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ABSTRACT documents on the World Wide Web by search engines like Google

and Yahoo! Search. We also assume a traditional, keywasdeba
ad-hoc information retrieval paradigm for both kinds ofrebaas
both kinds of search engines support this paradigm.

We are the first to suggest that relevance feedback may be the
primary method for creating a ‘virtuous cycle’ between staned
and unstructured search. Relevance feedback usually vepin-
formation retrieval performance, but almost always thelfieek is
used to improve rankings over a single source of data. Ouelnov
approach is to use relevance feedback from hypertext Weablsea
of which there is a massive amount of data available to commer
cial search engines, to improve the retrieval of structi@echantic
Web data, since Semantic Web data has little relevance de&db
data itself. Then more interestingly, we attempt to run thle-r
vance feedback in reverse: Assuming we have structured8ema
Web data, can it be used to improve hypertext search? Previou
approaches to searching structured data on the Semantitik&'eb

We investigate the possibility of using structured datanipriove
unstructured search. In particular, we use relevance &sxdio
create a ‘virtuous cycle’ between structured data gathieozd the
Semantic Web of Linked Data and unstructured gathered fham t
hypertext Web. Previous approaches have generally carsidiee
searching over the Semantic Web and hypertext Web to besbntir
disparate, indexing and searching over different domaifile
relevance feedback has traditionally improved informatietrieval
performance, relevance feedback is normally used to ingorank-
ings over a single data-set. Our novel approach is to use rele
vance feedback from hypertext Web results to improve Semant
Web search, and results from the Semantic Web to improveethe r
trieval of hypertext Web data. In both cases, an evaluataset
on certain kinds of informational queries (abstract cotsepeo-
ple, and places) selected from a real-life query log andlateby

human judges. We evaluate our work over a wide range of algo- h d that th . b and the h
rithms and options, and show it improves baseline perfooaam FALCON-S have assumed that the Semantic Web and the hypertex

these queries for deployed systems as well, such as the 8eman Web search to be entirely disparate, mdexmg and_seardhmg
Web Search engine FALCON-S and Yahoo! Web search. We fur- .dlfferentlly [4], although stru.ctureq se'ar.ch engines liisciEe that
ther show that the use of Semantic Web inference seems to hurtind€x microformat are blurring this distinction [15].
performance, while the pseudo-relevance feedback ineseesr-

formance in both cases, although not as much as actualneleva 2. SYSTEM DESIGN

feedback. In order to deal with these problems, we will empl@yevance
feedback, the use of explicit relevance judgements from users of
1. INTRODUCTION a query in order to expand the query. By ‘expand the query,” we
There has recently been a return of interest in combiningzstr ~ Mean that the usually rather short query is expanded intochmu
tured and unstructured search. This seems at least paitisiired larger query by adding words from known relevant documefs.
by the Linked Data initiative, which has released a massiveunt example, a query on the hypertext Web for the Eiffel Toweegias
of public structured data on the Web from a diverse rangelotss “eiffel” might be expanded into “paris france eiffel touhe same

in common Semantic Web formats like RDF [10], which has led to Principle applies to the Semantic Web. If the relevant pagetead
the rise of specialized Semantic Web search engines. Tratlrgqp ~ Were about an Eiffel Tower replica in Texas, the same reguktsy

sis put forward by Baeza-Yates is that the search for stredtdata ~ could be expanded into “paris texas eiffel replica.” In ouper-

- called ‘Semantic Search’ - can be used to improve tradifiad- iment, the selection of a document by a user and their staying
hoc information retrieval for hypertext Web search engiigsand the document for some period of time is a sign of relevancee Th
that techniques from information retrieval can be used torave hypothesis of relevance feedback, as pioneered by Rocetifeei

the search for structured data. While we realize the amondit a SMART retrieval system, is that the relevant documentsaisiam-

sources of structured data on the Web are huge, to restddiesh ~ biguate and in general give a better description of the médion
the hypothesis of Baeza-Yates, from hereon we will assuora fr ~ need of the query than the query itself [17]. Relevance faeklb

that ‘structured search’ (also called ‘semantic searchhore pre- has been shown in certain cases to improve retrieval pesfoce
cisely, ‘Semantic Web search’) refers to indexing and eetrig of significantly, both in early studies and in later work likéesence
Linked data by search engines like Sindice and FALCON- S modelling that creates relevance directly from the indededu-
hypertext search refers to the indexing and retrieval ofengxt ments rather than explicitly waiting for the user to makelemance

o judgement [11].
Wgtlg g‘%lﬁl%tgg a;é?%r/%g?e?é(s)‘mrth Carolina Semantic Web search engines exist that specifically indelx an

return ranked Linked Data in RDF (Resource Description Eram



work, a W3C standard for structured Web data [10]) in respons
to keyword queries, but their rankings are much less waltisd
than hypertext Web rankings, and so are thought likely toute s
optimal. However, in general Semantic Web search suffers fa
lack of a thorough and neutral Cranfield-style evaluatiord we
carefully employ the standard information retrieval eadion in
our experiment, which is a first in searching on the Semangb.W

Our novel contribution to ranking structured Semantic Watad
is to use selected hypertext web-pages as relevance féettivac
improving the ranking of Semantic Web data. In our systera, th
query is run first against the hypertext Web search enginenand
collect relevance judgements from the results. We then hesset
judgements to expand the query with certain words from the re
vant documents. The expanded query is used to re-rank thksres
retrieved by a Semantic Web search engine. We can compdre bot
structured semantic and unstructured hypertext data ksiderng
both to be an unstructured ‘bags of words.” Semantic Webahaia
be flattened, and URIs can be reduced to ‘words’ by the foligwi
steps:

e Reduce to rightmost hierarchical component.

e Ifthe rightmost component contains a fragment identifigr (#
consider all characters right of the fragment the rightmost
hierarchical component.

e Tokenize rightmost component on space, capitalizatiod, an
underscore.

