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ABSTRACT
Exploiting lexical and semantic relationships inxttecan
dramatically improve information retrieval accuracyost

notably, named entities and relations betweeniestére crucial
for effective question answering and other infoioratretrieval
tasks. Unfortunately, the success in extractingefrelationships
can vary for different domains and document caibes.
Predicting extraction performance is an importaep sowards
integration of information extraction technology fagh accuracy
information retrieval. In this paper, we presemgeaeral language
modeling method for quantifying the difficulty ohformation
extraction tasks. We demonstrate the viability of approach by
predicting extraction performance of two real wadgks, Named
Entity Recognition and Relation Extraction.

Categories and Subject Descriptors

H.3.1 [INFORMATION STORAGE AND RETRIEVAL]:
Information Search and Retrieval

General Terms Algorithms, Experimentation.

K eywords Language modeling, information extraction, named
entity extraction, relation extraction, contextdaage modeling.

1. OVERVIEW

The vast majority of text available online is spllimarily
accessible via keyword matching at the documengllev
Unfortunately, this approach largely ignores thdertying
lexical and semantic relationships between terrhg;iwcan
be exploited to answer questions, and, more gdyetal
better satisfy the informational needs of userke fetrieval
relevance could be improved if we detect meaningfuhs
(e.g., named entities such as dates, persons, ipatjans,
and locations), and related entities (e.g., pafrendities
such as persors birth date’ and “personwho invented a
devicé) and use them to answer questions directly.

However, real collections can exhibit propertieat tnake
them difficult for information extraction tasks. &te same
time, tuning an information extraction system fogigen
collection, or porting an information extractiorssm to a
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new language, can require significant human and
computational effort. Hence, predicting if an egtian task
will be successful (i.e., the required informatioan be
extracted with high accuracy) is extremely importéor
adapting, deploying, and maintaining informatiotrastion
systems, and ultimately, for accurate informatietnieval.

The goal of this paper is to develop a lightweigtgthod
for predicting the accuracy of information extraction for a
given task and document collection. This could e a
efficient way to estimate the expected successcastl of
tuning a full-featured information extraction systbefore
running expensive experiments. These predictioms b
useful when adapting an IE system to a new tash, riew
language, or to a new document collection.

We observe that document collection propertiesh sag
typical text contexts surrounding the entities efation
tuples, can affect difficulty of an extraction task turn, we
may be able to predict the extraction performancehis
task. In this paper, we present a first generaraggh to
use context language models for predicting whetrer
extraction task will succeed for a given document
collection.

More specifically, we will consider two information
extraction tasks that are of paramount importange t
information retrieval: Named Entity Recognitipnand
Relation Extraction

e Named Entity Recognition (NER) is a task of
identifying entities such as “Person”, “Organizatio
and “Location” in text. The ability to identify shc
entities has been established as an important pre-
processing task in several areas including infoiomat
extraction, machine translation, information retak
and question answering. NER often serves as an
important step in the Relation Extraction task désd
next.

« Relation Extraction (RE), is a task of identifying
semantic relationships between entities in the taxth
as ‘persornis birth date’, which relates a person name
in the text to a date that is the person’s birtte d@nce
the tuples for this relation (e.g., <"Albert Einisig “14
March 1879">) are identified, they can be used to
directly answer questions such as “When was Albert
Einstein born?”



Most state of the art NER and RE systems rely aallo
context to identify entities or determine the relaship
between target entities. In NER, contextual pastauch as
“Mr.” or “mayor of are crucial to hypothesizing
occurrences of entities and classifying such idienati
entities, especially when they are polysemous oraof
foreign origin. The local context is also extremely
important for the RE task. Intuitively, if the cemt
surrounding the entities of interest for a givelatien looks
very similar to the general text of the documents,(there
are no consistent and obvious “clues” that thetiestior
relationships of interest are present), then thet&¥k for
that relation will be hard. While NER systems casart to
dictionary lookups in some cases (e.g., for thecdtmn”
entities, dictionaries can be particularly helpfdityr others
(e.g., people’s names or organizations) high acgunaay
not be possible. In contrast, if the text contexduad
entities in the collection tends to contain teditalues, such
as “Mr.” preceding a person name, the extractiek ta
expected to be easier, and higher accuracy achevab

