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Chapter 4

When is Query Performance
Prediction Effective?

4.1 Introduction

In the previous two chapters, we have evaluated the quality d query performance
prediction methods by reporting how well the predicted perf ormance of a set of
queries correlates with the queries’ retrieval effectiveness derived for a particular
retrieval approach. As correlation measures we relied on tle two measures com-
monly reported, namely the linear correlation coef cient r and the rank correlation
coef cient Kendall's

In Chapter 1 we described the perceived bene ts of query performance prelic-
tion methods and their envisioned applications in adaptive retrieval systems. The
current evaluation methodology, however, does not conside, whether - or more
accurately when - those bene ts will indeed be realized. Query effectiveness predic-
tion research focuses on the development of algorithms thatincrease the correlation
between the retrieval effectiveness and the predicted perbrmance. While such an
evaluation is straight-forward, it lacks interpretabilit y. For instance, if on a particu-
lar data set one prediction method achieves a correlation of = 0:2, while another
achieves = 0:4, does it mean the latter predictor is double as effective in prac-
tice? Knowing the correlation of a prediction method does not directly translate to
knowing how the method will in uence the performance of an ad aptive retrieval
system. In order to determine the relationship between the evaluation and the ap-
plication of query effectiveness prediction methods, it is required © apply them in
practice. This step is often not executed as evident in the gtong contrast between
the number of prediction algorithms that have been proposed over the years, and
the number of publications dedicated to applying those prediction methods in an
operational setting. It thus remains relatively unknown wh en a prediction method
can be considered to perform well enough to be employable in an adaptive retrieval
system.

This is an important knowledge gap, and one that we attempt to bridge in this
chapter. Speci cally, we investigate the relationship between the rank correlation
coefcient  a prediction method achieves and the prediction method's efect on
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retrieval effectiveness in two operational settings: MetaSearch (MS) [159, 160,
167] and Selective Query Expansion (SQE) {, 72, 102, 117, 46, 167]. In SQE,
pseudo-relevance feedback $2, 126] is not applied uniformly to all queries, instead
the decision whether to apply automatic query expansion (AQE) is made for each
query individually. In the MS setting that we utilize in our e xperiments, each query
is submitted to a number of systems and the prediction methoddetermines which
system'’s output is best and returned to the user. We chose thee two operational
settings because they are the two most often named potentiapractical applications
for query performance prediction. Kendall's was chosen as correlation to evaluate
as it lends itself naturally to our experiments (Section 4.3.2).

Our goal in this chapter is to determine at what levels of correlation a prediction
method can be considered to be of high enough quality to prodwce tangible positive
improvements in retrieval effectiveness in an adaptive retrieval component. If we
were able to determine such thresholds, we could infer from a correlation-based
evaluation, whether the quality of a prediction method is suf cient for a particular
application. Thus, we aim to answer the following question: When is query perfor-
mance prediction effective? Such a general question naturly leads to a number of
more pointed questions that can be investigated:

Is it worth (does the system improve) running a time consuming prediction
method with a recorded performance of =0:3?

If one prediction method improves the correlation coef cie nt by 0:05, how
does that affect the effectiveness of an adaptive retrievakystem?

At what levels of correlation can one be reasonably con dent that a certain
percentage of queries will improve their performance in an adaptive retrieval
system over the non-adaptive baseline?

One possible approach to answering these questions is to puict the effective-
ness of a set of queries, determine the correlation the predctor achieves and then
calculate the retrieval effectiveness of the set of querieson the non-adaptive base-
line and the adaptive retrieval system. If the effectivenes of the adaptive system
is higher than the effectiveness of the baseline system, we nght conclude that the
correlation the prediction method achieved, is suf cient f or the predictor to be vi-
able in practice. As will become apparent in Section4.2, such an approach may lead
to misleading results. Based on the outcome of a single predition method and one
data set, one cannot draw conclusions about the level of corelation that indicates a
high enough predictor accuracy to improve the retrieval effectiveness of an adaptive
system in general.

If, on the other hand, we can perform such an experiment multiple times with
diverse retrieval systems and predictions methods, we can gin a much better un-
derstanding by considering the change in adaptive retrievd performance on average
Considering the resources at our disposal for this work, theutilization of diverse re-
trieval systems and prediction methods covering a wide rang of correlations is not
possible. In particular, at the time of this thesis' completion, the best prediction
methods reach a rank correlation of 0:6. For this reason, we base our empirical
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studies on several TREC data sets. Instead of the output of asting query effec-
tiveness prediction methods, we rely on generated predictons to analyze the entire
spectrum of correlations so as to characterize precisely th relationship between
the evaluation of query performance prediction methods and their effectiveness in
operational settings.

In this chapter we aim to demonstrate the following:

the correlation a query performance prediction method needs to achieve on
average to be viable in practice, is dependent on the operatnal setting,

in SQE, under stringent assumptions, moderate to high coef cients are re-
quired to obtain reliable improvements to retrieval perfor mance, and,

in MS, low to moderate correlations are already suf cient; h owever, for these
improvements to be statistically signi cant, moderate to high correlations are
also required.

The remainder of this chapter is organized as follows: in Setion 4.2 we present
an overview of works that have attempted to apply query performance prediction
in the SQE and MS setting respectively. The section also comains an example of the
potential for drawing misleading conclusions when a single predictor is applied. In
Section 4.3 we describe our approach to overcoming this problem by geneating a
substantial number of data sets and predictions of query eféctiveness. The SQE and
MS experiments based on these generated data sets and predions are detailed in
Sections4.4 and 4.5. We then discuss the implications of our study in Section4.6.
We close the chapter in Section4.7 with an overview of the conclusions reached.

4.2 Related Work and Motivation

In the following two sections we provide an overview of the li terature that describes
the application of query performance prediction in the SQE and MS setup. As part
of the overview, we also indicate the level of success repord in these works. In
Section 4.2.3 we offer a motivation for our study on a concrete example.

4.2.1 Applications of Selective Query Expansion

The two SQE scenarios that were evaluated by Yom-Tov et al.[67] are based on the
notion that easy queries, that is queries resulting in a high retrieval effectiveness,
further improve with the application of pseudo-relevance feedback. Conversely,
gueries that are deemed dif cult and which thus achieve only a low retrieval effec-
tiveness degrade with the application of AQE. The rationaleis the following: easy
queries will have relevant documents among the top ranked results, and therefore
an AQE algorithm [29, 107, 162, 163], which derives additional query terms from
the top ranked documents returned for the initial query, is | ikely to derive terms
related to the information need!. The ranked list retrieved for the expanded query

INegative feedback from documents assumed not relevant is &o possible [L54], but will not be
discussed further here.
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further improves the quality of the results. Dif cult queri es on the other hand have
few or no relevant documents in the top ranks of the result list and thus an AQE
algorithm is likely to add irrelevant and misleading terms t o the query. This results
in query drift when the expanded query is used for retrieval and degrades the result
qguality. Selective query expansion builds on these assumpobns: if we can predict
the performance of a query, we selectively expand the queris that perform well ac-
cording to the predictor method, while not expanding the poo rly performing ones.
This strategy should lead to an improvement over uniformly applying AQE to all
gueries as it aims to identify those, which will be hurt by the application of AQE.