So,the URht t p: / / ww. exanpl e. or g/ hasAr chi t ect
would be reduced to two tokens, ‘has’ and ‘architect.” Of iemse
interest for hypertext search, we can then run the proceds ba
wards, using relevant Semantic Web data as relevance feletiba
improve hypertext Web search. This is not unfeasible, aconkl
consider the consumption of Semantic Web data by a program to
be a judgement of relevance.

3. IS THERE ANYTHING WORTH FIND-

ING ON THE SEMANTIC WEB?

The main problem confronting of any study of the Semantic Web
is one ofsampling. As almost any large-data database can easily be
exported to RDF, statistics demonstrating the actual gepdmt of
the Semantic Web can be biased by the automated releasg®f lar
if useless, data-sets, the equivalent of ‘Semantic Webhspéso,
large specialized databases like Bio2RDF can easily divarfest
of the Semantic Web in size. A more appropriate strategy evbal
to try to answer the question: What information is availaiiehe
Semantic Web that users are actually interested in? Thedios-
scale analysis of the Semantic Web was done via an inspeaftion
the index of Swoogle by Ding and Finin [5]. The primary lintita
of that study was that the large majority of the Semantic \eb r
sources sampled did not contain rich information that magppe
would find interesting. For example, the vast majority obdat the
Semantic Web in 2006 was Livejournal exporting every ugads

Web search query log of approximately 15 million distincergas
from Microsoft Live Search. This query log contained 6,635,
unique queries corrected for capitalisation. The maingssusing

a query log is to get rid of navigational and transactionargs. A
straightforward gazetteer-based and rule-based namiégrecbg-
niser was employed to discover the names of people and places
[14], based off a list of names maintained by the Social Sgcur
Administration and a place name database provided by theaAle
dria Digital Library Project. From the query log a total of%%659
queries were identified as either people or places by the drame
entity recogniser, and we call these quergetity queries. Em-
ploying WordNet to represent abstract concepts, we chosgasu
recognised by WordNet that habeth a hyponym and hypernym
in WordNet. This resulted in a more restricted 16,698 quetat
are supposed to be about abstract concepts, which weoratpt
queries.

The results of running the crawled queries against a Semanti
Web search engine, FALCON-S’s Object Search [4], were &irpr
ingly fruitful. For entity queries, there was an average (#3D
URIs (S.D. 8,000) returned for each query. On the other hand,
for concept queries, there were an average of 26,294 URIX (S.
14,1580) returned per query, with no queries returning dexu-
ments. As shown in Figure 1, when plotted in logarithmic spac
both entity queries and concept queries show a distribukiahis
heavily skewed towards a very large number of high-frequeae
sults, with a steep drop-off to almost zero results instédasochar-
acteristic long tail of a power law. For the vast majority okges,

far from having no information, the Semantic Web of Linked®a

appears to havimo much data. For a more fine-grained analysis of
domain names and sources of data, see our previous work [7].

Frequency of Semantic Web URI returned

10* 10° 10°
Frequency-ordered Returned Semantic Web URIs

Figure 1: The rank-ordered frequency distribution of the number of
URIs returned from entity and concept queries, with the entty queries

given by green and the concept queries by blue.

Another question is whether or not there is any correlatien b

tween the amount of URIs returned from the Semantic Web and
the popularity of the query. As shown by Figure 2, theredgor-
relation between the amount of URIs returned from the Seimant

file as FOAF and RSS 1.0 data that used Semantic Web techniquesieb and the popularity of the query. For entity queries, thees

to structure the syntax of news feeds. Yet with informatimh-and
interlinked databases like Wikipedia being exported toSkenan-
tic Web, today the Semantic Web may contain information aded
by actual users.

3.1 Inspecting the Semantic Web

lation coefficient was 0.0077, while for concept queries, ¢brre-
lation coefficient was still insignificant, at 0.0125. Thepptarity
of query is not related to how much information the SemantabW
possesses on the information need expressed by the quenytaPo
queries may have little data, while infrequent queries mayeta
lot. This is likely due to the rapidly changing and event-glegent

In order to select real queries from users for our experiment nature of hypertext Web queries versus the Semantic Weéfsipr
we used the query log of a popular hypertext search engie, th ence for more permanent and less temporally-dependent data
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Figure 2: The rank-ordered popularity of the queries is on thez-axis,
with the y axis displaying the number of Semantic Web URIs returned,
with the entity queries given by green and the concept quergby blue.

ashville north caroling
harry potter

orlando florida

ellis college
university of phoenix
keith urban

carolina

el salvador

san antonio

earl may
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0

Table 1: 10 Selected Entity Queries

3.2 Selecting Queries for Evaluation

In order to select a subset of informational queries foruaiabn,
we randomly selected 100 queries identified as abstraceptsiby
WordNet and then 100 queries identified as either peopleamegl
by the named entity recogniser, for a total of 200 queriestoded
in evaluation. Constraints were placed on crawled URIsh shat
at least 10 Semantic Web documents (the structured datevestr
by the Semantic Web URI) were crawled for each query, leading
to a total of 1,000 structured Semantic Web documents about e
tities and 1,000 Semantic Web documents about concepts for
total of 2,000 Semantic Web documents for relevance judgésne
Then, the same experimental query log was used to crawl the hy
pertext Web using Yahoo! search, resulting in the same nuotbe
web-pages about concepts and entities for relevance juslgem
A random selection of ten queries from the entity queriesvisrg
in Table 1 and another random selection of ten concept querie
given in Table 2. As one can tell, the queries about entitielscan-
cepts are spread across quite diverse domains, rangingefioties
about both locations (El Salvador) and people (both fictisnah
as Harry Potter and non-fictional such as Earl May) to corscept
about a whole range of abstraction, from sociology to ale.