Our approach formalizes and exploits this intuitive
observation by building twolanguage modelsfor a
collection—a task-specificontext language modébr the
extraction task, and ackgroundmodel for the collection.
We can then compare the two models and compute th
divergence of the context model from the background
model. If the divergence is high (i.e., the contiextguage
model is different from the background model), the
extraction task is expected to be easier than & th
divergence was low (i.e., the context language thigle
similar to the background language model).

Interestingly, our task-specific language modelsy rba
helpful for other applications, including term wiiipg for
information retrieval, and supporting active leamifor
interactive information extraction. For example, a@uld
derive improved term weighs for specific retrievabks
such as birthday finding. We will discuss other rpiging
future directions of this work in Section 5.

The rest of this paper is organized as followsthia next
section we review related work. In Section 3 wespre our
formal model and algorithms. In Section 4 we présem
initial experimental results for NER and RE taskerdarge
document collections. In Section 5 we present our
conclusions, and discuss the implications and éutur
directions of this work.

2. RELATED WORK

Our work explores language modeling for information

Our approach is largely inspired by the work of zno-
Townsend, Zhou, and Croft [7] on predicting query
performance by measuring the similarity of a lamgua
model LMqg derived from the retrieved documents for a
guery and a language model for the whole targeectidn

of documentsLMc,. Using simple unigram language
models, they showed that the relative entropy betwhe
query and collection language models correlatef wie
average precision in several TREC test collectidmghis
paper, we apply a similar language modeling teakitp
the task of predicting information extraction penfiance.

Language modeling, typically expressed as the proldf
predicting the occurrence of a word in text or ghedas
been an active area of research in speech reamgniti
optical character recognition, context-sensitivellgpy, and
machine translation. An in-depth analysis of thisigem in
natural language processing is presented in [123p€r 6.
Language modeling has also been used to improve ter
weighting in information retrieval (e.g., [13] arathers).
However, in previous work LM was used as a tool for
improving the specific system performance, wheieasur
work we attempt to predict performance for general
extraction tasks.

Using local context modeling has been previouskdu®r

R tasks [18]. However, our work is different inathwe

only considetask-specificcontexts. As our results indicate,
using the locality in the overall document collentimay
not be sufficient, as local context models can bexo
similar to the background model for overall docutnen
collection. Our model is similar in spirit to theauof entity
language models described in [14] for classifyingd a
retrieving named entities. A related language ringe
approach was used for a different problem of ptedjche
reading difficulty of text for human readers [24]. A
different approach in [25] uses the co-occurrencaply
structure of the examples to predict accuracy ahise
supervised learning for semantic classificationpbfases.
Our work is complementary, as we present a general
approach for modeling the performance of automatic
systems on extraction tasks, including both namatitye
recognition and relation extraction.

For the named entity recognition task, numerousswafy
exploiting local context were proposed, from refely
simple character-based models such as [8] and {d1]
extremely complex models making use of variouschaxi
syntactic, morphological, orthographical informaticsuch
as [9] and [5]. In this work, we show that we caedict the
difficulty of identifying several types of namedtities by
using relatively simple context language modelds Btudy

extraction and thus touches on areas of informationcan be viewed as complementary to Collins’ work ¢

retrieval, information extraction, and language elotd). In
this section we briefly review related work in teegeas.

the difficulty of identifying named entity boundesi
regardless of entity type.



Relation extraction systems rely on variety of fiees (e.g.,
syntactic, semantic, lexical, co-occurrence), Butlepend
heavily on context. Once the entities are idertdifi¢ is the
textual context that expresses the relationshipvésen the
entities. Partially supervised relation extractispstems
(e.g., [1], [10], [16], [20], and others) rely ohet text
contexts of example facts to derive extractiongrat.

