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Abstract—Recent emotion recognitionmodels, most of thembeing based on strongly supervised deep learning solutions, are rather

successful in recognizing instantaneous emotion expressions. However, when applied to continuous interactions, thesemodels show a

weaker adaptation to a person-specific and long-term emotion appraisal. In this article, we present an unsupervised neural framework that

improves emotion recognition by learning how to describe continuous affective behavior of individual persons. Our framework is composed

of three self-organizingmechanisms: (1) a recurrent growing layer to cluster general emotion expressions, (2) a set of associative layers,

acting as affectivememories tomodel specific emotional behavior of individual persons, (3) and an online learning layer which provides

contextual modeling of continuous emotion expressions.We propose different learning strategies to integrate all threemechanisms and to

improve the performance on arousal and valence recognition of theOMG-Emotion dataset.We evaluate our model with a series of

experiments ranging from ablation studies assessing the different contributions of each neural component to an objective comparisonwith

state-of-the-art solutions. The results from the evaluations show a good performance on emotion recognition of continuous emotions on

monologue videos. Furthermore, we discuss how themodel self-regulates the interplay between generalized and personalized emotion

perception and how this influences themodel’s reliability when recognizing unseen emotion expressions.

Index Terms—Emotion recognition, personalized emotion perception, online learning, unsupervised learning, continual learning

Ç

1 INTRODUCTION

ALTHOUGH it is widely accepted that basic emotional con-
cepts are perceived by different persons around the

world in a consistent manner [1], applying a computational
model able to recognize emotions in natural scenarios remains
a difficult task [2]. A major challenge identified by Cavallo
et al. [2] is that each person might express affect differently,
sometimes transitioning between several basic emotions in a
short time period to express a complex emotional state.
In addition, both understanding and display of emotion can
vary depending on the situation, the interaction partner and
even on the time of the day [3], [4]. In an attempt to create a
system able to recognize individual and continuous emotions,
several researchers defined more complex emotional states,
such as confusion, surprise, and concentration [5], [6], [7],
which increases the complexity of the recognitionmodels.

To deal with the newly introduced complexity, most of the
recent solutions on emotion recognition employ an extreme

generalization approach, usually based on end-to-end deep
learning techniques [8]. Suchmodels usually learn how to rep-
resent affective features from a large number of data samples,
using strongly supervised methods [9], [10], [11], [12]. As a
result, these models can extract audio-visual features from a
collection of different individuals, andmaximize the generali-
zation on emotion expression recognition. The development
of suchmodels was supported by the collection of several “in-
the-wild” datasets [13], [14], [15], [16] which provided large
amounts of strongly labelled data.

These datasets usually contain emotion expressions from
various web sources in the form of short instances ranging
from single frames to a few seconds of video material.
Because of the large availability of data to train with, the
performance of deep learning-based solutions provides the
state of the art achievements when benchmarked on these
datasets [17], [18], [19], [20]. When applied to real-world
problems, however, such deep learning models tend to per-
form poorly [21], [22]. In addition, most deep learning solu-
tions although capable of representing audio and visual
affect from a wide range of persons, can only categorize
simple representations of emotional display, such as posi-
tive or negative expressions [23], [24].

The most common cause of the poor performance on
real-world scenarios is the high dependence of such solu-
tions on learning the separation boundaries of the emotion
categories based on the examples of the training set [2], [25].
Emotion categories which have more examples in the train-
ing dataset will enforce a strong bias on the model learning.
Also, although most of these datasets contain millions of
examples, they are still much limited by providing short
instances of emotional expressions [26]. These models are
successful in recognizing short representations of emotions

� P. Barros is with the Cognitive Architecture for Collaborative Technologies
Unit (CONTACT), Italian Institute of Technology (IIT), 16132 Genova,
Italy. E-mail: pablo.alvesdebarros@iit.it.

� E. Barakova is with the Department of Industrial Design, Eindhoven Uni-
versity of Technology, 5612 AZ Eindhoven, The Netherlands.
E-mail: e.i.barakova@tue.nl.

� S. Wermter is with Knowledge Technology, Department of Informatics,
University of Hamburg, 20146 Hamburg, Germany.
E-mail: wermter@informatik.uni-hamburg.de.

Manuscript received 5 November 2019; revised 3 June 2020; accepted 4 June
2020. Date of publication 15 June 2020; date of current version 6 September
2022.
(Corresponding author: Pablo Barros.)
Recommended for acceptance by A. A. Salah.
Digital Object Identifier no. 10.1109/TAFFC.2020.3002657

IEEE TRANSACTIONS ON AFFECTIVE COMPUTING, VOL. 13, NO. 3, JULY-SEPTEMBER 2022 1349

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

https://orcid.org/0000-0002-6517-682X
https://orcid.org/0000-0002-6517-682X
https://orcid.org/0000-0002-6517-682X
https://orcid.org/0000-0002-6517-682X
https://orcid.org/0000-0002-6517-682X
https://orcid.org/0000-0001-5688-4878
https://orcid.org/0000-0001-5688-4878
https://orcid.org/0000-0001-5688-4878
https://orcid.org/0000-0001-5688-4878
https://orcid.org/0000-0001-5688-4878
https://orcid.org/0000-0003-1343-4775
https://orcid.org/0000-0003-1343-4775
https://orcid.org/0000-0003-1343-4775
https://orcid.org/0000-0003-1343-4775
https://orcid.org/0000-0003-1343-4775
mailto:pablo.alvesdebarros@iit.it
mailto:e.i.barakova@tue.nl
mailto:wermter@informatik.uni-hamburg.de


on the specific set of persons/situations which were present
in each of the training datasets [27]. As soon as a new
expression is perceived, or a person with characteristics that
were not well represented in the training set expresses an
emotion, these models tend to have a poor performance.

Recent neural models based on adversarial learning [28],
[29] overcame the necessity of strongly labelled data, how-
ever, they tend to need even more examples from different
persons, thus much more data points are needed. In a recent
work, we explored a similar approach for generating person-
alized emotion expressions [30]. Our model was successful in
using the generated data to predict arousal and valence, but
only on single images, which limits themodels’ application in
continual interactions. It also demanded an enormous train-
ing effort to optimize a large number of parameters in order to
stabilize the adversarial learning. Existing solutions address
the problem of continual learning in deep learning models by
introducing transfer learning techniques [21], [31], neural acti-
vation and data distribution regularization [32], [33], and the
unsupervised learning of affective features [34], [35]. Most of
these models present an improvement of performance when
evaluated on specific datasets, but maintain the same limita-
tions when applied to real-world scenarios, as the adaptation
process is expensive and slow, demanding many interactions
to learn newdata instances.

Previously, we proposed a developmental approach for
emotion expression recognition [36], [37] which addressed
the problem of online adaptation of emotional categories to
newly perceived expressions. This model implemented self-
organizing layers which create clusters of similar expressions
based on audio/visual characteristics extracted from a con-
volutional neural network. The model learned, online, how
to correlate newly perceived expressions with the learned
clusters, and how to create new clusters to represent new per-
ceived emotion expressions when needed. It achieved state-
of-the-art performance on recognizing instantaneous emotion
expressions by identifying to which cluster a newly perceived
expression belongs to, without the need to re-train the entire
convolutional neural network. One of the limitations of our
previous work was the pre-defined number of neurons and
the topological arrangement of the self-organizing network.
This constrained the number of emotion concepts the model
learned and created artificial relations on how the emotion
expressions were represented, which influenced its applica-
tion to unconstrained scenarios. Also, the neurons only
learned how to represent short instantaneous expressions,
which limited its application to natural scenarios and it did
not allow the model to adapt to the perceived expressions
while an interaction happens.

