Pagerank, PMI, and NoisyOr is quite similar, with PMI and NoisyOr faring better than Pagerankwhen
only a few questionsare asked per iteration. In general,the improvemert due to active learning is seenmost
dramatically in the Prst four or Pve questions.

5 Conclusions

Our brst goalwasto assesshe elect of active learning on various scoringmethods usedby bootstrap learners.
All scoringmethods demonstratedimproved precisionand recall over the baseline. All active learning variants
exceptthat of PMI shaved improved performanceover their passive courterparts.

Our secondgoal was to ascertain the sensitivity of active learning strategiesto details such as the number
of questionsasked in ead iteration. Again, exceptfor PMI, the performanceof all active learning strategies
tends to improve as the number of questionsincreases.However, bve or six questionsare often su“cient to
seethose improvemerts. Interestingly, without any labeled data, PMIOsperformance (in terms of precision
and recall) was competitiv e with respect to other scoring methods using labeled data.

Theseresults suggestthat unsupervisedbootstrap learnerscanbe greatly enhancedby a small amourt of user
input. While favorable, the results are preliminary. For instance, only a single bootstrapping task (e.g., the
is-a-nation predicate) was consideredin the ewvaluation. Sud followup work would be neededto ensurethat
scoring methods and active learning can consisterily fortify bootstrap learnersto maintain a high precision
and prevent divergencefrom the target concept.
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