For relation extraction, the task difficulty wasepiously
analyzed by considering the complexity of the targe
extraction templates ([21] and [22]). Another prsimg

expected to be hard. Otherwise (¥ is very different
from LMgg), the task is expected to be easier.

A common way to measure the difference between two
probability distributions is relative entropy, alknown as
the Kullback-Leibler divergence:

LM (W)

KL (LM LM = LM ~ (w: ) o
(LM¢ [ILM gg) % c(w) M)

In Information Theory, KL-divergence represents the
average number of bits wasted by encoding messhges

approach described in [23] modeled the task domainfrom the distributionLMc using as model the distribution

variability by considering the different paraphmssed to
express the same information in the text. In cattraur
work quantifies the difference between the contextsind
the entities and unrelated text contexts. If thatexts of
the example facts are similar to the background &ex
extraction system is expected to have more diffjcul
deriving extraction patterns and recognizing thievant
entities.

3. PREDICTING EXTRACTION
DIFFICULTY

In this section we describe the general approactaiwefor
modeling the difficulty of an extraction task, ahence the
expected performance of an extraction system ortasie
(Section 3.1). Then, in Section 3.2, we describe th
algorithms for computing the language models to emakr
predictions.

3.1 Mode

As we discussed, the textual context, i.e., thealloc
properties of the text surrounding the entities ealdtions
of interest are of crucial importance to extractamturacy.
Intuitively, if the contexts in which the entitiexcur are
very similar to the text contexts where the taegytities do
not occur, then extraction is expected to be diffic
Otherwise, if there are strong clues in a contdke
extraction should be easier and we should expegttehi
extraction accuracy.

To quantify the notion of context, we use a basigtam
language model, which is essentially a probability
distribution over the words in the text’'s vocabuladn this
study, we derive this probability distribution froitine
histogram of words occurring in the local contektarget
entities by using maximum likelihood estimation. rOu
purpose is to compare the language model associatkd
an entity type or relationshihMc with a background
language model for the whole target text, denotedNgc.
Therefore, no smoothing of these models is necgssar
Intuitively, if the background language model fdret
collection is very similar to the language modehstoucted
from the context of the valid entities then thektas

LMge.

Alternatively, we can measure how different two migdare

by using cosine similarity, which represents thsime of
the angle between the two language models seeactksrs

in a multidimensional space in which each dimension
corresponds to one word in the vocabulary:

<LM:;OMgg >
LM gg [l LM ¢ [l
The closer the cosine is to 1, the smaller theeaagt thus,
the more similar the two models. Hence, to meashee

difference of the two modelEM¢c and LMgg we define
CDistas:

CD|St(LMC || LMBG) =1 —COSinQLMc, LMBG)

CosindLM,LM ;) =

Which maintains the symmetry with th€. metric, with
bigger values indicating larger difference betweerdels.

3.2 Constructing the Language M odels

We now describe how to construct a language manteh f
given extraction task. For clarity, we describe ragtam
language model, but our methodology can be extetaed
higher-order features. For syntax-based extracimtems,
we could parse the text and incorporate that inédion
into the model as [4]. However, as we will show
experimentally, our initial simple unigram model is
sufficient to make useful predictions.

To construct the task-specific context language ehbi¥l
we search the collection for occurrences of vatitities (or
relation tuples). While for the NER and RE tathdc is
constructed slightly differently (as described bglo the
overall approach is to consider the text contextg¢ahekK
words to the right and to the left of the entitygimestion.

More specifically, the language model for NER is
constructed as outlined in Figure 3.1. We scan the
document collection D, searching for occurrencegadh
known entityE;. When an entity is detected, we add_Mc

up toK terms to the right and to the left of the entity.



