IEEE SPECIAL ISSUE ON INTELLIGENT SIGNAL PROCESSING FOR AFFECTIVE COMPUTING 1

The Hitchhiker’s Guide to Bias and Fairness
in Facial Affective Signal Processing

Jiaee Cheong‘<i , Sinan Kalkanf, Hatice Gunes*

* University of Cambridge f Middle East Technical University ! The Alan Turing Institute

Abstract

Given the increasing prevalence of facial analysis technology, the problem of bias in these tools is
now becoming an even greater source of concern. Several studies have highlighted the pervasiveness of
such discrimination and many have sought to address the problem by proposing solutions to mitigate
them. Despite these, to date, understanding, investigating and mitigating bias for facial affect analysis
remain an understudied problem. In this work we aim to provide a guide by (i) providing an overview of
the various definitions of bias and measures of fairness within the field of facial affective signal processing
and (ii) categorising the algorithms and techniques that can be used to investigate and mitigate bias in
facial affective signal processing. We present the opportunities and limitations within the current body

of work, discuss the gathered findings and propose areas that call for further research.

Index Terms

Bias and Fairness, Facial Analysis, Facial Affect Analysis, Overview, Guide.

I. INTRODUCTION

Facial analysis, including identity recognition, facial attribute (e.g. age, gender, race) and affect pre-
diction from facial images, has been widely studied in the literature, with increasing applications in
various domains ranging from medicine, marketing, and surveillance [1]. With advances in machine
learning, facial analysis is now dominantly performed using learning-based approaches. However, these
data-driven, data-hungry, and black-box learning-based approaches make facial analysis biased and unfair

towards certain demographic groups. Left unaddressed, bias can lead to concerning unfairness issues such
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as misidentifying people of a certain race or gender at higher rates, misclassifying facial attributes much
higher than any other demographic group [1], or predicting a higher probability of criminality for certain
group of people [2].A biased depression analyser! or chronic pain detector? can have serious consequences
if such technology is incorporated in the healthcare domain. Given the far-reaching real-life consequences
that such threats pose, this issue has become a major concern. Within the public, this pressing issue has
elicited widespread activism which eventually prompted governmental institutes such as the European
Commission to set up a regulatory framework to address it [3].

Owing to its dire consequences, mitigating bias in learning-based approaches has attracted significant
attention in the literature. Mitigation strategies attribute bias to the different stages of a learning-based
approach, and therefore, they can be broadly analyzed in terms of the stage where they tackle bias:
(i) Pre-processing (data-level) methods, (ii) In-processing (learning-model-level) methods or (iii) Post-
processing (prediction-level) methods. Pre-processing methods, assuming that the data itself is biased,
propose changing the amount of data instances (using over-sampling, under-sampling or data generation
techniques) in favor of the demographic group affected by bias. In-processing methods, on the other hand,
rely on modifying the algorithm to provide a fairer outcome. In contrast, post-processing methods propose
adjusting the outputs of the learning-based model to achieve fairer predictions for all demographic groups.

Although several studies highlight bias and propose fairer solutions in face recognition, only a handful
of studies have done the same for facial affect analysis [4], [5], [6], [7]. Facial affect analysis, despite
having parallels to face recognition, bears inherent differences with the latter. Examples include it being
more complex, subjective and ambiguous in terms of the nature of the data and its labels; incorporating
significant discrepancy between lab-collected data and affect displayed in the real world; relying on data
collected in context-free settings, which may be insufficient for recognition; lacking datasets for varied
age and demographic groups; and requiring spatio-temporal data and annotations.

This dissimilarity calls for an informative investigation which is what we attempt in this paper. We
present a hitchhiker’s guide for understanding, detecting and mitigating “bias” for facial affect analysis
by attempting to consolidate information across three distinctive fields: bias and fairness, facial affective
signal processing, and machine learning. Our guide makes the following contributions. First, we provide an
outline of the different concepts of bias and metrics of fairness relevant to facial affect signal processing.

Second, we present an overview of the different types of bias mitigation strategies and discuss them from

"https://dl.acm.org/doi/abs/10.1145/3107990.3108004
Zhttps://ieeexplore.ieee.org/abstract/document/7173007



IEEE SPECIAL ISSUE ON INTELLIGENT SIGNAL PROCESSING FOR AFFECTIVE COMPUTING 3

an facial affect analysis perspective. Lastly, we discuss the challenges that remain to be addressed for fair
facial affect analysis. Due to the phylogenetic nature of bias and fairness, we would like to emphasise
that any attempt to shoe-horn a discourse such as this within a contrived space may risk rendering a
multi-faceted topic into a simplistic caricature. Thus, we hope to highlight that this guide merely touches
the tip of the iceberg. The included forms of bias and fairness within this guide are the ones which
have been discussed or investigated within the existing facial affect literature. We will attempt to direct
readers to other sources for more information on topics less extensively covered wherever possible. Bias
and fairness can be analysed from several distinct angles and different interpretations will be useful to

provide a more rounded analysis for the task at hand.