In the rst scenario reported by Yom-Tov et al. [ 167], a support vector ma-
chine [44, 144] is trained on features derived from the ranked list of results of the
original query to classify queries as either to be expanded o not to be expanded.
In the second scenario, a query performance prediction metlod is used to rank the
queries according to their predicted effectiveness. The85% of queries predicted to
perform best, are derived from TREC description topics, a pocedure that simulates
AQE. The queries predicted to be among the bottom15% performing ones are de-
rived from TREC title topics, simulating the use of non-expanded queries. In both
scenarios, selectively expanding queries based on a prediar proves slightly better
than uniformly expanding all queries, with a change in MAP of +0:001

A similar scenario with a different predictor is evaluated by Amati et al. [4].
Here, a predicted score threshold is xed in a heuristic fashion and queries with pre-
dicted scores above the threshold are expanded, while quegs with predicted scores
below the threshold are not. In the experiments, the greates improvement reported
is from a MAP of 0:252when all queries are uniformly expanded, to 0:256when the
gueries are selectively expanded. Better results are repded by Cronen-Townsend
et al. [46], where the threshold of when (not) to expand a query is learned. Of
the data sets evaluated, the largest improvement is an incrase in MAP from 0:201
(AQE on all queries) to 0:212(selective AQE). In the worst case though, a consider-
able degradation in effectiveness is also observed: from a MP of 0:252 (AQE on all
queries) to 0:221(selective AQE).

He and Ounis [72] combine selective query expansion with collection enrich-
ment: depending on how the prediction method predicts a query to perform, it is
either left unchanged, expanded based on the ranked list of esults of the local cor-
pus or expanded based on the ranked list of results of an extemal corpus. The eval-
uation yields mixed results, while for one data set MAP improves from 0:220 (AQE
on all queries) to 0:236(selective AQE), no change in effectiveness is observed foa
second data set when applying the same approach. A follow-upn this work by Peng
et al. [117] applied the same approach to Enterprise document search. [@pending
on the choice of external corpus and prediction method, the change in effectiveness
varies. In the bast case, MAP improves from0:381 (AQE on all queries) to 0:396
(selective AQE), in the worst case MAP degrades fron®:381to 0:358

Finally, Macdonald and Ounis [102] introduce a “selective candidate topic cen-
tric” approach to AQE in the realm of expert search [42]. Here, the decision is not
made between which queries to apply AQE to and which queries ¢ leave unaltered
but instead a decision is made between which documents to intude in the pool of
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documents to draw the query expansion terms from and which nat. In expert search
the task is to retrieve a list of candidate experts in respong to a textual query. The
expertise of each candidate is represented by a set of documds assigned to her
and candidates are ranked according to their document pro le. AQE is performed
by extracting terms from the top retrieved candidate pro le s and their respective
documents. Macdonald and Ounis [L02] found considerable topic drift in AQE due
to candidates with diverse areas of expertise and thus a divese set of pro le doc-
uments. They propose the following selective AQE procedure the cohesiveness
of all top ranked pro les is predicted and pro les with a high predicted cohesive-
ness contribute all their documents to the AQE process, whi¢ pro les predicted
to be un-cohesive contribute only a small amount of their pro le documents. No-
table is the fact, that the cohesiveness predictor working lest is simply the number
of documents assigned to each candidate, outperforming doament content based
predictors. The experiments on two data sets showed statistally signi cant im-
provements, the MAP improves from0:219and 0:561 (AQE on all queries) to 0:236
and 0:569 (selective AQE) respectively.

Based on these mixed results it is dif cult to comment conclusively on the suit-
ability of predictors in the operational setting of SQE.

4.2.2 Applications of Meta-Search

Yom-Tov et al. [167] also evaluate their predictors in a meta-search setting: acorpus
is partitioned into four parts, each query is submitted to each partition, and the re-
sult lists of each partition are merged with weights according to their predicted per-
formance. In this experiment, MAP increases from0:305(merging without weights)

to 0:315when the results are merged according to the predictor basedweights.

Wu and Crestani [160] apply a variety of retrieval algorithms to a single corpus.
For each query and retrieval algorithm, a ranked list of results is derived and its pre-
dicted performance score is determined. Heuristically defived thresholds are used
to classify each result list as either performing poorly, mediumly or well. The result
lists are then merged with xed weights according to the predicted classi cation.
The best weighted data fusion method performs2:12%better than the unweighted
baseline.

Lastly, Winaver et al. [159] propose to generate a large number of relevance
models [97] for each query and then to pick the relevance model that is predicted
to perform best. The results indicate the feasibility of the approach, the predictor-
based model selection strategy signi cantly outperforms the baseline.

4.2.3 Motivation

Although the evaluation of query effectiveness predictorsby reporting correlation
coef cients is the current practice in this research eld, t his approach to evaluation
is not without problems. The following example will reveal t hree problems:

very different predictions can lead to similar correlation coef cients,
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a query performance predictor that results in a high correlation with retrieval
performance does not necessarily lead to a retrieval perfomance increase in
an operational setting and vice versa a predictor with a low correlation can
lead to an optimal increase in retrieval effectiveness, and

as a corollary from the previous two points we can observe thd a single pre-
dictor cannot be a reliable indicator of how large in general the correlation

needs to be to lead to a consistent improvement in retrieval dfectiveness over
a wide range of predictor values.

Queries 1-18

true ranking  [1][2][3][4][5][6][7][8][9][10][11][12}{23] [t4][z5] [ze] [17] z8]
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Figure 4.1: The top row contains the true ranking of queries according to their retrieval
effectiveness, with the bottom ranked queries (in grey) assumed b bene t from not applying
AQE.R1, R, and Rz are predicted rankings of query performance. SQE based oiR; leads to
optimal retrieval effectiveness - all AQE decisions are made arrectly. R, leads to a correct
AQE decision in one third of the queries. Based orR3z, fourteen correct expansion decisions
are made.

Figure 4.1 contains an example that highlights the issues just descriled. In this
instance, consider the operational setting of SQE. Let the gery set consist of 18
gueries. Thetrue ranking is the ranking of the queries based on their retrieval per-
formance where rank 1 is assigned to the best performing query. Let us further
assume that the worst one third performing queries (in grey) bene t from not per-
forming AQE. Here, R, R, and R; are examples of predicted rankings by different
prediction methods. Ranking R; does not predict the rank of any query correctly
which is re ected in its correlation coef cient of g, = 0:06. However, in the SQE
setup the correct expansion decision is made for each query Wwich results in the
optimal improvement in retrieval effectiveness.

The opposite case is rankingR, which results in a correlation of g, = 0:53
Note that for twelve queries the wrong decision is made, which leads to a less than
optimal retrieval effectiveness. Finally, based on predi¢ed ranking Rz, for four
gueries, the wrong AQE decisions are made, although the coelation R; achieves is
very similar to the correlation of R,: r, = 0:49.

This example shows how similar correlations may have compléely different im-
pacts on retrieval performance, while different correlations can lead to counter-
intuitive losses or gains in retrieval effectiveness. Altrough, admittedly, this exam-
ple is somewhat contrived, it highlights why a single predicted ranking can lead to
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misleading conclusions about the rank correlation coef cient required to achieve an
adequate retrieval effectiveness in an adaptive retrievalsetting.

4.3 Materials and Methods

In an ideal setting we would conduct an investigation as follows. Given a large
number of query performance prediction methods, a large number of retrieval algo-
rithms and a set of queries:

let each prediction method predict the queries' quality and determine the pre-
diction method's performance in terms of Kendall's

use the predictions in an operational setting and perform retrieval experiments
to derive a baseline and predictor-based result, and,

nally determine at what level of correlation the predictor -based retrieval re-
sults generally show improvements over the baseline resuk.