ConstructNERLanguageModel (EntitEsDocument®, K)

For each documend in D
For each entityE; in E
if E is present id
For each instance of; spanning fronstartto end
For each termwin d [start—K], ..., d [start-1]
Increment countvofn LM¢
For each termwind[end+ 1], ...,d [end+ K]
Increment countvofn LM¢

NormalizeLM¢
return LM¢

Algorithm 3.1: NER Context language model
construction.

The algorithm for constructing a task-specific laage
model for RE is outlined in Figure 3.2. The procedis
similar to the NER algorithm above. We scan theudoent
collection D, searching for occurrences of eachwkno
example tupleT; for the target relation. For this, we search
for all attributes ofT; in the text. If all entities are present,
we add up t terms to the right of the leftmost entity, and
up toK terms to the left of the rightmost entity t&/c. If
the entities in a relation tuple are close together, there
are fewer tharK words separating the entities in the text),
we include all the terms separating the entitiekeafly,
other variations of this algorithm are possibled anuld be
explored in future work.

ConstructRELanguageModel (Tupl&sDocumentd, K)

For each document in D
For each tupleTi=(t1t?) in T
If t ort® not present iml continue
For each pair of adjacent instances ft;
occurring at positionstartandend
For each termwin d [start—K],..., d [start-1]
Increment countwfin LM¢
For each termwin d [end+ 1],...,d [end+ K]
Increment countwfin LM¢

NormalizeLM¢
return LMc

Algorithm 3.2: RE Context language model
construction.

Unfortunately, we don’t have all the valid entiti@gilable
(i.e., when predicting whether a task will succedgthout
going through the complete extraction process).cdeour
model is build based osamplingthe collection using a
small (20-40) sample of the known entities or taphy
providing only these example entities as inputhi® NER
and RE language model construction algorithms abble

sample-based model is expected to be a reasonabl

approximation of the complete task specific languag
model.

The background language modeMgg is derived through
maximum likelihood estimation using the word freqcies
in each document collection. When we discard stogs/o
from LM¢ we also discard them frobiVigg.

In order to interpret the divergence of a task #jec
language moddlM from the background language model,
we build a reference context language model; (also
denoted as RANDOM). We construttMg, by taking
random samples of words in the vocabulary (exclydin
stopwords) of the same size as the entity samplesthen
use these words input to Algorithm 3.1. Usligg we can
then compute the “reference” divergence of a cdntex
language model from the background model for argive
sample size. For large sample sizeb|r is expected to
approximate the background model. Indeed, Figute 3.
reports that for larger random word sample siedg
becomes more similar to the background model, &ed t
divergence steadily decreases.

‘—0—3-word context —m— 2-word context - - - - 1-word context ‘

average KL-divergence

random sample size

Figure 3.1: The average KL -diver gence between the
context language models for random samples of words
and the background language model.

Constructing the context modéld- andLMg can be done
efficiently by using any off-the-shelf search ergiand

considering only the documents retrieved by seéoclthe

example entities or tuples, and run Algorithms &ntl 3.2
only over these reduced document sets.

Having described constructing the language modets f
extraction tasks, we now turn to experimental eatidmn.

4. EXPERIMENTS

We evaluated our prediction for two real-world sk
Named Entity Recognition (NER) and Relation Exti@tt
(RE). We first describe the experimental setup t{Bec
4.1), including the datasets, entity and relatigpes, and
arameter settings we considered, as well as thhod®
or comparison. Then we describe our experiments fo
predicting NER difficulty (Section 4.2), followedybour
experiments on predicting RE difficulty (Sectio®}.