3.3 Relevance Judgements

For each of the 200 experimental queries selected in Segtn
10 hypertext web-pages and 10 Semantic Web documents need t
be judged for relevance, leading to a total of 4,000 humaggud
ments for relevance for our entire experiment. Human judgeh
judged 25 queries presented in a randomized order, and \vere g
a total of 3 hours to judge the entire sample for relevancy.réNo
searchers were part of the rating. The judges were eachnpeelse

131
133
134
135
136
137
138
139
140
141

sociology
clutch
telephone
ale

pillar
sequoia
aster
bedroom
tent

cinch

Table 2: 10 Selected Concept Queries

first with ten hypertext web-pages and then with ten Semalaiie
uments, leading to a total of 20 judgements per query pereudg
Each result therefore was judged by three judges, with dabgx
judges were used in the entire experiment. Before startidging,
the judges were given instructions and trained on 10 sarepldts

(5 web-pages and 5 Semantic Web documents). The human judges
were forced to make binary judgements of relevance, so esmciir
must be either relevant or irrelevant to the query. In thestruc-
tions, relevance was defined whether or not a result is about the
same thing as the query, which can be determined by whether or

not accurate information about the information need is expressed

by the result. A number of kinds of Web results that would ordi-
narily be considered relevant are therefore excluded. fticpéar,
there is a restriction that the relevant information musptesent

in the result itself. This excludes possibly relevant infation that

is accessible via outbound links, even a single link. All mamof
results that are collections of links are excluded fromvatey, in-
cluding both ‘link farms’ purposely designed to be highiynkad

by page-rank based search engines, as well as legitimatetahr
ries of high-quality links to relevant information. Thesebls are
excluded precisely because the information, even if it Ig adink
transversal away, is still not directly present in the ested result.
By this same principle, results that merely redirect to heote-
source via some method besides the standardized HTTP nsethod
are excluded, since a redirection can be considered a kihidkof
They would be considered relevant only if additional infatian
was included in the result besides the redirection itself.

In order to aid the judges, a Web-based interface was créated
present the queries and results to the judges. Althoughten in
face that presented the queries and the search interfacaamaer
similar to search engines was created, human judges pdfarnr
interface that presented them the results for judgemergsaba-
time, forcing them to view a rendering of the web-page asdedi
with each URI originally offered by the search engine. Farhea
hypertext web-page, the web-page was rendered using tef¥ir
Web Browser and PageSaver Pro 2.0. For each Semantic Web doc-
ument, the result was rendered (i.e. the triples, any astsattext
in the subject, and any associated Semantic Web documeng-by
ing the open-source Disco Hyperdata Browser with Firéfoba
both cases, the resulting rendering of the Web representatas
saved at 46% 631 pixel resolution. The reason that the web-page
was rendered instead of a link given directly to the URI ischese
of the unstable state of the Web, especially the hypertekt \Eeen
(S:aching the HTML would have risked losing much of the graphic
element of the hypertext Web. By creating ‘snapshot’ reingsy
each judge at any given time was guaranteed to be presentied wi

The Disco Hyperdata  Browser, a browser that
ders Semantic Web data to HTML, is available
http://ww4. wi wi ss. fu-berlin.del/bizer/ng4j/discol.

ren-
at



the result in the same visual form. One side-effect of thithat Results: Hypertext | Semantic Weh
web-pages that heavily depend on non-standardised texiaslor Resolved: 197 (98%) | 132 (66%)
plug-ins would not render and were thus presented as blaekrsc Unresolved: 3 (2%) 68 (34%)
shots to the user. The user-interface broke the evaluattoniivo Top Relevant: 121 (61%)| 76 (58%)
steps: Top Non-Relevant; 76 (39%) | 56 (42%)

Figure 3: The interface used to judge web-page results for relevancy.

Search query: sociology

.‘]Udg' ng rele\_/ant results from a hypertext Web search: The Table 3: Results of Hypertext and Semantic Web Search Rele-
judge was given the search terms created by an actual humanvance Judgements

user for a query and an example relevant web-page whose
full snapshot could be viewed by clicking on it. A full ren-

dering of the retrieved web-page was presented to the user .
with its title and summary (as produced by Yahoo! Search) agreement and can be used for more than two judges [6]. The nul

easily viewed by the judge as in Figure 3. The judge clicked hypothesis is that the judges cannot distinguish relevamn fir-

on the check-box if the result is considered relevant. Gther '€lévant results, and so are judging results randomly. &yéor
wise, the web-page was by default recorded as not relevant. both relevance judgements over Semantic We.b result.s and web
The web-page results were presented to the judge one at aP3d€ resultss = 0.5724 (p < .05, 95% Confidence interval
time, ten times for each query. [0.5678, 0.5771]), indicating the rejection of the null hypothesis
and ‘moderate’ agreement. For web-page results anty,0.5216

Judging relevant results from a Semantic Web search: Next, (p < .05, 95% Confidence interva].5150, 0.5282]), also indicat-
the judge assessed all the Semantic Web results for refgevanc ing the rejection of the null hypothesis and ‘moderate’ agrent.
These results were retrieved from the Semantic Web Web us- Lastly, for only Semantic Web resultg,= 0.5925 (p < .05, 95%
ing the same interface displayed to the judge in Step 1 as Confidence interval0.5859, 0.5991]), also indicating the null hy-
shown in Figure 4, and a title was displayed by retrieving pothesis is to be rejected and ‘moderate’ agreement. Sb cases
any literal values fronn df s: | abel properties and a sum-  there is ‘moderate’ agreement, which is sufficient givengbeeral
mary by retrieving any literal values fromdf s: conment difficulty of producing perfectly reliable relevancy judgents. In-
values. Using the same interface as in Step 1, the judge hadterestingly enough, the difference inbetween the web-page re-
to determine whether or not the Semantic Web results were sults and Semantic Web results show that the judges werallgctu
relevant. dlightly more reliable in their relevancy judgements of information
from the Semantic Web rather than the hypertext Web. Thilalyl
due to the more widely varying nature of the hypertext rasuals
compared to the more consistent informational nature of®¢in
Web results.

Were judges more reliable with entities or concepts? Reealc
lating the x for all results based on entity queries,= 0.5989

Search query 1: sociology

T e (p < .05, 95% Confidence intervd0.5923, 0.6055]), while for all
;i;ﬂfg:;ﬁfggg‘Sfj-a;md;jggr‘;gg;gzgg&r;tgg‘voggdresew results based on concept queries was 0.5447 (p < .05, 95%
lc‘::‘nih;mm . Confidence interval0.5381, 0.5512]). So it appears that judges
are slightly more reliable discovering information aboutites
o) rather than concepts, backing the claim made by Hayes amirHal

that there is more agreement in general about ‘less’ alvghiags
like people and places rather than abstract concepts [jewer,
agreement is still very similar and ‘moderate’ for both imfation
about entities and concepts.