In practice, such a setup is not feasible for two reasons. Masimportantly, the
predictors are limited in their accuracy, which would not al low us to investigate the
change in retrieval performance at higher correlations than 0:6. Furthermore,
not all settings may strictly adhere to the particular assumptions made, a noise
factor which needs to be taken into account. For instance, a ommon assumption
of SQE is that well performing queries improve when AQE is appied. This might
not always be the case though. In the experiments describedn the next sections,
we are able to control for these effects and thus are able to pecisely investigate the
in uence of these factors.

4.3.1 Data Sets

To make our results generalizable and less dependent on a pdicular retrieval ap-
proach, we utilize TREC data sets and in particular the runs sibmitted by the TREC
participants to different adhoc retrieval tasks to simulate diverse sets of retrieval ap-
proaches. All TREC runs submitted for each query set with a MR greater than0:15
are included in this study. The data sets are listed below. Inbrackets, the number of
runs per data set are shown.

TREC-6 (49), TREC-7 (77) and TREC-8 (103) based on the corpu§REC Vol.
4+5,

TREC-9 (53) and TREC-10 (59) based on the corpus WT10g, and,

Terabyte-04 (35), Terabyte-05 (50) and Terabyte-06 (71) based on the GOV2
Corpus.

Please note, that we changed the terminology with respect tothe previous chapters
(TREC-6 instead of 301-350). We do so deliberately to indicae that we deal with
runs now instead of a set of queries. The range in retrieval effeciveness is consid-
erable: while the minimum is xed to 0:15, the best performing run achieves a MAP
of 0:47.
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4.3.2 Predictions of Arbitrary Accuracy

Since Kendall's is based on ranks (instead of scores), it is possible to constict
predicted rankings for any level of correlation, simply by randomly permutating the
true performance ranking of queries. The smaller the numberof permutations, the
closer isto 1. Conversely, the larger the number of permutations of the ground
truth based ranking, the closer is to 0. From the full correlation coef cient range
of 2 [ 1;1], sixteen intervals CORR = fcyy; i1 Co:g5g Were investigated, each of
size 0:05, starting with cy.; = [0:1;0:15) and ending with cy.gs = [0:85;0:9). This
correlation range is suf cient for our purposes, since negative correlations can be
transformed into positive correlations by reversing the ranking and = 1 indicates
two perfectly aligned rankings.
For each coef cient interval ¢, 1000rankings were randomly generated with

2 ¢ with respect to the true ranking. We rely on such a large number of rankings
due to the issues outlined in Figure 4.1. By considering the application of 1000
predicted rankings for each correlation interval ¢, we can consider the change in
retrieval effectiveness on average Each predicted ranking is utilized in the SQE
and MS experiments in place of a query ranking produced by a qery performance
predictor. This setup allows us to analyze the impact of varying levels of correlation
against the change in retrieval effectiveness between the nn-adaptive baseline and
the prediction-based system. All query rankings were geneated once for query set
sizes ofm = f50; 100 150y and then kept xed across all experiments.

4.4 Selective Query Expansion Experiments

We analyze the relationship between Kendall's as an evaluation measure of query
performance prediction and the change in retrieval effectiveness when queries are
expanded selectively in a setup analogous to the setup inveggated by Yom-Tov et al.
[167].

The effect AQE has on retrieval effectiveness varies consetably and is depen-
dent on the particular AQE approach, the retrieval algorithm and the set of queries
evaluated. The literature on AQE and pseudo-relevance feeldack is vast and con-
tains many different observations, which may substantially contradict each other.
What makes pseudo-relevance feedback work is still not perctly understood, de-
spite signi cant efforts in the past such as the RIA Workshop[24, 63]. Interest in
this research direction has not diminished, as evident by lsst year's TREC, where the
Relevance Feedback track 26] was introduced.

It is beyond the scope of this work, to cover a wide range of literature on AQE;
instead we give an overview of ndings that are most pertinent to our experiments.
Whilst across the whole query set, AQE aids retrieval effeéveness with improve-
ments ranging from 3%to 40%([107, 162, 163], not all queries benet. The per-
centage of queries from a query set that perform worse when A is applied varies
between 20%and 40%[ 4, 95, 107, 162]. Amati et al. [ 4], Carpineto et al. [ 32] and
Kwok [95] observe that the worst and the very best performing queriesare hurt by
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AQE. As reason for the degradation in performance of the bestjueries is given that
a highly effective query is actually diluted if additional u nnecessary query terms
are added to it and the result quality suffers. Carmel et al. [29] and Xu and Croft

[162] on the other hand only report the worst performing queries t o be hurt by the

application of AQE.

4.4.1 Experimental Details

Let us for now assume that all well performing queries improve with the applica-
tion of AQE, while the worst performing queries degrade with AQE. Let be a rank
threshold. Our SQE setup is as follows: given a set o queries, they are ranked
according to their predicted performance. AQE is applied tothe best ( m 1)
performing queries, the remaining queries are not expanded As this setup only re-
quires predicted rankings, we can use our generated predictd rankings of arbitrary
accuracy. To evaluate the retrieval effectiveness of SQE, @/require pairs of baseline
(no AQE) and AQE runs. Then, we perform SQE based on the predted rankings
and consider SQE to be successful when it improves over the teeval effectiveness
of the AQE run. We derive baseline and AQE run pairs from the runs in our data
sets. As we are not interested in the ranked list of results ttemselves, but in the ef-
fectiveness of each run on each queryy, for the purpose of this chapter, we consider
arun to consist of a list of average precision values, thugun = (ap?t; ap?2;::;; ap™).

Run Pairs

Each run of our data sets is considered as a baseline rumun y,se, Where no AQE
is applied. As the runs consist ofm = 50 ap values, in order to obtain baseline
runs for m = 100 and m = 150, the original runs were randomly concatenated. For
each baseline run a corresponding AQE runrun 4qe is generated. Recall, that we
work with the assumption that AQE improves the effectiveness of the well perform-
ing queries, while degrading the effectiveness of poorly peforming queries. Thus,
for each apggse iN runpase, @ respectiveapd,, value in run,qe is generated such that
apli. > app.s. When apil isamong the top(  m 1) performing queries in run pase,
otherwise apfl;,. < app,e.- The ap values are randomly sampled (with the outlined
restrictions) from the other runs in the data sets. This strategy is supported by re-
sults reported by Billerbeck and Zobel [19] and Carpineto et al. [ 32], where no cor-
relation between ag,., and the amount of improvement, thatis =( apl,. ap..).

> 0, was found. The optimal SQE runrun is the run where the correct AQE
decision is made for every query, that isapg;)t = max(apce apiie). We only include
run pairs where the MAP of run ,4e improves by between 15%and 30%o0ver run pase
and the MAP ofrun,; improves by at least3% over run 4qe. Due to the random com-
ponent in the run pair generation process 500run pairs are created for each setting
of = f1=2;2=3;3=4gand m = f50;10Q 150y. The choice of is based on results in
the literature [ 107, 162], the settings of m are typical TREC topic set sizes.

Table 4.1 contains basic statistics of all generated run pairs. Here,av. MAPis
the MAP of the baseline (basg, the expanded (aqe and the optimal SQE runs (opt),
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m #pairs | av. MARase | av. MARge | av. MAR:
50 | 1= 500 0:198 0:236 0:256
2=3 500 0:243 0:293 0:306
3= | 500 0:270 0:325 0:337
100| 1= 500 0:199 0:238 0:254
2=3 500 0:243 0:295 0:307
3=4 | 500 0:281 0:335 0:347
150| 1= 500 0:201 0:241 0:257
2=3 500 0:250 0:301 0:313
34| 500 0:278 0:331 0:342

Table 4.1: Statistics of run pairs generated for the SQE setting.

averaged over all500run pairs. The difference in retrieval effectiveness betwesn the
baseline and the AQE runs are in all instances greater than beveen the AQE and
the optimal SQE runs. This is explained by the fact that the best performing queries
all come from the AQE run in the optimal SQE run. Furthermore, as increases, the
improvement of the optimal SQE runs over the AQE runs degrads slightly as more
gueries of the AQE runs occur in the optimal SQE runs.

