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ABSTRACT
Various measures, such as binary preference (bpref), inferred
average precision (infAP), and binary normalised discounted
cumulative gain (nDCG) have been proposed as alternatives
to mean average precision (MAP) for being less sensitive to
the relevance judgements completeness. As the primary aim
of any system building is to train the system to respond to
user queries in a more robust and stable manner, in this pa-
per, we investigate the importance of the choice of the eval-
uation measure for training, under different levels of evalu-
ation incompleteness. We simulate evaluation incomplete-
ness by sampling from the relevance assessments. Through
large-scale experiments on two standard TREC test collec-
tions, we examine retrieval sensitivity when training - i.e.
if a training process, based on any of the four discussed
measures has an impact on the final retrieval performance.
Experimental results show that training by bpref, infAP and
nDCG provides significantly better retrieval performance
than training by MAP when relevance judgements complete-
ness is extremely low. When relevance judgements com-
pleteness increases, the measures behave more similarly.

Categories and Subject Descriptors: H.3.3 [Informa-
tion Storage & Retrieval]: Information Search & Retrieval

General Terms: Performance, Experimentation

Keywords: Training, Optimisation, Evaluation, Relevance
Judgements, Binary Preference, Mean Average Precision,
Inferred Average Precision, Normalised Discounted Cumu-
lative Gain

1. INTRODUCTION
In Information Retrieval (IR) evaluation, a central issue is

how to cross-compare different weighting models and differ-
ent IR systems. The Text REtrieval Conference (TREC) [28]
is a forum for such a cross comparison of IR systems, de-
signed around the Cranfield paradigm [7]. In this paradigm,
the evaluation process involves the use of a test collection
and a set of test topics/queries. The evaluated IR system
creates indices for the test collection, and returns a set of
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documents for each test query. In addition to the test col-
lections and queries, the returned documents by different IR
systems need to be assessed for relevance by human asses-
sors. This refers to the relevance assessment process, which
results in a list of relevant documents for each test query.

When the test collection, queries and the relevance as-
sessments are available, one or several evaluation measure(s)
is/are used for the evaluation of the IR systems. The most
commonly used evaluation measures in IR are based on pre-
cision and recall. Precision measures the percentage of the
retrieved documents that are actually relevant, and Recall
measures the percentage of the relevant documents that are
actually retrieved. The list of relevant documents for each
test query is specified by the relevance assessments. In the
Cranfield experiments, it was assumed that the relevance as-
sessments were complete - i.e. all documents in the collection
were assessed for each topic [7]. However, with the increas-
ing size of the recent test collections, such a full assessment
would require an infeasible number of assessor man-hours.

Since its inception in 1992, TREC has been applying a
pooling technique [26] that allows for a cross-comparison
of IR systems using incomplete assessments for test collec-
tions [28]. For each test query, the top K returned docu-
ments (normally K = 100) from the participating systems
are merged into a single pool. The relevance assessments are
then done only for the pooled documents, instead of all the
documents in the test collection. The evaluation measures
in TREC are task-oriented. For example, the adhoc tasks
in TREC use average precision as the evaluation measure.
Average precision is the average of the precision values after
each relevant document is retrieved. For a set of test queries,
mean average precision (MAP), the mean of the average pre-
cisions for all the test queries, is used to evaluate the overall
retrieval performance of an IR system. Recently, with the
emergence of very large test collections such as .GOV2 (25
million documents), computing MAP requires an increas-
ingly huge amount of human effort to get a good quality
pool. In 2004, Buckley and Voorhees proposed the binary
preference (bpref) evaluation measure [5]. The bpref mea-
sure takes into account the judged non-relevant documents,
which is claimed to be more reliable than MAP when rele-
vance judgements are particularly incomplete [5]. bpref was
used as the official measure in the TREC 2006 Terabyte ad-
hoc task, in which only the top 50 documents returned by
participating systems were pooled [3]. In addition, other
measures alternate to MAP have also been proposed, for
example, the inferred average precision (infAP) [29] and the
normalised discounted cumulative gain (nDCG) [13]. Eval-
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uation work in this direction continues in the TREC Million
Query track [1].

For the many systems participating in TREC, which re-
quire prior training, a question arises: does it matter which
evaluation measure should be used for training? In this pa-
per, we assess whether any significant difference in retrieval
performance can be observed when a system is trained using
either MAP or an alternate measure such as bpref, infAP or
nDCG1, and when evaluated by either measure. We examine
two separate test collections, providing us with insights on
how training should be done for different parameters in IR
models. In doing so, we gain a better understanding of how
IR systems should be trained, and the level of completeness
of the relevance judgements that is necessary to train an
IR system successfully. This differs from previous studies,
which only examined the stability of the evaluation measures
under different levels of completeness, without concluding on
their utility.