For the queries, much of the data is summarised in TabRe3.
solved queries arejueries that return at least one relevant result in
the top 10 results, whilanresolved queries ar@ueries that return

S e iR r—— no relevant queriesin thetop 10 results. ‘Hypertext’ means that the

ppu e g result was taken only over the hypertext Web results and &¢im

- s g Web’ indicates the same for the Semantic Web results. The per
— centages for resolved and unresolved for ‘hypertext’ amafri&ntic

Web’ were taken over the hypertext and Semantic Web relgvanc
corpora in order to allow direct comparison. The percergdge
‘Top Relevant’ and ‘Non-Relevant Top’ were computed as etc
ages over all relevant queries, and so excludes unresobarieqg.

For both hypertext and Semantic search, there were 71 (18%)

Figure 4: The interface used to judge Semantic Web results for rele- unresolved queries that did not have any results. For thertgxt

vancy

Web search, only 3 (2%) queries were unresolved, while 6&}34
of the queries were unresolved for the Semantic Web. Thiplgim
means that the hypertext search engines almost alwayseetai

After the ratings were completed, Fleisg'statistic was taken least one relevant results in the top 10, but that for the &@ma

in order to test the reliability of inter-judge agreementei@vancy Web almost a third of all queries did not return any relevastittin
judgements [6]. Simple percentage agreement is not suffjcies the top 10. This only means there is much information thas cha¢
it does not take into account the likelihood of purely coitezi- yet have a relevant form on the Semantic Web, unless it isehidd

tal agreement by the judges. Fleisg'doth corrects for chance by the perhaps sub-optimal ranking by FALCON-S.



Another question is how many queries had a relevant result as Q could be observed during repeated random sampling from the

their top result? In general, 197 queries (50%) had topedmkl-
evant results over both Semantic Web and hypertext searbiile W
the hypertext Web search had 121 (61%) top-ranked releeant r
sults, the Semantic Web only had 76 (58%) top-ranked results
What is more compelling for relevance feedback is the nunober
relevant results that weret the top-ranked result. Again for both
kinds of searches, there were 132 (33.0%) queries where\arg!
result wasot in the top position of the returned results. For the hy-
pertext Web, there were 76 (39%) queries with a top non-aslev
result. Yet for the Semantic Web there were 56 (42%) quehias t
had a top non-relevant result. So queries on the Semanticavéeb
more likely to turn up no relevant results in the top 10. Wheela
evant query is returned in the top 10 results it is quite Jikbhat a
non-relevant result will be in the top position for both thghrtext
Web and the Semantic Web.

3.4 Information Retrieval using Language Mod-

els

distributionup (+). The typical sampling process assumes that words
are drawn independently, with replacement, leading to oHevi-
ing retrieval score being assigned to docum@nt

P(@QID) =[] un(Q)

q€Q

@)

The ranking function in Equation 2 is callegplery-likelihood
ranking and is used as a baseline for our language-modeljpeye
iments.

3.4.3 Language Models and Relevance Feedback

The classical language-modeling approach to IR does net pro
vide a natural mechanism to perform relevance feedback. -How
ever, a popular extension of the approach involves estimai
relevance-based modek in addition to the document-based model
up, and comparing the resulting language models using infooma
theoretic measures. Estimation @©f, has been described above,
so this section will describe two ways of estimating thevatee

For the relevance feedback methods used in this paper, we em-modelur, and a way of measuring distance betwegnandup

ploy thelanguage model approach as it a formally principled and
probabilistic approach to determining the ranking and Wiy
function. For those interested irctor space models, the results
using vector-space models are reported in previous workai@d
the results are in general fairly similar. In early languagselling
efforts [16], the probability that the language model of autoent
would generate the query was the comparison function ofalba-d
ment. A more sophisticated approach to language modeldenssi
that the query was a sample from an underlyigigvance model

of unknown relevant documents, but that the model could be es
timated by computing the co-occurrence of the query terntk wi
every term in the vocabulary. In this way, the query itsels\st
considered a limited sample, so the it is automatically expd
before the search has even begun by re-sampling the urngrlyi
relevance model. A number of different options for the partars

of each weighting function, and the appropriate ranking:fiam,
will be considered.

3.4.1 Representation
Language modelling frameworks in information retrievaine

for the purposes of document ranking.

Let R = ry...r; be the set ok relevant documents, identified
during the feedback process. One way of constructing a Eggu
model of R is to average the document models of each document
in the set:

n(w,r;)

®)

UR,avg (W) =

| =

k k
Z up, (w) = Z

Heren(w, r;) is the number of times the word occurs in the’th
relevant document, arjd; | is the length of that document. Another
way to estimate the same distribution would becoacatenate all
relevant documents into one long string of text, and countdwo
frequencies in that string:

x| =

|73

k
Zi:l n(w, ;)
k
> iy Imil
Here the numeratoEf:1 n(w,r;) represents the total number of

times the wordw occurs in the concatenated string, and the de-
nominator is the length of the concatenated string. Thewiffce

4)

UR,con (w) -

sent each document as a language model given by an underlying,enyeen Equations 3 and 4 is that the former treats everynieau

multinomial probability distribution of word occurrences hus,
for each wordw € V there is a value that gives how likely an
observation of wordv is givenD, i.e. P(w|up(v)) [16]. The doc-
ument model distribution p (v) is then estimated using the param-
eter\p, which allows a linear interpolation that takes into acdoun
the background probability of observingin the entire collection
C. This is given in Equation 1.

n(w, C')
2vev (v, 0)

The parametekp just takes into account the relative likelihood
of the word as observed in the given docum&ntompared to the
word given the entire collection of documerds |D| is the total
number of words in documer®, while n(w, D) is the frequency
of word d in documentD. Further,n(w,C) is the frequency of
occurrence of the word in the entire collectior' divided by the
occurrence of all words in collectionC'.