SQE Experiment

Given the 1000generated rankings per correlation coef cient interval ¢ and the 500
run pairs (runpase run aq¢) for each setting of and m, SQE is thus performed500000
times for eachc. A formal description of the experiment is provided in Algorithm 1.

From each run pair and predicted ranking in ¢ a selective AQE runrungge is
formed: if according to the predicted ranking ap., is among the top ( m 1)
scores inrunpase, then apdi, = apfi., that is the AQE result is used. The remaining
queries are not expanded and it follows that apd;. = ap;,.. Recorded are the MAP
Of runpase, F'UN age, UN gy @nd runsge. We consider SQE to be successful if the MAP
of runsqe is higher than the MAP of run,qe. Since the run pairs lead to different
absolute changes in retrieval effectiveness, we report a nanalized value:

MAP sge MAP base.
MAP Opt MAP base.

Vege = 100 (4.1)

When the correct AQE decision is made for each queryysqe = 100. In contrast,
Vsge < 0 if the MAP of rungge is below the baseline'srunyase MAP. We present the
results, derived for each ¢, in the form of box plots [ 142]. Every box marks the
lower quartile, the median and the upper quartile of the 500000vs,e values. The
whiskers show the 1.5 inter-quartile range, the remaining separately marked points
are outliers. We also include in the plots the median normalized value of the AQE
runs as a horizontal line - this is the value vsqe must improve upon in order for
SQE to be deemed successful. We chose this type of visualizah because it offers a
convenient way of depicting the information we are interested in. Each box element
marks the interval where the middle 50% of the vsqe Scores of all test cases, made
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for a single correlation coef cient band, fall. The height o f each box indicates the
spread of the results. If the entire box is above the horizongal line, at least 75% of
Vsqe Values outperform the normalized AQE value. Conversely, ifthe box is below
the horizontal line, less than 25%o0f vg4e Value outperform the AQE value.

Algorithm 1: Selective query expansion

1 foreach ¢2 CORR do . for all correlation intervals c
2 foreach r 2 RANK € do .for all rankings with 2 ¢
3 foreach (runpase ruNage) 2 RUNS do . for all run pairs
4 MUNgge = 5 MUNgpt =
5 fori! 1;mdo
6 if rliJ< ( m)then .SQE
7 | apfie = aple.
8 else
9 | apfie = aPhase
10 end
11 apdy, = max(apil.. ape)
12 end
_ MAP sqe  MAP pase
13 Vsqe =100 Gp 0(:,1 MAP Lse
_ MAP age MAP pase
14 Vage = 100 75 02‘ MAP sase
15 end
16 end
17 end
442 Results

We perform two sets of experiments. The rst experiment is s up to represent the
ideal situation where the assumption we listed about SQE hotls. It was designed to
test the relationship between and SQE effectiveness in anoise-freeenvironment.
Thus, the results can be considered as best case. The secondperiment tests the
robustness of SQE against noise.

Best-Case Scenario

In this experiment, our assumption that AQE only hurts the worst performing queries
holds for all run pairs. We also assume to be known. The results of the experiment
are shown in Figure 4.2. The rst row depicts the boxplots for m = 50 queries,
the second row contains the results ofm = 100 queries and the last row shows the
development for m = 150 queries.

We observe, that independent of the settings ofm and , for all correlation in-
tervals ¢ a number of positive and negative outliers exist, where the MAP of run gge
improves or degrades overrun,qe's MAP. Thus, even if = 0:1, a predictor can be
successful by chance. In contrast, a predicted ranking with = 0:9 can still result
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(& m=50, =1=2 (b) m =50, =2=3 (c) m=50, =34
(d) m=100, =1=2 (e) m=100, =2=3 (ff m=100, =34
(9y m=150, =1=2 (h) m =150, =2=3 (i) m=150, =34

Figure 4.2: SQE best-case scenario. Listed on the x-axis is the starting valuef each cor-
relation interval ¢, that is the results for co.» = [0:2;0:25) are shown at position 0:2. The
horizontal lines mark the normalized median value of the performance of the AQE runs,
which vsqe must improve upon for SQE to be considered successful.

in a negative change of retrieval effectiveness. This suppds the view that a single
experiment and predictor are inadequate indicators to show a predictor method's
utility in practice.

When the correlation of the predicted ranking with respect to the ground truth
is low, runsge may perform worse than runyase. This is for instance visible in Fig-
ure 4.2afor = 1=2and m = 50, where the vy values are negative. Recall that
the generation process of run pairs (Section4.4.1) ensures that runpase performs
between 15% and 30% worse than run 4, thus a poor predictor can signi cantly
degrade the effectiveness of a system. An increase in generally leads to a smaller
spread in performance (the height of the boxes in the plot) of vsye, indicating that
outliers are rarer and the performance drop is less pronoun&d.

Increasing the setting of yields rises inv,qe, as can be expected: when = %,
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m 25% | 50% | 75% | min. 95% opt.
50 | 1=2| 0:30 | 0:40 | 0:50 0:20
2=3 | 0:35 | 0:45 | 0:60 0:10
3=4 | 0:35 | 0:45 | 0:60 0:10
100| 1=2 | 0:35 | 0:45 | 0:55 0:35
2=3 | 0:40 | 0:50 | 0:60 0:30
34| 035 | 0:45| 0:55 0:20
150| 1=2 | 0:35 | 0:45 | 0:50 0:50
2=3 | 0:45 | 0:50 | 0:55 0:45
3=4 | 0:35| 0:45 | 0:50 0:35

Table 4.2: SQE best-case scenario: summary of necessary to improve25%, 50% and 75%
of run sqe over the median of run aqe. The nal column contains the minimum correlation
coef cient interval where at least in one instance run sqe reaches95%retrieval effectiveness
of run gpt.

three quarters of the queries in run 4qe outperform the queries of runpase, ONly very
poorly performing queries have a slightly worse performance when expanded. If on
the other hand = % the medium performing queries can degrade and the range of
possible degradation is larger.

Finally, the number m of queries also in uences the outcome: with increased
query set size the spread of results decreases and the ressltbecome more stable.
This is visible in the plots by the decreased height of the boxs as well as the fewer
extreme cases. Thus, the more queries are used in the evalu@n, the better the
correspondence between the evaluation measure and the pedrmance in an opera-
tional setting.

To provide an overview of the results, we summarize the most mportant cor-
relation thresholds in Table 4.2. Reported are the thresholds of where 25% 50%
and 75% of the 500000test cases overcome the horizontal line in the plots. The
nal column of Table 4.2 shows the minimum correlation coef cient for which in at
least one test caserun sqe reaches95%retrieval effectiveness ofrungy. This value
is particularly low for m = 50, that is, even if the correlation is not statistically sig-
ni cantly different from = 0, the ranking can lead to a close to optimal result in
the SQE setting. In short, in the best-case scenario of SQE, rere we have perfect
knowledge about which queries improve effectiveness when leing expanded and
which degrade, medium correlations are suf cient to improv e the effectiveness.

Random Perturbations

The best-case scenario presented in the previous section isnrealistic, as we do not
have perfect knowledge about what queries will improve and degrade with the ap-
plication of AQE. Thus, to complement the rst experiment, w e now investigate how
imperfect knowledge of the in uence of AQE changes the resuts. This experiment
IS motivated by the divergent observations by Amati et al. [4], Kwok [ 95], Mitra

et al. [107] and Xu and Croft [ 162] about the change in effectiveness of the best
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performing queries when AQE is applied.

