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Abstract vised, and semi-supervised techniques have been de-
veloped.
Open-class semantic lexicon induction is of All these techniques employ some sort of context

great interest for current knowledge harvest-

_ : to specify the appearance in text of the desired in-
ing algorithms. We propose a general frame-

. : formation. This approach is based on the general
work that uses patterns in bootstrapping fash- N . .
ion to learn open-class semantic lexicons for |r?tu'|t|o'n, Qatlng back a_lt least to the dlstrlb_utlonal
different kinds of relations. These patterns re-  Similarity idea of (Harris, 1954), that certain con-
quire seeds. To estimate theodnesgthe po- texts are specific enough to constrain terms or ex-
tential yield) of new seeds, we introduce a re- pressions within them to be specific classes or types.
gression model that considers the connectiv-  Often, the context is a string of words with an empty
ity behavior of the seed during bootstrapping.  gjot for the desired term(s); sometimes, it is a regu-
The generalized regression modelis evaluated |, oy yression-like pattern that includes word classes

on six different kinds of relations with over : N . .
10000 different seeds for English and Span- (syntactic or semantic); sometimes, it is a more ab-

ish patterns. Our approach reaches robust per- stract set of features, including orthographic fea-

formance of 90% correlation coefficient with tures like capitalization, words, syntactic relations,
15% error rate for any of the patterns when semantic types, and other characteristics, which is
predicting thegoodnes®sf seeds. the more complete version of the distributional sim-

ilarity approach.

In early information extraction work, these con-
texts were constructed manually, and resembled reg-
The automated construction of semantically typedllar expressions (Appelt et al., 1995). More re-
lexicons (terms classified into their appropriate secently, researchers have focused on learning them
mantic class) from unstructured text is of great imautomatically. ~Since unsupervised algorithms re-
portance for various kinds of information extractionquire large training data and may or may not produce
(Grishman and Sundheim, 1996), question answethe types and granularities of the semantic class de-
ing (Moldovan et al., 1999), and ontology popu-Sired by the user, and supervised algorithms may re-
lation (Suchanek et al., 2007). Maintaining largejuire a lot of manual oversight, semi-supervised al-
semantic lexicons is a time-consuming and tediougorithms have become more popular. They require
task, because open classes (such as: all singers,dly a couple of seeds (examples filling the desired
types of insects) are hard to cover completely, angemantic context) to enable the learning mechanism
even closed classes (such as: all countries, all larg@e learn patterns that extract from unlabeled texts
software companies) change over time. Since it i@dditional instances of the same class (Riloff and
practically impossible for a human to collect suchones, 1999; Etzioni et al., 2005; Pasca, 2004).
knowledge adequately, many supervised, unsuper-Sometimes, the pattern(s) learned are satisfactory

