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1. Introduction

In TREC 11, our group participated in the Novetgck, Filtering track, and the Named-Page Findask of the Web track.
This paper describes our approaches, experimemdsresults. As the approach for each task is giifferent, the paper
contains a section for each of the tasks. Thewatlg section describes our experiments in adagtitering, Section 3
describes named-page finding, and section 4 dissubge Novelty track.

2. Adaptive Filtering

In the adaptive filtering track, we used the saiystesn as in TREC9 and TREC10. The Rocchio algorith used for
anytime profile updating. More detailed informatiabout profile updating and the system structaraviailable in [17].
This year, we focused on comparing different thoédihg methods, and also did some experiments g lsnguage model
to improve initial query profiles.

2.1 Thresholding

Two evaluation measures were used in this vyearsaptag filtering track: T1182*R,-N,' and
T11F=1/(1rfecall+4/precision), whereR. is the number of relevant documents delivered, ldnds the number of non-
relevant documents delivered. T11U can be optichizeve can estimate precision, and the correspandptimal strategy
is: deliver if P(elevan) > 0.33. T11F can be optimized only if we carineate both precision and recall.

When filtering, we have several training documesfgesented asx(y1)(%z.y2),....¥1), wherex; is the score of a delivered
document with user feedback, apd0 if document is not relevant, otherwisg=1. We also order the tuples according to
the constraink<x,<...%<X:1<...<X.

Optimized Optimized

for T11U for T11F

NE Yes Yes
ML Yes Yes
Empirical Optimal Yes No
Logistic Regression Yes No
Bayesian Error Model Yes No
Greedy Search Yes No

Table 1: Candidate Thresholding Algorithms
We tried six threshold-setting algorithms (Table 1)

NE (Normal-Exponential): Model the scores of thievant documents with a Normal distribution and eidte top
ranking non-relevant documents with an exponedisitibution as described in [1].

ML: Maximum Likelihood Estimation as described it9]. Use the same model as NE, but explicitly mdtel
sample bias while estimating model parameterss iBhé modified version of the Maximum Likelihoodtination
thresholding algorithm, because the early stageiwhe number of relevant documents or non-reledactiments
in the training set is smaller than 4, the thredhslthe optimal one calculated by the model, simedtwvith the old
threshold and the average relevant document sesimg linear interpolation.

EO (Empirical Optimal). Let all candidate threshblkelgi=x+x;../2 (i=1...t). Set the real threshold @t where the
evaluation measure we want to optimize achievedethpirical optimal value on training data amongdilithe
candidate points.

Logistic Regression: This is a strict implementataf widely known logistic regression algorithm.Itiough the
thresholding algorithm described in [12] is alsosdxh on logistic regression, it is a modified vemsigsing
calibration to fit the filtering task and data, amduld probably get a better result.

! The exact official evaluation for utility is T11S{max(T11U/MaxU, MinNU)-MinNU)/(1-MinNU), where
MaxU=2*(Total Number of relevant documents), MinN05. T11SU is normalized T11U.



Bayesian Error Model: Use uniform error modey=A(x,t,e)=e+(1-28)F (x-t), whereF (x-t)=0 if x<t, andF (x-t)=1 if
x>=t. The system use a Beta distributioe) pf b(a;,a,) to model the prior of errog. Bayesian estimation of
P(=1[x, training datg is used to estimate the precision. More inforamébout this is available in [1].

Greedy Search: This is a greedy algorithm thateimses the threshold if a relevant document is eteld; while
decrease the threshold if a non-relevant docunsedtlivered. While the step size depends on 1Yifference
between the score of the document and the cutnesdhold and 2) how many changes the system has beddre.
So the strategy will modify the threshold if givarieedback for documedtusing: thew=tog-20* max(a,scorgi-toq)

if d; is relevant, otherwisge,~toqtd* max(@,scorgi-tog). Whered, decreases as number of feedback increabes,
is set to 0.005 arbitrarily.

Notice that Logistic Regression and the BayesiawrBvlodel are focused on modelyj and do not model the marginal
distribution PX). These two models can help estimate precisiahabe not capable of estimating the recall. Thizak
optimization for T11F is not possible for them wath getting an estimate of §( This is a general problem for using
discriminative models for thresholding, and onaisioh is to use the empirical distributionfs described in [12] to help
estimate recall, but it requires a lot of computati

TRECS TREC9 TREC11
NE 0.324 0.360 0.365
ML 0.340 0.363 0.373
Empirical Optimal 0.213 0.344 0.315
Logistic Regression 0.212 0.300 0.289
Bayesian Error Model 0.268 0.303 0.311
Greedy Search 0.051 0.155 0.090

Table 2: T11U performance with different thresholding algjoms.

