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Abstract

One of the powers of visual media lies in its ability to create a lasting impression on the viewer’s memory. In this digital age,
where media is abundant and attention spans are fleeting, the task of predicting which content will stick in the viewer’s mind
has become a critical challenge in computer vision. Computational memorability seeks to address this by developing models
that estimate how memorable a piece of media is likely to be. In this review we focus on the MediaEval Predicting Video
Memorability benchmark, a recurring evaluation task that has run annually since 2018. This benchmark provides a unique
and consistent framework for researchers to compare and refine their memorability prediction techniques using standardised
datasets and metrics. Its reproducible framework has proven invaluable for tracking progress and fostering innovation in this
rapidly evolving domain. We analyse the evolution of the benchmark across its 2018-2023 editions, discussing the challenges
that still remain, such as the need for more interpretability in models and the difficulty of predicting subjective and context-
dependent memorability. By analysing and synthesising the collective insights gained from this task, we endeavour to inspire
new avenues of inquiry and drive progress towards a more comprehensive understanding of this topic.
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1 Introduction

Computational memorability is an emerging field at the inter-
section of cognitive science and artificial intelligence that
seeks to model and predict how likely a piece of content—
such as an image or video—is to be remembered by viewers.
Understanding memorability has broad implications for con-
tent creation, education, advertising, and accessibility, as it
enables the design of media thatis more engaging and impact-
ful. In recent years, advances in machine learning and deep
learning have enabled researchers to develop models that can
estimate memorability scores directly from visual and audio
features. These models are trained on annotated datasets
where human participants indicate whether they remember
previously seen content, allowing for the creation of predic-
tive systems that generalise across different types of media.
Within this context, benchmarking initiatives such as The
Benchmarking Initiative for Multimedia Evaluation (Medi-
aEval)! have played a crucial role in standardising evaluation
and fostering progress in the field.

Research in neuroscience and psychology has long pointed
to the structured memorability of multimedia content, from
demonstrating the remarkable capacity of human visual
memory (Shepard, 1967; Standing, 1973), to showing its
consistency across observers, even when intertwined with
subjective judgments (Jaegle et al., 2019; Isola et al., 2011),
largely driven by scene statistics and object-level properties
(Konkle et al., 2010,b), and culminating in recent stud-
ies confirming that memorability reflects intrinsic properties
of stimuli rather than individual preference alone (Lin et
al., 2021; Xie et al., 2020). Historically, several attempts
have been made to create datasets and conduct studies on
human participants and assessors to measure either short-
or long-term memorability. Gygli et al. (2013) presents a
foundational study centred on interestingness and its covari-
ates, including assumed memorability (human judgment of
whether images will be remembered) and actual memora-
bility (whether participants truely remember the images,
measured through actual memory tests). While analysing
various correlations between different concepts related to
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human perception of visual media, the authors found that
memorability is inversely correlated with interestingness
and, in line with the conclusions of Isola et al. (2011),
that assumed memorability is negatively correlated with
actual memorability. They concluded that “What a human
observer finds interesting is what he wants to remember
and believes he will. Unfortunately, the latter is often not
the case”. Another important study (Isola et al., 2011) cre-
ated a dataset composed of 2222 target images measured
for memorability. The authors studied a range of features
and concepts that correlated with memorability in every-
day images, considering both objects in the images and
global and local visual attributes. A more modern approach
to the study of memorability has been presented by Khosla
et al. (2015), where the LaMem dataset was constructed. The
authors sampled images from a variety of sources related to
social media, image popularity, affective content, abnormal
object presence, and image saliency datasets, and observed
that some types of content, such as image popularity and
abnormal objects, tend to be more memorable. Other widely
used datasets are discussed later in this paper, including
VideoMem (Cohendet et al., 2019) and Memento10k (New-
man et al., 2020), as they are used in building various editions
of our proposed benchmarking tasks.

MediaEval is a multi-task collaborative benchmarking
event for multimedia retrieval, access, exploration and anal-
ysis. Since 2018, the “Predicting Video Memorability” task
has been organised annually as part of MediaEval, aiming to
understand what makes a video more, or less, memorable.
Several articles describe the overall evolution of the set of
subtasks within the MediaEval benchmark and the various
approaches that were used to create the resources used to
support them Gabriel Constantin et al. (2024); Sweeney et al.
(2023, 2022); Kiziltepe et al. (2022); De Herreraetal. (2021);
Constantin et al. (2019); Cohendet et al. (2018). Throughout
the different editions of the Predicting Video Memorability
task, we focused on exploring several aspects of memorabil-
ity, and of approaches that seek to understand and predict the
memorability of short-form videos. As we will show in this
paper, we proposed the study of short- and long-term mem-
orability, integrated different open datasets into our tasks,
analysed the generalisation power of memorability predic-
tion systems, and looked into electroencephalogram (EEG)
as possible indicators and features for memorability predic-
tion.

The Predicting Video Memorability task has been a con-
sistent task of MediaEval, with annual editions running from
2018 through 2023 inclusive, and a new iteration finished
in October 2025 (as MediaEval took a hiatus in 2024).
The 2018-2023 period represents a cohesive phase of the
task, focused on the memorability of short-form, social
media-style videos. This phase enabled the development and
benchmarking of models under controlled yet diverse con-
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Fig.1 Structure of the
MediaEval Predicting Video
Memorability Task. Each year, a
series of subtasks is introduced,
each presenting a distinct
challenge that makes use of a
specific dataset and
memorability type.
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ditions tailored to short video content. In contrast, the 2025
edition marks a significant shift in the task’s scope, expanding
it to include longer videos, notably movie excerpts and com-
mercial content. We therefore consider 2023 to be a natural
cutoff point, and in this paper, we propose an in-depth anal-
ysis, examining the benchmarking framework, datasets used
throughout the editions of the memorability task, methods
and modalities employed by the participants, and their results
across the 2018-2023 editions by participants in the task.
We also perform experiments with ensemble techniques, fus-
ing the results sent by the participants in order to measure
a “maximal” performance level given the systems proposed
thus far. Finally, we aggregate all the findings and corre-
lations and propose a set of high-level lessons that can be
drawn from the experience and analysis of the 2018-2023
editions of the task, as well as look into some open research
questions that still remain unanswered. Because this article is
conceived as a retrospective analysis of the MediaEval Pre-
dicting Video Memorability task, our scope is deliberately
limited to the 2018-2023 cycle, which constitutes a method-
ologically coherent phase of the benchmark. Accordingly,
the conclusions presented in this work should be interpreted
within the context and constraints of this specific benchmark
framework.

To ensure consistency and readability throughout the
paper, we introduce a terminology that structures the key
concepts involved in organising the challenge. This structure
is illustrated in Figure 1 and includes the following terms:

e Task refers to the overall Predicting Video Memorability
benchmarking competition, without looking into a spe-
cific edition or partition.

e Viewers or annotators refer to people that were employed
during the annotation process of the datasets we used,
viewing the videos and signaling whether they recall see-
ing the videos or not, thus helping us in creating the
ground-truth memorability values associated with each
dataset.

e Participants and teams refer to the teams that have
participated in the various editions of the MediaEval
benchmarking task by submitting their runs and submit-
ting a paper to the MediaEval proceedings that describes
their runs.

e Run or submission denominates a single method (and the
corresponding set of predictions) created by one of the
teams and submitted to the organisers, that attempts to
solve one subtask for an edition of the MediaEval Pre-
dicting Video Memorability task.

e Dataset denominates one of the five open datasets used
throughout the different editions of the Predicting Video
Memorability task.

e Memorability type, as used in our scenarios, nominates
one of the two main types of memorability: short-term
memorability, denoting the ability to recall a video in a
short time after initial viewing, and long-term memora-
bility, referring to the ability to recall a video days after
initial viewing.

e Challenge type defines one of the three types of chal-
lenges we proposed to participants: video-based predic-
tion challenges, where memorability must be predicted
using approaches that process video data and associated
metadata, video-based generalisation challenges, where
participants must train on one dataset and test on another,
thus validating the generalisation capabilities of their
approaches, and EEG-based prediction.

e Subtask defines the numerous challenges that we propose
for participants throughout the editions of the memora-
bility task. Each subtask is defined by a year when the
challenge was proposed, the dataset used in the subtask,
the challenge type and the memorability type.

The rest of the paper is structured as follows: The datasets
used and the subtasks in the Predicting Media Memora-
bility task have evolved over the years and are described
in Sections 2-3. An overview of the main techniques that
achieved best results in the benchmark is given in Section 4.

@ Springer
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A set of ensemble approaches based on applying late fusion
approaches to all the runs submitted by participants through-
out the years is discussed in Section 5. The main lessons
learned are described in Section 6 and conclusions are given
in Section 7.

