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Abstract. Experimental evaluations dealing with visual known-item
search tasks, where real users look for previously observed and memorized
scenes in a given video collection, represent a challenging methodological
problem. Playing a searched “known” scene to users prior to the task start
may not be sufficient in terms of scene memorization for re-identification
(i.e., the search need may not necessarily be successfully “implanted”).
On the other hand, enabling users to observe a known scene played in a
loop may lead to unrealistic situations where users can exploit very specific details that would not remain in their memory in a common case.
To address these issues, we present a proof-of-concept implementation
of a new visual known-item search task presentation methodology that
relies on a recently introduced deep saliency estimation method to limit
the amount of revealed visual video contents. A filtering process predicts
and subsequently removes information which in an unconstrained setting
would likely not leave a lasting impression in the memory of a human
observer. The proposed presentation setting is compliant with a realistic assumption that users perceive and memorize only a limited amount
of information, and at the same time allows to play the known scene
in the loop for verification purposes. The new setting also serves as a
search clue equalizer, limiting the rich set of present exploitable content
features in video and thus unifies the perceived information by different users. The performed evaluation demonstrates the feasibility of such
a task presentation by showing that retrieval is still possible based on
query videos processed by the proposed method. We postulate that such
information incomplete tasks constitute the necessary next step to challenge and assess interactive multimedia retrieval systems participating
at visual known-item search evaluation campaigns.
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Introduction

When evaluating retrieval approaches, the different campaigns aim to simulate
a realistic search scenario in a controlled environment. In the case of interactive
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video retrieval, one of these scenarios is that a user of a search system has seen a
specific part of a video in the past, of which they know that it is contained within
a given dataset, and wants to retrieve this exact video segment as effectively as
possible. This scenario can be simulated by showing such a video segment to users
in a controlled environment and have them simultaneously search for it using
different systems, implementing different approaches. Such a setup does however
not accurately represent the conditions of the original scenario, since the users
participating in the evaluation are not only aware that they will need to retrieve
the video at the time they see it, but they also know the properties of the retrieval
systems they are to use for that task. The evaluation participants therefore have
the opportunity to pay special attention to certain aspects of the video which
can be most effectively used for a query in a particular system, even though they
might not have paid any attention to these aspects when looking at the same
video outside of an evaluation setting. An example of how this can be exploited
is shown in Figure 1, which shows the queries of two visual known-item search
tasks used in the 2019 Video Browser Showdown (VBS) [34]. The red highlights
emphasize legible text which was successfully used to efficiently retrieve the
relevant segment during the evaluation. This text is however of minor semantic
importance to the events shown in the video and would therefore probably not
be remembered – or even perceived – by somebody who saw the video in an
unrelated context in the past and now wants to retrieve these sequences. The task
during the evaluation setting is therefore arguably not able to accurately simulate
the real-world setting which is to be evaluated. To overcome this, we argue that
it is insufficient to present a multimedia document directly as a query for knownitem search tasks. Rather, when presenting queries to evaluation participants,
one needs to consider the effects of human attention as it would likely operate
in an actual unconstrained setting without specific priming which would lead to
an inaccurate mental representation of the relevant document, as well as human
memory effects which would, over time, alter these mental representations even
further. As a proof-of-concept and first step into this direction, we propose a
saliency-based filtering approach for the generation of evaluation queries, which
limits the information in the video to the aspects to which a user would likely
have paid attention in a regular setting. It does this by removing specific details
to avoid their exploitation in a query. The method thereby implicitly predicts
and subsequently removes information a human would not pay attention to and
would therefore not remember afterwards.
After discussing some relevant related work in Section 2, we introduce the
proposed proof-of-concept method and its implementation in Sections 3 and 4
respectively. Section 5 outlines the evaluation procedure and Section 6 shows its
results. Finally, Section 7 concludes and offers some outlook.