We compared these different thresholding algoritonsTREC8 and TREC9 filtering track data, using Wlas the

evaluation measure. Maximum Likelihood Estimatwaorks consistently the best on both data sets. syhtem was tuned
using the TREC8 and TRECS filtering track data.teAsubmitting our results, we did more experimamsTREC11 data.
The final results on the different datasets arevshio Table 2. Using the Normal and Exponentiabeldo model the score
distribution worked well on all three dataset, aitgh their performance was not good on TREC10 datagported here.

[18]).

2.2 Modifying an initial profile without training d ocuments

NIST provides topics that contain title, descript@nd narrative fields to describe the user's médion interests, but what
should be the initial profile description is unkmawf we look at the following sample topic from ERS:

Query: q353
Title: Antarctica exploration
Description: Identify systematic explorations and scientifiegtigations of Antarctica, current or planned.

Narrative: Documents discussing the following issues are relevasystematic explorations and scientific investigations of Aritarct
(e.g., seismology, ionospheric physics, possible economic developrodmg) research currently conducted or planned for the future -
banning of mineral mining Documents discussing tourism are non-releduments discussing "disrupting scientific experiments”
are non-relevant unless a specific experiment is identified.

We can see that the title is a better descriptisncbntains only 2-4 words. The Description anel larrative are too long
and noisy. We tried a mixture model to model houwsar generates a description/narrative. Assumiqgeay is generated by
a mixture of profile independergeneral query modeMWy and profile dependantore query model M Words such as
“ldentify" or "Documents" are more likely to be geated byMy, while the words "Antarctica” is more likely to generated
from M,. Using algorithms described in [21], we can filé tore query model Mand use it to do feature selection or
reweighing for the initial query. Thus for eaclofile, we have 7 options for setting initial quarigased on how we use title,
description and narrative fields provided by NISThe results on the TREC8 and the TREC11 datasettanwn in Table 3.
Using the mixture model helped for the TREC8 ddtaskile we didn't see significant improvement oRHC11 dataset.



Initial query TRECS TREC11
Title 0.3185 0.3621
Title + Description 0.3297 0.3732
Title + Description + Mixture model 0.3405 0.3736
for reweighing words

Title + Description + Mixture model 0.3524 0.3668
for feature selection

Title + Description + Narrative 0.3559 0.3669
Title + Description + Narrative + 0.3424 0.3741
Mixture model for reweighing words

Title + Description + Narrative + 0.3402 0.3673
Mixture model for feature selection

Table 3: T11U performance with different initial profile siegs.

UDESC | FDESC Uml Fmi
= Max 0 1 0 0
> Med 97 90 92 88
< Med 3 10 8 12
Topic T11U 0.445 0.431] 0.447 0.433
1-50 T11F 0.422 0.401] 0.410 0.396
Topic T11U 0.291 0.293 0.290 0.292
51-100 | T11F 0.041 0.038 0.034 0.035

Table 4: Performance of our official runs.

2.3 Filtering Track Results

This year, we submitted four very similar runs. ERC and FDESC used description and title fieldsjemdml and Fml
used the mixture model for term reweighting. Tabkehows our results compared with other systefms. most topics, our
system performance is above the median performance.

Figure 1 shows the results for one of the 4 runeamh topic, compared with Max, Median and Basdline performance of
a system that delivers nothing). The system perdmice on the first 50 topics is much better thangérformance on the
last 50 topics. The first 50 are created and atedtby NIST annotators, while the last 50 topiesenintersections of
Reuters categories. Figure 2 compares the firsdai@s with the last 50 topics by sorting the tspaccording to the number
of relevant documents in that topic. Although thenber of relevant documents is similarly distréaufor the first 50 and
the last 50 topics, the best performance is qufferdnt. When we look at some relevant documéotaNIST annotated
topics and “intersection” topics, we feel it is tido learn “intersection” profiles according toitiag documents with a bag
of word model (Rocchio). More detailed researctt analysis is needed to fully understand the difiee between them.

Figure 1: Compare our result (CMUDIR) with the b«  Figure 2: TREC annotators create the first 50 topics,
performance (Max) and the Median Performance (N the last 50 topics are created by intersection efit&'s
for each Topic categories



3. Named-Page Finding

The language modeling approach to information ee#d typically makes the assumption that the qiengpresentative of
the relevant documents. In most previous resedadiguage modeling places equal weight on all pafrthe document.

