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why query hardness 

• Users can reformulate their query. 

• Systems could employ alternate search strategies 

• Distributed retrieval systems could more 
accurately combine their input results 



query hardness

• specific to collection searched
- clarity score = KL distance between query and collection

- ranking robustness = stability with respect to 
collection perturbations

• specific to an IR system
- stability with respect to query perturbations
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from ranked list 
to distribution

Croft [7], Yom-Tov et. al [1], and the TREC Robust track [13] all compute and
report the Kendall’s τ statistic.

Our work: In the results that follow, we assess the quality of our query hardness
predictions using both the linear correlation coefficient ρ and Kendall’s τ .

3 Methodology

Our hypothesis is that disparate retrieval engines will return “similar” results
with respect to “easy” queries and “dissimilar” results with respect to “hard”
queries. As such, for a given query, our methodology essentially consists of three
steps: (1) submit the query to multiple scoring functions (retrieval engines), each
returning a ranked list of documents, (2) map each ranked list to a distribution
over the document collection, where higher weights are naturally associated with
top ranked documents and vice versa, and (3) assess the “disparity” (collective
distance) among these distributions. We discuss (2) and (3) in the sections that
follow, reserving our discussion of (1) for a later section.

3.1 From ranked lists to distributions

Many measures exist for assessing the “distance” between two ranked lists, such
as the Kendall’s τ and Spearman rank correlation coefficients mentioned earlier.
However, these measures do not distinguish between differences in the “top” of
the lists from equivalent differences in the “bottom” of the lists; however, in the
context of information retrieval, two ranked lists would be considered much more
dissimilar if their differences occurred at the “top” rather than the “bottom” of
the lists.

To capture this notion, one can focus on the top retrieved documents only.
For example, Yom-Tov et al. [1] compute the overlap (size of intersection) among
the top N documents in each of two lists. Effectively, the overlap statistic places
a uniform 1/N “importance” to each of the top N documents and a zero impor-
tance to all other documents. More natural still, in the context of information
retrieval, would be weights which are higher at top ranks and smoothly lower
at lesser ranks. Recently, we proposed such weights [18, 19] which correspond to
the implicit weights which the average precision measure places on each rank,
and we use these distribution weights in our present work as well. Over the
top c documents of a list, the distribution weight associated with any rank r,
1 ≤ r ≤ c, is given below; all other ranks have distribution weight zero.
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3.2 The Jensen-Shannon divergence among distributions

Using the above distribution weight function, one can map ranked lists to distri-
butions over documents. In order to measure the “disparity” among these lists,
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AP induced rank importance

1 2 3 . . . Z
1 1
2 1/2 1/2
3 1/3 1/3 1/3
...
Z 1/Z 1/Z 1/Z . . . 1/Z

1 2 3 . . . Z
1 2 1/2 1/3 . . . 1/Z
2 1/2 1 1/3 . . . 1/Z
3 1/3 1/3 2/3 . . . 1/Z
...
Z 1/Z 1/Z 1/Z . . . 2/Z

Table 1: (Left) Weights associated with pairs of
ranks; normalizing by Z yields an asymmetric joint
distribution. (Right) Symmetric weights; normal-
izing by 2Z yields the symmetric joint distribution
JD.

sum of the precisions at all relevant documents divided by
R, the number of documents relevant to the query. Let SP
be this sum of precisions at all relevant documents. In what
follows, we first discuss estimating SP , and later we discuss
estimating R; our estimate of AP will be the ratio of the
estimates of SP and R.

One can compute sum precision as follows, where Z is the
length of the retrieved list, rel(i) is the binary relevance of
the document at rank i, and R is the number of documents
relevant to the query.

SP =
X

i : rel(i)=1

PC (i) =
ZX

i=1

rel(i) · PC (i)

=
ZX

i=1

rel(i)
iX

j=1

rel(j)/i =
X

1≤j≤i≤Z

1
i
· rel(i) · rel(j)

Thus, in order to evaluate SP , one must compute the weighted
product of relevances of documents at pairs of ranks, where
for any pair j ≤ i, the associated weight is 1/i. (See Ta-
ble ??, left.)