2 Subtasks and Participation Over the Years

Table 1 provides an overview of the subtasks featured in each
edition of the Predicting Video Memorability benchmark.
The set of core video-based prediction subtasks challenged
participants to automatically estimate memorability scores
for videos — that is, the likelihood that a video will be
recalled upon subsequent viewings, either in the short term
or the long term. The set of generalisation subtasks eval-
uated the robustness of prediction models across different
datasets and data sources: participants are required to train
their systems on one dataset and evaluate them on a dif-
ferent dataset, thereby testing their ability to generalise to
new video sources. Finally, the set of electroencephalogram
(EEG)-based prediction subtasks introduced a neurophysi-
ological dimension by incorporating EEG signals recorded
from viewers as they watched the videos. The goal was to
predict whether a viewer would remember a video or not,
either using only EEG data or in combination with features
extracted from the videos.

The datasets used during the 2018-2023 editions of the
memorability task are characterised by their short-form
nature, with durations typically ranging from 5 to 10 sec-
onds. The working model in our use case for memorability
is that the viewers of the videos have no personal or emo-
tional connection with those videos. That is, the videos do
not show their family, friends or familiar personal context.
While the content may include well-known public figures
or widely recognisable scenes, it is not expected to involve
individuals or places with whom the viewers have a direct,
personal relationship. Thus, this task focuses on the kind
of rapid, attention-driven content commonly encountered on
social media platforms. During the different editions, task
participants were provided with extensive datasets of videos,
each with memorability annotations, related information,
pre-extracted state-of-the-art visual and audio features, and
EEG recordings (see Section 3). Furthermore, for some edi-
tions, the same set of videos and ground-truth scores were
used, thus helping us in understanding the evolution of pro-
posed systems and methods, as well as helping participants
in building their systems upon those submitted to previous
editions. A breakdown of the datasets and which editions
they were used in is presented in Section 3.

Over the 6 completed editions of running the memorability
task, 47 teams successfully participated (with submitted runs
and papers), with a total of 376 runs submitted for evaluation,

@ Springer
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Fig.2 Annual participation in the MediaEval Predicting Video Mem-
orability task for the 2018-2023 editions, expressed as number of runs
submitted per year.

as shown in Figure 2. With the larger availability of bench-
marks and datasets nowadays, the task remains attractive for
participants. This shows the impact that building data col-
lections and benchmarking tasks and sharing these resources
with other researchers can have on research challenges like
predicting memorability. The high participation across edi-
tions reflects the enduring relevance of understanding and
predicting memorability, as well as the fact that memorabil-
ity prediction is still an open area of research.

3 Data Over the Years

This section provides an overview of the evolution of the
datasets used in our proposed task. Over the years, the task
has introduced new datasets and refined existing ones to
better capture the nuances of video memorability, includ-
ing variations in video length, content type, and annotation
protocols. These changes reflect the growing complexity and
ambition of the task, as well as the community’s efforts to
improve the robustness and generalisability of memorability
prediction models. Following this overview, we describe the
methodologies employed to compute memorability scores,
including the experimental protocols used to collect human
annotations and the statistical techniques applied to derive
consistent and comparable memorability values across dif-
ferent datasets.

3.1 Datasets

Between 2018 and 2023, three video datasets and two EEG-
based datasets have been released as part of the MediaEval
Predicting Media Memorability task, each accompanied by
pre-extracted features. While the 2025 and 2026 editions
introduce new datasets, these fall outside the scope of this
paper and are not included in our analysis, as explained in
Section 1. Details regarding evaluation protocols and memo-
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Table 1 Summary of challenges proposed in the Predicting Video Memorability task across MediaEval editions from 2018 to 2025. Note that
MediaEval took a hiatus in 2024, and the 2025 edition finished in October 2025.

2018 2019 2020 2021 2022 2023 2025 (just finished)
Video-based short-term prediction v v v v
Video-based long-term prediction v v v v
Generalisation v v v
EEG-based memorability prediction v v v v

rability score computation are presented in Sections 3.2 and
3.3, respectively. We also note that, for all datasets except
Memento10K, annotators viewed the videos together with
their corresponding audio during the annotation process.
Although Mementol0K contains audio tracks, these were
not presented to annotators when collecting memorability
annotations.

VideoMem VideoMem (Cohendet et al., 2019) is composed
of 10,000 7-second long soundless videos shared under a
license allowing their use and redistribution in the context
of MediaEval. They were extracted from high quality cine-
matic raw stock footage used by professionals when creating
content. They are varied and contain different scenes types.
Each video is accompanied with short-term (i.e., measured
a few minutes after visualisation) and long-term (i.e., mea-
sured 24—72 hours later) memorability scores and a caption
that contains a short description of its content. This dataset
was used in the 2018, 2019, 2022, and 2023 editions of the
task. In both the 2018 and 2019 editions, the same dataset was
used, with a consistent split of 80% for training and develop-
ment and 20% for testing. This dataset served as the single
and primary resource of evaluation in both years. In the 2022
edition, the dataset used was the same as in previous editions,
with an additional 5% of labeled videos released. The data
was split into 70% for training, 15% for validation, and 15%
for testing, offering a slightly larger labeled set while main-
taining continuity with earlier editions. In 2023, the dataset
was only used to evaluate the systems that were submitted,
in the generalisation challenge type. In this case, the teams
were not allowed to use any VideoMem data for training.
Only the 2,000 videos in the testing set (without labels) were
released for the teams to perform inference and submit their
runs for models trained with other datasets. Figure 3 shows
a sample of frames from some of the videos in this dataset
and their corresponding memorability scores.

TRECVid 2019 Video-to-Text The TRECVid dataset (Awad
etal., 2019) contains 6,000 Vine videos provided under Cre-
ative Commons licenses that allow their redistribution. A
subset of this dataset was selected and annotated to be used in
the 2020 and 2021 MediaEval Predicting Video Memorabil-
ity editions. The data were divided into training, validation,
and testing sets. In 2020, the released data included 590 train-

Fig. 3 A sample of frames (and corresponding memorability scores)
from videos in the VideoMem dataset.

Fig. 4 A sample of frames (and corresponding memorability scores)
from videos in the TRECVid dataset.

ing and 410 validation videos while in 2021 the validation
set was extended up to 1116 videos. In both years, the test
set remained unchanged with 500 samples. The TRECVid
videos have different audio and visual features in scenes
where various actions are performed by different objects.
Therefore, these movies include more dynamic actions and
audio compared to those in VideoMem. Figure 4 shows a
sample of frames from some of the videos in this dataset and
their corresponding memorability scores.

Mementol0K The MementolOK dataset (Newman et al.,
2020) contains 10,000 three-second long videos depicting
in-the-wild scenes. Each video is annotated with short-
term memorability scores, memorability decay values, action
labels, and five accompanying captions describing the con-
tent of the video. For the purposes of the MediaEval Predict-

@ Springer
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Fig. 5 A sample of frames (and corresponding memorability scores)
from videos in the Memento10K dataset.

ing Video Memorability task, 7,000 videos were released for
training, 1,500 for validation and the remaining 1,500 videos
were used as the test set for scoring submissions. This dataset
was used consistently across the 2021, 2022, and 2023 edi-
tions of the task. Figure 5 shows a sample of frames from
some of the videos in this dataset and their corresponding
memorability scores.

2021 EEG dataset The 2021 EEG dataset (Sweeney et al.,
2022) was collected as part of a pilot study to check the
feasibility of finding neural correlates of memory encod-
ing in a short-term memorability task. The stimuli consisted
of 450 videos selected from the TRECVid dataset, with a
balanced representation of high, low, and medium memora-
bility scores, ensuring consistency with prior editions of the
task. EEG data were recorded from 11 subjects across two
locations using a shared experimental protocol. Annotators
viewed the videos in a continuous session without distinct
encoding and recognition phases. Each video was followed
by a prompt asking whether it had been seen before, allowing
for binary annotation of short-term memorability. However,
the resulting dataset was highly imbalanced, with the major-
ity of the video clips being correctly remembered by the
annotators. This imbalance limited the scope of meaningful
analyses, particularly in distinguishing neural patterns asso-
ciated with remembered vs. forgotten content. As a result,
the experimental protocol was refined for the 2022 edition
of the EEG task to improve data balance and enhance the
reliability of subsequent analyses.