This may work well for ad-hoc document retrieval reewspaper corpora, but we do not feel that thiessarily makes the
best use of information present in the documendr éxample, it does not leverage document strucsureh as markup
present in HTML documents. For named-page findweghypothesize that the user's query is what tlee bislieves to be a
reasonable estimate of the “name” of the pagesbkeeking. Therefore, when estimating a languazpemwe do not want
to estimate the language model of the entire dootinrit instead we want to estimate a model forpghge’'s “name”.

Given some document structure, we can form a wadétdocument representations. We can weight thegeesentations
according to how characteristic they are of thegfmtname”. For example, we may want to weighttitie of a document
more than the rest of the text. Or in a hyperéxtironment, such as the Internet, we may warntdorporate the text of the
links pointing to the page for which we are estimgita language model.

Language modeling suggests that we try to estimai@w language model from language models createdthe document
representations. This new language model for aideat should be designed so that it closely modblat we would
expect a user to write as a query when requestiagdbcument. For named-page finding, we would likeestimate a
language model for the “name” of the page from leagge models produced by various document reprdgeTda We
explore creating this new language model by takitigear interpolation of the other models. Ndtatthis is different from
doing a linear combination of scores from differeygtems; we directly estimate the probability @fad given the differing
language models. This is also different from dlyewveighting the term frequencies. Isolating filds into different
language models allows for smoothing each repragentwith a collection language model based on thpresentation
only. This explicitly models the fact that the dgarage usage in different document representatiofislds is different, and
adjusts the probabilities accordingly.

As mentioned above, we form language models frdferdnt document representations of the documEnt. example, one
representation of a document may be its title. thandocument representation may consist of thedentained in larger
fonts. These representations do not need to ligiguas, or even non-overlapping. We can still tise entire content of a
document as a representation, while including otlepresentations such as the document's title. mRitzese different
representations, we form a language model, uskegrépresentations from other documents for th&dfatanguage model.
We combine the language models from different regm&ations using linear interpolation to form a rlanguage model.
The representations used and the linear interpaolatieights chosen can be fine-tuned to a specifik.t For example, we
may expect that the document’s title is more imgoatrfor named-page finding than it is for a genadkhoc relevance task.
If so, then for named-page finding we would usdghdér weight for the language model formed from title than when

performing an ad-hoc relevance search.

In this report, we investigate combining documepresentations to improve retrieval performancenfoned-page finding.
We also explore how much information is neededctueve performance that is similar to using thé dalcument and in-
link text available.

3.1 Language Modeling for Named-Page Finding

Two primary models for ranking documents are usethformation Retrieval: Kullback-Leibler divergemn¢15] and the
generative language model [10]. Under common agtans we make for this task, these approachesariwalent [9]. So
we arbitrarily choose to use a generative languaogel.

P(Qp)=P(Q D)=W©QP(W1 o)

In the above equatiof is a query (a sequence of word3)js a document, andis a language model. For the generative
model, the query is treated as a sample from teardent’s language model, and we must then competerobability that
the document’s language model produced the quepyesee. Note that the probability of the termmishie product as many
times as the term occurs. That is, we represenulery as a sequence of words.

To complete the specification of the retrieval noethtdescribed above, we need to estimate the lapgoaglels. The
methods we use here are discussed and compar&€]inThe simplest way to estimate a unigram lagguaodel given a
chunk of text is to use a maximum likelihood estiena

Pue (V\’iqT ) = %ﬁ\/\ﬂ-)

Here, T denotes the text we are using to estimate theulaggymodel. The probability of the word given tixet’s model is
simply the number of times the word occurs in thé tlivided by the length of the text. This has ddvantage of being easy



to compute, but it has the problem that many wbiase zero probability or are poorly estimated & tbngth of the text is
small. This technique is often used to estimalmekground language model, such as the probability word given the
entire collection. The collection is typically ¢ enough to give estimates. To address the probéxo counts, linear
interpolation is often used.

Fin (\"’1‘7): :1 /iP(qui)

Wherek is the number of language models we are combiring,/, is the weight on the mode} . To ensure that this is a
valid probability distribution, we must place thesmstraints on the lambdas:

k
/; =1 andforl£i£k, /,30

i=1

We often use a linear interpolation of a text maated a collection model. One specific form of tisiso use Dirichlet prior
smoothing. This technique has worked quite welddrhoc retrieval experiments [16][9][14]. Diriehlprior smoothing has
one parameter,, which is typically chosen close to the averagagile of the text chunks being estimated. For this

smoothing method, we havey, as the text model,g, as the collection language modeY,1=|T|/QT|+n),
and/, = (7| + ).

A final technique we will use to estimate a langaiagodel is a character basedram model. Am-gram model considers
the context of the token. Specifically, it estisgthe probability of the token given the previousdl tokens.

