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Content-only queries in hierarchically struc-
tured documerts should retrieve the most speci ¢
documert nodeswhich are exhaustive to the in-
formation need. For this problem, we investigate
two methods of augmertation, which both yield
high retrieval quality. As retrieval e ectiv eness,
we considerthe ratio of retrieval quality and re-
sponsetime; thus, fast approximations to the “cor-
rect' retrieval result may yield higher e ectiv e-
ness. We present a classi cation scheme for al-
gorithms addressingthis issue,and adopt known
algorithms from standard documernt retrieval for
XML retrieval. As a new strategy, we propose
incremental-interruptible retrieval, which allows
for instant presenation of the top ranking docu-
merts. We dewelop a newalgorithm implemerting
this strategy and evaluate the di erent methods
with the INEX collection.

1 Intro duction

With the increasing availability of documerts in
XML format, there is a growing needfor retrieval
methods exploiting the specic features of this
type of documerts. In 2002, INEX (initiativ e for
the evaluation of XML retrieval) started, with the
goal of de ning standard retrieval tasks for XML
documerts and developing appropriate evaluation
methods [Fuhr et al. 03]

SinceXML documerts contain explicit informa-
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tion about their logical structure, XML retrieval
methods should take into accouri the structural
properties of the documerts to be retrieved. One
of the two tasks consideredin INEX deals with
content-only queries where only the requested
content is speci ed. Instead of retrieving whole
documernts, the IR system should aim at se-
lecting document components that fulll the in-
formation need. Following the FERMI model
[Chiaramella et al. 96], these componerts should
bethe deepestcomponerts in the documert struc-
ture, i. e. most speci ¢, while remaining exhaus-
tive to the information need.

In this paper, we call this task also relevance-
oriented searty. Like for any kind of retrieval,
there are two major issuesto be addressed:

Retrieval quality: How can we retrieve relevant
documernts, by avoiding nonrelevant ones?
Whereasthe FERMI model is easily appli-
cable in the caseof binary indexing (select
the smallestcomponert cortaining all query
terms), the usage of weighted indexing re-
quires a method balancesbetween indexing
weights and componernt specity. For this
purpose, we have deweloped the method of
augmentation which gave us very good re-
sults in the rst INEX round.

E ciency: How can we retrieve the top-ranking
answers in very short time? Given the fact
that not only complete documernts, but (in
principle) any XML elemern may beretrieved
(and any elemen containing at least one of



the seard terms is a candidate answer), we
need appropriate methods for dealing with
this extendedseard space.

In this paper, we take an integrated view on
retrieval quality and e ciency , by focusing on ef-
fectiveness Roughly speaking, the e ectiveness
of a retrieval method is the quality of the re-
trieval result, divided by the amount of user ef-
fort for achieving this result. Most IR test set-
tings assumea constart usere ort, thusit is suf-
cient to regard retrieval quality only. Howewer,
retrieval times for structured or multimedia doc-
umens may be substartial, thus the variancein
user e ort resulting from the responsetime can-
not be neglected. In this setting, a high retrieval
e ectiv enesscan be achieved either by improving
retrieval quality or by reducing retrieval time. In
this paper, we will rst describe a method giving
us high retrieval quality, and then focus on the
latter aspect.

Although usersare interestedonly in the top n
documerts of the result ranking only, algorithms
focusingon theseelemerns only achieve very little
e ciency gainsover standard methods computing
the full ranking (seee.g. [Buckley & Lewit 85]).
Thus, we are looking for approximation methods,
accepting small lossesof retrieval quality, but ex-
pecting big gains in terms of e ciency. So the
major theme of this paper is improvemert of re-
trieval e ectivenessby dealing with the tradeo
betweenretrieval quality and e ciency .

For this purpose, we take known solutions to
this problem deweloped for retrieval of atomic
(complete) documerts, adopt them for XML re-
trieval and compare their performance. In addi-
tion, we proposea new strategy for dealing with
quality vs. e ciency: In interrupt-driven retrieval
the user does not have to wait for the system
to provide an answer; instead, s’lhe may request
immediate delivery of the best answer currently
available. We presernt a new retrieval algorithm
following this strategy, and proposean appropri-
ate ewvaluation method. The experimental evalu-
ation of the di erent approadiesis basedon the
INEX test bed.

