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3
Problem Formulation and Experiments

In this chapter, we formalize online learning to rank for IR as a contextual bandit problem
and detail our experimental setup. The problem formulation is employed in all later
research chapters. The experimental setup is used to evaluate the algorithms presented
in Chapters 4, 6, and 7, using learning to rank data sets and click data. A different
experimental setup, based on observed user interactions with a web search engine, is
used in Chapter 5, and is explained in that chapter.

Below, we first detail our problem formulation (§3.1). We then give an overview of
the experimental setup (§3.2), before turning to the click models (§3.3), data sets (§3.4),
and evaluation measures (§3.5) used.

3.1 Problem Formulation

We formulate the problem of online learning to rank for IR as a continuous cycle of
interactions between users and a search engine, in which the search engine’s goal is to
provide the best possible search results at all times. In contrast to most current formu-
lations in IR, where the search engine passively applies its ranking model, we consider
it an active agent. To optimize its ranker, the search engine can learn from interaction
with its users. A natural fit for this problem are formalizations from RL, in which an
algorithm learns by trying out actions (e.g., document lists) that generate rewards (e.g.,
an evaluation measure such as NDCG) from its environment (e.g., users) (Sutton and
Barto, 1998) (cf. §2.4). Using this formalization allows us to describe this problem in a
principled way and to apply concepts and solutions from this well-studied area.

Figure 3.1 shows the interaction cycle. A user submits a query to a retrieval system,
which generates a document list and presents it to the user. The user interacts with the
list, e.g., by clicking on links, from which the retrieval system infers feedback about
the quality of the presented document list. Based on the inferred feedback, the retrieval
system can improve its ranker to better respond to future queries. This problem formu-
lation directly translates to an RL problem (cf., Figure 3.1, RL terminology in italics) in
which the retrieval system tries, based only on implicit feedback, to maximize a hidden
reward signal that corresponds to some evaluation measure. We make the simplifying
assumption that queries are independent, i.e., queries are independent of each other and
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Figure 3.1: The IR problem modeled as a contextual bandit problem, with IR terminology
in black and corresponding RL terminology in green and italics.

of previously displayed results.1 This renders the problem a contextual bandit problem
(Barto et al., 1981; Langford and Zhang, 2008) (§2.4.1).

Because our algorithms learn online, we need to measure their online performance,
i.e., how well they address users’ information needs while learning. Previous work in
learning to rank for IR has considered only final performance, i.e., performance on un-
seen data after training is completed (Liu, 2009), and, in the case of active learning,
learning speed in terms of the number of required training samples (Xu et al., 2010).

As is common in RL, we measure online performance in terms of cumulative reward,
i.e., the sum of rewards over all queries addressed during learning (Sutton and Barto,
1998). Many definitions of cumulative reward are possible, depending on the modeling
assumptions. We assume an infinite horizon problem, a formulation that is appropriate
for IR learning to rank problems that run indefinitely (§2.4). As shown in Eq. 2.2, we use
a discount factor γ ∈ [0, 1) to weight immediate rewards higher than future rewards.

To summarize, we model online learning to rank for IR as an interaction cycle be-
tween the user and the retrieval system. We assume an infinite horizon setting and use dis-
counting to emphasize immediate reward. This problem formulation differs from those
traditionally used in IR because performance depends on cumulative reward during the
entire learning process, rather than just the quality of the final retrieval system produced
by learning. It also differs from typical contextual bandit problems, which assume that
the agent has access to the true immediate reward resulting from its actions. Typical IR
evaluation measures require explicit feedback, which is not available in most realistic use
cases for online learning to rank. Thus, this contextual bandit problem is distinct in that
it requires the learner to cope with implicit feedback such as click behavior (§2.3).

3.2 Experimental Setup

Evaluating the ability of an algorithm to maximize cumulative performance in an online
IR setting poses unique experimental challenges. The most realistic experimental setup—
in a live setting with actual users—is risky because users may get frustrated with bad

1This formulation corresponds to a setting where each query is submitted by a different user.
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search results. The typical TREC-like setup used in supervised learning to rank for IR is
not sufficient because information on user behavior is missing.