P(C' n+1Ci- n+2 CI lcl |qT )
P(C|-n+1c|-n+2 C|1|q-|—)

P(C'| |C|-n+1C|-n+2 C|-17qT):

The n-gram model does not specify how the probabiliiasthe right hand side of the above equation shbaléstimated,
but they can be estimated using any of the prelyiaescribed techniques. Using backoff where thekground models are
based on shorter sequences of tokens is a commibiodfer estimating these probabilities.

3.2 System Specifics

We use the Lemur toolkit [7] for document indexigugd retrieval. For document tokenization we usegiéry’s stopword
list and the Porter stemmer. The URLs were tolehian punctuation (., /) and were not stemmed.hdktsr stopword list
was used for URLs (“http”, “www”, “com”, “gov”, “hil”, etc.). Each document had as many as sevemndemat
representations, outlined in Table 2. For evepyasentation except the URL, we formed languageetsagsing a backoff
model with Dirichlet prior smoothing. The Dirichlprior parameter was chosen to be close to twieeaterage length of
the representation. The probability of a word gitke document’s URL was computed treating the WRH word as a
character sequence, then computing a characted-liageam generative probability. The numeratod atenominator
probabilities in the trigram expansion were estadalising a linear interpolation with the collectimodel (all URLs in the
corpus).

The linear interpolation parameters for the .GOYpas were trained using 80 queries we createdloftal the named-page
finding task. We trained the lambda parameterpérforming retrieval separately on each of the espntations. The
weights were then taken as the scaled mean reeiprack of the system. The normalization was peréal to ensure that
the weights summed to one. This training procedlicenot yield better results than assigning equeight to each
representation.

3.3 Named-Page Finding Results

We briefly describe experiments on the WT10G tabtpeable 5). Without the use of document prionst system has
respectable performance. This technique is asgtas any reported in TREC10 that did not use & for document prior
[3]. The best performing single document represtéori, document in-link text, had a MRR of 0.5186,®mbining the
document representations significantly improvesfquerance. Additionally, we tried using the documé&iRL priors
described in [4] as a re-ranking strategy for the 1000 documents. The use of document priorsnaiidlove performance
for all evaluation measures used for the task.



Configuration MRR % TOP 10 % FAIL

Equal lambdas .676 83.4 5.5
Equal lambdas + URL length prior .799 91.7 3.4
Table 5: Results of the homepage finding task on the WT ¥Xtbhed
Representation| Description MRR % TOP 10 % FAIL
Alt Image alternate text 194 28.0 66.7
Font Changed font sizes and headings 191 25.3 68.0
Full Full document text 469 66.[7 16.7
Link In-link text .455 58.0 32.0
Meta Meta tags (keyword, description 144 21.3 75.3
Title Document title 407 56.0 35.3
URL Character trigram on URL 131 19,3 68.7
Table 6: Performance of individual document representatmmthe named-page finding task
Run Configuration MRR % TOP 10 % FAIL
LmrAllEq Alt+font+full+link+meta+title+url .676 88.0 3.3
(equal parameters)
LmrAllEst Alt+font+full+link+meta+title+url .667 86.7 3.3
(trained parameters)
LmrSmall Link+font+title .589 73.3 16.7
LmrDocStruct | Alt+font+full+metattitle .567 72.7 15.3
LmrNoStruct | Full+link .611 84.0 8.7

Table 7: Official results of the named-page finding tasktlom .GOV testbed

For this year’'s TREC, we wished to investigate twain questions: whether we get good performanaesdaj combining
document representations, and what performanceaweget when operating under a variety of systenstcaints. First we
look at the performance of the individual documegresentations. This is in Table 6. The fullttéx-link text, and title
text were the best document representations fondhged-page finding task; full text yielded theagest performance with a
mean-reciprocal rank of .469.

Our official results are summarized in Table 7. olaf our official submissions combined all of thepresentations:
LmrAllEg and LmrAllEst, which respectively had megetiprocal ranks of .676 and .667. LmrAllEq usegial weighting
parameters and LmrAllEst used parameters from aiwentraining procedure evaluated on our 80 quaipnihg set. Both
runs had much better performance on all measuagsahy of the individual methods. LmrAllEst perfed slightly worse
than LmrAllEq, but we are not sure whether thigedténce is significant.

