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8
Conclusions

In this thesis, we presented work towards enabling “self-learning search engines” that can
automatically adjust to user behavior and preferences. Broadly, we investigated whether
search engines can learn effectively from user interactions. Online learning to rank for IR
is different from the most commonly used supervised learning approaches, because user
interactions with such a system are most suitable for interpretation as relative feedback,
and because feedback can be noisy and biased (e.g., due to the order in which search re-
sults are displayed). In addition, online learning to rank algorithms need to learn quickly
from the available user interactions, and they need to make use of what has been learned
as well as possible to satisfy users’ expectations even while learning.

The four research chapters of this thesis addressed the challenges of online learning
to rank for IR as follows. First, in Chapter 4, we focused on how to extract information
that is as useful as possible from the noisy, biased user interactions that such a system can
observe. In particular, we analyzed interleaved comparison methods, which allow com-
parisons between rankers using click feedback, and proposed new methods to address
limitations of existing methods. Second, in Chapter 5, we investigated the limitations
of click data and interleaved comparison methods in a real-live application, web search.
Here, we focused on the effects search result presentation may have on user clicks, and
how such effects can influence the outcomes of interleaving experiments. In Chapter 6,
we turned to the online performance of online learning to rank for IR approaches, and
tested the hypothesis that balancing exploration and exploitation can improve online per-
formance in pairwise and listwise online learning to rank. Finally, in Chapter 7, we
focused on the reliability and speed of learning in the online setting. Building on the
interleaved comparison methods developed in Chapter 4, we developed two approaches
for speeding up learning by reusing previously observed interaction data.

Below, we provide a more detailed summary of the contributions and results of our
research, and answer the research questions set out at the beginning of this thesis (§8.1).
We conclude with an outlook on future research directions (§8.2).

8.1 Main Findings
The starting point of this thesis was the earlier finding that implicit user feedback in a
search setting is most reliable when interpreted relative to the presented rankings (Radlin-
ski et al., 2008b). In particular, interleaved comparison methods had previously been
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shown to be able to compare result rankings using click data (Radlinski and Craswell,
2010). The first research questions we addressed in Chapter 4 focused on formalizing the
characteristics of these methods:

RQ 1 What criteria should interleaved comparison methods satisfy?

RQ 2 Do current interleaved comparison methods satisfy these criteria?

To answer the first question, we proposed a framework for analyzing interleaved com-
parison methods in terms fidelity, soundness, and efficiency. Fidelity captures whether
the expected comparison outcomes of an interleaved comparison method reflect differ-
ences in ranking quality as appropriate for an IR experiment. Soundness reflects whether
the estimator of the method produces unbiased and consistent estimates of that expected
outcome. Efficiency reflects the number of data samples required by the method. This
framework allows more formal and systematic comparisons between interleaved com-
parison methods than was previously possible.

Using the proposed framework, we analyzed all existing interleaved comparison
methods, and found that none exhibited fidelity. This means that for each method, there
are cases where the expected outcome of the method does not reflect ranking quality
appropriately.

To address these shortcomings, we designed probabilistic interleave (PI), which takes
into account the magnitude of differences between rankings. We also designed an exten-
sion, PI-MA, to increase efficiency of the method.

RQ 3 Do PI and its extension PI-MA exhibit fidelity and soundness?

RQ 4 Is PI-MA more efficient than previous interleaved comparison methods? Is it
more efficient than PI?

We showed analytically that PI and PI-MA exhibit fidelity and soundness. Then, we em-
pirically compared the efficiency of PI-MA to existing interleaved comparison methods
and to PI. We found PI-MA to be more efficient than existing methods, and more efficient
than PI, which confirmed our analytical results.

We further extended PI to allow the estimation of interleaved comparison outcomes
from historical data that was collected during earlier comparisons of other (source) rankers.
This extension, PI-MA-IS, combines probabilistic interleaving with importance sam-
pling. Reusing historical data for interleaved comparisons was previously not possible,
resulting in the following questions:

RQ 5 Can historical data be reused to compare new ranker pairs?

RQ 6 Does PI-MA-IS maintain fidelity and soundness?

RQ 7 Can PI-MA-IS reuse historical data effectively?