2

Related Work

Video is often used as a metaphor for human memory on anything from a personal to a societal level. The relation between video and memory is a manifold
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Fig. 1: Example key-frames from two visual known-item search tasks of the 2019
video browser showdown, referencing V3C [35] videos 03482 (top) and 02380
(bottom). The red boxes highlight text which was successfully used to retrieve
the relevant sequence during the VBS, even though it would probably not be
remembered in a real-world setting.

one, instigating research in the natural and social sciences [5] as well as the
humanities [22], most of which is outside the scope for this work. In practice,
however, human memory is often far less precise than video, being not only
affected by forgetfulness after the fact but already impeded by selective perception and inattentional blindness [39], which can lead an observer to not even
see certain aspects of a scene in case their attention is otherwise occupied. For
query presentation, we aim to mimic the situation that the searcher remembers
a scene view in video or real life some time ago. We are thus interested in long
term memory of visual information, discarding cues in the query video that are
not memorable. Mandler and Ritchey [28] found that humans can remember
information well if can be organised in visual schema, i.e., represented in terms
of their properties and arrangement. Thus anything that is coincidentally in the
video, but not related to the main person/object/action of interest should thus
be suppressed.
In film, an individual’s memory is commonly but not exclusively depicted in
Flashbacks [17] which are sequences outside of the temporal order of the main
narrative, usually delineated with some visual transition. During a flashback
or other memory sequence, various visual cues are used to help the audience
identify the memory sequence. These queues usually degrade the visual fidelity
of the presentation with film noise or sepia effects, vignetting or the reduction
of color to monochrome [30]. Sometimes, localized effects are used to highlight
particular parts of the memory, such as the selective saturation or desaturation
of objects or people [16].
While human memory has a large capacity to capture multi-modal impressions in great detail [8], not all of them are equally memorable. Research on
the memorability of images has shown that the likelihood of an image being
remembered by a human observer is largely independent of the observers them-
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selves [18] and can be estimated with a high degree of reliability. [21] presented
such a memorability estimation method with a near human level rank correlation, concluding that “predicting human cognitive abilities is within reach for the
field of computer vision”. The method shows that spatially concentrated saliency,
providing a ‘point of focus’ increases the memorability of an image and that image memorability is positively correlated with (human) body parts and faces
while being negatively correlated with natural scenes. [6] meanwhile shows that
while human faces are generally a memorable part of an image, some faces are
more memorable than others and that this difference is consistent across different
observers. A study of the effect on overall image memorability based on different
objects being visible is presented in [14]. It again confirms the positive correlation between localized saliency and memorability and shows that objects which
appear towards the center of an image are more memorable, which validates
the vignetting effect as an illustration for memory discussed above. The study
also finds that certain ‘object categories’ such as people, animals or vehicles are
inherently more memorable than buildings or furniture.
Less research has yet been conducted in the area of the memorability of
video [38,11], which is also considerably more difficult due to its temporal aspects and multi-modal nature. Most recent research activities in this area have
clustered around a recently introduced MediaEval3 task on short- and longterm video memorability prediction [10]. Several participating teams [40,9,41,37]
found that image memorability estimation do not directly translate to video
memorability and that the results are worse for the long-term estimates than
for the short-term ones, indicating that the temporal and multi-modal aspects
of video have non-negligible effects on memory formation. All of the proposed
methods also do consider the video scene as a whole and do not aim to identify or isolate the aspects which are especially memorable. This would however
be a requirement for isolating especially memorable components of a video. In
contrast, the concept of saliency can be applied locally and describes how much
any particular region, in this case of an image, stands out with respect to its
neighbors. Based on the observation that most existing work on memorability
treats entire media items, Akgunduz et al. [3] performed an experiment in which
participants were asked to identify the regions they thought helped them remembering an image. The authors found that the regions were more consistent
across participants for correctly remembered images than those for false positives. They found however low overlap of these regions with an image saliency
method they used for comparison. The authors thus used the data from their
experiments to train a CNN for predicting regions impacting memorability.
Saliency estimation is a common task in image processing with various applications in computer vision as well as image and video coding [13]. Various
methods have been proposed for the estimation of saliency in images and later
videos, using both engineered and learned features. For this work, we use a recently proposed deep-learning based method [19] which is temporally consistent
and has a high accuracy when compared to a human eye-gaze ground truth.
3
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In contrast to the visual domain, comparatively little work has been done
in acoustic saliency or memorability detection. While there are methods for
estimating both the saliency [33] and the memorability [32] of an auditory signal,
they detect the salient segments of a signal (i.e., operate in the time domain) as
a whole and do not isolate the salient aspects of a signal (i.e., in the frequency
domain) analogously to a saliency heat map which can be produced from an
image. Some novel multi-modal audio separation methods [42,15] which jointly
consider aural and visual information could however form a basis for future
extensions in such a direction.