In this paper, we address the problem of learning adapt-
able emotional representations by focusing on improving
emotion recognition based on two characteristics: the univer-
sal generalization of human emotional expressions and the
individualization of affective understanding. A person can
express sadness by crying, screaming, or even smiling [38],
which makes it hard to be categorized in a computational
model. The diversity of emotion expressions becomes even
more complex when we take into consideration interpersonal
characteristics such as cultural background, personality, and
genetics [39]. Deep learning models have been shown to be
expert on providing generalization, and for representing these

characteristics of unknown persons. However, such models
have difficulty to adapt to the individualized characteristics
of a subject, as they rely on learning from multiple examples.
When humans already know a specific person, they can adapt
their own perception to how that specific person expresses
emotions [3]. The interplay between recognizing an individu-
al’s facial characteristics, i.e., how certain muscles in the face
are moved, mouth and eye positions, blushing intensity, and
clustering them into emotional states is one of the key points
formodeling a human-like emotion recognition system [40].

To alleviate the above-mentioned limitations, we propose
the Affective Memory Framework (AffMem), explained in
detail in Section 2, as an adaptable solution for recognition of
continuous emotional expressions. The AffMem builds on our
previous work by introducing an interplay between general
affective perception and the online learning of individualized
emotion characteristics. We extract affective features from
audio/visual expressions using a strongly pre-trained Cross-
Channel Convolutional Neural Network (CCCNN) [36],
which showed to represent multimodal affect reliably. Once
the extracted features have been dealt with, we address the
problems of end-to-end learning by providing a modular
mechanism which integrates three growing self-organizing
mechanisms. The first mechanism is theGeneral-GWR, which is
inspired by our previouswork [37] and implements a recurrent
Growing-When-Required network [41] that learns how to rep-
resent general emotion expressions using unsupervised clus-
tering of audio/visual characteristics. The second mechanism
implements a series of GWR networks, the affective memories, to
learn, online, how to cluster the audio/visual characteristics of
the expressions from a single person in order to learn specific
individualized relations between them. The third, and last
mechanism, the Mood, integrates both the General-GWR and
the affective memories into a continual learning stateful neural
network that represents perceived expressions.

In Section 3, we summarize our efforts to perform an objec-
tive evaluation of the proposed framework. We evaluate it
with two different sets of experiments: an ablation study,
which uses three different unisensory and multisensory emo-
tion expression datasets to assess the contribution of the pro-
posed individual neural mechanism, and an integrative
experiment to assess the framework’s performance on recog-
nizing continuous emotion expressions. During the experi-
ments, we also take into consideration the information flow of
the different neural mechanisms when recognizing longitudi-
nal emotion expressions. The results of these experiments,
presented in Section 3.3, show that our model outperforms
the current state-of-the-art models on continuous emotion
expression recognition.We, thus, present in Section 4 an over-
view of the different abstraction levels learned by the pro-
posed model, explaining how they contribute to the final
performance of the model. Finally, in Section 5, we conclude
that our model presents an improvement in continuous emo-
tion expression recognition models by providing an online
learning mechanism for modeling the interplay between gen-
eral and personalized affective behavior.

2 THEAFFECTIVEMEMORYFRAMEWORK (AFFMEM)

The Affective Memory Framework addresses the problem
of learning adaptable affective representations by proposing
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and integrating three mechanisms: first, it clusters the per-
ceived expressions into general emotional concepts with the
General-GWR; second, it learns online, and in parallel with
the General-GWR, how to cluster the specific characteristics
of the emotion expressions of individual persons into emo-
tional concepts using the affective memories; and third, it cre-
ates a continuous reading of arousal and valence which
integrates both generalized and personalized perception
through the Mood module. To represents multimodal emo-
tion expressions we use a pre-trained Cross-channel Convolu-
tional Neural Network. Fig. 1 illustrates the AffMem and its
process flow.

Each of the proposed neural modules addresses one indi-
vidual problem of emotion recognition. Together, they con-
tribute with a learning flow that balances the interplay
between generalized and personalized emotion perception
which results in a dynamic system that 1) represents multi-
sensory affect, 2) classifies general emotion expressions into
known clusters, 3) learns individualized emotion representa-
tions and 4) provides continuous emotion recognition.

2.1 Representing Affective Stimuli

The first necessary step to automatically process affective
stimuli is to find an appropriate represention. Our frame-
work provides such representation by pre-training the Face
Channel and the Auditory Channel of the Cross-channel Con-
volutional Neural Network [36]. The CCCNN, illustrated in
Fig. 2, implements single-modality convolutional neural
channels to learn affective descriptors which showed to be
competitive with state-of-the-art models in the recognition of

instantaneous emotional expressions while maintaining a
very light-weighted architecture.

We updated the original Face channel to follow a topol-
ogy based on the VGG16 model [42], but with much fewer
parameters, which made it much more robust towards
facial-expression representation. The Face channel has 10
convolutional layers, including 4 pooling layers. We use
batch normalization within each convolutional layer and a
dropout function after each pooling layer. Following the
original CCCNN architecture, we apply shunting inhibitory
fields [43] in our last layer. Each shunting neuron Sxy

nc at the
position (x; y) of the nth receptive field in the cth layer is
activated as

Sxy
nc ¼

uxy
nc

anc þ Ixync
; (1)

where uxy
nc is the activation of the common unit in the same

position and Ixync is the activation of the inhibitory neuron. A
learned passive decay term, anc is the same for each shunt-
ing inhibitory field. Each convolutional and inhibitory layer
of the Face Channel implements a ReLu activation function.

The Auditory channel learns how to represent prosodic
information from speech to recognize emotional expressions.
In this regard, it receives as a Mel-Frequency Cepstral Coeffi-
cients (MFCCs) representation.When transformed toMFCCs,
the auditory signals lose their spacial locality which makes
the common 2D convolutions, not suitable processing
approach.Abdel-Hamid et al. [44] propose the use of 1Dfilters
to solve this problem. We adopted this approach and imple-
mented the Auditory channel as a series of 1D convolutions
which are applied to the Y -axis of the MFCC spectrum. The

Fig. 1. An overview of the Affective Memory Framework (AffMem). It integrates 1) the representation of expressions using a Cross-channel Convolu-
tional Neural Network (CCCNN), 2) the generalized emotion recognition with the General-GWR, 3) the personalized affective representation using
the affective memories, and 4) the Mood which integrates generalized and personalized representation into a continuous emotion recognition.

Fig. 2. Detailed architecture and parameters of the Visual and Auditory channels of our CCCNN architecture.
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filters will learn how to correlate the representation per axis
and not within neighbors, which does not carry any correla-
tion. Pooling is also applied in one dimension after each con-
volutional layer, always keeping the same topological
structure. The auditory channel is composed of three layers,
each onewith one-dimensional filters and followed by a pool-
ing layer.

As typical for most deep learning models, our CCCNN
has several hyperparameters to be tuned. We optimized our
model to maximize the recognition accuracy using a Tree-
structured Parzen Estimator (TPE) [45] and use the optimal
training parameters through all of our experiments. The
results of our optimization indicated that training the model
in two steps yielded the best recognition performance. First,
we train the individual channels using specific unimodality
corpora, and then we fine-tune the model by concatenating
the output of each channel and re-training it with an audio/
visual emotion expression dataset. In both cases, the output
of the model is fed to a fully connected layer with 200 units,
each one implementing a ReLu activation function, which is
then fed to an output layer. Our model is trained using a
categorical cross-entropy loss function.

2.2 General Emotion Expressions

The CCCNN, like many other purely deep learning solu-
tions, are enforced to learn a hierarchical representation of
emotion expressions. After a strong supervised training
procedure, these networks create separation boundaries to
classify the perceived affect into previously known emo-
tional concepts. As soon as a new expression or even a
known expression expressed by a different person is per-
ceived, the CCCNN relies on an extreme generalization to
recognize it. If the expression is not represented in the train-
ing set, the performance is usually very low. Re-training the
network to improve its recognition towards specific expres-
sions is a very expensive process and requires a large num-
ber of new training samples.

