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Abstract

The science of designing machines to extract meaningful information from digital images,
videos, and other visual inputs is known as Computer Vision (CV). Deep learning algorithms
cope CV problems by automatically learning task-specific features. Especially, Deep Neural
Networks (DNNs) have become an essential component in CV solutions due to their ability

to encode large amounts of data and capacity to manipulate billions of model parameters.

Unlike machines, humans learn by rapidly constructing abstract models. This is undoubtedly
due to the fact that good teachers supply their students with much more than just the cor-
rect answer; they also provide intuitive comments, comparisons, and explanations. In deep
learning, the availability of such auxiliary information at training time (but not at test time)
is referred to as learning by Privileged Information (PI). Typically, predictions (e.g., soft la-
bels) produced by a bigger and better network teacher are used as structured knowledge to
supervise the training of a smaller network student, helping the student network to generalize

better than that trained from scratch.

This dissertation focuses on the category of deep learning systems known as Collaborative
Learning, where one DNN model helps other models or several models help each other dur-
ing training to achieve strong generalization and thus high performance. The question we
address here is thus the following: how can we take advantage of PI for training a deep learn-
ing model, knowing that, at test time, such PI might be missing? In this context, we introduce

new methods to tackle several challenging real-world computer vision problems.

First, we propose a method for model compression that leverages PI in a teacher-student
framework along with customizable block-wise optimization for learning a target-specific

lightweight structure of the neural network. In particular, the proposed resource-aware opti-



mization is employed on suitable parts of the student network while respecting the expected
resource budget (e.g., floating-point operations per inference and model parameters). In addi-
tion, soft predictions produced by the teacher network are leveraged as a source of PI, forcing

the student to preserve baseline performance during network structure optimization.

Second, we propose a multiple-model learning method for action recognition, specifically
devised for challenging video footages in which actions are not explicitly visualized, but
rather, only implicitly referred. We use such videos as stimuli and involve a large sample of
subjects to collect a high-definition EEG and video dataset. Next, we employ collaborative
learning in a multi-modal setting i.e., the EEG (feacher) model helps the video (student)
model by distilling the knowledge (implicit meaning of visual stimuli) to it, sharply boosting

the recognition performance.

The goal of Unsupervised Domain Adaptation (UDA) methods is to use the labeled source
together with the unlabeled target domain data to train a model that generalizes well on the
target domain. In contrast, we cast UDA as a pseudo-label refinery problem in the challeng-
ing source-free scenario i.e., in cases where the source domain data is inaccessible during
training. We propose Negative Ensemble Learning (NEL) technique, a unified method for
adaptive noise filtering and progressive pseudo-label refinement. In particular, the ensemble
members collaboratively learn with a Disjoint Set of Residual Labels, an outcome of the out-
put prediction consensus, to refine the challenging noise associated with the inferred pseudo-
labels. A single model trained with the refined pseudo-labels leads to superior performance

on the target domain, without using source data samples at all.

We conclude this dissertation with a method extending our previous study by incorporating
Continual Learning in the Source-Free UDA. Our new method comprises of two stages: a
Source-Free UDA pipeline based on pseudo-label refinement, and a procedure for extract-
ing class-conditioned source-style images by leveraging the pre-trained source model. While
stage 1 holds the same collaborative peculiarities, in stage 2, the collaboration exists in an

indirect manner ie., it is the source model that provides the only possibility to generate

vi



source-style synthetic images which eventually helps the final model in preserving good per-

formance on both source and target domains.

In each study, we consider heterogeneous CV tasks. Nevertheless, with an extensive pool of
experiments on various benchmarks carrying diverse complexities and challenges, we show
that the collaborative learning framework outperforms the related state-of-the-art methods by

a considerable margin.
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Chapter 1

Introduction

Computer Vision (CV) typical tasks, such as image classification and object detection, have
been traditionally addressed employing hand-crafted features, such as SIFT [7] and HOG [§],
usually followed by learning algorithms like Support Vector Machines (SVMs) [9]. Thus,
the main processing pipeline was mainly composed of two steps, namely, feature design and

learning algorithm design, both of which were mostly independent.

More recently, deep learning algorithms have provided an appealing alternative: auto-
matically learning task-specific features. With this new paradigm, every problem in com-
puter vision is now being re-investigated from a deep learning perspective. Among different
types of Deep Neural Networks (DNNs), Convolutional Neural Network (CNN) has been
widely adopted by the vision community [10]. Such architectures are analogous to the con-
nectivity pattern of the neurons in the human brain which have advanced tremendously in the
last decade, owing to the GPU-accelerated computation, the development of high-capacity

models, and the availability of large datasets.

In this dissertation, we focus on the concept of machines-teaching-machines framework,
which, roughly speaking, aims at developing deep learning systems in which multiple models
help each other during training to boost the generalization ability of DNNs carrying differ-
ent learning capacities. We call this paradigm as Collaborative Learning [11]. A typical
approach is known as a “teacher-student” learning, in which predictions (e.g., soft labels)
produced by a bigger and better teacher are used as structured knowledge to supervise the
training of the smaller student model, helping the student network to generalize better than
that trained from scratch. In the case of model ensemble (e.g., more than 2 DNN models),
the acquired experience is shared among arbitrary ensemble members, enabling them to gain

extra knowledge from each other.

Among existing works, the framework presented in [12], introduces a unifying perspec-
tive on two distinct theories: Privileged Information [13] and Knowledge Distillation [14,
]. The former, also known as Learning Using Privileged Information (LUPI), introduces
to the learning process leveraging a "teacher" model that, in addition to the label supervision,
provides additional information to a "student" model. The intuition is that the additional ra-

tionalisations provided by the teacher enable the student model to learn better than if it were



only trained using label supervision. Importantly, the teacher’s additional information is only

available to the student during training time, thus the term is called “privileged information”.

On the other hand, Knowledge Distillation (KD) is a training procedure that distills infor-
mation from a larger to a smaller model by transferring knowledge from a previously trained
large model or ensemble of models. This concept stems from the fact that the training and
testing phases have very different speed and computation requirements. These ideas have
in common the concept of machines-teaching-machines: the inference model learns from
a model that was previously trained in a more advantageous condition, such as with more

information or better data, or is simply an ensemble of several large models.

The works presented in this dissertation are related to both, the privileged information
theory and to knowledge distillation, and address these from a Collaborative Learning per-
spective. Precisely, the question we address is the following: how can we take advantage
of PI for training the target model, knowing that, at test time, such PI might be missing?
In this context, we introduce new methods to address four different challenging real-world
computer vision problems: 1) Deep Neural Network Model Compression, 2) Multi-Model
Learning for Action Recognition, 3) Cleaning Noisy Labels, and 4) Continual Learning for

Source-Free Unsupervised Domain Adaptation.

1.1 Contributions and Outline

This thesis discusses several approaches we propose to address computer vision problems of
diverse challenges demonstrating that Collaborative Learning is a reliable and effective deep

learning system design choice.

Chapter 2 describes our proposed method for model compression. The concept of com-
pressing deep neural networks (e.g., CNN) is essential to use limited computation, power, and
memory resources, especially on low-compute embedded devices. However, existing meth-
ods achieve this objective at the cost of a drop in inference accuracy in computer vision tasks.
To address such a drawback, we propose a framework that leverages privileged information
in a teacher-student framework along with customizable block-wise optimization to learn
lightweight neural network structure while preserving better control over the compression-
performance trade-off. Considering specific resource constraints, e.g., floating-point oper-
ations per inference (FLOPs) or model parameters, our method results in a state-of-the-art

network compression while being capable of achieving better inference accuracy.

Chapter 3 describes our proposed approach for action recognition, pursuing a challenging

direction of showing that Electroencephalography (EEG) is a richer and complementary data



modality with respect to video, useful to classify what visual stimuli implicitly mean behind
their visual appearance. We consider a challenging computer vision benchmark i.e., Mo-
ments in Time dataset (MiT) [16], designed for action recognition in which video footages
do not explicitly visualize the action to be recognized, only implicitly referring to it (e.g.,
the first-person view of the landscape seen from an airplane window or extreme and vague
cases, such as exploding fireworks symbolize the action as "flying"). We employ such videos
as stimuli and involve a large sample of subjects to collect a high-definition, multi-modal
EEG and video data, designed for understanding action concepts. We discover an agreement
among brain activities of different subjects stimulated by the same video footage. We call this
subjects consensus, and we design a computational pipeline, based on privileged information,

to transfer knowledge from EEG to video, sharply boosting the recognition performance.

Chapter 4 describes our proposed method for Source-Free Unsupervised Domain Adap-
tation (UDA). Conventional UDA methods presume source and target domain data to be
simultaneously available during training. Such an assumption may not hold in practice, as
source data is often inaccessible (e.g., due to privacy reasons). On the contrary, a pre-trained
source model is usually available, which performs poorly on target due to the well-known
domain shift problem. This translates into a significant amount of misclassifications, which
can be interpreted as structured noise affecting the inferred target pseudo-labels. We cast
UDA as a pseudo-label refinery problem in the challenging source-free scenario. We propose
Negative Ensemble Learning (NEL) technique, a unified method for adaptive noise filtering
and progressive pseudo-label refinement. NEL is devised to tackle noisy pseudo-labels by
enhancing diversity in ensemble members with different stochastic (i) input augmentation
and (ii) feedback. The latter is achieved by leveraging the novel concept of Disjoint Resid-
ual Labels, which allow propagating diverse information to the different members, leading
to a superior noise resilience and a stronger consensus. Such consensus on a new, possibly
cleaner, pseudo-label enables ensemble members to gain extra knowledge (in terms of better
subsequent feedback) from each other. Eventually, a single model is trained with the refined

pseudo-labels, which leads to a robust performance on the target domain.

Chapter 5 describes our method extending the previous work by incorporating Contin-
ual Learning in Source-Free UDA. Source-Free UDA methods work under the constraining,
yet very realistic assumption, i.e., they assume the availability of a pre-trained source model
along with unlabeled target data, but no access to source samples. Such approaches inher-
ently exhibit catastrophic forgetting as they boost the performance on target while completely
disregarding the (inaccessible) source. In this context, we address the challenging task of
adapting a source model to a target domain without forgetting the source, yet assuming no
access whatsoever to it. We propose a novel Continual Source-Free UDA (CSF-UDA) frame-

work comprising two main stages: i) a Source-Free UDA pipeline based on pseudo-label



refinement, which produces cleaner target pseudo-labels (and thus guarantees good target
performance); ii) a procedure for extracting class-conditioned source-style images by lever-
aging source model, with target data and its refined pseudo-labels as a prior. Eventually, a
single model trained with synthetic-source and real-target images ensures good performance
on both domains. The collaboration is indirect in this case, as the source model is the only
means that can be used to generate source-style synthetic images, which ultimately assists

the final model in maintaining good performance on both domains.

Finally, Chapter 6 draws conclusions and discusses the future directions.
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Chapter 2

Compact Convolutional Neural Network Struc-
ture Learning by Knowledge Distillation

2.1 Introduction

Recent years have seen remarkable performance breakthroughs achieved in machine learning
[17] and computer vision applications using deep Convolutional Neural Networks (CNNs)
[18, 19, 20]. However, the CNNs are computationally expensive, memory-intensive, and
power hungry. Therefore, extraordinary inference speed, throughput, and energy efficiency
are required to meet the real-time application’s demands running on resource-constrained

devices such as drones, robots, smartphones, and wearable devices [21].

Researchers have demonstrated the possibility of using an automated architecture search
approach to discover an optimal CNN structure for the task of interest. Yet, it is an impractical
method that requires a huge architecture searching time in finding a reasonable solution due
to the combinatorially large search space [22, 23]. Another possible proposed direction is to
design lightweight CNN architectures that typically requires expensive, frequently manual,
trial-and-error exploration to find a good solution. However, CNN customized for a particular
task fails to maintain the required performance in other tasks: thus, a similar exercise is
needed to target every new problem. Nevertheless, former methods do not consider resource
constraints (i.e. Floating Point Operations per Inferrene (FLOPs) and Model-Parameters) and

are not scalable for growing task complexity.

To overcome these challenges, we propose a powerful and adaptive method for learning an
optimal network structure for the task of interest. Our approach advances the spirit of recently
proposed method MorphNet [24] which has the advantage of being fast, scalable and adap-
tive to specific resource constraints (e.g., FLOPs or Model-Parameters). Most importantly, it
learns network structure during training. However, the current optimization technique has an
intrinsically biased concentration that either pushes the optimizer to focus on high-resolution
layers (towards network input) or focus more on low-resolution layers (towards network out-
put) when optimized for FLOPs or Model-Parameters, respectively. Consequently, it leads

to an sub-optimal network structure and reduced model performance. Thus, [24] employs a
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Figure 2.1: Overview of the proposed method. Our method assumes a teacher network
which is usually the network to be compressed itself. The resource-aware optimization em-
ploys FLOPs and model-parameters optimizers on suitable parts of the student network with
respective budget constraints. While it relaxes the task complexity, privileged information
imposes control over predictions to preserve superior model performance during network
structure learning.

width multiplier to uniformly expand all layers to improve model performance which even-

tually results in a similar resource-intensive network structure.