4.1 Experimental Setup to derive extraction patterns. The accuracy wasputet

In order to design a realistic evaluation we focusa two Dy sampling the extracted relations. For compayisee
extraction tasks, NER and RE, over large document@lso report RANDOM, the divergence of the random
collections. The overall goal of the experimentstass  keyword sample-based language motslg.

determine if the language models, constructed fram

realistically small sample of the extractions deiest, can  In our experiments we explored the following partere
make useful predictions about the observed accuwhtye e Context sizeK: number of words to the left and to the

extraction task for that collection. right of entity to include as context.
The document collections used for these experimargs *  Divergence metricCDist or KL: The language model
reported in Table 4.1. The Reuters RCV1 documegt® w similarity metrics defined in Section 3.1.
drawn from the collection used in the CoNLL 200F][1 .  Example set siz& number of randomly drawn entities
NER shared task evaluation. For the RE experimangs, (or relation tuples). Fixed sample size for eactk ta
used a large online encyclopedia document collectio between 20 and 40.
i i * Random sample sizB® number of randomly drawn
Task Collection Size terms to estimate the background model. Fixed to
Reuters RCV1, 1/100 3,566,125 words match the value dabove for each task.
NER
Reuters RCV1, 1/10 35,639,471 words * Stopwords we analyze two cases, when stopwords
. (common English words such as prepositions,
RE Encyclopedia documents 64,187,912 wards conjunctions, numerals, etc.) are included the

Table 4.1: Document collections used in experiments. vocabulary and when they are excluded. In boths;ase

) ) we discard punctuation.
For all experiments, we start with a small samg&40) of

entities or relation tuples, drawn at random frortist of L e
known valid entities or tuples. In Table 4.2 wear the 4.2 Predicting NER Difficulty
size and Composition of the samp|es used for theln order to evaluate the accuracy of our predlﬁltﬁl’ the

experiments. difficulty of extracting different types of namedtgies, we
use as reference the accuracy of the top five sgsie the
Task | Sample Extractions (Description) Size CoNLL 2003 shared task competition [17], which are
Location names (LOC) 50 summarized in Table 4.3. It is also worth noting th
performance of a baseline system that only idestifind
NER Miscellaneous named entities (MISC) 2( labels entities that occurred in the training $&is baseline
Organization names (ORG) 20 system obtains F-measure scores of 80.5 for LOG, &8
MISC, 66.4 for ORG, and 55.2 for PER.
Person names (PER) 20
Person’s birth dates (BORN) 35 Flglr.ia[‘sr;]et Car:fe[lé]m };:el[nlf]t z;?a [nlgg]e ' ;a;e [r;,l]S Average
Person’s death dates (DIED) 35 LOC 91.15 | 91.12 | 89.98 | 89.54 | 89.26 | 90.21
RE I arson’s Tventions (INVENT) 3 MISC | 80.44 | 79.16 | 80.15 | 75.87 | 78.54 | 78.83
- — ORG 84.67 | 84.32 | 80.48 | 80.46 | 79.41 | 81.86
Person’s writings (WROTE) 35 PER | 93.85 | 93.44 | 90.72 | 90.44 | 88.93 | 91.47
Table4.2: Entity and relations used in experiments. Overall | 88.76 | 88.31 | 86.31 | 85.50 | 85.00 | 86.77
. ) o Table 4.3: F-measures on the ReutersRCV1 collection
To validate our extraction performance predmtu[x_msthe reported by the top 5 systems participating in the
NER task, we used as reference the top perfornyisigiss CoNLL 2003 Shared Task competition.

in the CoNLL shared task competition, which were

evaluated over a manually annotated subset of aeieses

from the same RCV1 corpus as described above. Mereo ~ We report results on predicting NER difficulty irafles
we built the samples of named entities by randomly 4.4a, 4.4b, and 4.5. The first two tables preseatresults

sampling the set of named entities present inrtiiihg set ~ obtained on a smaller subset of the Reuters co{pis

provided by the CoNLL competition organizers [17]. million words), while the latter shows the resuitstained
To validate our performance predictions for thetREk, we for a bigger subset of the corpus (35_ million wordsis
used a simple bootstrapping-based extraction sysi@itar remarkable that language models estimated on tladlesm

to Snowball [1], which is heavily dependent on bt corpus are as g(_Jod predictors as those estimated on
example entities and the text context in which thppear corpus 10-times bigger.



