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Abstract. Experimental evaluation has always been central to Information Retrieval research. The ﬁeld is increasingly moving towards online
evaluation, which involves experimenting with real, unsuspecting users
in their natural task environments, a so-called living lab. Speciﬁcally,
with the recent introduction of the Living Labs for IR Evaluation initiative at CLEF and the OpenSearch track at TREC, researchers can now
have direct access to such labs. With these benchmarking platforms in
place, we believe that online evaluation will be an exciting area to work
on in the future. This half-day tutorial aims to provide a comprehensive overview of the underlying theory and complement it with practical
guidance.

1

Motivation and Overview

Experimental evaluation has always been a key component in Information
Retrieval research. Most commonly, systems are evaluated following the Cranﬁeld methodology [4,22]. Using this approach, systems are evaluated in terms
of document relevance for given queries, which is assessed by trained experts.
While the Cranﬁeld methodology ensures high internal validity and repeatability of experiments, it has been shown that the users’ search success and satisfaction with an IR system are not always accurately reﬂected by standard IR
metrics [29,31]. One reason is that the relevance judges typically do not assess
queries and documents that reﬂect their own information needs, and have to
make assumptions about relevance from an assumed user’s point of view. Because
the true information need can be diﬃcult to assess, this can cause substantial
biases [11,30,34]. To address these shortcomings, the ﬁeld is increasingly moving
towards online evaluation, which involves experimenting with real, unsuspecting users in their natural task environments. Essentially, the production search
engine operates as a “living lab.” For a long time, this type of evaluation was only
available to those working within organizations that operate a search engine. But
this is about to change. For one thing, the need to involve real users is know
openly and widely acknowledged in our community (as witnessed, e.g., by the
panel discussion at ECIR’15 and the Salton Award keynote lecture of Belkin at
SIGIR’15 [2]). For another thing, pioneering eﬀorts to realize the idea of living
c Springer International Publishing Switzerland 2016

N. Ferro et al. (Eds.): ECIR 2016, LNCS 9626, pp. 893–896, 2016.
DOI: 10.1007/978-3-319-30671-1 88

894

A. Schuth and K. Balog

labs in practice are now in place and are available to the community. Speciﬁcally
the Living Labs for IR Evaluation (LL4IR)1 initiative runs as a benchmarking campaign at CLEF, but also operates monthly challenges so that people do
not have to wait for a yearly evaluation cycle. The most recent initiative is the
OpenSearch track at TREC2 , which focuses on academic literature search.
Understanding the diﬀerences between online and oﬄine evaluation is still a
largely unexplored area of research. There is a lot of fundamental research to
happen in this space that has not happened yet because of the lack availability of
experimental resources to the academic community. With recent developments,
we believe that online evaluation will be an exciting area to work on in the
future. The motivation for this tutorial is twofold: (1) to raise awareness and
promote this form of evaluation (i.e., online evaluation with living labs) in the
community, and (2) to help people get started by working through all the steps of
the development and deployment process, using the LL4IR evaluation platform.
This half-day tutorial aims to provide a comprehensive overview of the underlying theory and complement it with practical guidance. The tutorial is organized
in two 1,5 hours sessions with a break in between. Each session interleaves theoretical, practical, and interactive elements to keep the audience engaged. For the
practical parts, we break with the traditional format by using hands-on instructional techniques. We will make use of an online tool, called DataJoy,3 that
proved invaluable in our previous classroom experience. This allows participants
to (1) run Python code in a browser window without having to install anything
locally, (2) follow the presenter’s screen on their own laptop and, (3) at the same
time, have their own private copy of the project on a diﬀerent browser tab.

2

Target Audience and Learning Objectives

The primary target audience are graduate students and lecturers/professors
teaching IR classes. Engineers from companies operating search engines might
also ﬁnd the tutorial useful. Our learning objectives include the following topics.
We will start our tutorial with an extensive overview of online evaluation
methods. We begin with A/B Testing [16], which compares two systems by
showing system A to one group of users and system B to another group. A/B
testing then tries to infer a diﬀerence between the systems from diﬀerences in
observed behavior. We describe many ways of measuring observed behavior: (1)
click through rate (CTR) [14]; (2) dwell time [34]; (3) satisﬁed clicks [15]; (4)
tabbed browsing [13]; (5) abandonment [18,28]; (6) query reformulation [8]; (7)
skips [32]; (8) mouse movement [5–7,10,33]; and (9) in-view time [17].
While providing ﬂexibility and control, A/B comparisons typically require a
large number of observations. Interleaved comparison methods reduce the variance of measurement by presenting users with a result list that combines the
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rankings of systems A and B. We provide a comprehensive overview of the following interleaving methods: (1) balanced interleave (BI) [14]; (2) team draft
interleave (TDI) [21]; (3) document constraints (DC) [9]; (4) probabilistic interleave (PI) [12]; (5) optimized interleave (OI) [20]; (6) team draft multileave
(TDM) [27]; and (7) probabilistic multileave (PM) [24].
Next, we discuss a comparison of interleaving and A/B metrics [25]. We then
turn to simulating user interactions [26] using click models [3]. Finally, we touch
on learning to rank in two variants: oﬄine learning to rank [19] and online
learning to rank [35], of which the latter requires the aforementioned evaluation
methods.
Having provided the necessary theoretical background, we introduce the living labs for IR (LL4IR) [1] evaluation platform in depth. We will focus on two
speciﬁc use-cases [23] from the CLEF lab: product search and web search. the
practical sessions, participants will gain hands-on experience with the LL4IR
platform [1], which includes: (1) registering and obtaining an API key; (2) getting queries and candidate items; (3) generating and uploading a ranking; and
(4) obtaining feedback and outcomes. API documentation and course material
are available at http://living-labs.net.
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