3.4.2 Language Modeling Baseline

When no relevance judgements are available, the language mo
eling approach ranks documeridsby the probability that the query

—r T (1= Ap) @)

equally, regardless of its length, whereas the latter falmnger
documents (they are not individually penalized by dividihgir
contributing frequencies(w, ;) by their lengthlr;|).

3.4.4 Comparison Function: Cross Entropy

We now want to re-compute the retrieval score of docunient
based on the estimated language model of the relevant ¢lass
What is needed is a principled way of comparing a relevanageino
ur against a document language model. One way of compar-
ing probability that has shown the best performance in aogliin-
formation retrieval research [12] is cross entropy. Iimely, cross
entropy is an information-theoretic measure that measheeaver-
age number of bits needed to identify the probability ofritsition
p being generated jf was encoded using given probability distri-
bution p rather thary itself. For the discrete case this is defined
as:

H(p,q) == p(z)log(q(z)) ®)

If one considers that ther = p and that document model dis-
tribution up = ¢, then the two models can be compared directly



using cross-entropy, as shown in Equation 6. This use ofscros
entropy also fulfills the Probability Ranking Principle asalis di-
rectly comparable to vector-space ranking via cosine [12].

—100rm
——300rm
——— 1000 rm
——— 3000 rm
—— 10000 rm

—H(ug|lup) = ) ur(w)logup(w)
weV

(6) —— —1000t
— — — 3000 tf
— — —10000tf

-~ - baseline

Note that either thaveraged relevance model r, 4.4 Or thecon-
catenated relevance model r .o can be used in Equation 6. We
refer to the former agm and to the latter asf in the following
experiments.

a7

Average
Precision
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4. FEEDBACK EVALUATION

We evaluated the language models described in Section 3.4 on
queries selected in Section 3.2 with relevance judgementkese
queries selected in Section 3.3. First we inspect relevéeed-
back from hypertext web-pages improving Semantic Web docu-
ment rankings, and then the reverse.

L |
04557 - -

|
50
Cross Entropy Smoothing

4.1 Hypertext to Semantic Web Feedback
Figure 5: Average Precision Scores for Language Model Parameters:
Relevance Feedback From Hypertext to Semantic Web

41.1 Results

A number of parameters for our system were evaluated to-deter
mine which parameters provide the best results. For eacheof t
parameter combinations, we compared the use of relevarde fe
back to a baseline system which did not use relevance fekdbac
yet used the same parameters with the exception of any releva
feedback-related parameters. The baseline system wifhedt
back can also be considered an unsupervised algorithm& whi
relevance feedback system can be thought of as a supentised a
gorithm. For example, the relevant hypertext web-pa§esn be
considered to be training data, while the Semantic Web Batee
wish to re-rank can be considered to be test data. The hyperte
web-pages and Semantic Web data are disjoint ¢t @ = 0).

For evaluation we used mean average precision (MAP) with the
standard Wilcoxian sign-test, which we will often just callerage
precision.’

Both averaged relevance modets and concatenated relevance
modelst f were investigated, with the primary parameter being
the number of non-zero probability words used in the relegan
model. The parameten was varied between 100,300,1000,3000,and
10000. Remember that the query moidgthe relevance model for
the language model-based frameworks. As is best practioa-in

creating the relevance model from ttasv pool of all relevant docu-
ment models. Thus it appears the answer is that any kind afaler
isation by the length of the document hurts performance. rébe
son for this is likely because the text automatically extedrom
hypertext documents is ‘messy, being of low quality andsibyr
with highly varying document lengths. As observed earligs]]|
the amount of triples in Semantic Web documents follow a pewe
law, so there are wildly varying document lengths of bothriéde
evance model and the document models. It appears that datume
length is a good predictor of relevance on the Semantic Wete D
to these factors, it is unwise to normalise the models, asvitia
almost certainly dampen the effect of document length angbma
even crucial keywords (such as ‘alien’ and “fiction’ in didaiguat-
ing a ‘sf’ query).

4.2 Semantic Web to Hypertext Feedback

In this section, we assume that the user or agent program has
somehow accessed or otherwise examined the Semantic Web doc
ument from URIs, and these Semantic Web documents then form a

evance modelling, the relevance models were not smoothed b
number of different smoothing parameters éowere investigated
for the cross entropy comparison function, ranging frobetween
0.01,0.10,0.20, 0.50,0.80,0.90, and 0.99. The resultgigen in
Figure 5.

The highest performing language model waswith a cross-
entropye of .2 and am of 10,000, which produced an average pre-
cision of 0.8611, which was significantly higher than theglaage
model baseline of 0.504% (< .05) using again an of 10,000
for document models with a cross entroppf .99. Rather inter-
estingly,t f always outperformedm, andrm’s best performance
had a MAP of 0.7223 using anof .1 and am of 10,000.

4.1.2 Discussion

One observation is in order; note that for language motlgls
always outperformedm. The primary difference is thatn nor-
malise by documents lengthimn constructs a relevance model on a
per-relevant document basis before creating the averd@eanee
model. In contrast{f does not normalisetf constructs a rel-
evance model by combining all the relevance documents amd th

relevant document model that is compared to hypertext deatsn
in order to produce rankings. In this way, the feedback chele

been reversed, so we can test if relevant structured Sesi\afetd

documents can improve unstructured hypertext search.

421 Results

The results for using Semantic Web documents as relevaede fe
back for hypertext Web search are surprisingly promisirige fie-
sults for language modelling were similar to the resultseéat®n
5 and are given in Figure 6, although a few differences arehwor
comment. The best performing language model wawith m of
10,000 and a=.2, which produced an average precision of 0.6549
(p < .05). In contrast, the best-performingn, with am of 3,000
ande=.5, only had an average precision of 0.48p8< .05). The
tf relevance models consistently performed better thanrele-
vance modelsy < .05). The baseline for language modelling was
also fairly poor with an average performance of 0.4284<(.05).
This was the ‘best’ baseline using agaimnaof 10,000 for docu-
ment models and cross entropy smoothingf .99. The general
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Figure 6: Average Precision Scores for Language Model Parameters:
Relevance Feedback From Hypertext to Semantic Web ML to RDF HTML to RDF RDF to HTML RDF to HTML

Pseudo-Feedback Pseudo-Feedback

Figure 7: Comparing Relevance Feedback (red) to Relevance Feed-

Frends from the previous experiment thenl held, except theotm back (blue) on the Semantic Web (RDF) and Hypertext Web (HTML)
ing factor was more moderate and the difference betwgeand

rm was even more pl’OI’lOUﬂCGd.

