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Abstract

Accurate recognition of emotions has many applications, but it is challenged by difficulties in collecting
emotions in the wild. While naturally occurring emotions are expensive to collect, the inherent bias
in their distribution further confounds the issue. The random sampling method frequently employed
by researchers fails to overcome these limitations. We propose an adaptive sampling method based on
active learning as an alternative to collect emotions with balanced distribution while reducing burdens on
users. The effectiveness of adaptive sampling is empirically evaluated with the K-EmoCon, the dataset
of continuous emotions and physiological signals collected in the context of naturalistic conversations.
The tradeoff between collecting balanced data and querying informative samples is also explored with a

parameterized query strategy.

Keywords human-computer interaction, affective computing, experience sampling method, machine

learning, active learning
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Chapter 1. Background & Summary

The goal of automatic emotion recognition is to endow machines with emotional intelligence [88, 124], to
allow them to understand human emotions. Such ability of machines can have many uses, ranging from
medical applications including the prognosis, diagnosis, and treatment of mental illnesses [87, 108, 138],
the development of more human-like virtual intelligent assistants capable of recognizing, understanding,
and even possibly expressing emotions [101, 115], to the addition of simple emotional skills to smart
home appliances to lubricate their social interaction with users [14, 75, 116]. This idea of giving a
machine a quality that is most human of all has been a long-sought goal throughout our scientific
endeavor and recently developed into a branch of its own in computer science since Picard established
the field of Affective Computing [107]. So far, many researchers have contributed to the field to develop
systems capable of recognizing emotions from multiple modalities, which include facial expressions [89,
94, 96], utterances [113, 140], gestures [51, 72|, writings [4, 146], and physiological signals [18, 99, 110],
and recently with the rapid development in the field of Artificial Intelligence, in the particular lead by
advances in deep neural networks, the field is flourishing with algorithms capable of accurate detection
of human affective states.

Nonetheless, the problem of emotion recognition is far from being solved, given the inherent perplex-
ity of emotions and limitations in the real-world application of the emotion recognition technology. While
the detection of explicitly observable manifestations of emotions such as facial expressions and speech
is straightforward [16] and often systems based on those modalities are sufficient to be commercialized
as software such as MS Azure facial recognition API and Affective Media Analytics tool, their usage is
limited to narrow target scenarios, as certain configurations of facial muscles or timbre of speech do not
capture the entirety of a person’s internal state. In the wild, human facial expressions and speeches are
intentionally regulated often to deter the decoding of underlying the affective state [46], which is entirely
natural from an evolutionary and social standpoint [11, 73]. Our emotions are not absolute nor discrete
nor 2-dimensional; emotions are more than a number of expressions on our faces [7]; possibly emotions
are not even countable, without an injective mapping to individually discernible biophysical states, and
are only definable in the context of social interactions and relationships which the emotions occurred.

On top of these complications associated with emotions, naturalistic emotion data is notoriously
difficult to acquire compared to other types of data such as images of cars or human writing in different
languages. At the root of this problem is the ambiguity in what constitutes as ground truth for emo-
tions [28]. Broadly, there are two ways for annotating emotions: with self-reported labels from subjects
who experience emotions first-hand or with perceived labels from external observers [154]. If these two
labels concur, then we have a ground truth, but the agreement is rare for emotions naturally occurring in
interactions involving multiple individuals. Another issue is the difficulty of capturing natural emotions
in the wild. To capture emotions, researchers need to interrupt people when they experience or observe
emotions to produce annotations or ask to assess emotions retrospectively. Nevertheless, both in-situ
and retrospective approaches to emotion annotation are subject to biases [78, 79, 120]. When asked to
report their emotions at the moment, people may be urged to censor negative emotions to appear more
socially favorable [20]. This social desirability bias similarly influences emotions reported in retrospect,
which are also subject to human memory’s fallibility. Of course, information associated with emotion

labels such as facial expressions need to be gathered together to develop emotion recognition systems,



and this cannot avoid the issue of privacy violation.

Given these obstacles, collecting emotions in controlled environments such as laboratories with
stimuli designed to induce specific emotions has been the most widely employed approach for emotion
research [1, 30, 54, 65, 74, 85, 90, 131, 134, 136], as this approach can mitigate the issue of ground
truth and cognitive biases in emotion labels. Simultaneously, the concern for privacy violation can be
reduced with the explicit approval of subjects for data collection. However, again, the generalizability
of emotion recognition systems trained with data collected in controlled environments is questionable if
such systems are to be used in realistic situations. As noted, emotions are highly context-dependent [8,
21, 22] and also subject to individual variability [53, 76]. The modality of inputs to emotion recognition
systems is also an issue, as it is simply implausible to monitor someone’s facial expression or speeches
with current technologies without violating the privacy of others.

Altogether, the issues in collecting naturalistic emotions for developing a system that can recog-
nize emotions in a real-time call for an approach capable of probing emotions at opportune moments
without imposing too much burden on subjects and involves a noninvasive method for collecting affec-
tive information associated with emotions. In light of that, Experience Sampling Methods or Ecological
Momentary Assessments (ESM/EMA) [33, 77, 132] is widely used in recent years for emotion-related
research [52, 97, 143], not only as a tool for observation and data collection but as means of intervention
as well [59, 102, 147], together with passive data collection from mobile and wearable devices [3, 84, 95,
109, 145] or even social networks [121]. While the reliability of self-reported emotions via ESM remains
an issue, ESM is well received in the field as it supports the assessment of emotions in the circumstances
inaccessible with traditional methods and studying emotions in dynamically changing contexts involving
varying interactions and events, thus expanding the domain of emotion research beyond the laboratories
to the real world.

In the real-world adoption of the ESM for emotion research, however, major pitfalls of the method
are the exhaustive data collection process compromising the ecological validity of research and the mea-
surement effect arising from repeated answering of ESM questionnaires affecting emotions [23, 35, 126].
Further, the effect of an ESM study on what it intends to measure, i.e., emotions or symptoms of an
ailment, and the quality of collected data are subject to numerous variables, including the design of an
experiment and a survey instrument [56], the sampling frequency and the survey length [38], the total
duration of the experiment [141], and in particular, the timeliness of an ESM survey, not only because
when the measurements are taken relates to what emotions are collected [37], but the distribution of emo-
tions in the wild is inherently imbalanced [153]. While previous studies employed various approaches to
collect emotions in the wild, from the frequently employed randomly triggered [61, 91] or event-triggered
questionnaires [60, 71, 81, 137], all methods are subject to biases from the underlying distribution of
emotions, self-selection, and attrition.

An adaptive experience sampling method that does not rely on a heuristic to trigger questionnaires
in that regard can be an alternative to traditional approaches for the in-situ collection of emotions. In
part motivated by the interruptibility research [45, 111] that aims to allow computer systems to discover
opportunities to interrupt human users at moments that are most appropriate for an interaction, instead
of manually scheduling ESM questionnaires, an adaptive ESM would use an algorithm with specific
objectives to determine the most opportune moments for sampling emotions. This idea has been explored
with a rule-based approach balancing interference and data fidelity [50], annotation prediction based on
active learning and semi-supervised learning [83], modeling of interruptibility from mobile phone usage

and contextual information [106], and decision-theoretic models built upon predictive models [64, 117].