RCV1 1/100, Left/Right Context Size 1, Counting Btords
Sample 1| Sample iZ Sample 3 Avergge

LOC 1.47 1.54 1.49 1.50
MISC 1.31 2.09 2.29 1.89
ORG 4.36 2.25 4.12 3.57
PER 7.40 4.08 5.28 5.58
RANDOM 1.57 1.24 1.73 1.51
RCV1 1/100, Left/Right Context Size 2, Counting ords

LOC 1.12 1.15 1.11 1.12
MISC 0.94 1.46 1.62 1.34
ORG 3.60 1.85 3.85 3.10
PER 5.71 3.22 4.30 4.41
RANDOM 1.04 0.73 1.00 0.92
RCV1 1/100, Left/Right Context Size 3, Counting ®tords

LOC 0.92 0.94 0.93 0.93
MISC 0.78 1.18 1.33 1.09
ORG 2.95 1.65 3.45 2.68
PER 5.16 2.80 3.79 3.91
RANDOM 0.87 0.63 0.83 0.78

Table 4.4a: KL-divergencefor the context models for
random samples of 20 entities'random words and the
background language model for a cor pus of 3.5 million
wor ds, when the language models include stopwords.

RCV1 1/100, Left/Right Context Size 1, Ignoring rds
Sample 1| Sample 12 Sample 3 Avergge

LOC 2.44 2.66 2.48 2.52
MISC 2.40 3.49 3.77 3.22
ORG 4.58 4.49 6.74 5.27
PER 9.08 6.23 7.61 7.64
RANDOM 2.35 2.11 2.84 2.43
RCV1 1/100, Left/Right Context Size 2, Ignoring rds

LOC 1.73 1.83 1.80 1.78
MISC 1.67 251 2.72 2.30
ORG 3.87 3.45 5.90 4.40
PER 8.03 4.87 5.91 6.27
RANDOM 1.68 1.22 1.62 1.50
RCV1 1/100, Left/Right Context Size 3, Ignoring rds

LOC 1.44 1.50 1.50 1.48
MISC 1.35 1.98 2.16 1.83
ORG 3.28 2.85 5.31 3.81
PER 7.19 4.32 5.36 5.62
RANDOM 1.43 1.05 1.33 1.27

Table 4.4b: KL-divergence for the context models for
random samples of 20 entities'random words and the
background language model for a cor pus of 3.5 million
wor ds, when the language models discard stopwords.

Our ranking identifies ORG and PER entities as yé&s
extract entity types and LOC and MISC as hard tivaek
These correlate with the results reported by thiEqgiants
in the CoNLL 2003 Shared Task competition (Tab2)4.
with one exception: the LOC entities. We believés th
happens for two reasons: first, the location esditin the
test set overlap to a large degree with the lonatio the
training data, as indicated by the performance hd t
baseline system; second, all systems shown in Tallle
except [11] used extensive lists of gazetteerschviiere
likely to contain most locations that news articheay talk
about and thus, covering most of the locationhéntest. A
drawback of our model is that it does not take extoount
how easy to identify entities of a certain type dzhon
intrinsic information (e.g., morphology) or gazeitdists.

RCV1 1/10, Left/Right Context Size 1, Ignoring Stapds

Sample 1| Sample 12 Sample 3 Average
LOC 1.65 1.82 1.81 1.76
MISC 1.79 2.75 2.99 251
ORG 4.36 2.93 5.48 4.25
PER 7.10 5.04 5.50 5.88
RANDOM 1.98 1.60 2.43 2.00

RCV1 1/10, Left/Right Context Size 2, Ignoring Siapds

LOC 1.12 1.22 1.26 1.20
MISC 1.16 1.84 2.02 1.67
ORG 3.57 2.18 4.33 3.36
PER 5.95 3.81 4.29 4.68
RANDOM 1.36 0.83 1.24 1.14

RCV1 1/10, Left/Right Context Size 3, Ignoring Siapds

LOC 0.92 0.99 1.04 0.98
MISC 0.91 141 1.55 1.29
ORG 2.94 1.79 3.76 2.83
PER 5.28 3.28 3.75 4.10
RANDOM 1.12 0.68 0.96 0.92

Table 4.5: KL-divergence for the context models for
random samples of 20 entities/random wor ds and the
background language model for a cor pus of 35 million
wor ds, when the language models discard stopwords.