To address these challenges, we propose an evaluation setup that simulates user in-
teractions. This setup combines data sets with explicit relevance judgments that are typi-
cally used for supervised learning to rank with recently developed click models. Given a
data set with queries and explicit relevance judgments, interactions between the retrieval
system and the user are simulated (cf., the box labeled “user/environment” in Figure 3.1).
Submitting a query is simulated by random sampling from the set of queries. After the
system has generated a result list for the query, feedback is generated using a click model
and the relevance judgments provided with the data set. Note that the explicit judgments
from the data set are not directly shown to the retrieval system but are used to simulate
the user feedback and measure cumulative performance.

We use this evaluation setup in two scenarios, the online evaluation scenario and the
online learning to rank scenario. Online evaluation is both a goal in itself and a subprob-
lem of online learning to rank. By itself, it allows the assessment of rankers that were
tuned e.g., manually, or using offline learning to rank, using real search engine traffic. As
a subproblem of online learning to rank, online evaluation provides the mechanism for
inferring feedback for learning.

The online evaluation scenario is investigated in Chapter 4. There, the goal of our
experiments is to assess the efficiency of interleaved comparison methods when com-
paring different rankers, and therefore we measure how much interaction data a method
needs to distinguish two rankers. We investigate the online learning to rank scenario in
Chapters 6 and 7. There, we focus on online performance, i.e., we measure cumulative
reward as described above. The details of each specific experiment are explained in the
respective chapters as needed.

Using simulated evaluations naturally has limitations, but allows us to systematically
investigate online evaluation and online learning to rank methods, without the risks asso-
ciated with experiments involving real users. Here, we can show how learning methods
behave under different assumptions about user behavior, but to what degree these as-
sumptions apply in specific practical settings needs to be studied in more detail, which is
beyond the scope of this thesis. We address one aspect of user behavior, caption bias, in
a study of real-live search engine traffic in Chapter 5.

3.3 Click Models

Our click models are based on the Dependent Click Model (DCM) (Guo et al., 2009a,b),2
a generalization of the cascade model (Craswell et al., 2008), that has been shown to be
effective in explaining users’ click behavior in web search. The model explains position
bias (i.e., the observation that higher-ranked results are much more likely to be clicked
than lower-ranked ones) by positing that users start examining documents at the top of
a result list. For each document they examine, they determine whether the document
representation (e.g., consisting of title, snippet and URL) appears promising enough to
warrant a click (we model this step of deciding to click with a click probability given

2Models that take additional information into account have been shown to more accurately reflect click
behavior (Xu et al., 2012), but these make stronger assumptions, rendering experiments unnecessarily complex.
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some relevance label P (C|R)). After each click, users decide whether they are satisfied
with the information provided in the clicked document(s) and they want to stop examin-
ing further results (with stop probability P (S|R)), or if they want to continue examining
results.

To instantiate this click model we need to define click and stop probabilities. When
the DCM is trained on large click logs, probabilities are estimated for individual query-
document pairs, while marginalizing over the position at which documents were pre-
sented in the training data. In our setting, learning these probabilities directly is not
possible, because no click log data is available. Therefore, we instantiate the model
heuristically, making choices that allow us to study the behavior of our approach in vari-
ous settings. Setting these probabilities heuristically is reasonable because learning out-
comes for the gradient algorithms used in this thesis are influenced mainly by how likely
users are to click on documents of different relevance grades. Thus, the ratio of these
probabilities is more important than the actual numbers used to instantiate the model.
We use several instantiations to cover a broad range of scenarios, from very reliable to
very noisy click behavior.