In our previous work [36], we addressed the problem of
adapting a convolutional neural network towards novel data
by endowing it with an unsupervised layer which learns the
separation boundaries based on the clusters of a self-organizing
map (SOM). The advantage of this approach was to use
the expertise of a deep neural network to describe expressions,
as a pre-trained feature extractor, together with the unsuper-
vised learning of clusters representing expressions, without
the necessity of re-training the entire network every time a
new expression, or person, was perceived. The self-organizing
network adapted its existing neurons, using the Hebbian
learning-based neighborhood function, to accommodate a
novel expression. The hybrid model achieved better perfor-
mance when compared to purely supervised convolutional
neural networks when recognizing general expressions in
cross-database experiments. The model presented, however,
serious scalability problems, as it had a pre-defined number of
neurons and topological structure which did not let it learn in
unconstrained scenarios.

To address the limitations of our previouswork,wepropose
in this paper the General-GWR layer which creates prototype
neurons from themultimodal emotion expressions represented
by the CCCNN based on Growing-When-Required Networks

(GWR). The GWR is a self-organizing network which learns
how to represent data by training prototype neurons through
an unsupervised Hebbian learn update rule. Recent studies
[46], [47] investigate the successful employment of such net-
works into continual learning for different high-abstraction
tasks. They discuss how the GWR adapts to the input data
much faster, and using fewer resources than traditional life-
long and transfer learning mechanisms [48]. Each neuron on
the GWR grid represents an approximation of a series of per-
ceived data points so that a newly perceived data point can be
represented by one or more neurons on the network. By clus-
tering these neurons on known concepts, such as arousal and
valence, we can use them to characterize the newly perceived
expressions.

To improve the capability of dealing with longer emotion
expressions, we implement gamma connections [41] to our
General-GWR. The gamma connections are inspired by the
gamma memory models [49] and embed the prototype
neurons with a context layer. The context layer will encode
the representation of a short-sequence of expressions. Our
assumption is that the gamma connections would improve
the robustness of the prototype neurons by reducing the
sensitivity of the neuron to learn outlier representations.

The General-GWR associates a best-matching unit (BMU) b
with an input taking into consideration the activity of the net-
work for the current input and previous inputs, the latter rep-
resented as a temporal context via the gamma connections.
Each neuron of the General-GWR consists of a weight vector
wj and a number K of global context descriptors cj;k (with
wj; cj;k 2 Rn). As a result, each neuron on the network will
encode prototype sequence-selective representations of the
input taking into consideration each neuron’s representation
but also a each neurons’ context. Given a set ofN neurons, b is
computedwith respect to the input xðtÞ 2 Rn as

b ¼ argmin
j2N

dj
� �

;

dj ¼ a0kxðtÞ � wjk2 þ
XK

k¼1

akkCj;kðtÞ � cj;kk2;
(2)

Cj;kðtÞ ¼ b � wjðt�1Þ þ ð1� bÞ � Cj;k�1ðt� 1Þ; (3)

where dj represents the distances between the input stimuli
and all the neurons of the General-GWR, ai and b 2 ð0; 1Þ are
constant values that modulate the influence of the current
input with respect to previous neural activity, wjðt� 1Þ is
the weight of the winner neuron at t� 1, and Cj;kðtÞ 2 Rn is
the global context of the network (Cj;kðt0Þ ¼ 0).

New connections are created between the BMU and the
second-BMU with relation to the input. When a BMU is
computed, all the neurons it is connected to are referred to
as its topological neighbors. Each neuron is equipped with a
habituation counter hj 2 ½0; 1� expressing how frequently it
has been fired based on a simplified model of how the effi-
cacy of a habituating synapse reduces over time.

The habituation rule is given by Dhj ¼ tj � k � ð1� hjÞ � tj,
where k and tj are constants that control the decreasing
behavior of the habituation counter [50]. The habituation is
needed in our scenario in order to enforce the network to
update its prototype neurons with a higher impact towards
newly perceived affective input. To establish whether a
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neuron is habituated, its habituation counter hj must be
smaller than a given habituation threshold th.

The network is initialized with two neurons and, at each
learning iteration, it inserts a new neuron whenever the acti-
vation of the network for the expression i, aðiÞ ¼ expð�djÞ,
is smaller than a given threshold ta, i.e., a new neuron is cre-
ated if aðtÞ < ta and hj < th. Each neuron also contains an
aging mechanism so as soon as a neuron is activated as a
BMU or a BMU neighbor, its aging counter is set to zero. If
not, its aging counter is increased. If a neuron has an aging
counter higher than a threshold to, it will be removed. A
neuron which is not activated often will be removed, and
this mechanism is extremely important to avoid outliers on
the creation of prototypes by the network.

The training of the neurons is carried out by adapting the
BMU b and its topological neurons n according to

Db ¼ �i � hi � ðxðtÞ � bÞ; (4)

Dci;k ¼ �i � hi � ðCkðtÞ � ci;kÞ; (5)

where �i is a constant learning rate.
To allow the General-GWR to perform classification of

emotion expressions, we implement associative labeling
[41] to each neuron. During the training phase, we assign to
each neuron two continuous values, representing arousal
and valence. If a training sample has arousal (la) and
valence (lv) associated with it, we update the labels of the
BMU (li;a for the associated arousal and li;v for the associ-
ated valence ) with

li;a ¼ li;a þ ðla � li;aÞ � gl (6)

li;v ¼ li;v þ ðlv � li;vÞ � g l; (7)

where g l is a labeling learning factor and it is defined during
training.

To categorize a newly perceived expression, we just read
the labels of the BMU associated with it. Important to note
that although we use the association labeling in our train-
ing, the training of the neurons is purely unsupervised. The
General-GWR will keep learning even if there is no arousal
or valence associated with a training example.

The learning process of the General-GWR is unsupervised
and driven by the examples of the training data. The General-
GWR either allocates new neurons or adapts existing ones in
response to novel input. To increase the robustness of theGen-
eral-GWR against noisy information, we use a weighted aver-
age of the labels of the BMU and up to five of its closest
neighbors to calculate the final arousal and valence. Fig. 3

illustrates the General-GWR recognition process flow. The
General-GWR is also pre-trained with “in-the-wild” datasets,
so it learns prototype neuronswith general affective concepts.

The hyperparameters of the network listed in Table 1, were
optimized to reflect an optimal performance on cross-dataset
emotion recognition. To optimize the parameters of theGeneral-
GWR we also used a Tree-structured Parzen Estimator [45].
The General-GWR contributes to our previous work by pro-
viding the growing and shrinking mechanisms which allows it
to learn novel prototype neurons without any topological
restriction. Also, the network creates neighboring connections
between similar prototype neurons,whichmeans that neighbor
neurons will represent similar expressions (i.e., an emotional
concept). As the neurons are approximations of perceived
expressions, neuron neighborhoodswill represent similar emo-
tional concepts. In contrast to a common deep learning net-
work, the amount of data needed to create new neighborhoods,
and in this case, the separation boundaries of emotional con-
cepts, is much smaller. So an emotion expression that is under-
represented in the training datawill still bewell-represented by
a prototype neuron. This process also allows the General-GWR
to distinguish better between noisy information and under-rep-
resented expressions as noisy information will generate neu-
rons which are not activated as often as perceived expressions,
and soon will be removed. This process was observed for
recent continual learning and lifelong learning scenarios
involvingGWRs [51].

2.3 Individualized Emotion Representations

Our model tackles emotion recognition based on two affec-
tive perception perspectives: the pre-disposition of perceiv-
ing general emotional concepts, and the online adaptation
towards individualized characteristics of affect. A pre-
trained General-GWR recognizes general affective stimuli by
identifying Best-Matching Units (BMUs) which represent
the perceived stimuli.

Fig. 3. The pre-trained General-GWR processes a perceived input, composed always of the current perceived stimulus and three previous stimuli.
The Best-Matching Unit (BMU) is computed together with its five closest neighbors, and the final averaged arousal and valence is calculated.