To simulate such violation we turn to perturbing run,qe. Given a pair of runs
(runpase run 54¢), We randomly select a queryq; fromthetop ( m 1) performing
queries of run 54 and perturb its score apfl;, to @, which is a random value below
apii.. To keep the MAP ofrun . constant, the difference (apd, fee) IS randomly
distributed among the remaining ap values of run 4. This ensures that the overall
effectiveness ofrunqe remains between 15% and 30% better than runpsse. This
procedure is performed for p = f10% 20% 30%g of thetop ( m 1) performing
queries. Speci cally, the number of queries perturbed for each value of p were
f3;5;8g for m =50, f5;10;, 159 for m = 100 and f 8; 15; 23g for m = 150.

(@ m=50,p=10% (b) m =50, p=20% (c) m =50, p=30%
(d) m =100, p=10% (e) m =100, p=20% (f) m =100, p=30%
(g) m=150,p=10% (h) m =150, p=20% (i) m =150, p=30%

Figure 4.3: SQE random perturbation scenario. is xed to 1=2.

The results of this experiment are shown in Figure4.3. Note, that we xed to
1=2 in order to avoid having another changing parameter in the experiments. It is
evident, that even a small number of perturbed queries already has great in uence
on the usability of a query performance predictor in the SQE stting. When p = 10%
of queries are perturbed (Figures4.3a, 4.3d and 4.3g), the perturbation can still be
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compensated, and a correlation 0:55is necessary to ensure that for more than
50%o0f the test cases the selectively expanded runs improve ovethe fully expanded

runs. The trend of improvement however is already less visilbe for p = 20%. A
further increase in the number of perturbed queries leads tothe situation as visible
for p = 30% (Figures 4.3c, 4.3f and 4.3i), where independent of the actual accu-
racy of the predicted ranking, in less than 25% of all test cases an improvement of
effectiveness over the fully expanded run is possible, altlough positive outliers still

exist across all levels ofc. Also, notably different from the optimal scenario in the

best-case scenario is the performance of the negative outirs: when p = 30%, for all

m and correlation intervals there exist test cases that perfem considerably worse
than runase such that vsqe is negative.

It should also be pointed out that the median of the normalized AQE value (the
horizontal line), decreases slightly with increasing p. This effect is due to the way
run 4qe is perturbed. Since the MAP is kept constant forrun aqe and runpase When
perturbing the queries and v4qe is de ned as (Algorithm 1):

MAP age MAP base-
M AP Opt M AP base '

Vage = 100 (4.2)

it follows, that the decrease of v is the result of a small increase of MAP oy,
created by the random distribution of (apf. fie) remainders.

m p | 25% | 50% | 75% | min. 95% opt.

50 | 10%| 0:35 | 0:55 | 0:75 0:35
20% | 0:45| 0:80 - 0:40
30%| - - - -

100| 10% | 0:45 | 0:55 | 0:75 0:65
20% | 0:65 - - -
30% -

150 10%| 0:45 | 0:60 | 0:70 -
20%| 0:65| 0:85| - -
30%)]| - - - -

Table 4.3: SQE random perturbations scenario: summary of necessary to improve25%,
50% and 75% of run sqe over the median of run aqe. The nal column contains the minimum
correlation coef cient interval where at least in one instance run sqe reaches95% retrieval
effectiveness ofrun ;. In all experiments, =1=2is xed.

Table 4.3 summarizes the levels of correlation required in the random perturba-
tion scenario where 25% 50%and 75%o0f the test cases improve over the AQE run.
Feasible thresholds can only be achieved fop = 10% perturbations.

4.4.3 Out-of-the-Box Automatic Query Expansion

The pseudo-relevance feedback mechanism employed to detemine which terms to
enhance a query with can be very complex with many parametersrequiring sub-
stantial tuning. In practice however, out-of-the-box mechanisms are often used as
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Figure 4.4: Scatter plot of behavior of out of the box AQE runs. Each marker stands for o
AQE run. The y-axis shows the number of queriesN for which AQE improves the queries'
effectiveness. The x-axis shows the percentage of queries amontipe top N performing
unexpanded baseline queries that do not improve with AQE.

supplied by Information Retrieval toolkits such as Lucene, Terrier or Lemur/Indri.
In this section, we determine how many of the top performing queries indeed im-
prove with the application of AQE. For this analysis, we relied on the query sets
and corpora already utilized in Chapters 2 and 3. The retrieval approach is xed to
Language Modeling with Dirichlet smoothing ( = 500). The title part of the TREC
topics is utilized to form the queries. The AQE experiment isperformed with Indri's
default AQE setup. We varied the number of feedback terms anddocuments to use
for AQE between5, 10, 20 and 50 for both parameters. Thus, for each query set,
sixteen (4x4 parameter pairings) different AQE runs are created. We then compare
these runs to the baseline runs where no AQE is employed.

The results of this analysis are shown in Figure4.4. Each point represents one
AQE run. The vertical axis depicts the number of queriesN (out of 50 for each
guery set) for which the AQE run exhibits a higher average precision than the non-
expanded baseline run. The horizontal axis depicts the perentage of queries among
the top N performing baseline queries that do not improve with AQE. The closer
that value is to 0% the better the assumption holds that the top performing queries
improve their effectiveness when AQE is applied.

The scatter plot shows that how well the AQE assumption holdsis not only de-
pendent on the parameter settings of the AQE mechanism, but &0 on the query
set. When we consider the results of query set 751-800 the nurber of queries (out
of 50) that improve with AQE vary between 26 and 45, depending on the setting of
the number of feedback terms and documents. A comparison bewveen the runs of
guery set 751-800 and query set 801-850 shows that although loth are based on
the same corpus (GOV2), the results differ considerably. Fo query set 801-850, in
the most favorable parameter settingN = 31 queries improve when AQE is applied,
a strong contrast to most runs of query set 751-800.
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The scatter plot also shows that only a small minority of runs overall have less
than 20%of non-improving queries in the top ranks; for most runs this number lies
between 25%and 45% In general, the fewer queriesN improve overall, the larger
the percentage of queries performing contrary to the commonSQE assumption.

4.5 Meta-Search Experiments

The second operational setting for query performance predction under investiga-
tion is meta-search. From a high level perspective, MS may bealescribed as any
setting where two or more ranked lists of results are returned for a single input
query. The result lists can either contain documents from the same collection or
documents retrieved from different corpora. In the former case, the input query can
be varied, for instance, by adding or deleting query terms swch that different results
are returned for each query variation. Alternatively, a range of retrieval approaches
can be employed to retrieve a wider variety of documents. Ths is the setting we em-
ploy in our experiments, which is analogous to Winaver et al. [ 159]'s experiments:
given a query and a set oft runs, we pick the run that is predicted to perform best
for the query. We chose this setup over the data fusion setup ealuated by Yom-Tov
et al. [ 167] and by Wu and Crestani [ 160], where the merging algorithm introduces
an additional dimension, as it allows us to better control th e experimental setting.

4.5.1 Experimental Details

Selecting the run that is predicted to perform bestequires some consideration since
we evaluate the rank correlation coef cient  and thus rely on predicted ranks. The
obvious mechanism is to consider the rank the query is predited to have in each sys-
tem and then use the system where the query is ranked highestthe rank approach).
This can be misleading though, in particular when the difference in systems' perfor-
mances is large. To illustrate this point, we formulate the following example. Let
for three queries the average precision scores of syster; be (0:2;0:4;0:1) and for
systemsS; let them be (0:8; 0:6; 0:4). An accurate prediction method will predict the
middle query to have rank 1in S; and rank 2 in S,, therefore, based on ranks, the
output of S; would be picked. This is clearly incorrect.