II. BIAS AND FAIRNESS IN FACIAL AFFECT RECOGNITION
A. Facial Affective Signal Processing

There are different ways to distinguish one facial expression from another. The most common way is to
describe an expression as discrete categories. Paul Ekman and his colleagues proposed that there are six
basic emotion categories of facial expressions (i.e. happiness, surprise, fear, disgust, anger and sadness)
each with particular configurations, recognised universally [8]. The basic emotion theory has been widely
used for automatic analysis of facial expressions but has received criticism because basic emotions cannot
explain the full range of facial expressions in naturalistic settings [9]. Therefore, a number of researchers
advocated the use of dimensional description of human affect based on the hypothesis that each affective
state represents a bipolar entity being part of the same continuum. The proposed polars are arousal
(relaxed vs. aroused) and valence (pleasant vs. unpleasant) [9]. Another way to describe and analyse
facial affect is by using the Facial Action Coding System (FACS), which is a taxonomy of human facial
expressions in the form of Action Units (AUs) [8]. Action Units are the fundamental actions of individual
muscles or groups of muscles. Since any facial expression results from the activation of a set of facial
muscles, every possible facial expression can be comprehensively described as a combination of Action
Units (AUs) — e.g., the facial expression of the happiness category can be described as a combination of
pulling the lip corners up (AU 12) and raising the cheeks (AU 6).

Facial affective signal processing involves automatically analysing and predicting facial affect. As
discussed above, depending on the method of distinguishing facial affect, this can be achieved by either
training an algorithm to classify the facial expressions of emotion [5], predict the valence and the arousal
value of the displayed facial expression or detect the activated facial action units [10], [11]. In this paper,

we adopt a machine learning approach and assume that we are provided with a dataset D which is
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made up of pairs of {(x;,y;)}; values where x; € X is a tensor representing information (e.g. facial
image, health record, legal history) about an individual / and y; € Y is an outcome (e.g. identity, age,
emotion, facial action unit labels) that we wish to predict. In other words, we are interested in finding a
predictor/mapping H with H : X — Y. Each individual I is associated with a set of sensitive attributes
{Sjea}a C S where a is e.g. race and j € {Caucasian, African-American, Asian}. The sensitive attributes
identified in the facial affect literature thus far are race, gender and age (readers can refer to the following
papers for more information [5], [6], [7], [11]).The members of a minority group defined across a sensitive
attribute (e.g., race = African-American) are usually protected by law and hence is often referred to as
the protected group. Depending on the axis of sensitive attribute chosen, the remaining population are
consequently referred to as the unprotected group within existing literature [12], [13]. Note that there are

other attributes {zjcq}, C Z that are not sensitive.

B. Bias

An important step before addressing bias is identifying it and measuring whether our mitigation strategy
provided fairer predictions. However, as research on bias in facial affect signal processing is still in its
nascent stages, there is currently no consensus on how bias should be defined [7]. In fact, the term
“bias” has been used to describe a wide range of concerns, even though each concern is unfair to the
different groups in different ways and for different reasons. For instance, taking the example of race
as a sensitive attribute, unequal representation in dataset, differences in performance accuracy, or higher
prediction probability of prediction of an outcome are often all similarly described as “racial bias”. Given
the large scope of discussion within this field, it would not be possible to thoroughly examine the nuanced
formalisation of each definition here in this paper. Instead, we will highlight the common ways in which
bias has been identified and analysed in the field of facial affective signal processing. In order to create
a basis for the formulations that will follow, we use the following working definition for bias: Bias can
be understood as ‘factors that lead to unintended consequences’ >.

There are several commonly identified sources of bias within the field of machine learning and facial
affective signal processing. One of the most pervasive types of bias is the dataset bias, i.e., the bias that
is inherently present within the dataset, D [1], [2], [5], [11]. Dataset bias has been attributed to different
factors affecting the dataset collection processes. Examples include sampling bias and data management

bias. Sampling bias can typically be identified by comparing the statistical characteristics of the dataset

3https://arxiv.org/pdf/1901.10002.pdf
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and the population it represents. It is manifested when the characteristics of the dataset population differs
from that of the original target population. Data Management bias arises because incorrect data processing
or handling results in a biased representation of the population. We would like to highlight that though
the term “bias” has also been used to discuss other biases such as the dataset bias between lab-controlled
datasets vs real-world data collections [14] and cross-dataset bias [15], we do not consider such examples
as bias within this review. In the field of facial recognition in general, it is known that algorithms trained
on lab-controlled datasets would perform much poorly for real-world data collections. Our focus in this
paper instead is on the type of bias which will adversely impact subgroups of people.

One prevalent method of evaluating bias in facial affect signal processing is by measuring the tendency
against a sensitive attribute s;c, (e.g. Asian) that leads to worse H performance for the members of s;c,
compared to the members of s;c, (e.g. Caucasian), ¢ # j [1], [5], [6], [11]. Another way of assessing
bias is to leverage a counterfactual approach by examining how the affect recognition output varies in
relation to a change in the sensitive attribute s;c, [16]. Assuming all else is held constant, a facial affect
recognition algorithm is considered biased if the output of the model H(x;) is affected by a change in

its sensitive attribute s;¢q.
C. Fairness

TABLE I
AN OVERVIEW OF FAIRNESS DEFINITIONS.