To mitigate these shortcomings, our method employs Resource-Aware Optimization aug-
mented with the Privileged Information (PI) technique in a student-teacher scheme (see
Fig. 2.1). The proposed resource-aware optimization breaks down the seed network in
smaller instances which curtails task complexity to learn better end-to-end network struc-
ture. Eventually, it enables customized optimization of each stage of the network with spe-
cific budget constraints. As several works have already proved PI’s potential in improving
model performance [25, 26, 12], in our case, it augments our method’s capability by im-
posing control over model performance during optimization considering the teacher network
performance as a target. This facilitates the optimizer to maintain high model performance
while learning the lightweight network structure. Note that our method does not apply net-
work expansion at all, and the student network to be compressed utilizes PI extracted almost

for free from the uncompressed network itself.

The hybrid of the above-mentioned strategies leads to a superior and consistent com-
pression results over a variety of network architectures (e.g., ResNet101 and MobileNet_v2)
and datasets (e.g., CIFAR-10, CIFAR-100, and ImageNet). The proposed method is novel,
effective and carefully devised to target specific limitations of the existing method. As a
result, an optimal network structure is discovered which is also capable of delivering bet-

ter model performance. In particular, for image recognition task using the already compact



network MobileNet_v2 on CIFAR-10 benchmark, our method achieves 2x and 5.2 x better
model compression than [24], in terms of FLOPs and model-parameters, respectively (see
Fig. 2.3a). Especially, the resultant network delivers 80.38% classification accuracy which is

1.05% better than the baseline teacher network.

2.2 Related Work

Design of computation, memory, and power-efficient CNNs are needed to deploy deep learn-
ing applications on embedded devices such as drones, robots, and smartphones [21]. One
way of achieving this objective is to transfer knowledge from a deep, wide and complex
teacher network to a shallow student network [14, 12, 27, 28]. In principle, a teacher net-
work is trained in advance. Afterward, a lightweight student network is trained to mimic the
behavior of the teacher network in an equally effective manner. Also, a quantized distillation
approach was proposed in [29], whereas [30] suggests an adversarial learning process for
model compression. However, in existing works, distilling the generalization ability of com-
plex teacher into a smaller network cost superfluous FLOPs and model-parameters depending
on predefined fixed structure of the student. Differently, we propose an approach leveraging
privileged information to dynamically learn an optimal network structure of a student while

respecting the given resource constraints for the task of interest.

Some recent works achieve model compression by pruning redundant connections [31,

] or using low-precision/quantized weights [29, 33]. While others propose a precise design
of efficient CNN architectures by inverting residual connections between the thin bottleneck
layers [34], grouping point-wise and depth-wise dilated separable convolutions [35], or utiliz-
ing pointwise group convolution and channel shuffle [36]. However, the designing of efficient
CNN s approaches is not scalable and requires extensive human efforts to target every new
problem, dataset or platform. On the contrary, our proposed method automatically learns a
lightweight network (student) structure, sufficient to deliver a comparable performance of a

given large and complex (teacher) network.

Some related methods exist, such as [37] which progressively simplifies a pre-trained
CNN by generating network proposals during training until the resource budget is met.
Auto-Grow [38] automates the process of depth discovery in CNNs by adding new layers
in shallow seed networks until the required accuracy is observed. However, our proposed
approach is inspired by MorphNet [24], an open-source tool for learning network structure
based using resource weighted sparsifying regularizer. Among all state-of-the-art works, this
method is fast, scalable and adaptable to specific resource constraints (e.g., FLOPs or model-
parameters). However, the optimization comes with a drawback, i.e. the more you iterate,

the more you observe a drop in accuracy. To recover performance loss, all layers are uni-



formly expanded using a width multiplier which may lead to an improved but large resource-
consuming network structure. To mitigate these limitations, our method utilizes Privileged
Information along with Resource-aware Optimization to improve the network structure learn-
ing process. Without any network expansion, the proposed method offers superior FLOPs

and model-parameters reduction along with better model performance.

2.3 Method

We propose a framework that learns an optimal CNN structure to efficiently target the task of
interest, considering allowed resource constraints e.g., FLOPs and model-parameters while
preserving high model performance. We advance the spirit of MorphNet which is based on a
training procedure to optimize CNN structure. Since it does not represent a simple pruning
or post-processing technique, the method is well suited for our task. The model compression
method of MorphNet [24] relies on a regularizer R. It induces sparsity in activations by
putting greater cost C on neurons contributing to either FLOPs or the model-parameters. The
network sparsity is measured on the basis of batch normalization scaling factor ~y associated
with each neuron i.e, if 7y lies below than the user-defined threshold, the corresponding neu-
ron is considered as dead and can be discarded (since its scale is negligible). Both the FLOPs
and model-parameters are influenced by the particular layer associated with matrix multipli-
cations - i.e. convolutions. This makes sense, as the lower layers of the neural network are
applied to a high-resolution image, and thus consume a large number of the total FLOPs.
Whereas, the upper layers typically comprises of larger number of channels and thus contain

abundant weight matrices. We can define separate cost functions as follows:

K
Crrop = Y _[Ch, * (w")?  Clyy = Sgu) 2.D
k=1
K
Craram = »_[Ch, x (wF)? « CF,] 2.2)

k=1

where K is total number of layers and k is the layer index, w? is the kernel size, Cj,, is
the number of input channels, C,,; is the number of output channels, and S, is the size of
the output layer (i.e. the number of times the kernel is applied). In this study, we propose
to use two different regularizers R rrop and Rparans, depending on the resources being
optimized in a particular stage of the network. So the optimization problem is equivalent to

applying a penalty on the loss as follows:

min £(0) +aC;(0), j = {FLOP, PARAM}. (2.3)



where C is a function of the model-parameters 6 and the hyperparameter « regulates the
resource optimization intensity. For comparison, we refer to MNF and MNP as the original
MorphNet method which optimizes the entire network for FLOPs and model-parameters,

respectively.

The network structure obtained using stand-alone MorphNet costs a significant drop in
model performance. This happens because its optimization is either based on Eq. (2.1) or
(2.2) that leads to a biased concentration that either forces the optimizer to focus on high-
resolution layers (towards network input) or focus on low-resolution layers (towards network
output) when optimized for FLOPs or model-parameters, respectively (see Fig. 2.2). Conse-
quently, learning structure of the entire complex network with such a biased method leads to
a sub-optimal solution and a reduced model performance. To recover performance loss, the
existing method uniformly expands all layer sizes using a width multiplier which may lead

to a better but large resource-consuming network structure.

To overcome these challenges, our method employs Resource-aware Optimization aug-
mented with the Privileged Information (PI) technique in a student-teacher scheme (see
Fig. 2.1). The resource-aware optimization breaks the complex task of learning the entire
CNN structure into comparatively simpler sub-tasks. Subsequently, appropriate optimization
is performed on each stage of the network with specific budget constraints (e.g., either FLOPs
or model-parameters). Eventually, our approach discovers a global network structure that is

lighter than the original end-to-end solution.

In addition to that, the privileged information framework [12], augments our method’s
capability by imposing control over model performance during optimization considering the
teacher network performance as a target. This facilitates the optimizer to maintain high
model performance while learning the optimal network structure. Note that our method does
not apply network expansion at all, and the student network to be compressed utilizes PI
extracted almost for free from the uncompressed network itself. In this way, the impact
on performance is also accounted along with the existing sparsity measure that helps the

optimizer to remove only the least significant neurons from the network.

2.3.1 Leveraging Privileged Information

A pre-trained teacher network f; is cloned to serve as a student network fs (a network to
be compressed). Although the architecture of the teacher can be different, the choice of the
same architecture eliminates the requirement of training an additional teacher network. As
depicted in Fig. 2.1, the structure of the student network is optimized to meet the required
resource budget while taking advantage of the soft predictions (from the teacher) along with

the ground-truth labels. This forces the student network to keep mimicking baseline predic-
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Figure 2.2: MobileNet_v2 structure optimized on CIFAR-100. The percentage of dropped
filters from each convolution stage of MobileNet_v2 is presented. Comparing with baseline
(outright number of filters), it can be observed that FLOP regularizer (MNF) of the existing
method tends to remove filters from the lower layers near the input, whereas the model-
parameters regularizer (MNP) tends to remove more filters from upper layers near the output.
On the contrary, in terms of model compression, our proposed method clearly outperforms
the existing method by a large margin over all stages of the network. Please refer to Fig. 2.3b
for the accuracy comparison.

tions during optimization. In principle, both networks are trained to achieve the same task -
i.e. infer the identical class of input image x*. The training is accomplished by minimizing

the following cross-entropy loss:

Mz

1
— x! 0 2.4
N 4 1y, f( 24)
where 0 are parameters of the model, y/* is the ground-truth label of sample 4, f(-) symbolizes
the activation function, x* = {z% 2%, ..., 27} € R™ denotes a training sample, and [ is a
loss to measure the prediction error. During the inference of 3 given 2%, i = 1,..., N,
the student network leverages privileged information 2’ about the sample (z¢,y’). Such

additional information is derived from the teacher model’s prediction:

2 =o(fi(2")/T) (2.5)
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where o symbolizes the softmax operator and f;(z*) refers to the teacher logits. Thus, the

student network is trained according to the following optimization problem:

N

1 i i
fo= arg]{régiN;[(lk)l(y ,o(f(2)) 26)

(2" o (fe(ah)/T))).

The parameter 7' regulates the amount of smoothness applied to logits. This not only re-
veals commonalities and differences between classes to be discriminated but also exploits
the true potential of the soft labels [12]. Fj is the student function hypothesis space and the
parameter A € [0, 1] is the imitation factor, controlling the student to mimic the teacher vs. to
predict the ground-truth label. Therefore, the proposed approach is modeled by incorporating
Eq. (2.6) into MorphNet’s minimization equation (in Eq. (2.3)). Thus we get the following

optimization problem:

1Y i i
mjn oy 3100 V1o (7(0'.0)/T)

| . 2.7)
+A (2 o(fi(a",0)/T))

+aC;(0)], j={FLOP,PARAMY},

where the standard cross-entropy loss incorporates both, the privileged information and the
MorphNet optimizations. In principle, incorporating privileged information from the uncom-
pressed method is sufficiently general to be applied to any compression algorithm which can

be expressed in the form of Eq. (2.3).

2.3.2 Resource-aware optimization

In CNNss, the input image is processed by progressively reducing the feature map’s resolution
while increasing the number of filters to be applied along with the network. Therefore, lower
layers carry higher FLOPs Cost, while higher layers account for huge model-parameters (see
Eq. (2.1)&(2.2)).

However, Fig. 2.2 shows that layers of MobileNet_v2 are reduced differently according to
the type of optimization (MNF or MNP) performed during training. This suggests that differ-
ent optimizers on lower and upper layers are needed in order to be more effective in network
structure learning. For this reason, we propose a resource-aware optimization scheme to

optimize different layers of the network using suitable optimizer which leads to following

11



modification to Eq. (2.7):

1
min min —

. 0 (1 =N Uy' o(f(a",61,602)/T))

WE

i—1 ‘ A (2.8)
(2" o(fi(x",01,02)/T))

+a (Crrop(01) + Cparan (62))],

where 61 U 62 = 6, 0, N 02 = O is a partition of the weights parametrizing the lower (i.e.,
block 1&2 of ResNet101) and upper (i.e., block 3&4 of ResNet101) layers of the network,
respectively. Specifically, we propose a configuration in which the first half of the network is

optimized for FLOPs and the second half is optimized for model-parameters.

2.4 Experiments

We choose two widely used networks namely ResNet101 [18] and MobileNet_v2 [34] to
examine the generalizability of proposed method on varied architecture designs. These net-
works were hand-crafted to achieve two distinct goals: the former was designed to obtain
high accuracy while the latter was designed to yield low computation expense on mobile
devices. Thus, we perform an extensive evaluation with these networks to show the effec-
tiveness and adaptability of the proposed method (see Tab. 2.1). We evaluate our proposed
method on three standard classification datasets: CIFAR-10 [39], CIFAR-100 [39] and Ima-
genet [40]. CIFAR-10 and CIFAR-100 datasets consist of 60000 tiny images of dimensions
32x32, categorized into 10 and 100 distinct classes respectively. Both datasets comprise
50K images in the trainset and 10K images in the testset. The ImageNet dataset consists of
1M images in train and 50K images in test split of dimensions 224 x 224, categorized into
1000 classes. In experiments, the teacher network is trained on target datasets in advance and
kept fixed throughout the training process. Subsequently, an identical network architecture
is considered as a student to discover its compact structure form capable of delivering com-
petitive performance. For resource-aware optimization, we empirically divide the end-to-end
optimization task into two sub-tasks by partitioning the network weights into two groups
— lower half and upper half, although our method is generalizable to a higher number of

sub-tasks.

