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Abstract: Detecting and understanding emotions is critical for our daily activities. As emotion
recognition (ER) systems develop, we start looking at more difficult cases than just acted adult
audio-visual speech. In this work, we investigate automatic classification of audio-visual emotional
speech of children. Our interest is, specifically, in the improvement of the utilization of the cross-
modal relationships between the selected modalities: video and audio. To underscore the
importance of developing ER systems for the real-world environment, we present a corpus of
children’s emotional audio-visual speech that we collected. We select a state-of-the-art model as a
baseline for the purposes of comparison and present several modifications focused on a deeper
learning of the cross-modal relationships. By conducting experiments with our proposed approach
and the selected baseline model, we observe a relative improvement in performance by 2%. Finally,
we conclude that focusing more on the cross-modal relationships may be beneficial for building ER
systems for child-machine communications and the environments where qualified professionals
work with children.

Keywords: audio-visual speech; emotion recognition; children
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1. Introduction

Emotions play an important role in a person's life from its very beginning to the end.
Understanding emotions becomes indispensable for people's daily activities, in organizing adaptive
behavior and determining the functional state of the organism, in human-computer interaction
(HCI), etc. To provide natural and user-adaptable interaction, HCI systems need to automatically
recognize persons' emotions.

The development of speech emotion recognition (SER) systems has been a hot topic of research
in the field of HCI for the past two decades. Most of these studies focus on recognizing emotions from
adult’s speech [1,2] and only a few from children's speech [3,4]. This follows from the fact that large
annotated datasets (corpus) of children's speech, especially audiovisual speech, are still not publicly
available in the research community, and this forces most researchers to focus on emotion recognition
for adults.

Nevertheless, children are potentially the largest class of users of most HCI applications,
especially in education and entertainment (edutainment) [5]. Therefore, it is important to study how
emotions are expressed by children and can be automatically processed by computers.

The task of creating automatic emotion recognition systems in a person’s speech is not trivial,
especially considering the differences in acoustic features for different genders [6], age groups [7],
languages [6,8], cultures [9], and developmental [10] features. For example, the authors of [11] report
that the average accuracy of speech emotion recognition is 93.3%, 89.4%, and 83.3% for men, women
and children, respectively. The lower accuracy of recognizing emotions in children's speech may be
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due to the fact that children interact with the computer differently than adults as they are still learning
the linguistic rules of social and conversational interaction.

It is highlighted in [12] that the main goal of emotion recognition in conversation (ERC) systems
is the correct identification the emotions in the speakers' utterances during the conversation. ERC
helps to understand the emotions and intentions of users and develop engaging, interactive, and
empathetic HCI systems. The input data for a multimodal ERC is information from different
modalities for each utterance, such as audio-visual speech and facial expressions, and the model uses
this information to make relevant predictions of emotions for the utterance. In [13] it was found that
in the case of audiovisual recognition of emotions in voice, speech (text), and facial expressions, the
facial modality provides recognition of 55% of emotional content, the voice modality provides 38%,
and the textual modality provides the remaining 7%. The last is the motivation to use audio-visual
speech emotion recognition.

There are few studies on multimodal emotion recognition in children, and even fewer studies
have been done for automatic children's audiovisual emotion recognition. Due to the small size of
the available datasets, the main approach was to use traditional machine learning (ML) techniques.
The authors of [14] mentioned the following most popular ML-based classifiers: SVM, GMM, RF,
KNN, and ANN, with the SVM classifier being employed in the majority of ML-based affective
computing tasks. Recently, attention to research on automatic methods of emotion recognition in
audiovisual speech has increased due to the development of new efficient ML and Deep Learning
(DL) methods [15], the availability of open access datasets of emotional audiovisual speech and high-
performance computing resources [16].

Motivated by these developments, in this study we have developed a neural network
architecture for children’s audiovisual emotional recognition. We conducted extensive experiments
with our architecture on our proprietary dataset of the children’s audiovisual speech.

The main contributions of this study are as follows:

1.  An extended description of the children’s audiovisual emotional dataset is provided.
An architecture of a neural network for children’s audiovisual emotion recognition is proposed.
3. Experiments on emotion recognition based on the proposed neural network architecture and the
proprietary children’s audiovisual emotional dataset are given.

The remainder of this paper is structured as follows. We analyze the common datasets and
algorithms for the multimodal children emotion recognition in Section 2. In Section 3, we present a
description of the dataset we collected specifically for our purposes. We demonstrate the algorithms
and the model we propose for solving the problem in Section 4. In Section 4, we describe the
experiments with our data and algorithms, and in Section 5 we present the results of the experiments.
Lastly, Section 6 summarizes the contributions of the article and formulates the directions of future
research on multimodal children’s emotion recognition.