Definitions of Fairness Description

Group Fairness Subjects in both the protected group p and unprotected group w have equal
probability of being assigned to the positive predicted class. Several metrics of
fairness are built on this definition of fairness.

Fairness Through Awareness | Any two individuals who are similar to a similarity metric defined for a particular
task should receive a similar outcome.

Fairness Through Unaware- | An algorithm is fair as long as any sensitive attributes S are not explicitly used
ness in the decision-making process.

Counterfactual Fairness An outcome is fair towards an individual if it remains the same in a counterfactual
world where the individual belonged to a different demographic group.

Fairness in Relational Do- | This notion of fairness captures the relational structure in a domain by taking
mains into account the social, organizational and other connections between individuals
in addition to the attribute of an individual.

Similar to bias, to date, there is no universal definition of fairness. Each different machine learning task

(e.g., facial affect recognition, credit worthiness prediction) will result in very different datasets, problem
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formulations and end-goals. It is difficult to establish an all-inclusive valid definition of fairness due to
the sheer insurmountability of accounting for every different factors, scenarios and tasks. Although it
may seem intuitive to associate a decrease in bias with an increase in fairness, this may not be always
true. The link between bias and fairness is largely dependent on the definition of bias and the criteria
for fairness. Some of the representative types of fairness within the affect recognition literature and their
definitions are provided in Table I. Due to the limited scope of this paper, we are only able to focus on a
facile aggregation of the types of fairness relevant to affective signal processing. Further examples and a
more comprehensive discussion of the other forms of fairness can be found in [12] and [13]. In addition,
although the metrics and definitions provided largely pertain to binary classifications, these can be easily
extended to multi-class classification problems [5].

In facial affective signal processing, researchers generally associate a decrease in bias as an increase
in fairness [5], [6], [11]. In order to achieve greater fairness, we can either ensure a fairer dataset or a
fairer affect analysis output. To address the former, researchers typically evaluate the proportion of each
subgroup s;c, in the dataset D and consider the dataset D less biased or fairer if this proportion is the
same for all members (e.g. Caucasian, African-American, Asian) of attribute a (e.g. race). To address the
later, researchers generally measure the fairness of a facial affect analysis algorithm by comparing the
performance of the algorithm among the different sensitive groups. We can say that the outcomes are fair
if they are similar in terms of some performance metric(s), e.g. True Positive rate, False Positive rate,
for different groups. More formally, denoting such a performance metric m on demographic group s;cq
by d(sica), fairness can be evaluated comparing dy,(sicqa) and dy,(s;eq). Different choices for d,,(-)
lead to different fairness metrics and characteristics [S], [11], [12] — see Table II for some examples. For
instance, for a = gender, and m = accuracy, we would compare d,, (Spmale) and d,, (s female) to evaluate
whether the method H : X — Y satisfies the equal accuracy metric of fairness across gender. We can
investigate whether the accuracy of the affect recognition method H : X — Y is consistent across the
different subgroups s;e, for all ¢ € a. A greater consistency in accuracy across Spqie and sfemae 18
associated with a greater fairness [5], [6], [11].

In addition, a hitchhiker should also be aware of the fairness-accuracy trade-off. In general, if the
model generalises well and is fairer across different subgroups, it is likely to be less accurate than a
model which is only tuned to achieve a high performance [11]. For every task or application, its resulting
adverse impact is different. The cost of misclassification (especially those from the minority group) needs
to be carefully considered and taken into account. Hence, it is necessary for each practitioner to be aware

of this trade-off and find the right fairness-accuracy balancing point for the task at hand.
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There are several tools which the practitioner can make use of. Open-source libraries such as Aequitas
[17] offer an auditing toolkit which calculates a list of performance-based bias scores according to
different bias metrics. In addition, Aequitas also provides a decision tree to help users identify the most
appropriate metric to use depending on the task at hand. Fairness Measures library [18] offers a similar
functionality and also includes additional metrics and some datasets to experiment with. Fairlest [19],
on the other hand, approaches the same task by quantifying the associations between predicted labels and
protected attributes. In addition, it also identifies regions of the input space where the classifier might

incur unusually high error rates and includes a collection of datasets to allow for testing.

TABLE I
OVERVIEW OF METRICS OF FAIRNESS.

Metrics of Fair-

Description Formulation
ness

Protected group p and unprotected group TP, _ TP,
Equalised Odds u should have equal rates for true posi- FPy T FPy

tives and false positives.

(TP,+TN,) _ (TP,+TNy)

Equal Accuracy Protected group p and unprotected group (Tpp-'rTNZ +FP;’+FNP) = TP TN PP SFN.

u should have equal rates of accuracy.

TP, _ TP,
Equal . Protected group p and unprote.c.ted GOUP | rp L PIFN,] = TP TN, f PP PN,
Opportunity u should have equal true positive rates
Demographic Likelihood of a positive outcome should
. P(yls® =p) = P(y|s? = u

Parity (aka | be the same regardless of whether the (lsi =) (vl J )

Statistical Parity)

person is in the protected group.