The central question was whether it was possible to reuse data for interleaved compar-
isons. By showing that PI-MA-IS can indeed reuse such data, we were able to answer
this question affirmatively. We analytically showed that PI-MA-IS is sound, as it main-
tains both fidelity and soundness under data that was collected following a distribution
different from that would be obtained under the target ranker pair to be compared. We
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showed empirically that PI-MA-IS is the only interleaved comparison method that can
effectively reuse historical data.

In Chapter 5 we turned to questions about how user clicks may be affected by result
presentation, and how this may affect interleaving results:

RQ 8 (How) does result presentation affect user clicks (caption bias)?
RQ 9 Can we model caption bias, and compensate for it in interleaving experiments?
RQ 10 (How) does caption bias affect interleaving experiments?

We confirmed that result presentation has a strong effect on click behavior. We pro-
posed and trained models of such caption bias on usage data of a web search engine,
and found that click behavior was best explained by a combination of relevance, posi-
tion, and caption features. The most important caption features included whether a result
was presented with deep links, the amount of highlighting in the title, and the snippet
length. Also, we found that per-document features had a much stronger affect on click
behavior than document-pairwise features (such as whether a result title had more or less
highlighting than the document ranked immediately before or after it). Building on our
probabilistic caption-bias models, we developed extensions of two interleaved compari-
son methods, TD and PI-MA, that compensate for caption bias. In applying our model of
caption bias to six real-life interleaving experiments, we found first evidence that caption
bias can affect the outcome detected in an experiment, e.g., if the experiment includes
rankers that use click data during training.

After developing and investigating new approaches and models for interleaved com-
parisons, we focused on principles of learning from such feedback inferred from user
behavior. When learning from user feedback in an online setting, systems need to en-
sure that high-quality results are presented to satisfy user expectations, but also that the
presented results ensure that high-quality feedback can be collected for future learning.
In Chapter 6 we formulated this exploration-exploitation dilemma for online learning to
rank, and addressed the following research questions:

RQ 11 Can balancing exploration and exploitation improve online performance in on-
line learning to rank for IR?

RQ 12 How are exploration and exploitation affected by noise in user feedback?
RQ 13 How does the online performance of different types (pairwise and listwise) of

online learning to rank for IR approaches relate to balancing exploration and ex-
ploitation?

We developed the first two approaches (one pairwise, one listwise) for balancing ex-
ploration and exploitation in an online learning to rank setting, and found that such a
balance can substantially and significantly improve online performance. We found im-
portant differences between the two developed approaches and under different levels
of noise in click behavior. While the original (purely exploitative) pairwise approach
performs very well under perfect click feedback, it cannot learn from noisy click data.
Adding exploration could partially compensate for this performance loss. The original
(purely exploratory) listwise learning approach was found to over-explore under all levels
of noise, and its performance could be significantly improved by balancing exploration
and exploitation.

129



8. Conclusions

In Chapter 7 we combined our interleaved comparison methods PI-MA and PI-MA-
IS to investigate whether reusing historical data for interleaved comparison methods
could be used to improve online learning.

RQ 14 Can previously observed (historical) interaction data be used to speed up online
learning to rank?

RQ 15 Is historical data more effective when used to make comparisons more reliable
(as in RHC), or when used to increase local exploration (as in CPS)?

RQ 16 How does noise in user feedback affect the reuse of historical interaction data for
online learning to rank?

We found that historical data could indeed be used to significantly and substantially im-
prove online learning to rank for IR. While a straightforward application of this data to
make comparisons more reliable (using RHC) resulted in moderate performance gains,
using this data for preselecting new candidate rankers resulted in much higher gains.
Performance gains were highest under noisy click data.

This thesis resulted in insights and algorithms for enabling large-scale online learning
to rank for IR. The software developed for our experiments, along with reference imple-
mentations of the developed interleaved comparison and online learning to rank methods
is available online (see Appendix A for details).