The remainder of this paper is structured as
follows: In the next section, we briey describe
our augmenation method and preser two vari-
ants that give comparableretrieval performance.
The following section presents se\eral algorithms

addressingthe tradeo betweenretrieval quality
and e ciency , and givesa classi cation schemefor
these methods. Section'4 describes how these al-
gorithms can be applied for retrieval of structured
documents. Experimertal results are presened in
section/5, followed by the nal conclusions.

2 Relevance-oriented search
based on augmentation

The goal of relevance-orierted seard is to retrieve
the most speci ¢ documert componerts that sat-
isfy the query. For this purpose,two issueshave
to be addressed:

1. Irrespective of the query, what are possible
retrieval answers? Given the ne-grained
mark-up of many XML documerts (down to
the word level or even below), not any ele-
mernt may represet a meaningful answer.

2. How canwe combine the criterion of specity
of an answer with weighted indexing? Here
we need a weighting method for specity of
nodes, in order to be compute a combined
weight.

For the rst problem, we have adopted the notion
of index nodes from the FERMI model: Given
the XML documert type de nition (DTD), only
certain elemeris are to be consideredas possi-
ble retrieval answers. Thus, we assumethat the
databaseadministrator hasde ned theseelemert
typesbeforehand.

For computing indexing weights, we want to ap-
ply standard methods deweloped for atomic doc-
umens. For this purpose,we have to split eat
documernt into disjoint parts. On the other hand,
index nodesmay be nested. Thus, we start with
the most speci ¢ index nodes, treating their tex-
tual content like an atomic documert. For the
higher-level index nodes, only the text that is not
cortained within the other index objects is in-
dexed. As an example, assumethat we have de-
ned section, chapter and book elemerts asindex
nodes. Then the title and introduction of a chap-
ter would form this additional text chunk, since
they do not belongto the sectionsincluded in the
chapter.

When performing retrieval, the index weights of
the most speci ¢ index nodes are given directly.
For retrieval of the higher-level nodes, we have



to combine the weights of the di erent text units
cortained therein. For example, assumethe fol-
lowing excerpt of a documert structure, wherewe
list the weighted terms instead of the original text:
<chapter> 0.3 XPath

<section> 0.5 example </section>

<section> 0.8 XPath 0.7 syntax </section>
</chapter>
A straightforward possibility would be the logi-
cal disjunction of the di erent weights for a single
term. As an example, the Boolean query “syn-
tax AND example' can be answered by the com-
plete chapter only, with a weight of 0:5¢0:7 =
0:35 (assumingindependenceof terms). However,
searting for the term XPath in this example
would retrieve the whole chapter in the top rank
(0:3+0:8j 0:3®:8 = 0:86), whereasthe secondsec-
tion would be givena lower weight (assumingthat
term occurrencesin di erent nodesare alsoinde-
pendert). Obviously, this strategy always assigns
the highest weight to the most general elemer,
thus contradicting the FERMI model mentioned
before. As a better solution, we adopt the aug-
mentation strategy from [Fuhr et al. 98], where
index term weights have to be down-weighted
when they are propagated upwards to the next
index node.

The most obvious method for propagation is
multiplication by a propagation weight, as pro-
posedin [Fuhr & Groyjohann 01]. As a proba-
bilistic interpretation, we assumethat for eadh
term weight being propagatedto the next higher
index node, there is an additional probabilistic
event, sothat the indexing weight hasto be mul-
tiplied by the propagation weight. Therefore, we
call this method conditional propagation. In our
example, using a propagation weight of 0.3, the
section weight of the term XPath would yield
0:3¢0:8 = 0:24 at the chapter level. Combining
this propagated weight with the indexing weight
of the chapter would yield an augmerted weight
of 0:3+ 0:24; 0:3¢0:24 = 0:396, thus a query
with this term would rank the section ahead of
the chapter.

As an alternate method of augmertation, we
assumean exponertial form, where we take the
counter-probabilit y to the power of a propagation
weight °. This method is called potential propa-
gation here. When propagating a weight u of a
term upwards to the next index node level, the

resulting weight is computedas1i (1j u)®. In
our example documert, the section weight 0:8 of
the term XPath conmbined with a propagation
weight of 0:2 would yield 0:383 thusresulting in a
combined weight of 0:3+ 0:383; 0:3:383= 0:568

In order to describe the augmertation process
more formally, let usassumethat a documert con-

describing the tree structure, we use a relation
Ap NE N, wheren; Anyi n;isaancestorof
ny. Furthermore, thereis afunction , : N ! INg
giving the level of a node, wherethe root haslevel
Oand, (nj) = ,(nk) + 1i nj isachild of n.