1 Introduction: What is a Good Seed?
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enough to need no further elaboration. They are seed term is. Then we introduce a regression
applied to harvest as many additional terms of the model of seed quality measurement that, after
desired type as possible (for example, the instance- a certain amount of training, automatically es-
learning pattern <type> such as ? introduced in timates the goodness of new seeds with above
(Hearst, 1992)). More often, the method is applied  90% accuracy for bootstrapping with the given
recursively: once some pattern(s) have been learned, relation.
they are used to find additional terms, which are then e Next, importantly, we discover that training a
used as new seeds in the patterns to search for addi- regression model on certain relations enables
tional new patterns, etc., until no further patterns are  one to predict the goodness of a seed even for
found. At that point, the satisfactory patterns are se-  other relations that have never been seen be-
lected and large-scale harvesting proceeds as usual. fore, with an accuracy rate of over 80%.
In an interesting variation of this method, (Kozareva e We conduct experiments with six kinds of
et al., 2008) describe the ‘doubly-anchored pat- relations and more tham0000 automatically
tern’ (DAP) that includes a seed term in conjunc-  harvested seed examples in both English and
tion with the open slot for the desired terms to be  Spanish.
learned, making the pattern itself recursive by al- The rest of the paper is organized as follows.
lowing learned terms to replace the initial seed termk the next section, we review related work. Sec-
directly: ‘<type> such as<seed- and ?. tion 3 describes the recursive pattern bootstrap-
Context-based information harvesting is well unPing (Kozareva et al., 2008). Section 4 presents our
derstood and has been the focus of extensive réeed quality measurement regression model. Sec-
search. The core unsolved problem is the Se|e&i.0n 5 discusses experiments and results. Finally, we
tion of seeds. In current knowledge harvesting alconclude in Section 6.
gorithms, seeds are chosen either at random (Dawj-
dov et al., 2007; Kozareva et al., 2008), by picking\]ﬂ Related Work
the top N most frequent terms of the desired clas$eeds are used in automatic pattern extraction from
(Riloff and Jones, 1999; Igo and Riloff, 2009), or bytext corpora (Riloff and Jones, 1999) and from the
asking experts (Pantel et al., 2009). None of thes#/eb (Banko, 2009). Seeds are used to harvest in-
methods is quite satisfactory. (Etzioni et al., 2005%tances (Pasca, 2004; Etzioni et al., 2005; Kozareva
report on the impact of seed set noise on the finat al., 2008) or attributes of a given class (Pasca and
performance of semantic class learning, and PakWan Durme, 2008), or to learn concept-specific re-
tel et al. observe a tremendous variation in the enations (Davidov et al., 2007), or to expand already
tity set expansion depending on the initial seed seixisting entity sets (Pantel et al., 2009). As men-
composition. These studies show that the selectidibned above, (Etzioni et al., 2005) report that seed
of ‘good’ seeds is very important. Recently, (Vyasset composition affects the correctness of the har-
et al., 2009) proposed an automatic system for imsested instances, and (Pantel et al., 2009) observe an
proving the seeds generated by editors (Pantel et ahcrement of 42% precision and 39% recall between
2009). The results show 34% improvement in finalhe best and worst performing seed sets for the task
performance using the appropriate seed set. Howf entity set expansion.
ever, using editors to select seeds or to guide their Because of the large diversity of the usage of
seed selection process is expensive and therefore seeds, there has been no general agreement regard-
always possible. Because of this, we address in thisg exactly how many seeds are necessary for a
paper two questions: What is a good seedand given task. According to (Pantel et al., 2009) 10 to
“How can the goodness of seeds be automaticalB0 seeds are a sufficient starting set in a distribu-
measured without human interventién? tional similarity model to discover as many new cor-
The contributions of this paper are as follows: rect instances as may ever be found. This observa-
e First, we use recursive patterns to automaticallfion differs from the claim of (Pagca and Van Durme,
learn seeds for open-class semantic lexicons.2008) that 1 or 2 instances are sufficient to dis-
e Second, we define what the ‘goodness’ of &over thousands of instance attributes. For some
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pattern-based algorithms one to two seeds are sigeeds on its own.
ficient (Davidov et al., 2007; Kozareva et al., 2008), The algorithm starts with &eedof type class
some require ten seeds (Riloff and Jones, 1999; Igohich is fed into the doubly-anchored pattern
and Riloff, 2009), and others use a variation of 1, 5,<class> such as<seed> and * and learns in the
10 to 25 seeds (Talukdar et al., 2008). * position new instances of typelass The newly

As mentioned, seed selection is not yet well unlearned instances are then systematically placed into
derstood. Seeds may be chosen at random (Datie position of theseedin the DAP pattern, and the
dov et al., 2007; Kozareva et al., 2008), by pickingnarvesting process is repeated until no new instances
the most frequent terms of the desired class (Riloftre found. The general framework is as follows:
and Jones, 1999; Igo and Riloff, 2009), or by ask ——
. S 1. Given:
ing humans_ (Pantel et al., 2009). The mtw_tlons for a language L£English, Spanish
seed selection that experts develop over time seem  ; patternP,={e.g., [verb prep, noun, verp]
to prefer instances that are neither ambiguous npr 3 seedseed for P;
too frequent, but that at the same time are prolific 2. Build a query in DAP-like fashion foP; using
and quickly lead to the discovery of a diverse set gf templateT;; of the type ‘class such aged and
instances. These criteria are vague and do not al-  *, ™ and seed verb prep’, * andseed noun’,
ways lead to the discovery of good seeds. For some  and sced verb’
approaches, infrequent and ambiguous seeds are c-3: Submitl; to Yahoo! or another search engine
ceptable while for others they lead to deterioration - extract instances occupying the * position
. . . take instances from 4. and go to 2.
in performance. For mst_ance, the DAP (Kozareva ¢ . repeat steps 2-5 until no new instances |are
al., 2008) performance is not affected by the amb found
guity of the seed, because the class and the seedin
the pattern mutually disambiguate each other, while At the end of bootstrapping, the harvested in-
for the distributional similarity model of (Pantel etstances can be considered to be seeds with which
al., 2009), starting with an ambiguous seed leadse bootstrapping procedure could have been initi-
to ‘leakage’ and the harvesting of non-true class inated. We can now compare any of them to study
stances. (Kozareva et al., 2008) show that for thémeir relative ‘goodness’ as bootstrapping seeds.
closed classountry, both high-frequency seeds like )
USA and low-frequency seeds likBurkina Faso 4 Seed Quality Measurement
can equally well yield all remaining instances. Ang 1 problem Formulation
open question to which no-one provides an answer i
is whether and which high/low frequency seeds cawe define our task as:
yield all instances of large, open classes like peop|eTask Definition: Given a seed and a pattern in|a
or singers. language (say English or Spanish), (1) use the bpot-
strapping procedure to learn instances from the Web;
(2) build a predictive model to estimate the ‘goad-
ness’ of seeds (whether generated by a human or
learned) .