The main contributions of this paper are as follows. We
conduct an extensive and systematic experimentation over
two standard TREC test collections, which both have nor-
mal relevance judgements completeness2 and a simulation of
16 different levels of incompleteness of the relevance judge-
ments. According to our experiments, we conclude that the
measure choice for training with normal relevance judge-
ments completeness does not have any impact on the re-
sulting retrieval effectiveness. However, the strength of this
conclusion diminishes as the completeness of the relevance
judgements decreases. Indeed, we confirm that it is signif-
icantly more stable to use the alternatives measures rather
than MAP for training when there is a very low degree of
relevance judgements completeness.

2. BACKGROUND
The retrieval performance of an IR system is a key fea-

ture of its ability to perform adequately in a realistic setting.
The Cranfield methodology was introduced as a way of per-
forming controlled experiments on retrieval performance [7].
However, the requirement that every document be judged
for relevance with respect to every topic (known as complete
judgements) is a burdensome requirement. Hence, TREC
and other similar IR system evaluation forums (e.g. the
Cross-Language Evaluation Forum (CLEF), and the NII-
NACSIS Test Collection for IR Systems (NCTIR)) have suc-
cessfully applied pooling as a means to reduce the amount
of relevance judging required [10, 16, 28].

Table 1 details the collections and topics applied in the
various TREC adhoc retrieval tasks. It is of note that while
the number of documents in the collections has grown by
several orders of magnitude over the 15 years that TREC
has been running, the number of relevant documents being
detected by the normal pooling process has not risen. In
particular, for the recent TREC Terabyte track, using the
GOV2 collection (25 million documents), the completeness
of the relevance judgement is two orders of magnitude less
than in the early TREC years. It follows that as IR systems
are applied to larger and larger collections of documents, the
techniques used in the evaluation of these IR systems need to
evolve to address the issue of the incompleteness of the rel-

1In the rest of this paper, we denote one of bpref, infAP and
nDCG as M.
2We describe the used test collections as having normal lev-
els of completeness.

evance assessments. Indeed, a central aim in the creation of
the TREC Terabyte track was to define evaluation method-
ologies for Terabyte-scale test collection [25], and this work
continues in the newer TREC Million Query track [1].

In particular, there are two ways of adapting the normal
TREC evaluation process to be further resistant to incom-
pleteness. The first of these is to modify the manner in
which the pool of documents to be judged is created. For
example, Cormack et al [8] proposed ‘Move to Front Pool-
ing’ (which uses a variable number of documents from each
source depending on its retrieval performance). Moreover,
in the recent experimentation in the TREC Terabyte track,
alternative pools were formed by random sampling of the
systems to a higher depth or by starting pooling at a high
depth [3]. A second strategy for dealing with high levels of
incompleteness of relevance assessments is to use evaluation
measures that are more resistant to error due to incomplete
relevance assessment, e.g. bpref [5].

While various retrieval evaluation measures exist, many of
the most frequently used measures are based in some way on
recall and precision. The main evaluation measures used by
TREC are mean average un-interpolated precision (MAP),
precision at 10 documents retrieved (P@10), R-precision (R-
prec) and binary preference (bpref). In this work, we focus
on the most stable of these measures, MAP and bpref, be-
cause P@10 and R-prec are known to be less stable than
MAP [4]. In particular, MAP is the mean of the precision
scores obtained after each relevant document is retrieved,
using zero as the precision of the relevant documents that
are not retrieved [28].

In contrast, bpref was introduced by Buckley & Voorhees [5]
because it is more stable (in terms of changes in rankings
of systems) than MAP as the incompleteness of the rele-
vance assessments used is increased. bpref is a function of
the number of times documents judged non-relevant are re-
trieved before relevant documents. The bpref measure com-
monly applied is denoted as bpref-10 in [5], because this
measure variant is guaranteed to use at least ten document
pairs. This prevents the measure from becoming excessively
coarse when the number of relevant documents is very small.

Other evaluation measures have recently been proposed as
alternatives to MAP that are less sensitive to completeness.
In particular, the inferred average precision (infAP) esti-
mates average precision based on a random TREC pool sub-
sample, which takes into account unjudged documents [29].
Next, the normalised discounted cumulative gain (nDCG)
is commonly used for graded relevance assessments, and
applies a logarithmic discounting function with respect to
rank [13]. However, nDCG using binary relevance assess-
ments has recently been shown to be less sensitive to com-
pleteness than MAP [24].

3. NECESSITY FOR TRAINING OF
IR SYSTEMS

Most IR systems have some parameters which affect the
selection and ordering of results that are returned to the
user, and hence affect the overall retrieval performance of
the system. While these parameters can be left at their
default value, there is often an improvement in terms of re-
trieval performance to be gained by tuning these parameters
using a supervised or unsupervised training method [30]. For
instance, training a retrieval system using the PL2 weight-
ing model [2] on TREC 10 adhoc queries, gives an MAP
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Table 1: Completeness of various TREC adhoc test collections. The TREC tasks marked with asterisks are
used in our experiments. Ave Rels. stands for the average number of relevant documents per query, and
#Doc stands for the number of documents in the collection.