2022 EEGMem The 2022 EEG dataset (Sweeney et al.,
2023) built on the 2021 pilot study with a revised proto-
col designed to improve data balance and support long-term
memorability analysis. EEG recordings were collected from
12 subjects captured while they watched a subset of the
Memento10k (Newman et al., 2020) videos. To assess long-
term memory retention, the annotators rewatched the same
videos (plus a random selection of videos that had not
been shown to them during the encoding phase of the
study) through a custom-built online portal between 24—

@ Springer

72 hours after a video-EEG recording session, where they
were required to indicate for each video whether or not they
recognised it. This provided binary ground truth annotations
of memory encoding for long-term memorability. As part
of the EEG subtask, participants were required to predict
whether a given viewer would remember a specific video
based on their EEG signals. A cross-subject/transfer learning
component was introduced, with data from three annotators
that were left out of the training set used to evaluate model
transferability across individuals.

3.2 Measuring Video Memorability

Inspired by the works of Isolaetal. (2013, 2011), the datasets
developed or integrated in the Predicting Video Memorabil-
ity task use a two-stage annotation process. An example of
this process applied to the VideoMem dataset is presented
in Figure 6, while some statistics and measurements and
particularities of the annotation process for each dataset are
presented in Table 2.

The first stage deals with annotating videos for short-term
memorability ground-truth scores. Viewers watch a series of
videos, containing “target videos” (videos that are part of the
final dataset) and “vigilance videos” (videos that are repeated
quickly after their occurrence, used to measure viewer atten-
tion). While target videos are shown again after tens of other
videos (e.g., for the VideoMem collection, they are repeated
after 45-100 videos, accounting for only a few minutes after
retention), vigilance videos are repeated after only a few other
videos (e.g., the repetition of the vigilance videos occurs after
3-6 videos for the VideoMem dataset). The second stage
deals with long-term memorability annotation, where after a
longer period of time (i.e., 24—72 hours), viewers participate
in another round of memorability annotations.

For the VideoMem dataset, the memorability scores were
computed from 9,402 viewers for short-term, and 3,246 view-
ers for long-term memorability. On average, 38 (at least 30)
annotations were collected for each video in the short-term
task, whereas in the long-term task, a mean of 13 annotations
(at least 9) were collected. For the TRECVid 2019 Video-
to-Text dataset, a minimum of 14 annotations per video
in the short-term memorability step were collected with a
mean of 22. For long-term memorability a minimum of 3
and an average of 7 annotations/video were collected. For
the Memento10K only short-term memorability annotations
were acquired. The memorability scores were computed with
90 annotations/video on average.

Annotators’ agreement was computed as defined in
Cohendet et al. (2019) and an annotation consistency value
is computed for each number N of annotations per video.
First only videos with at least N annotations each are consid-
ered. This video set is then randomly split in two equal parts,
before computing the Spearman rank correlation between
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3 to 6 videos Encoding and recognition (st)
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Fig.6 A graphical representation of the annotation protocol, as presented in Cohendet et al. (2019), showing the differences between short-term
(st) and long-term (It) annotations.

Table 2 Summary of the three visual datasets used in the 2018-2023 editions (VideoMem, TRECVid, Memento10k) of the Predicting Video
Memorability task. For this table, st denotes short-term annotations, while /¢t denotes long-term.

VideoMem TRECVid Memento10k
Total number of videos 10,000 6,000 10,000
Average duration 7 sec. 6 sec. 3 sec.
Memorability type short- and long-term short- and long-term short-term
Avg. number of annotators per video (st) 38 22 90
Avg. number of annotators per video (It) 13 7 -
Min. number of annotators per video (st) 30 14 64
Min. number of annotators per video (It) 9 3 -
Vigilance repeat 3-6 videos 3-6 videos 2-3 videos
Target repeat (st) 45-100 videos 45-100 videos 9-200 videos
Wait time until second stage of annotation (It) 24-72 hours 24-72 hours -
Number of videos per viewer in a session (st) 180 180 200
Number of videos per viewer in a session (It) 120 120 -

the two sub-sets. Computed over VideoMem, the annota-
tion consistency reaches a value of 0.616 for 38 annotations
per video, for short-term memory, and 0.364 for 13 anno-
tations per video, for long-term memory. From Cohendet et
al. (2019), it can be extrapolated to reach a maximal value
of 0.81 for 72 annotations per video, for short-term memory.
On Mementol0K, it reaches 0.73, for short-term memory
and 90 annotations per video. For the TRECVid dataset,
inter-annotator agreement was estimated using a logarithmic
extrapolation model fitted on merged subsets of the data, fol-
lowing the method used for VideoMem dataset. To ensure
reliability, the fitting was performed only on data points
where the number of annotators per video was < 12, in
the case of short-term memory, due to high variability and
limited video availability at higher annotation levels. Based
on this model, the extrapolated Spearman correlation at 50
annotations per video is approximately 0.1901 for short-term
memory. For long-term memory, only a few points have more

than 12 annotators per video, leading to the conclusion that
our method to extrapolate the Spearman correlation at 50
annotations would not be robust enough. As a conclusion,
this and the value of 0.1901 for short-term memory highlight
the limited annotation consistency in TRECVid compared to
datasets like VideoMem and Memento10K.

Furthermore, as described by Cohendet et al. (2019), in
addition to the inclusion of vigilance videos and filtering
mechanisms, annotator consistency is ensured through the
computation of control recognition rates, which allow for
the identification and removal of annotators with abnor-
mal recognition behavior. These rates are established based
on in-house tests and define the following thresholds: (i) a
minimum correctrecognition rate of 15% for long-term anno-
tations; (ii) a maximum false recognition rate of 30% for
short-term annotations and 40% for long-term annotations;
and (iii) a false recognition rate lower than the true recogni-
tion rate for long-term annotations. While these mechanisms
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strengthen internal consistency and attention quality across
annotators, it is important to note that no measures were
implemented to control for potential cultural or demographic
bias during dataset creation, as annotator background infor-
mation was neither collected nor used as part of the filtering
process.

3.3 Memorability Scores Over the Years

In the first four editions of the task, each memorability
score was calculated as the percentage of correct recog-
nitions among viewers (termed raw scores). In the 2018
and 2019 editions, a linear correction was applied to the
short-term memorability scores to account for varying mem-
ory retention durations. This was necessary because each
video’s successive presentation occurred after different time
intervals (ranging from 45-100 intervening videos) introduc-
ing variability in recall probability. Since prior analysis of
video memorability had shown that recall probability decays
approximately linearly with increasing retention duration,
this correction aimed to normalise scores by extrapolating
memory performance to the maximal interval (100 videos).
Notably, while linear decay provided the best fit for video
data, image memorability has been better modeled using a
log-linear decay function, as reported in the LaMem study
(Khoslaetal., 2015). The linear correction was not applied to
long-term scores, where no consistent relationship between
retention interval and raw scores was observed, and it was
discontinued entirely after the 2020 edition.

In 2021, a new memorability score was introduced that
employed an updated normalisation procedure grounded in
the expected linear decay of recognition hit rates over short
retention intervals. This revised approach allowed for the
modelling of individual video-specific decay patterns by
incorporating an adjustable decay-rate parameter, denoted
as «, which accounts for subtle variations in how rapidly
recognition performance declines across different videos.
This video-specific decay rate is computed by assigning
an « value to each video, obtained by minimizing the L,
norm between the raw binary annotations and the predicted
memorability score under a linear decay assumption, thereby
yielding a decay parameter for each individual video. Full
methodological details are provided in Newman et al. (2020).
This normalisation procedure was subsequently adopted in
the 2022 and 2023 editions of the task.

4 Techniques Used

In this section, we provide an overview of the techniques
employed by participants in the MediaEval Predicting Video
Memorability task across the 2018-2023 editions. These
techniques span a wide range of approaches, including
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traditional machine learning, deep learning architectures,
multimodal fusion strategies, and, more recently, brain-
computer interface methods using EEG data.

To facilitate a structured and consistent discussion of these
methods, we introduce a unified notation to refer to specific
subtasks and configurations. Throughout the rest of this paper
we will use the following notation for defining the memo-
rability subtasks: year.challenge.dataset.memorability_type
(see Figure 1). The year is defined as the year of the Medi-
aEval competition, challenge is defined as one of the three
main research directions, namely “P” for Prediction, “G” for
Generalisation, and “E” for EEG, dataset signifies the dataset
used in the experiments, while memorability_type symbol-
ises the type of memorability scores used in the subtask,
namely short- or long-term (abbreviated as ST and LT), raw
scores or normalised (abbreviated as “norm’) scores.