Treatment Equal-
ity

Treatment equality is achieved when the
ratio of false negatives and false posi-

FN,
FP,

_ FNy,
= FP,

tives is the same for both p and u.

For any predicted probability score ¢,
people in both p and v must have equal
probability of correctly belonging to the
positive class.

People in p and u should have equal
probability of being assigned to a pos-
itive outcome given a set of legitimate
factors L.

Test Fairness Ply =19, sf =p) = P(y = 1[g,s7 = u)

Conditional Sta-
tistical Parity

Ply=1|L,s§ =p) =Py =1|L,s] = u)

i

Potential legitimate factors would be how quickly lip corners are pulled up, which specific facial action units
are activated and what their intensities are. True positive (TP): predicted and actual outcomes both positive. False
positive (FP): predicted positive but actual negative. False negative (FN): predicted negative class but actual positive.
True negative (TN): predicted and actual both negative. Although the metrics and definitions provided largely pertain
to binary classifications, these can be easily extended to multi-class classification problems. Readers can refer to
[13] for a more detailed review.
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ITII. MITIGATING BIAS

There exist a variety of methods to mitigate the effect of bias and increase fairness. These methods
attribute and address bias at different stages of the processing pipeline, as illustrated in Figure 1. Based
on the stage where they address bias, the mitigation methods can be broken down into (i) pre-processing
methods which tackle the bias problem at the data level, (ii) in-processing methods which mitigate the
bias problem at the model training level and (iii) post-processing methods which address the problem at
the output level. Figure 2 provides an overview and a taxonomy of the tools available to a hitchhiker.

Readers can refer to [5], [6], [11] for further information.

Dataset ——— Learning Method ——— Predictions
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Fig. 1. The three different strategies tackle bias at the different stages of a facial analysis system. The pre-processing methods
address bias by changing the amount of data and aim to solve the issue irrespective of the learning method. The in-processing
methods, aim to achieve fairness by providing the same feature representations or objective scores for the different demographic
groups. In contrast, the post-processing methods adjust the outputs of the learning model to provide fairer predictions.

A. Pre-processing (Data-level) Methods

Data imbalance is a persistent problem in the field of machine learning — a dataset is considered
balanced if the proportion of individuals across the different semantic categories (e.g., gender, age
group and skin colour) are roughly equal. Studies have highlighted how data imbalance results in biased
predictions and this is true for both face recognition and facial affect analysis algorithms [20]. Data-level

approaches typically attempt to mitigate bias by (i) creating a new dataset, (ii) leveraging on resampling
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methods, (iii) data augmentation or (iv) synthetic data generation and (v) fairness through unawareness.
Note that, at times, instead of using the terminology “fairness through unawareness”, certain papers have
opted to refer to it as “feature transformation” instead.

1) Fairness via Creating Balanced Dataset: In this method, bias is mitigated by creating a new dataset
D,, ensuring an equal proportion for each s;c,. However, creating a new balanced dataset with an equal
proportion of individuals across all categories of sensitive attributes is a challenging task. In addition,
the collected dataset has to be sufficiently large as face analysis and recognition algorithms typically
do not learn nor perform well when the sample-sizes are too small. This is labour intensive as the
datasets are typically manually collected and attributes such as age and gender has to be labelled by hand
[20]. Nonetheless, creating a dataset from scratch will allow researchers to have greater control over the
sample population statistics. The problem of dataset bias can, hence, be significantly reduced by ensuring
that the collected dataset has an equal proportion of each population subgroup. The example given here
describes an approach which advocates for having equal subgroup representations in order to ensure that
the model learns equally well from all subgroups. Another definition of curating a balanced dataset is to
have a dataset which is a reflection of the population statistic. Both approaches will lead to very different
outcomes and referring to both as dataset bias might be construed as a misnomer.

2) Fairness via Re-sampling: There are two main resampling methods to consider: Down-sampling
and over-sampling. Down-sampling / dropping is simply the process of sampling a smaller, balanced
subset of the original data D, as the training data. This can be achieved by discarding some x’s with
the over-represented sensitive attribute s;c, from D, such that the eventual training set D;, has an equal
proportion for each sje,. This solution is able to achieve a fairer dataset despite the information loss it
introduces. In fact, in addition to contributing to a higher classification accuracy, Xu and Jin [21] have
shown that a down-sampling method can also reduce the variance in the different poses and expressions
of the same face. In contrast, over-sampling increases the training set Dy, by duplicating instances of
the minority group s;eq to achieve a balanced dataset. The selection of the instances to be duplicated is
typically done at random.

3) Fairness via Data Augmentation: Data augmentation is a synthetic data-generation technique to
synthesize more training data. Similar to the re-sampling methods discussed previously, data augmentation
combats the problem of dataset bias by training the algorithm on a training set that is less biased. In
contrast to oversampling, this approach does not duplicate instances. Instead, the additional samples
generated using data augmentation typically involve a certain degree of input transformation. In other

words, re-sampling methods end up with a new D, with X duplicated or subsampled. However, with
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data augmentation, Dy, includes samples that are not in D,.

