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2. Choosing base rankers parameters
 Using the online learning to rank procedure
 But base rankers are not always linear
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 We optimize 2 parameters:     and 
 Typical magnitudes: 

    between 0.45 and 0.9 
      between 2 and 25

simplest form, this combination can be a weighted sum:

s(q, d) = w1 · s1(q, d) + · · ·+ wn · sn(q, d), (1)

where wi is the weight of each base ranker si(q, d) that operates on the query q and
document d. The base rankers may have internal parameters that influence their perfor-
mance. We focus on one particular base ranker, BM25, which has three parameters that
determine the weight applied to term frequency, inverse document frequency and other
query or document properties in the BM25 scoring function.

Below, we first recall BM25 in full detail and then describe how we use clicks to
optimize BM25’s parameters.
3.1 Implementation of BM25 Several variants of BM25 are used in the literature.
We use the variant that is used to compute the BM25 feature in the LETOR data set [16].
Given a query q and document d, the BM25 score is computed as a sum of scores for
every term qi in the query that occurs at least once in d:

BM25(q, d) =
X

qi:tf (qi,d)>0

idf (qi) · tf (qi, d) · (k1 + 1)

tf (qi, d) + k1 · (1� b+ b · |d|
avgdl )

· (k3 + 1) · qtf (qi, q)
k3 + qtf (qi, q)

(2)

The terms used in this formula are:
– idf (qi) (inverse document frequency): computed as idf (qi) := log

⇣
N�df (qi)+0.5
df (qi)+0.5

⌘

where N is the total number of documents in the collection and df (qi) is the number
of documents in which the term qi occurs at least once;

– tf (qi, d) (term frequency): the number of times term qi occurs in document d;
– qtf (qi, q) (query term frequency): the number of times term qi occurs in query q;
–

|d|
avgdl : the length of document d, normalized by the average length of documents in
the collection;

– k1, b and k3: the parameters of BM25 that we want to optimize. Usually, k1 is set to
a value between 1 and 3, b is set somewhere around 0.8 and k3 is set to 0. Note that
when k3 is set to 0 the entire right part of the product in Eq. 2 cancels out to 1.

3.2 Learning from clicks Most learning to rank approaches learn from explicit,
manually produced relevance assessments [15]. These assessments are expensive to
obtain and usually produced in an artificial setting. More importantly, it is not always
feasible to obtain the assessments needed. For instance, if we want to adapt a ranker
towards a specific user or a group of users, we cannot ask explicit feedback from these
users as it would put an undesirable burden upon these users.

Instead, we optimize rankers using clicks. It has been shown by Radlinski et al. [18]
that interpreting clicks as absolute relevance judgments is unreliable. Therefore, we
use a dueling bandit approach: the candidate preselection (CPS) method. This method
was shown to be state-of-the-art by Hofmann et al. [9]. It is an extension of the dueling
bandit gradient descent (DBGD) method, proposed in [26]. Briefly, DBGD works as
follows. The parameters that are being optimized are initialized. When a query is
presented to the learning system, two rankings are generated: one with the parameters
set at the current best values, another with a perturbation of these parameters. These
two rankings are interleaved using probabilistic interleave [7, 8], which allows for the
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Table 2. NDCG scores for various values of BM25 parameters k1 and b, optimized for different
data sets. The first and last row give the scores with parameters that have been manually tuned
for the .gov and OHSUMED collections, respectively [16]. Other parameter values are chosen to
produce maximal scores, printed in boldface, for the different data sets listed in the first column.
For all results, k3 = 0. Statistically significant improvements (losses) over the values manually
tuned for .gov are indicated by M (p < 0.05) and N (p < 0.01) (O and H).

k1 b HP2003 HP2004 NP2003 NP2004 TD2003 TD2004 Overall
.gov 2.50 0.80 0.674 0.629 0.693 0.599 0.404 0.469 0.613