3

Methodology

The proposed method aims at providing a first-order approximation of the effects
of human visual attention and, by extension, memory by removing non-salient
information from the video. The reasoning behind this approach is that, if an
observer does not deliberately focus on specific details they know to be useful for
a particular task, they will by default (meaning in the absence of such a task)
focus only on the most inherently salient aspects of the video, which in turn will
be the only aspects they would be able to remember at a later date. Despite
saliency only being one predictive component of memorability, (as discussed in
Section 2), we use it over a direct attempt at memorability estimation, since
saliency can be locally estimated with a high temporal consistency, which is
not currently feasible for memorability but required for filtering. We also argue
that many factors influence if a salient region caused an impression sufficient
to form a lasting memory, some of which might be different from individual
to individual and therefore not feasibly predictable by any one model. A nonsalient region however does more reliably predict a part of the video to which,
little attention would be payed in an unconstrained setting. We therefore use
a low saliency estimate for a region as a prediction, that this particular region
would ultimately not be remembered, which justifies the removal of its contents.
To estimate the visual saliency, the method proposed in [19] is used, which
uses a deep convolutional neural network architecture to predict a heat map of
eye-gaze information, based on a sequence of consecutive video frames. Since
the human visual system favors attention to the center of their visual field, the
estimation of eye-gaze serves as an ideal basis for our approach.
The full processing pipeline is illustrated in Figure 2. The block labelled
Saliency Estimation in the top row predicts an eye-gaze heat map to be used
as an input of a mixer, which overlays the unmodified salient foreground over a
desaturated and blurred version of the input video, used as a background. This
visual degradation process is inspired by visual effects used in film to indicate
flashbacks or other memory scenes and is designed in such a way as to give some
visual context to the unmodified parts of the image, without providing any semantic information. We choose this degradation process over stylization methods
such as [12] in order to generate a smoother transition between the filtered and
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Fig. 2: Illustration of the video filtering pipeline, the upper part describing the
filtering of visual information and the lower part describing the filtering of the
audio signal. The used input parameters are: γ = 0.8, lower threshold = 0.5,
dilation size = 4 pixel, blur radius = 5 pixel, saturation = 10%, background blur
radius = 3%, lower frequency cut-off = 100Hz, upper frequency cut-off = 2kHz,
noise amplitude = 0.005, amplifier gain = 20%. Parameters were determined
empirically.

the unfiltered parts of the video and also to remove additional color- and shape
information, since such information could still be used for query formulation.
Before the eye-gaze prediction can be used as an input mask, it is passed
through a gamma correction and threshold step to extenuate regions with a
high probability and remove regions with a low probability of being looked at
directly. The resulting mask is dilated and blurred to ensure a smoother transition between foreground and background during mixing before being scaled to
the full size of the input video.
Since isolating the salient aspects of an audio signal appears to be infeasible,
we instead apply a content independent filter to the audio signal. The filter
primarily consists of a band-pass filter which heavily attenuates all frequencies
outside of a narrow range similar to the one used by analog telephones. The
remaining pipeline is concerned with the introduction of some Brownian noise in
order to hide some additional details as well as steps for amplitude adjustment.
In addition, the encoder uses MP3 as output audio format and is set to the
lowest supported bit-rate in order to further reduce the audio content based on
the encoders internal heuristics.
Figure 3 shows examples of the filter in action. It can be seen, that areas
which capture the visual attention are largely preserved while many details, like
the person in the background of the first image, the signs and posters in the
second image or the captions in the third image become unrecognizable.
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Fig. 3: Examples of the proposed method: original frames from V3C videos (left
to right) 00801, 06777 and 07453 above and filtered versions of the same frames
below.

4

Implementation

We implemented the filtering pipeline as a standalone application in Java, using
TensorFlow [1] for the evaluation of the saliency estimation neural network,
BoofCV [2] for image processing and FFmpeg4 for video decoding and encoding.
A pre-trained instance of the neural network5 was provided by the authors of [19].
The parameters of the filter pipeline indicated in Figure 2 can be freely adjusted
using an external configuration file. We provide the implementation as open
source software via GitHub.6