Data augmentation can be done in several different ways. Simpler data augmentation methods include
image flip, rotation, colour augmentation and random crops [5]. Such methods introduce more training
data which, therefore, increases the robustness of a model and prevent the model from over-fitting to
the over-represented demographic groups [S]. However, such simple augmentations may not provide the
needed intra-class variation to produce distinct samples to re-balance the dataset. More complex methods
include the well-known Synthetic Minority Over-sampling Technique (SMOTE) [22] which can generate
synthetic instances in the vicinity of the minority group via the k-nearest-neighbour method. Overall,
classifiers trained on augmented data have shown to exhibit positive improvement in terms of fairer
classification performance [5].

4) Fairness via Synthetic Data Generation: The state-of-the-art in synthetic data generation has
progressed significantly in recent years and we can now generate sophisticated, high-quality, synthetic
images. This is achieved using generative models such as variational autoencoders (VAEs) or generative
adversarial networks (GANs) where a generator (G) is used to map a latent vector z to an image x = G(z).
VAEs and GANs are trained such that a generated sample X is not distinguishable from x € D, with
respect to some pre-defined criteria. For mitigating bias, the generator (G) is used to produce a new
synthetic dataset Dy, to augment the training set and compensate for the underrepresented subgroups.
Note that the synthetic dataset D, contains samples that are different from the original dataset D,.
The affect analysis algorithm can then be trained on the augmented balanced data to produce less biased
predictions. Ngxande et al. [4] used synthetic data generation to reduce bias in driver drowsiness detection
by defining a mini-max objective function which accounts for the expected log-likelihood that the sample
x is from the data and the expected log-likelihood that the sample x is not from the generator (G).

5) Fairness through Unawareness: Fairness through unawareness, also known as feature transformation
in the literature, is another pre-processing approach that can be used to mitigate dataset bias. It simply
excludes the features related to the sensitive attributes S within the training dataset Dy,. The algorithm
is trained to map H : X — Y with only the remaining features. This method assumes that the remaining
features in the input do not carry any residuals of information about the sensitive attributes which may
be impractical in several real-life tasks. If x is a facial image, fairness through unawareness might not be
applicable as a pre-processing technique since we may not be able to ascribe sensitive attributes to pixels.
However, if x includes sensitive features, such as gender and race, in addition to a facial image, fairness
through unawareness can be employed. In other words, if there are additional attributes that may include

sensitive information provided as variables during the training stage, fairness through unawareness might
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be a suitable method. To use the example of race, this simply means removing the variable race from
the training dataset when training the algorithm. However, there might still be other features correlated
with race which may undermine the effectiveness of this method.
Discussion

Though relatively successful, the pre-processing techniques have certain drawbacks. For example,
down-sampling might lose critical samples and over-sampling might cause over-fitting since exact copies
of the minority class are replicated randomly. It is possible to combine the down- and over-sampling
procedures. Though such methods have performed well, the increase in procedural steps also inadvertently
increases the computational cost necessary for data pre-processing and model training. In addition, popular
methods such as SMOTE are shown to lead to over-generalization and are largely ineffective in dealing
with highly imbalanced datasets. The re-sampled data-points may even amplify the bias in the data if the
original dataset contains too few instances of the minority group for it to be sufficiently representative.

Although generative models are successful at generating realistic synthetic samples for targeted data
augmentation for a facial affect analysis task [4], we still have to recognise that generative models are
not without its drawbacks. These methods typically generate synthetic data that matches the distribution
of the original training set. The synthetic data samples generated by an algorithm trained on biased data
will most likely inherit the bias from the original dataset. Unless special care is taken in controlling the
attributes of the generated samples, they might just propagate the existing biases of the original data
the generative model was trained on. Moreover, such methods can be difficult to train to obtain realistic
and diverse synthetic samples, and they are computationally expensive. In addition, besides the fairness
via unawareness method, the other methods in the pre-processing stage largely ensure that the dataset is

balanced but might not necessarily satisfy any of the fairness definitions highlighted in Table I.

B. In-Processing Methods

In contrast to the data-level approaches, in-processing methods are mainly algorithm- or model-level
approaches. Such approaches typically attempt to mitigate bias by augmenting the learning procedure
to improve the sensitivity of the model towards under-represented groups. The objective of doing so
is to obtain better prediction results for the minority group without affecting the performance on the
majority class. In-processing methods can be divided into three main groups: (i) cost-sensitive learning
techniques, (ii) domain adaptation methods and (iii) disentanglement approaches. Note that, at times,
the naming convention varies between practitioners. For instance, several papers do not use the term

disentanglement and merely refer to the methods as “adversarial”.
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1) Fairness via Cost Sensitive Learning: Cost sensitive learning is a method that relies on penalizing
prediction errors ¢(x) for different demographic groups by weighting the prediction errors, i.e. ws, ., -¢(x)
where x € sjeq. The weight wg, ., can be determined based on the overall performance of the model
for the demographic group s;c, or the number of instances in each demographic group. For example,
if the ratio of images belonging to female and male groups is 1 : 3, Wyemate can selected such that
Wfemale = 3 * Wnale-

The aim in cost sensitive learning is to guide the classifier to place more emphasis on minority samples
in order to combat the biases within the training dataset. For instance, it is viable to give greater importance
to the minority class samples via the setting of weights. By setting a higher penalty on misclassifying a
minority class, the classifying algorithm can be trained to be more attuned towards the minority classes
than they would otherwise be. The classifying algorithm is therefore better able to deal with the initial
dataset bias and produce a fairer outcome. There is likely to be a fairness-accuracy trade-off involved
as improving the accuracy of the minority group might reduce the accuracy for the majority group. The
weights should therefore be decided with this trade-off in mind in order to find a good balance between
fairness and accuracy for the task at hand.