4.1 Analysis of the Overall Performance

We analyse general performance trends across existing
approaches to the prediction tasks. Figure 7 presents a box-
plot summarising the performance of submitted methods
across different subtasks. Due to the limited number of
submissions to the generalisation challenge type, our anal-
ysis is restricted to prediction-based subtasks. Results are
grouped into five dataset and memorability type categories:
VideoMem.ST, VideoMem.LT, TRECVid.ST, TRECVid.LT,
and Memento.ST. As the prediction challenge was not part of
the 2023 edition, this analysis spans the years 2018 to 2022.
Across all analysed groups, we observe 13 negative outliers,
suggesting only occasional poor-performing or misaligned
runs.

We also observe notable trends in performance evolution
across different editions of the task. Median performance
values show consistent improvement across all dataset-
memorability type combinations: VideoMem.ST (0.355 to
0.450), VideoMem.LT (0.168 t0 0.203), TRECVid.ST (0.075
to 0.201 and 0.193), TRECVid.LT (0.043 to 0.060), and
Memento.ST (0.602 to 0.604). These gains are substan-
tial, with increases of 168% for TRECVid.ST, 26.7% for
VideoMem.ST, and 20.8% for VideoMem.LT. Notably, even
modest gains on Memento.ST are significant, as surpassing a
Spearman rank correlation of 0.7 is particularly challenging,
highlighting the strong performance of top submissions.

Top-performing systems also demonstrate consistent year-
on-year improvement. Notable examples include: Video
Mem.ST, with an increase from 0.497 Gupta and Motwani
(2018) to 0.528 Azcona et al. (2019), TRECVid.ST from
0.137 Sweeney et al. (2021b) to 0.297 Gabriel Constantin
and Ionescu (2022a), and Memento.ST from 0.658 Reboud
et al. (2022) to 0.707 Agarla et al. (2023). Across datasets
annotated for both short- and long-term memorability, sys-
tems generally perform better on short-term memorability.
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Fig. 7 Boxplot representation of the overall performance of methods
across various versions of the dataset, for the prediction challenge. We
use the following parameters in creating the boxplot representation:
interquartile range / QR = 50%, median values represented by the red

15 2018.P.VideoMem.LT

2021.P.Memento.STraw

lines, lower and upper adjacent values computedas Q1 —1.5x 7 QR and
Q1+1.5xIQR, and outliers presented as red circles. These results are
for prediction-based subtasks only, results for the generalisation and
EEG based subtasks will be presented separately.

2022.P.Memento.ST
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Memorability Scores
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Fig. 8 A comparative analysis of the ground truth values and mem-
orability prediction scores for the top performing systems in 2018.
P.VideoMem.LT, 2021.P.Memento.STraw, 2021.P.Memento.STnorm.

This consistent pattern reflects the greater difficulty in mod-
elling long-term memory retention.

An analysis of submission behaviour reveals a consis-
tent trend in the distribution of predicted scores. Figure
8 compares the distribution of ground truth memorabil-
ity scores to that of the predicted scores from top par-
ticipant submissions. Notably, participant predictions tend
to compress the memorability range, producing a nar-
rower score distribution than the ground truth. Although
Figure 8 shows only three representative top-performing

Predicted

This figure presents a split violin plot comparing ground truth score
distribution in blue with prediction score distribution in orange.

runs (2018.P.VideoMem.LT, 2021.P.Memento.STraw, and
2021.P.Memento.STnorm), similar trends were observed
across the vast majority of runs and subtasks throughout all
editions of the task.

4.2 Analysis of the Employed Features and
Modalities

We now analyse the impact of the content descriptors and
features employed by participants throughout the editions

@ Springer
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of the Predicting Video Memorability task. Our goal is to
identify the most commonly used feature types and assess
how their prevalence correlates with system performance.

To support participants—particularly those early in their
research career—we computed and provided the following
set of pre-computed features:

e image-level features: FC7 activations from AlexNet
(Krizhevsky et al., 2017), VGG (Simonyan and Zis-
serman, 2014), DenseNetl21 (Huang et al., 2017),
ResNet50 (He et al., 2016), EfficientNetB3 (Tan and Le,
2019); hand-crafted features including HOG (Dalal and
Triggs, 2005), HSV and RGB histograms, and LBP (He
and Wang, 1990);

e video-level features: C3D (Tran et al., 2015);

e audio features via the VGGish (Hershey et al., 2017) net-
work for the datasets based on TRECVid;

e aset of text- and metadata-based features and information
associated with each video, as provided by the creators
of the original datasets (Cohendet et al., 2019; Awad et
al., 2019; Newman et al., 2020).

A noteworthy trend across all editions is the widespread
adoption of multimodal fusion strategies. Specifically, 48%
of submitted runs employed early fusion techniques, while
24% utilised late fusion. Additionally, 9% of submissions
integrated both early and late fusion within ensemble frame-
works. These ensemble approaches were typically designed
to enhance the output of single-modality systems and often
yielded superior results. In fact, ensemble-based systems
achieved top performance across nearly all short- and long-
term prediction subtasks on the VideoMem and TRECVid
datasets, with the Memento dataset being the only exception.

The best performing system on the short-term VideoMem
data was developed by Azcona et al. (2019), for the
2019.P.VideoMem.ST subtask, with a result of 0.528. In this
work, the authors employed a weighted ensemble strategy
that fused the results of systems processing some of the
visual pre-computed features, aesthetic and emotional-based
features, and textual information. Their approach has also
scored high on the 2019.P.VideoMem.LT subtask (0.27), but
was not the top performing system. The top performing sys-
tem in this case was presented by Reboud et al. (2019), using
a weighted ensemble over visual and caption-based features.

For the short-term TRECVid subtasks, the top result was
recorded in the 2021.P.TRECVid.STnorm subtask by the
THAU-UPM team (Kleinlein et al., 2022), who achieved a
score of 0.293 using a system that incorporated features from
CLIP, ViT, and BEIT visual models. The same team also led
the 2021.P.TRECVid.LT subtask, where they shifted focus
to the textual modality, employing caption-based representa-
tions extracted via SBERT, GPT-2, and CLIP-text networks.
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The top result in the Memento short-term subtask (2022.P.
Memento.ST) was achieved by Agarla et al. (2023), who
scored 0.707 using visual features derived from a ViT-style
architecture.

Beyond the standard modalities, several participants
experimented with alternative data modalities. A notable
early example is the work of Smeaton Smeaton et al. (2018),
who were the first to incorporate EEG signals into a memo-
rability prediction system — a line of investigation that later
gave rise to the dedicated EEG subtask. Saliency-based mod-
elling also attracted interest, with both Smeaton (Smeaton et
al., 2018) and Joshi et al. (2018) exploring visual attention
mechanisms to inform memorability predictions.

Finally, we attempt to define and examine a set of modal-
ities in order to determine whether any of them show
consistent improvements in performance compared to oth-
ers. We therefore explored the following categories: (i) visual
image-level modalities, analyzing single-frame features; (ii)
audio modalities; (iii) temporal modalities,encoding motion
or temporal information in the visual domain; (iv) textual
modalities, including provided and automatically generated
captions; (v) conceptual modalities, capturing high-level
attibutes such as aesthetics, emotional content, or per-
plexity; (vi) annotation-based modalities, involving models
and methods that analyze annotations; and (vii) physio-
logical modalities, using EEG-derived features. Although
this analysis did not reveal a single modality or feature
set that consistently outperforms others, it provides useful
interpretability insights. The large variability of submit-
ted systems within each modality and the prominence of
early- and late-fusion approaches make it difficult to iso-
late the contibution of individual modalities. As we discuss
further in Section 4.7, failure—analysis experiments indi-
cate that certain visual and structural properties of videos
(e.g., contrast, motion, object presence) correlate with predic-
tion difficulty, offering initial evidence of recurring patterns
linked to memorability. Addressing modality contributions
more systematically remains an important direction for future
work.

4.3 Analysis of the Classification Methods

In this section, we examine the techniques employed by
participants. Our goal is to assess the capabilities of their
methods and uncover general trends in their performance.
In spite of the diversity of experimental approaches submit-
ted over the years, discernible patterns have surfaced. While
the categories presented below are not mutually exclusive,
our intention is not to classify them but to ascertain the
most salient approaches, explore their effectiveness, and gain
insights into their performance and overarching tendencies.

We identify the following main approaches: (i) Traditional
Regressors, (i1) Neural Networks (NN), (iii) Deep Neural
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Fig.9 Analysis of the employed methods for all the prediction and generalisation subtasks. We plot Spearman’s rank correlation for all methods.

Networks (DNN), (iv) Ensemble i.e., combining the predic-
tions of multiple individual models of the same category
to produce a final prediction, and (v) Hybrid i.e., combin-
ing more than one approach of different categories. Please
note that some of the categories might seem to include each
other, e.g., deep networks and neural networks. In our anal-
ysis, “neural networks" refer to shallow networks with 3 or
fewer hidden layers, while “deep networks" refer to end-
to-end deep networks with more than three hidden layers.
Results are presented in Figure 9.