This problem can be alleviated by transforming the ranks into average precision
scores, that is thei™ predicted rank is transformed into i highest average preci-
sion score of the set of queries. Then for each query, the sysim with the highest
predicted average precision scoi® chosen (the score approach). Since this exper-
iment assumes knowledge of the true average precision scor® the results can be
considered as a lower bound for necessary to reliably improve retrieval effective-
ness. The major results that follow are based on thescoreapproach. For comparison
purposes, we report a number of results of therank approach as well.

In preliminary experiments we found two parameters in uenc ing the retrieval
effectiveness of predictor based meta-search. These are:

the number t of runs participating in the MS setup, and,
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the percentage of improvement in MAP between the worst (runy,,) and the
best (runnign ) performing run in the set of t runs.

The experimental setup re ects these ndings. We derived 500 sets oft runs
from the TREC data sets for various settings of : 0% 5%, 5% 10% 10% 15%
15% 20% 30% 35%and 50% 55% A range of0% 5% means, that all t runs
perform very similar with respect to MAR while in the extrem e setting of , the MAP
of the best run in the set is between50%and 55%higher than of the worst run. No
limitations exist for the runs that are neither the best nor t he worst in a set of runs.

It should be pointed out, that the setting of in uences two other factors. Let us
briey assume t =2 and MAP,, MAP,,. The parameter in uences the number
of times a query of r; has a higher average precision than the corresponding query
of r,. It also inuences the percentage of increase from MAP,;, to MAP oy, the
latter being the MAP of the optimal meta-search run, formed by always picking the
better performing query from r; and r,. By not further restricting the parameters,
we implicitly make the assumption that the positions at whic h one run outperforms
another are random and that the amount of improvement or degradation is random
as well.

In order to generate each set of runs,t runs are randomly selected from the TREC
runs of our data sets (for m > 50, runs are randomly concatenated). A set is valid if
the maximum percentage of retrieval improvement lies in the speci ed interval of
In order to avoid sets of runs where a single spike in the difference in ap overshad-
ows the other query items, no query pair may have a differencein ap larger than
0:4°. Recall, that 1000predicted rankings exist per correlation coef cient inter val ;.
As we requiret predicted rankings per set of runs,t rankings are randomly chosen
from all rankings of a given ¢. This implies that query performance predictors have
similar performances in terms of over different systems.

Algorithm 2 offers a formal description of the experiment. The meta-seach run
run meta IS created by selecting for each query the result of the run wth the highest
predicted ap score. The optimal run runy is derived by apy,, = max(ap]'; ::; apf").
As in to the SQE experiments, we report the normalized perfomance of run e, :

MAP meta MAP low

= 100
Vmeta MAP oy MAP o '

(4.3)

where MAP o IS the MAP value of the worst of thet runs. When Viyeta < 0, run meta

performs worse than the worst run of the set, a value of vneta = 100 on the other

hand implies that run e 'S performance is optimal, that is for every query the cor-
rect run is chosen. For MS to be considered a successyn 2 Needs to outperform

the best individual run in the set of t runs. As in the SQE experiments, this threshold
is indicated by the horizontal lines in the box plots, which i s the normalized median
of the best runs' MAP across all sets of runs.

2This value was empirically chosen after evaluating the datasets.
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Algorithm 2: Meta-search

1 foreach c2 CORR do . for all correlation intervals c
2 for i ! 1;1000do

3 r, = random(r 2 RANK ©)

4

5 ry = random(r 2 RANK ©)

6 foreach (rung;::;;runy) 2 RUNS do .for all run sets
7 MUNmeta = 53 MUNgpt =

8 forj! 1,mdo

9 s = max(scorgrunq;rqfj]);::; scorgruny;rfj 1))

10 X = run _index_of (s)

11 aple, = apy .MS

12 apgy = max(ap;’;:;ap’)

13 end

14 MARow = min (MAPy; :;; MAR,)

15 MAR,gh = max(MAP;; :;; MAR)
_ MAP m MAP jow
16 Vmeta = 100 St —ap o
_ MAP high  MAP 0w
17 Vhigh = 100 MAP oi‘ MAP Io?/v
18 end
19 end
20 end

Another aspect we consider is whether in cases where the metaearch run im-
proves over the best run in the set of runs, the improvement isstatistically signif-
icant. We performed a paired t-test [127] with signi cance level 0:05 for each of
those run pairs. We report this statistic by the percentage & run results for each
correlation coef cient interval (that is, all 500 sets of sy stems times 1000 permuta-
tions) where the meta-search run signi cantly outperforms the best individual run.

45.2 Results

To gain an overview, we experimented with run sets of sizest = f2; 3;4;5g. In the
following two sections the results for t =2 and t = 4 are detailed. Before describing
the results, we de ne one more quantity, namely

ratio gy = %; (4.4)

which is the fraction of queries w in rung, that were chosen from the worst per-
forming run; (ratioe,) is the corresponding standard deviation over all sets of
runs. With increasing , less queries from the worst performing run can be expected
to be utilized in the optimal run. For comparison, if the systems were to be chosen
at random for each query, one would expect approximately 1=t queries to come from
each system.
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Meta-Search with t =2 Systems

First, we restrict ourselves to sets consisting of two systms each, that ist = 2, and
evaluate the in uence the parameter has in the settings of0% 5%, 5% 10%
10% 15%and 15% 20% To get an impression of how in uences the quantity
ratio,w, consider the results shown Table4.4. The table contains the development
for all stages of . If the queries had been drawn at random from both runs with
equal probability, the mean would have been approximately 0:5. Evidently, with
increasing difference in the runs' effectiveness, less quees are selected on average
from the worse performing run. To provide more detailed info rmation, the last three
columns of Table 4.4 show the average MAP of the worse and better performing
run per set of systems as well as the MAP of the optimal run, whch is derived by
choosing the better performing result for each query from both runs.

We also investigated if queries at certain positions within the query set are more
likely to come from the worse performing run, but the results showed that the posi-
tions across the entire query set were covered uniformly.

m #pairs | ratiojow (ratioew) | av. MARsw | av. MARgh av. MARyy
50 0 5% 500 0:478 0:057 0:254 0:260 0:298
5 10% 500 0:432 0:053 0:249 0:268 0:300
10 15% 500 0:394 0:056 0:235 0:264 0:293
15 20% 500 0:355 0:055 0:227 0:267 0:292
100 0 5% 500 0:502 0:080 0:227 0:232 0:268
5 10% 500 0:457 0:083 0:229 0:246 0:278
10 15% 500 0:414 0:067 0:215 0:241 0:271
15 20% 500 0:386 0:076 0:202 0:238 0:264
150 0 5% 500 0:514 0:080 0:236 0:242 0:277
5 10% 500 0:468 0:078 0:227 0:244 0:276
10 15% 500 0:427 0:075 0:217 0:244 0:272
15 20% 500 0:395 0:076 0:208 0:244 0:269

Table 4.4: Statistics of the sets of runs, generated for thet = 2 experiments.

The results of the MS experiment with the scoreapproach applied are shown in
Figure 4.5 in the form of box plots. Most notably, in contrast to the SQE experiment,
a very low correlation can be suf cient to improve the effectiveness ofrun s Over
the effectiveness of the better performing individual run. Speci cally, the smaller
the lower the correlation may be to still lead to an improvement of run e . At the
same time, the results show thatfor =0 5%in particular, the spread of outliers is
very wide, in the positive as well as the negative direction. Thus, while the majority
of test cases improve at low , in some instances an extremely poor performance is
recorded, as evident by negative values o¥ex across all parameter settings. Again
the observation can be made that a larger value ofm gives more reliable results as
the spread of results degrades.