In order to view this sum as an expectation, we define
an event space corresponding to pairs of ranks (i, j), a ran-
dom variable X corresponding to the product of the binary
relevances rel(i) · rel(j), and an appropriate probability dis-
tribution over the event space. One such distribution cor-
responds to the (appropriately normalized) weights given in
Table ?? (left); for convenience, we shall instead define a
symmetrized version of these weights (see Table ?? (right))
and the corresponding joint distribution JD (appropriately
normalized by 2Z). It is not difficult to see that

SP = Z · E[X]

where the expectation is computed with respect to either
distribution. Thus, if U is a multiset of pairs drawn accord-
ing to JD , we obtain the following estimate for SP

cSP = Z ·
1
|U |

X

(i,j)∈U

rel(i) · rel(j).

2.2 Simultaneous estimation formultiple runs
One is often faced with the task of evaluating the average

precisions of many retrieval systems with respect to a given
query (as in TREC), and in a naive implementation of the
technique described, the documents judged for one system
will not necessarily be reused in judging another system.
In contrast, TREC creates a single pool of documents from
the collection of runs to be evaluated, judges that pool, and
evaluates all of the systems with respect to this single judged

Figure 1: AP evaluation diagram

Figure 2: PC evaluation diagram

pool. In order to combat this potential inefficiency, we shall
construct a single distribution over pairs of documents de-
rived from the joint distributions JDs associated with every
system s.

We shall effectively be sampling from a distribution dif-
ferent from the one necessary to estimate the expectations
desired. To combat this, we introduce scaling factors as fol-
lows. Let D(i, j) be the joint distribution over documents
from which we effectively sample. Note that i and j now de-
note documents, not ranks. Similarly abusing notation, let
JDs(i, j) denote the joint distribution over documents (not
ranks) required to estimate the proper expectation for sys-
tem s. We define scaling factors SF s(i, j) which correspond
to the ratio between the desired and sampling distributions

SF s(i, j) =
JDs(i, j)

Ds(i, j)

where Ds is the distribution induced by D over documents
retrieved by s. We then have

cSP = Zs ·
1

|Us|

X

(i,j)∈Us

rel(i) · rel(j) · SF s(i, j)

where Zs is the length of the list returned by system s and
Us ⊆ U is the subset of samples corresponding to documents
retrieved by s. Note that the above formulation holds for
any sampling distribution D. In what follows, we describe
a heuristic for determining a good sampling distribution—
one which corresponds to a distribution over documents (for
efficiency) and which explicitly attempts to minimize the
variance in the estimates produced (for accuracy).

AP =
1
R

∑

1≤j≤i≤Z

1
i

· rel(i) · rel(j)
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Jensen-Shannon divergence

• generalized, symmetrized version of KL
- 0 iff all distributions are identical

• avg. distance to avg. distribution

• vastly used

• well studied

we measure the disparity or divergence among the distributions associated with
these lists. For two distributions a = (a1, . . . , an) and b = (b1, . . . , bn), a natural
and well studied “distance” between these distributions is the Kullback-Leibler
divergence [17]:

KL(p||q) =
∑

i

pi log
pi

qi

However, the KL-divergence suffers two drawbacks: (1) it is not symmetric in
its arguments and (2) it does not naturally generalize to measuring the diver-
gence among more than two distributions. We instead employ the related Jensen-
Shannon divergence [8]. Given a set of distributions {p1, . . . ,pm}, let p be the
average (centroid) of these distributions. The Jensen-Shannon divergence among
these distributions is then defined as the average of the KL-divergences of each
distribution to this average distribution:

JS (p1, . . . ,pm) =
1
m

∑

j

KL(pj ||p)

An equivalent and somewhat simpler formulation defined in terms of entropies
also exists [8]. In this work, we employ the Jensen-Shannon divergence among the
distributions associated with the ranked lists of documents returned by multiple
retrieval engines in response to a give query as an estimate of query hardness.