2. Related Work

Over the past decade, many Audio-Visual Emotion Recognition (AVER) systems for adults have
been proposed in the literature. There are numerous publications and reviews on three traditional
AVER issues: databases [17], features, classifiers, and data fusion strategies [18-21]. The authors of
[22] covered all the major deep learning techniques used in AVER. The authors of [15] investigated
audiovisual deep learning approaches to emotion recognition for the in-the-wild problem, using end-
to-end and transfer learning technique. The authors of [23] introduced a high-performing deep neural
network (DNN) based approach for AVER that fuses a distilled visual feature extractor network with
a modified VGGish backbone and a model-level fusion architecture.

However, there are few articles on children’s emotion recognition using single speech or facial
modalities, and even fewer on children’s audiovisual emotion recognition, which is due to the lack
of available children’s audiovisual emotional datasets.

In this section, we summarize some of the most relevant recent research on AVER, focusing on
children's audiovisual speech. In doing so, we pay special attention to children’s audiovisual speech
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emotion corpora and those approaches that use state-of-the-art machine learning and deep machine
learning methods.

2.1. Children’s Audio-Visual Speech Emotion Corpora

Despite the difficulties in obtaining emotions data, there are corpora of children's emotional
speech in different languages [24-27] and emotional facial expressions [28] of children. Research is
being conducted on the automatic recognition of emotions from children's speech [29,30] and their
facial expressions [31]. The accuracy of emotion recognition can be higher when using several
modalities [32], for example, audio and video, which requires the collection of appropriate
audiovisual corpora.

A brief description of the available datasets of children's audiovisual emotion speech is
presented in Table 1 and in more detail below.

Table 1. Characteristics of multimodal corpora of children's audiovisual emotions.

A
Corpus Modality Volume Language Subjects geyi(r):PS,

. Australian 750: 700TD;
AusKidTalk [33] AV 600 h English 50SD: 25 ASD 3-12
AFEW-VA [34] AV 600 clips English TD 8-70
CHIMP [35] Ay Ovideofilesfor English 50TD 4-6

10 min

EmoReact [36] AV 1102 clips English 63 TD 4-14
CHEA VD [38] AV 8h Chinese 8 TD 5-16
[32] AVTPh 18 h Irish 12 HFASD 8-12

Note: AV — audio-visual; AVTPh — audio, video, text, physiological signals (heart rate measure).

AusKidTalk (Australian children’s speech corpus) [33] — audio and video recordings of game
exercises for 750 children from 3 to 12 years old, equally distributed by age on the material of
Australian English (AusE). The study participants were 700 children with typical development (TD)
and 50 children with speech disorders — 25 children aged 6-12 years have a diagnosis of autism
spectrum disorder (ASD). For each child there are records that made in a structured session 90-120
minutes. Speech is collected in various activities of children intended for reflections of the range of
use in children's communication and various speech skill levels (e.g. restricted speech such as
numerals through to informal speech). Video recording of the entire session is used to support
manual annotation of children's speech.

AFEW-VA database [34] of highly accurate per-frame annotations of valence and arousal for 600
challenging, real-world video clips extracted from feature films and frame-by-frame annotations of
68 facial images. More than 30,000 frames with per frame were annotated.

CHIMP (Little Children’s Interactive Multimedia Project) [35] dataset collected by the Signal
Analysis and Interpretation Laboratory at the University of Southern California in 2005. In the Little
CHIMP experiments, 50 children of ages 4-6 each had a series of playing conversational interactions
game. This dataset consists of children playing an interactive computer game by conversing with a
Wizard-of-Oz controlled character.

EmoReact (Multimodal Dataset for Recognizing Emotional Responses in Children) [36] - a
multimodal spontaneous emotion dataset of 63 (31 males, 32 females) children ranging between 4
and 14 years old. It was collected by downloading videos of children who react to different subjects
such as food, technology, YouTube videos, and gaming devices. The dataset contains 1102 audio-
visual clips annotated for 17 different emotional categories: six basic emotions, neutral, valence and
nine complex emotion. EmoReact dataset is the only dataset about children expressing emotions like
verbally and visually [37].

CHEA VD (Chinese Natural Emotional Audio-Visual Database) [38] — a large-scale Chinese
natural emotional audio-visual corpus with emotional segments extracted from films, TV plays and
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talk shows. The corpus contains 238 (125 males, 113 females) speakers from six age groups: child
(<13), adolescent/mutation (13-16), youth (16-24), young (25-44), quinquagenarian (45-59), and elder
(260). Over 141 h of spontaneous speech was recorded. In total, 26 non-prototypical emotional states,
including the basic six, are labeled by four native speakers.