Traditional Regressors. Traditional regressors were the
favoured option across submissions, accounting for 31.8%.
Notably, the top-ranking results on the 2021.P.TRECVid.
STnorm and on the 2021.P.TRECVid.LT subtasks were
achieved utilising this classification category. Both of these
results were obtained by Kleinlein et al. (2022). The authors
employed a Naive Bayes regression model achieving a
Spearman’s rank correlation of 0.293 and 0.125, respec-
tively. Traditional regressors were also strong candidates on
other tasks. For example, Sweeney et al. (2023) employed
a Bayesian Ridge Regressor model trained on stacked CLIP
visual embeddings extracted from the first, middle, and last
video frames, achieving a Spearman’s rank correlation score
of 0.667 on the 2022.P.Memento.ST subtask. Gupta and Mot-
wani (2018) used an ElasticNet model that was trained using
binary labels sampled from a binomial distribution, which
were parameterised by the memorability scores. The moti-

vation behind this approach stems from the fact that the
memorability score indicates the percentage of subjects who
can recall the contents of the video. As a result, the afore-
mentioned technique achieved a Spearman’s rank correlation
score of 0.488 on the 2018.P.VideoMem.ST subtask.

Deep Neural Networks. DNNs were the second most
used approach among the submitted classification methods,
accounting for 22.6% of the total. They are used by the top
runs on the 2018.P.VideoMem.LT, 2021.P.TRECVid.STraw
and 2023.G.VideoMem.ST subtasks. Duy-Tue Tran-Van et
al. (2018) used a recurrent neural network (RNN) with a
single long short-term memory (LSTM) layer where each
feature vector extracted from every video frame served as
an input at a time step in the LSTM model. A dense layer
was positioned at the top to take a 1024-dimensional output
vector from the LSTM model to compute the video’s mem-
orability score. The approach achieved a Spearman’s rank
correlation score of 0.257 on the 2018.P.VideoMem.LT task.
Constantin and Ionescu (Gabriel Constantin and Ionescu,
2022a) implemented a vision transformer architecture with
a dedicated regression head that received filtered frames
denoted as “Memorable Moments" selected based on data
annotations to characterise a video from a memorabil-
ity perspective. The approach achieved a Spearman’s rank
correlation score of 0.297 on the 2021.PTRECVid.STraw
subtask. The authors subsequently refined their approach
in Gabriel Constantin and Ionescu (2023b) by augment-
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ing the previously developed “Memorable Moments” to
incorporate several video segments that corresponded to
the instants most highly rated by annotators as memo-
rable, in contrast to the previous approach of selecting
only one segment per video. This allowed the authors
to capture more representative video segments leading
to the third-best run on the 2022.P.Memento.ST subtask,
with a Spearman’s rank correlation score of 0.665. The
DNN approach presented by the SELAB-HCMUS team
(Nguyen et al., 2024) used a series of fully connected
layers for processing textual features extracted via CLIP,
and visual features extracted via ResNet and EfficientNet.
Each feature vector was processed by a set of 3 fully con-
nected layers, followed by a final fully connected layer
that joins all three branches. This approach scored the top
result on the 2023.G.VideoMem.ST subtask, with a final
result of 0.445. Additional noteworthy approaches com-
prise the work of Sweeney et al. (2022b), who used an
xResNet50 model pretrained on ImageNet and fine-tuned
on the MementolOk training data to obtain the second-
best performance on both the 2021.G. TRECVid.STraw and
2021.G.TRECVid.STnorm subtasks with Spearman’s rank
correlation scores of 0.116 and 0.132 respectively.

Neural Networks. Shallow NN-based methods account for
18.3% of the submitted systems. They are used by two meth-
ods securing the first position on ten subtasks (Reboud et al.,
2022) use textual features by concatenating video descrip-
tions such as TF-IDF, GloVe embeddings, BERT token
representations, and Sentence-BERT sentence representa-
tions. Additionally, visual features such as 2048-dimensional
13D features are extracted from the Mixed_5c layer trained
on the Kinetics-400 dataset, and audio features obtained from
the VGGish network that encode occurrence probabilities of
the classes from the Google AudioSet Ontology. These mul-
timodal feature vectors are passed as input to a feed-forward
network that comprises a single hidden layer, where ReLU
and dropout mechanisms are incorporated between the lay-
ers. The output for the regression result is generated using a
simple sigmoid function. This approach yields the best results
on various subtasks, including 2021.G.TRECVid.STraw,
2021.G.TRECVid.STnorm, 2021.G.TRECVid. LT, 2021.
PMemento.STraw, 2021.P.Memento. STnorm, 2021.G.
Memento.STraw and 2021. G.Memento.STnorm, achieving
Spearman’s rank correlation scores of 0.14, 0.146, 0.045,
0.658, 0.658,0.31 and 0.32, respectively. A similar approach
is employed by (Agarla et al., 2023) which use a stack of
three linear layers with ReLU in between and a sigmoid
function for the regression result. The authors demonstrate
that features extracted from a model trained with natural
language supervision are effective for estimating video mem-
orability obtaining the first place on the 2022.P.Memento.ST,
2022.G.Memento.ST, and 2022.G. VideoMem.ST subtasks
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with a Spearman’s rank correlation score of 0.707, 0.523, and
0.47 respectively.

Ensemble. Ensemble methods account for 16.9% of all
systems evaluated and have been central to several top-
performing approaches, particularly in the 2018.P.Video
Mem.ST, 2020.P.TRECVid.ST, and 2020.P.TRECVid.LT
subtasks. In their 2018 submission, Gupta and Motwani
(2018) employed a traditional ensemble of regression mod-
els, combined via a simple weighted averaging strategy. The
optimal weights were selected through grid search over the
development set. Their approach achieved a Spearman’s rank
correlation score of 0.497 on the 2018.P.VideoMem.ST sub-
task. Sweeney et al. (2021b) proposed a novel multi-stream
ensemble framework centred on high-level conceptual audio
features, using models like PANNSs and xResNet34 for com-
puting imageability, audio classification, and human causal
uncertainty and arousal, as well as captions and visual fea-
tures.

Hybrid. Hybrid approaches account for 10.3% of the
analysed runs. They have been adopted by two leading
approaches on the 2019.P.VideoMem.ST and 2019.P.Video
Mem.LT subtasks. Azcona et al. (2019) used traditional
regression models, including Support Vector Regression and
Bayesian Ridge Regression, alongside deep neural networks
such as VGG16, DenseNet121, ResNet50, and ResNet152.
The models were fed with 8 frames from each source video,
comprising the first frame and one frame from each of the
seven seconds of the video. The authors employed an aggre-
gation of model weights to construct the final ensemble
model, where each weight represents the contribution of an
individual model to the final prediction. To derive the optimal
combination of weights, the authors employed a technique
called “with replacement”, which involves testing all pos-
sible combinations of weights by selecting values from a
set of 20 bins, each containing 5% increments. Through
exhaustive testing of all possible combinations of weights,
the authors identified the combination that yielded the best
results for the given dataset. This approach achieved the best
results on the 2019.P.VideoMem.ST subtask with a Spear-
man’s rank correlation score of 0.528. Meanwhile, Reboud
et al. (2019) used a combination of traditional regression
models, neural networks, and deep neural networks, which
were separately trained on the visual and textual represen-
tations of videos, and subsequently fused using a weighted
average method. This technique culminated in achieving the
highest performance on the 2019.P.VideoMem.LT subtask,
with a Spearman’s rank correlation score of 0.27.

The prediction of video memorability is a challenging task
that entails taking into account a broad range of factors that
contribute to the memorability of a video. Videos are inher-
ently multimodal, meaning that they contain information
from multiple sensory modalities such as visual, auditory,
and textual. Therefore, methods that are capable of han-



International Journal of Computer Vision (2026) 134:298 Page 130f21 298

Table 3 Distribution of methods by dataset-memorability type pair. The percentage values in the table represent the proportion of models that used
each method in each pair. The years in parentheses indicate the years when the datasets were used in the Predicting Video Memorability task.