4 Experimental Setup and Results

We tested our methodology extensively on multiple TREC datasets: TREC5,
TREC6, TREC7, TREC8, Robust04, Terabyte04, and Terabyte05. The perfor-
mance of our proposed Jensen-Shannon query hardness estimator is measured
against three benchmark query hardness statistics: query average AP (avgAP)
and query median AP (medAP), both measures of collection query hardness, and
median-system AP (med-sys AP), a measure of system query hardness. When
predicting the difficulties of multiple queries in any given TREC, the strength of
correlation of our predicted difficulties with actual query difficulties is measured
by both Kendall’s τ and linear correlation coefficient ρ. We conclude that even
when using few input systems, our method consistently outperforms existing
approaches [1, 6, 7], sometimes remarkably so.

The ad hoc tracks in TRECs 5–8 and the Robust track in 2004 each employ
a standard 1,000 documents retrieved per system per query on collections of
size in the range of hundreds of thousand of documents. For these collections,
the weight cutoff was fixed at c = 20 in Equation 1; in other words, only the
top 20 documents retrieved by each system received a non-zero weight in the
distribution corresponding to the retrieved list, as used in the Jensen-Shannon
divergence computation. The Terabyte tracks use the GOV2 collection of about
25 million documents, and ranked result lists consist of 10,000 documents each;
for this larger collection and these longer lists, the weight cutoff was set at
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calibration: how difficult 
is this problem ?

Collection Queries Num. R P-value
AP88+89 101 − 200 100 0.409 2.4 × 10−5

TREC-4 201 − 250 50 0.298 0.019
TREC-5 251 − 300 50 0.289 0.022
TREC-7 351 − 400 50 0.467 5.4 × 10−4

TREC-8 401 − 450 50 0.474 4.5 × 10−4

TREC-7+8 351 − 450 100 0.449 4.0 × 10−6

Table 3: The correlation of the average IDF of query
terms with average precision in several TREC test
collections. The queries are the titles of the TREC
topics (usually a few words), except for TREC-
4 where the description field is used, resulting in
queries of 16.1 words, on average.

low p-value since such an apparent correlation is extremely
unlikely to occur by chance over such a large data set.

5. ALTERNATIVE PREDICTORS

In order to better assess the significance of the clarity
measure, we compare it to various other predictors of query
performance. In particular, we evaluate the average and to-
tal term weights of query terms as predictors of performance
using the methods of Kwok[12] and Wong[21], as well as the
standard inverse document frequency measure given by

IDF (w) = log10

number of docs
number of docs containing w

. (5)

The results for the average IDF of query terms are given
in Table 3. Average Kwok score of query terms is less cor-
related with performance than average IDF and average
Wong weight performs similarly to IDF . Using the sum of
weights performs worse with all methods.

The results in Table 3 seem to show the average IDF
of query terms as predicting the performance of queries to
some degree, though not as well as clarity scores, in general
(cf. Table 1). On TREC-7 plus 8, for example, the results
with average IDF are about 83 times as likely to occur by
chance as the correlations with clarity scores.

It is important, however, to look at the correlations of the
term-weight-based predictors on the query track, the largest
and most diverse test query set currently available. Table 4
shows the best performance, which is for the average IDF
predictor.

All three term-weight-based methods show near random
performance on the aggregate data. When looking at the
correlations on a topic-by-topic basis the average IDF mea-
sure does much better than it does on the aggregate. The
clarity results (Table 2, second row) are still about a million
times less likely to occur by chance, however. The disparity
between the aggregate and by-topic performance of average
IDF of query terms as a performance predictor seems to
indicate that it is particularly poor at comparing queries
across topics.