TABLE 1
Training Parameters of theGeneral-GWROptimized to

Maximize the Performance of Emotion Expression Recognition

Parameter Value

Epochs 20
Activity threshold (ta) 0.1
Habituation threshold (th) 0.03
Context size (k) 3
Gamma modulation (ai and b) 0.64391426, 0.23688282
Habituation modulation (ti and k) 0.08714432, 0.0320586
Labeling factor (g l) 0.3
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In order to address the individualization problem,we pro-
pose the affective memories. In contrast to theGeneral-GWR, the
affective memories are GWRswhich are trained online to create
clusters of perceived expressions that stem from one single
person.

GWRs have shown convincing results in encoding
changing concepts in online learning tasks [52], which is
much related to personalized emotion perception as it can
be seen as a specific composition of a general affective dis-
play. For instance, for certain individuals, at first, we can
recognize that a person is smiling, and associate it with a
happy expression. However, after interacting with this per-
son for a longer period of time, we can identify that this spe-
cific smile only appears when this person is feeling nervous.
Such a process can be properly encoded by GWR networks.

By online training, the affective memories can learn specific
characteristics of the transitions of the displayed emotions.
The first neurons the network creates will be related to the
first impression the network has of that person. As the
gamma context is updated over time, the new neurons will
be impacted, for example, by a transition from a neutral
emotion to a happy one. Each new neuron that the network
creates represents a different transition of how that person
expresses emotions in a much more specific way than the
general prototype neurons of the General-GWR. For optimal
use, there will be one affective memory for each person the
framework is used on.

To allow the affective memories to learn fast and reliable
representations, we use a higher activity threshold when
compared to the General-GWR, as illustrated by the affective
memories parameters in Table 2. This will, however, make
the first expressions dominate the creation of new neurons.
Following expressions, however, will only have an impact
on the neural update if they happen for a longer period of
time. Expressions with extreme arousal and/or valence and
that appear only in a short duration would be considered as
noise and would not impact the neuron updates. To address
this problem, we propose a novel modulation on the update
of the neurons based on the neural activation:

Dwj ¼ �i � hi � ðxðtÞ �wjÞ � ð1� aðiÞÞ; (8)

Dci;k ¼ �i � hi � ðCkðtÞ � ci;kÞ � ð1� aðiÞÞ: (9)

If the neural activation is low, meaning the perceived
emotion expression is different from the ones represented
by the prototype neurons, the newly perceived expression
will have a higher impact on the update of existing neurons.
As the affective memories learn online, every single perceived
expression counts, different from the General-GWR which
learns based on the extreme generalization of the expres-
sions. The expressions used to train the affective memories do
not have a label, so we associate the input stimuli with
labels coming from the General-GWR. This way we enforce
the prototype neurons learned by the affective memories to
carry on the reliability on labeling expressions from General-
GWR even when the interaction is at the beginning.

The online processing of the affective memories happens
first with the unsupervised training based on the perceived
stimuli for 10 epochs. After training, we calculate the BMUs
and five of their neighbors, similar to the General-GWR, and
provide an averaged arousal and valence. As the learning
happens fully unsupervised, and labels are updated online
using the ones obtained from the General-GWR, the affective
memories do learn on a closed-loop scenario, without the
need of an external teaching signal. Fig. 4 illustrates the
training and recognition process of the affective memories.

TABLE 2
Training Parameters of Each of the Networks That

Belong to the Affective MemoryModule

Parameter Value

Epochs 10
Activity threshold (ta) 0.5
Habituation threshold (th) 0.3
Context size 3
Gamma modulation (ai and b) 0.64391426, 0.23688282
Habituation modulation (ti and k) 0.08714432, 0.0320586
Labeling factor (g) 0.4

Fig. 4. Training and recognition of the affective memories. One affective memory is created to learn the perceived stimuli from a single subject using
our novel update rule. The online learning uses the labels from the General-GWR in the association learning process. After training for 10 epochs,
the affective memories calculates the arousal and valence of the Best-Matching Unit and five of its neighbors.
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The continuous training of the affective memories has two
goals: 1) to create, online, specific prototype neurons that
represent the expressions of one single person, and 2) to be
able to improve over time the description of affective behav-
ior of that person. In contrast to the General-GWR, the affec-
tive memories are always learning and always modifying its
learned prototypes. With the new neuron update rule, even
an expression which was just perceived a few times will be
represented. Our assumption is that, once the affective memo-
ries learned with enough examples of that person, the proto-
type neurons will be much more robust to represent the
particularities of that person, when compared to the ones
on the General-GWR.

2.4 Continuous Emotion Perception

Both General-GWR and the affective memories modules run in
parallel. Both can describe instantaneous affective behavior
through the labels associated with the calculated BMUs. That
means we have at our disposition two sets of arousal and
valence predictions, one coming from the General-GWR and
one coming from the affective memories. Each of these sets rep-
resents an opinion, a generalized and personalized, on how
that person is expressing emotions. In order to obtain one reli-
able prediction, we integrate these values by providing a con-
tinuous affective reading. The integration is realized by the
third and lastmechanism of theAffMem, theMood.

The Mood is implemented as a GWR network, but differ-
ent from the other two mechanisms, it does not describe
affect by the use of a calculated BMU. The Mood is trained
as a state-like network, where the representation of per-
ceived affective expressions comes from reading the state of
all its neurons at once.

TheMood is trained online and continuously, so theMood
will first create neurons which will encode the expressions
of the first seconds of the interactions. Once the interaction
continues, new neurons will be created, or current neurons
will be updated, to represent the perceived expressions,
and the old neurons will be less updated until they are
erased. Each neuron on the Mood encodes a direct arousal
and valence value instead of being a sensory descriptor. By
averaging the weights of all the neurons at any given time,
the Mood represents the affective content of the interaction
until that point. To avoid the problem of older neurons hav-
ing a high impact on the arousal and valence reading, we
use a weighted average based on the neuron’s age. Old neu-
rons, which represent expressions that were perceived at
the beginning of the interaction, will impact the affective
reading of the Mood less than new neurons.

The recurrent gamma memory provides a context mech-
anism to train the prototype neurons of both the General-
GWR and the affective memories with short temporal sequen-
ces. Both these mechanisms enforce these networks to clus-
ter short-time transitions of emotion expressions instead of
one instantaneous snapshot of expression at a time, which
would happen in a GWR without the gamma memory. The
Mood, however, does not need gamma connections. We can
model the dynamics of continuous perception by simply
reading all the neurons at different time steps. As soon as
there is an affective transition on the perceived interaction,
the Mood will create or remove neurons accordingly, and

the aging average gives us a simple mechanism to read
these dynamics at any given time.

The prototype neurons of the General-GWR store general
characteristics of the emotional expressions. They can be
understood as a first impression, shaped by social experi-
ence, of the affective meaning of a perceived expression.
The neurons of the affective memories encode more specific
characteristics, which are related to how one single person
expresses emotions. However, the neurons of the affective
memories are only reliable after they learned from a number
of different examples. To integrate the reliability of the cal-
culated BMUs of the General-GWR and the dynamics of the
affective memories on learning specific prototype neurons for
that one person, we introduce here a novel update rule for
the Mood neurons

Dwi ¼ �i � hi � ðavðtÞ �wiÞ � ð1� aðtÞÞ; (10)

where in the first step aðtÞ is the activation of the General-
GWR and avðtÞ is the associated arousal valence, and in the
second step aðtÞ is the activation of the affective memories and
avðtÞ the associated arousal and valence. The network acti-
vation gives us an objective measure of how well each of
these mechanisms can represent an expression. Our hypoth-
esis is that when the affective memories are still learning, the
General-GWR will dominate the Mood updates. However,
as soon as the affective memories start to learn robust proto-
types, their activation will decrease, and as a result they
will have a higher impact on the Mood update. Fig. 5 illus-
trates the process flow of theMood.