In [32] the authors described a current project to create a human-independent, multimodal
emotion detection system tailored for children with high-functioning autism (HFASD), with the
ultimate goal of using it to develop emotion-sensitive interfaces designed for children with autism.
The study involved 12 children aged 8 to 12 years. Recording is carried out in three sessions of 30
minutes each. The total time is 18 hours. Model for emotions detection involve four input modalities:
video, audio, text and physiological signals (i.e. heart rate measure).

It should be noted that most of the described datasets are for English, some for Chinese and Irish
languages. But no one is for Russian language.

2.2. Audio-Visual Emotion Recognition

Emotion recognition can be formulated as a problem where some source produces several
streams of data (features) of various modalities (e.g. audio, video, etc.) each with its own distribution,
and the goal is to estimate the distributions and map them onto the source. That, naturally, poses
several questions that ought to be answered when building an emotion recognition system: which
modalities are selected and represented, how the modalities are mapped on each other, and how the
joint representations are mapped onto the sources of the distributions. We will review research that
answers those questions and then propose our solution.

It has been shown, that regardless of the model and representations, multi-modal approaches
virtually always outperform unimodal ones [39], i.e. adding another modality can only benefit the
performance. While this may sound obvious, in fact, the notion relies on the fact that in the worst-
case scenario, a model is able to learn an identity mapping for the driving modality and disregard
another. However, as has been shown in practice, it is rarely the case that additional modalities carry
no valuable information. As for the selection of modalities, the most common ones in literature are
images (or sequences of images, i.e. video), audio, and text. Since our research is focused on children,
including pre-school children and children with developmental disorders, the contribution of textual
modality, as already noted in the Introduction section, is insignificant. Therefore, we pick video and
audio as our modalities of choice.

Representation is one of the key concepts in machine learning [40]. While the task of machine
learning imposes a number of limitations on the representations of data, such as smoothness,
temporal and spatial coherence, over the years, a bevy of various representations have been used to
solve various machine learning problems, and while some are more common than the other, there is
no clear rule for choosing the best representation. Traditional machine learning algorithms rely on
the representation of the input being a feature and learn a classifier on top of that [41], meanwhile,
the most agile modern models attempt to learn not only the representations, but also the architecture
and the hyperparameters of the model [42]. Both extremes, however, have several issues. The
traditional approach lacks the capability to discover deep, latent features and mostly unable to
achieve high efficiency associated with learning hierarchical and spatial-temporal relationships
within feature sets, and since there is no space to learn cross-modal relationships, multi-modal
models either rely on some sort of decision-level fusion or expert heuristics for joint representations.
The end-to-end approach, on the other hand, has a high computational cost and requires a precise,
structured approach to training [43]. With those limitations, most of the modern models take
reasonably preprocessed input data, then attempt to learn their efficient representations, including
joint representations, and finally learn to classify those representations.

There are several ways to present audio data to a model, the most common include [22]:

- waveform/raw audio, seldom used outside of end-to-end models, is simply raw data, meaning
the model has to learn efficient representations from scratch;
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- acoustic features such as energy, pitch, loudness, zero-crossing rate, etc., often utilized in
traditional models, while allowing for simple and compact models, are mostly independent by
design and prevent a model from learning additional latent features;

- aspectrogram or a mel-spectrogram, which shares some similar issues with raw audio, however,
has found its way into many models due to extensive research into convolutional neural
networks, since, being presented as an image, it allows to learn efficient representations as
shown in various practical applications;

- Mel-Frequency Cepstral Coefficients (MFCCs), which are coefficients that collectively make up
a mel-frequency cepstrum—a representation of the short-term power spectrum of a sound —
very commonly used as they provide a compact but informative representation.

In [44], a relatively recent large-scale self-supervised pre-trained WavLM model for speech
processing was proposed as an example of representation learning—a transformer encoder model
that learns to efficiently encode audio features for classification, trained on a large dataset. The frozen
encoder then can be utilized as a feature extractor for general purpose speech processing.

For image processing, the traditional approaches are extremely computationally expensive. For
example, when a raw image is processed through a fully connected neural network, the network has
to treat each pixel as an individual input and learn to extract relevant features from all locations
within the image. In contrast, a convolutional neural network (CNN) [45] can learn to recognize
patterns in an image regardless of where they are located, using shared weights across the entire
image and reducing the number of parameters required. By design, CNNs learn hierarchical
representations of the raw input data and due to the shown efficiency of this approach, this is the
most common approach for the representation of visual data. However, while a static image is a
common input for a variety of computed vision problems, there is also a large field of problems
concerned with sequences of images, i.e. video. Since for most of the practical tasks, there are strong
relationships between consecutive frames of the input video, it is natural that efficient representations
of those relationships are key for achieving high performance. For example, optical flow is a
technique used in computer vision that allows one to recognize and track movement patterns in video
footage [46]. Another option is employing a recurrent neural network (RNN), for example, a long
short-term memory (LSTM) network or a convolutional RNN, in which case a network is able to
collect global context and produce representations enhanced with those shared latent features [47].
Another relatively recent approach is to implement a 3D CNN [48] where the temporal dimension is
added to both the input tensor and the filters. While the idea of considering a sequence of images as
just another dimension of the input tensor is relatively natural, the significant increase in the number
of weights presents the need for a large amount of training video data and incurs a high
computational cost. However, as the CNN architectures for image processing became highly
optimized and somewhat larger video datasets have become available, this approach became
legitimately viable.