In the same vein, this work investigates the possibility of applying an adaptive experience sampling
method for collecting emotions in the wild. Towards that goal, we use the K-EmoCon [105], a multi-
modal emotion dataset of continuous emotions in during debates, and train physiology-based emotion
recognition models with physiological signals and continuous emotions annotations in the dataset via
active learning [128] in an environment simulating a realistic emotion data collection scenario. In that
process, we explore the prospects of active learning for overcoming the challenges proposed by the im-
balanced distribution of naturalistic emotions in training emotion recognition models and evaluate the
effectiveness of active learning for reducing the burden of users in emotion data collection. Further, we
observe how different configurations of query strategies in active learning affect the performance of a
resulting emotion recognition model and their implications in learning from imbalanced data, using a
parameterized query strategy combining uncertainty sampling and minority sampling with additional
parameters v and ¢ controlling for the selectiveness and the coverage of an active learner. In summary,

the contributions of this work are as follows:

o We extend the research of experience sampling for emotions in the wild by assessing the viability of
active learning for adaptive sampling of emotions in the realistic emotion data collection scenario
and demonstrate that a comparable performance can be obtained for emotion recognition models
by using only 60% of the full dataset with active learning, which translates to the possibility of a

significantly reduced number of queries and user burdens in emotion data collection.

e We assess the technical validity of K-EmoCon, a recently published dataset of multimodal affect
information and continuous emotion annotations in emotion recognition research, by developing

physiology-based emotion recognition models with potential applications in real-world scenarios.

e We explore the implications of different query strategies, especially the query selectivity of a model
and the tradeoff between uncertainty and minority sampling, by training active learning models
for emotion recognition using the naturalistic emotion dataset with imbalanced distributions and
the parameterized query strategy, and discusses the importance of careful exploration during the

early stage of training an active learner.



Chapter 2. Related Works

2.1 Theories of Emotion and Recent Advances in the Field

Despite the common occurrence of emotions in daily lives, there is no consensus on the scientific
definition of emotions. They are often confused with mood, temperament, personality, and other psy-
chological constructs, while researchers differentiate between emotions and moods/sentiments/traits,
as emotions are intentional, i.e., object-directed, and moods are not, for example, depression [13, 48].
Moods also tend to last longer and affect our cognitive strategies, while emotions bias our actions [34].
Sentiments, on the other hand, are assigned properties of an object rather than states of an individual,
like how we would say a movie was “great” or “disappointing.” Then Basic Emotion Theory (BET) of
Ekman [39, 40] argues for 6 basic and universal emotions of happiness, surprise, fear, sadness, anger,
and disgust [42]. The term “basic” indicates that the six emotions are separate in terms of physiology,
appraisal, antecedents, response, and exist across species, and “universal” as they exist across cultures.

Other theories model emotions using a number of dimensions, from Russell’s Circumplex Model of
Affect with two dimensions of arousal and valence [119], a similarly two-dimensional Plutchik’s Wheel
of Emotions [112], to the Hourglass Model of Emotions with four dimensions of pleasantness, sensitivity,
aptitude, and attention [19]. The most widely used among the dimensional models of emotions is the
2D circumplex of affect, given the succinctness of the 2-D space and ease of use for simple surveys.

Nonetheless, the latest findings in emotion research suggest that emotions are not restricted to six
discrete categories nor several quantifiable dimensions. Recent research on facial expressions shows that
emotions are compound [36] — consider how one might simultaneously feel sad and happy on some
occasions, which we informally refer to as a “sappy” feeling. Another research suggests that emotions
are ordinal, i.e., relative rather than absolute [149], despite absolute annotations of emotions prevailing
in the literature.

More recent research in emotion research then suggests over 20 categories of emotions exist beyond
the basic six [29, 32, 67, 69, 133], including Ekman’s basic six and more abstract emotions such as pride,
awe, and love, and proposes that we build a high-dimensional taxonomy of emotional experiences and
expressions [31, 66] using data-driven methods to capture myriads of emotional behaviors, experiences,
and expressions [63]. Yet, it must be noted that these advances do not reject previous theories, including
BET, as they provide a generative framework rather than a definitive framework for emotion research [70],
claiming that basic emotions are not single affective states but a “family of related states.” [41] Further,
the discussion is ongoing, with the advent of social functionalism [68, 73, 142], which views emotions
to serve distinct purposes such as survival and reproduction in society and as means of communicating

information, to reward behaviors, and elicit certain behaviors during interpersonal interactions.
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Chapter 3. Data and Methods

In this chapter, we first discuss the data we use to develop and evaluate an adaptive sampling method
for emotions and the techniques for preprocessing physiological sensor data. We then formalize emotion
recognition as a classification problem in the context of adaptive sampling and propose online active
learning strategies based on a parametric query function for sampling/learning imbalanced emotions in
the wild. Finally, we discuss how we empirically compare active learning models’ performance against
offline models trained with full data and our experiments and evaluation strategies to investigate the

tradeoff between collecting balanced data and querying informative samples in active learning.

3.1 Data Description

For the implementation and evaluation of an adaptive sampling method for emotions in the wild,
we use the K-EmoCon dataset of physiological signals and continuous emotion annotations collected in

the context of naturalistic conversations. In the following, we discuss the data collection process and its

contents in detail.

Figure 3.1: A pair of participants sitting at a table during a debate: two smartphones on tripods were
placed at the center of the table to capture facial expressions and gestures in the upper body during a

debate. Participants’ faces are occluded per their request for privacy.



3.1.1 Data collection

Figure 3.2: A screen captured from actual debate footage of two participants (left: P5 and right: P6).

K-EmoCon is a publicly available multimodal dataset acquired from 32 participants engaging in
10-minute long paired debates on a social issue. It enables studying emotions in the context of natu-
ralistic conversations taking place in a social setting and recognizing continuous emotional states from
physiological signals acquired with commercial-grade wearable devices. For data collection, participants
were randomly assigned into pairs and engaged in a face-to-face debate on the Jeju Yemeni refugee crisis
for approximately 10 minutes. All debate sessions were conducted in a room with controlled temperature
and illumination to minimize environmental variations across debates. As shown in figures 3.1 and 3.2,
two participants sat across a table facing each other with cameras in the middle, recording their facial

expressions and upper body movements, along with speeches during a debate.

Participants wore a suite of mobile, wearable sensing devices during debates for the collection of
physiological signals. The choice of commercially available devices makes the dataset particularly fitting
for our purpose of developing a sampling method for emotions in the wild compared to many other
emotion datasets collected in a controlled laboratory setting with medical-grade devices. See table 3.1
for a detailed summary of the differences between the K-EmoCon and other datasets. Figure 3.3 and
table 3.2 show detailed info on the data collection apparatus used in the construction of the K-EmoCon
dataset, including how the devices were worn, their sampling rates, and the range of collected signals.

All debates were moderated by an experimenter and lasted approximately 10 minutes. Each par-
ticipant took turns speaking up to two consecutive minutes, and the moderator stopped a debate at the
ten-minute mark with some flexibility. After debates, participants annotated their own emotions and
their debate partner’s emotions at the interval of every 5 seconds from the beginning to the end of a de-
bate, respectively watching the footage of themselves and their partners during the debate. Additionally,
five external raters were recruited to annotate participants’ emotions during debates from an external

observer’s point-of-view.



Table 3.1: Comparison of the K-EmoCon dataset with the existing multimodal emotion recognition datasets: Posed

emotions are when a subject is instructed to enact a particular emotion while Spon. = spontaneous. Similarly, induced

emotions are when a set of selected stimuli is used for their elicitation. For annotation types, S = self, P = partner,

and E = external observer.