4.2.2 Discussion Can pseudo-feedback from the structured Semantic Web irapro
Why is ¢t f relevance modelling allow data from the Semantic hypertext search? The answer is yes, but barely. The bast res
Web to boost hypertext Results? Rather shockingly, as the Se for average precision is 0.432% (< .05), which is better than

mantic Web data is mostly manually high-quality curateddaim the baseline of just using pseudo-feedback from hypertests k-
sources like DBpedia, so the actual natural language fratgma sults to to themselves, which has an average precision 648.3
the Semantic Web (found for example in Wikipedia abstraats) (p < .05) and the baseline without feedback at all of 0.4284<(
much better samples of natural language than the natuigldaye .05). However, the pseudo-feedback results are both stillifsign
samples found in hypertext. Furthermore, the distributbmat- icantly worse performance by a large margin than using aslev
ural’ language terms extracted from RDF terms (such as ‘agdsc ~ Semantic Web data, which had an average precision of 0.65649 (

of’ from r df s: subCl assOf ), while often irregular, will either .05). These results can be explained because, given the ustial am
be repeated very heavily or fall into the sparse long tailstlya biguous and short one or two word queries, the Semantic Web

it appears once again that document length is a good preditto  tends to return structured data spread out of over multigbgests
relevance on the hypertext Web. So, it is on some level net sur even moreso than the hypertext Web. Therefore, adding pseud

prising that even hypertext Web search results can be iregrby relevance feedback increases the amount of noise in thedgeg
Semantic Web data, because used in combination with thé righ model as opposed to using actual relevance feedback, tpymin
relevance feedback parameters, in essence the hyperaesh - formance while still keeping it above baseline.

gine is being ‘seeded’ with a high-quality accurate desiznipof
the information need expressed by the query to be used foyque 6. |NFERENCE

expansion. One of the characteristics of structured data in generhhisthe
structure should allow one - at least ‘in theory’ - to discor®re
5. PSEUDO-FEEDBACK relevant data. The Semantic Web formalizes this in termgé t
A well-known technique within relevance feedbackpseudo- and sub-class hierarchies in RDF using RDF Schema [3]. ifhile
feedback, namely simply assuming that the tapdocuments re- ference routines are quite complicated in theory as reghedgar-
turned are relevant. Then, one can use this as a corpus dmneks ious Semantic Web specifications, as shown in detail by awegu

documents to expand the queries in the same manner using lan-of Linked Data done over query logs [7], in practice the vaat m
guage models as described in Section 3.4. Using the sammeadpti  jority of actual inference that can be used is on the Sema&Xi¢io
parameters as discovered in Sectiarf with am = 10,000 and is of two typesydf:subClassOf, which indicates a simple sub-class

e = .2 was again deployed, but this time using pseudo-feedback. inheritance hierarchy, andif:type, which indicates a simple type.
Can pseudo-feedback from hypertext Web search help imghave  For our experiment, we followed all expliditif: subClassOf state-
rankings of Semantic Web data? The answer is clearly pesitiv. ments up one level in the sub-class hierarchy and exptititype
Employing all ten results as pseudo-relevance feedbacktlzad  links. The resulting retrieved Semantic Web data was altate:
same previously optimized parameters, the best psedevaraie nated together, and then concatenated yet again with theice
feedback result had an average precision of 0.6240. Thicoras structured document from the Semantic Web. In this way, $ema
siderably better than the baseline of just using relevasesigo- tic Web inference was used dscument expansion.

feedback from the Semantic Web to itself, which only had ar-av Inference was first tried using normal relevant feedbackjrag
age precision of 0.525p (< .05), and also clearly above the ‘best’  with the same best-performing parametées \fith m = 10,000
baseline of 0.5043y(< .05). However, as shown by Figure 7,the ande = .2). In the first case, the inference is used to expand
results are still not nearly as good as using actual reldugrertext the Semantic Web data, and then the hypertext results atk use
pages, which had an average precision of 0.8¢14 (05). This is as relevance feedback. However, as shown in Figure 8, deploy



ing inference only causes a drop in performance. In pasgiculs-

ing hypertext Web results as relevance feedback to the Se&man
Web, the system drops from a performance of 0.8611 to a perfor
mance of 0.4991y( < .05). With pseudo-feedback over the top
10 documents, the performance drops even more, from 0.6240 t
0.4557 p < .05). The use of inference actually makes the results
worse than the baseline performance of language model5@48.

(p < .05) without either relevance feedback or inference.

06

Mean
Average
Pregision
o
@

RDF to HTML with inference

HTML to RDF HTML to RDF with Inference RDF to HTML

Figure 8: Comparing the Relevance Feedback on the Semantic Web
(RDF) and Hypertext Web (HTML) both without (blue) and with
(green) Semantic Web inference

The results of using inference to boost hypertext Web resisit
ing Semantic Web is equally grim. Using the same parameters a
above, the feedback from the expanded Semantic Web data to th
hypertext Web results in an average precision of 0.4273¢lwis
insignificantly different from the baseline of not usingawnce
feedback at all of 0.428%(< .05) and considerably worse than not
using inference at all, which has a MAP of 0.6549< .05). When
pseudo-feedback is used, the results fall to the rather tmresof
0.3861, which is clearly below the baseline of 0.4284<( .05).
So, at least the obvious way of use of native type and suls-clas
based Semantic Web inference seems to only lead to a denline i
performance.