—
[20 ) I SOV ]

3 Bootstrapping Recursive Patterns

There are many algorithms for harvesting informak

tion from the Web. The main objective of our work g en 5 desired semantic class, a recursive harvest-

is not the creation of a new algorithm, but rather derng pattern expressing its context, and a seed term

termining the effect of seed selection on the gefy, e in this pattern, we define the ‘goodness’ of
eral class of recursive bootstrapping harvesting ajfo ceed as consisting of two measures:
gorithms for the acquisition of semantic lexicons for

open class relations. For our experiments, since it ® theyield: the total number of instances learned,
is time-consuming and difficult for humans to pro- ~ Not counting duplicates, until the bootstrapping
vide large sets of seeds to start the bootstrapping Procedure has run to exhaustion;

process, we employ the recursive DAP mechanism e the distance the number of iterations required
introduced by (Kozareva et al., 2008) that produces by the process to reach exhaustion.
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Our approach is to build a model of the behavior ofvith the seeddohnandLondon For each class, we
many seeds for the given pattern. Any new seed caubmitted the DAP patterns as web queries to Ya-
then be compared against this model, once its badioo!Boss and retrieved the top 1000 web snippets
characteristics have been determined, and its yiefdr each query, keeping only unique instances. In
and distance estimates produced. In order to deteotal, we collected 1.5GB of snippets for people and
mine the characteristics of the new seed, it first hak9GB of snippets for cities. The algorithm ran un-
to be employed in the pattern for a small number dfil complete exhaustion, requiring 19 iterations for
iterations. The next subsection describes the regrgseople and 12 for cities. The total number of unique
sion model we employ in our approach. harvested instances wa%98 for people and090
for cities. We used all instances as seeds and instan-
tiated for each seed the bootstrapping process from
Given a seed, we seek to predict the yielglof s as  the very beginning. This resulted #798 and5090
defined above. We do this via a parametrized fungeparate bootstrapping runs for people and cities re-
tion f:g = f(s;w), wherew € R? are the weights. spectively. For each seed, we recorded the total
Our approach is to learw from a collection of N number of instances learned at the end of bootstrap-
training exampleg < s;, g; >}~ ,, where each; is  ping, the number of iterations, and the number of
a seed and eaagf) € R. unique instances extracted on each iteration. After
Support vector regression (Drucker et al., 1996he harvesting part terminated, we analyzed the con-

Is e:jv;/%ll-kncl)vyn Tﬁth]??l for trainitr)g_a tr.egressfrhectivity / bootstrapping behavior of the seeds, and
Irgr?]_e y solving the Toflowing optimization prob- produced the regression model.

4.2 Regression Model

N
. C
min §||w||2 +5 > max(0, g — f(si;w)| —€) 5.2 Seed Characteristics
=1

. _e-insensitive loss function  For many knowledge harvesting algorithms, the se-
where ' 'S a regularization c_o_nstant a@ CON" " jection of a non-ambiguous seeds is of great impor-
trol_s the training error. The trgmmg_a!gqnfnhm flndstance. In the DAP bootstrapping framework, the am-
weightsw that define a functiorf minimizing the biguity of the seed is eliminated as tblassand the

errlipl'[rlzag ”Sk% tion f ds int ¢ seednutually disambiguate each other. Of great im-
€ € a function rgm SEeds Into some vec orioortance to the bootstrapping algorithm is the selec-
space representatian R“, then the functiory takes

tion of a seed that can yield a large number of in-
the form: f(s;w) = h(s)Tw = SN, ;K (s, s;), ! yi ge nu i