2) Fairness via Domain Adaptation: Domain adaptation is another promising method to address bias.
Such solutions are especially relevant in practical scenarios where the target face database often has a
different distribution from that of the source training dataset. For instance, several works have shown
that models trained on dataset of another age group do not generalize well on children [6] and elders
[23] for facial affect recognition tasks. This is because the majority of the facial affect datasets used for
algorithm training contain facial affect displays of young and middle-aged adults. Facial affect data from
older adults, adolescents and children is relatively less accessible and available [23]. This in turn results
in algorithms which are relatively less sensitive to the variations due to age.

In order to mitigate the bias arising from such scenarios, domain adaptation addresses the discrep-
ancy between probability distributions Pxe,,(x) and Pxe,, (x) where s; and s; are respectively under-
represented and over-represented groups. Domain adaptation methods generally try to reduce the differ-
ence between the features in a deep network for under-represented or over-represented groups, namely,
¢xes, (x) and ¢yes, (x). This can be achieved either directly, by minimizing a cost term based on the
difference between ¢y, (x) and ¢xes, (%), or by enforcing a prior on these features, e.g. a Gaussian.

Many adaptations of such strategies have been employed for bias mitigation in the literature. For
example, mutual information between the features of Caucasian and non-Caucasian samples can be

maximized to obtain the same feature distributions for all demographic groups [24]. In fact, a recent
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work extended the domain adaptation approach using a continual-learning mechanism and evaluated it
on two different facial affect recognition tasks: facial expression classification and action unit detection
[11]. Experimental results indicated that this method not only achieved a high performance accuracy
score, but also managed to maintain fairness across the sensitive attribute-based group splits.

3) Fairness via Disentanglement: Disentanglement methods attempt to separate representations be-
longing to different attributes. In the case of bias mitigation, disentanglement is used to remove the
sensitive demographic features from ¢xes, (x) and perform classification without these sensitive features.
In a sense, this is a form of fairness through unawareness but at the model-level. This method has proven
to be quite effective in mitigating bias in facial affect recognition. Xu et al. [5] compared three different
bias mitigation approaches, namely, a baseline, an attribute-aware and a disentangled approach on two
well-known datasets, RAF-DB and CelebA. Their results indicated that the disentangled approach is the
best for mitigating demographic bias in facial affect recognition.

A popular disentanglement strategy is adversarial learning. A typical application of this incorporates
an adversarial, sensitive-attribute predictor, in addition to the original prediction task, y. The goal of the
learner is to obtain a representation ¢(x) from which the adversarial predictor cannot successfully predict
the attribute s but the original prediction, y, can be performed.

Discussion

In contrast with pre- and post-processing methods, in-processing methods can be significantly more
effective; however, they are a lot more varied, diverse and harder to implement without prior knowledge
of the algorithms’ assumptions. Among the in-processing methods, cost-sensitive learning is the easiest
to employ and commonly used for quick mitigation results. However, a strategy that solely relies on the
number of samples or their prediction errors can be insufficient for removing bias entirely.Moreover, as
we are making direct changes to the actual prediction algorithm, this will innately result in fundamental
changes and may even introduce unwanted consequences. For instance, since men and women may
express their emotions differently, reducing the feature difference between both genders may result in
the emotion-discriminative information being reduced. As a result, this may give rise to an increase in
fairness at the expense of a decrease in classification accuracy.This is one manifestation of the fairness-
accuracy trade-off. In addition, many of the algorithms do not fall neatly into one category and often
overlap or are somewhat related to one another. In fact, many of the methods are hybrid models. These
models consist of multiple techniques which can be combined in a sequential, parallel or even multi-party
system. For instance, Li and Deng [14] proposed a framework which combines cost sensitive learning

and domain adaptation for fairer facial expression recognition.
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C. Post-Processing Methods

Methods to
Achieve Fairness

Pre-Processing Post-Processing
Modifies decision
region
Create a Re-sampling
Balanced Methods .
Dataset In-Processing
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Collection * Over-sampling | I |
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. of minority groups sources to classification
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using slightly modified * GAN attributes altogether

samples

Fig. 2. Taxonomy of Bias Mitigation Methods.

Post-processing methods attempt to mitigate bias after the algorithm training and classification process
is complete. In general, these approaches correct the bias in the algorithm by modifying the outputs of
the algorithm directly to achieve a fairer output score. An example of this is the Multiaccuracy-Boost
algorithm where the algorithm serves as an “auditer”. The auditor attempts to identify sub-populations
where the original classifier systematically erred and iteratively post-processes the classifier until it
achieves an unbiased accuracy on each subgroup [25]. Another example is the pioneering study conducted
by Howard et al. [6] which investigated how using a cloud-based emotion recognition algorithm applied
to children’s facial expression images can be skewed when performing recognition on the data of that
minority class. To remedy this, they proposed a post-hoc hierarchical approach combining outputs from
the cloud-based emotion recognition algorithm with a specialized learner.