VideoMem.ST VideoMem.LT TRECVid.ST TRECVid.LT Memento.ST
Traditional Regressors 32.9% 32.9% 33.8% 33.3% 26.4%
Deep Neural Networks 17.1% 17.1% 28.2% 16.7% 33.3%
Neural Networks 19.5% 19.5% 15.5% 16.7% 19.4%
Ensemble 19.5% 17.1% 11.3% 14.3% 20.8%
Hybrid 11.0% 13.4% 11.3% 19.0% 0.0%
Years of activity (2018,2019,2022,2023) (2018,2019) (2020,2021) (2020,2021) (2021,2022)

dling and integrating information from multiple modalities
are likely to be more effective in predicting video memora-
bility. Among the various types of methods that have been

Table 4 Result analysis summary for image-level vs video-level data
processing throughout the subtasks, showing median (MED), maximum
(MAX) and total number of runs (nmb) for each category.

used for this task, neural networks, ensemble approaches, image video
and hybrid systems have been found to be the most effec-  Subtask MED MAX nmmb MED MAX nmb
tive. These methods are able to learn and model complex ]

. . . .. P.VideoMem.ST  0.443  0.522 54 0.355  0.528 19
relationships between different modalities and capture the )

. . . P.VideoMem.LT 0.201  0.277 54 0.153 0270 20
underlying patterns and structures in the data. The superior PTRECVIAST  0.101 0297 36 009 0% 11
performance of these methods can be attributed to their abil- ’ 1 ' ’ ’ ’ ’
ity to handle the inherently multi-modal nature of videos and PTRECVILT —0.056  0.109 27 0.061  0.110 6

P.Memento.ST 0.603  0.661 30 0.651 0.707 17

effectively integrate information from different modalities to
make accurate predictions.

We further analyse in Table 3 the distribution of meth-
ods by dataset to determine the prevalence of different
modelling approaches across the five dataset and memorabil-
ity type pairs (VideoMem.ST, VideoMem.LT, TRECVid.ST,
TRECVid.LT, and Memento.ST). The percentage of models
that employed each method was calculated, and the results
indicated varying trends across datasets. Traditional regres-
sors were the most commonly used method, representing
32.9% of models in VideoMem.ST and VideoMem.LT, and
33.3% in TRECVid.LT. Deep neural networks were also
prevalent, representing 33.3% of models in Memento.ST
and 28.2% on TRECVid.ST. Ensemble methods were found
to be less popular, representing only 11.3% of models in
TRECVid.ST. A decreasing trend in the use of traditional
regressors was observed in TRECVid.ST as these methods
may have been superseded by newer, multimodal approaches,
while the use of DNNs increased in TRECVid.LT and
Memento.ST as these models have become increasingly pow-
erful in recent years. Furthermore, neural networks, whether
shallow or deep, constitute the most represented class of
methods across all subtasks, datasets, and types of memora-
bility. We can also observe an increase in the representation
of the hybrid models in the TRECVid.LT. Overall, the results
suggest that traditional regressors and DNNs remain popu-
lar modelling approaches, while the use of hybrid models is
gaining popularity on certain datasets.

Another important aspect that must be discussed is the
participants’ approach to visual-temporal modelling. Two

main directions emerged in this context. The first is a simple
image-level strategy, in which participants analysed videos
frame by frame and devised simple strategies such as averag-
ing multiple frames or, in an even simpler variant, selecting
a single representative frame to characterise the video. The
second is a true temporal approach, where systems directly
process temporal information using three-dimensional or
sequence-based arquitectures. In this category, participants
employed a variety of models, including LSTMs and recur-
rent network architectures (Duy-Tue Tran-Van et al., 2018),
three-dimensional convolutional networks such as C3D (Le-
Khac et al., 2021), I3D (Constantin et al., 2020), and, more
recently, video vision transformer—based systems (Martin-
Fernandez et al., 2024). Table 4 presents a comparison
between image- and video-based approaches.

First, it is easily noticeable that video-based approaches
are considerably less represented among the submitted
systems. However, when examining the results, their per-
formance is broadly comparable to those of image—based
methods. Higher maximum scores are achieved by image-
level systems for P.VideoMem.LT and PTRECVid.ST, while
video-level processing achieves higher maximum scores
for P.VideoMem.ST, PTRECVid.LT, and P.Memento.ST.
Median results are distributed in a similar fashion between the
two approaches. Although, in the latest version of the task
(P.Memento.ST), video-level approaches surpassed image-
level approaches, overall variability prevents drawing a
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definitive conclusion about the superiority of video—level
modelling. We attribute this, at least in part, to the nature
of the videos in the collection, which consist of short clips
with limited temporal variation, for which a single frame or a
small set of frames may already capture most of the relevant
information.

4.4 Analysis of the Generalisation Subtasks

Throughout the editions of the task, we proposed and ran
several generalisation subtasks, where users were asked to
train their systems on one dataset, and test them on another.
In this way, we wish to test the generalisation power of the
systems while also making sure that they are subjected to
a higher degree of novelty with regards to the testing data.
We would like to clarify that, during the 2018-2023 period,
the testing sets used across various datasets, editions and
subtasks were never released to the public. Although certain
datasets were no longer used in the prediction challenges,
we retained their test sets and withheld their ground-truth
labels in order to reuse them for generalisation challenges.
Furthermore, researchers outside the MediaEval framework
who wished to use these datasets were required to follow the
same evaluation protocol as MediaEval participants: they did
not have access to the test-set ground truth, but could submit
their prediction files, which we evaluated and scored on their
behalf.

A comparison between the results recorded by participants
in the prediction subtasks vs. the generalisation subtasks is
presented in Figure 10. While we did expect that generalisa-
tion systems would show lower performance compared with
the direct prediction systems, we are pleasantly surprised to
report that, in one case, the difference between prediction
and generalisation approaches is not too high. This case is
represented by the VideoMem.ST based approaches, where
we find a decrease of only 11% between the top-performing
prediction approaches and the top performing generalisation
approaches. While the generalisation of any machine learn-
ing task is always an open research question, we can conclude
that more experiments are needed for memorability general-
isation, in order to draw a fair conclusion. Conversely, there
are some major performance decreases in TRECVid.ST and
Memento.ST, although in the latter case very few models
have been submitted to the G.Memento.ST subtasks.

Table 5 presents an in-depth analysis of the general-
isation subtasks, listing all subtasks, the testing datasets
used, and the datasets involved in training for each case.
It also provides a comparison between the performance of
top runs on the generalisation and prediction challenges.
Another noteworthy trend here is that approaches where data
from TRECVid is included show a greater decrease in per-
formance — 2021.G.TRECVid.ST and 2021.G.TRECVid.LT
using TRECVid as the testing dataset, and 2021.G.Memento.
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Fig. 10 Performance comparison between the prediction (P) and gen-
eralisation (G) challenges on the VideoMem.ST, TRECVid.ST, and
Memento.ST datasets.

ST using TRECVid as the training dataset. All these
approaches show a decrease in performance of over 50%,
while the decrease for the other three generalisation chal-
lenges in under 30%. This may be an effect of the lower
number of annotators on the TRECVid dataset, while also
not excluding the possibility of a larger similarity between
the visual data included in Memento and VideoMem.

4.5 Analysis of the EEG Subtasks

There were a total of three submissions for the EEG tasks:
two in 2022 and one in 2023. While the EEG component
was first introduced in 2021 as a pilot study, no participant
submissions were received that year. The 2021 pilot focused
on assessing the feasibility of using EEG signals to predict
short-term memorability, and its findings informed the design
of subsequent editions.

In the 2022 edition,Hamelink (2023) focused on pre-
dicting memorability using event-related potentials (ERPs)
from the EEG data. The author focused on P300 compo-
nents occurring up to 1000 ms after stimulus onset over the
visual cortex and the right temporal lobe. Using linear mixed-
effects models the authors investigated interactions between
memorability and ERP amplitude. Kleinlein et al. (2023)
investigated two different feature sets: summary statistics of
each trial (mean, standard deviation, median, etc.), which
were used to train random forest classifiers, and coherence
maps computed across four canonical EEG frequency bands
(delta, theta, alpha, beta) which were used to train a shallow
neural network, achieving an AUC performance of 0.509.

The 2023 submission (Nguyen et al., 2024) extracted time
and time-frequency domain features. Their best-performing
method focused on accounting for individual differences
using subject-specific one-hot encoding, achieving an AUC
performance of 0.657. These submissions demonstrate the
growing interest in leveraging EEG data for memorability
prediction and highlight the methodological diversity emerg-
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Table 5 Analysis of the generalisation subtasks throughout the years,
showing individual subtasks, the datasets that were used for training and
testing, the top performance of the testing dataset for the generalisation

challenge in that subtask, and for the prediction challenge type, as well
as the decrease in performance between the prediction and generalisa-
tion challenges.

max P performance

max G performance Decrease %

testing set subtask training set
TRECVid 2021.G.TRECVid.ST Memento
2021.G.TRECVid.LT Memento
Memento 2021.G.Memento.ST TRECVid
2022.G.Memento.ST VideoMem
VideoMem 2022.G.VideoMem.ST Memento
2023.G.VideoMem.ST Memento

0.297 0.146 50.84%
0.125 0.045 64%

0.658 0.32 51.36%
0.707 0.523 26.02%
0.528 0.47 10.98%
0.528 0.445 15.71%

ing in this subtask. As the field matures, future editions,
such as the 2025 and 2026 editions, have further refined the
experimental protocol and explore more robust, generalisable
approaches to brain-based media analysis.