HP2003 7.40 0.80 0.692 0.650 0.661H 0.591 0.423N 0.477 0.614

HP2004 7.30 0.85 0.688 0.672
M 0.657H 0.575 0.423N 0.482M 0.613

2.50 0.85 0.671 0.613 0.682 0.579O 0.404 0.473 0.605O

7.30 0.80 0.690 0.647 0.661H 0.592 0.423N 0.477 0.613

NP2003 2.60 0.45 0.661 0.572O
0.719 0.635 0.374H 0.441H 0.607

2.50 0.45 0.660 0.572O 0.718 0.635 0.374H 0.441H 0.607
2.60 0.80 0.675 0.629 0.692 0.601 0.403 0.470 0.613

NP2004 4.00 0.50 0.663 0.584 0.705 0.647
M 0.386O 0.446H 0.609

2.50 0.50 0.663 0.573O 0.713 0.635 0.381H 0.444H 0.607
4.00 0.80 0.680 0.645 0.683 0.605 0.414M 0.474 0.616

TD2003 25.90 0.90 0.660 0.597 0.515H 0.478H
0.456

M 0.489M 0.550H

2.50 0.90 0.676 0.607 0.672 0.560H 0.405 0.471 0.600H

25.90 0.80 0.645 0.576 0.535H 0.493H 0.445 0.482 0.549H

TD2004 24.00 0.90 0.664 0.604 0.520H 0.481H 0.449M
0.491

M 0.553H

2.50 0.90 0.676 0.607 0.672 0.560H 0.405 0.471 0.600H

24.00 0.80 0.645 0.578 0.538H 0.496H 0.446 0.482 0.550H

OHSUMED 1.20 0.75 0.662O 0.589H 0.703 0.591 0.398 0.461H 0.605O

folds and these repetitions. We test for significant differences using the paired t-test in
answering RQ1 and the independent measures t-test for RQ2.

5 Results and analysis

We address our research questions in the following two subsections.

5.1 Measuring the performance of BM25 with manually tuned parameters In
order to answer RQ1, we compute the performance of BM25 with the parameters used
in the LETOR data set [16]. The parameter values used there differ between the two
document collections in the data set. The values that were chosen for the .gov collection
were k1 = 2.5, b = 0.8 and k3 = 0. The values that were chosen for the OHSUMED
collection were k1 = 1.2, b = 0.75 and k3 = 7. We refer to these values as the manually
tuned .gov or OHSUMED parameter values, respectively. Note that the manually tuned
.gov parameter values were tuned to perform well on average, over all data sets.

The results of running BM25 with the .gov manual parameters (as described in
Section 4) are in the first row of Table 2. We also experiment with different values of k1,
b and k3. We first tried a range of values for k1 and b. For k1 the range is from �1 to 30
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2.60 0.80 0.675 0.629 0.692 0.601 0.403 0.470 0.613

NP2004 4.00 0.50 0.663 0.584 0.705 0.647
M 0.386O 0.446H 0.609

2.50 0.50 0.663 0.573O 0.713 0.635 0.381H 0.444H 0.607
4.00 0.80 0.680 0.645 0.683 0.605 0.414M 0.474 0.616

TD2003 25.90 0.90 0.660 0.597 0.515H 0.478H
0.456

M 0.489M 0.550H

2.50 0.90 0.676 0.607 0.672 0.560H 0.405 0.471 0.600H
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folds and these repetitions. We test for significant differences using the paired t-test in
answering RQ1 and the independent measures t-test for RQ2.

5 Results and analysis

We address our research questions in the following two subsections.

5.1 Measuring the performance of BM25 with manually tuned parameters In
order to answer RQ1, we compute the performance of BM25 with the parameters used
in the LETOR data set [16]. The parameter values used there differ between the two
document collections in the data set. The values that were chosen for the .gov collection
were k1 = 2.5, b = 0.8 and k3 = 0. The values that were chosen for the OHSUMED
collection were k1 = 1.2, b = 0.75 and k3 = 7. We refer to these values as the manually
tuned .gov or OHSUMED parameter values, respectively. Note that the manually tuned
.gov parameter values were tuned to perform well on average, over all data sets.

The results of running BM25 with the .gov manual parameters (as described in
Section 4) are in the first row of Table 2. We also experiment with different values of k1,
b and k3. We first tried a range of values for k1 and b. For k1 the range is from �1 to 30
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Table 2. NDCG scores for various values of BM25 parameters k1 and b, optimized for different
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tuned for .gov are indicated by M (p < 0.05) and N (p < 0.01) (O and H).
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document collections in the data set. The values that were chosen for the .gov collection
were k1 = 2.5, b = 0.8 and k3 = 0. The values that were chosen for the OHSUMED
collection were k1 = 1.2, b = 0.75 and k3 = 7. We refer to these values as the manually
tuned .gov or OHSUMED parameter values, respectively. Note that the manually tuned
.gov parameter values were tuned to perform well on average, over all data sets.

The results of running BM25 with the .gov manual parameters (as described in
Section 4) are in the first row of Table 2. We also experiment with different values of k1,
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5 Results and analysis

We address our research questions in the following two subsections.

5.1 Measuring the performance of BM25 with manually tuned parameters In
order to answer RQ1, we compute the performance of BM25 with the parameters used
in the LETOR data set [16]. The parameter values used there differ between the two
document collections in the data set. The values that were chosen for the .gov collection
were k1 = 2.5, b = 0.8 and k3 = 0. The values that were chosen for the OHSUMED
collection were k1 = 1.2, b = 0.75 and k3 = 7. We refer to these values as the manually
tuned .gov or OHSUMED parameter values, respectively. Note that the manually tuned
.gov parameter values were tuned to perform well on average, over all data sets.

The results of running BM25 with the .gov manual parameters (as described in
Section 4) are in the first row of Table 2. We also experiment with different values of k1,
b and k3. We first tried a range of values for k1 and b. For k1 the range is from �1 to 30
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