Our implementation is based on TensorFlow and open-source tool MorphNet [24]. We
use Adam optimizer with a fixed learning rate of 10~% for CIFAR-10 and CIFAR-100 and
RMSProp optimizer for ImageNet with an initial learning rate of 10~* that decays by a factor
of 0.98 every 2.5 epochs. In each experiments, the student network is trained for 20K itera-
tions with a mini-batch size of 100 for CIFAR-10 and CIFAR-100. For ImageNet, ResNet101

12
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(b) Results on CIFAR-100

Figure 2.3: We compare FLOPs and model-parameters reduction trend for CIFAR-10 and
CIFAR-100 benchmarks considering ResNet101 (left) and MobileNet_v2 (right) as backbone
networks. MNF and MNP are variants of existing method to exclusively optimize network
structure for FLOPs and model-parameters, respectively. For ResNet101, our method out-
performs the existing method in FLOPs and model-parameters reduction with slightly better
model performance. Especially, for already compact network MobileNet_v2, our method
brings superior network compression even with accuracy higher than the baseline.
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Table 2.1: The results are reported on CIFAR-10 and CIFAR-100 with two different backbone
CNNs. a=regularization-strength, ACC=accuracy on testset (%), RED=reduction achieved
(%), MNF , MNP=existing methods. Our proposed method offers an optimal solution for
both FLOPs and model-parameters reductions, so it presents two RED columns, accordingly
to the optimization considered. Our method outperforms existing one in terms of compres-
sion, with comparable or marginally lower accuracy (cases in bold) or even with higher
accuracy (cases in bold). Results show proposed framework’s consistency, robustness, and
generalizability.

(a) Results on MobileNet_v2.
CIFAR-10 Baseline - ACC:84.9, FLOPs:2.37 x 107, Model-Parameters:4.29 x 105.
CIFAR-100 Baseline - ACC:55.1, FLOPs:2.40 x 107, Model-Parameters:4.45 x 10°.

Optimization for FLOPs | Optimization for model-parameters
o MNF Ours MNP
ACC RED ACC RED RED ACC RED
1 | 77.840.8 6.0+£0.1 | 82.8+0.2 23.9+0.2 || 55.6+0.4 | 77.6+0.1 9.4+0.3
S| 5 |77.8£09 7.64+0.2 | 82.1+0.3 39.6+0.2 || 73.04+-0.2 | 77.6+0.5 16.0+0.6
gz | 10 | 77.240.4 9.5+0.2 | 81.4+0.2 48.94+09 || 78.840.7 | 78.04+0.8 31.0+1.9
§ 15 | 775404 11.840.3 | 80.2+0.4 53.1+1.6 || 81.4+1.2 | 78.2+0.2 39.9+0.3
O | 20| 77.4+0.1 14.740.1 | 80.3+0.2 58.3+0.5 || 84.3+0.1 | 77.8+0.5 44.440.6
25 | 76.9403 17.3+40.3 | 79.5+1.2 61.5+0.2 || 86.2+0.1 | 77.9+0.4 48.2+0.4
1 | 46.84£04 5440.0 | 55.64+0.2 10.5+0.3 || 18.7+0.9 | 47.24+0.7 6.44+0.4
§ 5 | 46.5+£0.5 6.1£0.1 | 53.6£0.4 20.8+0.4 || 36.0+0.4 | 47.3£0.9 10.0+£0.6
~ 10 | 46.7404 6.9+0.1 | 52.1£0.4 29.1+0.3 || 48.8+0.3 | 47.4+0.2 14.640.2
é 15 | 46.5+40.6 7.840.5 | 51.0+£0.5 35.4+0.7 || 56.54+0.9 | 47.1+0.5 18.3£1.3
O |20 |451+0.8 9.1+0.3 | 50.5+£0.7 39.9+1.1 || 61.44+0.9 | 48.0+1.0 21.7+1.6
25 | 45.34+1.1 11.04+0.6 | 49.6+0.6 46.9+0.3 || 67.3+0.5 | 48.6+0.0 25.7£0.8

(b) Results on ResNet101.
CIFAR-10 Baseline - ACC:80.3, FLOPs:2.94 x 108, Model-Parameters:4.24 x 107.
CIFAR-100 Baseline - ACC:52.2, FLOPs:2.94 x 108, Model-Parameters:4.26 x 107.

Optimization for FLOPs H Optimization for model-parameters
o MNF Ours MNP
ACC RED ACC RED RED ACC RED

1 | 79.9+£0.6 2.0+0.4 | 79.842.0 4.4+0.5 7.4+0.7 | 80.2+0.4 5.940.7
S| 5 |787£0.6 14.14£3.8 | 77.3£0.6 18.3+04 || 27.94:0.6 | 79.84-0.9 26.7+1.2
e | 10 | 77.44+0.9 27.1+49 | 78.6+1.3 34.8+4.8 || 45.84+4.5 | 77.2+1.7 31.0+6.7
é 15 | 76.74£0.5 35.440.8 | 77.1+£0.5 41.8+2.1 || 53.9+1.8 | 77.64+2.5 48.1+6.8
O |20 | 76.0£3.1 43.5+£7.5 | 77.540.7 50.0+6.7 || 61.6+£5.3 | 78.6+1.3 56.1£2.5
25 | 76.3+£0.9 48.7+1.6 | 76.3+£1.6 55.3+2.6 | 66.9+1.7 | 76.0+£2.2 58.5+1.3
1 |50.5£24 1.0£0.1 | 50.3£0.8 1.0£0.0 0.1£0.0 | 50.0£0.9 0.1£0.0
§ 5 | 50.8£2.0 4.2+1.7 | 50.7+1.1 7.8+3.2 8.1+£3.6 | 49.9+0.5 2.0+0.4
o | 10 | 48.6+£1.0 8.1+1.3 | 484+04 17.74£2.0 || 20.5+2.0 | 47.9£1.1 10.3+2.9
§ 15 | 46.7+£0.4 19.74+4.6 | 48.1+£04 31.1+3.5 || 35.5+£3.2 | 48.5+0.6 19.1+£5.3
O |20 |472+12 222+1.7 | 46.2+1.0 32.1+1.4 || 38.7+1.3 | 48.0+1.7 26.0+4.6
25 | 445423 29.742.8 | 47.5+41.3 43.843.4 || 51.1+3.1 | 459+2.2 349+1.4
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Figure 2.4: Results on ImageNet. We compare FLOPs and model-parameters reduction
trend for ResNet101 (left) and MobileNet_v2 (right). MNF and MNP are variants of ex-
isting method to optimize network structure for FLOPs and model-parameters, respectively.
We present accuracy vs. FLOPs/parameters results at 100, 200, 300, 400 and 500 thousand
iterations marked as ¢, x, [, x and A\, respectively. For ResNet101, our method outperforms
the existing method by a large margin in terms of FLOPs and model-parameters reduction
with superior model performance.

and MobileNet_v2 models are trained for 500K iterations with mini-batch size of 32. In the
network structure learning process, fixed number of iterations is essential for comparison -
i.e. more or less iterations can lead to different network structure and performance. We used
different values of regularization-strength a with fixed v = 0.01 to guarantee fair compar-
ison with [24]. For distilling knowledge, we use 7' = 10 and A = 0.5. After training, the
performance of the student network is evaluated over the entire test-set to observe the effec-
tiveness of learned lightweight network structure. We compare our proposed method with
the stand-alone variants of MorphNet, namely MNF (entire network optimized for FLOPs)
and MNP (entire network optimized for model-parameters). The results are reported in terms
of Accuracy (ACC) and the FLOPs/model-parameters Reduction (RED) metrics - i.e. the
percentage reduction with respect to the FLOPs or model-parameters cost of the teacher net-
work. All parameters were kept consistent for entire experiments and results are averaged

over three runs.
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2.5 Results

In this Section we demonstrate that our method consistently outperforms the existing method
by substantial margins, both, in terms of FLOPs and model-parameters reduction while offer-
ing better model performance. Targeting networks of different capacities, we present results
for the two image recognition datasets CIFAR-10 and CIFAR-100 in Tab. 2.1 with varying
compression intensity steered by the parameter . In each sub-caption, we report the per-
formance achieved by the teacher network in terms of accuracy and original FLOPs/model-
parameters cost after been trained for the same image recognition task. We compare the pro-
posed method with the stand-alone MorphNet MNF (entire network optimized for FLOPs)
and MNP (entire network optimized for model-parameters). We demonstrate that our method

brings better compression-performance tradeoff over all regularization strength « considered.

In particular, evolution trend during training for CIFAR-10 in Fig. 2.3a (right) shows
that our method is relatively more effective for an already compact network (MobileNet_v?2)
with 2 x better FLOPs reduction than MNF and 5.2 x better model-parameters reduction than
MNP. Such substantial gain in compression is achieved with up to 1.05% better recognition
accuracy than the baseline teacher network. The most notable difference in trends is that
our method brings superior model compression and performance right from the beginning
and keeps on fine-tuning over successive iterations. Similarly, for ResNet101 in Fig. 2.3a
(left), our method learns network structure capable of delivering slightly better performance
while being 1.1x and 1.3x more compressed in terms of FLOPs and model-parameters,

respectively, than the existing method.

Also, Fig. 2.3b shows the same consistent trend for CIFAR-100 on both networks. For
MobileNet_v2 in Fig. 2.3b (right) our method brings 1.7x and 2.7 x better compression in
terms of FLOPs and model-parameters, respectively with 0.88% better recognition accuracy
than the baseline. For ResNetl101 in Fig. 2.3b (left), our method learns network structure
capable of delivering slightly better performance while being 1.2x and 1.3x more com-
pressed in terms of FLOPs and model-parameters, respectively, in comparison with the ex-

isting method.

Finally, we report experiments considering the popular large scale ImageNet dataset on
both networks. Fig. 2.4 shows the accuracy versus FLOPs (top row) and model-parameters
(bottom row) reduction. We present results achieved after 500K iterations with /A along
with intermediate results (i.e. results after 100, 200, 300 and 400 thousand iterations marked
as ¢, X, [J and *, respectively) obtained during network structure learning. As expected from
the insights discussed in Sec. 2.3.2, the proposed method works best in terms of learning

optimum network structure. Since lower layers are optimized for FLOPs and higher layers for
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model-parameters, the structure of each block is optimized accordingly to the most suitable
resource constraint. For MobileNet_v2 in Fig. 2.4 (right), our method brings outstanding
model compression along with higher classification accuracy even in the cases where MNP
has not started the optimization yet. A similar trend is also confirmed for ResNet101 in
Fig. 2.4 (left) in which our method obtains superior model compression after only 100K
iterations that is way higher than what is achieved after 500K iterations using the existing
method.

2.6 Summary

In this study, we present a resource-aware network structure learning method, which en-
ables suitable optimization in different sections of the seed network considering FLOPs and
model-parameters constraints - i.e. lower layers are optimized for FLOPs and higher layers
for model-parameters. Furthermore, Our method leverages privileged information to impose
control over predictions to preserve high-quality model performance. In an extensive evalua-
tion of various network architectures and datasets, our method brings state of the art network
compression that outperforms the existing method by a large margin while maintaining better

control over the compression-performance tradeoff.
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Chapter 3

Understanding Action Concepts from Videos
and Brain Activity through Subjects Consen-
sus

3.1 Introduction

Electroencephalography (EEG) measures the electrical activity patterns induced by the ag-
gregation of excitatory/inhibitory post-synaptic potentials generated in cerebral cortex. Such
data modality is helpful in registering and monitoring the brain activity, which can then be

decoded and used in a variety of scientific, medical and other application domains.

Typically, EEG is the basic recording instrument to support brain-computer interfaces
(BClIs), aimed at mediating between brain signals and downstream applications. For example,
from a clinical perspective, there is a well established research direction towards decoding
motor imagery (refer to [41] for a survey), so that motor neural impulses can be mapped and
controlled with the ultimate goal of assisting, augmenting, or repairing human cognitive or
sensory-motor functions. Industry is also making efforts in the design of “mind reading”
devices in order to let users monitor their well-being [42], for example, to support meditation

or facilitate the execution of daily activities [43, 44, 45, 46, 47, 48, 49, 50, 51].

In the literature, there is a substantial body of works where EEG is utilized in tandem with
machine learning and computer vision to recognize useful patterns to face the task of interest.
For instance, the recognition of emotions can effectively be addressed through EEG data:
stimuli such as natural images or videos can be analyzed in order to figure out the induced
emotional state, and measure valence, arousal and dominance factors (as in [52]), while also
allowing a finer prediction of happiness, fear or disgust reactions (as in [53]). Furthermore,
EEG data are also useful for the general purpose of object categorization, for instance, in
the case of the recognition of characters displayed on a screen [54] or the classification of

synthetic/natural images [406, 47].