. s . stances and can keep the bootstrapping process en-
where f is re-parameterized in terms of a polyno- P Pping p

ergized.
mial kernel functionK with dual weightsq;. K g

seed iterl iter2 iter3 iter4 iter5 iteré iter7

measures the similarity between two seeds. Full de- "o

tails of the regression model and its implementation "e—o

are beyond the scope of this paper; for more de- ‘e 05_8.0"0

tails see (Scholkopf and Smola, 2001; Smola et al., @ 401810@%0\0

2003). In our experimental study, we use the freely ° —0% 000
available implementation of SVM in Weka (Witten %%o%ﬁo(g

and Frank, 2005).

To evaluate the quality of our prediction model,
we compare the actual yield of a seed with the pre-
dicted value obtained, and compute the correlatiop

- . 0
coefficient and the relative absolute error.

Figure 1: Seed Connectivity
Figure 1 shows the different kinds of seeds we
und on analyzing the results of the bootstrapping
process. Based on the yield learned on each iter-

5 Experiments and Results ation, we identify four major kinds of seedser-
_ mit, one-step mid, and high connectors. In the
5.1 Data Collection figure, seed (a) is a hermit because it does not dis-

We conducted an exhaustive evaluation study witbover other instances. Seed (b) is a one-step connec-
the open semantic classpsopleandcity, initiated tor as it discovers instances on the first iteration but
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then becomes inactive. Seeds (d) and (e) are high
connectors because they find a rich population of in-
stances. Seed (c) is a mid connector because it has
lower yield than (d) and (e), but higher than (a) and
(b).

Table 1 shows the results of classifying thie98
people and5090 city seeds into the four kinds of
seed. The majority of the seeds for both patterns are
hermits, from 23 to 41% are high connectors, and Figure 2: Seed Learning Speed
the rest are one-step and mid connectors. For each
kind of seed, we also show three examples.

wwwwwwww

currence of a single hump reveals regularity in the
connectivity behavior of seeds, and is discussed in

people such as X and *| examples
#hermit | 2271 (60%) | Leila, Anne Boleyn, Sophocles the Conclusion. We model this behavior as features
fone-step| 329 (9%) | Helene, Frida Kahlo, Comelius in our regression model and use it to measure the
#mid 315 (8%) | Brent, Ferdinand, Olivia . . .
#high 883 (23%) | Diana, Donald Trump, Christopher quality of new seeds. The next subsection explains
cities such as X and * | examples the features of the regression model and the experi-
#hermit | 2393 (47%) | Belfast, Najafabad, El Mirador mental results obtained.
#one-step| 406 (8%) | Durnstein, Wexford, Al-Qaim
#mid 207 (4%) | Bialystok, Gori, New Albany Lo
#high | 2084 (41%)| Vienna, Chicago, Marrakesh 5.3 Predicting the Goodness of Seeds