The key concept for multimodal classification is the fusion of modalities. Though earlier models
relied on unimodal classification and consecutive ensemble learning for decision-level fusion such as
averaging, voting, weighted sum, etc., it was quickly discovered that both the redundancy of features
between modalities and latent cross-modal relationships can be utilized to achieve higher
performance [18,20]. Another traditional approach is to implement an early fusion. While some of
the works propose the fusion of modalities at the input data level [49], the most common approach
is to combine modalities upon feature extraction, relying on some sort of heuristics [18,20]. In modern
research, fusion is applied somewhere between the feature extraction and the decision level with the
goal of learning efficient joint representations to both eliminate the redundancy in order to reduce
the computational cost, and to align modalities to take advantage of cross-modal relationships.

There are several strategies for this kind of intermediate fusion, but the most common technique
is to implement fusion via an attention mechanism [16], a method to focus on the most relevant
information from each modality, to determine which parts of each modality's input should be given
greater focus when making a prediction, and selecting the most important features from each
modality and combining them in a meaningful way. In a more general sense, the attention technique
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can be understood from the distinction between soft and hard attention. To emulate human
perception and reduce computations, ideally, a model should be able to ignore the clutter in the input
data and attend only to the meaningful parts [50] sequentially and aggregate information over time—
this approach would implement the so-called hard attention. However, to achieve that, it would
require the model to make choices where to look at and they are difficult to represent as differentiable
functions which would be required for the most conventional techniques for training. Requiring a
model to be differentiable means that the model is simply able to associate more importance with
certain parts of the input data—this approach is called soft attention.

Another informative way to designate attention techniques is to focus on the dimensions, across
which they are applied. Though some terminology may be used interchangeably in the literature,
more common one includes:

e channel attention - as channels of feature maps are often considered feature detectors, it
attempts to select more relevant features for the task [51];

e  spatial attention — in the cases with multidimensional input data such as images, it attends to
inter-spatial relationship of features [52];

e temporal attention — though the temporal dimension can sometimes be considered simply as
another dimension of input data, in practice it might be beneficial to view it separately and apply
different logic to it, depending on the task [52];

e  cross-attention — mostly utilized in the cases with multiple modalities to learn relationships
between modalities; since different modalities often have different dimensions, the modalities
cannot be viewed as just another dimension of the input tensor, thus requiring a different
approach from simply increasing the dimension of the attention maps; can be used to combine
information from different modalities, in which case it is said to implement fusion of modalities
[53].

The authors of [54] suggested that applying attention along the input dimensions separately achieves
lower computational and parameter overhead comparing to computing attention maps with the same
dimensions as the input. The authors of [55] proposed the “Squeeze-and-Excitation” block, an
architectural unit that explicitly models interdependencies between channels and recalibrates feature
maps channel-wise. The authors of [56] presented a self-attention mechanism for CNN to capture
long-range interactions between features, which, in modern research, is mostly applied to sequence
modeling and generative modeling tasks, they show that they can improve the performance of a
model by concatenating convolutional feature maps with a set of feature maps produced via self-
attention. The authors of [57] implemented cross-attention for multimodal emotion recognition from
audio and text modalities where the features from the audio encoder attend to the features from the
text encoder and vice versa to highlight the most relevant features for emotion recognition. Though
the features from those two modalities are eventually concatenated before passing them to the
classifier, the attention block does not explicitly implement a fusion of modalities and is rather an
example of late fusion. The authors of [58] proposed a universal split-attention block for fusion of
modalities where the attention block explicitly fuses features from different modalities and can be
both placed at arbitrary stage of a network and repeated multiple times across the network.

After the feature maps are generated by a network, the final step is to classify the sample into
one of the target categories. The most common approach is to map the feature maps onto scalar values
(flatten the feature maps) and present the output as a scalar vector so that it can be presented to a
fully connected network which is trained to classify the input into one of the target categories, usually
by a SoftMax layer with the number of neurons equal to the number of classes [41]. Even though this
approach is utilized in most of the modern models, flattening of the feature maps effectively discards
the spatial and temporal relationships. To investigate some of those issues, the authors of [59]
suggested to generate class activation maps using global average pooling where a class activation
map for a particular category indicates the discriminative image regions used by the CNN to identify
that category. Since the outcome of this procedure can encapsulate the spatial and temporal
relationships between the input and the feature maps, this information can also be employed for
classification. In this paper we demonstrate one such approach.
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3. Corpus Description

To study children’s audio-visual emotion recognition, an audio-visual emotional corpus was
collected. The corpus contains video files with emotional speech and facial expressions of Russian
speaking children.