3 EVALUATING AFFMEM

To evaluate and understand better the performance of the
AffMem and the individual impact of each neural mecha-
nism, we perform two different types of experiments. First,
we run a series of ablation studies to asses the quality of the
emotion expression representation (Exp 1.1), the robustness of
the prototype neurons of the General-GWR (Exp 1.2) and the
role of the dynamic learning of the affective memory (Exp 1.3).
Second, we run a continuous emotion recognition experiment
(Exp 2) with the entire framework to evaluate its perfor-
mance on continuous emotion recognition.

3.1 Datasets and Pre-Processing

Our framework relies heavily on a robust emotion expression
representation. To train the CCCNN, and assess its perfor-
mance on instantaneous emotion expression recognition, we
used two datasets. The AffectNet [14] was used to train and
evaluate the Visual channel and it is composed of more than
400 thousand “in-the-wild” images which were manually
annotated with seven categorical labels and continuous
arousal and valence. The AffectNet contributes to the robust-
ness of the Visual training by providing balanced arousal and
valence distribution, as exhibited in Fig. 6 A. As the test set
labels are not available to the public, all our experiments were
performed using the training and validation samples.

To train the Auditory channel, we used the RADVESS
dataset [53]. It contains 7,365 videos of 24 professional actors
speaking lexically-matched sentences while performing 7 dif-
ferent emotions (calm, happy, sad, angry, fearful, surprise,
and disgust). Each video was annotated on a phrase level,
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which provides an even data distribution, as exhibited in
Fig. 6 B.

Finally, our multimodal and continuous experiments are
performed using the One-Minute Gradual-Emotional Behav-
ior dataset (OMG-Emotion) [26] which contains around 600
Youtube videos which are about a minute in length and are
annotated taking into consideration a continuous emotional
behavior. The videos were selected using a crawler technique
that uses specific keywords based on long-term emotional
scenes such as “monologues”, “auditions”, “dialogues” and
“emotional scenes”, to guarantee that there is a gradual
change in the way the emotions are expressed. As each video
contains only one person performing the scene, personaliza-
tion plays an important role when classifying the person’s
emotion expression. The videos were annotated using dimen-
sional arousal and valence, and cover most of the extreme
range of arousal and valence values as demonstrated in Fig. 6
C. The dataset has a pre-defined separation between training
and testing subsets, and the same person was not present on
the training or testing video sets.

For all the evaluated datasets, we follow the training/test
separation protocols as described by the dataset authors in
order to maintain the comparability with other proposed
models. We pre-process the individual stimuli in order to
feed them to the CCCNN. For each video frame, we detect
the face of the subject using the Dlib library [54]. Each face is

then resized to a dimension of 128x128. We use audio clips
with 1s as input, and each clip is re-sampled to 16000 Hz.
We compute the MFCCs of the audio clip and feed it to the
Auditory channel of the CCCNN. The MFCCs are computed
over a window of 25 ms with a slide of 10 ms. We use a fre-
quency resolution of 1,024, which generated a representation
with 35 bins, each onewith 26 descriptors.

3.2 Metrics

To measure the performance of our experiments, we use two
metrics: accuracy, to recognize categorical emotion expres-
sions, and the Concordance CorrelationCoefficient (CCC) [55]
between the outputs of the models and the true label to recog-
nize arousal and valence. TheCCC is computed as

CCC ¼ 2rsxsy

s2
x þ s2

y þ ðmx � myÞ2
; (11)

where r is the Pearson’s Correlation Coefficient between
model prediction labels and the annotations, mx and my

denote the mean for model predictions and the annotations
and s2

x and s2
y are the corresponding variances. The CCC

metric allows us to have a direct comparison with the anno-
tations available on the OMG-Emotion dataset. The use of
CCC as the main objective measurement allow us to take
into consideration the subjectivity of the perceived emotions

Fig. 6. Illustration of the annotation distribution of the three datasets used in this article: A) the AffectNet dataset [14] has a high variance on arousal
and valence and a large number of data points, B) the audio samples of the RAVDESS dataset [53] have a well-balanced data distribution for all emo-
tional classes, and C) the continuous expressions of the OMG-Emotion videos cover a high arousal and valence spread.

Fig. 5. Continual learning of the state-like Mood. It trains with the arousal and valence values from both General-GWR and affective memories. At
each time-step, new neurons are added or removed from the Mood to represent the perceived emotions. By reading all the Mood neurons, we obtain
a snapshot arousal and valence on that time-step.
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for each individual annotator when evaluating the perfor-
mance of our models.

The Affectnet dataset has 1 label associated per each
frame, so we calculate the accuracy directly at the frame
level. The RAVDESS dataset has one label per video, and as
our Auditory channel processes 1s of speech signal at a
time, we perform a voting scheme to obtain one label per
video. As our Visual channel processes 1 frame at a time,
and our Auditory channel processes 1s of speech signals,
we perform an extra step for processing the OMG-Emotion
dataset. For each 1s of video, we pair each frame with the
entire 1s of audio. This results in each second of video pro-
ducing 25 pairs of training data. During the evaluation, we
perform voting between the model’s output of the 25 sam-
ples to produce one label per second.

The GWR learns how to create prototype neurons based
on the input data distribution, and thus, it is important to
measure how well the input data is being represented. In
this regard, we calculate the Kullback-Leibler divergence
between the normalized distribution of the input data labels
and the distribution of the labels associated with the proto-
type neurons in each of the proposed mechanisms. Analyz-
ing this measure together with the objective performance
allows us to evaluate how the prototype neurons are gener-
alizing the input data.

3.2.1 Exp 1.1: The Quality of the Emotion

Expression Representation

The OMG-Emotion dataset allows us to evaluate our Aff-
Mem framework on recognizing continuous emotional
expressions. The framework, however, relies heavily on the
CCCNN representations. Thus, we must guarantee that the
learned convolutional filters are robust enough to recognize
emotional expressions. The OMG-Emotion dataset, how-
ever, does not contain enough individual data samples for
the CCCNN to learn such robust filters. Thus, we pre-train
each individual channel of the CCCNN with the Affectnet
and the RAVDESS dataset respectively. We report all the
ablation and validation studies for the individual channels
on Appendix A.

Once with the channels pre-trained, we fine-tune the
entire model using the OMG-Emotion train subset and eval-
uate it using the test subset. Also in order to demonstrate
the importance of the pre-training, we provide an experi-
ment where we train the entire CCCNN trained from the
scratch using the train subset of the OMG-Emotion and
evaluate it with the test subset.

3.2.2 Exp 1.2: Performance of the Prototype Neurons

of the General-GWR

As soon as the CCCNN is trained with the OMG-Emotion
train subset, and its convolutional filters are able to describe
emotion expressions, we use the output of its first hidden
layer as input to the General-GWR. As the General-GWR cre-
ates prototype neurons which represent the input data, it
does not require a massive amount of training samples to
learn meaningful representations. To evaluate this assump-
tion, we measure the performance of the General-GWR in
recognizing multimodal emotion expressions when trained
with the train subset of the OMG-Emotion dataset.

Our new General-GWR implements a Growing-When-
Required network instead of a self-organizing map, as in our
previous work [36]. We also proposed the implementation of
gamma connections to embed the prototype neurons with a
temporal context of the perceived emotion expressions. To
assess the impact of these two design decisions and investi-
gate whether they indeed improve emotion recognition, we
also provide experiments using a SOM and a common GWR
without the gamma memory. For the sake of a fair compari-
son, all these models were optimized using the TPE optimizer
tomaximize the CCC on arousal and valence.

3.2.3 Exp 1.3: The Effect of the Dynamic Learning

of the Affective Memories

By pre-training the General-GWR on the OMG-Emotion train
set, we obtained a general emotion recognition mechanism.
To obtain a personalized expression modeling, however, we
associate the labels coming from the General-GWR with the
feature vector extracted by the CCCNN to train the affective
memories.

The neurons created by the affective memories would be
more specific for one particular subject, and thus, we assume
that they should provide a better emotion recognition perfor-
mance in the long run. We evaluate the affective memories by
performing an online learning experiment where each video
of the test subset of the OMG-Emotion dataset, representing
one unique subject, is processed by one affective memory.