4.6 Future Trends

Although the methodological advances discussed in this
section go beyond the official scope of the MediaEval Pre-
dicting Media Memorability task, recent developments in
Artificial Intelligence, particularly the rise of Large Lan-
guage Models (LLMs) and Large Vision-Language Models
(LVLMs) may substantially influence future research in
memorability prediction.

Early explorations already point in this direction. Si et al.
(2025) propose a fine-tuned LLaMA 13B model that uses as
additional input a cognitive verbalization module describing
the scene in detail, referring to scene clutter, object pres-
ence, aesthetic concepts, company logos, emotional content,
and several other factors. This enriched semantic method
achieves a performance of 0.5 on the 2021.P.TRECVid.ST
dataset; however, in this case, performance is not computed
on the official MediaEval testing set. More recently, Martin-
Fernandez et al. (2025) adapted a Qwen-VL-based model
to memorability prediction by feeding three key images
together with five captions as input for each video in the
2022.P.Memento.ST collection. Their proposed model sur-
passes all MediaEval submissions, achieving a score of
0.744, while using the official test set and methodology.

These advances reveal two complementary methodologi-
cal directions for the integration of LVLMs into memorability
prediction. The first leverages existing metadata attached
to the video sample itself in order to augment the input to
LVLMs, such as captions associated with the videos, video
descriptions, subtitles, and OCR-extracted text. The second
relies on automatically generated additional textual informa-
tion, such as detailed video captions, object presence and
object descriptions, as well as more subjective information
like aesthetic and stylistic descriptions. While it remains an
open question which type of information contributes most,

current evidence suggests that combining both types of addi-
tional input data may be particularly beneficial, as it allows
LVLMs to exploit both grounded and generated cues related
to memorability

Furthermore, while newer iterations of the MediaEval
memorability task are not analyzed in this work due to
the significant shift in the task’s scope, we expect LLM-
and LVLM-based systems to become increasingly promi-
nent in forthcoming editions of the MediaEval task. Future
iterations will include longer and more semantically rich con-
tent, such as movie excerpts and commercial videos. Such
material often contains domain-specific language, explicit
narrative structure, and product- or brand-related messaging,
making textual modalities—especially transcripts and high-
quality captions—particularly informative. As aresult, models
capable of integrating visual, auditory, and linguistic repre-
sentations in a unified multimodal architecture are likely to
play a central role in advancing the state of the art.

4.7 Failure Analysis Experiments

Following the 2022 edition of the MediaEval Predicting
Video Memorability task, we conducted an in-depth fail-
ure analysis using the complete set of submissions for the
2022.P.Memento.ST subtask, the last prediction challenge
type subtask in our collection, and a set of features and video
characteristics. As detailed in our previous work (Gabriel
Constantin et al., 2023), we introduced a metric designed to
quantify how easy it is for the models submitted by partic-
ipants to accurately measure the memorability of a video.
This metric takes into account the ground truth memorabil-
ity scores associated with each video G = {g1, g2, ---, g~ }»
and a set of predictions composed of all the predictions
from the participants’ submissions for each video i, P; =
{p’i, pé, s pj‘,l}. Thus, a “difficulty distance” can be mea-
sured for each video, as the sum of the absolute differences
between the predicted values and the ground truth for each

video: D; = Y ’ p;. —gi ‘, which can then be normalised in
order to bring values in the [0, 1] interval.
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The following step involves grouping the videos into four
equal quartiles, as well as into four threshold-based inter-
vals, with the threshold growing by 0.25 for each group of
videos. Finally, we extracted a series of visual, object-based,
and annotator-based features for each video, while looking
at trends in the groups of videos. For a comprehensive list
of features, we direct the reader to the paper Gabriel Con-
stantin et al. (2023); here, we report the main findings most
relevant to interpretability. Videos that were consistently dif-
ficult for systems to predict exhibit recurring properties: (i)
higher contrast and sharpness; (ii) lower dynamism; (iii)
lower brightness and colorfulness; (iv) higher saturation; (v)
fewer objects in them and the objects occupy a smaller por-
tion of the frames; (vi) ground-truth memorability scores in
the mid-range, which appear inherently more ambiguous for
models.

These observations offer initial evidence of which visual
and structural attributes correlate with prediction difficulty—
and, by contrast, which factors tend to facilitate more reliable
memorability estimation. We believe that such analyses pro-
vide valuable interpretability insights, helping researchers
identify which types of videos are under-represented or more
challenging, and guiding more informed dataset construc-
tion, augmentation strategies, and model design in future
work.

5 Super System Design

Given the success of ensemble systems shown during
early editions of the Predicting Media Memorability task,
we carried out further experiments which used the runs sub-
mitted by our participants while applying different late fusion
approaches to their predictions. This was done in an attempt
to achieve better results than individual systems (which, from
this point on, will be referred to as inducers). One of the
main drawbacks of systems such as these is represented by
the significant demand for computational resources, i.e., in
order to replicate this experiment, one would have to run all
the inducer systems, extract their predictions, and then run
the ensemble over those results. However, we carry out these
experiments in the hope that it will give us a general idea
with regards to a maximal possible soft-plateau of perfor-
mance for memorability prediction systems on the datasets
that were used throughout the editions of the Predicting Video
Memorability task.

Some of the super systems presented here require an
additional training step (the regressor systems, as well as
weighted approaches that used biased sampling). In those
cases, we created a five-fold cross-validation experiment,
splitting the available inducer data between a training and
a testing set, and averaging the performances recorded dur-
ing the five experiments into a single value.

@ Springer

We used an extensive set of 14 methods of performing
ensembling, that used the predictions of the inducers sub-
mitted by participants as inputs or features for describing a
video sample. We start with simple, statistical approaches to
ensembles, using the weighted mean, mean, median, min-
imum and maximum over the inducer predictions. We then
followed with some more complex approaches, including lin-
ear, ridge, Huber, and Lasso Regressors, as well as boosting
strategies like XGBoost, gradient boosting, SVR, random
forest, and shallow neural networks. We did not filter out any
of the submitted runs, as we wanted to determine if systems
are able to adapt to inconsistencies present in the input space.

Results of these experiments are summarised in Table 6
where we report only the three best performing ensem-
bles. It is interesting to conclude that, for all dataset and
memorability type pairs, i.e., VidleoMem.ST, VideoMem.LT,
TRECVid.ST, TRECVid.LT, and Memento.ST, at least one
of the ensemble systems developed for the Super System
yielded results that surpass those of the individual inducers.
The highest increase recorded across all datasets is recorded
for TRECVid.LT, where an 18.4% increase is achieved from
the top performing MediaEval system (with a score of 0.125)
to the Weighted Mean (Biased Sampling) ensemble approach
(with a score of 0.148). Finally, for this set of experiments,
it would seem that weighted mean (biased sampling) is gen-
erally among the top ensemble performers.

6 Lessons Learned and Open Questions

Reflecting on the six editions of the MediaEval Predicting
Video Memorability task, several key insights have emerged
that inform both the design of future benchmarks and the
broader understanding of computational memorability.