We differ from previous works mainly devoted to read emotions or to decode mental

processes related to the classification of what is explicitly visualized in the typical static
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Figure 3.1: Example footages related to some of the selected actions for the task of concept
understanding. The “cooking” action is represented by the smoke coming out from a pan,
the creation of a dough, the mixing of a chocolate cream or the garnishing of a dessert (top-
left). The action of “flying” is represented from footages in which pigs fly, fireworks are
shot in the sky. Alternatively, a scene in which the panorama is filmed from an airplane
window and Santa Claus is delivering presents (fop-right). For “hugging”, unusual cases
are considered such as a man hugging his dog, a girl hugging a tree, two gibbons hugging
each others and a baby hugging his toy (bottom-left). Similarly, for “throwing”, elephants
can throw sand on their backs, axes can be thrown, a weight can be thrown during a fitness
sessions and eventually money can be thrown (bottom-right). While capturing EEG data out
of this footage, we can register the mental processes which try to categorize videos which
refer to a given action class, without trivially representing it in its most conventional case.
Differently to the explicit visualization of an action, we can investigate what happens in the
brain when trying to understand those videos and the action they imply.

stimuli (such as characters, digits or objects). In this study, we move a step forward in
the comprehension of the potential associated to EEG data. In particular, we attempt to
classify EEG signals related to higher levels of reasoning, associated to dynamic stimuli, and

specifically devoted to the problem of understanding the concepts behind an action.

To this end, we built a dataset of EEG recordings acquired from 50 different subjects
visually stimulated by videos from the recently designed Moments in Time (MiT) dataset
[16], referring to the following 10 categories of actions: cooking, fighting, flying, hugging,
kissing, running, shooting, surfing, throwing and walking. The peculiarity of MiT dataset
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is the huge intra-class variability, which makes it one of the most challenging datasets that
are currently available in computer vision [16]. For instance, prototypical videos explicitly
visualizing a “flying” action might represent a bird or an airplane in the sky, but we are also
considering videos representing such class in an indirect and implicit manner (e.g., the ego-
vision of the panorama seen from an airplane window), and even extreme and vague cases,
such as exploding fireworks (see Fig. 3.1). In other words, the problem of understanding
action concepts can be defined as classifying an action even when it is not explicitly displayed

in a video footage, but, rather, only implied or represented in an abstract sense.

Since the video sequences associated with a same action can be very different in appear-
ance and dynamics, it can be very difficult to classify by looking at the visual data only.
Nevertheless, they have in common the same concept associated with the action which is
hopefully captured by the brain activity and recorded in EEG data. In these terms, EEG nat-
urally arises as an extremely convenient data modality to pair with video while attempting to

solve the problem of actions’ concept understanding.

This study explores the possibility of understanding action concepts in the brain activity
stimulated by video footages and formulate the problem as a (multi-modal) classification
framework. In fact, we posit that EEG is capable of capturing (some of) the mental processes
responsible for action recognition and, to the best of our knowledge, our work is the first to

demonstrate that understanding action concepts from EEG is a solvable and viable problem.

In former computer vision studies in which EEG data is used as an additional modality
[46,47,48,49, 50, 51], the selected tasks and corresponding benchmarks are relatively easier
problems, like character [54] or object recognition [51]. In principle, both tasks could have
been reliably solved without the help of EEG in the sense that, in these works, the perfor-
mance obtained from EEG data is inferior to that obtained by directly processing the stimuli

(e.g., digits or images).

Differently, we claim that EEG is fundamental in our case because visual information is
not always reliable for the sake of recognizing action concepts, which can be better under-
stood from brain activity. Through a broad experimental validation considering state-of-the-
art methods for video and EEG data processing, we obtained the experimental evidence that
the performance achieved by leveraging EEG is superior to the one of video-only framework.
In some sense, in the EEG data modality, there are humans in the loop i.e., humans are in-
volved indirectly in the sense that their brain activity is recorded while they watch the same
video. In particular, the two sources of information are complementary, as we proved through
a baseline of fusion methods. Therefore, we design a multi-modal computational method to

take advantage of EEG data modality in order to boost the performance in classifying action
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concepts from video data.

Our approach is rooted in the consideration that different subjects should share some com-
mon agreements about which video is prototypical for which actions, although, we should
also account for personal differences. Therefore, a combination of EEG signals associated
with a plurality of subjects translates into a peculiar inductive bias which has a regulariz-
ing effect in filtering out subject-specific nuances. As a consequence, we show that subjects’
consensus boosts the generalization capabilities and favors the development of more accurate
video action recognition algorithms, similarly to what happens when adopting an ensemble

of models [55, 56, 57].

Furthermore, when averaging together the predictions of subject-specific action classi-
fiers, we register a sharp gain in performance. Such a positive effect suggests that there exists
an agreement across subjects while predicting actions from EEG data. We exploit this finding
in a privileged information framework [12], where the consensus among the subjects yields
to a teacher model supported by EEG data. A student model is then distilled by training it
with ground-truth action labels as well as soft labels extracted from the teacher: the consen-
sus that EEG data shown when pooling the acquisitions from different subjects is capable of
boosting the performance of two state-of-the-art computer vision models, Temporal Relation

Networks [1] and Temporal Shift Models [2], conventionally trained with videos only.
To recap, the main contributions of this work are the following.

* We introduce Action Concepts, a novel dataset of EEG recordings collected from 50
subjects stimulated by complex action videos taken from the MiT dataset [16]. In
such footage, a given action is not always explicitly visualized but implied only. To
perform action classification from such data, we posit that EEG is useful to capture
brain activity for the sake of understanding what visual stimuli implicitly mean behind

their visual appearance.

* We provide a broad experimental analysis of state-of-the-art algorithms in machine
learning and computer vision, to demonstrate that the problem of understanding action
concepts, originally tackled using visual data, is solvable by EEG data as well. More-
over, in terms of pure classification performance, we prove that EEG is a superior, yet,

complementary data modality with respect to video.

* We explore to which extent different human subjects have commonalities in their high-
level reasoning related to the process of understanding action concepts. We computa-
tionally demonstrate that the decision scores of action classifiers trained over EEG

data across different subjects reinforces each other in removing subject-specific nu-
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ances. Such ensemble provides a regularizing effect, capable of sharply raising the

recognition accuracy using EEG data.

* We leverage subjects’ consensus to distill from EEG a data-driven supervision which
can be transferred to video sequences. Adopting a privileged information framework
trained on the multi-modal combination of video + EEG data (and tested on video
only), we show that the subjects’ consensus enhances the performance of two state-of-
the-art computer vision models: TRN [1] and TSM [2].

3.2 Related Work

The problem of “mind reading” has been considered for a variety of different applications by

using a broad spectrum of sensory devices to register brain activity.

By means of blood oxygen level dependent (BOLD) signals measured through functional
Magnetic Resonance Imaging (fMRI), recent studies [58, 59, 60, 43, 61, 62, 63, 64, 65, 66]
have demonstrated the effectiveness of decoding the mental processes which are implied
from a dynamical stimulus (like a video). In [62], authors exploit a Bayesian approach to
reconstruct the video footage from the fMRI signal, while, in [63], fMRI was proved to be
advantageous for the sake of action recognition in videos from single subject, when com-
pared with classical computer vision approaches. Other than using EEG data, we differ from
this approach by considering high-level action concepts and by using a large number of sub-
jects to investigate whether the task-based human reasoning mechanism can be generalized.
Video clustering was also considered [64] through a composite pipeline in which features
extracted from fMRI are combined with wavelet transform, Gaussian process regression and
spectral clustering. The problem of deploying a more high level decoding of the fMRI signal
originated from a video stream is addressed in [65, 66], to find those most effective regions
of brain responsible for parsing the semantics or reacting to emotions. Pain can be decoded

from this kind of signal as well [67].

Similarly, capturing brain activity through Magnetoencephalography (MEG) has been
successfully applied to a variety of applications. The genre of a movie (e.g., comedy, ro-
mantic, drama or horror) can be decoded from MEG signals [68]. It is also possible to
predict emotion from MEG data when performing a single-trial classification task for va-
lence, arousal and dominance in short music video segments [52]. The problem of decoding
motor imagery and create responses to brain stimulus which are capable of controlling a
brain-computer interface (BCI) is tackled in [69]. MEG is used to predict the modality with
which a word was presented to a subject as stimulus, written on a screen versus spelled in

audio stream [53].

22



Although fMRI and MEG were used as suitable sensory devices for a variety of tasks
(mainly related to emotions), they were not used to address the problem we are addressing.
fMRI results involving a more complex experimental setup (as compared to EEG), and both
fMRI and MEG addressed tasks characterized by a lower statistics (in terms of number of
subjects and number of classes). Overall, none of the above works addressed specifically the

classification of action concepts.

Electroencephalography (EEG) is a powerful registration tool for a variety of application.
For instance, the problem of recognizing the affective and emotional content of a stimulus
was tackled by a variety of works. Event-related potentials can show the connection between
a selective processing of emotional stimuli and the activation of motivational systems in
the brain [70]. Using gathered data under psychological emotion stimulation experiments,
one can successfully train a support vector machine to disambiguate between emotions [71].
In [72], EEG data is employed to assess valence and arousal in emotion recall conditions,
while comparing different encodings. Facial expressions and EEG are combined for the
purpose of affective tags’ generation in a multi-modal approach [73]. EEG conveys patterns
related to what makes a movie trailer appealing or not for the audience [74]. Through domain
adaptation [75], one can better transfer across different subject while recognize emotions
evoked by images [76, 77]. The shift from static to dynamical stimulus (videos) in emotion

recognition was investigated in [78, 79, 80].

EEG effectiveness for creating brain-computer interfaces (BCIs) has also been extensively
studied. In [43], a system for rapid image search is devised, whereas EEG and motion cap-
ture can be combined in a multi-modal BCI [44], with the optional usage of deep learning
to better fuse the two modalities [45]. Classical computer vision problems, such as object
classification in images can be boosted when having access to an ancillary data modality.
For the latter purpose, EEG induced from images shown as stimuli to subjects is effective to

boost recognition capabilities, as shown in [406, 47, 48, 49, 50, 51].

As outlined above, EEG was mainly utilized to deal with emotions and BCI applications,
and seldom considered dynamic stimuli for the sake of action concept classification aimed at
understanding brain mechanisms related to (generalized action) recognition. This makes our

work as pretty unique in the panorama of the multi-modal learning framework.

3.3 The Action Concepts dataset

In this Section, we present the phase of stimuli selection and subsequent acquisition of EEG
recordings from a pool of selected participants. The details of each single step are reported

in a separated subsection.
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Table 3.1: Comparison of existing public benchmarks for EEG data processing, finalized to diverse applications.

& S .
(& B S & B
° N N N N
Dataset Name Task Year | <% < < < <& Reference
Sleep EDF Sleep monitoring 2000 — — 4 — 25 [81]
CAP sleep Sleep monitoring 2001 - 12 8 16 [82]
UCDDB Sleep monitoring 2011 — — 2 — 25 https://physionet.org/pn3/ucddb/
EEGmmidb Motor imagery 2004 — — 64 4 109 [83]
BCI comptetion Motor imagery 2008 — — 3 2 9 [84]
TUH Seizure prediction 2012 — — 24-36 — 100 isip.piconepress.com/projects/tuh_eeg
BB-EEG-DB Seizure prediction 2012 — — 32 — 5 [85]
CHB-MIT Seizure prediction 2013 — — 24 — 22 https://physionet.org/pn6/chbmit
OpenMIIR Sound classification 2015 sound 12 66 2 12 [86]
KARA-ONE Speech classification 2015 text — 62 11 14 [87]
MindBigData - MNIST  Object classification 2015 images 60K 14 10 1 mindbigdata.com/opendb/index.html
Learning Human Mind ~ Object classification 2017 images 2K 64 40 6 [51]
MindBigData - ImageNet Object classification 2018 images 14K 5 569 1 mindbigdata.com/opendb/imagenet.html
eNTERFACE Emotion recognition 2006 images 327 64 3 16 [88]
DEAP Emotion recognition 2011 video 120 32 3 16 [89]
MAHNOB Emotion recognition 2012 video 40 16 2 30 [90]
SEED Emotion recognition 2018 video 40 64 4 15 [91]
Action Concepts (ours) Action recognition 2020 video 240 64 10 50



https://physionet.org/pn3/ucddb/
isip.piconepress.com/projects/tuh_eeg
https://physionet.org/pn6/chbmit
mindbigdata.com/opendb/index.html
mindbigdata.com/opendb/imagenet.html

3.3.1 Original characteristics of the dataset

In this work, we exploit EEG to handle dynamical stimuli which consist of 3 seconds video
footages extracted from Moments in Time dataset [16]. By design, such dataset was created
to guarantee remarkable inter-class and intra-class variations among actions, representing
dynamical events at different levels of abstraction (i.e., "opening" doors, drawers, curtains,
presents, eyes, mouths, and even flower petals). While using videos from Moments in Time
as stimuli for EEG, we attempt to investigate to which extent EEG can convey patterns capa-
ble of distinguishing video sequences which, despite their visual diversity, subsume the same
category. In fact, very few datasets combine EEG with dynamical stimuli (and, for the latter,
fMRI is usually preferred [62, 63, 64, 65, 66]).