The other three runs investigated combining documepresentations under different scenarios. LnatNet used only the

full text and the link text. The name is a litti@sleading, as it did keep the full text and lirkit separate as different
language models. Combining these two best repiasams yielded a MRR of .611, which is not quitegmod as combining
all of the document representations. LmrSmall @wasattempt to estimate what level of performanae lwa maintained

while indexing only small amounts of text. Onletfont, title, and link representations were usedtis run. This resulted
in indexing only 43 million terms, where the fudit index contains around 945 million terms. ThRR/of .589 for this run

was not bad, but the failure rate at 50 documeanss quite high, and the number of topics with tigatranswer in the top 10
was also lower than for other runs. The otherrommDocStruct, looked at document representationmfthe document

only, ignoring the URL and the in-link text. Inonental indexing of in-link text can be a complichtgperation, and it may
be too expensive to scan the entire corpus on alaiefasis to compute each document’s in-link teXhis run was an

attempt to measure how well a system could perfeitinout the use of this information. The MRR fbist run was .567,

which suggests that in-link text is an importantulment representation for named-page finding.

3.5 Conclusions

We explored the use of document structure in theetbpage finding task and the homepage finding. taéle found that
combining different document representations workexy well within the language modeling framewok/e feel that the
use of language modeling provides an effective meidm for combining information from different deooant

representations. We found that document in-link te important for named-page finding, confirmipgevious results in
homepage finding. We also demonstrated that goB& Merformance can be achieved with a very smdéxnbut that in
order to get a high percentage of documents foarlde top ten answers and to preserve a low faihates the full text of the



document is needed. We also showed that by addorg representations, we can improve performanes though the
content of the new representations may overlap @ilter existing representations.

The largest issue that we failed to adequatelyessddwas the training of the linear interpolationghts for the combination
of document representation language models. Hi@rng method we used did not seem to provide aiy. gWe would like
to explore more sophisticated techniques for tngirthe parameters in the future.

4. Novelty Track: Finding Relevant and Redundant Se  ntences

The problems of finding relevant and redundant eseees are related to several other well-studiedoiéblems, with

important differences. Finding specific relevaantences is similar to some aspects of open-doqastion-answering, in
that we are looking for specific statements, andjust entire documents, that satisfy the querye térefore include more
surface features of sentences, such as punctuatiomamed entity types, in our analysis. Howetlez, nature of the
answers is much less specific than that typicadlnsin open-domain QA applications. Another simieoblem is that of

topic-level novelty and redundancy detection, axdbed by Zhang et al. [20], in which the authase statistical models to
perform adaptive filtering to find documents thed aot only relevant, but also novel (or equivdignot redundant). The
novelty problem is also related to multi-documeqtiery-specific summarization, in that we seek tadfia set of

representative, maximally informative sentencesweler, the criteria for “maximally informative” edifferent for each
problem: summarization seeks to obtain good coeedgthe various aspects of the relevant infornmatidiile keeping

within a size/length constraint. For our probleme have no length constraint and the definitiorinmivel” is extended to

allow more subtle differences between sentences.

Our general approach is to view both relevant attimdant sentences as simple statistical transtatb the query. For
performance reasons, we currently only apply thie tof model to the redundant sentence computadiod,use a tf.idf-
based approach to obtain relevant sentences.

4.1 Finding Relevant Sentences

We examined the performance of tf.idf-based resiesing sentences as “documents” and found thtt,pseudo-relevance
feedback, using all sentences with a non-zero sgave high recall of relevant sentences (typically80%). However, not
surprisingly, the precision was extremely low (Usud0% or less), so this led to the following meth

1. Retrieve a set of candidate sentences using sti@iglard tf.idf-based retrieval with query expansidbased on a
guery constructed from the TREC description

2. Extract a set of features from the resulting caatdientences
3. Use these features to classify each candidatersenssd remove those that are more likely to berammvant.

The classification in step 3 can be based on osew#ral different methods. In this study, we exauahthese three:

Simple_Threshold: use the tf.idf score as the éedyure, and apply a threshold,;
Decision_Tree (DT): extract a much wider set aftdees and build a decision tree; and
Proximity: simple model using proximity to highlglevant sentences as the main criterion.

We treated each sentence as a separate docunetimdared all the sentences from all relevant dasumusing Lemur [7].
We created a query from the title, description, aadative fields in the topic and use this to saggich sentence using tf.idf
weighting. We performed query expansion using geeelevance feedback, using the top 10 terms fhentop 20
sentences. This produced an initial “candidaté dissentences.

Simple_Threshold Rule

The tf.idf scores were normalized so that the tetjseoring sentence received a score of 1.0. riiléswas mostly useful as
a baseline, and as a way for finding highly reléxsmtences for the Proximity rule.