S . . Nat lvs. A tati A tati
Name (year) Size Modalities pon. vs atural vs nnotation nnotatlon - Gontext
posed induced method type
IEMOCAP Videos, face motion Per dial
er dialo
10 capture, gesture, speech Both Bothf s S, E Dyadic
(2008) [15] . . turn
(audio & transcribed)
SEMAINE Vid FAU h Trace-styl
150 1eos, 5 speec Spon. Induced race-style E Dyadic
(2011) [90] (audio & transcribed) continuous
Videos (face and body),
MAHNOB-HCI , audio, biosignal
27 eye gaze, audio, blosighals Spon. Induced Per stimuli S Individual
(2011) [134] (EEG, GSR, ECG, respiration,
skin temp.)
Face videos, biosignals
DEAP . R .
(2012) [74] 32 (EEG, GSR, BVP, respiration, Spon. Induced Per stimuli S Individual
skin temp., EMG & EOG)
DECAF NIR f: id, biosignal:
30 ace videos, blosignals Spon. Induced Per stimuli S Individual
(2015) [1] (MEG, hEOG, ECG, tEMG)
ASCERTAIN Facial moti its (EMO
58 acial motion units ( ), Spon. Induced Per stimuli S Individual
(2016) [136] biosignals (ECG, GSR, EEG)
MSP-IMPROV Per dial
12 Face videos, speech audio Both Bothf er dialog E Dyadic
(2016) [17] turn
DREAMER
23 Biosignals (EEG, ECG) Spon. Induced Per stimuli S Individual
(2017) [65]
AMIGOS Vid face & bod, Individual
40 idoes (face ody), Spon. Induced Per stimuli S, E naricual,
(2018) [30] biosignals (EEG, ECG, GSR) Group
MELD Vid h Dyadi
7 161608, Speee Both Bothf Turn-based E yadie,
(2019) [114] (audio & transcribed) Group
CASE Biosignals (ECG, iration, Trace-styl
30 iosignals ( respiration Spon. Induced acestyte S Individual
(2019) [131] BVP, GSR, skin temp., EMG) continuous
CLAS Biosignals (ECG, PPG, EDA), L .
64 fosignals ( ) Spon. Induced Per stimuli/task ~ Predefined? Individual
(2020) [85] accelerometer
Videos (face, gesture),
K-EmoCon 32 speech audio, accelerometer, Spon. Natural Interval-based S P E Dyadic

(2020) [105]

biosignals (EEG, ECG, BVP,
EDA, skin temp.)

continuous

t A dataset was considered to contain induced emotions if scripted interaction was involved in the data collection, even though no artificial

stimuli (such as an emotion inducing video clip) was used.

i Predefined emotion categories of stimuli and success rates of participants in a set of purposefully selected cognitive tasks were used as

ground-truth labels.
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Figure 3.3: Wearable sensors worn by participants during data collection sessions for the construction of

the K-EmoCon dataset.

Table 3.2: Physiological signals collected with wearable sensing devices in K-EmoCon, with respective

sampling rates and signal ranges.

Devices Collected data Sampling rate Range [min, max]
3-axis acceleration 32Hz [-2g, 2g]
BVP (PPG) 64Hz n/a
, EDA AHz, [0.0148, 10048]
FEmpatica £
Heart rate (from BVP) 1Hz n/a
IBI (from BVP) n/a n/a
Body temperature 4Hz [—40°C, 115°C]
, Brainwave (EEG Fpl) 125Hz n/a
NeuroSky MindWave - ——
Attention & Meditation 1Hz [0, 100]
Polar H7 HR (ECG) 1Hz n/a




3.1.2 Dataset contents

The resulting dataset includes data from 16 paired debates, which sum to 172.92 minutes, including
physiological signals, audiovisual recordings of debates, and continuous annotations of emotions from
three distinct perspectives of the subject, the partner, and the external observers. Table 3.3 summarizes
the contents of the dataset.

Table 3.3: Summary of data collection and the contents of the K-EmoCon dataset.

Data collection summary

Number of participants 32 (20 males and 12 females)

Participants’ age 19 to 36 (mean = 23.8 years, stdev. = 3.3 years)

Session duration Total 172.92 min, (mean = 10.8 min, stdev. = 1.04 min)

1 - 5: Arousal, Valence

. 1 - 4: Cheerful, Happy, Angry, Nervous, Sad

Annotated emotions
Choose one: Common BROMP affective categories +

less common BROMP affective categories [100]

3-axis Acc. (32Hz), BVP (64Hz), EDA (4Hz), heart rate
Collected biosignals (1Hz), IBI (n/a), body temperature (4Hz), EEG (8 band,
32Hz), ECG (2Hz)

Among the collected data, we focus on physiological signals for the recognition of self-reported
emotions. In particular, we use data collected with Empatica E4 (BVP, EDA, and HST) and Polar H7
(ECG) to predict arousal and valence measured with the 5-point Likert scale. This is as our goal is to
develop an adaptive sampling mechanism that can trigger a self-report questionnaire at an appropriate

moment to sample users’ emotions by monitoring their physiological signals.

3.2 Data Preprocessing

Preprocessing raw physiological data and extracting features capturing characteristics and relation-
ships between different types of physiological signals is at the core of developing an emotion recognition
system. In the following section, we discuss the procedures in preparing physiological signals and emotion

annotations in the K-EmoCon for the training of emotion recognition models.

3.2.1 Feature extraction from physiological signals

For extracting features from physiological signals, we use PyTEAP [104], a Python implementation
of Toolbox for Emotion Analysis using Physiological signals (TEAP) [135, 144]. TEAP is a toolbox
dedicated to the extraction of features from multiple types of physiological signals, including electro-
cardiogram (ECG), blood volume pulse (BVP), galvanic skin response (GSR), human skin temperature
(HST), electromyogram (EMG), respiration (RES), and electroencephalogram (EEG). While TEAP is
written in MATLAB, we translated TEAP into Python, as it is interoperable with popular machine
learning and deep learning frameworks such as PyTorch, and created PyTEAP.

10



Table 3.4: Features extracted from physiological signals with PyTEAP and their descriptions.

Type Feature Description
Peaks per second average number of peaks in resistance exceeding 100 ohms per second
GSR Mean amplitude mean amplitude of peaks from the saddle point preceding the peak
Mean rise time the average time for GSR to reach peaks from saddle points in seconds
Statistical moments mean and SD
Interbeat interval (IBI) mean IBI and HRV (SD)
Multiscale entropy (MSE) MSE at 5 levels
LF MF HF log(PF (1))
BvP Tachogram power lOg(Pm (f))7 lOg(Pm (f))? lOg(Pm (f))7 log(P%F(f))-Hog(PmHF(f))
. LF log(P 7 (1))
Power spectral density (PSD)  log(P," (f)), Tos(PHF (1))
Statistical moments mean
ECG (BPM) Statistical moments mean and SD
PSD log( Py
sr (P.(£))
Statistical moments mean, SD, kurtosis, and skew

Compared to TEAP, PyTEAP supports feature extraction for ECG, BVP, GSR, and HSR, which are
the types of physiological signals present in the K-EmoCon. Table 3.4 summarizes features supported
by PyTEAP. The minimum length of signals PyTEAP supports for feature extraction is 25 seconds.
PyTEAP also automatically applies low-pass filters to remove high-frequency perturbations in signals
collected at sufficiently high sampling rates. For K-EmoCon, however, filtering is applied only for BVP,
which has a sampling rate of 64Hz, at 1/8th of the original rate; other signals are used as is given their

sampling rates are already too low for any filtering.