Let uin = P(tijnm) denotethe probabilistic in-
dexing weight of term t; wrt. node ny,. Sincewe
are dealing with logical disjunctions of indepen-
dert probabilistic events (occurrencesof the same
term in di erent indexing nodes), we will mainly
considercounter-probabilities below, wherel, =
1i uim. The augmerted weight wi, of term t; wrt.
node ny, is then the combination of its own index-
ing weight and the propagatedweights for t; from
its descendats. For this purpose,let us assumea
propagation function p(uj ; nj;Nm) which propa-
gatesthe weight of term t; in node n; to node ny,
(provided that nm A nj). Thus, the augmena-
tion function a(nm;tj) for computing the weight
of node ny, for term t;j can be de ned as

Wim = a(Nm; ti) = Uim p(uij ;nj;nm) (1)

NmAn;

(where Wim = 1 wim). The generalforms of
the two propagation functions discussedfor our
example documert above can be de ned as fol-
lows:

p1(uj ;Nj;Nm) =

p2(Ujj ;Nj;Nm) =

1i uj ¢®(nm;nj) (2)
B ) ©)

In casethe propagation weight ®(nm;n;) is ad-
ditive, (i.e. ®(nNm;nj) = &(Nm;Nk) + ®2(Ni;N;)
i nm A ng A nj), we can derive a recursive
form of the augmenation function, sud that we
must consideronly the augmenation weights wij;
of the children n; of node ny,, and not the index-
ing weights of all its ancestors:

a(Nm;ti) = bim Y Wi(j@Z(nm;nj)
nmAn A, (nj)=, (Nm)+1

(4)



In principle, the propagation weight functions
®(nm;n;) can be dened node(-pair)-specic,
taking into account e.g. the number of chil-
dren/descendars of n,, as well as the length of
the path betweenn, and nj. Here we assumea
constart factor ( for ® and ° for ®;, mak-
ing the latter additive) for propagating from one
index node level to the next one. Thus, the prop-
agation functions can be simplied to

1i uj ¢ ()i, (nm) (5)
E_‘;)n:[(, (nj)i ., (Nm)) (6)

In the remainder of this paper, we only con-

sider these special forms of conditional (p1) and
potential (p2) propagation.

p1(Uij ; Nj; Nm)

P2(Ujj ; Nj; Nm)

3 Eciency vs. retrieval quality

The major goal of this paper is the investigation
of the tradeo between e ciency and retrieval
quality, in order to optimize e ectiv eness. Espe-
cially, we are looking at fast approximation meth-
ods, that yield approximations to the “correct' (in
terms of the underlying retrieval method) retrieval
result, but requirelesscomputational e ort. With
regardto this problem, we can classifyretrieval al-
gorithms along two dimensions, namely process-
ing mode and control mode:
Processing mode describes how the result of a
query is produced:
block: The complete result is computed as
one block.
incremental: Results are produced itera-
tively, such that top-ranking documerts
are determined rst, and corntinuing op-
erations producethe next elemerts from
the ranked list.
Control mode: species how the production of
results (and especially the tradeo between
e ciency and retrieval quality) can be con-
trolled:
xed: There is no possibility to cortrol this
tradeo ; usually, the correct result is
computed in this way.
tunable: There is a tuning parameter which
a ects the quality of the approximation
to the correct result; this parameter has
to be set before processingstarts.

interruptible: At any point in time, the user
may askfor the next result elemern, and
the system outputs the best one cur-
rently available. Givenenoughtime, the
system would compute the correct re-
sult.
In principle, one can imagine algorithms for all
possible combinations of valuesfor thesetwo di-
mensions; e.g., a block-interruptible algorithm
would yield a completeranked list at the momert
the userrequestsit.

In the following, we will briey describe some
approadies (for retrieval of atomic documerns)
published in the literature and classify them ac-
cording to this stcheme. Sincemost approacesin
information retrieval are basedon linear retrieval
functions, we will restrict our discussionto this
type of function. Furthermore, like most algo-
rithms, we will only allow for accesseso the in-
verted le (and thus ignore approadesinvolving
direct accessmethods, for retrieving the weight
of a speci ¢ documert for a given term, seee.g.
[Fagin 99)).

