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ABSTRACT

During the last 10 years of Video Browser Showdown (VBS), there
were many different approaches tested for known-item search and
ad-hoc search tasks. Undoubtedly, teams incorporating state-of-the-
art models from the machine learning domain had an advantage
over teams focusing just on interactive interfaces. On the other
hand, VBS results indicate that effective means of interaction with
a search system is still necessary to accomplish challenging search
tasks. In this tutorial, we summarize successful deep models tested
at the Video Browser Showdown as well as interfaces designed on
top of corresponding distance/similarity spaces. Our broad expe-
rience with competition organization and evaluation will be pre-
sented as well, focusing on promising findings and also challenging
problems from the most recent iterations of the Video Browser
Showdown.
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1 INTRODUCTION

The multimedia analysis and retrieval area has been significantly
affected by the rise of deep learning [3]. Thousands of papers report
on improvements of various deep architecture designs for particular
multimedia data problems. However, all the reported results in
benchmarks show just a limited picture of the real “out-of-the-box”
performance. Even with strictly separated training and testing sets,
good performance in a benchmark does not guarantee a success
of the model for other data distributions. From this perspective,
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different types of comparative experiments are highly important to
collect more evidence of the real performance of new and excitingly
effective multimedia search models. Another issue emerges with a
high number of similar items in a dataset, which affects complexity
of specific search tasks as well. For example, what if users want
to find one particular wedding party in a very large collection of
wedding videos? Even a human-level classification performance
for concepts like “wedding”, “party”, or “roses” does not guarantee
effective search in such cases.

Moreover, users often have problems with selecting the proper
class or object name, for various reasons. First, some models have a
limited number of object/class categories; for example, the default
YOLO v4 [1] model provides 80 COCO classes [10], but only a subset
of these classes may be relevant for the search tasks and underlying
dataset. Also, some classes have so many matches that they cannot
be used reasonably (e.g., the Person object is easily found in tens
of thousands of keyframes in the V3C1 dataset [12]). Contrarily,
some other models provide so many different classes (e.g., when
trained on ImageNet [2] with more than 21 000 classes) that users
are overwhelmed by the number of classes and have difficulties in
selecting the proper one. The latter issue is often also related to
missing context or vocabulary of non-native speakers as users.

Hence, one of the most important types of evaluations in the
multimedia search area is to incorporate user actions during the
search process. Indeed, users may find it difficult to use a par-
ticular interface, or can overlook relevant data in current result
sets, making automatic types of evaluations mere estimators of the
real performance. On the other hand, if the current results do not
lead to desired objects, users can positively affect the next steps of
the search process. In order to inspect these search perspectives,
several interactive multimedia search evaluation campaigns were
established in the community. For example, the Video Browser
Showdown competition (VBS) has celebrated its 10th anniversary
in 2021 [6], while the Lifelog Search Challenge (LSC) was already or-
ganized for the fifth time [4]. Both competitions allow a comparison
of approaches available at the event time, while winning systems
(e.g., SOMHunter [9] in 2020, vitrivr [5] in 2021, or Vibro [7] in
2022) indicate potentially effective compositions of approaches to
solving the competition tasks.

In the tutorial, we present and share our broad experience with
participation at, and organization of, such interactive video search
competitions. A wide spectrum of open challenges encountered so
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far will be presented, along with already established mechanisms
for search task selection, presentation, and (remote) evaluation.
Guidelines for designing a novel interactive video search system,
as well as to improving an existing open-source system, will be
provided in addition to a summary of promising search models
identified so far at the competitions.

2 TUTORIAL CONTENTS

Introduction. We start our tutorial with a motivation of why
interactive video search is still a hot topic, despite the high accu-
racy of deep learning models for automatic video content analysis
in popular benchmark datasets. In particular, we show examples
where automatic content analysis is not enough and where users
need more than standard text-based querying. We discuss how
to make fair and reproducible evaluations of different interactive
video search (IVS) systems and give an overview of two popular
evaluation campaigns, namely the Video Browser Showdown and
the Lifelog Search Challenge.