Documents Topics
TREC Task Coll. # GB # Ave Rels. Ave Rels / #Docs

1 disk1&2 741856 2.0 50 327.72 4.4e−4

2 disk1&2 741856 2.0 50 232.90 3.2e−4

3 disk1&2 741856 2.0 50 196.10 2.6e−4

6* disk4&5 528155 1.9 50 92.22 1.7e−4

7* disk4&5 528155 1.9 50 93.48 1.8e−4

8 disk4&5 528155 1.9 50 94.60 1.8e−4

8 WT2G 247491 2.0 50 45.58 1.8e−4

9* WT10G 1692358 10.0 50 52.34 3.1e−5

10* WT10G 1692358 10.0 50 67.26 3.9e−5

13 GOV2 25205179 425.0 49 216.67 8.6e−6

14 GOV2 25205179 425.0 50 208.14 8.3e−6

15 GOV2 25205179 425.0 50 117.86 4.7e−6

of 0.2397 on the TREC 9 queries, compared to an MAP of
0.2174 using the default (c = 1) setting. This difference
is statistically significant (p <= 0.0009). Indeed, many IR
systems are moving to retrieval models that use many pa-
rameters, as training can be reasonably used to weight and
combine many features (for example [17]).

Moreover, there has been much research done over recent
years to develop new methods for training models with many
parameters, for instance by attempting to directly optimise
rank-based evaluation measures such as MAP [18]. In con-
trast, the RankNet technique described in [6, 27] avoids gen-
erating entire rankings of documents, by using a cost func-
tion calculated on document pairs, that correlates with the
effectiveness of an approach that directly maximises nDCG.
This work is now seen as part of the wider Learning to
Rank combined field of machine learning and information re-
trieval [14]. Furthermore, various studies have investigated
automatic unsupervised methods for setting the parameters
of retrieval models automatically without the need for rele-
vance assessments [12], and the sensitivity of retrieval mod-
els to their parameters [20].

Traditionally, training to find a setting of the parame-
ters involves maximising the retrieval performance of the
retrieval system, using a suitable measure, on a set of train-
ing queries using the corresponding relevance assessments.
The performance of the system can then be measured using
a set of unseen queries - known as the test set.

It is of note that retrieval evaluation measures are often
non-smooth with respect to the parameter space, so finding a
best setting for the parameter is often non-trivial, involving
many system evaluations. Moreover, a parameter setting
trained on one set of queries (or collection of documents)
does not necessarily transfer to give an optimal setting on
another set of queries (or collection) [12].

In this work, we are interested in the practical problem
of how training with different evaluation measures affects an
IR system. In particular, Section 2 demonstrated that as the
size of corpora increases, the completeness assumption of the
Cranfield evaluation methodology is violated to a greater ex-
tent. To address this, various IR evaluation measures that
are less sensitive to relevance judgements completeness have
been developed. To this end, this work compares evaluation
measures, to answer the following two research questions:
Firstly, how does the choice of evaluation measure affect the

training of an IR system, assuming a normal level of incom-
pleteness in the relevance judgements? Lastly, given further
incompleteness, how does the choice of evaluation measure
affect the training of an IR system?

We address the first research question by training various
parameters across two standard TREC test collections, in
Section 4. Furthermore, in Section 5, we simulate various
levels of incompleteness in the relevance assessments used
for training, and determine whether this has any effect on
the conclusions drawn earlier.

4. EXPERIMENTS WITH NORMAL
RELEVANCE JUDGEMENTS

In this section, we conduct experiments with a normal
degree of relevance judgements completeness, which uses all
documents from the standard TREC pools. We introduce
the experimental methodology in Section 4.1, and the ex-
perimental setting in Section 4.2. Finally, we present the
experimental results in Section 4.3.

4.1 Experimental Methodology
To investigate the effect that the choice of evaluation mea-

sure for training has on retrieval performance, we develop
a methodology that allows the detection of any difference
between training measures, as follows:

Given two evaluation measures M and MAP, we train a
set of parameters of a retrieval system using a set of train-
ing queries and their corresponding relevance judgements.
Then using a separate set of test queries, we use the set-
tings derived using training measures M and MAP, and
evaluate on the test queries using MAP. We denote these
MAP(M) and MAP(MAP), respectively. If the retrieval per-
formance of the parameter settings obtained using MAP(M)
and MAP(MAP) do not differ by a statistically significant
amount, then we conclude that there is no significant differ-
ence between training by either M or MAP.

We use the proposed methodology to test the first research
question described in Section 3 above. In particular, the
following sections test this question across 4 tasks from two
adhoc test collections, and when training two statistically
different weighting models.