Often, our predictions suggest a clear distincti@tween
the four entity types considered. In most casesatlerage
KL-divergence value for one type of entities isajez than
the maximum KL-divergence and smaller than the
minimum KL-divergence obtained for any sample of
another type of entities.

Tables 4.4a and 4.4b show the contrast betweerg usin
stopwords in the language model and discarding the
stopwords. As expected, the context language mattels
more similar to the background model when stopwangs
included, but in both cases, the conclusions asergglly



K KL (Section 3.1) CDist(Section 3.1)
Relation 1 2 3 4 5 1 3 4 5
INVENT 4.33 3.76 3.55 3.33 33| 0.24 0.16 0.12 0.13
BORN 8.68 7.62 6.86 6.4 616 | 086 074 058 054 0.54
DIED 7.72 7.72 6.87 6.49 675 | 062 066 049 042 0.41
WROTE 4.47 4.1 3.89 3.77 3.65 05 0.38 029 0.24 0.12
RANDOM 0.4 0.25 0.17 0.09 0.08 024 023 012 0.02 0.01

Table 4.6: Predicting RE performance for the INVENT, BORN, DIED, and WROTE relations

when the language modelsinclude stopwor ds.

the same. This is encouraging, as it shows tha thi
approach may work even for languages for whichexaal
information (such as stopwords) is knoavpriori.

4.3 Predicting RE Performance

We now turn to predicting the performance for takation
extraction task (RE). The goal is to predict whietations
are “hard” to extract, and which ones are “easy@bl€ 4.7
reports the actual extraction accuracy on the RE t&ing
a simple bootstrapping-based information extractigstem
similar to Snowball [1] and KnowiltAll [20]. We repothe
precision of the facts extracted by the systemmedédd by
sampling 100 facts from the extracted relationanses. As
we can see, the BORN and DIED relations are “eé&sy”
the extraction system (exhibiting precision of aghhas
97%), whereas INVENT and WROTE are relatively “ffard
(exhibiting precision as low as 50%).

Table 4.6 reports thEL and CDist values computed from
the models incorporating all words in the conteXise KL
divergence values of the BORN and DIED relations ar
significantly higher than thKL values for the INVENT and
WROTE relations, predicting that the former shohlie
higher accuracy than the latter. Hend€l. correctly
identifies “easy” relations vs. “hard” relationsedgtract. On
this task, theCDist divergence values for BORN and DIED
are also noticeably higher than the correspondatges for
INVENT and WROTE.

Relation | 28V | Task pifficuty
INVENT 0.35 0.64 Hard
BORN 0.73 0.96 Easy
DIED 0.34 0.97 Easy
WROTE 0.12 0.50 Hard

Table4.7: Precision for the RE task on the
Encyclopedia collection for the INVENT, BORN, DIED,

and WROTE relations.

Table 4.8 reports the divergence values usingahguage
models built by discarding common English stopwors
we can see, these models have higher divergenoetfre
background than the models with stopwords includdis

is not surprising, as stopwords tend to appear dth b
generic and task specific contexts. As before, chvatext
models built without stopwords have highér divergence
from the background model for the “easy” relatitimesn the
KL divergence of the context models for the “hard”

relations.