Table 1: Connectivity-based Seed Classification.  Building a pattern specific model For each pat-
tern, we buildV different regression models, where
This study shows that humans are very likely tQV corresponds to the total number of bootstrapping
choose non-productive seeds for bootstrapping: it igerations of the pattern. For regression modg)
difficult for a human to know a priori that a namewe use the yield of a seed from iteratiohgo i as
like Diana will be more productive than Leila, He-features. This information is used to model the ac-
lene, or Olivia. tivity of the seed in the bootstrapping process and
Another interesting characteristic of a seed is thiater on to predict the extraction power of new seeds.
speed of learning. Some seeds, such as (e), dxer example, in Figure 1 on the first iteration seeds
tract large quantity of instances from the very befb), (c), and (d) have the same low connectivity com-
ginning, resulting in fewer bootstrapping iterationspared to seed (e). As bootstrapping progresses, seed
while others, such as (d), spike much later, resultinfd) reaches productive neighbors that discover more
in more. In our analysis, we found that some higlinstances, while seeds (b) and (c) become inactive.
connector seeds of the people pattern can learn thiéis example shows that the yield in the initial stage
whole population inl2 iterations, while others re- of bootstrapping is not sufficient to accurately pre-
quire from15 to 20 iterations. Figure 2 shows the dict the quality of the seeds. Since we do not know
speed of learning of ten high connector seeds faxactly how many iterations are necessary to accu-
the peoplepattern. They axis shows the number rately determine the ‘goodness’ of seeds, we model
of unique instances harvested on each iteration. Itle yield learned on each iteration by each seed and
tuitively, a good seed is the one that produces a largribsequently include this information in the regres-
yield of instances in shodistance Thus the ‘good- sion models.
ness’ of seed (e) is better than that of seed (d). The yield of a seedy, at iteration: is computed as
As shown in Figure 2, for each seed, we observgield(sg); = > i, _1(sm), Wheren is the total num-
a single hump that corresponds to the point in whicher of unique instances,, harvested on iteratioh
a seed generates the maximum number of instancésield(sy); is high whens;, discovers a large number
The peak occurs on different iterations because it if instances (new seeds), and small otherwise. For
dependent both on the yield learned with each itehermit seedsyield=0 at any iteration, because the
ation and the total distance, for each seed. The oseeds are totally isolated and do not discover other
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instances (seeds). For example, when building thresources (e.g., a fixed amount of Web queries per
second regression modR) using seeds (d) and (e) day), running half the bootstrapping iterations is not
from Figure 1, the feature values corresponding tteasible. This problem can be resolved by employ-
each seed i, are: yield(sy)1=1 andyield(sq)2=2 ing different stopping criteria, at the cost of lower
for seed (d), angield(s.)1=3 andyield(s.)2=5 for ~cc and greater error. For example, one cut-off point
seed (e). can be the (averaged) iteration number of the hump
Results: Figure 3 shows the correlation coefficientsor the given pattern. For people, the average hump
(cc) and the relative absolute errors of each regresecurs at the seventh iteration, and for the city at
sion modelR; for the peopleandcity patterns. The the fifth iteration. At this point, both patterns have a
results are computed over ten-fold cross validationc=0.9 with 15% error rate. An alternative stopping
of the 3798 people and090 city seeds. The: axis point can be the fourth iteration, where €c#0.8
shows the regression modgl,. They axis in the with 35% error.

two upper graphs shows the correlation coefficient Overall, our study shows that it is possible to
of the predicted and the actual total yield of the seedsodel the behavior of seeds and use it to accurately
using R;, and in the two lower graphs, theaxis predict the ‘goodness’ of previously unseen seeds.
shows the error rate of eadh. The results obtained for botheopleand city pat-
terns are very promising. However, a disadvantage
of this regression is that it requires training over the
whole extent of the given pattern. Also, each regres-
sion model is specific to the particular pattern it is
] ] trained over. Next, we propose a generalized regres-
1 ] sion model which surmounts the problem of training

02 F 4 02 F

e | Wl pattern-specific regression models.

17“““*—*—!—!—!—)(—!—)(—!—““““" 17“‘

09 b 4 09 b
08 4 08
07 | - 5§ 07p

0.6 06

05 F 05 F

04F

Correlation Coefficient
Correlation Coefficient

Regression Model Ri

5.4 Generalized Model for Goodness of Seeds

We built a generalized regression model (RG) com-

bining evidence from the people and city patterns.

We generated the features of each model as previ-
ously described in Section 5.3. From each pattern,
we randomly picked 000 examples which resulted

in 30% of the people and 20% of the city seeds. We

Relative Absolute Error (%)
Relative Absolute Error (%)

ol v T gy
123456 7 8 9101112131415

used these seed examples to train B(&; models.

In total, we built15 RG;, which is the maximum
number of overlapping iterations between the two
We consider as a baseline model the regressiqratterns. We tested odtG model with the remain-

Ry which uses only the yield of the seeds on firsing 2798 people and 4090 city seeds.
iteration. The prediction of?; has ccH.6 with Figure 4 shows the results of ti&~=; models for
50% error for people and c6= with 70% error the people and city patterns. In the first two itera-
for cities. These results confirm our previous obsetions, the predictions of th&G model are poorer
vation that the quality of the seeds cannot be acceompared to the pattern-specific regression. On the
rately measured in the very beginning of bootstrapfourth iteration, both models have cc=0.7 and 0.8 for
ping. However, by the ninth iteration, the regresthe people and city patterns respectively. The error
sion models for people and cities reach té~with  rates of the generalized model are 41% and 35% for
5% error rate. To make such an accurate predictiopeople and city, while for the pattern-specific model
the model uses around one half of all bootstrappinthe errors are 37% and 32%. The early iterations
iterations—generally, just past the hump in Figure Zhow a difference of around 4% in the error rate of
once the yield starts dropping. the two models, but around the ninth iteration both
Often in real applications or when under limitedmodels have comparable results.