4.2 Experimental Setting
In our experiments, we aim to determine the ability of

various evaluation measures used for training to provide an
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effective retrieval system as measured by MAP on a separate
test set of queries. In this work, we experiment with four
measures for training, namely MAP, bpref, infAP, nDCG.
In all cases, each measure is calculated by version 9.0 of the
commonly available trec eval evaluation tool3.

The experiments in this paper are conducted using the
Terrier platform [21]. Stopwords are removed and Porter’s
stemming is applied. In our experiments, we use two dif-
ferent TREC test collections, namely the disk4&5, and the
WT10G collections (denoted with asterisks in Table 1 above).
These two collections represent two different collection types,
namely a news wire collection (disk4&5) and a Web collec-
tion (WT10G). Moreover, both collections exhibit levels of
completeness deemed acceptable by TREC (These levels of
completeness allow the simulation of incompleteness later in
this paper). We use the 100 topics from the TREC 6 & 7
adhoc tasks on disk4&5, and the 100 topics from the TREC
9 & 10 Web adhoc tasks on WT10G. Each of the involved
TREC adhoc tasks is associated with 50 topics. Each topic
has three different topic fields, namely title, description and
narrative. We use two different combinations of the topic
fields as follows:

• Title-only queries: only the title field is used.

• Full queries: all the three fields are used.

Title-only queries usually contain only few keywords, while
full queries are much longer than the title-only ones. As re-
ported in [31], in the context of language modelling, query
length has an important impact on the setting of parameter
values. Therefore, we experiment with two different types of
queries to check if query length affects the training process.

We use two weighting models, namely the classical BM25
probabilistic model [23], and the PL2 model based on the
Divergence from Randomness (DFR) probabilistic frame-
work [2]. In addition, we apply the Bo1 term weighting
model for query expansion [2]. The formulae for BM25, PL2
and Bo1 are given in Appendix (Equations (1) - (4)). Each
weighting model used has a parameter (i.e. b of BM25 and
c of PL2) in its term frequency normalisation component
(the component that smooths term frequency in the docu-
ment with respect to the document’s length). Using Bo1,
the exp term most informative terms are extracted from
the exp doc top-ranked documents as expanded query terms.
In applying query expansion, we add more parameters that
have to be trained, allowing us to check how training with
different evaluation measures affects retrieval performance
with various parameters. As recommended in [2], exp doc is
optimal from 3 to 10, and the setting of exp term depends
on the characteristics of the collection used.

The parameters involved in our experiments with nor-
mal relevance judgements are BM25’s b or PL2’s c term
frequency normalisation parameters, and in addition, the
exp doc and exp term parameters of the Bo1 term weighting
model for query expansion. These parameters are just exam-
ples for the purposes of our study - many other parameters
exist in countless other retrieval strategies with which this
study can be repeated. Each collection used in our exper-
iments is associated with two TREC adhoc test topic sets,
as mentioned above. On each collection, we optimise these
four parameters on one topic set, by bpref, infAP, nDCG
and MAP, respectively. On the other topic set, we study
to which degree the training by different measures leads to

3Available from http://trec.nist.gov/trec eval/

Table 2: Experimental results using BM25. The
best result in each row is in bold.

Title-only queries, no query expansion
Testing MAP(MAP) MAP(bpref) MAP(infAP) MAP(nDCG)
TREC 6 0.2424 0.2420 0.2424 0.2411
TREC 7 0.1937 0.1937 0.1937 0.1935
TREC 9 0.2038 0.2038 0.2038 0.1934
TREC 10 0.1956 0.1941 0.1958 0.1945

Title-only queries, query expansion
TREC 6 0.2694 0.2678 0.2674 0.2667
TREC 7 0.2495 0.2460 0.2494 0.2508
TREC 9 0.2314 0.2134 0.2319 0.2319
TREC 10 0.2328 0.2277 0.2354 0.2250

Full queries, no query expansion
TREC 6 0.2649 0.2649 0.2649 0.2647
TREC 7 0.2440 0.2370 0.2390> 0.2462
TREC 9 0.2403 0.2366 0.2410 0.2409
TREC 10 0.2134 0.2134 0.2134 0.2134

Full queries, query expansion
TREC 6 0.2817 0.2819 0.2906 0.2981>
TREC 7 0.2900 0.2904 0.2925 0.2945
TREC 9 0.2666 0.2425 0.2647 0.2648
TREC 10 0.2729 0.2593 0.2723 0.2482>

different retrieval performances. We then swap the training
and testing queries and repeat the experiments.

In all our experiments, the term frequency normalisation
parameters are optimised using Simulated Annealing [15].
exp doc and exp term are optimised by a two-dimensional
data sweeping for 3 ≤ exp doc ≤ 10 with interval=1, and
for 10 ≤ exp term ≤ 100 with interval=5.