Galvanic skin response — GSR

Galvanic skin response or electrodermal activity is a measure of electrical resistance (or conductivity)
on the skin surface [9, 12]. This value can change with the amount of sweat excretion [6, 62], which is
under the control of the sympathetic nervous system mediating fight-or-flight response. This indicates
that by measuring GSR, one could detect affective states associated with fight-or-flight responses, such
as fear and stress. GSR is then characterized into two types of changes — tonic skin conductance level
and phasic skin conductance response, each characterizing slowly varying levels of skin conductivity over
time without any particular interference from external stimuli and rapid variations in conductance under
the effect of some external factor, with peaks referred to as skin conductance responses (SCRs). Thus,
our GSR features would be more informative for understanding the tonic changes as they are averaged
over a time window greater than 25 seconds, while peaks per second, mean amplitude, and mean rise

time may carry some information regarding phasic changes as well.

Blood volume pulse — BVP

The BVP is measured with the photoplethysmography (PPG) and measures changes in blood vol-
ume. It is closely related to the interbeat interval (IBI), which measures the time distances between two
consecutive heartbeats. Our BVP features measure various characteristics of this signal: mean IBI and
the heart rate variability as a standard deviation of IBI, multiscale entropy at 5 levels, tachogram power
at low frequencies (LF : f € [0.01,0.08]Hz), middle frequencies (M F : f € [0.08,0.15]Hz), high frequen-
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cies (HF : f € [0.15,0.4]Hz), and the ratio between the power of medium to low plus high frequencies,
and PSD at four frequency bands of f € {[0,0.1],[0.1,0.2],[0.2,0.3],[0.3,0.4] }Hz, and the ratio between
low to high frequencies with LF between [0.08,0.15]Hz and HF between [0.15, 0.4]Hz.

Electrocardiogram — ECG

In the K-EmoCon dataset, ECG is equivalent to beats per minute (BPM), and its statistical moments

(mean and SD) are used as features.

Human skin temperature — HST

HST is as straightforward as a measure of skin temperature in degrees Celsius. Its PSD are extracted
as features similar to BVP, for frequencies in f € {[0,0.1],[0.1,0.2]}Hz, along with statistical moments

including mean, standard deviation, kurtosis, and skew.

3.2.2 Deep networks for physiology-based emotion recognition

One major difference and advantage of deep neural networks compared to traditional machine learn-
ing models is that they allow bypassing feature extraction steps. It is a well-established knowledge that
deep networks themselves are automatic feature extractors, i.e., representation learners [10]. For ex-
ample, convolution neural networks (CNNs) are known to learn simple shapes such as lines and curves
in the lower layers and more complex shapes resembling real-world objects in the upper layers [152].
Autoencoders [57] are another example where the feature extraction capability of a DNN is utilized to
a full extent. Autoencoders learn to reduce raw data in a higher dimension to a simpler latent vector
in a lower dimension by repeating the encoding-decoding process. Also, in natural language processing
(NLP), with sufficient data and carefully designed algorithms, human effort in engineering meanings to
words to help machines understand human language can be minimized [26, 92].

This notion of using deep networks as automatic extractors of characteristics and relationships
embedded in raw data similarly extends to physiological signals [86]. Given that, this work also explores
modeling emotions manifested via human physiology with deep neural networks. We utilize a recurrent
neural network (RNN) [118] known for its ability to learn long-term dependencies from a sequence of
inputs changing over time, such as human languages, as physiological signals are also 1-dimensional
temporal sequences. In particular, we use a popular variant of RNN, a long short-term memory (LSTM)
network [58], which is robust against the vanishing gradient problem in traditional RNNs.

We apply minimal preprocessing to physiological signals to prepare K-EmoCon raw data as inputs
to a deep neural network. As the sampling rates differ across physiological signals, we first resample
BVP and ECG to match their sampling rates to EDA and HST collected at 4Hz.

As shown in figure 3.4, BVP is downsampled from 64Hz to 4Hz, and ECG is upsampled from
1Hz to 4Hz. The decimation function in the SciPy package with a downsampling factor of 16 is used
for downsampling BVP, and a quadratic 1-D interpolation function in the same package is used for
upsampling ECG. Both functions were chosen heuristically after visually inspecting the shape of resulting
signals from different sampling methods. After resampling, four 1-dimensional signals are stacked to form

a 2-dimensional array of shape 4 x 20 corresponding to a 5-second segment of physiological data.
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Figure 3.4: Resampling BVP (64Hz) and ECG (1Hz) to 4Hz to match lengths of physiological signals as
inputs to an LSTM network.

3.3 Experiment Setup

This section discusses the formalization of emotion recognition using the K-EmoCon dataset as

a binary classification problem. Online active learning algorithms for adaptive sampling of emotions

in a naturalistic setting and our approach in combining uncertainty sampling and minority sampling

strategies into a single parametric query function to enable selective sampling of emotions are proposed.

Finally, we discuss how we will evaluate our proposed adaptive sampling method for emotions.

valence

arousal

0 1000

Figure 3.5: The distribution of self-reported arousal and valence labels in the K-EmoCon dataset.
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3.3.1 Binary classification of emotions

Emotion recognition in this work is formulated as a binary classification problem between low and
high classes, respectively, for two dimensions of arousal and valence. While arousal and valence were
both measured on the 5-point Likert scale during the dataset’s construction, low and high classes are
defined separately for two emotion vectors. For arousal, low class corresponds to {1, 2, 3} including
neutral (=3) and high class to {4, 5}, while low class includes {1, 2} and high class {3, 4, 5} for valence.
This choice is to avoid conflating negative emotions with a neutral state.

As in figure 3.5, the self-reports of arousal and valence in the K-EmoCon dataset are centered
around neutral with a slight bias towards the positive side. This is unsurprising as negative emotions
in the wild are reported less frequently compared to positive emotions. While people default to a
neutral state in general, social desirability bias [20] and people’s positive reappraisal of past events as
a coping mechanism [27, 79] contribute to the imbalance in the distribution of self-reported emotions.
Nonetheless, correct recognition of negative emotions intuitively has more pressing implications than
recognizing positive emotions as they can signal potential mental illness or social conflicts. Given that,
in this work, the neutral state is grouped with low arousal (LA) and high valence (HV), to make high

arousal (HA) and low valence (LV) states associated with negative emotions more pronounced.

3.3.2 Query strategy for active learning

In the following, an instance in the dataset K is a pair (z;,y;), where z; is an input segment of
physiological signals of varying length, starting from the minimum of 5 seconds, and y; is a corresponding
emotion label for either valence or arousal, which takes on the values {0, 1}, representing low or high.

An active learner is then assumed to be constructed upon a classification model w; = f(z;6). A
model, defined by parameters 0, takes an input z; in a set X of size M and returns w; in a model’s
sample space 2 of size N with M < N. A model output w; is a single value representing the distance of
the input z; from a classification hyperplane. A value of w; below zero indicates that a model predicts
x; as low, and vice versa for a value above zero, while a large absolute value of w; signals that a model
has high confidence in its prediction. To convert this w; into a binary prediction for emotion label g;, we
define a classify function that takes w; as an input and returns a predicted class label g; associated

with an input z;:

0 ifw; <0
9; = classify(w;) = (1 else if w; > 0 (3.1)
~ Bernoulli(0.5) otherwise w; =0
Note that when w; equals zero, a model is uncertain of its prediction, and the given input is equally
likely to be classified as low or high. Therefore, we require a model to query the associated label on
such occasions and use the newly acquired information in future predictions. This behavior is a defining
characteristic of an active learner. For the rest of the paper, a “learner” and a “model” all refer to

an active learner capable of actively querying and learning incrementally, and we will use the terms

interchangeably.
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Figure 3.6: Query probability functions for uncertainty sampling.

