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Abstract. We present a surprisingly easy-to-use video browser for helping users to pinpoint a speciﬁc video shot in mind, within a long video.
At each interactive iteration, the only user eﬀort required is to click 1
shot, which most visually relates to the user’s mental target, out of 8 displayed shots. Then, the system updates the browsing model and display
another 8 shots for the next iteration. The proposed system is underpinned by a theoretically-sound Bayesian framework that maintains the
probabilities of all the video shots segmented from the long video. This
framework guarantees that we can ﬁnd the target shot out of around 1-h
video within 3–5 iterations. We believe that our system will perform well
in the Video Broswer Showdown game of MMM 2016.
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Introduction

Due to the recent advances in visual concept detection [5], we have witnessed a
great progress in video search and classiﬁcation [6]. In these tasks, we generally
cast videos into a set of image frames and then consider the whole video as the
smallest unit to be operated. However, we neglect that there are also demands
for browsing a single long video. This application scenario is typically common
in many video editing tasks (e.g., movie or TV post-production). Video Browser
Showdown in joint with MMM conference is an interesting venue for researchers
to evaluate their systems for video browsing. Video browsing is the interactive
process of exploring video content in order to ﬁnd particular segments [8]. Users
are ﬁrst shown a short video clip (e.g, 20 s) and then pinpoint the clip in a long
video (e.g., 1–2 h). Most previous browsing tools are designed with sophisticated
concept selection [7]. Although these designs are eﬀective for expert users, they
are not easy-to-use for novice users and are not ﬂexible for users’ nuanced search
intentions.
In this paper, we present an easy-to-use video browsing system, called Mental
Visual Browsing, which only require user interaction in the way of “click” on the
most visually similar shots in 8 displayed shots. This browsing session usually
terminates in 3–5 rounds when users ﬁnd the exact match to their imaginary
queries (see Fig. 1). That is to say, users are only required to quickly scan 24–40
images to pinpoint the target shot in a long video containing around 1000–3000
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Fig. 1. Our interactive system contains three key parts: (1) Display. 8 shots are displayed to the user; (2) Click. The user click one shot that most relates to the mental
target shot; and (3) Update. The underlying algorithm updates the model for the next
display. Note that the user eﬀort is considerably limited.

Fig. 2. When the user ﬁnds the target shot, the shot can be considered as a starting
point for precise localization in the long video.

shots. The interaction is illustrated in Fig. 1. Suppose the long video is segmented
into N shots. At the ﬁrst iteration, the system just randomly select 8 shots to
be displayed. After reviewing the 8 shots (by seeing the 8 representative frame
image of the shots), the user click the shot that is most visually similar to her
target shot in mind. After receiving the click, the system updates the underlying
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user intention model and then the model selects the most 8 informative shots
(exclusive of the former 8 shots) for the display at next iteration. After the user
meets the target shots, she can zoom in to ﬁne-tune the exact locations in the
video (see Fig. 2). In summary, we want to highlight that the proposed browsing
method is very user-friendly to both experts and novices, and the underlying
algorithm can eﬀectively capture users’ mental intention through very limited
clicks.

2

Video Visual Features

We ﬁrst segment the long video into shots by using any oﬀ-the-shelf shot transition detection softwares. For a typical 1-h video, we obtain 1,000–3,000 shots as
our basic units for display. Since our system relies on high-performance visual
features for visual representations of users’ mental intention, we adopt the recent
video features proposed by Xu et al. [10]. Speciﬁcally, we ﬁrst extract the framelevel CNN descriptors using Caﬀe toolkit [4]. The CNN features are using the
7-th fully- connected layer output of VGG-16 networks [9]. Then, we utilize Vector 0f Locally Aggregated Descriptors (VLAD) [3] with k = 5 to encode them.
We also use Latent Concept Descriptors since it is shown to outperform pure
CNN features. We use 256-component k-means centers for VLAD encoding and
for all CNN features, we apply PCA-whitening to reduce their dimension into
512. In the same time, signed square root and intro normalization, and L2 normalization are used for post-processing [1]. As a result, each shot is represented
by a 256 × 512-d vector.