Why does inference hurt rather than help performance? One

would naively assume that adding more knowledge in the fdrm o
structured data would help the results. However, this asstiime
knowledge gained through inference would somehow leadédo th
discovery of terms also found in relevant documents. Howeme
the case of much inference with the Semantic Web, this isheot t
case. For example, simply consider the structured Semwlc
data about the query for the football player ‘Dick Andersovhile

the first Semantic Web article about Dick Anderson gives a-num
ber of useful facts about him, such as the fact that he is d&tlot
player, determining that Dick Anderson is a person via theafs
inference is of vastly less utility. For example, the Cycabogy
[13] declares that Dick Anderson is a person, namely thanf&o
thing is an instance of Person if it is an individual Intediig Agent
with perceptual sensibility, capable of complex sociatiehships,
and possessing a certain moral sophistication and ansiarimoral
value.” In this regard, inference only serves as noise,raflidiele-
vant terms (or rarely relevant terms) to the language motélsle
further experiments in interpolation would be useful, oxple-
rations in this direction showed no performance increask, less
performance decrease.

7. DEPLOYED SYSTEMS

One area we have not explored is how relevance-feedback sys-
tems performs against systems that are actually deploygedua
previous work has always been evaluated against systemgaand
rameters we created specifically for experimental evalnatiFor
example, our performance in Section 5 and Section 4.2.1 wigs o
compared to baselines that were versions of our weighting-fu
tion without a relevance feedback component. While thatiqar
lar baseline is principled, the obvious needed comparisagainst
actual deployed commercial or academic systems where tie pr
cise parameters deployed may not be publicly available ambs
easily simulated experimentally.

7.1 Results

The obvious baseline to choose to test against is the Semanti
Web search engine, FALCON-S, from which we derived our orig-
inal Semantic Web data in the experiment. We used the ofigina
ranking of the top 10 results given by FALCON-S to calculase i
average precision, 0.6985. We then compared both the bsst ba
line, rm, as well as the best system with feedback in Figure 9. As
shown, our system with feedback had significantly<( .05) bet-
ter average precision (0.8611) than FALCON-S (0.6985), el w
better p < .05) than the ‘best’ language model baseline without
feedback (0.5043) as reported earlier as given in Section 5.

Average
Precision

Baseline

Relevance Feedback FALCON-S

Figure 9: Summary of Best Average Precision Scores: Relevance
Feedback From Hypertext to Semantic Web

Average precision does not have an intuitive interpretative-
sides the simple fact that a system with better average goeci
will in general deliver more accurate results closer to the tin
particular, one scenario we are interested in is haoitgthe most
relevant RDF data accessible from a single URI returnedeatoh
result, so that this result is easily consumed by some pnogFar
example, given the search ‘amnesia nightclub,’ a prograsulgtbe
able to consume RDF returned from the Semantic Web to produce
with high reliability a single map and opening times for atjgalar
nightclub in Ibiza in the limited screen space of the browisstead
of trying to display structured data for every nightclubled!'am-
nesia’ in the entire world. In Table 4, we show that for a digant
minority of URIs (42%), FALCON-S returned a non-relevant Se
mantic Web URI as the top result. Our feedback system acheve
average precision gain of 16% over FALCON-S. While a 16% gain
in average precision may not seem huge, in reality the affeptite
dramatic, in particular as regards boosting relevant URtbké top
rank. So in Table 4, we present results of how our best pasmet
t f with m = 10, 000 lead to the most relevant Semantic data in the



| Results: | Feedback | FALCON-S |
Top Relevant: 118 (89%) | 76 (58%)
Non-Relevant Top: 14 (11%) | 56 (42%)
Non-Relevant Top Entity] 9 (64%) 23 (41%)
Non-Relevant Concept: | 5 (36%) 33 (59%)

Table 4: Table Comparing Hypertext-based Relevance Feed-
back and FALCON-S

top result. In particular, notice that now 89% of resolve@rigs
now have relevant data at the top position, as opposed to 58% w
out feedback. This would result in a noticeable gain in penénce
for users, which we would argue allows Semantic Web data to be
retrieved with high-enough accuracy for actual deployment

While performance is boosted for both entities and concéipes
main improvement comes from concept queries. Indeed, agpon
queries are often one word and ambiguous, not to mentioreise ¢

L —

L —

Average
Precision

Yahoo Web Search Baseline

Relevance Feedback

Figure 10: Summary of Best Average Precision Scores: Relevance
Feedback From Semantic Web to Hypertext

where the name of a concept has been taken over by some campany

music band, or product, it should not be surprising thatltegar
concept queries are considerably boosted by relevancédekd
Results for entity queries are also boosted. A quick inspeaif

the results reveals that the entity queries were the mosblge
some, and that these entity queries gave both FALCON-S and ou
feedback system problems. These problematic queries wardym
very difficult queries that have a number of Semantic Web URIs
that all share similar natural language content. An exampleld

be a query forsonny and cher, which results in a number of
distinct Semantic Web URIs: one f@her, another one foBonny

and Cher the band, and another for “The Sonny Side of Cher,’ an
album by Cher. For concepts, one difficult concept was theyque

r ock. Although the system was able to disambiguate the musical
sense from the geological sense, there was a large cluste-of
mantic Web URIs for rock music, ranging frorard Rock to Rock
Music to Alternative Rock. These types of queries seem to present
the most difficulties for Semantic Web search engines.

Although less impressive than the results for using hyperte
web-pages for relevance feedback for the Semantic Webe#tk f
back cycle from the Semantic Web to hypertext does improges s
nificantly the results of even commercial hypertext webhees, at
least for our set of queries about concepts and entities hyper-
text results for our experiment were given by Yahoo! Webdear
and we calculated a mean average precision for Yahoo! Weblsea
to be 0.4039. This is slightly less than our baseline langumagdel
ranking, which had an average precision of of 0.4284. As shiow
Figure 10, given that our feedback based had an averagesipreci
of 0.6549, our relevance feedback system performs significa
(p < .05) better than Yahoo! Web search and< .05) the base-
line rm system.