Figure 3: Regression for People and City.
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o for’ and ‘fly to' patterns run for a longer distance

compared to the other patterns. While for the ma-
jority of the patterns the hump is observed on the
fifth or seventh iteration, for these two patterns the

average peak is observed on the fifteenth.

09 F
08 F
07 F
06 L+ F

05 b

04F

Correlation Coeficient
Relative Absolute Error (%)

03 F

02 b

| | gente como Xy][ ciudades como Xy|

01

P 345678 0wntnNs e a— a\e‘-m ETRRYR #hermit 318 (56%) 1061 (51%)
Generalized Regression Model RGi Generalized Regression Model RGi #One—step 58 (10%) 150 (8%)
; . : : ; #mid 79 (14%) 79 (4%)
Figure 4: Generalized Regression for People and City. high 117 20%) 795 (38%)
tot#iter 20 16
. . . . | | andXflyto ]| and Xworkfor |
Thls study shows that it is p055|_ble tq combine e 389 (45%) 1267 (45%)
evidence from two patterns harvesting different se- #one-step 87 (9%) 238 (9%)
mantic information to predict accurately the behav- #mid 75 (8%) 214 (8%)
ior of unseen seed examples for either of the tw #high | 322 (37%) 922 (35%)
or of unseen seed examples for either of the two T~ 6 23
patterns.

Table 2: Seed Classification for Spanish and Verb-Prep

5.5 Evaluating the Generalized Model on Patterns.

Different Languages and Kinds of Patterns Second, we test thRG; models from Section 5.4,

So far, we have studied the performance of the genvhich were trained on people and cities, to predict
eralized seed quality prediction method for specifithe total yield of the seeds in the new patterns. Fig-
patterns in English. However, the connectivity beure 5 shows the correlation coefficient and the rela-
havior of the seeds might change for other languageise absolute error results of each pattern Rir;.
and kinds of patterns, making the generalized model
impractical to use in such cases. To verify this, [ .
we evaluated the generalized model (RG) from Sec- |
tion 5.4 with the people and city patterns in Spanish: /[ -/
(* gente como X y*and ‘ ciudades como X Yy}, as
well as with two new kinds of patterns{‘and X fly wl ]
to’ and ‘ * and X work for!). For each pattern, we | et B N ]
ran the bootstrapping process from Section 3 until ot R RS e
exhaustion and collected all seeds.

First, for each pattern we studied the connectivity-igure 5: Generalized Regression for Different Lan-
behavior of the seeds. Table 2 shows the obtainéages and Patterns.
results. The distribution is similar to the seed distri-

) ” - Interestingly, we found that our generalized
bution for the English people and cities pattems. Alpyethod has consistent performance across the dif-

though the total number of harvested instances (i.§grent languages and patterns. On the twelfth iter-
seed;) is different for each paf[tern, the proportion OJtion, the model is able to predict the ‘goodness’
hermits to other seeds remains larger. From 20% geeds with cct0 and from 0.4% to 8.0% error
to 37% of the seeds are high connectors, and thge  Around the fifth and sixth iterations, all pat-
rest are one-step and mid connectors. This analysiss reach cas:8 with error of 5% to 15%. The
shows that the connectivity behavior of seeds aCro$Rgher error bound is for patterns like ‘work for’ and
different languages and patterns is similar, at leasjy o' which run for a longer distance. This experi-
for the examples studied. In addition to the seefenta| study confirms the robustness of our general-

analysis, we show in the table the total number qfeq model which is trained on the behavior of seeds
bootstrapping iterations for each pattern. TWerk  ¢rom one kind of pattern and tested with seeds in dif-

1The X indicates the position of the seed and (*) correspondt€r€nt languages and on completely different kinds
to the instances learned during bootstrapping. of patterns.

o ©

~e-g/
06 F.