Specifically, in Tab. 3.1, we compare our Action Concepts dataset with those already
present in the literature, categorizing the application task (sleep monitoring, motor imagery
decoding for BCI, seizure prediction for epilepsy, sound/object classification and emotion
recognition). As first peculiar aspect, our dataset ensures high resolution considering a large
number of electrodes (64). Second, in terms of key statistical features, existing datasets are
extremely unbalanced in terms of number of stimuli vs. number of classes vs. number of
subjects considered in the acquisition. In our case, we have 1) a large number of stimuli,
which ensures high variability within the data, and also 2) more classes, making the classi-
fication problem inherently harder. Moreover, accounting for several subjects is beneficial
when using EEG data since this guarantees the reliability and the statistical significance of
the study. Overall, unlike the most of existing studies, our proposed dataset is extremely

balanced with respect to the discussed crucial indicators.

The distinctive feature of our datasets is the targeted application. We do not just to rec-
ognize what is explicitly visualized in the stimuli adopted in the EEG data acquisition, but,
rather, we attempt to recognize what is implicitly visualized in the stimuli itselves. For in-
stance, consider the case of the cooking action in Fig. 3.1: there are scene statistics (a smoky
pan, a dough, a chocolate cream or a even a chef) which are referring to the action of in-
terest. Using EEG to capture the decoding process related to recognize that “a smoky pan/a
dough/chocolate cream/chef is visualized in that frame” is clearly not enough to understand
actions. Rather, the only chance to recognize the cooking action is to capitalize from the
mental decoding process related to the fact that the aforementioned scene statistics implicitly

refer to the action we seek to recognize.

To the best of our knowledge, our dataset is the first one designed for this application and it

will be publicly released upon paper acceptance (hopefully at Nature Machine Intelligence).
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3.3.2 Collecting stimuli: manual class selection

Among the 339 classes that compose Moments in Time dataset [16], we selected the fol-
lowing 10 classes: cooking, fighting, flying, hugging, kissing, running, shooting, surfing,
throwing, walking. The decision was aimed at encompassing classical classes that are usu-
ally included among action recognition databases, spanning sports (walking, running, surf-
ing), daily contexts (cooking) and human-to-human interactions (hugging and kissing). At
the same time, we chose classes which have a similar execution, being only different in a
specific details: the discriminant in between a walking and running action often lies in the
speed with which the action is executed. Similarly, both throwing and shooting involve the
fluctuation in the air of a physical entity (an object versus a bullet), with the crucial differ-
ence that shooting necessary requires a weapon whereas throwing doesn’t. Finally, for either
hugging or kissing, two people are closely interacting with each others. But, hugging con-
sists of wrapping the hands around another person’s neck, waist or back. Differently, kissing
implies instead a face-to-face interaction. When using EEG to encode those actions, by suc-
cessfully decoding such signals into discriminative classification patterns we can actually
demonstrate to which extent EEG is sensible towards differences among classes, even when

the differences are subtle.

3.3.3 Collecting stimuli: automatic video selection

Once the manual selection for the classes was completed, we exploited an automatic ma-
chine learning algorithm to decide which video to include within our analysis. We adopted
a ResNet-50 convolutional neural network pre-trained on ImageNet [92], to process videos
instead of images as done in [16]. From each video of the training set, 5 random frames
are subsampled to fine-tune the ResNet-50’s weights. During inference, a video is classified
into one of the 10 classes considering 5 randomly sampled frames followed by a majority
voting over the predicted labels. We selected 24 videos per class (240 videos overall) from
the validation set of Moments in Time, by considering only the videos which were correctly
classified by the model. Among them, we selected the 12 videos classified with maximal
confidence (i.e., sharpest softmax peak) and the 12 correctly classified with the lowest confi-
dence. In this way, we account for the videos which can be clearly classified by the model as
well as the more difficult footages for which the automatic selection stage is less confident
(although still managing to achieve a correct inference). We believe that it is interesting to
assess “what is easy/hard to understand” in a comparative scenario between an algorithm (in

this case, a neural network) and a pool of human beings.
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3.3.4 Selection of the participants

Fifty-three healthy participants (out of which 25 males) were recruited for the experiment
(mean age: 23.8 + 3.71 years). One participant was excluded from the analyses due to
technical problems related to data quality. All participants provided written consent before
enrolment in this study and were screened for contraindications to EEG. The exclusion crite-
ria included the presence of a history of any neurological or psychiatric disease, use of active
drugs, abuse of any drugs (including nicotine and alcohol) as well as any skin condition that
could be worsened by the use of the EEG cap. The study was approved by the local Ethics
Committee (Comitato Etico Regione Liguria) and was conducted in accordance with the eth-
ical standards laid out in the 1964 Declaration of Helsinki. All participants had normal or

corrected-to-normal vision and were right-handed.

3.3.5 Acquisition procedure

The participants were asked to sit in a dimly illuminated room, maintaining one meter dis-
tance from the screen. There, the EEG cap and EOGs were put on the head (see next section
for details) and connected to the EEG amplifier. All the sections of the experiment were
run using PsychoPy software [93]. First of all, participants’ resting state activity (with open
and closed eyes) was recorded. Subsequently, participants took part in another brief exper-
iment (lasting approximately 15 mins), not relevant for this study. Before starting with the
experiment, participants read the experimental instructions on screen and the experimenter
asked for any possible questions or uncertainties. Participants were then presented with a
practice part, during which they responded to videos belonging to the category “eat”. Block
and trial structures were identical to the experimental part. Participants then moved to the
experiment, consisting of 5 blocks, one for each category, presented in a random order. Each
participant responded to only 5 categories to avoid effects related to the long experiment du-
ration. The categories were counterbalanced across participants, i.e., half of the participants
responded to cooking, fighting, flying, hugging, kissing categories, while the other half re-
sponded to running, shooting, surfing, throwing, walking categories. Each block consisted of
the presentation of 24 videos per category in a random order. In the beginning of each block,

participants were presented with the action category.

Trials were self-paced, i.e., each trial was started by the participant by pressing the space-
bar key on the keyboard: between two consecutive videos, an intermediate grey screen is
shown to the participant. The grey screen displays the action category name and the line
“press the spacebar to start the next video": this screen lasts until the participant pressed
the spacebar. Each trial starts with 1 second inter-stimulus interval (ISI), presenting only a

white fixation cross in the centre of the screen. Then, the video is presented in the centre of
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the screen, superimposed by the white fixation cross. All videos lasted 3 seconds. In order
to maintain the focus of the participants on the videos, an oddball-like [94] task was added
during the video presentation. That is, in a random order between the streaming of the videos
related to one of the classes of interest, 3 dummy videos where displayed. During the pre-
sentation of the dummy videos (3 for each category) the white cross turned red for 250 ms.
This colour change was happening at a random moment between 1500 and 3000 ms after the
beginning of the video. Participants were asked to press the spacebar as fast as possible when
they noticed the colour change. These dummy trials were subsequently removed during the

EEG analysis phase. The reader can refer to Appendix 3.7.2 for further details.

3.3.6 EEG data recording and pre-processing

EEG data were recorded using 64 Ag-AgCl electrodes of an active electrode system (Acti-
Cap, Brain Products, GmbH, Munich, Germany) referenced to FCz. Horizontal and vertical
EOG were recorded from the outer canthi of the eyes and from above and below the ob-
server’s right eye, respectively. The EEG signal was amplified with a BrainAmp amplifiers
(Brain Products, GmbH), digitised at a 5000 Hz sampling rate for recording. No filters were
applied during signal recording. Electrode impedances were kept below 10 k€2 throughout
the experimental procedure. EEG data were analysed using MATLAB™ version R2018a and
FieldTrip toolboxes [95]. Data were downsampled to 250 Hz and a band-pass filter (0.5-100
Hz) and a notch filter (50 Hz) were applied to extract the signal of interest and remove power
line noise. Subsequently, data was segmented into epochs (i.e., trials) from O to 5000 ms af-
ter the start of each trial. With this segmentation, data from one second before (ISI) and one
second after each video were taken into account. Each trial was baseline corrected by remov-
ing the values averaged over a period of 1000 ms (from O to 1000 ms after the trial started,
i.e., the ISI). After visual inspection, trials affected by prominent artifacts (i.e., major muscle
movement and electric artifacts) were removed, and bad channels were deleted, (however its
values are spherically interpolated using ICA so that, effectively, the number of electrodes is
always the same across all the different participants). The signal was referenced to the com-
mon average of all electrodes [96], and independent component analysis (ICA) was applied
to remove the remaining artifacts related to eye-blinks, eye movements, and heartbeat. After
removing the remaining artifacts, noisy channels were spatially interpolated: at the end of

this stage, a total number of 5339 EEG recordings was obtained.

3.4 Baseline experiments for the different data modalities

In this Section, we provide the baseline experiments for action classification either using
EEG or video data modality (or a multi-modal fusion of the two). Additional technical and

implementations details are provided in Appendix 3.7.1.
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3.4.1 Baseline methods for EEG sequences

We adopted several alternative descriptors to encode EEG data for the sake of action recog-
nition. First, we exploited two descriptors for a frequency-response analysis, based on Fast
Fourier Transform (FFT) or Differential Entropy (DE) [97], respectively. For FFT, we com-
pute the magnitude of real and imaginary part of Fourier coefficients. Then, we averaged
over 4 classical frequency bands of interest: theta (5-7 Hz), alpha (8-13 Hz), beta (14-30
Hz) and gamma (31-60 Hz). For DE, we applied a band-pass filter in correspondence of
any of the prior frequency bands. Subsequently, we inversely map the filtered signal in the
temporal domain. As shown in [97], the DE of the resulting signal can be estimated by the

logarithm of its temporal variance.

We also adopted a time-frequency response analysis by computing Morlet Wavelet co-
efficients on different frequency bands (theta, alpha, beta and gamma), where the temporal
window is the one in which the video is shown to the subject. For either FFT, DE or Wavelet
encoding, we performed a preliminary baseline removal stage in which we computed the
temporal average of the representation between -700ms and -100ms before the actual start of
the video. Such temporal average is then subtracted to normalize the descriptors used for the

classification stage based on a linear support vector machine.

As an alternative class of feature encodings, we also explored the usage of feature learning
algorithms, to directly learn representations from the data to be used for classification. In
order to capture temporal dependencies within EEG data, we took advantage of a recurrent
neural network with long-short term memory units (LSTM) [98]. In addition to a vanilla
LSTM model, we also explored two variants. In the first one, a two branched network is
used: one branch is composed by a (vanilla) LSTM, the other one is designed as a deep
network performing stacked temporal convolutions. At the end, the decisions of the two
branches are merged [99]. In the second variant, the previous two-branched LSTM model is

added with an attention module [99]. Refere to Fig. 3.8 in Appendix 3.7.1 for further details.

As an alternative to recurrent network, we also exploited temporal convolutions in a stan-
dalone fashion. As a vanilla convolutional Neural Network (CNN), we employed the ar-
chitecture inspired by [100]. Fed with raw data, the model performs convolutions across
channels followed by convolution in time before feeding a softmax classifier. In addition, we
also explored a variant in which raw EEG data are reshaped into a RGB image using theta,
alpha and beta frequency bands as red, green and blue color channels, respectively [49]. On
top of such representation, we fine-tuned a ResNet-50 model (pre-trained on ImageNet) for
the final classification stage. Along the line of feeding an artificial neural network with pre-

computed EEG features, we also report the performance of a multi-layer perceptron (MLP)
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Table 3.2: Performance of hand-crafted features for EEG classification.
theta alpha beta gamma
FFT | 12.06% 13.03% 12.81% 12.66%
DE | 13.78% 13.93% 22.62% 28.16%
Wavelet | 10.94% 1191% 1513% 11.16%

fed with DE features [

Table 3.3: Performance of learnable features for EEG classification.

vanilla LSTM | 16.78%

two-branched LSTM | 27.04%
two-branched LSTM + attention | 28.01%
vanilla CNN | 21.80%

EEG images + ResNet-50 | 33.56%

DE + MLP | 39.78%

]. The classification performance of this baseline EEG model are

reported in Tab. 3.2 and 3.3.

Discussion. When considering hand-crafted features for action recognition, the perfor-
mance of FFT, DE and Wavelet increases towards higher frequency bands (that is, when
ranging from theta to gamma). On alpha, beta and gamma bands, frequency-response de-
scriptors (FFT and DE) improve the time-frequency-response (Wavelet). On beta, DE is
still the best descriptor, while Wavelet improves FFT. In all cases, for each frequency band
and descriptor, random chance (10%) is significantly improved, and the best classification

performance achieved is given by DE features on gamma bands: 28.16%.

An analysis of the performance of EEG images. As proposed in [49], EEG images are
an effective strategy to cast EEG input data into colored images (by converting theta, alpha
and beta frequency band into the R, G and B color channels of an image - see Appendix
3.7.1 for additional implementation and technical details). Once EEG data is casted into
image-like input stream, convolutional neural networks can be adopted, such as ResNet-50.
In this paragraph, we are interested in analyzing the performance of this model in terms of

confusability of similar action classes among each others.