3.1. Place and Equipment for Audio-Visual Speech Recording

The recording was conducted in the laboratory room without special soundproofing (the noise
level was determined only by the operation of the switched-on equipment). Children's speech was
recorded using the Handheld Digital Audio Recorder PMD660 (Marantz Professional, in Music, Inc.,
Sagamihara, Japan) and the external microphone “SENNHEIZER e8355” (Sennheiser electronic
GmbH & Co. KG, Beijing, China) with the following settings: the sampling rate was set to 48,000 Hz
and the mono audio channel was used in all the recording sessions. In parallel with the recording of
speech, the child's behavior and facial expressions were recorded using the video camera “SONY
HDR-CX560” (SONY Corporation, Tokyo, Japan) with maximum resolution 1920 x 1080 at 50 frames
per second. The video camera was located at a distance of 1 meter from the child’s face. During
testing, the child sat at the table opposite the experimenter. The light level was constant throughout
the recording session. Speech files were stored in Windows PCM format WAV, 48,000 Hz, 16 bits per
sample; video files are stored in AVI format.

3.2. Audio-Visual Speech Recording Procedure

Recording of speech and facial expressions of children was carried out when testing children
according to the Child’s Emotional Development Method (CEDM) [60]. The CEDM includes two
blocks. Block 1 contains information about the child's development received from parents/legal
representatives. Block 2 contains information about methods for children testing, including
interview, psychological tests, play situations. Block 2 includes tests and tasks aimed at: 1) to extract
the child's emotional state from the voice, speech, facial and behavior traits; 2) to discover the child's
ability to recognize the emotional states of others. All children were tested by two Subject Matter
Experts (SME) with professional experience more than 10 years working with children. One session
lasted 1.0-1.5 hours. This time included conversations with parents, filling out questionnaires and
testing children (40-60 minutes).

Participants of the study were 30 children aged 5-11 years.

The criteria for including children in the study were:

1. The consent of the parent/legal representative and the child to participate in the study.
Age of 5-11 years for the current study.

3. The absence of clinically pronounced mental health problems, according to the medical
conclusion.

4. The absence of severe visual and hearing impairments in children according to the conclusions
of specialists.

The experiment procedure includes a conversation with parents about the aim of the study,
signing the Informed Consent. Filling out the questionnaires by parents - Questionnaires to identify
the current state of the child: “Overall and emotional development of the child”.

The experimental study begun with a short conversation with the children in order to introduce
the experimenter to the child. The child then completed the following tasks: playing with a standard
set of toys, co-op play, “acting play” when the child is asked to show (depict) the emotions “joy,
sadness, neutral (calm state) anger, fear”; should pronounce the speech material, manifesting the
emotional state in voice; video tests — for emotions recognition, standard pictures containing certain
plots.

All procedures were approved by the Health and Human Research Ethics Committee (HHS, IRB
00003875, St. Petersburg State University) and written informed consent was obtained from parents
of the child participant.
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3.3. Audio-Visual Speech Data Annotation

Specifically for training the neural network based on our approach with 3D CNN, we have
prepared an annotated dataset that contains relatively short video segments with audio. First, we
performed facial landmark detection across the whole video dataset and automatically selected the
segments with continuous streams of video frames with fully visible faces (as per the data collection
procedure, most of the frames with fully visible faces belong to a child being recorded). Further, we
applied speaker diarization and selected the segments where the continuous streams of video frames
with fully visible faces intersect with continuous speech. Next, we had a group of 3 experts review
the obtained video segments to either annotate them with an expressed by a child emotion, reject a
segment if the face of a speech belonged to a non-target person appearing in the recording (due to
difficulties in working with children, sometimes a parent or a staff member may appear in a frame or
speak out to guide or help a child during the recording process), or annotate the segment with
additional timestamps if across the video segment a child expresses different emotions at different
times. To streamline the process, we have developed a simple application to assist the experts with
reviewing the segments in the context of the extended video recording, annotating them, and
marking additional timestamps. Upon the completion of the annotation process, the annotations
were used to filter the dataset and further split the video segments according to an expressed emotion
where necessary. Finally, we randomly split the segments into 30 frames long subsegments which
were then used for training the neural network.