The more integrated efforts attempt to bridge bias detection and mitigation in order to provide a more
comprehensive solution. Themis-ML is such an example [26]. This repository provides a suite of fairness
metrics similar to those discussed above and bias mitigation algorithms such as the additive counter-
factually fair estimator and re-labelling technique to mitigate the bias detected. Fairness Comparison
is another example [27]. In addition to offering a different set of bias mitigation methods, it primarily

differs from Themis-ML by allowing the different bias metrics and algorithms to be methodologically
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compared and the addition of supplementary algorithms and datasets to its platform. Besides the efforts
from academia, commercial organisations such as IBM also provided a comprehensive set of fairness
metrics, explanations, and algorithms to mitigate bias on both the dataset and algorithmic levels [28].
The significant contribution of such commercial efforts chiefly lies in their architectural design which
makes it more user-friendly and relevant towards non-academic practitioners within the industry.
Discussion

There are comparatively fewer literature on post-processing methods in comparison with pre-processing
and in-processing methods. In general, post-processing methods are non-restrictive and can be used on
almost any family of algorithms. This is especially desirable when we do not have access to the inner
workings of the algorithm or we are unable to modify or re-train it to make it more fair. The additional
key benefit is that there are more tools and packages available for post-processing methods [17], [26],
[27]. Such tools could typically calculate several different metrics of fairness from Table II. This makes
it easier for non-Machine Learning experts and general practitioners to understand, address and mitigate
bias by customising their methods to achieve the most appropriate definition of fairness illustrated in
Table 1. Such tools thus make it easier for the end-user to provide a more tailored solution to the problem
at hand and facilitate the process of ensuring any research developed to be put into practice. This is highly
important as ultimately, this is the eventual goal of the research community: To ensure greater fairness
within the algorithms deployed. Post-processing methods, therefore, provide the platform to facilitate the

transition of fairness research in academia to real-world algorithm deployment.

IV. DiscussioN

In the previous sections, we have attempted to provide a systematic overview of bias mitigation methods
available to practitioners within this field. In the field of facial affect recognition, although a systematic
analysis of bias and the investigation of mitigation strategies are still in their infancy [5], [7], we have
highlighted specific implementations of such methods on facial affect recognition tasks wherever possible.
If not, we attempted to highlight implementations within the field of facial recognition which could be
incorporated into facial affect recognition. We now proceed to discuss the challenges identified and
provide insights for future work for bias mitigation in facial affect signal processing.

A key challenge in affect recognition is the difficulty to represent and label affect objectively. As
discussed, bias and fairness are difficult concepts to formalise quantitatively and there is a lack of
consensus on how it should be defined in the current literature. The same can be said of how emotions

should be represented. Affect recognition deals with complex and at times subjective concepts - i.e., the
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TABLE 1II

OVERALL COMPARISON OF THE THREE CATEGORIES OF METHODS.

Method

Pros

Cons

Pre-processing

« Can be applied before most algorithms.
« Straightforward implementation.

A Limited efficacy in terms of bias mitigation.

In-Processing

« Streamlines the process as it does not
require an additional pre-processing step.

' Performs best on accuracy and fairness
measures.

« Provides the most flexibility for determin-
ing the accuracy-fairness trade-off.

A Algorithm trained is task-specific and can-
not be deployed on another task.

A Need to re-train the algorithm, which may
not be possible in many scenarios.

A Likely to incur higher time and computa-
tional cost.

A Harder to implement without sufficient

knowledge.

A Black-box tools might not be able to pro-
vide good interpretability and explainability.
A Lack the flexibility of determining the
accuracy-fairness trade-off.

« No need to re-train classifying algorithm.
+ Can be applied after most algorithms.
« Does not require access to the raw data.

Post-processing

Practitioners may need to explore multiple methods at all three levels to achieve fairer decision-making especially
for high-stakes situations.

labels used for training and testing are somewhat subjective and at times ambiguous as assessing both
one’s own and another person’s affect are challenging tasks, and mapping these unambiguously to a
single category or point in space is not straightforward [29]. As a result, there is currently a bias towards
the “labelled” emotional states such as anger and happiness as compared to other forms of affect such as
“annoyance”. Algorithms trained on existing datasets will therefore be more prone towards categorising
affect into the recognised category even though the predicted emotion category might not be the best fit.
There is debate within the community on whether this is the best way forward or whether other metrics
such as representing emotions on a continuous scale would be more appropriate or fairer approach instead.

