Chapter 15 )
The Future of Attention Models: L
Convergence of Deep Learning

with Artificial and Human Attention

Matei Mancas (), Vincent P. Ferrera, and Antoine Coutrot

This book contributes to the crucial endeavor of understanding and modeling human
attention. It gives an overview of physiological and computer science models, an
extensive approach to model validation, as well as new trends of attention models.
It also paves the way for further investigations. Some directions for future research
are discussed in the next section, in relation to the major contributions summarized
above. In the second section, a perspective on issues beyond attention, such as
higher-level processing and the link with the deep learning techniques, is provided.
We propose that human attention can be viewed as a suite of computational
strategies that are essential for autonomous behavior by agents both natural and
artificial. The study of attention should go beyond filtering of sensory data to
develop an understanding of how relevant and valuable information is actively
gathered by agents who possess an integrated awareness of both their internal goals,
needs, and abilities and external sources of sustenance or danger. This kind of
awareness implies an ability to model both the environment and the self that acts
within that environment. Understanding the computational mechanisms underlying
active, goal-oriented attention may be a step towards autonomy and a more general
and “curious” Al
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15.1 From Human Attention Study to Models

15.1.1 Attention, Emotions, Memory, and Actions

Attention and memorability are heavily interlinked. While the influence of emotions
and memory on attention is obvious and this influence is part of the definition of top-
down attention, in the other direction (attending towards emotions and memory)
things are less clear. Nevertheless, even if the links are not as obvious as one would
think, the first step towards memorizing an object may require attention as indicated
by studies of memorability studies based on visual attention [1].

In the brain, a basic structure within the thalamus provides very interesting clues
about a possible relationship between attention, memory, and emotions. This is the
Papez circuit (Fig. 15.1) which was initially seen as a mechanism for emotions [2].

The main element of this circuit is the hippocampus which is important for
episodic and spatial memory [3]. At the rostral end of the temporal lobe, a collection
of nuclei called the amygdala is involved in emotions. The emotions related to the
amygdala are mainly negative but positive emotions also evoke a response in this
area [4]. The amygdala also responds to high interest or unusual images which
attract attention [5].

On the other side of the Papez circuit one can find the mamillary body and the
anterior thalamic nuclei. The mamillary body relays the output of the hippocampus
and amygdala to the anterior thalamus and has an important role in spatial memory
[6]. The anterior thalamic nuclei are linked to action and the motor cortex. Other
thalamic nuclei that are important in sensory processing and attention are the lateral
geniculate nucleus (relays signals from the retina to visual cortex [7]), the medial

Fig. 15.1 A simplified
schematic view of Papez
circuit. In green the areas
which are directly involved in
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geniculate nucleus (auditory perception), and the pulvinar which is directly related
to attention by modulating or gating sensory signals in relay nuclei [8].

It is very difficult to isolate locations in the brain which are responsible for
complex functions such as attention (see Chap. 4), emotion, or memory, but the
Papez circuit is of particular interest because in the limbic system, attention,
memory, action, and emotions have a close anatomical proximity and are all needed
in the process of memory formation. Thus, attention is heavily interconnected with
emotions, memory, and action. Indeed the effects of an agent’s own body on its
environment are highly important in scene understanding, and it also has a crucial
impact in the feeling of self-awareness and ownership which are at the basis of
consciousness.

15.1.2 Perspectives in Priority and Curiosity Modeling
15.1.2.1 Salience and Priority in Human Vision

The concepts of salience and priority are essential for understanding vision and eye
movements in animals, including primates [9]. The theory of signal detection pro-
vides a foundation for understanding how salience and priority relate to the detection
and discrimination of behaviorally relevant visual stimuli. A basic understanding
of the physiological networks and computations that are associated with attention
in humans and monkeys is useful when one seeks to emulate these functions in
machine vision algorithms.

15.1.2.2 Curiosity: Uncertainty Reduction Through Guided Exploration

When humans encounter a novel environment, one of their first priorities is to learn
whom, what, and where to attend. Random, novelty-driven exploration has to be
balanced with hypothesis-driven mechanisms for identifying sources of valuable
or meaningful information [10]. This kind of everyday goal-directed information
seeking can be called curiosity. Reward circuits in the brain respond not only to the
likelihood and amount of reward, but to uncertainty [11]. Quantifying uncertainty is
essential for decision-making [12]. Attention can be thought of as a mechanism to
seek information that reduces uncertainty through guided exploration. Future studies
should focus on the neural and computational mechanisms of attention and decision-
making in environments where risk, uncertainty, and ambiguity can be controlled.
An autonomous agent, such as a robot, should be able to pose questions that are
relevant to its current situation and to formulate plans to seek answers to those
questions.
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15.2 Perspectives in Computational Attention Modeling