To avoid those expressions with extreme arousal and
valence values, we proposed a novel update rule using the
neural activation (see Eqs. (8) and (9)) as a learning modula-
tor. To objectively assess its impact on the recognition of the
expressions, we perform experiments with and without the
proposed update rule.

To obtain an objective averaged continuous measure
between the model with and without the modulation, we
represent each test video in a percentage scale, where 0 per-
cent is the beginning of the video, and 100 percent is the
end of the video. We calculate the averaged CCC over all
the test videos between the BMUs and their five neighbors,
and the real labels, for each 10 percent of the videos. This
way we can observe how the affective memories behave when
the videos unfold.

3.2.4 Exp 2: Continuous Emotion Recognition

The AffMem framework integrates all the previously men-
tioned mechanisms with the Mood to provide a reliable
emotion recognition system for continuous emotion expres-
sions. To evaluate the entire framework, we run an online
learning experiment with the OMG-Emotion test subset.
The experiment is performed in the same way as Exp 1.3,
but with the integration of the Mood. The CCC is calculated
between the arousal and valence read from the Mood neu-
rons and the original labels. We provide the performance
over time and compare the readings from the Mood with
the labels from the General-GWR, and the affective memories,
in order to highlight the differences in the recognition
dynamics. We also provide a visualization on how the neu-
rons of Mood are formed over time, and how they differ
from the ones in the affective memories.
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In order to simplify the understanding of our experimen-
tal setup, we provide in Table 3 a summary of all our experi-
ments, investigated mechanisms, and evaluated datasets.

3.3 Results

3.3.1 Exp 1.1: The Quality of the Emotion Expression

Representation

Our experiments with the CCCNN, pre-trained with the
AffectNet and RAVDESS datasets, and tuned with the
OMG-Emotion train subset reached a CCC of 0.34 for
arousal and 0.45 for valence, as reported in Table 4. For
comparison, we also train the network from scratch with
only the OMG-Emotion dataset. The results, however, are
much worse than when tuning the CCCNN only with the
OMG-Emotion train subset. This is somehow expected, as
the OMG-Emotion train subset does not contain enough
data samples to train the individual channels properly, and
thus, the pre-training with other datasets is very important.

3.3.2 Exp 1.2: Performance of the Prototype Neurons

of the General-GWR

The results of our experiments with the General-GWR are
reported in Table 5. Our General-GWR obtained the best per-
formance when compared to the common GWR and the
SOM, achieving a CCC of 0.35 for arousal and 0.47 for
valence. The SOM, as expected, achieved the worst results in
this experiment, as it was topologically limited by its prede-
fined neighbor configuration and, thus, could not develop
robust prototype neurons. Also, the General-GWR presented
a better performance when compared to the CCCNN results.
This confirms our assumption that the gamma connections
enhanced the recognition by learning small transitions of the
expressions, instead of the snapshot representation recogni-
tion performed by theCCCNN.

The General-GWR created more neurons than the common
GWR, which is also an impact from the gamma connections.
We assume that the increase in the number of neurons was
due to the creation of prototypes that represent the transition
between the expressions, while the prototype neurons of the
common GWR learned single representations of an expres-
sion. Analyzing the associated label distribution for each
model in Fig. 7, we observe that the prototype neurons of the
General-GWR cover the distribution of the original training
data better than the commonGWR and the SOM. TheGeneral-
GWR provides, however, a higher KL divergence when com-
pared to the common GWR, which indicates that it learned
representations which were not a simple copy of the training
dataset, but a generalization of the emotion expression con-
cepts. Combined with the better accuracy, we can confirm
that the neurons learned by the General-GWR are actually
much more robust to recognize unknown expressions than
the ones from the commonGWR.

3.3.3 Exp 1.3: The Effect of the Dynamic Learning

of the Affective Memories

After processing all the frames of each video, the affective
memories reached a better performance when compared to
the General-GWR: 0.37 CCC for arousal and 0.51 CCC for

TABLE 3
Summary of All Our Experiments: The Investigated
Models, Training, Tuning, and Evaluation Datasets

(AFF: AffectNet, RAV:RAVDESS, OMG:OMG-EMotion)

Exp. Model
Datasets

Train Tuning Evaluation

1.1 CCCNN OMG - OMG
CCCNN RAV + AFF OMG OMG

1.2 SOM OMG - OMG
GWR OMG - OMG

General-GWR OMG - OMG

1.3 Affec. Mem. modulation - - OMG
Affec. Mem. no modulation - - OMG

2 AffMem - - OMG

TABLE 4
Concordance Correlation Coefficient (CCC), for

Arousal and Valence When Evaluating the CCCNN
With the OMG-Emotion Datasets

Model
Datasets

Arousal Valence
Train Tuning Evaluation

CCCNN OMG - OMG 0.17 0.33
CCCNN AFF+RAV OMG OMG 0.34 0.45

TABLE 5
Concordance Correlation Coefficient (CCC),
for Arousal and Valence, When Evaluating the

General-GWR, a Common GWR, and a Self-Organizing
Map (SOM), on the Test Set of the OMG-Emotion

Model Arousal Valence Neurons
KL Divergence

Arousal Valence

SOM 0.32 0.38 400 0.29 0.34
GWR 0.34 0.41 914 0.10 0.09
General-GWR 0.35 0.47 1253 0.12 0.13

We also provide the number of neurons of each model after training, and the
Kullback-Leibler (KL) divergence between the labels associated with the proto-
type neurons and the training set of the OMG-Emotion

Fig. 7. Arousal and valence distribution of the associated labels of the
prototype neurons learned by the SOM, common GWR and General-
GWRmodels.
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valence. At the beginning of the video, however, the perfor-
mance was very low, reaching 0.12 CCC for arousal and
valence. When calculated over the entire video span, the
average performance is much worse than the one obtained
by the General-GWR. When not using the novel update rule,
the performance of the affective memories was much lower,
reaching 0.27 CCC for arousal, and 0.33 CCC for valence at
the end of the video. These results are a clear indication that
the update rule actually impacts greatly on the formation of
robust prototype neurons, as expected.

The most important limitation of the affective memories,
however, is the time it takes to learn robust representations.
Fig. 8 illustrates the performance behavior by plotting the
average performance, in CCC for arousal and valence while
the video unfolds, for affective memories with and without
the proposed update rule.We observe that themodel with the
update rule (see Eq. (6)) presents a continuous improvement
on the performance over time, while the model without the
update rule stagnates usually in the middle of the videos. The
impact of the update rule, as explained in Section 3.3, is to
enforce the prototype neurons of the network to have a higher
focus on novel information, and thus, learning new expres-
sions faster. This translates into a higher performance after
these new expressions have been learned.

The nature of the monologue videos also explains the
presence of a recurrent learning pattern on the model with
the modulation: a series of performance drops are quickly

followed by a performance increase. As the monologue vid-
eos present a gradual development in the expressions, they
tend to change between known expressions and novel ones.
When a novel expression is perceived, the model’s perfor-
mance drops, and after the neurons are quickly created, it
increases to a better level than before. As the video unfolds
and new expressions are not common anymore, the model
is able to maintain a higher performance as it created neu-
rons which represent all the known expressions.

3.3.4 Exp 2: Continuous Emotion Recognition

The performance behavior of our AffMem framework for
continuous learning is exhibited in Fig. 9. In order to under-
stand better the contributions of the Mood, we plot its per-
formance over time, as the CCC for arousal and valence,
together with the performance of the affective memories and
the General-GWR. We observe that the performance of the
Mood is influenced by both General-GWR, by presenting a
constant behavior at the beginning of the videos, and the
affective memories, which enforce an improvement of the per-
formance over time. The Mood, at the beginning of the vid-
eos, maintains a similar performance when compared to the
General-GWR, while at the end of the video surpasses it,
reaching the same performance of the affective memories after
all the frames were processed. The average performance,
per each 1s of the video, of the AffMem over the entire vid-
eos reach a CCC of 0.45 for arousal, and 0.56 for valence.