Uncertainty sampling

The approach of querying for examples that a learner is least sure about is uncertainty sampling.
Specifically, we employ a logistic margin sampling, which was previously used in activity recognition [2,
93] and spam mail filtering [127]. For logistic margin sampling, we first compute the confidence of a
learner peont given an input x; using a sigmoid function, then use peont to obtain the probability ¢, that
a learner would query for the emotion label y; associated with the input:

Peont : R = 0.5, 1] : w;,y +— (3.2)

1+ el
and

Gu : R = [0,1] : peont + -1 (3.3)

conf

Here, peont is a probability that a learner expects the predicted label ¢; to match the ground truth.
Of course, as peont = e”"w”, it is possible to bypass calculating peons and directly get ¢,. An absolute
value is taken for w; as pcont can represent a learner’s confidence in both negative and positive directions;
thus, a learner is least confident when pcons equals 0.5, meaning that a learner is only confident as much
as a random classifier. The additional parameter vy, which can be any non-negative number including
zero, then controls a learner’s behavior, such that a learner is more confident in its prediction with a
higher ~.

As in figure 3.6a, while peons always equals 0.5 when w; = 0, peont gets higher for greater values of
~ while w; stays the same. This can be interpreted as that a learner is more selective in its queries with
higher ~ values. Figure 3.6b shows plots of ¢, at different values of v. Like pcont, & learner will always
query with ¢, = 1 at w;, but at other values of w;, a learner will increasingly query only for instances it

finds near the hyperplane as v increases.

Minority sampling

Another query strategy in active learning is minority sampling [82], where a learner actively queries
labels for inputs that it expects to belong to a minority class. This concept has not been explored to the
extent of uncertainty sampling in the literature. However, the idea is similarly introduced in other works

as diversity sampling [130], where the sample space is divided into groups such that instances in a group
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Figure 3.7: Query probability functions for paremeterized uncertainty-minority sampling.

are similar to each other than instances in other groups, and instances are evenly sampled from each
group. This strategy aims to make the distribution of the dataset resulting from data collection balanced
and a resulting model to make better predictions/classifications for samples that belong to the minority
class. This strategy is appropriate in our scenario of collecting emotions in the wild, as the distribution
of naturally occurring emotions is biased towards positive, while the recognition of negative emotions is
often more critical in applications based on emotion recognition such as depression prognosis.

With the assumption minority class label = 0, minority oversampling for an active learner can be

defined as a simple conditional function:

i = 0 if classify(w;) =1 (3.4)

1 elseif classify(w;) =0
Note that the minority class label can change as an active learner accumulates more samples through-
out training, and the distribution of the collected samples changes. In that case, a learner should update
what it considers as a minority class. However, there can be a problem if the distribution of the samples
queried during the learning process and the distribution samples to be predicted differ significantly, as
then a learner would be overfitting to the training data and fail to estimate the target distribution,

rendering itself useless in realistic scenarios.

Parameterized uncertainty-minority sampling

To overcome the limitations of only emphasizing minority samples, we can combine the previous
two query strategies into a single strategy, a parameterized uncertainty-minority sampling, and take

advantage of both the uncertainty and minority sampling. The proposed sampling strategy is as follows:

query(w;) = Bernoulli(a - gy (w;) + B - ¢m(w;))
fora+pf=1land0<a,f<1

(3.5)

This query function, parameterized with three parameters «, 3, and 7, and taking a model output
w; as an input, returns a value between 0 and 1, which is the probability a learner would query for the
label associated with the input, mapping model outputs w; to query probabilities.

While v controls a learner’s selectivity, as in figure 3.7a, o and [ control the respective influence of

uncertainty sampling («) and minority oversampling () in decisions to query or not. Figure 3.7b shows
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as « trades off with 3, i.e., more weight is put on querying samples a learner is uncertain with than
querying minorities, the shape of the query function approaches the shape of the uncertainty sampling

query function as in figure 3.6b.

3.3.3 Online active learning

Two major learning scenarios in the active learning framework are pool-based active learning and
stream-based selective sampling (or stream-based active learning). This work focuses on stream-based
active learning, assuming the online learning [129] setting where a model decides to query or discard

items from some stream of input sources one by one and learns on the fly.

Single-pass stream-based active learning

In particular, we define a sequence of steps where active learning occurs given a dataset consisting
of inputs and associated labels as single-pass stream-based active learning. Algorithm 1 illustrates the

proposed approach.

Algorithm 1: Single-pass Stream-based Active Learning
Data: £ C RVxD

Input: init_size, test_size, update_size, learning rate: 7, query_params: {a, B, 'y}

1 initialize by splitting the dataset K into:
1. initial train set R = (X, Yr),
2. test set T = (X7, Y7),
3. data stream S = (Xs,Ys),
such that |[R| = init_size, |T| = test_size, and |S| = N — init_size — test_size;
2 initialize the active learner fy : X — Y, w/ random parameters 6;
3 fit fp to R, with the update rule 6 < 6 — nVL(fo(XRr),YR);
4 initialize the query buffer Q «+ [0];
5 for xg) € S, where i =1,2,...,|S| do
o | getw = fo(zl));
7 if query(w;) then
8 ‘ update Q + Q + (zg), yg>);
9 end

10 if |Q| > update_size then

11 update R, where Xr < Xz + Xg and Y < Yg + Yo;

12 incrementally fit fy to R, with 8 < 0 — nVL(fo(Xr), Yr);
13 test updated model model fy with T

14 empty query buffer Q < [()];

15 end

16 end

17 test the final model fy with T;

The decision to query or not is made only once for each sample in this algorithm. This single-pass
approach is particularly appropriate in the context of sampling emotions in the wild, where emotions

in retrospect are subject to numerous biases [5], including memory/recall bias and self-report biases.
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Note that although the decision is made only once for each sample, samples are used multiple times for

updating parameters during the training process.

Model coverage

However, a limitation in this approach is that it cannot control the coverage of a learner, i.e., how
much of the total data should an active learner query. To compensate for this issue, we refine algorithm 1
by modifying the query decision rule to consider the model’s coverage. For that, we define an empirical

coverage ¢, [49] as the following, with |R| denoting the size of the initial training batch:

b = + > i query(wi)

(3.6)

Algorithm 2: Single-pass Stream-based Active Learning with Coverage
Data: £ C RVxD

Input: init_size, test_size, update_size, learning rate: 7, query_params: {oz7 B, 'y},
target_coverage: ¢*
1 initialize by splitting the dataset K into:
1. initial train set R = (X, Yr),
2. test set T = (X7, Y7),
3. data stream S = (Xs,Ys),
such that |[R| = init_size, |T| = test_size, and |§| = N — init_size — test_size;
2 initialize the active learner fy : X — Y, w/ random parameters 6;
3 fit fy to R, with the update rule: 6 < 0 — nVL(fo(Xr),YR);
4 initialize coverage: ¢, < 1, # queried samples: m <+ |R|, and the query buffer: Q <« [(];
5 for mg) €S, where i =1,2,...,|S| do
6 | get wi= fo(aD);
7 if ¢, < ¢* or query(w;) then

8 update Q + Q + (mg), yg));
9 increment m < m + 1;
10 end

m .
init_size+1i’

11 update ¢,,
12 if |@Q| > update_size then

13 update R, where Xr < Xz + Xg and Y < Y + Yo;

14 incrementally fit fy to R, with 0 «+ 0 — 0V L(fo(Xr),Yr);
15 test updated model model fp with T;

16 empty query buffer Q «+ [()];

17 end

18 end

19 test the final model fy with T;

By definition, ¢,, is the ratio of samples in a full dataset a learner has labels for at a given point in
time when m samples from a stream have been inspected for querying. If this value is below a threshold,
we may tweak a learner’s behavior to query more samples. While there can be different approaches,
we use a heuristic where a learner queries all samples that it encounters when its coverage is below a

threshold, otherwise queries using the probabilistic query function discussed above.
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While giving an active learner control over how much data it queries, this approach can also benefit
incremental learning by mitigating a model’s instability during the early learning phase. Similar to
the cold start problem in recommender systems [80], an active learner may fail to make sufficient or
appropriate query requests if it is overfitting to the initial training batch that contains samples disparate
from the rest of the dataset. In this case, a learner would make misguided decisions when it encounters
new samples. However, with this coverage-based approach, a learner gets to access a portion of data
that is at least larger than what is specified by the target coverage. Although the representativeness of
samples in the initial batch is still out of control, increasing the dataset size is well known as one of the

regularization techniques in machine learning.