4. A Neural Network Architecture Description

For children emotion classification, we propose a neural network based a 3D CNN for video
processing and a 1D CNN for audio processing. To demonstrate the performance of our solution, we
took as the baseline the architecture from [58], as that solution has shown a state-of-the-art
performance for the target problem. Note, however, that in [58] the authors propose a modality fusion
block while utilizing existing approaches for video and audio processing to demonstrate the
performance of their proposed solution for several machine learning problems, including emotion
detection. Similarly, in this manuscript we do not discuss in details the underlying models and refer
the reader to the original article [58]. Our goal here is to demonstrate that by optimizing the attention
component of the model to the particularities of the source data we can improve the performance of
the emotion classification for children speech.

Per the research in children speech, some of which is reviewed in the introduction section, the
temporal alignment between the visual and the audio modalities is highly informative for the
detection of emotions in children speech. Also, it seems that the research indicates that this temporal
alignment might be not only dependent on the psychophysiological aspects of children in general,
but also may differ for typically and atypically developing children, and, moreover, for different
types of atypical development. This, naturally, provides for an assumption that by increasing the
focus and granularity of modeling the inter-modal temporal relationships may result in an improved
performance of a model. For this problem, we propose a solution which is a modification of the cross-
attention fusion module introduced in [58], followed by an inspired by [59] classifier based on
applying “Squeeze-and-Excitation”-like attention [55] to the feature maps of the final layer for a
classification preserving more spatial relationships than a traditional approach with flattening the
feature maps and attaching a fully-connected network.

For a comparison between the baseline and the suggested in this paper architectures, see Figure
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Figure 1. An overview of the baseline (a) architecture [58], where MSAF refers to the suggested by the
authors multimodal split attention fusion, and the suggested architecture (b). The blocks highlighted
with green signify the implementations of the multimodal fusion over the base models for video and

audio processing.

Let us underscore a couple of differences between the proposed and the baseline models. First,
in this article, we present a different implementation for the fusion block: here, we implement it in a
window and with the query-key-value approach to calculating attention. Second, in the baseline
model, the fusion block is placed at two locations but in our model, we find one block sufficient.
However, it is important to highlight that neither we nor the authors of the baseline model require a
specific placement of the fusion block: both consider the fusion block a black box or, in a sense, a layer
that can be placed at arbitrary positions and an arbitrary number of times, depending on various
circumstances such as a choice of the base models for video and audio processing. Third, in our work,
we propose a different approach to classification: instead of the traditional flattening of the feature
maps with a dense layer, we deploy an attention layer to transform feature maps into class maps
where the number of the class maps equals to the number of the target classes.

4.1. An algorithm for multimodal attention fusion

Following [58], we do not assume a specific placement of the attention block in the architecture,
essentially, we only consider the attention block in a context of a neural network architecture a black
box with feature maps in—feature maps out. Briefly (for a more detailed explanation we direct the
reader to [58]), the cross-attention fusion module for video and audio modalities takes feature maps
F = {F,, F,}, where F, are feature maps for the video modality and Fa are feature maps for the audio
modality and, as an input and produces modified feature maps F' = {F',, F',} with the goal of
enhancing the quality of representations of features of each modality by attending to them according
to the information learned from another modality. As a sidenote, here we do not make an explicit
distinction between the sets of feature maps and the blocks of sets of feature maps where the notion
of blocks appears from the introduction of cardinality —an additional dimension to the data passing
through a network—in the ResNeXt architecture since both our approach and the approach in [58]
are essentially agnostic to this distinction in the sense that both simply operate on vectors containing
feature maps. To calculate the modified feature maps, first, each modality must be mapped to a space
with only temporal dimension, which for our problem simply means the spatial dimensions of the
video modality are collapsed to a scalar via global average pooling. After obtaining the channel
descriptors, a commonly called global context descriptor has to be formed as the source of the
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information about cross-modal relationships. Here, we propose the following approach: to capture
the more immediate relationships between the modalities, we calculate the query, key, and value [61]
in a window of length S for the context vectors F; and Ff for video and audio modalities,
respectively (see Figure 2).

FS I

EEEN

' '
' '
L L

FP (M TITTITITITITIT11]

Figure 2. Schema to calculate the query, key, and value in a window of length S for the context vectors
Fy and F{ for video and audio modalities, respectively.

Since this approach initially appeared in the context of the natural language processing problems
and is often explained in the terms of that field, here, we want to provide a brief intuition for applying
this approach in more general terms. First, in the case of one modality, the goal is to find relationships
between different sections of a feature map of that modality. For additional clarity, when we consider
videos, i.e., a modality with both spatial and temporal dimensions, we can consider either the self-
attention within a single image where sections are represented as regions of pixels in the image, and
the self-attention within the temporal dimension obtained by, in one way or another, collapsing the
spatial dimensions of a series of images; the “query, key, and value” approach is agnostic to
whichever one we choose.