The goal of this thesis is to develop a better understanding of how search engines can
learn from user interactions, and to translate this understanding into new algorithms that
allow more effective learning in an online learning to rank setting. We advanced to-
wards this goal in several ways. We now better understand how rankers can be compared
using interleaved comparisons methods, and what the properties of these methods are.
This understanding was translated into a new set of interleaved comparison methods that
naturally take into account differences between result rankings, and that allow ranker
comparisons using data that was collected with other rankers. Also, we better understand
how the presentation of search results can affect user clicks, and we have developed a
model for measuring and compensating for those clicks in interleaved comparisons. We
learned to improve online performance of online learning to rank for IR by balancing
exploration and exploitation, and found that such a balance is particularly helpful in list-
wise learning. Finally, we showed that it is possible to speed up online learning to rank
for IR by reusing previous interactions for exploring candidate rankers.

The obtained results show that online learning to rank for IR can be efficient and
effective. We expect them to have an impact both on the theoretical development of on-
line learning to rank approaches, and on their practical applications. Our methods enable
online learning to rank in practice, and we hope that they will contribute to practical
search applications in the future. Many search settings have been addressed much less
thoroughly than web search, and achieving good search performance in settings such as
enterprise search or search of personal collections is notoriously difficult. These are the
settings that may most immediately benefit from our results. Another early application
is recency search, where first benefits of online learning have been demonstrated (Moon
et al., 2012). More immediately, our results on interleaved comparison methods is di-
rectly applicable to online evaluation in a manual tuning setting. Using these methods,
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rankers tuned using e.g., expert knowledge or supervised learning, can be compared on
real user interactions to assess their quality from a user perspective. However, in the
long term, we expect that complete online learning to rank solutions will be an important
solution to addressing situational relevance in a scalable manner.

Finally, mechanisms for learning from user interactions are much more broadly ap-
plicable than in an IR setting alone. Until now, these adaptations are often designed
manually, with limited adaptation online. Figuring out how to develop systems that
can automatically adapt to users by online learning is a major challenge. The princi-
ples identified here constitute a step towards that goal. For example, human feedback
may be noisy, and may be more easily interpreted as relative than absolute in many set-
tings, requiring effective algorithms for learning from such feedback. Similarly, many
settings where computers learn directly from their users may require a focus on online
performance, and a balance of exploration and exploitation. When these challenges are
addressed, online learning to rank could facilitate smarter and more natural interactions
between computers and human users.

8.2 Future Work
This thesis resulted in insights and algorithms for enabling online learning to rank for
IR. Beyond these, it opens up many interesting and important directions for future work.
Below, we outline three main areas: real-live applications, smarter exploration, and long-
term learning and planning.

Applications. One important direction for following up on this work is to develop ap-
plications that put the developed methods to work in real search settings. As online learn-
ing to rank methods are only at the beginning of their development, many questions need
to be addressed when making the transition to real-live applications. Within this thesis,
we focused on principles of obtaining feedback and learning from it in an online learning
to rank setting, independent of the particular search context in which these principles and
the resulting technology would be applied. A first step in applying these principles is to
identify sets of ranking features that can provide a good basis for online learning to rank
for a variety of IR settings. Many features have been explored for supervised learning to
rank. These may be similarly effective in the online learning setting. Additional relevant
work has been done in the area of recency search, and features that have been found to
effectively capture temporal aspects of query-document relationships may be applicable.

An orthogonal problem is to determine to what groups of users, queries, or higher-
level tasks learning to rank should be applied. In our experiments, we abstracted from
such fine-grained differences and instead applied online learning to rank with the goal of
identifying global patterns of ranking quality. However, when a system has many users,
large amounts of interaction data can be observed and used to learn rankings for relatively
small groups. Positive effects of personalization have been demonstrated in, e.g., web
search (Matthijs and Radlinski, 2011; Teevan et al., 2008), and we therefore think that
adapting to the preferences of individuals, or small groups of users, can further improve
the performance of search engines that use online learning to rank. Similarly, online
learning has been demonstrated to provide positive effects when adapting to individual
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frequent queries, as well as to global ranking preferences (albeit in a setting with absolute
feedback (Moon et al., 2012)). Challenges that need to be addressed include finding
effective similarity metrics for identifying appropriate levels of adaptation and designing
mechanisms for interpolating between ranking functions learned for different levels of
granularity.