One of the most consistent observations across datasets
with both short- and long-term annotations (namely the
VideoMem and TRECVid datasets) is the superior perfor-
mance of systems on short-term vs. long-term memorability
tasks. For instance, the top performing systems achieved
a Spearman’s rank correlation of VideoMem 0.528 for
VideoMem short-term, compared to 0.277 for long-term;
and 0.297 vs. 0.125 for TRECVid. This discrepancy is
likely due to the inherent complexity of long-term mem-
ory. While short-term memory reflects recalling the videos
a viewer sees within the same annotation session, long-term
memorability requires viewers to remember videos after a
longer period of time (24—72 hours in our case), introducing
additional cognitive and contextual variables that compli-
cate prediction. Moreover, long-term annotations typically
involve fewer annotators when compared with short-term,
as they require participants to return for a second session.
This makes data collection more challenging and potentially
less robust. For example, the average number of annotators
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Table 6 Summary of the Super

System approaches. For each Dataset System Performance
variation of the dataset and VideoMem.ST top-MediaEval 0.528
memorability type, we indicate
in italic the best-performing Ensemble - SVR 0.572 £ 0.023
inducer submitted by Ensemble - Weighted Mean (Biased Sampling) 0.536 £ 0.018
parlzicipams 1t10 theh MidiaEbval Ensemble - ElasticNet 0.531 +0.027
tas S, 48 Well as the three best VideoMem.LT top-MediaEval 0.277
performing ensemble methods.
The best overall system is Ensemble - Ridge Regressor 0.303 + 0.019
indicated in bold. Also, the Ensemble* - Min 0.296
asterisk indicates systems that Ensemble - Weighted Mean (Biased Sampling) 0.294 + 0.012
did not need a training step. For
fusion systems which were TRECVid.ST top-MediaEval 0.297
trained, we present the Ensemble - Weighted Mean (Biased Sampling) 0.314 £+ 0.021
uncertainty estimates. Ensemble* - Weighted Mean 0.290
Ensemble* - Median 0.277
TRECVid.LT top-MediaEval 0.125
Ensemble - Weighted Mean (Biased Sampling) 0.148 £ 0.014
Ensemble* - Weighted Mean 0.118
Ensemble* - Median 0.078
Memento.ST top-MediaEval 0.707
Ensemble - ElasticNet 0.762 £+ 0.019
Ensemble - Weighted Mean (Biased Sampling) 0.737 £ 0.026
Ensemble - Lasso Regression 0.732 +£0.027

for VideoMem short-term was 38 and only 13 for long-term;
similarly, TRECVid had 22 annotators for short-term and
just 7 for long-term. These differences likely contribute to
the observed performance gap between the two tasks.

Another important observation relates to the number of
annotators involved in the data collection process. Datasets
with a higher number of annotators tend to yield better
prediction performance. Looking at the results across dif-
ferent tasks, we observed that the top performing runs, with
results going up to 0.707, are achieved for Memento.ST,
a dataset benefiting from 90 annotators on average, sig-
nificantly higher than either VideoMem or TRECVid. In
contrast, the lowest results when comparing the three short-
term datasets are achieved on TRECVid, the dataset with
the lowest number of annotators. This suggests that a higher
number of annotators helps in reducing the degree of sub-
jectivity associated with the memorability judgments, and
therefore helps improving the reliability of the ground truth
and the accuracy of predictive models.

Another important lesson concerns the modelling strate-
gies adopted by participants. Systems that employed fusion
models (whether early, late, or hybrid) outperformed single-
modality approaches. This trend reflects the inherently mul-
timodal nature of video content, which combines visual,
auditory, and textual information. Our experiments with
an ensemble-based “Super System” further confirmed that
combining predictions from multiple models can lead to
improved performance. In every dataset examined, at least

one ensemble method outperformed the best individual
model submitted by participants. This suggests that differ-
ent models capture complementary aspects of memorability,
and that ensemble learning remains a promising direction
for future research. A deeper analysis of the diversity among
individual models (or “inducers”) could reveal which fea-
tures or modalities contribute most to these performance
gains. Also, as discussed in Section 4.6, inherently multi-
modal approaches such as LVLMs show particularly promis-
ing performance for memorability prediction. Although most
of these results have been reported outside the official Medi-
aEval evaluations, several works have used the same data
splits as the benchmark, and surpassed the best results
recorded during the competition. This suggests that richer
multimodal representations may help overcome some of the
limitations observed in traditional approaches, while also
indicating that the current benchmark conditions do not yet
fully capture the capabilities of emerging models.
Generalisation is a challenging aspect of memorability
prediction. While systems tested on VideoMem showed only
a modest drop in performance when evaluated on unseen
data (around 11%), the same was not true for the TRECVid
and Memento datasets. While for Memento the case can be
made that not many systems were submitted to the generali-
sation task, the same cannot be said about TRECVid, a dataset
showing major decreases in top performance. Interestingly,
the same phenomenon occurs when TRECVid is used as the
training dataset, while Memento is used as the testing dataset.
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The sharp decline in generalisation performance associated
with TRECVid may be attributed to its lower annotation den-
sity and greater variability in content, which complicates
model transferability. Additionally, the structure of the gen-
eralisation task — where models were trained on Memento
and tested on TRECVid — may have exposed limitations in
cross-domain learning. These findings highlight the need for
more robust and diverse training data, as well as improved
methods for domain adaptation.

Participation trends also offer valuable insights. Many of
the generalisation runs for VideoMem were submitted dur-
ing the 2023 edition, when only the generalisation and EEG
subtasks were ongoing. The absence of the prediction task
in that edition led to a noticeable increase in generalisation
submissions, suggesting that participants tend to prioritise the
main or most accessible task. This observation could inform
future benchmark design by encouraging broader engage-
ment across subtasks through balanced task emphasis or
targeted incentives.

The EEG subtask, introduced as a pilot in 2021 and
expanded in subsequent years, has shown encouraging signs
of progress. Although participation remains limited, the sub-
missions received in 2022 and 2023 demonstrate an interest
in neurophysiological approaches to memorability predic-
tion. The use of event-related potentials, coherence maps,
and time-frequency features suggests a rich methodological
landscape, and future editions of the task may benefit from
deeper exploration of cross-subject generalisation and inter-
pretability in EEG-based models.

Asdiscussed above, our analysis did not reveal any modal-
ity or feature type that consistently outperforms others across
editions or implementations. This reinforces the importance
of analyzing videos in their entirety from a multimodal per-
spective. It remains to be seen whether this observation will
hold in future iterations of the task as the nature of the data
evolves. The 2018-2023 editions of the benchmark relied pri-
marly on short, social media—type content, whereas videos in
the upcoming editions will incorporate movie excerpts and
commercial content, introducing richer narrative structure,
domain-specific language, and more complex audio-visual
dynamics. Such changes may shift the relative importance
of different modalities. For instance, commercial videos
often contain product-focused spoken or textual information,
suggesting that transcripts or language-based features may
become more predictive than purely visual or audio descrip-
tors. While this remains a hypothesis and has not yet been
confirmed through systematic experimentation, it illustrates
how modality relevance may be highly dependent on content
type.

In summary, the lessons learned from six years of bench-
marking reveal both the progress made and the challenges
that remain. They underscore the importance of robust anno-
tation protocols, multimodal modelling, and thoughtful task
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design in advancing the field of computational memorabil-
ity. Our main findings and the open questions that remain to
be explored with regard to model and feature design can be
summarised as follows:

e Multimodal and fusion-based approaches consistently
achieve better results, reflecting the intrinsically mul-
timodal nature of memorability and the heterogeneous
cues present in short social media videos.

e No single modality, feature, or modelling approach
emerges as universally superior across datasets or edi-
tions; to consistently outperform the others.

e Recent advances in large vision—-language models show
clear promise for memorability prediction, particularly
when enriched with textual or semantic information,
although their full potential within the benchmark set-
ting remains to be systematically explored.

e The number of annotations per video is crucial for pro-
ducing reliable ground truth and for enabling systems
to achieve stable performance, with higher annotation
density correlating with more predictable memorability
estimation.

e For short-duration videos where scene content varies
minimally, both image- and video-level analysis remain
relevat;

In the upcoming editions we will continue to monitor these
and other aspects of system design closely. As the nature
of the videos will change significantly, as we pivot toward
movie excerpts and commercial content, some of the obser-
vations drawn from the 2018-2023 cycles may evolve, and
certain open questions may find clearer answers. At the same
time, this transition may introduce new challenges for model
generalizability, as systems trained on one content domain
may not transfer reliably to others without additional adapta-
tion. Addressing these domain-specific differences will likely
require reconsidering both feature design and multimodal
integration strategies for conceptually distinct categories of
data.

7 Conclusions

This paper presents a comprehensive review of the Medi-
aEval Predicting Video Memorability Task, covering its
evolution from 2018 to 2023. Through an analysis of datasets,
annotation protocols, modelling techniques, and participant
submissions, we have traced the development of computa-
tional memorability as a research domain. The benchmark
has provided a reproducible and collaborative framework for
evaluating memorability prediction systems, fostering inno-
vation and methodological diversity.
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While significant progress has been made, particularly
in short-term memorability prediction and multimodal mod-
elling, several challenges remain. Long-term memorability,
generalisation across datasets, and the integration of EEG
data continue to pose open questions. The lessons learned
from this benchmark offer valuable guidance for future
research, emphasizing the importance of annotation scale,
model fusion, and cross-domain robustness. As the field con-
tinues to evolve, we anticipate that future editions of the task,
such as the 2025 and 2026 iterations, will further expand the
scope of memorability research, incorporating longer-form
content and more sophisticated modelling paradigms. By
building on the insights gained from past editions, researchers
can move closer to a comprehensive understanding of what
makes media memorable.
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