First, let us introduce some additional nota-
tions: a query g consistsof a list of seard terms

term weights ¢; , ¢. For a documert dp,,
let ujn, denote the indexing weight for term t;.
Then the linear retrieval function is de ned as

X

r(gdm) =
i=1

G ¢Uim

Assumingan inverted le structure, there is an
inverted list for ead term t; in the collection, The
list consists of pairs (Om;Uim), wWhere oy is the
identi er (object id, documert number) of doc-
ument dn and uj, givesthe weight of term t;
for this documert. In most casesthe ertries are
sorted by increasing documert number, to allow
for run-length compressiorand more e cien t pro-
cessing. However, we will also considerother or-
derings below.

The standard algorithm for computing the 'cor-
rect' result rst createsan accumnulator A, for
ead documert dy, in the collection and initializes
it with a weight of 0. Then the inverted le en-
tries are processederm-wise, adding the product
¢ Cujn to accunulator A,. Once all entries are
processedthe accurrulators containing the top k



retrieval status values(RSVs) are determined and
the corresponding documerts are retrieved. So
the standard algorithm is a block- xed algorithm
accordingto our classi cation

[Mo at & Zobel 96] describes two algorithms
for computing approximate retrieval results,
which take as tuning parameter the number of
documerts (accunulators) to be considered.Here
accurnrulators are created only when a new docu-
ment number is encourtered, and inverted lists
are accessedn the order of increasingquery term
weights. After ead inverted list, the algorithm
chedsif the speci ed number of accunulators has
beenreaded. If this condition is ful lled, there
are two variants for proceedingfurther: The quit
algorithm stops processingof inverted le ertries
and ranksthe accurrulators createdsofar. In con-
trast, the continue algorithm processesalso the
remaining inverted lists, but doesnot create any
additional accunulators; thus, the correct RSVs
are computed for those documerts seenbefore,
which, in turn, form the input to the ranking
step. The continue algorithm is more e cien t
than than the standard algorithm due to a new
data structure and algorithm which allows for
skipping ertries in the remaining inverted lists.
A predecessoiof the quit algorithm is described
in [Buckley & Lewit 85], which usesadi erent set
of tuning parameters: besidesthe number k of re-
guesteddocumerts, alsoa value m - k must be
speci ed; the algorithm stopswhenit canguaran-
teethat m of the top k documerts have beencom-
puted correctly. All these algorithms are block-
tunable accordingto our classi cation scheme.

In [Pfeifer & Pennelamp 97], a generalclassof
algorithms for incremertal computation of the
ranked list is described. For ead accunulator
An, it also maintains the set of terms T, from
the query for which inverted le entries have been
read for this document. During processing,upper
and lower boundsfor the RSV in ead accumula-
tor are computed, and accunulators are ordered
by their upper bound. Whene\er there is a docu-
ment whoselower bound is greater or equalto the
upper bound of the current top-ranking of the re-
maining documerts, it can be written to the out-
put list. Sothesealgorithms can be characterized
as incremertal- xed. By modifying the output
criterion, alsoincremenal-tunable algorithms are
possible.

A speci c instance of this class of algorithms
is the Nosferatu algorithm, which assumesthat
inverted list ertries are sorted by decreasingin-
dexing weights (a similar algorithm has beende-
scribed in [Persinet al. 96]). In this case, in-
verted lists are processedin parallel, and entries
are read in the order of decreasingRSV incre-
merts.

Table[1 givesa survey over the algorithms dis-
cussedin this section.

In this paper, we will investigate an
incremertal-interruptible version of the Nos-
feratu algorithm which we call Nosferatu*.
For this purpose, we simply sort accurrulators
according to their current values. Whenewer a
documen is requested, we output the current
top-ranking elemen and excludeit from further
computations. So this algorithm consists of the
following steps:

1. Start with an empty set of accunulators and

an empty output list.

2. Read the inverted list entry (Om;Uim) with
the highest RSV incremert ¢; Cujm .

3. Create an accunulator A, = 0 and term
set Ty, := ; if this is the rst occurrenceof
documert dp,.

4. Am = Am + G Cuy ; place Ay, at the correct
position in the ranked list of accunulators.

5. If there are any unread inverted list ertries,
proceedwith step 2; otherwise stop.

6. Whenewer a documert is requested, output
the top-ranking one and delete it from the
set of accunulators.

4 Retrieval algorithms for
structured documents

In the previous section, we have discussedalgo-
rithms for atomic documerts only. For relevance-
oriented seard in XML documerts, we also have
to considerthe documert structure, and store ap-
propriate information in the inverted list entries.
Since we do not consider structural conditions
here, it is su cien t to provide information about
the hierarchical structure only, without consider-
ing XML elemen types. For describing the hier-
archical structure, it is su cien t to erumeratethe
nodesat ead node level; in order to support aug-
mentation during indexing time, we must specify



| interruptible

] xed ] tunable
block standard
incremertal | Nosferatu

quit, cortinue, Buckley/Lewit

Nosferatu*

Table 1: Classi cation of algorithms

the complete path from the documert root to the
current node, by giving the list of corresponding
node indexes.

