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Abstract
This paper presents the 2026 edition of the MediaEval Predicting Movie and Commercial Memorability
Task. Much like the previous edition, the benchmark is structured around four different subtasks: (1.1)
predicting long-term memorability using a movie clip, (1.2) classifying successful recognition using
participants EEG signals, (2.1) predicting long-term commercial video memorability and (2.2) predicting
the brand memorability associated with a video clip. This edition builds upon previous years, introducing
an expanded feature set that integrates colour palettes and movie metadata to enable modelling strategies
that go beyond video characteristics.

1. Introduction

This paper presents the 2026 edition of the MediaEval Predicting Movie and Commercial
Memorability Task. Media memorability is defined as the likelihood that a piece of multimedia,
such as images and videos, will be recalled after a period of time. Approaching this concept from
a computational standpoint improves our understanding of how humans perceive stimuli and
informs potential applications in content creation, marketing, and media literacy. The successful
2025 edition of the challenge shifted the focus from short, out-of-context videos to longer
formats in the film and advertising industries [1]. This iteration builds upon lessons provided
by the previous iteration and further explores the intrinsic factors that make movie clips and
promotional material, such as advertising and commercials, memorable. The 2026 edition
intentionally retains the 2025 benchmarks to establish a longitudinal baseline for long-form
media analysis. By maintaining the same four sub-tasks and datasets, this iteration facilitates
a direct comparative analysis of algorithmic evolution. The main novelty of the 2026 edition
is the expanded feature set, which now includes movie metadata and colour palettes. This
enables studies on how aesthetic decisions by creative studios and aspects beyond the visual
information of the video itself contribute to the memorability of the underlying media. This
paper details the tasks, the datasets and the evaluation methodology.
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2. Related Work

The interaction between audiovisual stimuli and human memory has been largely studied,
both from the neuroscience and psychology fields and from the computer science and artificial
intelligence standpoints. Earlier works explored human visual memory, its consistency across
observers and its variability with the intrinsic characteristics of the provided stimuli [2, 3, 4, 5].
Recently, the research community has converged by developing memorability systems based
on the interaction of semantic content and high level visual attributes through Transformer-
based modality encoders and generative approaches, with special attention to multimodal large
language models [6, 7, 8, 9, 10]. In parallel, research in functional Magnetic Resonance Imaging
(fMRI) and EEG has identified several brain processes and areas involved in the memory process,
providing consistent neural dynamics that motivate the study of subject-independent recall
prediction [11, 12].

Despite this progress in neural and semantic modelling, a gap remains in understanding
how artistic elements—independent of pure signal or plot—drive these processes. While the
seminal work from Isola et al. [5] suggested that colours and image memorability are weakly
correlated at a general level, it is well-established that film studios use photography and palette
design to leave lasting impressions on viewers [13]. This opens the door to studying the impact
of colour-based aesthetic choices on multimedia memorability. Additionally, since no clear
correlations have been found between aesthetics [5], interestingness [14] or popularity [15] and
memorability, it remains an open question whether clips from more popular movies or brands
are more memorable. The 2026 edition addresses these gaps by providing colour palettes and
movie metadata. By maintaining the 2025 benchmarks, this iteration enables a longitudinal study
of how intentional aesthetic choices and industry context—beyond raw visual signals—drive
long-term human recall.

3. Task Description

Due to the novelty of the tasks and data introduced in the previous edition and the shorter
cycle of this edition, the 2026 task intentionally retains the 2025 format and subtasks: Movie
Memorability (Subtask 1) and Commercial Memorability (Subtask 2). A detailed description of
each is provided below.

3.1. Subtask 1: Movie Memorability

The aim of this subtask is to examine the long-term memorability of movie clips. In 2026 the
subtask maintains two challenges introduced in 2025:

1.1 How memorable is this movie excerpt? (Prediction). Participants must predict the long-term
memorability score of a movie clip from the Movie Memorability Dataset. The participants
can use features derived from the raw video, such as the pre-computed feature embeddings
and colour palettes, or metadata to estimate memorability.

1.2 Is this person familiar with this video? (EEG-based recall detection). Participants must pre-
dict whether a subject correctly recalls a clip from a previously watched movie, using EEG
signals provided by the Essex EEG Movie Memory Dataset (EEMMD). The participants
must use the raw EEG signal to derive features and predict recall.