15.2.1 Models

15.2.1.1 From Static to Dynamic Saliency Maps: Computing Eye
Scan-Paths

Most saliency models take color images as input and produce saliency maps that
estimate the probability distribution of the gaze in the image. The static nature of
these maps could be an issue for some applications as these models do not predict
the temporal sequence of human fixations (also called scan-path). What is the order
of fixations? How is the image seen dynamically? This information is important in
action planning and execution, or continuous learning and adaptation. Some models
propose algorithms to predict the scan-path from a saliency map [13] and the field
has evolved since the first edition of this book. However, this question deserves
to be more deeply investigated in terms of automatic scan-path generation and
especially in automatic time fixation modeling (see Chap. 7). As is the case for
saliency models, most of the standard validation metrics to compare the output of
attention models and human fixations are static. They do not take into account the
temporal sequence of human fixations. This field has evolved to the point where it
is possible to have unified metrics to compare two scan-paths [13], yet there is still
room for improvement in the field (see Chap. 8).

15.2.1.2 Multimodal Modeling of Attention

In the previous edition of our book we said that one of the future trends would be
to aggregate results from attention algorithms on videos, but also on auditory and
depth maps. This has indeed become a current trend with more and more models
going into that direction. This integration of the different modalities is increasing
due to real-life applications in drones, robotics, or automotive industry where the
environment is (1) changing very fast and (2) a lot of sensors are able to provide
different modalities from cameras to point clouds going through radars and of
course audio information. These developments will drastically augment the already
numerous engineering applications of attention modeling. Of course, new models
will need new ground-truth and new validation techniques, but this effort is crucial
to boost the attention modeling community and to augment its visibility both in
other research communities and in industry.

Video models that incorporate audio information define a field which addresses
the key challenge of audio-video consistency which still needs to be developed. 360°
images and video and the RGB-D saliency models (with depth maps) arrive as an
extension with applications to VR images. 360° cameras are also being introduced
in several fields such as robotics. 3D saliency on meshes or point clouds are also
part of the dynamics given the 3D data production which is increasingly important
along with the development of VR.


http://doi.org/10.1007/978-3-031-84300-6_7
http://doi.org/10.1007/978-3-031-84300-6_8

15 The Future of Attention Models: Convergence of Deep Learning. . . 331

15.2.1.3 Towards More Natural, Diverse, and Less Biased Datasets for
Model Training and Validation

The development of multimodal models is definitely one of the main future paths in
computational attention along with dynamic modeling of attention through saccades
and fixations. This development needs to be supported by large multimodal datasets
video, audio, 360°, and depth maps and also include data from other sensors which
are not yet taken into account (Lidar, radar, accelerometers, touch sensors, etc.).
To avoid biases it is very important to have datasets collected in very different
conditions and real-life situations. To address this issue, more databases like [14—16]
with a lot of different classes have to be collected from diverse sources (paintings,
drawings, websites, advertising, etc.) to understand what attracts attention when
observing stimuli that differ from classical “natural images.”

It is also important to have datasets with a higher viewer diversity (much more
than 20-27 years old mainly male upper social class students in computer science
who seem to dominate in computer science made datasets).

Last but not least, it is important to have datasets with different precise natural
tasks and not only the unconstrained free-viewing task. Attention is often studied in
situations where subjects are given various cues or reinforcement. In other words,
the tasks are structured to guide attention to locations, features, or objects that
have been chosen by the experimenter. This begs the question of how subjects
naturally deploy attention when performing everyday tasks such as driving, making
a sandwich, or playing sports. Ballard, Hayhoe, and colleagues [17] have recently
developed an immersive virtual reality system for recording eye, head, and hand
movements when human subjects are performing simple tasks. Such systems allow
experimental control over external variables like novelty, reward, and context while
imposing minimal constraints on subject behavior. In the future, such systems can
be combined with mobile EEG recording to map the brain activity during natural,
goal-directed behavior.

15.2.1.4 Foundation Models of Attention and Visual Search

The arrival of foundation models in saliency [18] is maybe a new trend which will
further develop especially in the framework of adding new modalities. For example,
in audio-video models, the audio and visual data consistency issue is key. This
issue might evolve a lot with the arrival of foundational multimodal models where
video embeddings can be easily compared to audio embeddings. Indeed the gap in
comparing diverse modalities (video, audio, touch, radar, lidar, etc.) might be more
easily solved if embeddings from the different kinds of signals can be compared
using simple distance metrics to know how similar they are. The comparison of a
given current signal and memory (in terms of past datasets) will also be much easier
for long-term (sustained) attention. The possibility to compare the current signal
with text prompts also oppens the way of visual search with saliency maps varying
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based on the task provided by those prompts. Those new approaches lead to more
industrial applications and more flexible and adaptable agents and go in the same
direction as in Sect. 15.1.2.2.