057"

Correlation Coefficient
Relative Absolute Error (%)
@

8
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6 Conclusions and Future Work only one subsequent new term, or that the number
o _ _ . of hermits is exactly balanced by the NY of one or
It would, a fortiori, seem impossible to estimate thenre of the other terms in that iteration. This situa-
goodness of a seed term used in a recursive bogjsy, is so unlikely as to be dismissed outright. Case
strapping pattern for harvesting information from(ii), in which there is a single hump, appears to be
the web. After all, its eventual total yield and dis-hOW text is written on the web, as shown in Fig-
tance o!epend on thg cumulation of the te.rms PQjre 2. Case (jii), the multi-hump case, would re-
duced in each iteration of the bootstrapping, angire that the terms be linked in semi-disconnected
there are no external constraints or known web lang|ands, with a relatively much smaller inter-island
guage structure to be exploited. connectivity than intra-island one. Given our stud-
We have shown that it is possible to create, usingsg it appears that language on the web is not orga-
regression, a model of the grown behavior of seedgzed this way, at least not for the patterns we stud-
for a given pattern, and fitting it with an indication ofjgq_ However, it is not impossible: this two-hump
anew seed’s growth (considering its grown behaviggase would have to have occurred in (Kozareva et
in a limited number of bootstrapping iterations) ing) 2008) when the ambiguous seed tefBeorgia
order to obtain a quite reliable estimate of the new,3s ysed in the DARstates such as Georgia ang *
seed's eventual yield and distance. where initially the US states were harvested but, at
Going further, we are delighted to observe thaiome point, the learned term Georgia also initiated
the regularity of the single-hump harvesting behavharvesting of the ex-USSR states. Such ‘leakage’
ior makes it pOSSible tolearn a regreSSion model thﬁ:‘to a new semantic domain requires not On|y ambi-
enables one to predict, with some accuracy, both thgiity of the seed but also parallel ambiguity of the
yield and the distance of a new seed, even when thigass term, which is highly unlikely as well.
pattern being considered is not yet seen. All that is Accepting case (i), therefore, we postulate that
required is the indication of the seed's growth befor any (or all regular) patterns there is some iter-
havior, obtained through a number of iterations usation m, in which > NY (tm;) is maximal. The
ing the pattern of interest. question is how rapidly the summed NY curve ap-
Our ongoing analysis takes the following ap-proaches it and then abates again. This depends on
proach. Letl; be the set of all new terms (termsthe out-degree connectivity of terms overall. In the
not yet found) harvested during iteration Then population of N terms for a given semantic pattern,
Ty = {to,1}, just the initial seed term. LeVY (¢; ;) is the distribution of out-degrees Poisson (or Zip-
be the novel yield of ternt; ;, that is, the number fian), or is it normal (Gaussian)? In the former case,
of as yet undiscovered terms produced by a singi@ere will be a few high-degree connector terms and
application of the pattern using the tergry. Notice  a large number (the long tail) of one-step and hermit
that bootstrapping ceases when for same d (the  terms; in the latter, there will be a small but equal
distance)y"; NY(t4,;) = 0. Since the total number number of low-end and high-end connector terms,
of terms that can be learel;?_ >, NY (t;;) = with the bulk of terms falling in the mid-connector
N, is finite and fixed, there are exactly three alrange. One direction of our ongoing work is to deter-
ternatives for the growth of the NY curve whenmine this distribution, and to empirically derive its
it is shown summed over each iteration: (i) eitheparameters. It might be possible to discover some in-
> NY(tij) = >; NY(tit1;) and there is no teresting regularities about the (preferential) uses of
larger NY sum for any iteration; or (if_; NY'(¢; ;)  terms within semantic domains, as reflected in term
grows to a maximal value for some iteration=  network connectivity.
m and then decreases again; or (); NY (¢; ;) Although not all seeds are equal, it appears to
reaches more than one locally maximal value at dilbe possible to treat them with a single regression
ferent iterations. The first case, in which exactlymodel, regardless of pattern, to predict their ‘good-
the same number of new terms is harvested evengss'.
iteration for several or all iterations, would requireAcknowledgments This research was supported by
that each new term once learned yields precisely aiiSF grant [1IS-0705091.

625



References

Douglas E. Appelt, Jerry R. Hobbs, John Bear, David Is-
rael, Megumi Kameyama, Andy Kehler, David Martin,

Karen Myers, and Mabry Tyson. 1995. SRI Internay,

tional FASTUS system MUC-6 test results and analy-
sis. InProceedings of the Sixth Message Understand-

ing Conference (MUC-6pages 237—-248.
Michele Banko. 2009. Open information extraction from

the web. InPh.D. Dissertation from University of
Washington

Dmitry Davidov, Ari Rappoport, and Moshel Koppel.
2007.
specific relationships by web mining. Froc. of the
45th Annual Meeting of the Association of Computa-
tional Linguistics pages 232—-239, June.