Our methods have been evaluated using simulated user interactions, except in Chap-
ter 5, where we studied effects of search result presentation on user clicks. For studying
principles of online learning and developing new algorithms, our setup had the advantage
that it enabled experiments in various settings, such as different amounts of noise in click
feedback. Naturally, assumptions underlying these simulations need to be tested before
moving these methods to a real setting. In addition to validating our results in more re-
alistic settings, such additional experiments can help develop more complex models of,
e.g., user interaction that can be applied to the online learning to rank setting. Interest-
ing areas include the application of the most recent click models or exploring the use of
implicit feedback beyond clicks.

Smart exploration. A second area of development is to further improve our under-
standing of the fitness landscape in an online learning to rank for IR setting. In some
aspects, this area is similar to the supervised learning setting, where optimizing for the
typically non-smooth and non-differentiable IR metrics proved to be hard, and several
approaches have been developed to address this problem (such as approximations). The
online learning to rank setting differs in that for many of the developed approaches it is
not clear in how far they can be transferred to a setting where only relative feedback is
provided for learning.

In this thesis, we demonstrated the importance of balancing exploration and exploita-
tion in online learning to rank. A better understanding of the fitness landscape in this
setting could help address the question of how best to explore. Current approaches for
online learning to rank for IR are based on stochastic exploration. An advantage is that
the resulting learning approaches make few assumptions about the structure of the fea-
ture and ranking solutions, and that they are very computationally efficient. However,
their random exploration may result in many wasteful exploration steps. Algorithms that
explore more systematically could substantially increase the speed of learning, and there-
fore online performance. Support is given by our results on improved candidate selection
with CPS. By exploring candidate rankers more thoroughly, learning could be sped up
and online performance improved significantly, particularly under noisy click feedback.
Future exploration methods could model the effects of changes on individual features, or
could try to explicitly model the fitness landscape. Obvious starting points for developing
smarter exploration methods for listwise learning are methods for exploration in policy
search RL (Heidrich-Meisner and Igel, 2009; Kalyanakrishnan et al., 2012). For the
pairwise approach, the cost of random exploration is high. Exploration methods based
on active learning approaches (Donmez and Carbonell, 2009; Tian and Lease, 2011; Xu
et al., 2007, 2010) are a promising alternative that may allow more targeted exploration
of promising areas of the solution space. This could reduce the cost of exploration, while
maintaining or even improving long-term learning.

A limitation of our work is that a number of parameters, such as the exploration rates
k and �, and the learning step sizes α and δ in Chapter 6, of our learning methods were
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fixed, typically to values that had resulted in good performance in previous work. In
supervised learning settings, such parameters would be tuned using cross-validation, but
this is not a realistic option in an online learning to rank scenario where no labeled train-
ing data is provided. Results of our experiments with the nine LETOR 3.0 and 4.0 data
sets showed that learning is effective even without additional tuning and that our findings
are stable across data sets and tasks. However, it is likely that better performance can be
obtained with additional tuning, both to a particular online learning to rank setting and
to changes in user behavior and preferences over time (in non-stationary settings). Con-
sequently, an interesting question is whether and how such a system could automatically
adjust its learning parameters to a specific setting.

Long-term planning and learning. A third direction for following up on the work
presented in this thesis is to explore and develop algorithms that adapt to long-term inter-
actions with their users. So far, we have modeled the interactions between search engine
and user as a contextual bandit problem. Relaxing the assumption of independence be-
tween system actions and queries makes the problem much more difficult to address, but
poses opportunities for a diverse range of interaction patterns.

One direction of development is to model interactions between user and search engine
as a full Markov Decision Process (MDP) (Sutton and Barto, 1998), where the agent’s
actions (e.g., retrieval results) can affect the state of the environment (e.g., the cognitive
state of the user). This could enable systems that learn to guide users paths through infor-
mation spaces, by building up towards more complex material, or by adding interactions
with the searcher that can lead to new associations between concepts. Formulating inter-
actions as a partially observable MDP (POMDP) (Kaelbling et al., 1998), would allow
the system to infer states (of the user) when information is partially hidden, similar to a
recent application in the related domain of ad-selection (Yuan and Wang, 2012). While
this and other existing solutions do not address the relative feedback setting, extensions
towards long-term online learning to rank for IR could make use of preference-based RL
methods that are being developed in the RL community (Fürnkranz et al., 2012). The
resulting methods can pave the way towards more effective long-term interactions within
search sessions, over tasks, or over even longer periods of time.
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