3.3.4 Evaluation metrics for imbalanced data

For the evaluation of classification models’ performance with imbalanced test data, we use un-
weighted accuracy as a base metric and two additional metrics of weighted F1 score and weighted
AUROC, the area under the receiver operating characteristic (ROC) curve [43].

F1 score is a metric combining precision = TPZ_% and recall = into one with the harmonic

TP
TP+FN
mean is calculated as follows:

I precision - recall

- i 3.7
! precision + recall (3.7)

While F1 score is appropriate for binary classification problems, it prioritizes the positive class, thus

we use AUROC as another evaluation metric.

AUROC is the area under the ROC curve showing the tradeoff between true positive rate (T'PR =

TP TP
TP+FN> TP+FN

comparing models with a random classifier. While it is suggested that the precision-recall plot is better

i.e., recall) and false positive rate(T PR = ). The ROC curve is also useful as it allows

than the ROC plot for evaluating binary classification with an imbalanced dataset [123], we opt for

AUROC as we would like to have a metric that puts equal importance to positive and negative classes.
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Table 4.1: The baseline classification results for arousal and valence with XGBoost at varying window

sizes.

Arousal ‘ Valence

Metrics  Acc.  F1 AUROC\ Acc. F1  AUROC

25s | 0.840  0.836 0.883 0.849 0.831 0.876
30s | 0.807 0.801 0.910 0.811  0.786 0.895
35s | 0.837  0.836 0.901 0.851  0.835 0.916
40s | 0.858  0.855 0.923 0.866  0.956 0.935
45s | 0.894  0.893 0.936 0.892  0.890 0.931
50s | 0.879  0.877 0.955 0.945 0.943  0.980
55s | 0.906  0.904 0.957 0.917 0.914 0.944
60s | 0.919 0.918 0.958 0.911  0.908 0.965

Chapter 4. Experiments and Results

This chapter discusses how we conduct experiments to empirically evaluate our proposed active learning
approaches for the adaptive sampling of emotions in the wild. In particular, we focus on answering the

following questions:

e How does the model’s selectivity () affect the performance of an active learner and the size and

label distribution of the resulting dataset?

e How does controlling for o and  of the parameterized query function affect the model performance

and the resulting dataset?

4.1 Baseline Classification

As discussed in chapter 3, we formulate emotion recognition as a binary classification problem
between low/high classes for arousal and valence. However, as the K-EmoCon is a recently published
dataset without any previously reported machine learning models trained and evaluated with the dataset,
we first train base classification models with K-EmoCon and demonstrate that the K-EmoCon is appli-
cable to classification tasks. We use an XGBoost [24] and an LSTM network for this task, and models
are trained separately to predict arousal and valence. Note that we perform holdout cross-validation to

evaluate classifiers.

4.1.1 XGBoost

XGBoost is an algorithm based on gradient boosting [47], an ensemble technique where many weak
learners are trained additively to form a single robust learner. Each new learner is built greedily upon
the residuals of prior learners until no additional improvements are possible. This algorithm applies to
both decision trees and linear regressors, and many competitions and research projects employed the

algorithm recently for its speed, flexibility, and scalability.
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Figure 4.1: Confusion matrices for the baseline classification with XGBoost.

In the following, we use a tree-based XGBoost classifier for both arousal and valence. A classifier
is trained at the learning rate of 0.3 with a maximum depth of six for 100 boosting iterations. A total
of 30 features extracted from a segment of physiological signals corresponding to the minimum of 25
seconds up to 60 seconds during a debate, containing BVP, EDA, ECG, and HST, are provided as inputs
to the classifier. Associated low and high labels are defined separately for arousal and valence, with LA
corresponding to {1, 2, 3} including neutral (=3) and HA to {4, 5}, while LV = {1, 2} and HV = {3,
4, 5}. Note that labels for the last 5 seconds in the segments are used as labels for the entire segment.
Table 4.1 summarizes the classification results for arousal and valence using an XGBoost with features

extracted from varying length of segments from 25 seconds to 60 seconds.

4.1.2 LSTM

As discussed earlier in section 3.2.2, we also employ LSTM networks for the binary classification
of arousal and valence, to verify that K-EmoCon is also usable with deep learning models. We train a
2-layered bidirectional LSTM network with 20 hidden units and a dropout probability of 0.2 between
layers, while halting the training early if validation loss does not improve for 500 epochs. For all runs, we
use a learning rate of 8.5 x 10~%. Inputs to the network are resampled BVP, EDA, ECG, and HST signals
at 4Hz, which are stacked into 2-D arrays of shape 4 by 4 times the length of segments in seconds, i.e.,
25s of physiological signals form an input of size D = 4 by 100, and 4 by 120 from 30 seconds signals, and
onward. Arousal and valence labels are defined the same as how we defined them for XGBoost models.

Table 4.2 and figure 4.2 shows the results of baseline classification with LSTM networks.

4.2 Simulated Stream-based Active Learning

Given that the K-EmoCon dataset supports classification with both traditional ML models and deep
neural networks, we conduct active learning experiments by simulating an online learning scenario with
the dataset. In this scenario, the dataset is divided into three parts: 1) initial batch, 2) data stream
and 3) test set. An initial batch is for training an initial model that determines whether to query or

not for each sample from the data stream. As its name suggests, a data stream simulates a hypothetical
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Table 4.2: The baseline classification results for arousal and valence with LSTM at varying input sizes.

Arousal ‘ Valence

Metrics  Ace.  Fl AUROC\ Acc. F1  AUROC

25s | 0.699  0.694 0.757 0.823  0.820 0.788
30s | 0.701  0.692 0.737 0.805  0.797 0.836
35s | 0.757  0.748 0.804 0.852  0.845 0.822
40s | 0.791  0.790 0.828 0.818  0.815 0.814
45s | 0.817  0.814 0.854 0.882  0.884 0.903
50s | 0.852  0.854 0.899 0.902  0.903 0.874
55s | 0.771  0.766 0.843 0.885  0.885 0.896
60s | 0.882 0.865 0.936 0.917 0.916  0.942
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Figure 4.2: Confusion matrices and train/validation losses for the baseline classification with LSTM.

data source that sequentially generates samples for online learning. Upon receiving a sample, a model
inspects it and retrieves an associate label if deemed suitable for querying, and saves (sample, label) to
a queried samples buffer. A model is updated when the query buffer reaches a predetermined size (e.g.,

1% of the full dataset), and the intermediate model’s performance is evaluated with the test set. This
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process continues until there are no more samples left in the data stream.

4.2.1 Query selectivity and model performance

We first observe the effect of the model’s selectivity controlled by the « parameter on the classification
performance. As discussed in section 3.3.2, v affects how the model queries for samples that it finds
uncertain in classification. With higher v, the model will increasingly query for samples that it finds
nearer to the hyperplane, and for the same sample, a model will be less likely to query for a label.