However, in this article, we are always talking about the attention in the temporal dimension.
To achieve that, each section is mapped to three different vectors: “query” — functioning as a request,
“value” — functioning as a response, and “key” — a map between queries and values. Nevertheless,
it is important to understand that attribution of a function or role to those vectors serves mostly for
the purposes of human understanding while from a purely technical standpoint, the procedure is
implemented simply via a triplication of a fully-connected layer and then another layer joining the
outputs together.

Let us call the learnable transformations for the query, key, and value (g, k,and ) vectors Ty, Tk,
and Ty, respectively. Then, for the context vectors FS and Fy for video and audio modalities, and
for their windowed segments F,°' and F™!, we calculate § = To(Fy ™), k = Tg(Fe ), and 7 =
Ty (Fac'si). While the dimensions of the value vectors are not required to match the dimensions of the
query and key vectors, unless there is a specific reason to choose otherwise, most commonly the
dimensions do match, for simplicity; here, we follow this approach, so q,k,# € RP. Strictly
speaking, the key vectors do not provide a one-to-one mapping between queries and values, instead,
they incapsulate the likelihood or the strength of the relationship between each query and each value.
Also, since we consider each segment of each windowed context vector independent, we are only
interested in the relative likelihood which we, following the common approach, implement via
softmax. So, for each query 7;, we would calculate softmax([q;, k,]) for each key k., for ,m €
1,...,M, or, in matrix form: softmax([qy,..., qu1[k1,--- knl")

The result, in some sense, is a heatmap, showing the strength of the relationships between
queries and values. Now, at this point, we still have to construct a function that would take this
heatmap and the values and produce a new set of feature maps and while, in principle, this function
can also be learned, it had been shown that a simple weighted average provides for a good balance
between the performance and the required computational resources since it, again, can be calculated
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as a straightforward matrix multiplication. Summarizing the algorithm, we can present the equation

for joining the outputs (the attention) as:

Attention(Q,K,V) = softmax (Q—JI;_:> V. (1)

where \/d_k is a simple scaler.

As for the learnable transformations for the query, key, and value for multiple modalities, in our
case, we obtain them via projection of the windowed segments of the context vectors v; and ag for
video and audio modalities, respectively, with learnable parameters w,, wy, and w,:

q = wevs, k = wias, v = wya,. (2)
After obtaining the attention maps (1), we can calculate the new feature maps:
F'={Fy,Fa} ={F, O Ay, F; O 44} (3)
Here, similar to how we do not make a distinction between feature maps and sets of feature maps,
we also can view our suggested windowed attention as adding another dimension to the collection
of feature maps which we can simply flatten when necessary, for example when passing them to a
classifier.

4.2. An algorithm for feature-map-based classification

As for the classifier, inspired by the concept of class activation maps in [59], we propose the
following intuition first: with N feature maps at the final layer, our goal is to obtain C feature maps
each representing a category we are attempting to detect. To perform this transformation, we suggest
to apply the “Squeeze-and-Excitation”-type attention [55] C number times each with different
learnable parameters with an assumption that this procedure would allow for learning the
relationships between low-level feature descriptors, represented by the feature maps of the final
layer, relevant to each target class separately. This way, after applying softmax to the globally
average pooled class maps, we are expecting to obtain a probability distribution for the target classes.

Comparing to [55], we omit the initial transformation step for the feature maps as we assume
the feature maps at the final layer already represent low-level features and do not require additional
transformations for spatial information. So, for each of the C class maps, we perform global average
pooling, followed by the excitation operation (see [55], section 3.2):

s = o(W,6(W,2)),

where ¢ is a sigmoid function, § is ReLU, W, , are learnable parameters also implementing a
bottleneck with a dimensionality reduction-expansion hyperparameter, and s is the vector further
used to scale the channels of the feature volume F’ ' = F, x s;. The final output of the model is then:

R = softmax(GAP([F'*])).
4. Experimental Setup

4.1. Software implementation

To achieve higher efficiency in conducting the experiments, we created a software environment
based on the Docker Engine'. The aim of this framework was to simplify running the experiments of
different machines, conducting ablation studies, and experimenting with base image and audio
processing models. We employed the PyTorch? for implementing the components of our model and
we followed the SOLID [62] approach to software development to simplify reconfiguration of the
model. Then, we created docker configuration scripts which would dynamically pull the necessary
source code and downloadable resources such as base models, set up an execution environment and
external libraries, and run the experiments. We ran the experiments on two machines with NVIDIA
GeForce RTX 3090 Ti GPUs.