Assuming that all erntries for a documert
are stored together, a group of ertries for all
occurrencesof a term in a documert has the
Again, om
denotes the documert number; f., gives the
number of nodes in this documert corntaining
the current term. For ead of these nodes, there
is an entry ¢ =

to the current node, and nally uj gives the
indexing weight for this node. The ertries within

a documert are stored in inorder sequence.

This way, augmenation can be performed
easily at retrieval time. As an example, the
following documert ertry lists 5 occurrences
of terms, with path lengths between 1 to 4:
(1234, 5, (1,(1),0.5),  (3,(1,1,2),0.3),
(3,(2,1,4),0.2), (4,(2,2,7,3),0.4),
(2,(2,3),0.6)) A method for compress-
ing this type of inverted lists is described
in [Thom et al. 95]

This basic structure can be varied in a number
of ways:

weights stored: We can store either indexing
weights or augmenation weights. The lat-
ter is only possiblefor potential propagation,
or in casewe store weights for all nodesto
which indexing weights are propagated. Stor-
ing only indexing weights allows for choosing
the propagation method and weight at re-
trieval time, whereasstorageof augmertation
weights can speedup the retrieval process.

degree of augmentation: In casewe store aug-
mentation weights, we can choosefor which
nodes we create an occurrence enry: At
least, we must considerall nodeswhich have
been assignedindexing weights. The other
extreme would be the storage of erntries for
all nodesto which indexing weights are prop-
agated. Intermediate solutions are also pos-

sible, wheredi erent criteria can be usedfor
choosingthe nodesto be considered.

ordering of entries Usually, inverted le entries
are stored in the order of increasing docu-
ment numbers. For applying the Nosferatu*
algorithm, we alsotest two other sorting or-
ders. As additional data, we compute the
maximum augmertation weight of a node in
the documert, and then sort documert en-
tries accordingto decreasingvalues of these
weights. Howevwer, retrieval with this sort-
ing order requires the consideration of all
nodes with nonzero weights within a docu-
ment where possibly only one node has a
high weight. Therefore, we also consider
an inverted le organization were we give
up documert-wise grouping of occurrenceen-
tries, and store eat occurrencealongwith its
documert number. Then we sort occurrence
ertries of the completecollection accordingto
decreasingweights; of course,we cancombine
this organization with both types of weights
and all degreesof augmeriation.

5 Experiments

5.1 Test setting

For our experimerts, we usedthe INEX test col-
lection [Fuhr et al. 03]. The documert collection
is made up of the full-texts, marked up in XML,
of 12107 articles of the IEEE Computer Scciety's
publications from 12 magazinesand 6 transac-
tions, covering the period of 1995 2002, and to-
talling 494 megalytes in size. Although the col-
lection is relatively small comparedwith TREC,
it hasa suitably complexXML structure (192 dif-
ferert cortent modelsin DTD) and cortains sci-
entic articles of varying length. On averagean
article contains 1532 XML nodes, where the av-
erage depth of a node is 6.9. A more detailed
summary can be found in [Fuhr et al. 02]. For
our experimerts, we de ned four levels of index



nodesfor this DTD, wherethe following XML el-
emerts formed the roots of index nodes: article,
section, ssl, ss2 (the latter two elemens denote
two levels of subsections).

As queries,we usedthe 24 content-only queries
from INEX for which relevance judgments are
available. As query terms, we consideredall sin-
gle words from the topic title, the description and
the keywords section.

For relevance assessmds, INEX usesa two-
dimensional, multi-v alued scalefor judging about
relevance and coverageof an answer elemer. In
our evaluations described below, recall and preci-
sion gures are basedon a mapping of this scale
onto a one-dimensional,binary scalewhere only
the combination 'fully relevant/'exact coverage'
is treated asrelevant and all other combinations
asnon-relevant. For ead query, we consideredthe
top ranking 1000answer elemeris in e\aluation..
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Figure 1: Impact of propagation weights on re-
trieval quality

5.2 Retrieval based on augmentation

In the rst seriesof experimens, we evaluated
the retrieval quality of our augmeration-based
approach. For computing the indexing weights
of terms in index nodes, we applied the standard

1The ocial INEX 2002 evaluation was basedon the top
100elemerts only  for details of the INEX evaluation,
see[Govert & Kazai 03].