In addition to the term-weight based predictors we con-
sider the negative of the entropy of P (D|Q) as a predictor
of query performance. For this predictor we find no appre-
ciable rank correlation with average precision, except at ex-
tremely high and low values of the entropy. This correlation
makes sense, for example, since the highest values of this en-
tropy indicate the most uniform distributions P (D|Q) which

Queries Num. R P-value
aggregate 1804 0.025 0.14
by topic 36.1 ± 3.7 0.220 ± 0.224 2.0 × 10−15

Table 4: The correlation of the average IDF of query
terms with average precision in the TREC Query
track. “Aggregate” indicates all queries taken to-
gether while “topic ave.” values are the averages
over each of the 50 query track topics.
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Figure 4: Average precision versus clarity score for
the 100 title queries from the TREC-7 and TREC-8
adhoc tracks. The 0.162 threshold in average pre-
cision divides the estimated probability density in
half (see Figure 5). The threshold of 1.09 in clar-
ity score is the Bayes optimal level for classifying
queries as high or low precision based on their clar-
ity scores, based on the estimated probability den-
sities(see Figure 6). The threshold of 1.21 is the au-
tomatic threshold set without relevance information
at level where 80% of one-term queries have lower
clarity scores (see Figure 7).

never leads to a high average precision since documents are
valued nearly evenly in such a case. Moreover, the over-
all lack of correlation in this case shows that our inclusion
in clarity score computation of language statistics from the
documents beyond just their likelihood of generating query
terms is necessary for good prediction performance.

6. THRESHOLDING

We plan to use clarity scores to make a binary decision
about each user query, namely, whether should it be singled
out for special treatment on the basis of predicted poor per-
formance, or not. We frame this task, in test collections, as
classifying whether the query is likely to score better than a
certain average precision threshold, or worse. We show how
to set the optimal threshold in order to use clarity scores
to make this classification. For the general case where no
relevance information is available, we develop a heuristic for
setting a clarity score threshold that is reasonable and per-
forms nearly as well as the optimal method in various test
collections.
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Fig. 2. Query hardness prediction results using 10 input systems for (top to bottom)
TREC8, Robust04 and Terabyte04. Each dot in these scatter plots corresponds to a
query. The x-axis is actual query hardness as measured by query average AP (left),
query median AP (center), and median-system AP (right). The y-axis is the Jensen-
Shannon divergence computed over the ranked results returned by 10 randomly chosen
systems for that query.

parison. Using 10 input system runs for the Jensen-Shannon computation yield
improvements over best previous results of on average approximately 40% to
50%; the complete Tables 3, 5, and 6 show improvements ranging from 7% to
80%.

The linear correlation coefficient ρ effectively measures how well actual and
predicted values fit to a straight line; in our case, these actual and predicted
values are the hardness of queries in terms of a baseline measure (query average
AP, query median AP, or median-system AP) and the hardness of these same
queries in terms of our Jensen-Shannon estimate. Prediction performance as
measured by linear correlation coefficient is presented in Tables 4, 5, and 6. Note
the substantial improvements over prior results as shown in Tables 5 and 6.

Robust Track, TREC2004, 249 queries
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adhoc track, TREC8, 50 queries
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Fig. 2. Query hardness prediction results using 10 input systems for (top to bottom)
TREC8, Robust04 and Terabyte04. Each dot in these scatter plots corresponds to a
query. The x-axis is actual query hardness as measured by query average AP (left),
query median AP (center), and median-system AP (right). The y-axis is the Jensen-
Shannon divergence computed over the ranked results returned by 10 randomly chosen
systems for that query.

parison. Using 10 input system runs for the Jensen-Shannon computation yield
improvements over best previous results of on average approximately 40% to
50%; the complete Tables 3, 5, and 6 show improvements ranging from 7% to
80%.