4.3 Experimental Results
In this section, we provide the experimental results with

normal relevance judgements for the TREC tasks. In Ta-
bles 2 & 3, we provide the experimental results obtained us-
ing BM25 and PL2, respectively. In the tables, a MAP(M)
value marked by > indicates a statistically significant dif-
ference between MAP(M) & MAP(MAP) at 0.05 level ac-
cording to the Wilcoxon matched-pairs signed-ranks test. M
can be bpref, infAP or nDCG. The results obtained on each
test topic set are given by the parameter values trained on
the other topic set associated to the collection. For exam-
ple, the MAP(bpref) value obtained for TREC 6 is given by
the parameter value trained by bpref on the TREC 7 task.
From Tables 2 and 3, we find no major difference between
MAP(M) & MAP(MAP) for the title-only queries. The dif-
ference is statistically insignificant in all cases. Moreover,
for full queries, we observe the same in most cases, where
the difference between MAP(M) & MAP(MAP) is minor.
However, we also find three exceptions where the use of two
different evaluation measures for training can possibly re-
sult in large significant difference in MAP (see the MAP(M)
values marked with > in Table 2).

In addition, Figures 1 (a) & (b) show the training sur-
face for TREC 6 topics for the MAP and bpref measures
respectively. We can observe that they are similar, and the
scatter plot (Figure 1 (c)) confirms this similarity (Spear-
man’s ρ = 0.625). For brevity, we omit plots for infAP and
nDCG, although similar observations are made.

The above experimental results suggest that for title-only
queries, it does not seem to matter which of the four evalu-
ation measures is used for training on the collections used,
regardless of the parameters being trained. We observe the
same for full queries, although there are three exceptions
where there are significant differences between MAP(M) and
MAP(MAP). Indeed, we expect full queries to be more sen-
sitive to the parameter setting [31].

Overall, with a normal level of relevance judgement com-
pleteness, we conclude that the choice of evaluation measure
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Figure 1: Comparison of the training surface for QE parameters exp term and exp doc on the TREC 6 topics.

Table 3: Experimental results using PL2. The best
result in each row is in bold.

Title-only queries, no query expansion
Testing MAP(MAP) MAP(bpref) MAP(infAP) MAP(nDCG)
TREC 6 0.2486 0.2486 0.2486 0.2474
TREC 7 0.1911 0.1906 0.1911 0.1910
TREC 9 0.2031 0.2028 0.2031 0.2009
TREC 10 0.1955 0.1952 0.1955 0.1952

Title-only queries, query expansion
TREC 6 0.2510 0.2510 0.2510 0.2508
TREC 7 0.2499 0.2499 0.2499 0.2492
TREC 9 0.2137 0.2111 0.2198 0.2151
TREC 10 0.2219 0.2167 0.2169 0.2133

Full queries, no query expansion
TREC 6 0.2523 0.2523 0.2672 0.2676
TREC 7 0.2440 0.2440 0.2440 0.2437
TREC 9 0.2445 0.2430 0.2446 0.2445
TREC 10 0.2249 0.2202 0.2244 0.2232

Full queries, query expansion
TREC 6 0.2634 0.2617 0.2751 0.2750
TREC 7 0.2838 0.2822 0.2826 0.2839
TREC 9 0.2414 0.2476 0.2424 0.2375
TREC 10 0.2790 0.2526 0.2782 0.2626

used for training does not often have a significant effect on
the retrieval performance. In the next section, we continue
our study with a simulation of partial relevance judgements.

5. EXPERIMENTS WITH PARTIAL
RELEVANCE JUDGEMENTS

The similarity of the the obtained retrieval performances
when trained using different training measures suggests that
the relevance judgements in the used test collections are in-
deed complete. In this section, we randomly remove judge-
ments from the training relevance assessments, to examine
the effect this has on the retrieval performance of the result-
ing trained system. We introduce the experimental method-
ology in Section 5.1, and present the experimental results in
Section 5.2.

5.1 Experimental Methodology
In the second part of our experiments, we conduct ex-

periments with partial relevance judgements, instead of full
relevance judgements. We only conduct experiments for full
queries because the parameter settings are more sensitive for
full queries [31]. In this section, we study if the choice of the
measure used for training, still does not affect the resulting
retrieval performance, with further incompleteness of rele-
vance judgement. We simulate different degrees of relevance
judgement completeness as follows.

Following Buckley & Voorhees who sampled relevance judg-
ments to simulate incompleteness [5] for measure evaluation,
we experiment with 16 different degrees of completeness of
relevance judgements as follows (in percentage): 1, 2, 3, 4,
5, 10, 15, 20, 25, 30, 40, 50, 60, 70, 80 and 90. For each de-
gree x of relevance judgements completeness, we randomly
remove (100 − x) percent of relevant and non-relevant doc-
uments from the complete pool. We repeat this random

sampling 10 times so that we create 10 different partial rel-
evance judgements for each degree x. While these partial
relevance judgements could have been sampled by creating
‘shallower’ pools, performing the sampling from the com-
plete pool ensures that there is no bias in the partial rele-
vance assessments towards likely retrieved documents.