To observe how this parameter affects a model’s performance, we compare the performance of
XGBoost classifiers trained at different levels of « while holding everything else the same (« and 3 are
both set to 0.5), using the single-pass active learning (algorithm 1) where models are trained incrementally

without the target coverage. Figure 4.3 summarizes the results of this experiment:
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Figure 4.3: Learning trajectories of XGBoost-based active learners without target coverage and 60s input

features.

Unsurprisingly, the resulting dataset’s size is larger at lower v values; the more data is accumulated
overall, the less discriminating a model is in queries. As one can expect, this larger pool of training
samples leads to higher model performance for arousal classification. However, this generally accepted
tendency between the size of training data and model performance is reversed for valence.

For valence, model performance is the lowest when the v value is the smallest (v = 0.1). This result
may, in part, be due to the severe imbalance in valence labels. The positive to the negative ratio for
valence is 1357 : 444 = 1 : 0.327, while arousal is also imbalanced but not as much as valence with the
positive to negative ratio of 1346 : 771 = 1 : 0.573. Given that, we can interpret this result as a low
selectivity can benefit the model by allowing the accumulation of a larger set of training samples that,
in turn, provides a regularization effect. However, indiscriminate querying can be harmful when the
sample distribution is highly biased, and especially when a model is unstable during an early stage of
training as it suffers from a cold start. Putting this into parallel, imagine an average student learning to
solve math problems from a book that contains some highly challenging, college-level problems (negative
samples) and many relatively simple problems at his level (positive samples). If the student were to
practice solving problems from this book to be tested later, how can he score higher, practice problems at
random throughout the book, or focus on practicing ones among simpler problems that he can somewhat
understand but unsure how to solve?

Nonetheless, the effect of v on model performance is diminished when the target coverage is set.
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Figure 4.4: Learning trajectories of XGBoost-based active learners with target coverage = 60%.

Figure 4.4 shows the result of an experiment where we similarly train XGBoost classifiers for arousal
and valence using the single-pass method but using algorithm 2 with the target coverage, which controls
the minimum amount of data a model should query. The results show that when the target coverage is
set to 60% of the full dataset, while models’ performances improve with more training samples, the v
parameter becomes relatively meaningless. Although there are slight differences in each model’s learning
trajectory, the differences are not significant enough.

One thing we may note, however, is that training with low 7 tends to result in better model
performance in the long run, based on our empirical observation. This may be specific to the context of
emotion recognition, which usually concerns physiological signals collected from individuals with distinct
physiology and involves datasets relatively small in size compared to other problems such as activity
recognition, where data is abundant and easy to collect. Given these characteristics of scarce and
heterogeneous data, the optimum strategy in learning emotions from physiological data might be to
take as many chances of exploration whenever possible instead of relying on dubious estimates patched
together from a handful of evidence, similar to the notion of exploration and exploitation in reinforcement

learning [139].

4.2.2 Tradeoff between uncertainty and minority sampling

In this section, we observe the tradeoff between uncertainty sampling and minority sampling in their

effect on model performance. Uncertainty sampling in active learning aims to query instances closest
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to the decision boundary, which a model is least confident about, and are also the most informative
instances likely to cause the most considerable change in the model. Minority sampling, on the other
hand, is as straightforward as querying instances that are expected to belong to a minority class, while
the definition of the minority group is updated as learning progresses and the distribution of training
samples change.

To combine two sampling strategies, we use a parameterized query function defined as query(w;) =
Bernoulli(a- gy, (w;) + 8- ¢m(w;)) discussed earlier in section 3.3.2. In this function, o and 8 are parameters
determining the weights to uncertainty and minority sampling, respectively, softly constrained such that
they sum to one and are both in the range [0,1]. Using a and 3, we experiment with how controlling

them affects model performance and the data collection.
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Figure 4.5: Learning trajectories of XGBoost-based active learners at varying levels of o and 8, with
v =1and ¢* = 0.6.

First, we observe how different o and S levels affect the performance, while we constrain the model’s
selectivity to v = 1 and collect at least 60% of the total data by setting the target coverage. The results in
figure 4.5 show that the classification performance for both arousal and valence is the lowest for o = 0.9
and § = 0.1, i.e., when a larger weight is put on uncertainty sampling than minority sampling. However,

a different picture is painted when classifiers are trained at a lower v without target coverage.
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Figure 4.6: Learning trajectories of XGBoost-based active learners at varying levels of o and 8, with

v = 0.1 and no target coverage.

25



As in figure 4.6, without target coverage and v set to 0.1, « = 0.9 and 8 = 0.1 resulted in the best
classification performances. Results of these two experiments together point to the conclusion that more
exploration can benefit the incremental learning of an active learner in the physiology-based emotion
recognition scenario.

With a target coverage set, a model queries all samples from the stream when the model coverage
is below the threshold. If its coverage is over the threshold, then the model decides to query or not
following a query function that resembles a step function where y = 1 for all x less than or equal to 0,
y = 0 for all = above 0 (see Fig. 3.7b). Given such a shape of the query function, the model can have
more room for exploration with a higher weight on minority sampling than uncertainty sampling. In
contrast, without target coverage, a model’s final performance is higher with more weights on uncertainty
sampling. This can be attributed to the underlying distribution of the K-EmoCon dataset, which is not
in favor of minority sampling. As the dataset is inherently imbalanced, it is natural that a model learning
from such data more often predicts that a sample belongs to a majority class than a minority class; more
queries are likely to be issued with uncertainty sampling than minority sampling when a model is less
prone to predict that some sample belongs to a minority group. Thus, the model with a high « will have
more chances to explore the sample space with more queries and benefit from the larger pool of training

samples, which leads to better model performance.

4.2.3 Rebuilding models per updates

The final performance of active learners so far was subpar to baseline classifiers’ performance trained
with the full data. Nonetheless, this shortcoming of active learners can be easily overcome by rebuilding
the models from scratch after each update of training samples instead of incrementally training existing
models.

In this approach, after newly queried samples are added to the existing training set, a new randomly
initialized model is trained with the updated train set and replaces the existing model to continue the
learning process. Active learning models resulting via this approach show performance comparable to
models trained with the full dataset only using 60% of the entire dataset. This result as shown in
figure 4.7 suggests that a model can learn better during the online learning process with an artificially
induced catastrophic forgetting. Intuitively, this makes sense if we consider our dataset is small, and
early models trained from an even smaller portion of the entire dataset is unlikely to have acquired
knowledge that is meaningful or will be relevant in making predictions later in the learning process
when the amount of training data has substantially increased. So that, forgetting all previously acquired
information and starting anew allows an active learner to escape the local minima the earlier model was
optimized for and continue learning without being misguided by the wrong knowledge.

This approach will be inapplicable when it comes to larger datasets, especially with deep neural
networks. In this case, the model may acquire critical information during the early stages of learning,
and being unable to build upon this knowledge may impede the learning process. Of course, once the
model could discover the knowledge, then it could rediscover what it forgot, as our XGBoost models did,
but this can be challenging when the amount of the data the model has to learn from is significantly
larger. Also, for large models trained with sizable data, rebuilding will be simply too inefficient or even

impossible when the full data cannot be accessed due to the limited memory.
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Figure 4.7: Learning trajectories of XGBoost-based active learners with model rebuilds after each update.
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4.2.4 Deep active learning

We also test the viability of active learning with DNNs using LSTM networks. An LSTM network
architecture for active learning is the same as the baseline LSTM discussed in section 4.1.2, a bidirectional
LSTM with 20 hidden nodes and two layers with a dropout probability of 0.2 between layers. Active
learning with an LSTM follows the single-pass stream-based active learning algorithm’s steps discussed
in section 3.3.3, but with a slight modification. A portion of the training samples (e.g., 20%) is reserved
for the validation step to halt the training early if the learning stagnates for a certain number of epochs,

and two different learning rates are used for initial batch training and incremental updates.
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Figure 4.8: Train and validation losses of LSTM-based active learners for arousal classification.