BM25 formula [Robertson et al. 92].
term weights, tf weights were used.

When comparing the retrieval quality of condi-
tional and potential augmertation, it turned out
that both methods yield nearly identical results;
they only di er in the absolute RSV values. How-
ever, the choice of the propagation weight has a
substartial e ect on performance,as can be seen
in the recall-precision curves (Figure as well
as in the average precision for 100 recall points
(Table[2). In INEX 2002, we submitted 2 o cial
runs with conditional augmeriation using weights
of 0.3 and 0.6. The former gave the best perfor-
manceamong all o cial runs. From Table[2, we
learn that we can even improve our performance
by choosing a propagation weight of 0.2. Thus,
all experimernts described below usethis weighting
factor. Furthermore, sincethere are no di erences
between conditional and potential augmertation,
we only consider potential augmenation in the
following.

As query

propagation weight averageprecision

0.1 10.70%
0.2 11.21%
0.3 9.78%
0.4 8.01%
0.5 7.32%
0.6 6.43%

Table 2: Average precision for retrieval with dif-
ferernt propagation weights

5.3 Predictors of retrieval time

In order to investigate retrieval e ectiv eness,we
must measure retrieval time. Howewer, exact
timings depend on a large variety of factors re-
lated to both hardware (e.g. CPU, main memory,
disk) and software parameters (e.g. implemerta-
tion language, operating system). Therefore, we
think that relative timings are su cient for the
issuesinvestigatedin this paper. Instead of mea-
suring retrieval times directly (with all the related
problems of stochastic experiments and compa-
rability of implemertations), we were looking for
other parametersthat are good predictors of re-
trieval time. For this purpose, we measuredre-
trieval times for the 30 INEX CO queries and



plotted the actual timings against two parame-
ters:

1. sum of all documen frequenciesof query
terms,

2. sum of all index node frequenciesof query
terms.

Moreover, we ran theseexperimerts with two dif-
ferert indexing schemes: Besidesthe standard
scheme with four levels of index nodes as de-
scribed above, we considereda scheme with six
levels, where also body and paragraph elemeris
were treated as index node roots?. The scatter-
plots shavn in Figure 2 and the respective corre-
lation coe cien ts displayed in Table|3 indicate a
strong linear relationship betweenretrieval times
and both typesof term frequencies.Thus, any of
these frequenciesis a good predictor of retrieval
time. In the following, index node frequenciesare
usedfor this purpose.

900000

800000 [ index node occurrences (4 levels)

700000 [ docu entoccunences(4Ieveb):x“?

600000

500000 | .
index nodé occurrences (6 levels) .-~

400000
300000 |
200000 F e i
*x document occurrences (6 levels)_....a
100000 | X Z% &
M B.g D@gﬁ‘ﬁ
o o) oo
el .

0 20 40 60 80
processing time (seconds)

number of document / index node occurrences

0 L
100

Figure 2: Retrieval time vs. number of docu-
ment / index node frequencies

0.99
0.96
0.98
0.92

index node frequencies 4 levels
documert frequencies 4 levels
index node frequencies 6 levels
documert frequencies 6 levels

Table 3: Correlation coe cien ts for linear depen-
dency of documert / index node frequen-
ciesand retrieval time

2Retrieval quality with six levels of index nodeswasworse
than with four levels.

5.4 Quit and continue algorithm

We implemented a variant of the quit and con-
tinue algorithms mertioned in Section3| Instead
of specifying the number of accunulators to be
used, our tuning parameter is the percertage of
guery terms to be considered; here query terms
are ordered by their tf ¢idf values. Table/4 gives
the correspnding gures.

For the quit algorithm, e ciency dependslin-
early on the number of documert postings read
from the inverted lists; thus, we have a nice
tradeo between e ciency and retrieval quality,
which provides substartial savings in terms of
retrieval time in combination with small perfor-
mance degradation.

For the corntinue algorithm, we implemened
two versions: In the continue/documert variant,
skipping was performed at the documert level
only; for a documert to be considered, all oc-
currence erntries were taken into accour; thus
weights in accunulators could also be a ected
through propagatedweights. In contrast, the con-
tinue/inode variant only considered occurrence
ertries that contained indexing weights for nodes
for which there was an accurrulator, and weight
propagation to other nodeswas suppressed.