To gain an understanding of the in uence of the scoreversus therank approach
in Algorithm 2 (line 9), consider the results in Table 4.5. Analogous to the SQE
experiments, we report the thresholds of to improve at least a quarter, half and
three quarters of test cases whererun mera improves over runpgn respectively. This
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(@) m =50, (b) m =50, (c) m =50, (d) m =50,

=0 5% =5 10% =10 15% =15 20%
(e) m =100, () m =100, (g) m =100, (h) m =100,

=0 5% =5 10% =10 15% =15 20%
(i) m =150, () m =150, (k) m =150, () m =150,

=0 5% =5 10% =10 15% =15 20%

Figure 4.5: Meta-Search results with score approach andt = 2 systems in a set.

gives an indication of what kind of is necessary to achieve adequate performance
when applying query performance prediction in the MS setting. When is low and
thus the difference in effectiveness between the runs is lowthere is no difference
between rank and scorg the thresholds are the same. However, when increases
and thus the difference in performance between the participating systems increases,
the required by the rank approach to achieve the same MS performance as the
scoreapproach is between0:05and 0:1 higher.

The results of the signi cance tests are shown in Figure4.6, where we investi-
gate to what extent run mera performs better than runyg, in a statistically signi cant
manner. The plot shows the percentage of test cases in whichliun e, Signi cantly
improves over runygn for each correlation interval ¢. Although we showed that
low is suf cient to improve the retrieval effectiveness, signi cant improvements
are considerably more dif cult to achieve. The trend is clear: the lower m and the
higher , the more dif cult it is to obtain signi cant improvements. If we aim for
at least 50% signi cant improvements in the test cases, 0:4 for the setting of
m=150and =0 5% If m =50, a correlation of 0:6 is required.
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m 25% 50% 75% min. 95% opt.
score rank | score rank | score rank | score rank
50 0 5% 0:10 (@10 | 0:10 010 | 025 (025 | 010 010
5 10%| 0:10 010 | 025 (@25 | 0:35 040 | 0:35 035
10 15% | 0:20 030 | 035 (@40 | 045 055 | 015 045
15 20% | 030 040 | 0:45 (@55 | 055 065 | 0:40 050
100 0 5% 0:10 (G10 | 0:10 010 | 0:20 (@20 | 045 045
5 10%| 0:10 010 | 020 (G20 | 0:30 035 | 0:35 045
10 15% | 0:20 025 | 0:30 (@40 | 040 045 | 040 050
15 20%| 030 035 | 035 (045 | 045 055 | 045 060
150 0 5% 0:10 (@10 | 0:10 010 | 015 (@15 | 050 060
5 10%| 010 015 | 020 (@25 | 0:30 030 | 055 065
10 15% | 025 025 | 0:30 (@35 | 040 045 | 060 065
15 20% | 035 040 | 0:40 (@50 | 0:50 055 | 0:60 Q75

Table 4.5: Meta-search scenario witht = 2 systems in a set: summary of necessary to
improve 25%, 50% and 75% of the sets of systems over the median of the best individual
system for the rank and score approach. The nal two columns contain the minimum
where at least one MS run reache95% performance of the optimal MS run.

Figure 4.6: Signi cance testing for the t = 2 systems setup: percentage of test cases where
run meta Signi cantly improves over run pign .

Meta-Search with t =4 Systems

A MS setting with only two participating systems might not be very realistic. For
this reason we further we experiment with increasing the number of systems. In this
section speci cally, the results of the experiments with t = 4 systems are described.
Apart from changing t, larger intervals of are evaluated:0 5%, 15 20% 30 35%
and 50 55% As more systems participate in the meta-search setup, thelkelihood
increases that at least one system performs particularly porly or well.

The statistics of the generated sets of systems are detaileoh Table 4.6. Att =4,
if the run selection were to be random, we expect 25% of the results to come from
each run. As expected, with increasing , less results from the worst performing
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m #pairs | ratiojgy (ratioey) | av. MARow | av. MARgh MAP,pt
50 0 5% 500 0:234 0:077 0:236 0:245 0:328
15 20% 500 0:184 0:067 0:220 0:259 0:334
30 35% 500 0:145 0:059 0:209 0:277 0:344
50 55% 500 0:115 0:051 0:196 0:298 0:356
100 | 0 5% 500 0:229 0:073 0:230 0:239 0:340
15 20% 500 0:192 0:068 0:212 0:250 0:341
30 35% 500 0:171 0:061 0:198 0:262 0:341
50 55% 500 0:138 0:060 0:180 0:275 0:351
150 | 0 5% 500 0:235 0:065 0:222 0:231 0:345
15 20% 500 0:200 0:062 0:211 0:249 0:347
30 35% 500 0:175 0:057 0:195 0:259 0:348
50 55% 500 0:145 0:056 0:182 0:277 0:354

Table 4.6: Statistics of the sets of runs, generated for thet = 4 experiments.

run are utilized in the optimal run. Though even for large dif ferences in retrieval

effectiveness ( = 50% 55%), the worst performing run still contributes towards

the optimal run. Moreover, with increasing , the MAP of the worst performing run

consequently degrades whereas the MAP of the best performig run increases. The

performance of the optimal run on the other hand is not as strongly dependent on
, a slight increase in MAP is observed when increases.

m 25% 50% 75% min. 95% opt.
score rank | score rank | score rank | score rank
50 0 5% 0:10 (@10 | 0:10 (@10 | 010 (@15 | 055 065
15 20% | 0:10 Q10 | 0:15 (G20 | 025 (030 | 060 065
30 35%| 0:20 Q30 | 0:30 035 | 0:35 045 | 060 065
50 55% | 0:30 Q50 | 0:40 (055 | 050 065 | 055 060
100 0 5% 0:10 (@10 | 0:10 (@10 | G100 @10 | ©O:70 Q75
15 20% | 0:10 (@10 | 0:10 (@15 | 020 (@20 | 070 Q75
30 35% | 0:15 (020 | 0:20 Q30| 0:30 @35 | 070 Q75
50 55% | 0:20 Q30 | 0:30 035 | 0:35 045 | 065 080
150 0 5% 0:10 (010 | 0:10 (@10 | G100 (@15 | 080 080
15 20% | 0:10 (@10 | 0:10 @15 | 020 @20 | 070 080
30 35% | 0:15 Q15| 0:20 @25 | 025 Q30 | 075 080
50 55% | 0:25 (030 | 0:30 035 | 0:35 045 | 0:75 085

Table 4.7: Meta-search scenario witht = 4 systems per set: summary of necessary to
improve 25%, 50% and 75% of the sets of systems over the median of the best individual
system for the rank and score approach. The nal two columns contain the minimum
where at least one MS run reaches95% performance of the optimal MS run.