We provide the Receiving Operator Characteristic (ROC) curves by computing the related
area under it (AUC). To do so, we extract the softmax scores from our model trained on
EEG images, we compare the scores with which any of the test videos from our dataset is
associated by the model to each of the categories, while also having access to the ground
truth label. The ROC curves, for each of the 10 classes of our dataset, and the relative AUC
values are reported in Fig. 3.2. These indicators are useful in spotting which actions are
easier/harder to recognize in absolute terms: fighting seems the easier one (AUC = 85.49%),
together with kissing (83.02%). Actions such as flying, hugging, running, shooting, surfing

or throwing are “intermediate” since their respective AUC is above 70%. Even, for the most
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Figure 3.2: Receiving Operator Characteristic (ROC) curve and the relative area under it
(AUC), relative to the ResNet-50 model fed with EEG images (see Tab. 3.3).
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Figure 3.3: Confusion matrix related to the ResNet-50 model trained on EEG images (EEG
images + ResNet-50, as in Tab. 3.3). Actual classes are listed by rows, while predictions are
displayed by columns.

difficult actions (walking - AUC = 69.44% and cooking - AUC = 63.89% ), the classification
scores are still reliable enough to certify that the task of recognizing implicit actions from

video can be tackled and solved with a sufficient degree of success.

Global statistics of the classification performance can be found in Fig. 3.3 to compare
the predictions made by the EEG images + ResNet50 models with the ground truth. As
expectable, actions such as kissing and hugging have a high chance to be confused since
both of them imply close physical interaction between two human agents and therefore the
visual cues which will help in implicitly referring to these two actions are highly overlapping
between each others. Similarly, walking and running are confused for the very same reason:

the most likely visual cue that helps in disambiguating this couple of actions is the execution
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Figure 3.4: Comparison of confusion matrices obtained using two different computational
approaches. Left: DE+MLP, a multi-layer perceptron (MLP) fed with differential entropy
(DE) features (left). Right: the attention-based LSTM neural network proposed by [Karim
et al. 2018]. In both cases (left and right), we list ground truth (actual) classes by row and
predictions by columns.

speed and it may be actually subjective in the way a running/walking action is implicitly
referred in a video. Flying and throwing are sometimes confused between each others and
this is understandable from the fact that they both refer to the case in which something is
displacing “in the air”. In all other cases, the remaining actions are quite well classified, as
another evidence for the fact that EEG is a reliable data modality for the sake of recognizing

actions, even when they are only implicitly referred in a video and not explicitly visualized.

A comparison between MLP and LSTM. For the sake of comparing different archi-
tectural design applied to EEG data, we provide an in-depth analysis on the classifiication
performance of two different models: the multi-layer perceptron (MLP) fed with differen-
tial entropy features (DE) and the recurrent neural network with Long-Short Term Memory
(LSTM) units and attention mechanism. With respect to the aforementioned models, we pro-
vide the respective confusion matrices in Fig. 3.4. While comparing MLP and LSTM, we
cannot see a clear difference in the way actions are confused by the two alternative models:
action pairs such as hugging versus kissing or walking versus running are highly confusable
(and this is quite understandable). Obviously, the confusion matrix relative to the MLP is
more “diagonal”: actions such as throwing or flying are better classified if compared to the
LSTM counterpart. Overall this translates into a superior classification score achieved by the
MLP: 39.78% versus 28.01%, which is achieved by the (see Tab. 3.3).

Although the LSTM model, by design, is suited to capture the dynamics of an action,
the MLP has been endowed by this capability after the usage of differential entropy (DE)
features. In fact, DE features are accounting for second order residuals of entropy in time and
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are therefore encoding the kinematics in an alternative manner to recurrent networks. Among
these two alternative strategies of encoding the temporal extent of an action, the MLP seems
more effective and this can be explained in technical reasons: the adopted LSTM model, due
to the plug-in of the attention mechanism, has a bigger number of parameters if compared
to the simpler MLP classifier which seems to show superior generalization capabilities by

better preventing overfitting.

3.4.2 Baseline methods for video footages

We took advantage of dense trajectories [101] to extract local spatio-temporal histogram
features (HOG, HOF and MBHx/y). These features were pooled by means of bag of features
(1000 codewords), ultimately producing a vectorial representation of the video footage for a

subsequent SVM classification.

We also took advantage of deep learning-based action recognition methods using video.
Precisely, we sampled 5 frames from each video, feeding them to a CNN designed for image
classification (ResNet-50): the final prediction on video is done by averaging the prediction

on the sampled frames [16].

Further, we exploited Temporal Relation Network (TRN) [1], which is a recent action
recognition method devised to simultaneously model several short and long range temporal
relations between sparsely sampled frames. Given a video V', composed of n selected ordered

frames f1, fa, ..., fn, 2-frame temporal relations 75 (V") are defined as

(V) =hP (" a5 (£, 7))

i<j

and 3-frame temporal relations as

(V) =P (S g (i £ ).

i<j<3

Analogous definition can be expressed for longer-term temporal relationships 7y (V), ...,
Tn (V). In the previous formulz, f; is extracted features of 7! frame and hé)d) and g(gd) are a
single-hidden layer neural network. The overall optimization objective £ for the video V is
LV)=To(V)+T5(V)...+ Tn(V) which is optimized via gradient descent with respect to
the parameters of the networks hé)d) and géd), d=1,...,N. In our experiments using TRN
model, we adopted the BN-Inception model [ 102] pre-trained on ImageNet to extract frame-
level feature f;. Also, the hyper-parameter [V in equation L is selected using prescribed
valused in [1], alternatively fixing to N = 4 and N = 8§ to capture medium and long term

dependencies in time. Default training strategies of batch normalization and dropout after
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Table 3.4: Performance for video classification: 7 denotes hand-crafted features, while ¢ refers to
methods based on feature learning.

Dense Trajectories: HOG | 18.64%
Dense Trajectories: HOF | 16.95%

h Dense Trajectories: MBHx | 23.33%
Dense Trajectories: MBHy | 26.67%
ResNet-50 | 29.33%

¢ TRN (V. =4) | 28.30%

TRN (V. =8) | 31.70%
TSM | 42.33%

global pooling are used.

We also adopted temporal shift models (TSM) [2] in which standard convolutional neu-
ral network baseline architectures (here, ResNet-50) are extended to handle temporal data.
This is done by considering frame-wise 2D convolutions along with 1D temporal convolu-
tion among temporal shifted version of the input video across time frames. For instance,
given an input video of frames I; indexed over a timestamp ¢, in addition to 2D convolutions
acting on [I; for each t in parallel, temporal shift models also compute a 1D temporal shifted
convolutions according to the formula wyl;—; + woly + wsl;11 in the case of a temporal
kernel of length 3. Note that the weights of the temporal kernel for shifted convolutions are

shared across different shifted version of the input video.

Discussion. Among the hand-crafted histogram features that we considered, MBHx and
MBHy resulted in a superior performance with respect to HOG and HOF: this is understand-
able for the fact that, by design MBHx and MBHy are more robust towards camera motion
and are therefore more effective in handling real-world videos as the ones from Moments in
Time database. The performance of hand-crafted representation (extracted through dense tra-
jectories) is inferior with the one provided by methods that rely on deep learning. And, among
deep-learning based methods, TRN and, especially, TSM provided a better performance with

respect to ResNet-50 processing frames, with or without the additional fine-tuning stage.

3.4.3 Baseline for Fusion Methods

Different data modalities usually carry complementary information, which can be exploited
with various fusion frameworks. Early fusion approaches combine the two modalities at
the level of the feature representations and embeddings, separately computed out of each
modality. However, given the very different nature of raw EEG and Video data, late fusion

found to be a more reasonable choice, as it combines higher-level refined information.

By design, our dataset couples one video instance with the EEG signals gathered from the

many subjects who watched the action video. This means that, depending on the task, we can
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Table 3.5: Performance of the fusion methods

Kernel Fusion | 46.14%
Fusion of Logits | 45.47%

have two different fusion setups: if the task is the classification of EEG signals, than we can
fuse the corresponding video information for each EEG instance. On the other hand, if the
task is video classification, we have multiple EEG instances that can be fused with each video

instance. We focus here on the former scheme, while dedicating section 3.5 to the latter.

First, inspired by [103], we adopted a kernel fusion approach in which we considered
MBHx and MBHy features (encoded with Bag of Features ) extracted with dense trajectories,
the hidden representation of the MLP fed with DE features and the feature vector produced
by the last average pooling layer of ResNet 50 fed with EEG images. For each feature, we
computed a linear kernel and the resulting Gram matrices are averaged and fed to a support

vector machine for classification.

We also explored a late fusion of logits [104]: we selected the best video model (TRN)
and the best model for EEG (MLP fed with DE features). In each model, the input vector
to a softmax operator is extracted, averaged together and the final classification performance
is computed by arg-maxing over it. The performance of the fusion baseline is reported in
Tab. 3.5.

Discussion. When using kernel fusion, hand crafted features perform almost on par to
the feature learning scheme in which high level decision functions of neural network are
combined (through the averaging of logits of TRN and the MLP fed with DE features). With
respect to the best performance achieved when processing video data (which is the fine-tuned
TRN model), kernel fusion improves by +11.14% and the averaging of logits by +10.47%.
Also, with respect to the best performance scored when processing EEG data (Tab. 3.3, DE
+ MLP), kernel fusion improves by +6.36% and the averaging of logits by +5.69%.

3.5 Subjects’ consensus

We want to go beyond the simple perception of action and we are now considering a higher-
level task, attempting to investigate the process of recognizing actions that are not explicitly
visualized, but implied only. In this Section, we propose a computational method to solve

our targeted goal.

Let us start from the following observation. Since we are tackling the problem of recog-
nizing activities which are implied from video footages, and not explicitly displayed in them,

we must assume that our EEGs will codify a certain degree of subjective interpretation. The
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latter is related to the fact that, while processing a given footage, each subject will compare
it with his/her mental concept for that action. So, it may happen that, for a given subject,
his/her mental idea of “f1ying” will be closer to the one of a bird/airplane flying, whereas,
for another one, it can be that he/she is closer in reasoning towards a centric-view of the
panorama visible from an airplane window. This will translate into EEG recordings which
codify for that subjective traits, ultimately hiding the class-related patterns which are directly

related to the activities that we are interested to recognize.

In other words, each subject has his/her own biases in understanding activities and, by
design, such biases will be captured in EEG signals captured when showing Moments in
Time videos to the participants. The fact that, in those video, the action is not explicitly
displayed, but simply implied, will cause EEG signals not just to reflect the perception task
of visually parsing the video which has been given as stimulus. Differently, in those EEG
signals, we are going to capture the mental processes which lead to understanding to which
extent the video matches the subjects’ personal concept related to a given action. Clearly, the
how much a footage is exemplifying a certain activities is expected change across subjects:
fireworks ascending the sky may or may not be recognized as truly prototypical for flying.
This depends upon the subject who is watching the video and reasoning on it. But, we can
observe an important aspect. Despite a video of fireworks may not be strictly related to
“flying” for some individuals, still, the same video will be definitely not categorized as an
instance of a “cooking” activity from any subject. That is, although subjects may disagree on

what is prototypical for a given action, we expect them to agree on what is not.

Leveraging this observation, we want to build a computational method which is capable
of taking into account several “opinions” about actions’ concepts, in order to achieve a more
robust action recognition models. As a specific computational method to take advantage of
such observation, we propose subjects’ consensus in which we consider several action clas-
sifiers, each trained on a specific subject. We show that, when averaging the predictions of
those classifiers, the combined decision score shows a form of consensus in which erroneous
predictions are cancelled out as long as one increases the number of subjects utilized. Re-
markably this happens for testing videos, which were never seen from any of the merged
classifiers during training. As a consequence, errors’ cancellation translates into sharper
predictions for the correct class which, ultimately, yields to a better testing classification

accuracy.

Implementation details. We implemented subjects’ consensus by considering the base-
line EEG model consisting in DE features fed into a multi-layer perceptron. In particular,
we took advantage of the logits of that model (that is, the vectorial representation which

is normalized into a probability density by applying a softmax operator). When a specific
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Figure 3.6: Receiver Operating Characteristic (ROC) curve related to the softmax scores
of the multi-layer perceptron (MLP) trained with differential entropy features. We directly
compare the performance, in EEG classification, of the model without model consensus (fop
pane) with the regularizing effect of subjects’ consensus (bottom pane) which improves the
action recognition for the video modality.

video footage needs to be classified, we considered all the subjects to which that footage was
presented as stimulus during the database acquisition. In order to classify such footage we
compute the logits of the DE + MLP which processes all the available EEG recordings (be-
longing to different subjects) corresponding to that footage. Afterwards, we average the logits
and apply softmax for visualization purpose. In fact, such operation produces a probability
density, indexed over the selected 10 classes, showing the most likely prediction according

to the model. The effect of subjects’ consensus are shown in Fig. 3.5 and Fig. 3.7.