Decision Tree Rule

In this approach, we extracted a “base set” of ahéuo 20 surface and semantic features from ardeot sentence. This
base set was extended to include features basadsorall history window of previous sentences arifféictnce” features
based on the query sentences. All of these wene tised to build a decision tree using C4.5 [11jredict non-relevant
sentences. The intent was to find the most higlidgriminative features, and hopefully increasecigien by removing
sentences from the candidate list which were likelgon-relevant based on the decision of the ifiass



Proximity Rule

This method is a simple form of clustering, where assume that most relevant sentences occur ip piaximity to
“highly” relevant sentences. Based on our exarionatf the data, we found that a high proportiorsefitences with a high
tf.idf score were relevant, but there was veryelidverall correlation between tf.idf score andgvahcy. On the other hand,
there was a high correlation between a sentenekdtive distance to a highly relevant sentencei@nalevancy. This rule
uses the tf.idf results, but unlike the other twetimods is not restricted to that list when lookingsentences. We scan alll
the sentences in a document, using the tf.idf scanel relative distances as input. The proximibdeh can indicate that a
sentence is relevant even if it received a zerecesicothe tf.idf model.

Here is one example of a simple proximity modelchhdalculates a relevance scB@ for thei-th sentence in a document.
It uses a window of nearby sentences with indeked { ...,i + K}, and scores§(i— L), ... , % + K)}, whereS(i) is the
tf.idf score for sentendgandK andL are small positive integers (typically 2 or 3).

i+K
R(@) = f(S@),1)x  9;(S(),S(j).i,])
j=i- L
Here, the functior is used to weight the contribution of sentenbased on its score and, optionally, its positiothe
document. The functiogy models the pair-wise relationship between sentendthin the window, based on their scores and
relative distances.

4.2 Finding Redundant Sentences

In this evaluation we focused on comparmgrs of sentences rather than more gensedbof sentences. There are two
main reasons for this. First, dealing with pagsimpler and gives a good starting point befookileg at the more general
case. Second, when asked to find redundant fadist$ of sentences, most human assessors [20]wWarsuppose, users)
tend to focus on sentence pairs instead of congulbzets.

We view one redundant sentence as being a statistémslation of another. If we can build a ga@hslation model in the
language then we should be able to detect whersemtences are translations of the same thing. tadkeis simplified a
little by the fact that the source and target serge are in the same language. The methods weealdfy TREC use
WordNet to estimate similarity for words and shphtrases, and shallow parsing to help extract amdpace sentence
structures.

Given two sentences to compare, the algorithm lnadallowing stages. First, we obtain parse tfeegach sentence. For
the TREC evaluation these were all pre-computeckesparsing can be a time-consuming process. Sea@ndonvert each
parse tree into a graph that describes the motidicatructure of the terms. Third, we performime graph matching
algorithm that compares the terms from each seatemeighted by their possible importance. The r@sdlt is a similarity
measure that estimates how much one sentenceaissdetion of the other in the same language.

4.3 A Statistical Method for Estimating Word Semant  ic Similarity

Before looking at sentence structure, we estimatiendarity score for each word or short phrasee ¢ this by comparing
the contexts in which they occur. We use a speeidiset of contexts: those derived from each efltasic relation types
available for a word or phrase in WordNet.

Given two words or short phrases to compare, wa fionstruct a unigram model of the context forheaord. Each

unigram model is a linear combination of unigranb-swdels. There is one sub-model for each relatienused from

WordNet, which were synonyms, hyponyms, hypernyansl coordinate terms. For some words, some oétlesmodels

will be empty if no relation exists. Each submoidebuilt from the terms appearing in the wordslisind, optionally, the
glossary entries for that relation. A set of mietweights is used to combine the probabilitiesnfrine submodels to
calculate the final unigram model. The weights teagned from a training set of redundant, semurethnt, and unrelated
sentences.

If we visualize the enormous graph of words thahprdse WordNet, each word has a set of synonymso#mer related
words. These together form a subgraph associatadivat word. To compare two words we are esaiytmeasuring the
weighted overlap between their two subgraphs.

We compute the distributional similarity of the twwerall unigram models using skew divergence. wSH&ergence is
described by Lee [6] and has the advantage of ctitinpepredictive performance on statistical langedasks similar to
ours, without requiring sophisticated smoothin§D{r || q) represents the KL divergence between distribstioandq, the
skew divergence is:

s,(q,r) =D(r[lag+ (- a)r)



where is a smoothing parameter and is set+6.99 in our application.