15.2.1.5 More Links Between Deep-Learning and Attention?

In the first edition of the book we already said that deep learning would make
important evolutions in computational attention and this was definitely the case.
Most of the recent models are based on deep learning and their results are sometimes
impressive. However, we see an issue in bottom-up features and deep learning.
Kummerer et al. [19] showed that bottom-up attention was underestimated by
deep learning models. In their experiments, a simple bottom-up model could
outperform a state-of-the-art deep learning model when the images contained less
top-down information. Moreover, they could not easily adapt to images in a different
context from their training set, showing little adaptability to new very different
stimuli. In the same way, the authors in [20] also show that deep learning-based
attention models poorly explain bottom-up attention, but they capture very well
top-down information about objects that are usually salient, while some bottom-
up information is often present in the training set such as contrast, which is an
eye-catching feature that can be learned.

Those findings show how the different mechanisms of attention such as rarity
could improve classical deep learning architectures by making them aware of
“surprising” data without the need of learning. Attention might be an important
future mechanism letting deep learning be more reactive, especially to unseen kinds
of data.

In addition to that, attention-based modules are also explicitly incorporated into
deep learning, especially through transformer architectures and self-attention. The
attention mechanism of self-attention compares one feature or vector F of the
signal with all of the other features/vectors in the signal. It then provides more
weight to parts of the signal which are closer to (or more closely aligned with)
F. We can see here a clear link with the first step of a classical human model
of attention based on rarity. In models such as RARE2012 [21], the same idea
was already used: in an image, comparing a feature F to every other feature in
the image ([21] uses a histogram on the feature map). Once this self-attention
is applied, the self-information or attention A is obtained from the occurrence
probability P of the feature F: A = —log(P (F)). Thus, a “rare” feature which
does not occur frequently is given more attention than a common feature with a
large occurrence probability. This variant of attention has a fundamental difference
with the transformer’s attention. Although they both share the starting point of self-
attention, the weights of the transformer’s self-attention are trained for a specific
task, whereas the RARE2012 model will find the rarest region of the input with
the goal of mimicking bottom-up human attention, which focuses on surprising
information. However, we can see that the basic underlying self-attention is the same
leading to possible interactions between the two.
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15.3 Links Between Human and Artificial Attention

In the last decade, artificial neural networks (ANNs) have proven very effective—
and sometimes better than humans—at a variety of visual tasks, including image
classifications and object recognition [22]. Several approaches have been tried to
understand which visual regions ANNs “attend to” when processing images, i.e.,
which areas most influence the outputs of the models [23, 24]. Interdisciplinary
teams including neuroscientists, cognitive scientists, and computer scientists have
tried to compare how ANNs and humans visually process images when given a
similar task (see Chap. 13) [25-27]. A few studies have directly compared ANN
“attention” and human gaze, e.g., in Atari games [28], meal preparation [29], driving
[30], and visual question answering [31]. In [32], the authors show that during a
medical image classification task, as the ANN gets trained, its performance gets
closer to the human experts, and the similarity between the model and human
attention increases. Altogether, these studies reveal a significant overlap between
ANN *“attention” and human visual selectivity estimates, modulated by the task at
hand and the content of the images [33].

Those findings show that human and artificial attention might converge in the
framework of deep learning and application-based protocols. Object recognition and
semantic understanding already show relations to saliency [34, 35] as understanding
is first based on the most important parts of the signal. Thus, the convergence of
deep learning architectures for scene understanding and computational attention
algorithms which are directly related to human attention lead to machines becoming
curious and able to prioritize data and take actions in unexpected situations. This
is the most important perspective we can foresee. This convergence needs even
more multi-disciplinary teams including machine learning, computational attention,
cognitive psychology, and neurosciences.

15.4 Summary

There are many opportunities for continued development of computational strate-
gies for taking advantage of the benefits of attention in both human and machine
vision applications:

* Collection and curation of large-scale databases that integrate retinal image and
eye movement information under passive and active conditions.

* Integration of visual attention models with other sensory modalities such as
audition, somatosensation, vestibular (balance and head position), olfaction, etc.

» Exploring the top-down effects of memory and emotion in assigning priors and
values to locations and objects in priority maps. Flexible visual search algorithms
where the task is provided by text prompts for example is a very interesting
development for practical applications.
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Forging closer links between the study of attention in animals (including humans)
and machines.

Working on the convergence of the different communities needed to achieve
links between deep learning, artificial attention, and human or animal attention
implying computer science, machine learning, computational attention, cognitive
psychology, and neuroscience.
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