Fig. 8. Average performance, over time, and represented in CCC for
arousal and valence of all the videos of the dataset, using the affective
memories with and without the activation modulation. The videos were
represented using a percentage scale (where 100 percent represents
the end of all the videos of the dataset) to illustrate the learning behavior
of the model.

Fig. 9. Average performance, over time, and represented in CCC for
arousal and valence of all the videos of the dataset, of the readings from
theMood, the affectivememories, and theGeneral-GWR. The videoswere
represented using a percentage scale (where 100 percent represents the
end of the video) to better illustrate the learning behavior of themodel.
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The final performance of the AffMem framework is better
than the current state-of-the-art results on the OMG-Emotion
dataset, represented by the winners of the challenge where the
dataset was presented [56], [57], [58], as reported in Table 6. All
three models also used the pre-training of unisensory convolu-
tional channels to achieve such results, but with neural net-
works with many parameters to be fine-tuned in end-to-end
solutions. The use of attention mechanisms [56] to process the
continuous expressions on the videos presented the best results
of the challenge, achieving a CCC of 0.35 for arousal and 0.49
for valence. Temporal pooling, implemented as bi-directional
Long-Short TimeMemories (LSTMs) [57], achieved the second
place, with a performance of 0.24 CCC for arousal and 0.43
CCC for valence. The late fusion of facial expressions, speech
signals, and text information reached third-best result [58],
with a CCC of 0.27 for arousal and 0.35 for valence. Our previ-
ous model [30] combined the generalization of generative
adversarial networks, which generate conditional facial expres-
sions, to populate a growing-when-required networks in an
online manner to achieve 0.35 CCC for arousal and 0.53 for
valence based on facial expressions alone. Although this hybrid
network outperforms theperformance of somemultimodal sol-
utions, it required extensive pre-training to allow the adversar-
ial network to converge. The complex attention-based network
proposed byHuang et al. [12] was able to achieve a CCC of 0.31
in arousal and 0.45 in valence, using only visual information.

4 DISCUSSIONS

OurAffMemmodel presented state-of-the-art results when rec-
ognizing the continuous emotion expressions from the videos
of the OMG-Emotion dataset. Our model relies on a combina-
tion of the strong pre-training of individual convolutional
channels, the gamma connections and the dynamics of the
Growing-When-Required networks to depict the temporal
information of the expressions, which, performance-wise, was
more robust than any of the state-of-the-art models. The inter-
play between the general and personalized perceptionwas not
addressed by any of the currentmodels to recognize the OMG-
Emotion dataset, which could explain our better performance.

Also, it is important to notice that our proposed framework
is modular, and any of its neural components can be replaced
when necessary. If a better feature extractorwould be available
in the future, the CCCNN could be easily replaced. Also, on
tasks where personalization is not important, the BMUs of the
General-GWR could be used to represent affect, for example.

In this section, we dissect the behavior of our model by
demonstrating how it processes two of the videos of the

OMG-Emotion dataset, which helps us to explain how the
model deals with the gradual changes in the emotion expres-
sions better than the recent end-to-end neural networks.

4.1 Recognizing Emotions in Monologues

In recent years, several “in-the-wild” datasets were pub-
lished, mostly based on web-crawlers to obtain emotion
expression samples from different sources over the internet.
This impacted heavily on the development of emotion
expression recognition models, mostly based on extreme
generalization. Such models presented, however, problems
when applied to real-world scenarios. One of the reasons
lies directly on their data-driven learning strategies:
although such models are focused on the generalization of
the expressions, they neglect the gradual and natural transi-
tions between expressed emotional states. Even very popu-
lar “in-the-wild” datasets, such as the Emotions-in-The-
Wild [59] and the Affect-in-the-wild [60] challenge dataset
present expressions which are self-contained, and thus, dif-
ficult to be represented in continuous interactions.

The monologues of the OMG-Emotion, however, have an
important characteristic: by nature, the expressions present
in them are gradually changing over time, based on a con-
textual development. The persons performing the mono-
logues use emotions as a mean to tell a story or to interpret
a certain situation. As the videos are usually longer than the
ones present in common “in-the-wild” datasets, these emo-
tion changes are much more impacted by the natural transi-
tion between emotional states. Translating this behavior
into computational models becomes difficult if such models
are designed to achieve maximum generalization on instan-
taneous expression recognition. The impact of personaliza-
tion, in the case of the monologues, also play a substantial
role, as the person performing the monologue adds his or
her own characteristics in the expressions. As a simple
example to illustrate the affective state transitions, we pres-
ent the plot of ground truth annotation over time of the
shortest (video 1f61459b0), with 52 seconds, and the longest
(video fd41c38b2), with 224 seconds, of the videos in the
OMG-Emotion test set in Fig. 10.

Fig. 10. Arousal and valence labels, and facial expression examples,
over time (in seconds) of the longest (fd41c38b2 - 224s) and shortest
(1f61459b0 - 52s) videos of the OMG-Emotion dataset.

TABLE 6
Concordance Correlation Coefficient (CCC), for Arousal and
Valence, of Our Final Model and the Current State-of-the-Art

Results for the OMG-Emotion Dataset

Model Arousal Valence

AffMem 0.45 0.56
Barros et al. [30] 0.43 0.53
Zheng et al. [56] 0.35 0.49
Huang et al. [12] 0.31 0.45
Peng et al. [57] 0.24 0.43
Deng et al. [58] 0.27 0.35
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4.2 The Effect of Generalization

When processing the two videos represented in Fig. 10, the
General-GWR presents a performance, measured in CCC, of
0.33 for arousal and 0.47 for valence for the shortest video,
and 0.34 for arousal and 0.46 for valence for the longest
video. When plotting the recognition of the General-GWR
over time together with the videos’ ground-truth, illustrated
in Fig. 11, we observe that the temporal processing of the
GWR adds a certain delay on emotion recognition. The
same affective transitions are there but slightly shifted
over time. This happens mostly due to the neurons on the
General-GWR having a context with depth 3, meaning the
BMU calculation will be heavily impacted by the three last
seconds of the expression. This is beneficial for the General-
GWR, as it maintains the same recognition trend as the
ground-truth, and thus, achieves a steady Concordance
Correlation Coefficient, but it limits the maximum perfor-
mance that the General-GWR can achieve. We assume that
the same behavior happens with the deep neural model
which relies on temporal processing proposed by the win-
ners of the OMG-Emotion dataset challenge [56]. The transi-
tions between affective states happen gradually, but with a
sharp change of directions. Possibly this is why the perfor-
mance of the model proposed by Zheng et al. [56] was simi-
lar to the General-GWR.

4.3 The Effect of Personalization

When training the affective memories with the same two vid-
eos, we clearly observe how it adapts over time. Fig. 12 illus-
trates the plot with the arousal and valence of the affective

memories, the ground truth labels, and the network activa-
tion over time. The affective memories are heavily impacted
by drastic changes on the arousal and valence, so when
these drastic changes do not occur, the network does not
learn much. This effect can be easily observed by tracking
the network’s activation over time. When the activation
decreases, the network adds more neurons and the neural
update is stronger, meaning it is rapidly adapting.

By the end of the videos, the affective memories experi-
enced most of the possible expressions that the monologue
videos contained, and the predicted arousal and valence are
much more accurate when compared with the ground truth.
This effect was demonstrated as the increase of the activa-
tion of the neurons. The delay effect, although still present,
is much smaller when compared with the General-GWR,
due to the network learning only the specific neurons which
are necessary to recognize that specific person. Thus, the
transitions learned by the affective memories are much more
sparse, which is represented by the number of neurons cre-
ated for each video: 100 neurons for the shortest video, and
400 neurons for the longest one.