Another challenge is that the lab versus real-world discrepancy becomes even more pronounced for
affective computing as facial affect displayed within the lab might be less natural or more exaggerated
as compared to real-world situations. For face recognition, lab-trained algorithms might struggle with
real-world data due to differences in pose and illumination. These challenges also exist for facial affect
recognition, in addition to other challenges such as context that involves a target user population and a
target application domain which cannot be easily replicated within the lab. As a result, algorithms trained
on expressions collected in a context-free environment are unlikely to generalise well and may be biased
towards affect that are collected in context-free settings. Moreover, people are more likely to regulate

their display of affect in lab settings. How these aspects would impact bias and fairness related issues in
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facial affect recognition needs further investigation.

Besides, the majority of the facial affect datasets used for training automatic affect recognisers contain
static facial images. In line with this, current research on bias and fairness in facial affect recognition has
started with investigations on static image datasets. However, understanding and correctly interpreting
user affect requires data, labels and methodologies that consider the (spatio-)temporal aspects [30] which
may also show differences in lab vs. real-world settings in terms of timing of the nonverbal behaviour
(e.g., the temporal evolution of a fake smile is different from that of a genuine smile). In order to see
the impact of such factors on the fairness for facial affect recognition, they need to be investigated with
relevant experiments and compared to using only static image datasets.

In addition, the majority of the existing facial affect datasets that are made publicly available for
research purposes do not contain information regarding the sensitive attributes, making it difficult to
assess bias, let alone mitigate it. Further research should be undertaken to understand which mitigation
strategies are needed when considering the (spatio-)temporal aspects of the affective displays as well as

context-free vs. context-dependent settings.

V. RECOMMENDATIONS AND CONCLUDING REMARKS

In this review, we investigated the topic of bias and fairness in facial affect recognition systems. We
did this by formalising the fundamental components of bias and fairness relevant to facial affect signal
processing, investigating the progress made and highlighting the challenges present within this area of
research. In Table III, we provide an overview of pros and cons for pre-processing, in-processing and
post-processing bias mitigation methods.

Additionally, in Figure 3, we provide a modified version of the flowchart found in [28] to illustrate
the mechanism, the metrics and the pipeline that can be adopted for investigating bias and obtaining
fairer facial affect recognisers. The paths are options that can be taken and do not constitute a formal
recommendation. The guide adopts a holistic approach along several dimensions - i.e., data is loaded,
and then transformed into a (fairer) dataset using a fair pre-processing algorithm, and a classifier is
learned from this transformed dataset. Predictions are then obtained and metrics are calculated on both
the original and the transformed dataset as well as between the transformed dataset and the eventual
dataset with the predicted outcome.

Furthermore, we would like to emphasise that the guide that we have provided lacks efficacy if it
is not considered in a holistic manner alongside the substantial discourse on the ethical implications of

such innovation. As it stands, it is widely perceived that efforts from academia and big tech companies,
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Fig. 3. The Hitchhiker’s Guide to the Overall Process of Bias and Fairness in Facial Affective Signal Processing: Mechanism,
Metrics and Pipeline. This is a modified version of the flowchart found in [28] to provide an overview of the options available
to a hitchhiker. Note that the paths are options that can be taken and do not constitute a formal recommendation. The hitchhiker
is encouraged to experiment with a myriad of approaches and leverage any permutation of strategies in order to maximise bias
reduction without overly sacrificing accuracy for the task at hand.

though gaining traction, are still relatively inadequate [2] and that ethical reforms are largely reliant
on regulation, governmental guidelines and legislation to enforce responsible innovation [3]. Given the
repercussions discussed previously, as a field, we need to start contending with how our work might cause
or be implicated in harm and consider to what extent is the research community responsible for making
sure that the technology we are developing is ethical. The panel discussion on the Potential Misuse of the
Affective Computing Science and Technology at ACII 2019, and ACII 2021’s theme of Ethical Affective
Computing are good starting points for the community for considering ethical uses, fairness and bias
in emotional Al. Another highly important and difficult question that plagues the community is how
fair do our algorithms need to be before it is deemed acceptable? Though the governmental and legal
guidelines in place might not be the best arbitrator for such discourse, they represent a step forward
towards ensuring that the harm arising from bias in high-stakes situations such as “automated video
interviews” are somewhat curtailed.

Moreover, the ethics of these problems are not solely restricted to bias and fairness. There is also
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a trade-off between privacy and efficacy. Having access to more data would typically result in a more
efficacious (but not necessarily fairer) solution. Coming back to the example of the driver drowsiness
detection [4], would it be worth collecting more data to improve the fairness of the algorithm at the cost
of individual privacy? This is not an easy question to answer. Given the complexity surrounding these
issues, to foist a conclusive form of how fairness should be achieved may risk incurring the epistemic
fallacy that the epistemological priority of definitional knowledge would be a panacea for the problem of
bias. It also risks masquerading as a red herring to the more fundamental forces at play: that prescribing
legalistic injunctions about what constitutes fairness may very well exacerbate the bias that we wish to
avoid. As such, we we would like to emphasise that the goal of ethical, responsible and fair innovation
cannot be achieved through exogenous guidelines (legal or otherwise) alone. This guide is not intended
to be canonical nor axiomatic. Our hope is that it will serve as a starter’s guide for a hitchhiker to
navigate through the kaleidoscope of definitions, methodologies, tools and concepts as they journey

towards developing fairer solutions for all.
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