3.2. Subtask 2: Commercial Memorability

This subtask focuses on assessing how well commercial videos are remembered over the long-
term. This edition continues the two challenges introduced in 2025:

2.1 How memorable is this commercial video? (Prediction). Participants must predict the
long-term memorability score of a commercial video from the Video Effectiveness and
Memorability Dataset (VIDEM). The participants can use pre-computed feature embed-
dings, colour palettes and metadata for their proposed models.

2.2 Can you predict the brand memorability? (Prediction-Brand). Using the same inputs as in
challenge 2.1, participants must predict the memorability score of the brand associated
with a given commercial. The participants can use the same features as those used for
video memorability.

4. Datasets

To ensure longitudinal consistency, the 2026 edition retains the Movie Memorability Dataset [16]
and the Essex EEG Movie Memory Dataset (EEMMD) [17], and the Video Effectiveness and
Memorability Dataset (VIDEM) [18]. A set of pre-computed features is also provided to the
participants: (i) image-level features (AlexNetFC7, HOG, HSVHist, RGBHist, LBP, VGGFC7,
DenseNet121, ResNet50, and EfficientNetB3); (ii) video-level features (C3D); and (iii) EEG-based
representations: ERPs (event-related potentials, i.e., EEG amplitudes measured at the onset
of each video) and ERSPs (event-related spectral perturbations, representing time-frequency
features across the full duration of the video). The primary advancement in this edition is the
inclusion of contextual and aesthetic descriptors. For Challenge 1.1, participants are provided
with a subset of the MovieLens dataset containing user ratings, genres and tags. Furthermore, we
introduce colour palettes extracted via the Binned-KMeans method, which focuses on extracting
“memorable colours” from videos [19]. We hypothesise that these palettes offer a more detailed
representation of intentional colour usage in videos than raw RGB values, enabling teams to
explore the interplay between artistic decisions, industry context, and long-term human recall.

4.1. Movie Video Memorability

The Movie Memorability Dataset [16] will be employed in Subtask 1. It consists of 660 short
movie segments taken from 100 occidental films, each paired with long-term memorability
annotations. These labels capture the extent to which a viewer can recognise a clip after a long
duration (ranging between few days to several months) between subsequent viewings. As in
the 2025 edition, we provide the same 521 videos for the development set and the same 139
videos as the official test set. We refer to the dataset paper [16] for more information regarding
the annotation protocol.

4.2. Essex EEG Movie Memory Dataset

The EEMMD [17] consist of 32 channel EEG recordings derived from the Movie Memorability
Dataset. The EEG signals were recorded from 27 participants while they viewed a set of clips
drawn from both movies they had watched previously and movies they had never watched. The
resulting dataset includes 3484 epochs of EEG data (2122 unrecognised and 1362 remembered).
The data from each participant are divided at the epoch level into the exact same development
(80%) and testing (20%) subsets used in the 2025 edition.



4.3. Video Effectiveness and Memorability Dataset

The VIDEM dataset [18] has collected video and brand memorability annotations for advertise-
ments, educational, and explanatory content. It comprises 424 video advertisements released
on YouTube between June 2018 and June 2021, with lengths spanning from 7 seconds to 94
minutes. The 1403 annotators were allowed to watch up to a minute of each video. However,
each annotator was allowed to select which parts of the video to watch.

Each clip in the dataset includes features such as video metadata, including the title, descrip-
tion, view count, and duration, as well as behavioural metrics including the numbers of likes
and dislikes, views, and the engagement rate. We provide the exact same 339 samples for the
development set and the identical 85 samples for the test set as used in the 2025 edition.

5. Evaluation

To maintain consistency with the benchmarking approach established in MediaEval 2025,
Challenges 1.1, 2.1 and 2.2 employ the Spearman Rank Correlation Coefficient (SRCC, 𝜌) as the
primary evaluation metric. Challenge 1.2, the EEG-based recall classification task, uses the Area
Under the Receiver Operating Characteristic Curve (AUC).

For each sub-task, teams may submit a maximum of five runs. One run must use datasets
provided by the task organisers;for this specific run, participants must not use supplemental
videos/EEG signals. However, they are free to apply any feature extraction procedure they deem
appropriate for their modelling strategy. The remaining four runs may incorporate additional
datasets for training or validation purposes.

6. Conclusions

This paper presents the 2026 edition of the MediaEval Predicting Movie and Commercial
Memorability task, continuing the exploration of computational modelling of memorability
across movie clips, marketing-related videos and neural-based recall. The findings from this
task will deepen our understanding of human memory, shape technologies for media literacy,
and provide a collaborative framework for research across multimedia, cognitive science, and
neuroscience.
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