As the affective memories perform better with more sam-
ples to learn from, they present a better overall performance
when recognizing longer videos. This is illustrated by the
better performance on the longest video, reaching a CCC of
0.21 for arousal and 0.33 for valence, compared to the short-
est video, where they reach a CCC of 0.12 for arousal and
0.18 for valence.

4.4 The Interplay Between Personalization
and Generalization

Our experiments show that the AffMem model presents the
best overall performance on recognizing expressions on the
OMG-Emotion monologue videos, but the online learning
and adaptation of these expressions is the most important
contribution of this research. Different from purely batch-
learning models, our model adapts to the expressed emotions
over time, which showed to be very important to achieve
good performance. The AffMem clearly combines the charac-
teristics of the general emotion perception from the General-
GWR, and the personalization of the affective memories, into
one continuous learning framework. This was demonstrated
by plotting the average performance of the model over time,
as illustrated in our experiments in Fig. 9, but also when plot-
ting, in Fig. 13, the ground truth labels and the output of the

Fig. 11. Arousal and Valence output of the General-GWR and ground
truth label, over time (in seconds) of the longest (fd41c38b2 - 224s) and
shortest (1f61459b0 - 52s) videos of the OMG-Emotion dataset.

Fig. 12. Arousal and Valence output of the affective memories, ground
truth label, and network activation over time (in seconds) of the longest
(fd41c38b2 - 224s) and shortest (1f61459b0 - 52s) videos of the OMG-
Emotion dataset.

Fig. 13. Arousal and Valence output, over time (in seconds), from the Aff-
Mem compared to the ground truth of the longest (fd41c38b2 - 224s) and
shortest (1f61459b0 - 52s) videos of the OMG-Emotion dataset.
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AffMem overtime for the shortest and the longest videos of the
OMG-Emotion test set.

We observe that our framework, although not modeling
the ground truth of both videos perfectly, does depict the
behavioral change between the transitions of the emotional
expressions better than the General-GWR and the affective
memories. In the longest video, we can see the modulation of
the affective memories to be much stronger than on the short-
est video, as the arousal and valence follow the same pat-
tern as the General-GWR at the beginning of the video and
the same pattern of the affective memories by the end of it.

4.5 Arousal Versus Valence Recognition

Another fact we observed in our model was the lower perfor-
mance of arousal when compared with valence. To recognize
arousal is a more difficult challenge when compared to
valence recognition, as shown by our results and the state-of-
the-art models. This could be due to the following two rea-
sons. First, in humans, the persistence of valence perception is
longer than arousal [61], which could indicate a certain bias
on the gradual annotations of the videos. Second, arousal is
harder to depict via facial expressions, as it is more salient
when expressed via bodymovements [62].

5 CONCLUSION

Emotions are present in many aspects of our lives, which
includes interpersonal communication, learning and exp-
eriencing new things, and remembering past events. In par-
ticular, embedding concepts and ideas related to emotions
into intelligent systems will improve greatly their capability
to act as active social agents, through the processing, under-
standing, and synthesis of social behavior. However, there
are still great challenges to be solved before this can happen.
One of them is the inability of current emotion expression
recognition systems, mostly based on end-to-end deep neu-
ral models, to adapt quickly to novel information.

We proposed here the Affective Memory framework
which is composed of three self-organizing mechanisms
based on Growing-When-Required networks: the General-
GWR, responsible to provide a general emotion perception,
the affective memories, which learn online, specific character-
istics of how a person expresses emotions, and the Mood,
which generates an arousal and valence reading of continu-
ous expressions.

We evaluate ourmodelwith a set of different ablation stud-
ies to investigate the contributions of each of these mecha-
nisms. Finally, we used the OMG-Emotion dataset to evaluate
the entire framework on a continuous emotion expression
scenario. Our model presented a state-of-the-art performance
for the recognition of both arousal and valence. Furthermore,
we discussed that the proposed mechanisms of the AffMem
are appropriate for processing the monologue videos of the
OMG-Emotion dataset, and explain why our model would be
suitable for real-world scenarios.

Our model deals with multimodal expressions through
the simultaneous processing of facial expressions and the
speech signal. This, however, limits the model’s applicabil-
ity where these modalities may not be perceived reliably at
the same time. An asynchronous processing of multimodal
perception would benefit the model in these cases. The

incorporation of different general perception modalities,
such as language, touch, or even specific modalities such as
a conversation context, or intrinsic motivation, would also
be encouraged for future work.

APPENDIX A

CCCNN ABLATION EXPERIMENTS AND RESULTS

Our assumption is that to make the CCCNN able to repre-
sent emotion expressions in a reliable manner, we must pre-
train the individual channels using the AffectNet and the
RAVDESS dataset, and fine-tune the entire network with
the OMG-Emotion dataset.

To evaluate such an assumption, we must, first, assess the
impact that the individual channels have on each specific data-
set and on the OMG-Emotion dataset. To evaluate the individ-
ual channels, we train and evaluate the Face channel and the
Auditory channelwith the individual training and testing pro-
tocols of the AffectNet and with the RAVDESS respectively.
Then, we fine-tune each channel using the train subset of the
OMG-Emotion dataset and repeat the evaluation on the test
subset of the OMG-Emotion. Finally, to obtain a better under-
standing of the impact of the pre-training, we train each indi-
vidual channel from scratch with the training subset of the
OMG-Emotion and evaluate themusing the test subset.

The Face channel is evaluated using the CCC between
the predicted samples and the true labels for arousal and
valence of the AffectNet dataset. When evaluating the Audi-
tory channel with the RAVDESS dataset, we perform a
leave-one-actor-out experiment and compute the mean
accuracy between the channel’s output and the true labels
of each video. Evaluation on the OMG-Emotion dataset is
done by calculating the CCC for every second of the videos.

A.1 Experiment Summary

In order to simplify the understanding of our CCCNN abla-
tion experiment setup, we provide in Table 7 a summary of
all our investigated mechanisms and evaluated datasets.

A.2 Results

We first investigated the performance of the individual
channels of the CCCNN and report them in Table 8 together
with the results of the current state-of-the-art models for
each evaluated dataset. The Auditory channel presents a

TABLE 7
Summary of All The Ablation Studies and Results

Using the CCCNN: The Investigated Models, Training,
Tuning, and Evaluation Datasets (AFF: AffectNet,

RAV: RAVDESS, OMG: OMG-EMotion)

Model
Datasets

Train Tuning Evaluation

Face c. Aff - Aff
Face c. OMG - OMG
Face c. Aff OMG OMG
Auditory c. RAV - RAV
Auditory c. OMG - OMG
Auditory c. RAV OMG OMG
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competitive result on the speech signals of the RAVDESS
dataset. Our model, however, was a light-weight neural net-
work, and yet performed similarly to the pre-trained
VGG16 [63], which has much more training parameters,
and it was better than a Residual Network implementation
[64], which contains recurrent connections which are more
complex to train. Both the pre-trained VGG16 and the
Residual Network implementation require a strong pre-
training with other datasets in order to achieve good perfor-
mance on the RAVDESS data. The Auditory channel also
performs better than solutions which use standard signal-
processing models to represent the audio and rely upon
heavily tuned SVMs for the recognition [65].

To the best of our knowledge, the only reported CCC for
arousal and valence on the AffectNet corpus comes from
the authors of the dataset themselves [14]. This is probably
the case as most of the research uses the AffectNet dataset
to pre-train neural models for generalization tasks in other
datasets, without reporting the performance on the Affect-
Net itself. The baseline provided by the authors uses an
AlexNet convolutional neural network [66] re-trained to rec-
ognize arousal and valence. Our Face channel provided bet-
ter performance, improving the CCC by more than 0.12 for
arousal and 0.05 for valence.

The results of the training and evaluation with the OMG-
Emotion dataset can be found in Table 9. Both channels
improve drastically the performance on recognition arousal
and valence on the OMG-Emotion test subset when pre-
trained with the AffectNet and RAVDESS datasets.
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