3

Statistical Feedback Model

Our goal is to assist users to ﬁnd their mental target video shot via minimum
interactions. With users in the loop, the system will learn how to describe users’
intention by modeling the conditional probabilities given users’ click on shots.
The statistical model presented here is inspired by the one proposed by Ferecatu
and Geman [2].
Suppose there are N shots segmented from a long video, denoted as V =
{1...i...N } for simplicity. The objective is to identify a shot that matches the
semantic and visual impressions in the mind of the user. Let M ⊂ V denote the
possible subset of the long video shots, i.e., it can be considered as candidates of
users’ target mental shots. Of course, M is unknown or even imaginary to the
system. We assume that if a member of M is displayed, the user will be satisﬁed
and terminates the browsing. At that point, this shot can be used as a starting
point for precise localization in the long video. At the t-th iteration, the system
displays a shot set Dt ⊂ V to the user. Then, the user can make a feedback to
the system by clicking on one of the displayed shots. We denote this feedback
as ct = k, where k ∈ Dt . Moreover, we denote the history displays and user
clicks as Ht = Ht−1 ∪ {ct = k, k ∈ Dt }. Our system maintains N -independent
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Bayesian system pt (i) for each video shot i. In particular, pt (i) is the estimated
probability of the event that shot i belongs tho the target set M:
pt (i) = P (i ∈ M|Ht ).

(1)

Next, we detail three key components of our system: (1) Update: how to update
pt (i); (2) Click: how the system responds to user click ct = k; and (3) Display:
how to choose shots for displaying Dt .
3.1

Update

By applying Bayes rule, we can rewrite the deﬁnition in Eq. (1) as:
pt (i) = P (i ∈ M|Ht−1 , ct = k, k ∈ Dt )
=

P (ct = k|Ht−1 , i ∈ M, k ∈ Dt ) P (i ∈ M|Ht−1 , k ∈ Dt )
.
P (ct = k|Ht−1 , k ∈ Dt )

(2)

In order to further simplify the above model for computability, we should
note several statistical suﬃciency and assumptions. First, ct = k is a sufﬁcient statistic for k ∈ Dt since it is obvious that once the user clicks on
k, k must be in Dt . Therefore, P (ct = k|Ht−1 , k ∈ Dt ) = P (ct = k|Ht−1 ).
Second, the fact i ∈ M is unrelated to the display set Dt , so we have
P (i ∈ M|Ht−1 , k ∈ Dt ) = P (i ∈ M|Ht−1 ). Third, once given the display
Dt , the history Ht−1 is no longer informative to the user click ct = k,
so we have P (ct = k|Ht−1 , i ∈ M, k ∈ Dt ) = P (ct = k|i ∈ M, k ∈ Dt ) and
P (ct = k|Ht−1 , k ∈ Dt ) = P (ct = k|k ∈ Dt ). Based on these statistical properties, we have the update model for pt (i) as:
P (ct = k|i ∈ M, k ∈ Dt ) pt−1 (i)
P (ct = k|k ∈ Dt )
P (ct = k|i ∈ M, k ∈ Dt ) pt−1 (i)
=
.
P (ct = k|i ∈ M, k ∈ Dt ) pt−1 (i) + P (ct = k|i ∈
/ M, k ∈ Dt ) (1 − pt−1 (k))

pt (i) =

Therefore, all we need to update pt (i) is to
/ M, k ∈ Dt ).
P (ct = k|i ∈ M, k ∈ Dt ) and P (ct = k|i ∈
3.2

model

the

(3)

click

Click

Let d(·, ·) and s(·, ·) denote the distance and similarity in the feature space,
respectively. Our click probability is modeled as:
⎧
s(i, k)
⎪
⎪
,
⎪
⎨ P (ct = k|i ∈ M, k ∈ Dt ) = 
j∈Dt s(j, k)
(4)
⎪
d(i, k)
⎪
⎪

.
/ M, k ∈ Dt ) =
⎩ P (ct = k|i ∈
j∈Dt d(j, k)
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The intuition behind the above deﬁnitions is that if i is the target shot, the
probability is enhanced by the similarity between i and click k; if i is not the
target, the probability is depressed by the distance between i and k.
3.3

Display

We select the most informative subset Dt ⊂ V by minimizing min Entropy
D⊂V

(zt |Ht−1 ). Intuitively, the selection attempts to make an optimal Voronoi partition for the video shots. The detailed calculation of the probability zt is given
in [2].
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