In contrast, th€Dist values for INVENT and

DIED models now become more similar. In fact, @Bist

values for

INVENT are actually higher

than the

corresponding values for DIED, incorrectly suggestihat
the INVENT extraction task is “easy”. Hence, it epps

that KL
performance.

is a more

robust

predictor

of extraction

K KL (Section 3.1) CDist(Section 3.1)
Relatio 1 2 3 4 5 1 2 3 4 5
INVENT 6.68 595 5.69 54 5.2] 074 072 073 072 073
BORN 94 879 849 81 761 089 086 0.86 086  0.86
DIED 916 888 811 779 81 075  0.79 0.66 0.61 0.6
WROTE 672 595 582 571 5.48 062 061 0.61 062  0.61
RANDOM 036 022 018 013 0.1p 04 0.24 0.2 014 (.13

Table 4.8: Predicting RE performance for INVENT, BORN, DIED, and WROTE relations
when the language models discard stopwor ds.



5. CONCLUSIONS AND FUTURE WORK

We presented a context language modeling appraach f

predicting extraction performance. We have shovat tur
approach is effective for predicting extractionwecy for

tasks such as named entity recognition and relatione)

extraction, both crucial for high accuracy and doma
specific information retrieval.

As our experiments indicate, starting with evennaals
sample of available entities can be sufficient faaking a
reasonable prediction about extraction accuracy.résults
are particularly encouraging as we consider a ivelgt
simple model that does not require extra infornmatmthat
typically available to modern NER and RE systems.

Extending our method to use more sophisticateduane

models (e.g.n-grams) can further improve our predictions.

For languages where reliable NLP tools are availabhe

promising direction would be to incorporate syntact
features, and to apply techniques such as co-refere
resolution to build richer and more accurate cadntex

language models. Additionally, incorporating gazettlists
similar to those typically used by the NER systeras
further improve prediction accuracy.

Furthermore, our techniques could be applied falding
interactive information extraction systems thatdguithe
user by requesting more examples for the extraddshks
predicted to be “hard”.

[8] X. Carreras, L. Marquez, and L. Padro, A Simple Rdm
Entity Extractor using AdaBoost, iioNLL 2003

[4] C. Chelba and F. Jelinek, Exploiting Syntactic &tute for
Language Modeling, ifCOLING-ACL 1998

[5] H. L. Chieu and H. T. Ng, Named Entity Recognitieith a

Maximum Entropy Approach, i€@oNLL 2003

M. Collins, Ranking Algorithms for Named Entity Eacttion:

Boosting and the Voted Perceptron AGL 2002

[7] S. Cronen-Townsend, Y. Zhou, W. B. Croft, PredigtQuery
Performance, ir8IGIR 2002

[8] S. Cucerzan and D. Yarowsky, Language Independarnted
Entity Recognition Combining Morphological and Cextual
Evidence, iEMNLP-VLC 1999

[9] R. Florian, A. Ittycheriah, H. Jing, and T. Zhaigmed Entity
Recognition through Classifier CombinationGoNLL 2003

[10]R. Jones, A. McCallum, K. Nigam, and E. Riloff,
Bootstrapping for Text Learning Tasks,|ICAl Workshop on
Text Mining: Foundations, Techniques and Applicagiol 999

[11] D. Klein, J. Smarr, H. Nguyen, and C. Manning, Ndr&atity
Recognition with Character-Level Models,@oNLL 2003

[12] C. D. Manning and H. Sé¢ize, Foundations of Statistical
Natural Language ProcessinylIT Press, 1999

[13] J. M. Ponte and W. B. Croft, A Language ModelingopAgach
to Information, inSIGIR 1998

[14] H. Raghavan, J. Allan, and A. McCallum, An explaratof
Entity Models, Collective Classification and Retati
descriptions, irLinkKDD 2004

[15] D. Ravichandran and E. Hovy, Learning Surface Ratterns
for a Question Answering System,ACL 2002

[16] E. Riloff and R. Jones, Learning Dictionaries faformation
Extraction by Multi-Level Bootstrapping, ilAAI 1999

As our experiments show, context language model$17]E.F. Tjong Kim Sang and F. De Meulder, Introductionthe

localized around entities and relation instancesnterest
diverge from the document-level language model.sT far
tasks such as question answering and
extraction, modeling term proximity near entitidsrderest
is a promising direction for improving informatioetrieval
accuracy.
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