We define four click models for annotated data sets with up to five relevance levels,
ranging from 0 – “non-relevant” to 4 – “highly relevant”. An overview of the resulting
click models is given in Table 3.1.

click probabilities stop probabilities
relevance grade R 0 1 2 3 4 0 1 2 3 4

perfect 0.0 0.2 0.4 0.8 1.0 0.0 0.0 0.0 0.0 0.0
navigational 0.05 0.3 0.5 0.7 0.95 0.2 0.3 0.5 0.7 0.9
informational 0.4 0.6 0.7 0.8 0.9 0.1 0.2 0.3 0.4 0.5
almost random 0.4 0.45 0.5 0.55 0.6 0.5 0.5 0.5 0.5 0.5

Table 3.1: Overview of the click models used in our experiments for data sets with five
relevance grades. For data sets with three relevance grades, only the values for R ∈
{0, 2, 4} are used. For data sets with binary relevance, only the values for the lowest
(R = 0, non-relevant) and highest (R = 4, relevant) relevance grades are used.

First, to obtain an upper bound on the performance that could be obtained if feedback
was very reliable, we define a perfect click model. This model simulates a user who clicks
on all highly relevant documents (R = 4), and never clicks on non-relevant documents
(R = 0). Click probabilities for intermediate relevance levels have a linear decay, except
for a higher increase in click probability between relevance levels 2 and 3 (based on pre-
vious work that showed that grouping “good” documents with non-relevant documents
is more effective than grouping them with relevant documents (Chapelle et al., 2009)).
The stop probability for this click model is zero, meaning that there is no position bias
(simulated users examine all top-10 results).

We also implement two realistic models, the navigational and informational models.
These models are based on typical user behavior in web search (Broder, 2002; Guo et al.,
2009a), because most of the data sets we use implement web search tasks (see below,
§3.4).
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The navigational click model simulates the focus on top-ranked and highly relevant
results that are characteristic of navigational searches (Liu et al., 2006; Rose and Levin-
son, 2004). In a navigational task, users look for a specific document they know to exist
in a collection, e.g., a company’s homepage. Typically, it is easy to distinguish relevant
and non-relevant documents and the probability of stopping examination after visiting
a relevant result is high. Therefore, our navigational model is relatively reliable, with
a strong decay in click probabilities with decreasing relevance. In comparison with the
perfect click model, the navigational model results in fewer clicks on result documents,
with a stronger focus on highly relevant and top-ranked results (i.e., position bias is high).

In an informational task, users look for information about a topic, which can be dis-
tributed over several pages. Here, users generally know less about what page(s) they are
looking for and clicks tend to be noisier. Correspondingly, the informational click model
captures the broader interests characteristic for informational searches (Liu et al., 2006;
Rose and Levinson, 2004). In this model, the click and stop probabilities for lower rele-
vance grades are more similar to those for highly relevant documents, resulting in more
clicks, and more noisy click behavior than the previous models.

As a lower bound on click reliability, we also include an almost random click model,
with only a small linear decay in the click probabilities for different relevance grades.
This model has a strong position bias, with stop probability P (S) = 0.5 for all relevance
grades.

3.4 Data Sets
We conduct our experiments using several standard data sets for learning to rank in IR.
In Chapter 4 we use the MSLR-WEB30k data set, and in Chapters 6 and 7 we use the
data sets contained in the LETOR 3.0 and 4.0 collections. All data sets consist of a
set of query-document pairs, represented by up to 136 ranking features, and relevance
judgments provided by professional annotators.

The MSLR-WEB30k Microsoft learning to rank data set3 is used in our online eval-
uation experiments in Chapter 4. This data set was constructed to provide access to
realistic training data as it is used by search engines, such as Bing. It encodes rela-
tions between queries and candidate documents in 136 precomputed features, including
scores for language modeling, BM25, TF-IDF, and other retrieval models computed on
different document fields (title, anchor, etc.), quality indicators, click-based features,
and PageRank and other link-based features. Relevance judgments were obtained from
professional web-search judges, and are provided on a 5-point scale. Our experiments
use the training set of fold 1. This set contains 18, 919 queries, with an average of 9.6
(judged) candidate documents per query.