1 www.docker.com
2 https://pytorch.org


https://doi.org/10.20944/preprints202310.0722.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 October 2023 doi:10.20944/preprints202310.0722.v1

12

4.2. Fine-tuning

Similar to [58], we used the base models trained on the Ryerson Audio-Visual Database of
Emotional Speech and Song (RAVDESS) [63], and we further fine-tuned the models with samples
from our dataset of children's emotional speech.

4.3. Performance Measures

For evaluation of the results of the experiments, we selected several common metrics, often used
for similar tasks. First of all, we collected the multi-class recognition results into confusion matrices
and extracted the true positive (TP), true negative (TN), false positive (FP), and false negative (FN)
metrics.

Then, we calculated the accuracy, precision, and recall as

TP + TN
TP+TN-II—’FP+FN’
Precision =

Accuracy =

TP + FP’
TP

TP + FN’

Recall =

respectively.

Additionally, we calculated the F1-scores per class as
Fl(class) = 2 X Precision(class)xRecall(class)

Precision(class) + Recall(class)

5. Experimental Results

From the corpus of child speech, we selected 205 recorded sessions and after processing them as
described in 3.3 we obtained 721 video segments with variable length, annotated with an expressed
emotion. Due to a relatively small volume of data, we randomly extracted 30-frame-length non-
intersecting segments ensuring the balance between classes and repeated the process 6 times and
averaged the results. For each batch, we performed a k-fold cross-validation with 80% of samples
used to training and 20% for testing.

In addition, we conducted an ablation study where we tested the fusion block separately from
the classifier.

5.1. Results of Automatic Emotion Recognition on Extended Feature Set

Anger

Joy 1

Actual Classes

Neutral q

Sad - 0.12 0.14 0.26

(1) Anger Joy Neutral Sad
predicted Classes


https://doi.org/10.20944/preprints202310.0722.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 October 2023 doi:10.20944/preprints202310.0722.v1

13
Anger
g Jovq
o
E Neutral A
sad -
: ' tral d
(2) M dctedclosses
Figure 1. Confusion matrices for both the fusion block and the classifier (1) and for the fusion block
only (2).
Table 2. Per-class scores in multi-class classification.
Per-class performance
Emotion Anger Joy Neutral Sad
Accuracy 0.77 0.74 0.70 0.77
Recall 0.48 0.42 0.59 0.48
Precision 0.54 0.48 0.43 0.54
F1-score 0.51 0.45 0.50 0.51
Table 3. Average scores in multi-class classifications.
Classifier Overall Accuracy
Fusion block + classifier 0.492
Fusion block only 0.487

Comparing to the results of the state-of-the-art (baseline) model at 0.482, our proposed approach
demonstrates a relative improvement in performance by about 2%.

6. Discussion and Conclusions

Experts in children speech observe that the relationships between the expressions of emotions
in different modalities are distinct between children and adults. Relying on their experience and
empirical knowledge, it appears, they can utilize it for a better recognition of a child’s emotions,
manually analyzing the samples. This led us to propose a hypothesis that by focusing more on the
temporal relationships between different modalities for multi-modal automatic emotion recognition
in children we can achieve improvements in performance. Due to the complexity of the problem, in
the modern scientific literature one can find a wide variety of approaches and models. To test our
hypothesis, we selected several common and popular approaches that demonstrate state-of-the-art
performance in similar tasks and took them as a baseline. It was important to isolate our solution as
much as possible, making sure the differences in the performance mostly emerge from differences in
the models related to our hypothesis rather than from unrelated differences. Unfortunately, in
machine learning, even repeating the same experiment with the same model and data it is impossible
to produce exactly the same results, however, we attempted our best to utilize the same base models
and mostly the same training data, except for our novel corpus of children emotional speech.

As for the implementation of our solution, we focused on the parts of the model, responsible for
the multi-modal fusion via attention. To help the model to focus more on the temporal relationships
between different modalities, we proposed to window the context vectors of the modalities, calculate
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the attention with the query-key-value approach, and perform modality fusion utilizing the obtained
attention maps. Additionally, since this approach focuses on the temporal dimension, we also
introduced an approach to classification based on the concept of class activation maps that elevates
the attention to the spatial dimensions. However, it is important to highlight, that our original
hypothesis only related to the temporal dimension and, even though, eventually, we observed a
cumulative improvement in performance, we did not explicitly test the hypothesis that this approach
to classification is independently positive. Now that we observed the results, in future work, we plan
to introduce this idea separately and evaluate the performance.

By evaluating the results of the experiments, we confirmed that with a significant degree of
certainty, our solution can improve the performance of automatic recognition of emotional speech of
children. In future research we plan to focus on collecting more data, particularly, for children with
atypical development, and testing our solution on more varied data. Also, we want to develop more
practical tools and applications for people working with children with typical and atypical
development to stress-test our solution in real-time environment.
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