Discussion. In Fig. 3.5, we consider two fixed testing footages, belonging to the ground
truth class of surfing (top) or shooting (bottom). We then visualize the softmax vector which

provides the normalize probability of a video belonging to the 10 classes considered in our
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Figure 3.7: Quantitative performance of subjects’ consensus (SC). Blue bars correspond to
the performance of a DE+MLP (see Sec. 3.4) model trained on EEG data: the final classifi-
cation is done by averaging the softmax prediction over a different number of subjects. Red
bars report the performance of a fused approach in which the averaged prediction over EEG
data are furthermore averaged with the prediction of the TRN [1] and TSM [2] architectures
trained on video. In this figure, the selected video was not used during training, being there-
fore never seen before from any of the subject-specific predictions that are averaged. Best
viewed in colors.

study (the probability corresponding to the ground truth class is highlighted in green). We
ablate on what happens if we fix the testing video and we average the softmax predictions
across a varying number of subjects who saw the video during the experimental acquisition.
Therefore, when considering one subject only, we are exactly considering the prediction of
the DE+MLP model reported in Tab. 3.3, where that model performs inference considering
one subject at the time. Differently, when adding several subjects in the averaging of softmax
predictions, we are tacking into account several different opinions. Computationally, this
translates into sharper softmax predictions, which are more peaked on the ground truth class

as long as we increase the number of subject.

The previous trend is quantitatively confirmed by Fig. 3.7 in which we evaluate the video
testing accuracy of subjects’ consensus, again with a variable number of subjects employed
for averaging. With respect to the baseline methods reported in Sec. 3.4, let us stress a
key difference: we are evaluating a video action recognition performance. But, to do so,
we are using the predictions of models trained over EEG data and then averaged across
all subjects who saw the specific test video considered. Therefore, strictly speaking, such
performance is not directly comparable with the baseline models in Sec. 3.4. In any case,

it is interesting to see that the consensus among subjects is effectively capable of sharply
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improving the performance, so that the more subjects we consider, the better the performance.
Therefore, the effect of the subjects’ consensus keep raising while adding subjects up to 10.
Afterwards, we register a sort of plateau in which the performance stabilizes, although, in
absolute terms, the best performance is obtained by considering all the subjects. In Fig. 3.7,
we also report the performance of the logits produced by subjects’ consensus and fused with
the predictions obtained from a TRN/TSM model trained with video data. The effect of
such multi-modal fusion is represented by the red bars: as one can see, similarly to the case
of subjects’ consensus alone, accuracy improves when increasing the number of subjects
considered for fusing logits. Also, when fixing the number of subjects whose predictions
over EEG data are averaged, adding videos to EEG data is helpful to gain in performance.
Interestingly, when considering all available subjects that watched a given footage, which
is 25 at maximum', the subjects consensus leads to a superior classification accuracy when
using EEG alone if compared to the combination of EEG and videos. Although this may
appear counter-intuitive at a first glance, this seems a consequence of the difficulty of the
selected video footages. In fact, since the videos do not explicitly display an action, but
simply refer to it implicitly, when the subjects’ consensus reaches its optimal performance in
cancelling out subjects’ biases, it is better to rely on EEG as opposed to videos. In fact, the
concept related to the ground truth action to be classified has been unveiled through subjects’

consensus in the EEG, while the same remains hidden in the videos.

To better understand the effect of subjects’ consensus, we provide an evaluation of its
effectiveness when combined to the DE + MLP model (Tab. 3.3) by means of the area un-
der the curve for the Receiver Operating Characteristic (ROC) curve. As visible in Fig. 3.6,
with respect to a baseline DE+MLP model trained to perform action recognition from video,
the subject consensus is almost always able to raise the AUC since leveraging the consensus
that different subjects seem to exhibit when visually stimulated using the very same video
footage. In fact for the class hugging, we get a +16.1% absolute improvement in the value
of the AUC of the ROC and similar improvements were observed for other classes as well:
+16.25% for kissing, +11.43% for walking, +16.34% for fighting, +10.25% for running,
+18.54% for cooking, +12.99% for throwing and +16.49%. In only two cases we get either a
small improvement (+1.66% for surfing) and in the case of shooting we drop in performance
(-4.94% for shooting): despite of this exceptions, the trend is that the subject consensus is
able to improve the performance over a baseline EEG recognition pipeline without requiring
computational changes to the model but simply aggregating different predictions correspond-

ing to different subjects looking at the same video clip.

In shed of the previous considerations, we are interested in leveraging EEG as a source of

'As we explained in Sec. 3.3, we divided the available subjects (50) into two lists, showing to each of them
half of the videos.
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Table 3.6: Temporal Relation Networks (TRN) [1] with subjects’ consensus as privileged informa-
tion. Testing classification accuracies are reported with mean and standard deviation over 5 different

runs.
A=0.25 A =0.50 A=0.75 A =1.00
T Acc Std Acc Std Acc Std Acc Std
1 30.00% 2.35% 32.67% 2.53% 32.34% 1.49% 34.33% 3.84%
2 31.67% 2.04% 3333% 1.18% 33.33% 2.04% 31.67% 4.72%
5 33.33% 2.64% 34.33% 1.49% 34.67% 2.17% 3533% 2.47%
10 33.00% 2.17% 35.67% 1.49% 34.67% 2.74% 31.67% 3.12%
20 3333% 2.36% 31.67% 1.18% 32.67% 091% 22.00% 1.82%
50 33.33% 2.64% 32.33% 091% 34.33% 091% 10.33% 0.75%

Table 3.7: Temporal Shift Models (TSM) [2] with subjects’ consensus as privileged information.
Testing classification accuracies are reported with mean and standard deviation over 5 different runs.
A=0.25 A =0.50 A=0.75 A =1.00
Acc Std Acc Std Acc Std Acc Std
4333% 1.66% 43.00% 1.39% 42.33% 1.90% 42.66% 0.91%
43.66% 1.39% 43.00% 1.39% 40.66% 2.23% 42.99% 0.74%
40.66%  1.90% 36.33% 1.39% 33.00% 1.39% 23.66% 6.49%
10 38.99% 0.91% 32.33% 091% 30.33% 1.39% 22.66% 3.83%
20 38.00% 1.39% 31.33% 1.39% 27.00% 0.74% 19.66% 1.82%
50 37.66% 0.91% 31.00% 0.91% 27.66% 091% 15.66% 0.91%

(G20 I

privileged information [12] to boost video classification, as we will show in the next Section.

3.5.1 Subjects’ consensus as privileged information

As data modality, EEG needs a specific acquisition setup to be acquired, and, if compared
to videos, its portability is clearly inferior. Still, through the potentialities of EEG we are
interested in learning an action recognition model (jointly trained on video and EEG) and
then being able to deploy such a model in situations where EEG is not available within input

data. So, our model will be trained on EEG+video, but tested on video data only.

The previous requirements can be framed in the context of learning with privileged infor-
mation [12]. Specifically, within the task of predicting y; given z;, ¢ = 1, ..., n, privileged
information leverages additional information ac; about the example (z;,y;). In our case, x;
will correspond to a video footage, while x/ will represent an EEG recording of a given

subjects watching the same footage as stimulus.

In order to circumvent the usage of EEG data for inference, we exploit the generalized
distillation framework [12, 56, 57] by first training a teacher model f; to perform action
classification on EEG data . Second, we compute the predictions s; = o (f¢(«})/T) using
a temperature parameter 7' in order to have a smoothing effect and enhance commonalities

and differences between classes to be discriminated - this is the true potentiality of soft labels
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[12]. Then, we train a student model f, using video data only, by minimizing the loss
1 n
- D (= Niys, o (f (@) + M(si, 0 (f ()], 3.1
i=1

where the imitation factor A € [0, 1] controls the balance between predicted soft labels s; and

ground truth hard annotations ;.

The results of using subjects’ consensus as privileged information are reported in Tab. 3.6
and 3.7. Therein, we provide the test accuracy averaged over 5 different runs of the same
model, also showing the corresponding standard deviation. We also ablate on different
choices of T" and A. Results reveal that privileged with parameter A = 0.5 and 1" = 10 offers
an improved accuracy of 35.67% as compared to 31.70% accuracy with TRN alone (Tab. 3.4).
Similarly, the baseline performance of TSM (42.33%) is improved by + 1.33% in the case
A =0.25and T' = 2, reaching 43.66%.

3.6 Discussion, Summary & Future Work

In this study, we investigate the problem of understanding actions’ concepts, a new applica-
tion of EEG data, for which higher level cognitive task is investigated with respect to prior
work [83, 84, 87, 86, 51, 88, 89, 90, 91]. In particular, we attempted to go beyond the anal-
ysis of mental processes which pertain to decoding what individuals see in a video stimulus.
Rather, we aim at decoding what the video stimulus means for the subject. Experimentally,
we did this by stimulating a pool of 50 subjects through a selection of videos from the Mo-
ments in Time dataset [16]. The peculiarity of the selected videos is that they are designed
for action recognition in a setup where an action is not always explicitly visualized, being
only implied (as illustrated in Fig. 3.1). We claim that EEG can go beyond the bare ap-
pearance of the stimulus, conveying useful discriminative patterns for the classification of
some high level concepts (in this case, related to actions), even if the aforementioned con-
cept is not explicitly visualized but only (vaguely) implied. Therefore, we can understand
actions’ concepts from EEG data which are captured from subjects visually stimulated using
the aforementioned videos. In fact, an effective video classification is possible only if we are
able to decode which are the mental processes that are elicited in a subject who is reasoning

about how the selected footage is prototypical for the ground-truth class.

We presented a broad class of experimental baselines in which we employed state-of-the-
art algorithms to assess the performance on action recognition when either using EEG/video
footages separately, a fusion of the two, or the EEG as a privileged information to boost video

classification. A summary of the best results achieved by means of different setups in avail-
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Table 3.8: Highlights of the best achieved performance scored over EEG and video, when used as
single data modality, while also including the combination of EEG and video (denoted by “fusion”).
We also provide the boost in performance of TRN [1] and TSM [2] state-of-the-art computer vision
models achieved from subjects’ consensus over a video-only baseline.

EEG only videoonly  fusion subjects’ consensus

TRN: 31.70% — 35.67%
39.78% 31.70%  46.14% TSM: 42 33% —s 43.66%

able in Tab. 3.8. As one can notice, the performance on the separated modalities (EEG and
video) considered alone is almost balanced. On the one hand, we have an evidence for the
fact that concept understanding from EEG is feasible since we can significantly improve ran-
dom chance performance (which is 10%) using EEG only. In absolute terms, the performance
registered from video-based methods is inferior to the one of EEG-based methods: this is an
evidence for the fact that EEG is a data modality that can go beyond the visual appearance
of visual stimuli, showing that it is capable of supporting more elaborated mental processes
related to decoding concepts hidden behind appearance. Furthermore, EEG and video con-
tain complementary information, as proved by the increase in performance obtained through
fusion. Finally, by using the EEG in the form of privileged information, we can furthermore

boost video classification by around 4%.

As the most interesting consequence of our findings, we discovered that there exists an
inter-subject agreement in how an implied action is decoded from a video footage. We proved
that such subject consensus is capable of acting as a sort of model ensemble [55, 56, 57] at
the level of classification scores derived from EEG data (using the described DE + MLP
architecture - see Sec. 3.4). By averaging the classification scores obtained through increas-
ingly adding the number of subjects, we obtain a sharper prediction in correspondence to
the correct classes, while mis-classification errors are mitigated (Fig. 3.5). This suggests the
intriguing perspective that, while taking into account the action representation of multiple
subjects, there is a certain level of agreement on the mental processes related to concept
understanding, which goes beyond the subjective evaluation of judging how much a certain
footage is truly exemplifying a given action. Computationally, this translates into a privi-
leged information which enhances the performance of computer vision model which rely on
video only: we improved the action recognition performance of Temporal Relation Networks
(TRN [1]) by +3.97% and the one of Temporal Shift Models (TSM [2]) by +1.33% by means

of subjects’ consensus.

The proposed dataset and current study open to a variety of future works. First of all,
the design of novel and more advance pipelines to exploit the discovered subjects’ consen-
sus within a privileged information framework or the more general possibility of creating

brain-inspired action recognition methods considering EEG as an ancillary data modality.
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In addition to already discussed possibility of decoding actions’ concept from brain signals
captured by EEG, we can attempt to regress EEG data from video, providing a generative
approach to reconstruct the mental imagery of a given participants when processing a stim-
ulus. The availability of EEG data related to videos depicting action concepts would open
towards novel research directions, aiming at comparing whether understanding an action’s
concept is equally easy for both human beings and computational models. Finally, the intrin-
sic multi-modal nature of the dataset opens to research towards in hallucinating one modality
from the other [105], while also exploiting the pairing of EEG and video in self-supervised

[106] learning frameworks.
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3.7 Appendix

3.7.1 Technical and implementation details about the EEG, video and fusion
baseline methods

1. Methods for EEG classification, hand-crafted features (Tab. 3.2).

Let us define x; as a vector concatenating the registered electrical activity of the brain,
at a given timestamp ¢ in correspondence of all the electrodes (™) mounted on the scalp.
Over a total of 64 channels, VEOG and HEOG are removed as it is usually performed in
related studies to get rid of ocular artifacts. Therefore, x; = [:cgl), e xin), . .:c§62)] € R%2
foreacht = 1,...,750 since 750 is the number of timestamps (250 timestamps per second
are acquired, each video of MiT dataset is 3 seconds in temporal length). To perform data
normalization, each acquired sequence is normalized performing a linear scaling of the range

of variability of each channel into the range [—1, 1].