The online learning to rank experiments in Chapters 6 and 7 use the LETOR 3.0 and
LETOR 4.0 collections (Liu et al., 2007). In total, these two collections comprise nine
data sets.

The following search tasks are implemented: the data set OHSUMED models a lit-
erature search task, based on a query log of a search engine for the MedLine abstract

3
http://research.microsoft.com/en-us/projects/mslr/default.aspx,

retrieved on December 29, 2012.
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3. Problem Formulation and Experiments

database. This data set contains 106 queries that implement an informational search task,
and about 150 judged documents per query. The remaining eight data sets are based on
TREC Web track tasks run between 2003 and 2008. The data sets HP2003, HP2004,
NP2003, and NP2004 implement navigational tasks, homepage finding and named-page
finding. TD2003 and TD2004 implement an informational task: topic distillation. All
six data sets are based on the .GOV document collection, a crawl of the .gov domain,
and contain between 50 and 150 queries and approximately 1000 judged documents per
query. A more recent document collection, .GOV2 formed the basis of MQ2007 and
MQ2008. These data sets contain 1700 and 800 queries respectively, but far fewer judged
documents per query than the other LETOR data sets (approximately 40 and 20).

The data sets OHSUMED, MQ2007 and MQ2008 are annotated with graded rele-
vance judgments (3 grades, from 0, not relevant, to 2, highly relevant), while the re-
maining LETOR data sets are labeled using binary assessments. Each data set comes
split up for supervised learning to rank experiments using 5-fold cross-validation. We
use the training sets for training during the learning cycle and for calculating online per-
formance, and the test sets for measuring final performance. This setup replicates the
standard established for the supervised learning setting as much as possible.

3.5 Evaluation Measures

Our assessment of online evaluation and online learning to rank methods is based on
NDCG, as defined in Eq. 2.1. For our online evaluation experiments (Chapters 4 and 5),
we compare the outcomes of interleaved comparison methods to the true NDCG differ-
ence between rankers, following previous work (Radlinski and Craswell, 2010).

To measure online performance in online learning to rank experiments (Chapters 6
and 7), we instantiate reward as the NDCG of the (interleaved) result lists presented to
the user. We then define online performance as the discounted sum of NDCG that the
retrieval system accrues throughout the length of the experiment, as shown in Eq. 2.2.

Because our problem formulation assumes an infinite horizon, online performance is
defined as an infinite sum of discounted rewards (cf. §3.2). Since experiments are neces-
sarily finite, we cannot compute this infinite sum exactly. However, because the sum is
discounted, rewards in the far future have little impact and cumulative performance can
be approximated with a sufficiently long finite experiment.

In our experiments, we set the discount factor γ = 0.995. This choice can be justified
in two ways. First, it is typical of discount factors used when evaluating RL methods
(Sutton and Barto, 1998). Choosing a value close to 1 ensures that future rewards have
significant weight and thus the system must explore in order to perform well. Second, at
this value of γ, cumulative performance can be accurately estimated with the number of
queries in our data sets. Using this discount factor, rewards after 1,000 iterations have a
weight of 1% or less. Therefore, finite runs over 1,000 are good approximations of true
cumulative performance.

While our main metric is online performance, we additionally report final perfor-
mance (after learning) for analysis. We measure final performance as the NDCG on the
held-out test set.

We test for statistically significant differences between baseline and experiment runs
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using a two-sided student’s t-test. Unless noted otherwise, we consider differences be-
tween runs statistically significant if the obtained p-value is less than 0.05. In tables,
we mark significant increases using � (p < 0.05) or � (p < 0.01) and significant de-
creases using � (p < 0.05) or � (p < 0.01). Additionally, best results per table row are
highlighted in bold when applicable.

When results are reported in graphs, we provide 95% confidence intervals. We de-
termine whether differences are statistically significant based on the overlap between
confidence intervals.
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