The linear correlation coefficient ρ effectively measures how well actual and
predicted values fit to a straight line; in our case, these actual and predicted
values are the hardness of queries in terms of a baseline measure (query average
AP, query median AP, or median-system AP) and the hardness of these same
queries in terms of our Jensen-Shannon estimate. Prediction performance as
measured by linear correlation coefficient is presented in Tables 4, 5, and 6. Note
the substantial improvements over prior results as shown in Tables 5 and 6.
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Prediction Method TREC5 TREC6 TREC7 TREC8 Robust04 TB04 TB05
[7] clarity 0.311 0.412 0.134 0.171
[7] robust+clarity 0.345 0.460 0.226 0.252
[1] hist. boost. class. .439
JS (2 systems) 0.260 0.276 0.384 0.452 0.387 0.298 0.241
JS (5 systems) 0.350 0.370 0.427 0.525 0.472 0.349 0.318
JS (10 systems) 0.355 0.334 0.476 0.552 0.490 0.408 0.359
JS (20 systems) 0.339 0.365 0.516 0.577 0.498 0.403 0.380
JS (all systems) 0.363 0.355 0.509 0.561 0.512 0.427 0.381

Table 3. Kendall’s τ (JS vs. median-system AP) for all collections using 2, 5, 10, 20,
and all input systems. All but the last row report 10-run average performance.

Prediction method TREC5 TREC6 TREC7 TREC8 Robust04 TB04 TB05
JS (2 systems) 0.498 0.456 0.601 0.627 0.555 0.466 0.388
JS (5 systems) 0.586 0.611 0.637 0.736 0.673 0.576 0.516
JS (10 systems) 0.632 0.651 0.698 0.778 0.672 0.642 0.564
JS (20 systems) 0.645 0.677 0.731 0.784 0.688 0.666 0.577
JS (all systems) 0.623 0.698 0.722 0.770 0.695 0.682 0.581

Table 4. Correlation coefficient ρ (JS vs. query average AP) for all collections using
2, 5, 10, 20, and all systems. All but the last row report 10-run average performance.

Prediction method TREC5 TREC6 TREC7 TREC8 Robust04 TB04 TB05
[3] Juru(TB04+05) .476
JS (2 systems) 0.495 0.467 0.612 0.622 0.557 0.466 0.366
JS (5 systems) 0.592 0.631 0.654 0.727 0.677 0.586 0.477
JS (10 systems) 0.622 0.678 0.715 0.762 0.676 0.646 0.524
JS (20 systems) 0.630 0.703 0.752 0.769 0.694 0.674 0.541
JS (all systems) 0.600 0.727 0.743 0.755 0.701 0.687 0.543

Table 5. Correlation coefficient ρ (JS vs. query median AP) for all collections using
2, 5, 10, 20, and all systems. All but the last row report 10-run average performance.

Prediction method TREC5 TREC6 TREC7 TREC8 Robust04 TB04 TB05
[7] clarity 0.366 0.507 0.305 0.206
[7] robust+clarity 0.469 0.613 0.374 0.362
JS (2 systems) 0.425 0.294 0.553 0.595 0.542 0.435 0.338
JS (5 systems) 0.537 0.459 0.609 0.676 0.645 0.490 0.467
JS (10 systems) 0.556 0.469 0.639 0.707 0.659 0.566 0.524
JS (20 systems) 0.562 0.479 0.679 0.724 0.665 0.585 0.545
JS (all systems) 0.567 0.497 0.657 0.702 0.677 0.603 0.541

Table 6. Correlation coefficient ρ (JS vs. median-system AP) for all collections using
2, 5, 10, 20, and all systems. All but the last row report 10-run average performance.

correlation coefficient (ρ)
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Kendall’s  τ

Prediction Method TREC5 TREC6 TREC7 TREC8 Robust04 TB04 TB05
[7] clarity 0.311 0.412 0.134 0.171
[7] robust+clarity 0.345 0.460 0.226 0.252
[1] hist. boost. class. .439
JS (2 systems) 0.260 0.276 0.384 0.452 0.387 0.298 0.241
JS (5 systems) 0.350 0.370 0.427 0.525 0.472 0.349 0.318
JS (10 systems) 0.355 0.334 0.476 0.552 0.490 0.408 0.359
JS (20 systems) 0.339 0.365 0.516 0.577 0.498 0.403 0.380
JS (all systems) 0.363 0.355 0.509 0.561 0.512 0.427 0.381

Table 3. Kendall’s τ (JS vs. median-system AP) for all collections using 2, 5, 10, 20,
and all input systems. All but the last row report 10-run average performance.