For each of the 10 partial relevance judgements, of each
degree x, we optimise BM25 and PL2’s tf normalisation pa-
rameters (b and c) by each of bpref, infAP, nDCG and MAP.
We do not use query expansion to limit the number of pa-
rameters to a feasible combinatorial space. Firstly, we would
like to check if the parameter values, optimised by either of
M and MAP, are stable with respect to different degrees of
relevance judgements completeness. M can be any of bpref,
infAP and nDCG. For each degree x, using each weighting
model, on each TREC adhoc task, we compute the inverse
standard deviation (1/σopt) of the parameter values opti-
mised by each evaluation measure. As standard deviation
is widely used for measuring the variation of a variable over
samples, a high 1/σopt value indicates a high stability of
the parameter values, optimised by the evaluation measure
used, over a degree x of partial relevance judgements.

Secondly, we would like to investigate whether the training
with the different evaluation measures would lead to a con-
sistent retrieval effectiveness on the test data set. On each
of the two collections used, we use one TREC topic set for
training, and use the other TREC topic set for testing. We
then swap the training and test topics sets and repeat the ex-
periments. For each pair of evaluation measure M and MAP,
where M can be bpref, infAP or nDCG, we have MAP(M),
MAP(MAP), M(M) and M(MAP), the retrieval effective-
ness evaluated by MAP or M, given by the parameter value
trained using measure M or MAP, respectively. The retrieval
effectiveness is evaluated on the test topic set and the pa-
rameter value is trained on the training topic set. For MAP
(resp. M), we compute 1/σdiff., the inverse standard de-
viation of the absolute difference diff. = |MAP (MAP ) −
MAP (M)| (resp. diff. = |M(MAP ) − M(M)|) . A high
1/σdiff. value indicates a high stability of the resulting re-
trieval effectiveness, evaluated by M or MAP, given by pa-
rameter values trained by different measures.

5.2 Experimental Results
In this section, we present the experimental results using

partial relevance judgements. As mentioned above, in the
first step of our experiments, we investigate if the parameter
values, optimised by M and MAP, are stable over different
degrees of relevance judgements completeness. We compute
the inverse standard deviation (1/σopt(X)) of the parameter
values optimised by evaluation measure X, which is either
M or MAP. Table 4 provides the results of the sign-test
for comparing 1/σopt(M) with 1/σopt(MAP ) over different
degrees of relevance judgements completeness. From Table
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Table 4: The number (a/b) of cases when the parameter

values, optimised by M or MAP are more/less stable

than the other. The values marked with > (resp. �)

indicate statistical significance at 0.05 (resp. 0.01) level

according to the sign-test. x is the degree of relevance

judgements completeness in percentage.

Model bpref infAP nDCG

All 16 x degrees
BM25 34/30 49/15� 45/19�
PL2 36/28 52/12� 52/12�

0 < x ≤ 10
BM25 18/6> 22/2� 21/3�
PL2 13/11 21/3� 19/5�

x >10
BM25 16/24 27/13> 24/16
PL2 23/17 31/9� 33/7�

4, we observe the following:
Using both BM25 and PL2, the 1/σopt(X) values of bpref

and MAP are quite close to each other over different de-
grees of relevance judgements completeness. 1/σopt(X) rep-
resents the stability of X when parameters are trained using
different evaluation measures. For example, when BM25 is
trained using bpref or MAP, over all of the 16 different de-
grees of relevance assessments completeness, the parameter
values trained using bpref were more stable in 34 out of
64 cases4. In particular, according to the sign-test for the
comparison between 1/σopt(bpref) and 1/σopt(MAP ) (see
the column bpref in Table 4), we find that bpref provides a
higher 1/σopt(X) value in an insignificant number of cases,
until the relevance judgements completeness is extremely
low (smaller than 10 percent), when BM25 is used.

Using PL2, bpref is not more stable than MAP in terms
of the resulting optimised parameter values with different
relevance judgements completeness. 1/σopt(bpref) is higher
than 1/σopt(MAP ) in an insignificant number of cases in all
circumstances.

In contrast to bpref, infAP and nDCG are more stable
than MAP in most cases, particularly when relevance judge-
ments completeness is lower than 10 percent. Indeed, on
the two collections used, infAP and nDCG seem to be less
sensitive to relevance judgement incompleteness than bpref
and MAP. However, infAP and nDCG are comparable for
the purposes of training a system with incomplete relevance
assessments.