Fully unsupervised discovery of Concept_Bernhard Scholkopf and Alexander J. Smola.

Marius Pasca. 2004. Acquisition of categorized named

entities for web search. IRroc. of the thirteenth ACM
international conference on Information and knowl-
edge managemergages 137-145.

en Riloff and Rosie Jones. 1999. Learning dictio-
naries for information extraction by multi-level boot-
strapping. INAAAI '99/IAAI '99: Proceedings of the
sixteenth national conference on Atrtificial intelligence
and the eleventh Innovative applications of artificial
intelligence conference innovative applications of ar-
tificial intelligence

2001.
Learning with Kernels: Support Vector Machines,
Regularization, Optimization, and Beyond (Adaptive
Computation and Machine Learning)yhe MIT Press.

Harris Drucker, Chris J.C. Burges, Linda Kaufman, Alex € J. Smola, Bemhard Schikopf, and Bernhard Sch

Smola, and Vladimir Vapnik. 1996. Support vector re-
gression machines. ladvances in NIPSages 155—-
161.

Oren Etzioni, Michael Cafarella, Doug Downey, Ana-

Maria Popescu, Tal Shaked, Stephen Soderland,

Olkopf. 2003. A tutorial on support vector regression.
Technical report, Statistics and Computing.

Fabian M. Suchanek, Gjergji Kasneci, and Gerhard
Weikum. 2007. Yago: a core of semantic knowledge.

In WWW '07: Proceedings of the 16th international

Daniel S. Weld, and Alexander Yates. 2005. Unsuper- conference on World Wide Wefiages 697-706.
vised named-entity extraction from the web: an expefartha Pratim Talukdar, Joseph Reisinger, Marius Pasca,

imental study. Artificial Intelligence 165(1):91-134,
June.

Deepak Ravichandran, Rahul Bhagat, and Fernando
Pereira. 2008. Weakly-supervised acquisition of la-

Ralph Grishman and Beth Sundheim. 1996. Message Peled class instances using graph random walks. In

understanding conference-6: a brief history. Aro-

Proceedings of the Conference on Empirical Methods

ceedings of the 16th conference on Computational lin- in Natural Language Processing, EMNLP 20@8ges

guistics pages 466-471.

582-590.

Zellig S. Harris. 1954. Distributional structuraord,  Vishnu Vyas, Patrick Pantel, and Eric Crestan. 2009.

10:140-162.

from large text corpora. IfProc. of the 14th confer-
ence on Computational linguisticgsages 539-545.

Helping editors choose better seed sets for entity set
Marti Hearst. 1992. Automatic acquisition of hyponyms expansion.

InProceedings of the 18th ACM Con-

ference on Information and Knowledge Management,
CIKM, pages 225-234.

Sean Igo and Ellen Riloff. 2009. Corpus-based semaran H. Witten and Eibe Frank. 200®ata Mining: Prac-

tic lexicon induction with web-based corroboration.

tical Machine Learning Tools and Techniqueslor-

In Proceedings of the Workshop on Unsupervised and gan Kaufmann, second edition.

Minimally Supervised Learning of Lexical Semantics
Zornitsa Kozareva, Ellen Riloff, and Eduard Hovy. 2008.

Semantic class learning from the web with hyponym
pattern linkage graphs. IRroceedings of ACL-08:

HLT, pages 1048-1056.
Dan I. Moldovan, Sanda M. Harabagiu, Marius Pasca,

Rada Mihalcea, Richard Goodrum, Roxana Girju, and
Vasile Rus. 1999. Lasso: A tool for surfing the answer

net. INTREC
Marius Pasca and Benjamin Van Durme. 2008. Weakly-

supervised acquisition of open-domain classes and
class attributes from web documents and query logs.

In Proceedings of ACL-08: HLT
Patrick Pantel, Eric Crestan, Arkady Borkovsky, Ana-

Maria Popescu, and Vishnu Vyas. 2009. Web-scale
distributional similarity and entity set expansion. In
Proceedings of the 2009 Conference on Empirical
Methods in Natural Language Processjpages 938—
947, August.

626