Prediction method TREC5 TREC6 TREC7 TREC8 Robust04 TB04 TB05
JS (2 systems) 0.498 0.456 0.601 0.627 0.555 0.466 0.388
JS (5 systems) 0.586 0.611 0.637 0.736 0.673 0.576 0.516
JS (10 systems) 0.632 0.651 0.698 0.778 0.672 0.642 0.564
JS (20 systems) 0.645 0.677 0.731 0.784 0.688 0.666 0.577
JS (all systems) 0.623 0.698 0.722 0.770 0.695 0.682 0.581

Table 4. Correlation coefficient ρ (JS vs. query average AP) for all collections using
2, 5, 10, 20, and all systems. All but the last row report 10-run average performance.

Prediction method TREC5 TREC6 TREC7 TREC8 Robust04 TB04 TB05
[3] Juru(TB04+05) .476
JS (2 systems) 0.495 0.467 0.612 0.622 0.557 0.466 0.366
JS (5 systems) 0.592 0.631 0.654 0.727 0.677 0.586 0.477
JS (10 systems) 0.622 0.678 0.715 0.762 0.676 0.646 0.524
JS (20 systems) 0.630 0.703 0.752 0.769 0.694 0.674 0.541
JS (all systems) 0.600 0.727 0.743 0.755 0.701 0.687 0.543

Table 5. Correlation coefficient ρ (JS vs. query median AP) for all collections using
2, 5, 10, 20, and all systems. All but the last row report 10-run average performance.

Prediction method TREC5 TREC6 TREC7 TREC8 Robust04 TB04 TB05
[7] clarity 0.366 0.507 0.305 0.206
[7] robust+clarity 0.469 0.613 0.374 0.362
JS (2 systems) 0.425 0.294 0.553 0.595 0.542 0.435 0.338
JS (5 systems) 0.537 0.459 0.609 0.676 0.645 0.490 0.467
JS (10 systems) 0.556 0.469 0.639 0.707 0.659 0.566 0.524
JS (20 systems) 0.562 0.479 0.679 0.724 0.665 0.585 0.545
JS (all systems) 0.567 0.497 0.657 0.702 0.677 0.603 0.541

Table 6. Correlation coefficient ρ (JS vs. median-system AP) for all collections using
2, 5, 10, 20, and all systems. All but the last row report 10-run average performance.
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Fig. 3. Kendall’s τ for JS vs. query median AP (left) and Kendall’s τ for JS vs. median-
system AP (right).

5 Conclusion and Future Work

Previous work on query hardness has demonstrated that a measure of the sta-
bility of ranked results returned in response to perturbed versions of the query
with respect to the given collection or perturbed versions of the collection with
respect to the given query are both correlated with query difficulty, both in
general and for specific systems. In this work, we further demonstrate that a
measure of the stability of ranked results returned in response to perturbed ver-
sions of the scoring function is also correlated with query hardness, often at a
level significantly exceeding that of prior techniques. Zhou and Croft [7] and
Carmel et al. [3] demonstrate that combining multiple methods for predicting
query difficulty yields improvements in the predicted results, and we hypothesize
that appropriately combining our proposed method with other query difficulty
prediction methods would yield further improvements as well. Finally, this work
leaves open the question of how to optimally pick the number and type of scoring
functions (retrieval engines) to run in order to most efficiently and effectively
predict query hardness.
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