In the second step of our experiments, we investigate if
the parameter values, trained by M and MAP, lead to sim-
ilar retrieval effectiveness. In other words, we check if the
measure choice for training affects the resulting retrieval ef-
fectiveness with various relevance judgements completeness
degrees. While this should be expected, it is in fact depen-
dent on the retrieval sensitivity of the parameters. In partic-
ular, for a pair of evaluation measure M and MAP, we com-
pute 1/σdiff.(M) (resp. 1/σdiff.(MAP )), the inverse stan-
dard deviation of the absolute difference diff. = |M(M) −
M(MAP )| (resp. diff. = |MAP (M) − MAP (MAP )|).
X(Y) is the retrieval performance evaluated by X, when
training is done by Y. A high 1/σdiff.(X) value indicates a
high similarity of the resulting retrieval performance, evalu-

4For a pair of measures M and MAP, we compare their
1/σopt(X) values on four TREC ad-hoc tasks, with 16 dif-
ferent levels of relevance judgements completeness. There
are 4 × 16 = 64 comparisons in total.

Table 5: The number (a/b) of cases when training with

M/MAP leads to a higher 1/σdiff.. The p-value is given

by the sign-test. The values marked with > (resp. �)

indicate statistical significance at 0.05 (resp. 0.01) level

according to the sign-test. x is the degree of relevance

judgements completeness in percentage.
Model #bpref #infAP nDCG

All 16 x degrees
BM25 57/7� 60/4� 54/10�
PL2 55/9� 59/5� 58/6�

0 < x ≤ 10
BM25 24/0� 22/2� 17/7
PL2 23/1� 23/1� 20/4�

≥ x >10
BM25 33/7� 38/2� 37/3�
PL2 32/8� 36/4� 38/2�

ated by X, of training by the two different evaluation mea-
sures. Table 5 provides the results of the sign-test for com-
paring 1/σdiff.(M) with 1/σdiff.(MAP ). From Table 5, we
find that the retrieval effectiveness measured by M is signif-
icantly more stable than that measured by MAP. In all but
one cases, the sign-test shows a significant difference be-
tween 1/σdiff.(M) and 1/σdiff.(MAP ). The 1/σdiff.(X)
values increase with the relevance information complete-
ness. For example, using PL2 on TREC 6, when there is
only 1% relevance information availale, the 1/σdiff.(bpref)
and 1/σdiff.(MAP ) values are 75.49 and 59.39, respectively.
When relevance information completeness reaches 90%, the
1/σdiff.(bpref) and 1/σdiff.(MAP ) values become 862.0
and 686.3, respectively. We do not present all the 1/σdiff.(X)
values for brevity reason. Overall, Table 5 shows that bpref,
infAP and nDCG, are more stable than MAP in terms of
evaluating retrieval performance, with different relevance
judgements completeness degrees. However, it is interest-
ing to see that such a higher stability is not affected by the
degree of relevance judgements completeness. M is consis-
tently more stable than MAP in almost all cases. Indeed, ac-
cording to the number of favourable cases, bpref, infAP and
nDCG are as good as each other for training an IR system.

In addition, Figure 2 plots the mean of the retrieval per-
formance on the TREC 6 adhoc topics using BM25. For
reasons of brevity, we only report figure for bpref and MAP
using BM25 on TREC 6, since we have similar observations
with other model and measures on the four TREC tasks.
From the figure, we find that in most cases, training by bpref
provides a better retrieval performance than by MAP, when
relevance judgements are highly incomplete. This finding
applies even if MAP is used as the evaluation measure for
the test topics. When relevance judgements become more
complete, the difference in their resulting retrieval perfor-
mance becomes less. Figure 3 plots the correlation between
MAP and bpref across all system trainings at each sample
point, for the WT10G and disk4&5 collections. From Fig-
ure 3, it is easy to see how, as expected, MAP and bpref are
very correlated under high levels of completeness, but the
observed correlation decreases with diminishing complete-
ness. This mirrors the conclusions observed by Buckley &
Voorhees in [5], when they studied the correlation of sys-
tem rankings by MAP and bpref under various completeness
levels. Moreover, while bpref exhibited a similar amount of
variation in the trained parameter values to those values
trained using MAP, this did not reflect in a similar resulting
retrieval performance between the use of bpref and MAP
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point, for the WT10G and disk4&5 collections.

for training, showing that training by bpref is more reliable
than by MAP.

In this section, we have conducted experiments with par-
tial relevance judgements. From Table 4, we found that the
parameter values, optimised by infAP and nDCG are signif-
icantly more stable than those optimised by MAP, when the
relevance judgements completeness degree is very low. On
the other hand, when the relevance judgements complete-
ness degree becomes higher, the difference in the stability
between them is not necessarily significant. On the other
hand, bpref was not as stable as a training measure. From
the experiments for the stability of the retrieval effective-
ness (Table 5), we have a different conclusion - we found
that bpref, infAP and nDCG are significantly more stable
than MAP regardless of the relevance judgements complete-
ness level. Finally, from Figure 2, we found that training
by M (bpref, infAP or nDCG) provides a better retrieval
performance on the test topics than MAP when relevance
judgements completeness is very low (smaller than 10 per-
cent). When relevance judgements completeness increases,
such an advantage of M over MAP diminishes.