Tasks and Challenges. We give an overview of different types
of tasks that are evaluated at VBS and LSC, and what practical
situations are modeled by them. We also talk about the simulated
models behind these tasks and their limits, as well as which chal-
lenges may arise during evaluations. In this context, we discuss
how to approach these challenges of participants and organizers
and make sure that the evaluation results really reflect the true
performance of search systems.

Where is Deep Learning Helpful? Every year, newly trained
deep models emerge for various multimedia analysis tasks. With
better multimedia content analysis, more effective ranking models
and search systems can be designed for tasks evaluated at VBS/LSC.
In this part of the tutorial, we summarize selected deep learning
based models that enable effective meta-data extraction from con-
tents, as well as extraction of useful content-based features for
similarity modeling. Specifically, we show selected models for shot
boundary detection, effective joint embedding for cross-modal sim-
ilarity search, and approaches for additional content-based analysis
and visualizations.

Where Does Deep Learning Still Face Limitations? Although
new deep models integrated to VBS systems positively affected their
performance, there are still limitations which must be taken into
account. For example, users often find it difficult to describe some
types of objects or events with a set of supported keywords. In other
words, having a keyword query interface is not enough to solve a
search task for users not familiar with the search task domain and
without an experience with the classification model. Furthermore,
even with proper keywords or a free-form text search option, users
can still face an uneven distribution of concepts in the dataset. Either
the candidate result set is too large, or the utilized words were not
sufficiently represented in the train dataset of the employed model.
We show examples of these limitations and shortcomings when
using a respected search system for the V3C1 dataset.

Evaluating Implementation Choices. Understanding effects of
various system design choices is particularly difficult for interactive
systems. User studies, even for gathering interaction traces, are not
amenable to such performance analysis, due to their excessive cost
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and ad-hoc nature. We present a methodology for using competi-
tion tasks to derive simulated users, whose interaction strategies
can be varied systematically to expose their impact on system per-
formance tradeoffs. We present recent application of these ideas for
an interactive learning approach, and show how the methodology
can be used to demonstrate scalability of such a system [8]. The
concepts, however, should be applicable for a variety of interactive
approaches.

Comparative Evaluation Approaches and Mechanisms. Inter-
active retrieval poses unique challenges not generally observed in
most benchmarking campaigns. Specifically, system performance
cannot be evaluated in isolation but rather requires end-to-end
human-in-the-loop settings, where several systems and their users
are brought together and evaluated in a controlled and comparable
environment. Evaluation campaigns such as VBS or LSC achieved
this over several years by physically bringing all participants to the
same room, where the environment in which retrieval tasks are to
be solved could be sufficiently controlled. Difficulties in interna-
tional travel in recent years however necessitated the development
of new approaches to support the evaluation of interactive retrieval
solutions in a distributed setting.

We provide a special focus on the challenges and opportunities
that come with conducting such evaluations in a fully distributed
setting. This will also showcase the ‘Distributed Retrieval Eval-
uation Server’ (DRES) [11], an open-source retrieval evaluation
infrastructure that currently powers both VBS and LSC.

With human-in-the-loop systems, ensuring reproducible results
of evaluations becomes a non-trivial task. It requires not only suit-
able benchmark datasets, but also elaborate logging methods to
ensure that all questions of interest can be answered based on the
evaluation. Based on the dataset currently in use for VBS as well
as several TRECVID tasks [12], we discuss various challenges in
dataset design such as appropriateness of size, technical and se-
mantic diversity of content, or legal limitations for distribution
and re-use. We also introduce ongoing efforts in metrological and
instrumentation developments aimed at gaining more insights into
the interactive search process.

Fun Test Session. A real evaluation competition with several
different VBS systems will be performed in this last part of the
tutorial. This will give participants a hands-on experience and
showecase the current state-of-the-art in IVS.
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