The performance gures for both variants show
that the cortinue strategy is much better than
the quit method. Among the two cortin ue vari-
ants, retrieval quality of continue/inode is not re-
ducedfor up to 92%of postingsignored, with even
substartial gainswhen only 60 80% of the query
terms are consideredin the rst phaseof the al-
gorithmE. For explaining the di erence in terms
of retrieval quality betweenthe two variants, we
must keepin mind that continue/documert is the
correct one,whereascontin ue/inode doesnot per-
form propagation during the cortinue phase. So
it seemsthat this ‘re nement' of the propagation
strategy leadsto even better retrieval results.

Since we are only considering the number of
postingsto be skipped, we cannot guaranee that
these gains are proportional to the reduction of
retrieval time. The skipping algorithm for docu-
ments described in [Mo at & Zobel 96] has been
tested for a collection where the number of docu-

3For the caseof atomic documerts, [Mo at & Zobel 96]
also reports improvemerts in terms of retrieval quality
when the number of accumulators is restricted.



quit cortinue/ documert | corntinue/ inode
term | postings average| postings average| postings  average
ratio | ignored precision| ignored precision | ignored precision
100% 0% 11.21% 0% 11.21% 0% 11.21%
90% 37% 11.25% 34% 11.25% 36% 11.40%
80% 53% 11.23% 49% 11.28% 51% 11.55%
70% 64%  10.95% 59% 11.29% 63% 11.58%
60% 73%  10.42% 68% 11.38% 71% 11.59%
50% 79% 9.36% 74% 11.31% 77%  11.25%
40% 87% 9.00% 82% 10.87% 85% 11.15%
30% 91% 9.63% 86% 10.91% 89% 11.71%
20% 94% 9.00% 90% 10.48% 92% 11.22%
10% 99% 5.60% 96% 8.08% 98% 8.17%

Table 4: Results for quit and cortinue algorithm

ments was two orders of magnitudes higher, but
with unstructured documernts. Thus, only exper-
imentation with an appropriate implementation
can solwe this issue.

5.5 Nosferatu*

As described in Section /4, the Nosferatu* algo-

rithm can be applied for di erent inverted le or-

ganizations. In our experimerts, we tested the

following variants:

inode/aweights Inverted list erntries contain aug-
mentation weights (full augmertation) and
are ordered by decreasingvalues of these
weights (no documert-wise grouping of oc-
currenceertries).

document/iw eights Inverted list ertries contain
indexing weights (without augmertation),
and entries are grouped documert-wise. The
documernt ertries are sorted by maximum in-
dex node indexing weight.

document/a weights Like before, but instead of
indexing weights, augmernation weights are
stored and usedas sorting criterion.

The inode/aweights variant is a kind of best case

for the Nosferatu* algorithm, but has high re-

guiremerts in terms of storage spaceneededfor

the inverted lists (a lessexpensiwe solution could

e.g. be basedon partial augmertation).

For comparison, we consideredthe standard
algorithm, which givesus the upper bound of the
performance, but the xed-blo ck mode requires
that the user cannot view any documert before

retrieval is completed. As baseline, we regard
an incremertal-interruptible version of the stan-

dard algorithm: Here query terms are processed
in the order of decreasingweights tf ¢idf . When-

ever an interrupt occurs, the current top-ranking

documert is submitted to the user.

As Nosferatu* is an incremental-interruptible
algorithm, we need an appropriate metrics for
evaluating this type of approad. Since there is
no standard measurefor e ectivenesswe assume
the following setting here: after submitting the
query, the userissuesinterrupts at a constart rate
in order to view the next documert (as an alter-
native, one could also assumethat s/he waits for
sometime before starting the rst interrupt, but
our results show that this is not necessary). For
the interrupt intervals, we assumea rate of 1.5
interrupts per second,which is approximately the
time a fast reader would need for skimming the
title of a retrieved documert.

As ewaluation measure, we consider precision
after n documerts retrieved this way; in addition,
we also consideraverageprecision (for 100 recall
points) as a measureof overall performance.

The retrieval results for the di erent methods
are listed in Table 5. The most surprising re-
sult is the poor performanceof the inode/aweights
method, which is even below the baseline run.
In cortrast, the two Nosferatu* variants using
documernt-wise grouping (documert/iw eights and
documert/a weight) perform quite well. With a
Wilcoxon signedrank test, the documert/* meth-
ods are signi cantly better (at the 95 % level)



| avg. | 5 10 15 20
standard 11.21% | 29.57% 26.96% 22.03% 20.00%
documert/a weights | 10.30% | 27.83% 25.65% 21.45% 19.57%
documert/iw eights | 9.37% | 29.57% 25.65% 21.45% 18.91%
inode/aweights 6.98% | 21.74% 16.96% 15.65% 14.35%
baseline 7.80% | 26.96% 22.61% 18.55% 16.96%

Table 5: Precision valuesfor the Nosferatu* variants

than both the the baselineand the inode/aweights
method.