The results of the experiments with t = 4 systems are depicted in Figure4.7.
The trends are similar to the experiment with t = 2 systems (Figure4.5). When is
low and thus the difference in retrieval effectiveness between the retrieval systems
IS minor, predictions that achieve low correlations are suf cient to improve run neta
over the effectiveness of the best run in the set. In contrastto the results for t = 2,
however, the spread of results is considerably smaller; in @rticular the degradation
over the worst performing individual run is less developed. Although this is partially
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(&) m =50, (b) m =50, (c) m =50, (d) m =50,

=0 5% =15 20% =30 35% =50 55%
(e) m =100, (f) m =100, (g) m =100, (h) m =100,

=0 5% =15 20% =30 35% =50 55%
(i) m =150, () m =150, (k) m =150, () m =150,

=0 5% =15 20% =30 35% =50 55%

Figure 4.7: Meta-search results with score approach andt = 4 systems in a set.

due to the greater values of used as compared to the results in Figure4.5, this
behavior can also be observed for =0 5% So, we can deduce that the chance of
not randomly picking the worst performing system is higher for t =4 than for t = 2
systems. Finally, again, we can observe that greatem leads to considerably more
reliable results, indicated by the decreased height of the loxes.

Consider Table 4.7 for an overview of the thresholds necessary to improve
different quartiles of the meta-search test cases over the bst individual systems. As
before, both the rank and the scoreapproaches are reported. The results are similar
to Table 4.5, as with increasing the thresholds increase; this is less pronounced for
m = 150 as compared tom = 100 and m = 50. On the other hand, the results of the
last column, which contains the correlation coef cient whe re rst close to optimal
performance is achieved, are considerably different from te results in Table 4.5.
We observe that while fort =2 and m =50 at = 0:1 at least one test case already
achieved nearly optimal performance, fort = 4 systems the threshold liesat = 0:65
and it further increases with increasing m.

The results of the signi cance tests over the pairs of best irdividual and meta-
search runs are presented in Figure4.8. The plot shows the percentage of samples
where runmea Signi cantly outperforms the best individual run in the run set. At
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Figure 4.8: Signi cance testing for the t = 4 systems setup: percentage of test cases where
run meta Signi cantly improves over run pign .

m = 50, the correlation threshold of to improve 50% of the samples signi cantly,
ranges from =0:4for =0% 5%to =0:7at =50% 55% The thresholds
are lower for m = 150: =0:2( =0% 5% and =05( =50% 55%
respectively.

4.6 Discussion

The previous two sections established thresholds for that a query effectiveness
predictor should reach to be reasonably con dent that an adaptive retrieval sys-
tem employing that prediction method will improve over the n on-adaptive baseline.
Here, for the sake of comparison, we report once more the rankcorrelation coef-
cients of a small number of methods that were introduced in C hapter 2 and 3:
MaxIDF, MaxSCQ MaxVAR Clarity Score and the best performing setup of Adapted
Clarity Score.

The results in Table4.8 are shown for different levels of smoothing. Additionally,
those correlations are marked, that in our SQE and MS experinents have lead to an
— in the case of MSsigni cant — improvement of at least 50% of the test cases over
the non-adaptive approach. The main point to be made is that h most instances,
the reported correlations are suf cient for one speci c setting only: meta-search
with t =4 and =0 5% Of the remaining MS experiments, only Adapted
Clarity and MaxVARattain a high enough correlation, though only for one partic ular
test collection (TREC Vol. 4+5). Thus, in the MS setting, the usability of query
performance predictors depends to a large extent on how stak the difference in
performance between the participating systems is.

In the case of SQE, the outcome is less encouraging. Apart frm Adapted Clar-
ity, which is adequate in SQE's best-case scenario for TREQoV 4+5, none of the
reported correlations are high enough. When small perturbations of p = 10% are
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TREC Vol.4+5 WT10g GOV2
=100 =1500 = 5000 =100 =1500 = 5000 =100 =1500 = 5000
MaxIDF 03%& [035 |040°° |025° |0:28° [0:3° |0:26° |0:25° |0:32°
MaxSCQ 0:33 |0:34° |0:38 0:28° |0:34° |0:37° |027° |028 | 033
MaxVAR 0:40%° | 0:4135 | 0:44%5 | 0:29° |0:33° |0:36° |0:27° |0:29° |0:3C°
Clarity Score | 0:39° |0:3C° 0:21° 0:20 [0:19 0:16 0:28° | 031 0:32°
Adap. Clarity |0:475° | 0:48° |0:505% |0:25° | 0:26° |0:226° |0:28 |0:34° | 0:36°

Table 4.8: Overview of Kendall's correlation coef cients over different levels of smoothing
for the Language Modeling retrieval approach. The markers indiate when a lead to a -
for MS signi cant - improvement in at least 50% of the test cases in our experiments The
markers stand for the different types of experiments: SQE best-cas (1), SQEp = 10% (?),
MSt=2" =0 5%F),MSt=2" =15 20% (),MSt=4~ =0 5% (°)and
MSt=4~ =50 55% (). The thresholds of the MS experiments used are based on the
score approach.

introduced to the SQE setup, Adapted Clarity also fails acr@s all corpora. The
perturbation result indicates, that in the SQE setting it is not suf cient to apply a

good enough query performance predictor method. It is also cucial that the ini-

tial SQE assumption (well performing queries improve, poorly performing queries
degrade with AQE) is investigated for the particular AQE method used in the appli-
cation. Furthermore, in our experiments we made the simplifying assumption that
the value of , which is the threshold to which AQE improves retrieval effectiveness,
is known to us. In a practical setting this value can only be approximated, further

increasing the dif culty to a successful application of query performance predictors
in the SQE setting.

It should also be emphasized once more, that across all paramter settings for
both the SQE and MS experiments, improvements over the baséle are reached at
all levels of | thatis, even if = 0:1 and the majority of test cases degrade, there
are always outliers, that by chance lead to an improved effetiveness of the adaptive
retrieval system.

4.7 Conclusions

In this chapter we have investigated the relationship of one standard evaluation
measure of query performance prediction, namely Kendall's , and the change in
retrieval effectiveness when predictors are employed in two operational settings:
selective query expansion and meta-search. We have primaly focused on inves-
tigating when prediction methods can be considered good enaigh to be viable in
practice. To this end, we performed a comprehensive evaluabn based on TREC
data sets.

We found that the required level of correlation varies and depends on the partic-
ular operational setting a prediction method is employed in. In the case of SQE, in
the best-case scenario,  0:4is found to be the minimum level of correlation for
the SQE runs to outperform the AQE runs in50% of the samples. In a second ex-
periment we were able to show the danger of assuming AQE to behve in a certain
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way; slightly violating a commonly made AQE assumption already requires predic-
tors with a correlation of 0:75 for them to be viable in practice, as the more
accurate predictor is able to compensate the less accuratessumption made about
when AQE is bene cial.

The outcome of our investigation was different in the case ofmeta-search. Here,
the level of correlation was shown to be dependent on the perbrmance differences
of the participating systems but also on the number of systens employed. If the
participating runs are similar, prediction methods with lo w correlations, that are
not signi cantly different from zero are suf cient to impro ve 50%of the runs. If the
differences in retrieval effectiveness between the systers are large, a correlation of

= 0:3is required. To achieve statistically signi cant improvem ents for 50%of the
runs under large system differences, correlations of = 0:7 (m =50)and =0:5
(m = 150) can be considered as lower boundaries.

The above results may be summed as showing that query perforrance prediction
methods need further improvement to become viable in practice, in particular for
the SQE setting. Also, as query set sizem increase, the evaluation in terms of
Kendall's relates better to the change in effectiveness in an operatioal setting.

This analysis has serious implications for the area of queryperformance predic-
tion. It indicates that predictors should not only be tested in isolation, they should
also be studied in the context of an application in order to contextualize the effec-
tiveness, particularly if is not very high. While this research provides a guide that
shows the strength of correlation needed in order to achieveimprovements, there
are always cases where outliers are likely to have a signi cantly adverse affect on
performance. From the analysis, it becomes evident that curent methods for query
effectiveness prediction need to be further improved in order to realize the potential
gains.