Once the skew divergence is calculated, the scast be normalized. This is done by calculatirsinalarity score relative
to a small fixed set of “unfamiliar” words that artremely unlikely to all be similar to the targetrd. The final score is a
real number between zero (identical match) andrhitrary upper bound of 500 (maximum dissimilarityJable 8 shows
scores for the word “astronaut” compared to varisusds. Note that words like “orbit” share similao-occurrence
distributions with “astronaut” but, correctly, dot get low translation distance scores.

astronaut astronaut 0.000
astronaut cosmonaut 0.002
astronaut man 9.051
astronaut explorer 14.372
astronaut commander 20.8Y7
astronaut pilot 33.508
astronaut traveler 49.3112
astronaut watermelon 153.548
astronaut orbit 283.162
astronaut rocket 294.722
astronaut committee 302.601

Table 8: Semantic similarity “distances” of various wordsrh the word “astronaut”, as measured by normalsiesv
divergence of Wordnet-based unigram mixture models.

Using distributional similarity may be seen as petyf query expansion. Unlike typical scenariasdioery expansion, the
terms being compared are coming from documenta@releemed relevant, so the same word found in different
sentences is less likely to be used with two véffer@nt senses, making sense disambiguation lieaspooblem. There are
other methods described to estimate the substilityadf words, e.g. the confusion probability [2JVe do not explore those
here; Lee does a comparison of some of thesednemt paper [5].

4.4 Sentence Parsing and Modifier Graphs

After obtaining word translation probabilities, ve@alyze sentence structure by obtaining a parsal afentences to be
examined either in the document set or in the TRIEECription and narrative fields. There are culyemo purposes for
this parse. First, we pre-process surface featorbs used by the relevancy classifier, and seosedlerive a dependency
graph from the parse tree to estimate headwordsradifier relations, and the relative “importana#terms in a sentence,
both of are used our simple translation model. tReractual parsing we used the Apple Pie Pargeeaay-to-use corpus-
based probabilistic parser written in C and devetbipy S. Sekine [13].

The algorithm for converting a parse tree to a ddpacy graph can be defined recursively, startinealeaves of the tree:

1. A terminal node (leaf) depends only on itself and hself as a headword.
2. Each possible type of non-terminal node has atoutiecide on the headword for that constituenemgithe
headwords derived from its leaves. The “winningatiword then becomes a new node in the dependesmgly,g
with the “losing” headwords pointing to the new rahd thus becoming dependants of the new node.
For example, for the noun phrase NPn; n, n;, we will choose f(the last noun) as the headword, creating a new
node for it, and creating edges pointing fropand B to re.
3. This process is continued up the tree until the ioeached.

With this dependency graph and the word similesdgres, we can compute the final translation pritibabf two sentences.

4.5 Graph Matching

We use a very simple graph matching step to mdaefdct that not all words in a sentence are egtedéintral’. Some
words or short phrases express the core ideassentence, and other words act to modify them. &fbe, it seems
reasonable to weight any matches between the deas iin two sentences more highly than matcheseeetwther words.
We currently define the graph weight of a nodaasidegree.

Our graph matching is currently “greedy”: for eaebrd W, with graph weighty in the source sentence, we select the word
V(i) with graph weighBy, with lowest similarity distanc§ g in the target sentence. This is constrained bgia of at
mostK matches to any target word, whéte= 2 in our implementation. Once a target word treashed its match limit, the



word with the next-lowest distance is used instea@he weighting factor for theth observation i, B;, and so the
matching score between the sentences is:

N
M(AB)= AB,;»Sy
=0

whereN is an adjustable parameter (typically betweend H3) to be used when the source words are sartddscending
order of influence.

We show an example below for two sentences A andkBn from the TREC sample documents. The sirtjlagore of
Sentence A against Sentence B is the weighted ohesgeribed above: 14.821. Since this is below lo@shold of 15, these
sentences would be considered redundant.

Sentence A:
Some of the best shoteleasedthis month by the US space agertgsa show parts of the universe
billions of light years away - and therefdydions of yearsin thepast

Sentence B:
The images sent back thisar, after astronauts repaired the telescope's deéentirror, show a myriad
of astronomical objects too distant to be seen thighmosipowerful Earth-bound observatories.

Sentence A Graph Sentence B Graph Similarity Distance
weight (Most similar word) weight S
A B;

past 6 year 4 2.456
years 3 year 4 0.0258
released 4 show 2 53.631
Nasa 5 powerful 1 68.240
show 2 show 2 0.000
billions 3 myriad 1 0.152
Weighted mean: 14.821

Table 9: Comparison of word pairs from Sentence A anchByrder of influence. Only the top six word paas,sorted by
Sentence A graph weight, are used for this examipéeh word from Sentence A is paired with the wiooch Sentence B
with the lowest similarity distance.