One reason for the poor result of the in-
ode/aweight variant is the fact that this approad
partly ignoresthe documert context: Since our
gueriescontain 13.7 terms on average,we should
retrieve index nodesthat contain se\eral of these
terms. Without documert-wise grouping of in-
verted list entries, our chancesof locating thesein-
dex nodesare rather low. In contrast, whenusing
documert-wise grouping, we get co-occurrences
even when the high weights occur in di erent in-
dex nodes of the samedocumert. This hypothe-
sisis con rmed by the statistics about the aver-
agenumber of term hits per retrieved index node
shown in Table/6. Using a Wilcoxon signedrank
test, in 7 of the 8 casegshe number of term hits for
the documert/* methods is signi cantly higher
(at the 95 % level) than for the inode/aweights
method.

# documerts retrieved 5 10 15 20
documert/a weights 401 4.49 451 4.42
documert/iw eights 3.67 4.23 4.31 4.24
inode/aweights 3.48 3.82 3.85 3.95

Table 6: Average number of term hits per index
node retrieved

When comparing the two variants with
documen-wise grouping with the standard
method, the performancelossis about 5% for the
rst 520 documerts. The di erence is signi cant
only for documert/iw eight at 10 documerts and
documert/a weight at 10 and 15 documerts.

Givenan averageresponsetime of about 30 sec-
onds for the standard method in our current im-
plemertation, the tested interrupt rate of 1.5 per
secondmeansthat the user has seenalready the
top 45documerts with Nosferatu* at the momert

the standard method comesup with the blocked
result. Especially for iterativ e retrieval (e.g. in
combination with relevancefeedba&), Nosferatu*
is clearly more e ectiv e.

The two documernt-oriented methods have sim-
ilar performance: documert/iw eights performs
better in the beginning (signicant dierence
at 5, 10 and 20 documerns), whereas docu-
ment/a weights seemsto be superior when more
time is available.

Overall, we can conclude that the Nosferatu*
algorithm in combination with documert-wise
grouping of inverted le entries ful lls our require-
ments for an incremertal-interruptible algorithm.
With the interrupt rate tested, it yields instant
responseswhen a query is submitted, thus sup-
porting highly interactive retrieval. The e ciency
gains of Nosferatu* clearly outweigh its retrieval
quality losses.Thus, this approad yields signi -
cant gainsin terms of retrieval e ectiv eness.

6 Conclusions

In this paper, we have presened e ectiv e methods
for relevance-orieted seard in XML retrieval.
For our augmenation-based approad, the exper-
imental evaluation of two variants gave us a very
good retrieval quality. Currently, we are dewel-
oping methods for learning node-speci ¢ propa-
gation weights, for which potential propagation is
more suitable.

Instead of regarding only retrieval quality, we
have emphasizedan e ectiv eness-orieted view,
where also e ciency must be taken into accourt.
We rst have deweloped a classi cation schemefor
approadesin this area,and then investigatedtwo
typesof algorithms in more detail. For two classi-
cal block-tunable algorithms, we have shown that
they also can be applied successfullyfor XML re-
trieval, giving evenbetter resultsthan for unstruc-

10



tured documerts. As a new classof approadies,
we have proposedincremertal-interruptible meth-
ods. As an instance of these methods, we have
deweloped the Nosferatu* algorithm, which allows
for instant retrieval of the top ranking documerts,
with only marginal lossesof retrieval quality. So
this algorithm yields very high e ectiv eness.

We think that algorithms of the latter kind
are very important for interactive retrieval.
Whereas holistic evaluation approades are nec-
essaryfor judging about the overall quality (see
e.g. [Beaulieu & Robertson 96]), system-orierted
approadies as consideredhere are necessaryfor
tuning of componerts.

Overall, XML retrieval is a challenging new
problem, for which appropriate retrieval methods
are still at their infancy. With the major con-
cepts presenied in this paper augmernation,
e ectiv enessvs. quality, taxonomy of algorithms

we have addressedmajor issuesfor further re-
seard in this area.
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