This attempt to apply active learning to an LSTM network nonetheless results in unsuccessful
training with models’ loss functions failing to converge. Past the initial phase where the training happens
rather steadily using a learning rate of 1 x 1072, the training quickly destabilizes as the model starts to
learn incrementally and fails to acquire any new meaningful information until the training terminates
after seeing all samples from the steam. Although it is possible to achieve some incremental learning past
the initial training by fine-tuning the second learning rate, the model again soon stops learning when
new samples are added. Similar to what we observed while training XGBoost-based active learners,
these models were likely incapable of escaping from the local optimum they learned during the initial
training and continued to fail to extract new knowledge from queried samples as they are only so many
compared to the existing training samples. A continual adjustment of learning rate in the update phase
or applying heavier weights to newly queried samples may allow the model to learn new information and
correctly incorporate that into its future inferences without forgetting previously acquired information,

but that would likely warrant an entirely new approach altogether.
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Chapter 5. Discussion: Limitations and Future Works

This work points to that an adaptive sampling approach based on stream-based active learning could
significantly reduce data collection down to 60% while reaching a comparable performance to using the
full dataset in binary emotion recognition task for arousal and valence. This result, in turn, suggests that
an adaptive ESM can decrease user burden in the process of emotion data collection to result in improved
data quality and the balanced distribution of emotions in the resulting dataset. Our results also provide
an insight that guaranteeing an active learning model space for exploration during the early stage of
learning can lead to better classification performance, given the imbalanced distribution of training data
and the small size of the dataset. Nevertheless, our work is not without limitations and can be further

refined in several aspects, including the following:

Stopping criterion for active learning It is apparent from the empirical observation of multiple
rounds of training active learners that the training can benefit from a stopping criterion, even when the
target coverage is set for a model. This is different from the early stopping used for the training of LSTM
models, as it seeks to halt the additional data collection from the data stream if the expected benefit
from further querying is below a certain threshold. This idea was similarly explored with Conditional

Mutual Information (CMI) in a work that applied active learning to activity recognition [2].

Learnable query function The query function parameters «, 3, and v were set manually during
our experiments, but not only the model performance but the efficiency of data collection could be
improved if the parameters could be learned through iterative update similar to how the model’s internal
parameters are updated. Our current implementation of active learning does not support the automated

tuning of query parameters as learnable values, but future works should explore this possibility.

Limited ecological validity The ecological validity of the experimental findings is limited as we
performed the hold-out evaluation of active learners. While our findings are still applicable assuming a
scenario involving a centralized inference module that accumulates data from multiple users to determine
which instances to query, personalized emotion recognition models and leave-one-subject-out (LOSO)
evaluation would be necessary to apply adaptive sampling in a more realistic scenario involving multiple
users and edge devices.

The formulation of emotion recognition as a binary classification problem also limits this work’s
ecological validity as emotions in the wild cannot be captured in mere two-dimensions as noted in previous
work on the theory of emotions (see section 2.1). The division of emotions into two categories of low vs.
high was employed to enable streamlined active learning experiments to empirically observe its validity
for sampling emotions in realistic scenarios, together with more interpretable results. Nonetheless, this
artificial divide limits the observation of natural variances present in the original 5-scale measurement
of emotions, which is likely still too limited to observe emotions in their most natural forms.

Therefore, future works may utilize more fine-grained categories of emotions for the higher ecological
validity of a model, but possibly altogether invent an embedding space of emotions, similar to the
Word2Vec technique for embedding natural languages to a multi-dimensional vector space [92]. Such an

embedding technique could map emotional states and expressions captured with unimodal or multimodal
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affective data to space where the contexts those emotions occurred are archived linguistically or in any

other means of observing and documenting emotions externally.

Need for ESM specific dataset While the adaptive sampling method explored in this work assumes
data collection via ESM in studies lasting several days to possibly months, the K-EmoCon dataset is
collected in the 10-minute debate scenario, with participants annotating their emotions during a debate
in one sitting. Such artificially of the data collection setup for K-EmoCon limits the extensibility of
the dataset and the results of this work to realistic ESM scenarios. Given that, validating whether the
observed results of this work hold in experiments with other datasets of emotion data collected in the

context of longitudinal ESM would be necessary.

Potential signal aliasing While BVP and ECG signals were resampled to 4Hz from 64Hz and 1Hz
respectively, this choice of 4Hz as a resampling frequency is a heuristic one, and does not imply the
sampling frequency of the true signal, following the Nyquist—Shannon sampling theorem, should be 2Hz.
Conversely, a substantially higher frequency is likely to capture affective information in physiological
signals fully, but such high-frequency data collection is currently unavailable for commercial-grade mobile
wearable sensing devices. However, as a workaround, we could utilize a data fusion strategy or an
architecture that omits the need to resample to instead use an educated process to combine data from

multiple modalities [25].

Refined deep active learning Although our attempt to actively train a deep neural network was
unsuccessful, deep active learning is an active area of research, and adopting a more sophisticated method-
ology to train a deep network via active learning might succeed as other researchers have demonstrated
it [122]. For example, active one-shot learning combining ideas from few-shot learning and reinforcement
learning was used to recognize handwritten characters [148], and this methodology could be similarly
applied for the emotion recognition task. Investigating the application of meta-learning techniques is also
a reasonable option assuming the small size of the dataset [44, 98]. We could also consider different query
strategies for active learning, such as the query by committee (QBC), if we assume that the active learning
occurs in the multi-user & multi-device environment with one active learner per user. Finally, modifying
the loss function directly for active learning [49, 151, 155] and the base network architecture [55, 150]
are viable options, given our current choice of binary cross-entropy and a simple LSTM network may

have been insufficient for the learning of meaningful representation from physiological signals.
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Chapter 6. Conclusion

While ESM is widely employed for research on emotions in the wild, randomly triggered ESM question-
naires can cause interruptions and increase the user burden leading to attrition. The inherently imbal-
anced distribution of emotions in the wild also affects the data quality and emotion recognition models’
performance trained with such data. This work investigated the potential of using active learning-based
adaptive sampling methods to collect emotions in a hypothetical data collection scenario simulated with
the K-EmoCon dataset.

We implemented the stream-based single-pass active learning algorithm and trained XGBoost and
LSTM-based emotion recognition models for binary classification of arousal and valence with a 60-second
segment of physiological signals, including BVP, ECG, EDA, and HST. We conducted experiments to
test how different configurations of an active learning algorithm affect the learning process and the
final model performance with the parameterized query function, which enables controlling the model’s
selectivity, minimum coverage, and weights to sampling strategies.

The results showed that active learning could reduce data collection down to 60% without signifi-
cantly sacrificing the model performance, particularly if a base model is rebuilt after each training set
update. We also empirically observed allowing exploration during the early training of an active learner
can benefit its incremental learning, while careless exploration can also be harmful if the data distribu-
tion is severely imbalanced. Although we were not successful in our deep active learning with an LSTM
network, findings from few-shot learning and reinforcement learning research should be further explored.
Finally, future works should consider validating the findings of this work using a dataset constructed with
a longitudinal scenario of collecting emotions in the wild with ESM and employ an evaluation strategy
suitable for the realistic scenario involving multiple users and devices to allow the generalization of the

adaptive sampling method for naturalistic emotions to real-world applications.
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