There is still plenty of work to do on the besttéeas to represent in the graph, and the most appte, theoretically
justified matching algorithm.

4.6 Novelty Track Results

We now give a brief summary of our official resuftsr both relevance and novelty, for the five rwessubmitted. The best-
performing runs are shown in boldface.

The runs are labeled as ‘relevance algorithm + Itpvalgorithm'. The relevance algorithms Simpléréshold,
Decision_Tree (DT), and Proximity are those desttipreviously. The novelty algorithms LowSameRod HighDiffDoc
use the simple statistical translation approaches€ labels refer to, respectively, a low thresliséshtences must be very
similar in meaning) comparing sentences only witthia same document, or a high threshold (more edlardundancy
definition) comparing sentences only across dififedmcuments.

The official TREC scores we achieved for each menshhown in Table 10, which gives average preci¢fore P), average
recall (Ave R), and average P:R scores. Our hastge P-R score for relevance (0.058) was achiesbda simple tf.idf
threshold on the ranked list of sentences. Out @&esrage P-R novelty score (0.047) was achievedebscting highly
relevant sentences with the Proximity rule and theoepting all such candidates as novel, with ¢atistical approach
performing marginally worse when applied to alltesices within the same document.



Run Relevance Novelty
Ave P Ave R Ave P-R Ave P Ave R Ave P-R
Proximity + LowSameDoc 0.13 0.31 0.052 0.12 0.30 046.
Proximity + HighDiffDoc 0.13 0.31 0.052 0.12 0.16 .0P5
Proximity + All Novel 0.13 0.31 0.052 0.12 0.31 0.047
DT + LowSameDoc 0.10 0.13 0.019 0.10 0.13 0.018
Simple_Threshold + HighAllDoc 0.17] 0.23 0.058 0.16 0.18 0.043

Table 10: Official Novelty Track Results by Run.

Comparative results, relative to the median P-Rsxcall systems, are given in Table 11. The resu# given as a fraction
of the total number of queries (49). Because tlogiisg scale is continuous, we label as “at theiam@dany P-R score within

+0.01 of the median P-R score. Three of the rsesl the same relevance algorithm (Proximity) anthese are collapsed
into one entry. Overall, 4 out of 5 of our novaityns had more than 50% of the scores at or alb@e/median. Our best run,
Proximity + All Novel, had 42.9% of scores above thedian, and 91.8% of scores at or above the media

Run Below | At Above | Ator

(relevance + novelty algorithm | Median | Median | Median | Above

shown) Median
Relevance
Simple_Threshold 0.367 0.347] 0.286 | 0.633
Decision_Tree (DT) 0.694 0.265 0.041 0.306
Proximity 0.204 0.510 | 0.286 0.796
Novelty
Simple_Threshold + HighAllDog 0.286 0.388 0.327 1.7
Proximity + LowSameDoc 0.796 0.204 0 0.204
Proximity + HighDiffDoc 0.347 0.490 0.163 0.653
Proximity + All Novel 0.082 | 0.490 0.429 0.918
DT + LowSameDoc 0.469 0.408 0.122 0.531

Table 11: Comparative Novelty Track Results for Ave P-R sspas a fraction of the total number of queries
Runs labeled “at median” have an average P-R sdtha 0.01 of the median.

4.7 Conclusions

The problem of findingspecificrelevant sentences seems quite difficult. Eamsier perhaps more helpful would be to find
precisezonesof relevance which include more context. In aage; our simple proximity model gave better pertoroe
than a more sophisticated decision tree methoe: dBision tree did not include the same proximmodel, so there is some
chance that combining the two methods might givitebgperformance: the representation may have niaelalifference
here. The very high proportion of sentences judgechovel made it easy for the trivial “accept gtleng as novel”

algorithm to do well. As a result, overall systperformance on this track was dominated by thetalid find relevant
sentences.

We described a word semantic similarity measureedamn comparing word contexts from WordNet. Othaery-
expansion-type techniques, such as LSI might warkwall or better. Wordnet is interesting becausallows some
flexibility in how different similarity “features”such as synonyms, hyponyms, coordinate termssarah, are combined.

Unfortunately, calling Wordnet and building langeagodels is very slow, so pre-computing the LSIrinaight be a good
compromise.

The greedy graph-matching approach is a first steg direction we think is promising. It's cledrat using only the in-
degree of word nodes is not a sufficient indicatibtheir importance in many cases. The currgqrithm does tend to find
good, similar sentences, but is still too toleraindifferences in the lesser-weighted areas ofgtia@h. Among other things,
named entities could use special treatment. Withemvork we think it should be possible to creatauech more accurate
alignment model for redundant sentences and passage
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