6. CONCLUSIONS
In this paper, we have extensively studied (through the

application of over 5,200 training runs) how the use of dif-
ferent evaluation measures for training affects the retrieval
performance on two TREC collections, with normal and par-

tial relevance assessments available. Four evaluation mea-
sures, bpref, infAP, nDCG and MAP, are used in our study.
From our experiments with normal relevance judgements,
we observe no obvious difference in the retrieval performance
brought by the training process using M (i.e. bpref, infAP
or nDCG) and MAP. We have also conducted experiments
by simulating further relevance judgements incompleteness,
following [5]. We found that training with infAP and nDCG
provides significantly more stable optimised parameter val-
ues than training with MAP, when the relevance judgements
completeness is extremely low, even if MAP is used as the
evaluation measure for the test topics. However, training
with bpref does not provide more stable optimised param-
eter values than MAP. Moreover, from the experiments for
the stability of the retrieval effectiveness, we found that M
is significantly more stable than MAP regardless of the rel-
evance judgements completeness. Finally, we found that
training by M provides a better retrieval performance than
training by MAP when relevance judgements completeness
is extremely low. Such an advantage of M diminishes when
the completeness degree becomes higher.

Training can be seen as a core aim of IR system evalua-
tion. Hence, the study performed here contains important
conclusions relating to building robust IR systems when
only sparse training data is available. Moreover, we have
proposed a methodology for assessing evaluation measures
for training purposes. This methodology can be applied for
assessing the robustness of a trainable IR technique under
sparse relevance assessments.

In the future, we plan to extend our study to the use
of other evaluation measures for training. For example, we
can experiment with induced AP, subcollection AP [29] or
rank-biased precision [9] - alternative measures proposed for
use under incomplete relevance judgements - to investigate
how suitable these measures are for training compared to
the four measures studied in this paper.
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APPENDIX
We use the BM25 and PL2 models in this work. In BM25 [23],
the relevance of a document d to a query Q is:

score(d,Q) =
X

t∈Q

w(1) · (k1 + 1)tf

K + tf

(k3 + 1)qtf

k3 + qtf
(1)

where k1 and k3 are parameters, for which the default setting
is k1 = 1.2 and k3 = 1000 [22]. qtf is the number of occur-
rences of a given term in the query; K is the length normali-
sation component, which is given by K = k1((1−b)+b l

avg l
).

l and avg l are the length of document d and the average
length of documents in the collection respectively. b is the
term frequency normalisation hyper-parameter, for which
the default setting is b = 0.75 [22]. In this work, we opti-
mise b by maximising the retrieval effectiveness.

For the PL2 Divergence from Randomness (DFR) model [2],
the relevance score of a document d for a query Q is:

score(d,Q) =
X

t∈Q

qtw · 1

tfn + 1

`
tfn · log2

tfn

λ
(2)

+(λ − tfn) · log2 e + 0.5 · log2(2π · tfn)
´

where λ is the mean and variance of a Poisson distribu-
tion. It is given by λ = F/N . F is the frequency of the
query term in the collection and N is the number of docu-
ments in the whole collection. The query term weight qtw is
given by qtf/qtfmax, where qtf is the query term frequency.
qtfmax is the maximum query term frequency among the
query terms. The normalised term frequency tfn is given by
the so-called Normalisation 2 from the DFR framework [2]:

tfn = tf · log2(1 + c · avg l

l
), (c > 0) (3)

where tf is the term frequency of the term t in document
d and l is the length of the document. avg l is the average
document length in the whole collection. c is the hyper-
parameter that controls the normalisation applied to the
term frequency with respect to the document length. The
default value is c = 1.0 [2]. We optimise the parameter
c to by maximising its retrieval effectiveness. For query
expansion, we use the Bo1 term weighting model [2]. In
Bo1, the informativeness w(t) of a term t is given by:

w(t) = tfx · log2
1 + Pn

Pn
+ log2(1 + Pn) (4)

where tfx is the frequency of the term in the pseudo-relevant
set, and Pn is given by F

N
. F is the term frequency of the

query term in the whole collection and N is the number of
documents in the collection. The top exp term informative
terms are identified from the top exp doc ranked documents,
and these are added to the query (exp term ≥ 1, exp doc ≥
2). Finally, the query term frequency qtw of an expanded

query term is given by qtw = qtw + w(t)
wmax(t)

, where wmax(t)

is the maximum w(t) of the expanded query terms. qtw is
initially 0 if the query term was not in the original query.
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