We then compute the Fast Fourier Transform (FFT) {z;}, of the sequence {x;}; per-

forming the following computation for each channel:

<n>_§% (n) _g.p. 2mi —1.....62 3.2)
a" =) wlep (st o), n=1,...,62 :
s=1

After computing FFT features, we extract the required frequency windows (theta 5-7 Hz,
alpha 8-13 Hz, beta 14-30 Hz, and gamma 31-60 Hz) using the Nyquist’s sampling theorem.

We concatenate across different channels and timestamps.

For the Wavelet transform, we took advantage of fieldtrip toolbox to compute the mixed
and induced power spectrum of Morelet Wavelet function in which we applied an absolute
baseline removal strategy in the time window [-900, -300] milliseconds before the video
starts. To control the number of cycles of the Wavelet function, we perform and adaptive
strategy in which we linearly scale the number of cycles (from 3.5 cycles at 2 Hz to 18 cycles
at 60 Hz). We downsample the temporal resolution of the input data by a factor of 3 before
computing the wavelet function and we perform zero-padding of the input signal by adding
0.2 secs before and 0.2 secs after it. Again, in correspondence to the selected frequencies of
interest, the cut of the computed features is done by using the well-known theory of Nyquist’s
sampling frequency, and we concatenate the obtained feature representation into a vectorial

embedding to represent each instance to be classified.

The entropy of a scalar probability density f supported over the Lebesgue measurable
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space & is given by
) == | fa)log(s(e)da (.3

and, in the assumption of f being distributed as a Gaussian of mean y and covariance o>

is easily computable through the formula

h(f ~N(u,0%)) = %log(%reaz). (3.4)

As showing in [Shi et al 2012], there is a linkage between the logarithm energy spectrum
and the differential entropy of a random variable, which allows us to estimate the differential
entropy for each of the component of the multivariate time-series x; encoding our EEG data.

In particular, for each channel - indexed by n - we compute the scalar value h,, given by

1 1 2Te
hy = = log(Py) + = log [ == 3.5
5 Lol )+20g<750> 3:2)
where
750 9
P, =Y &M, (3.6)
t=1

begin Z(™ the result of a bandpass filtering of the raw EEG data in correspondence to the

frequency window of interest of our theta, alpha, beta or gamma.

For either FFT, DE or Wavelet encodings, we apply a zero-centering and a standardization
on each feature component. We then train a linear support vector machine (SVM) using the

[ibSVM library and the recommended default parameters choice.

2. Methods for EEG classification, learned features (Tab. 3.3).

We provide a more detailed description on the Neural Networks used in Tab. 3.3 to
learn features from EEG data: the vanilla CNN, vanilla LSTM and two-branch LSTM (with
attention). We provide a visualization of their connectivity graph, together with the size of
the learnable parameters and othe specs: check Fig. 3.8. In all cases, the input data is shaped
as 62 x 750 matrix: 62 is the number of channels (once HEOG and VEOG are removed) and
750 are the timestamps, corresponding to the acquisition time. The long-short term memory
unit (LSTM) are paired with the number of hidden neurons inside the recurrent network. For
the 2D convolutions, we report in brackets a triplet (h, w, n) providing height h and weight w
of the kernels adopted, together with their number n. In the case of 1D temporal convolutions,

the size of the filters is the very same of the 2D ones, but with the crucial difference that

46


https://www.csie.ntu.edu.tw/~cjlin/libsvm/

Vanilla CNN  Vanilla LSTM Two-branch LSTM (with attention)
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Figure 3.8: Visualization of the architectures used in to learn features from EEG data (check
Tab. 3.3).

those filters are applied across timestamps (and not slided over a single frame as in 2D conv).
Dropout layers are paired with the value of the retain probability p defined such that 1 — p is
the dropout rate, that is, the probability of dropping a unit with the usual Bernoulli sampling
as recommended in the original dropout implementation. Rectified Linear Units (ReLU)
are occasionally adopted as non-linearity and eventually paired with batch normalization
(BN). For the max-pooling operator in the Vanilla CNN, we only perform pooling in time
(stride = 50), while doing nothing on the EEG channels. For additional details of the global
pooling layer or the (optional) attention module of the two-branch LSTM, please refer to the
paper by [Karim et al. 2018]. The “cat” module in the two-branch LSTM (with attention)
stands for a concatenation operation. All three networks have a softmax classifier which are
responsible for the final action recognition stage: we did not explicitly visualize the weights
of the classifier which are nevertheless still applied to cast a vectorial embedding (produced
by the previous layer) into a vector v whose size is equal to the number of classes (in our
case, 10). The same vector v is fed to a softmax operator and casted into a probability vector

over the classes to be recognized.

In order to create the EEG images, Fast Fourier Transform (FFT) is performed on the
time series for each trial to estimate the power spectrum of the signal and the three frequency
bands of theta (4-7Hz), alpha (8-13Hz), and beta (13-30Hz) are selected. Sum of squared
absolute values within each of the three frequency bands was computed and used as sep-
arate measurement for each electrode. The resulting measurements are actedin into a 2D
image to preserve the spatial structure, while using multiple color channels to represent the
spectral dimension. To do so, first, the location of electrodes is projected from a 3D space
onto a 2D surface using the Polar Projection. Width and height of the image represent the

spatial distribution of activities over the cortex and the interpolation is applied to cope with
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the scattered power measurements over the scalp and for estimating the values in-between
the electrodes over a 32 x 32 planar square mesh (inducing the pixels). This procedure is
repeated for each frequency band of interest, resulting in three topographical activity maps
corresponding to each frequency band: red for theta, green for alpha and blue for beta. The
ResNet-50 architecture fed with EGG images is the model pre-trained on ImageNet. For the
MLP architecture, which is instead fed with differential entropy (DE) features, consists of a
hidden layer of size 248 with rectified linear units as non-linearities and dropout with rate
0.5.

3. Methods for video classification (Tab. 3.4).

For the sake of performing video-classification we either employed dense trajectories
(DT) [Wang & Schmid 2013], which are simply the most powerful hand-crafted descriptor
proposed before the deep learning breakthrough. Among the feature learning methods, we
applied Temporal Relation Network (TRN) [Zhou et al. 2018] and Temporal Shift Models
(TSM) [Lin et al. 2019]. As all the relevant details about TRN has been presented in the

main text, here, we will discuss only dense trajectories and TSM with extended details.

For the dense trajectories (DT), the idea is to take advantage of a spatio-temporal inter-
est point detector which is able to retrieve “corners” in space+time which should represent
voxel in which major dynamical variation happens: in the case of DT, those spatio-temporal
interest points are found from optical flow and they are tracked for a number L of consecutive
frames (we use the default parameter L. = 15). In correspondence of each of the previous
trajectories, a warped volume V is define so that the trajectory is always at the center of a ver-
tical slice of V itself (we exploit the default parameter to define the dimension of the slice).
From each volume V, several histogram features are computed: histograms of oriented gra-
dients (HOG), histograms of oriented optical flow (HOF) and motion boundary histograms
(MBH) which are particularly useful to handle cases in which the camera moves with re-
spect to the scene captured in the video (MBHx and MBHYy for either horizontal or vertical
displacement). For each of these class of histogram descriptors, many of them are extracted
from a single video footage: the aggregation process of them into a fixed vectorial embedding
with which the video can be represented is done by means of bag-of-words pooling (using a
dictionary of 1000 codewords extracted by means of K-means clustering, K = 1000). At
the end of this process, a x? kernelized SVM is trained and responsible for the final video

classification. To do so, we took advantage of [ibSVM library, using default parameters.

In temporal shift models, standard convolutional neural network baseline architectures
(here, we used ResNet 50 as in [Lin et al. 2019]) are extended to handle temporal data

by introducing, in addition to frame-wise 2D convolutions, 1D temporal convolution among
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temporal shifted version of the input video across time frames. For instance, given an input
video of frames I; indexed over a timestamps ¢, in addition to 2D convolutions acting on I;
for each ¢ in parallel, temporal shift models also compute a 1D temporal shifted convolutions
according to the formula wy I;—1 + wal; + w3141 in the case of a temporal kernel of length
3. Note that the weights of the temporal kernel for shifted convolutions are shared across

different shifted version of the input video.

4. Fusion methods for joint EEG and video classification (Tab. 3.5).

In the kernel fusion approach that we consider in this study, we took advantage of mul-
tiple Gram matrices, each of them computed from a single descriptor out of the many we
considered: the MBHx and MBHy features (encoded with Bag of Features ) extracted with
dense trajectories, the hidden representation of the MLP fed with DE features and the fea-
ture vector produced by the last average pooling layer of ResNet 50 fed with EEG images.
For each feature, we computed a linear kernel and the resulting Gram matrices are averaged
and fed to a support vector machine (SVM) for classification. To train this kernelized SVM

machine, we took advantage of libSVM library using default parameters.

We also explored a late fusion of logits: we selected the best video model (TSM) and
the best model for EEG (MLP fed with DE features). In each model, the input vector to a
softmax operator is extracted, averaged together and the final classification performance is

computed by arg-maxing over it.

3.7.2 Additional details on data acquisition

As we explain in Sec. 3.3, within each batch of videos showed to the participant, 3 of them
were “dummy”: during dummy videos the fixation cross (which, on “regular” video is lo-
cated at the center of the screen and white in color) becomes red. This should trigger the
participant’s response of pressing the spacebar: we monitored, not only that the spacebar was
pressed from any of the user after each dummy video, but we also monitored the reaction time
for this to happen: the results, available in Tab. 3.9, show that the participants were paying a
high attention to the visual stimuli so that the space bar was pressed in correspondence to a
dummy video for 94.53%48.48% of the time (on average) with an average response time of
1.20+0.89 seconds that occur after the video ends (and before the spacebar is pressed). We
therefore conclude that such a sharply correct execution of this attention task is capable of

guaranteeing that each participants paid a high level of attention to the visualized stimuli.

In addition to a careful acquisition stage, we also took advantage of an established pre-
processing technique to make sure that the EEG data convey data regarding the visual stimuli:

baseline removal. In order to explain why baseline removal can actually help in this respect,

49


https://www.csie.ntu.edu.tw/~cjlin/libsvm/

let us point out that one second of time passes after the class name is disclosed to the par-
ticipant and before the video start. Given our efforts in preserving the participant’s attention
towards the video screen, we conjecture that, during this second the participant is abstractly
thinking about the action’s category that will be soon displayed on the video. In other words,
in this first second, we are capturing the pure conceptual mental activity of each of the partic-
ipant when he/she abstractly imagine the class whose semantic label has been disclosed. We
use the average EEG activity related to this 1 second segment as the baseline that we adopt af-
terwards for the pre-processing. Mathematically, we subtract each element of the time series
corresponding to the EEG data concurrent to the video by this baseline: this means that we
remove the average neural activity related to an exclusive conceptual mentalization of a given
action class, so that, the residual EEG activity that results from this operation encapsulates

video-related visual activity, cleaned of category-related abstract thinking.
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Table 3.9: For each of the 50 participants (referred as S followed by a progressive number in the range {1, ..,50}), we report two quantitative
indicators to monitor their correct accomplishment of our adopted oddball-like task (fixation cross changing color). We report the accuracy with
which the space bar is pressed each time a dummy video is shown (“acc”), expressing such value as a percentage. We also provide the maximal
response time that was taken by each single subject to press the space bar, while considering all dummy videos he was shown (this value is
referred as “max;” and it is espressed in seconds. For a comprehensive evaluation, we provide also the average and the standard deviation for
the acc and max; values (in bold).

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10  S11
acc [%] | 100 100 100 100  80.00 100 100 86.67 100 86.67 93.33
max; [s] | 1.13 063 1.11 190 140 0.68 0.63 142 075 125 6.11

S12 S13 S14  S15 S16  S17 S18 S19  S20  S21 S22
acc [%] | 93.33 86.67 100 100 7333 100 66.67 86.67 100 100 100
max; [s] | 0.85 075 1.13 098 128 0.78 145 1.3 099 122 1.10

S23 S24 S25 S26 S27 S28 S29 S30  S31 S32 S33
acc[%] | 100 80.00 100 80.00 73.33 100 100 9333 100 100 100
max; [s] | 0.63 0.67 342 080 108 0.67 0.68 140 095 065 1.05

S34 S35 S36 S37 S38 S39 S40 S41  S42  S43 S44
acc [%] | 100 93.33 93.33 100 100 93.33 86.67 100 100 9333 100
maxy [s] | 0.65 225 065 138 085 077 0.75 0.67 077 130 0.72

S45 S46  S47 S48 549 S50 | AVG  std
acc [%] | 100 93.33 9333 100 100 100 | 94.53 +8.48
max; [s] | 1.00 218 125 157 088 129 | 1.20 +0.89
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