5

Evaluation

We evaluated the proposed method at the 9th Video Browser Showdown (VBS)
co-located with the 2020 International Conference on Multimedia Modeling during a dedicated, private session using 10 different interactive video retrieval systems [4,20,23,24,25,26,27,29,31,36] in one dedicated evaluation session. This session was split into two tracks with 10 participants in each, leaving one participant
per system. In both of the two tracks, participants were given 6 visual knownitem search queries taken from the first shard [7] of the V3C dataset [35]. For
both tracks, 3 of the queries were processed with the proposed method while
the others were kept unmodified. The modifications were alternated between the
two tracks, and the queries were presented in the same order in both sessions.
The tasks during this session were equivalent to the regular visual known-item
search tasks of VBS during which participants are given 5 minutes to find the
presented video sequence of 20 seconds in a video dataset of roughly 1,000 hours.
4
5
6

https://ffmpeg.org/
https://github.com/remega/OMCNN_2CLSTM
https://github.com/lucaro/VideoSaliencyFilter
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The 6 used query videos were randomly selected from the dataset and only
checked for visual diversity and uniqueness. The videos did not contain any
easily identifiable or reproducible components, such as distinctive visible text or
spoken dialogue.

6

Results
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Number of Submissions

During the evaluation session, the 20 participants made a total of 66 submissions
for the 2 × 6 evaluated tasks, 33 of which were correct. This number of submissions is substantially lower than what we expected, based on the data of previous
VBS evaluations, independently of the application of the filtering method. This
might be caused by the fact that during this special evaluation session, each
participating search system was only operated by one person at a time, rather
than the usual two in regular VBS settings. Of the 33 correct submissions, 15
were made for queries with unmodified videos while 18 submissions were made
correctly for the queries processed by the proposed filtering approach. Figure 4
shows a breakdown of the number of correct and incorrect submissions with respect to task and filtering. There is no clearly discernible pattern relating the
number of correct or incorrect submissions per task with the application of the
proposed filter.

2630

Video Id
Original

Filtered

Fig. 4: Number of correct (3) and incorrect (7) submissions per video

Focusing only on the correct submissions, Figure 5a shows the individual submission times per task. While there are differences in submission times within
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the different tasks, there appears to be no substantial overall difference with
respect to the filter. The aggregated distributions of submission times of correct
submissions with respect to the application of the filter are illustrated in Figure 5b. There again appears not to be any substantial difference depending on
the filter.

(a) Times of correct submission per (b) Time distributions of correct submisvideo
sions

Fig. 5: Times of correct and incorrect submissions per type

Based on the results presented above, we cannot see any substantial difference in retrieval performance between the tasks using the unfiltered videos and
those using the filtered ones, which leads us to conclude that successful retrieval
of the target sequence is still possible using the filtered videos and that the
filtering hence does not negatively impact the solubility of the retrieval task.
The fact that none of the 6 video segments happened to contain any easily exploitable components, such as recognizable text or distinctive dialogue supports
the assumption that the filter leaves sufficient information intact, seeing that
such aspects would have been removed by the proposed method, as illustrated
in Figure 3. It is therefore reasonable to assume that the filtering could be used
in an interactive video retrieval evaluation setting without negatively impacting the task as it is intended. Due to the small number of results only limited
conclusions can be drawn. A larger-scale evaluation would be needed to make
any strong quantitative statements about the different effects of the method on
different types of query videos.

7

Conclusion & Outlook

In this paper, we presented a saliency based method for the generation of query
videos containing only partial information for use in the evaluation of interactive
video retrieval systems. This filtering method serves as a proof-of-concept for the
feasibility of considering human perception and memory effects in the context of
the evaluation of interactive multimedia retrieval approaches. The performed experiments indicate that the proposed method, while predicting and subsequently
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removing many distinctive details from the video, to which presumably little to
no attention would have been paid outside of an explicit retrieval scenario, does
not negatively impact retrieval performance when compared to unfiltered videos.
The results, therefore, indicate that such a method could be used in interactive
video retrieval evaluation campaigns to more accurately simulate the desired
real-world use case.
While the presented method serves as a first feasibility demonstration, the
problem of task generation for such retrieval evaluations is however far from
solved. For an accurate simulation of the scenario of a human user trying to use
a retrieval system in order to find a multimedia document they encountered before and only partially remember, additional aspects such as longer-term human
memory effects would need to be taken into account, which are not considered by this method. Further research in the area of multi-modal memorability
estimation and, especially, localization, as well as the necessary multimedia decomposition methods is needed in order to more accurately isolate the relevant
aspects of a query document in order to consistently ‘implant’ the information
need which is supposed to serve as a basis for the relevant evaluation task into
a user.
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