7.2 Discussion

These results are not in need of a large discussion, as thashcl
show our relevance feedback method works significantlyeb#tan
various baselines, both internal baselines and state afrtteom-

Semantic Web, we make substantial gains over state of tlsysrt
tems for hypertext Web search, a 25% gain in average preacisio
over Yahoo! search. One important factor is the constarauiss

of hypertext search engines by spammers and others. Gigen th
prevalence of a search engine optimisation and spammingiin

it is not surprising that the average precision of even a cerial
hypertext engine is not the best, and that it performs ledisthan
Semantic Web search engines. Semantic Web search engirees ha
a much smaller and cleaner world of data to deal with than ithe u
ruly hypertext Web, and Web search must be very fast andesffici
Even with relevance from the Semantic Web, an average jwacis
of 40% is impressive, although far from the 65% precisiomgsi
relevance feedback from the Semantic Web. Even with the help
of the Semantic Web, hypertext search is unlikely to achiexer
perfect results anytime soon.

Interestingly enough, it seemed that pseudo-feedbacklmips
marginally in improving hypertext Web search using Sentaib
data, although it helps a fair amount in improving SemantebW
search using hypertext results. This should not be a setpais
pseudo-feedback in general performs worse than relevarezk f
back. However, the amount of a performance lost given bygiseu
feedback show that both for the Semantic Web and hypertekt We
search for concepts and entities is difficult, as many reshit are
about highly different things and subject matters may bernetd.

8. FUTURE WORK

There are a number of areas where our project needs to be more
thoroughly integrated with other approaches and improvede
expected criticism of this work is likely the choice of FALGIS
and Yahoo! Web search as a baseline, and that we should $ry thi
methodology over other Semantic Web search engines ana-hype
text Web search engines. At this point, we can only leaveftiis
future work. Yet in our opinion the most exciting work is to be
done as regards scaling our approach to work with live |agge

mercial hypertext search engines and Semantic Web search enWeb search engines.

gines. The parametrisation of the precise informationewf com-
ponents used in our system is not entirely arbitrary, asatgiove
in Section 4.1.2 and Section 4.2.2. The gain of our relevéeed-
back system, a respectable 16% in average precision oventhe
gine FALCON-S, intuitively makes the system’s ability tapé a
relevant structured Semantic Web data in the top rank aabkgpt
for most users.

More surprsingly, by incorporating human relevance from th

8.1 Scaling to the Web

While language models, particularly generative models fi-
evance models [12], should have theoretically higher parémce
than vector-space models, the reason why large-scalehsearc
gines do not in general implement language models for infion
retrieval is that the computational complexity of calciigtdistri-
butions over billions of documents does not scale. Howedherge



is reason to believe that relevance models could be scaledrto
with Web search if they built their language sample fromatlit
large ‘clean’ sample of natural language and also compdetbee
models by various means. Lastly, our system and experimast w
only aproof of concept system, and it was tested only over a rel-
atively small (although statistically significant) queignsple. Far
better would be to deploy this system with a global-scaleshiygxt
search engine that then fed its relevance feedback statigtas-

ily garnered from query logs, to a Semantic Web search engine

Lastly, as more and more structured data is used on the Wi if
data is stored in either a format like that of the Semantic \bdeb
formats like microforamts that can easily be converted & Sle-
mantic Web, then this data can be used to boost the perfoarainc
hypertext search engines.

8.2 Creation of New Semantic Web data

One of the looming deficits of our system is that for a subsant
amount of our queries there ane relevant Semantic Web URIs

with accessible RDF data. This amount is estimated to be 34% o
all queries. However, these queries with no Semantic WelsURI

in generaldo have relevant information on the hypertext Web, if
not the Semantic Web. The automatic generation of Semargtr W
triples from natural language text as explored by Brewdtat. 2]
could be used in combination with our system to create auiema
cally generated Semantic Web data, in response to useegueri

9. CONCLUSION

Relevance feedback from unstructured data can improve-stru

tured search search. Furthermore, relevance feedbackstroic+
tured search can improve unstructured search. While neteva
feedback is known to in general improve results, our use taflyvi
disparate sources of data such as the structured Semartiaivtle
the unstructured hypertext Web to serve as relevance fekedba

each other is novel. We do this by treating both data sourses a
‘bags of words’ in order to make them compatible and find from

structured data high quality terms for use in language nsodel
These results of demonstrate that our approach of usingéekd

from hypertext Web search helps users discover relevanam

Web data. The gain is significant over both baseline systeiths w

out feedback and the state of the art page-rank based meohani
used by FALCON-S and Yahoo! Web search. Furthermore, the

finding of relevant structured Semantic Web data can evembe i
proved by pseudo-feedback from hypertext search. Thesd#iges
due to the significant and randomized number of queries uséd a
the fact that relevance judgements involved three judgeisit o

a high reliability for these results, so we have reason todbie\e
the results will scale.

More exciting to the majority of users of the Web is the fact

that apparently relevance feedback from the Semantic Webca
prove hypertext Web. However, pseudo-feedback only maligin
improves the quality of results of hypertext Web search reemi
This result means that there needs to be considerable effde-
termining when structured data from the Semantic Web isadlgtu
relevant. While it is easy enough for query logs to determéie
evant hypertext Web data, it is more difficult to determineewh
structured data is relevant. However, there are clear sigosex-
ample, structured data that is consumed by applicatioesntips
and calendar programs can be ascertained to be actually Tisisd
could be detected in formats like microformats by the usepfig-
in or Web service. Interestingly enough, using inferendg bort
performance, due to the rather obscure terms from highet-ta-
tologies serving functionally as ‘noise’ in the feedbackhi\¥ this
kind of data information may be useful for automated reaspni

it does not really provide hints for the kinds of informatitirat a
hypertext Web searcher may be looking for.

The operative question is: Why does does relevance feedback

work? Although there appears to be a huge gulf between stedt
data and unstructured data, it is precisely because the ldachef

information is encoded in the unstructured hypertext and the struc-
tured Semantic Web that these two disparate sets of dataecan b

used as relevance feedback for each other. Indeed, the kayeto
high-level performance for search engines is the use of tigtt
ity data of any kind for query expansion, whether it is stoired
structured format or unstructured formats.
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