
MASTER’S THESIS 2022

Investigating and Mitigating
Effects of Quantization on
Algorithmic Bias
Oscar Andersson, William Isaksson

ISSN 1650-2884
LU-CS-EX: 2022-30

DEPARTMENT OF COMPUTER SCIENCE
LTH | LUND UNIVERSITY





EXAMENSARBETE
Datavetenskap

LU-CS-EX: 2022-30

Investigating and Mitigating Effects of
Quantization on Algorithmic Bias

Oscar Andersson, William Isaksson





Investigating and Mitigating Effects of
Quantization on Algorithmic Bias

(A LATEX class)

Oscar Andersson
os8218an-s@student.lu.se

William Isaksson
wi2628is-s@student.lu.se

June 13, 2022

Master’s thesis work carried out at Arm.

Supervisors: Felix Johnny Thomasmathibalan,
FelixJohnny.Thomasmathibalan@arm.com

Axel Berg, Axel.Berg@arm.com
Flavius Gruian, flavius.gruian@cs.lth.se

Examiner: Jacek Malec, Jacek.Malec@cs.lth.se

mailto:os8218an-s@student.lu.se
mailto:wi2628is-s@student.lu.se
mailto:FelixJohnny.Thomasmathibalan@arm.com
mailto:Axel.Berg@arm.com
mailto:flavius.gruian@cs.lth.se
mailto:Jacek.Malec@cs.lth.se




Abstract

Quantizing neural networks is necessary for efficient inference on resource- con-
strained devices. In general, quantization slightly reduces the overall perfor-
mance of a network. However, some sub-groups of a dataset might be impacted
disproportionately. In this thesis, we investigate how quantization impacts al-
gorithmic bias. We find that for hair color classification, the class-level bias is
amplified, while on the attribute-level, the bias is rather unaffected for the at-
tributes gender and age. We then show that model architecture and hyperpa-
rameters play a vital role in how a network is affected by quantization. Lastly,
we propose two methods to mitigate the impact of quantization on the bias of a
model.
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Chapter 1

Introduction

The rapid development and increased amount of use cases of deep neural networks have rev-
olutionized machine learning in many ways. As networks have become more complex and
more capable, the demands on software and hardware have increased. Traditionally, compu-
tationally heavy applications such as neural networks would not be able to run on lightweight
devices such as microcontrollers and would instead run remotely. It is convenient to run net-
works remotely as the lightweight edge device does not need to do the hard work. However,
this requires the device to be connected to a server or cloud service and share possibly sensi-
tive data. By running a trained network on an edge device instead, we can increase privacy
and reduce the bandwidth and dependency of being connected to the cloud. A vital tool to
achieve this is model compression. Model compression allows neural networks to run where
computing resources face both strict size and power constraints, e.g., embedded systems, as
it reduces memory and energy usage, inference latency, and computational overhead [18].
Model compression shrinks the model by removing weights or reducing the precision of the
parameters in the model. However, model compression necessarily introduces a tradeoff be-
tween the degree of the compression and the size of the accuracy drop [13] [26].

An efficient way to compress a model is to quantize it. This can be done in slightly dif-
ferent ways. In this thesis, we use the popular open-source machine learning framework Ten-
sorFlow, where models use 32-bit floating-point precision [23]. Model quantization reduces
the precision by quantizing weights, activations, inputs, and outputs to a lower bitwidth. If
8-bit integers are used, there is around a 4x size reduction of the model size. Also, this could
allow fixed-point operations to be used rather than floating-point and would allow for the
use of specialized hardware that utilizes single instructions and multiple data (SIMD) for ac-
celerated inference. On compatible hardware, this could yield a larger than 3x speed-up on a
quantized TensorFlow model [22].

Quantizing a trained network directly, a process called Post Training Quantization (PTQ),
does not always preserve accuracy. When the accuracy drop is larger than desired, one can
mitigate the accuracy drop by more specialized training with a process called quantization-
aware training (QAT). Because many microcontrollers with Arm architecture require num-
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1. Introduction

bers to be represented in the int8 format, we restricted our experiments to 8-bit integer
quantization in TensorFlow.

The starting point for this thesis is the work presented in [11]. In the paper, the authors
investigate the effect of pruning on algorithmic bias, i.e., how the performance of different
subgroups of the dataset is affected by pruning. The authors classify if a person is blonde or
non-blonde on an imbalanced dataset called CelebA. Each image in the dataset is associated
with a binary gender and age attribute. The authors claim that underrepresented sub-groups
are responsible for a disproportional amount of the error introduced by compression. For in-
stance, the relative increase in false positive rate (FPR) is 49.54% for males while only 6.32% for
females. In the paper, the authors compress using pruning, which means removing insignifi-
cant weights from the network. In this thesis, we extend the work done in [11] to investigate
how quantization affects the algorithmic bias of a model. Depending on the outcome of the
investigation, we will investigate how we can mitigate any unwanted bias.

To measure bias, we introduce bias metrics that are based on the fairness criterion equal-
ized odds [10], which requires the false positive rate (FPR) and false negative rate (FNR) to
be equal across different sub-groups. The deviations from this ideal are measured as the dif-
ference between the best and worst sub-group or the variance of FPR and FNR across all
sub-groups. If one were to force the model to perform equally across sub-groups, it could
massively decrease the overall accuracy. This highlights a tradeoff between overall accuracy
and algorithmic bias.

We also examine four different ways of tackling this tradeoff, starting with the choice
of model architecture and hyperparameters. We then perform information retrieval through
post-processing, and lastly, we examine QAT.

1.1 Related Work
On the topic of quantization, there exist a lot of related work, such as [19] [8] [18] [13]. The
focus of most of these papers is to improve the accuracy of quantized networks or to reduce
the number of bits being used.

Bias and fairness in machine learning (ML) is a field that has garnered much attention
in recent years. The main focus of this area has been automated decision making, where ML
directly affects human lives. [2] gives an introduction to and a good overview of this field.
In facial recognition, [5] has investigated commercial gender classifiers from Microsoft, IBM
and Face++ and compared performance across gender and skin tone. It was found that all
classifiers had the largest error rate on females with dark skin and the lowest error rate on
light males. However, the focus of this thesis has been bias in multiclass image classification,
but no papers were found on this subject.

Mitigation of bias in ML has been investigated in [24], where the main focus is on dealing
with imbalanced data. The paper presents two common techniques to re-balance the data;
re-sampling and modifying the cost function during training. The second option we use to
mitigate bias in this thesis. Another paper that has investigated bias is [1], which concludes
that weight regularization produces models that are biased towards some classes. This paper
was published towards the end of the work on this thesis, and we were not aware of its impact
on bias during our experiments. Nonetheless, the conclusions from [1] are used to discuss
some of our findings.
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1.2 Research Questions

The intersection of compression of neural networks and fairness or bias is fairly unex-
plored. [11] investigated the effect of pruning on algorithmic bias. The paper concluded
that pruning can amplify algorithmic bias and that underrepresented subgroups of the data
are responsible for a disproportional amount of the total error. We investigate if the same
conclusions hold for quantization in the binary and multiclass case. Another paper that has
investigated the bias introduced by model compression is [3]. The paper introduced two ways
of measuring bias between models. One of these metrics, combined error variance (CEV), we
use throughout this thesis to compare the class-level bias between two models. Yet another
paper that investigates the fairness effects of pruning is [14]. However, the paper introduces
the Max-Min measure, which can capture bias or unfairness of a model. This measure we use
to detect and measure bias in our experiments.

1.2 Research Questions
The research questions which we aim to answer in this thesis are:

• How does quantization affect algorithmic bias?

• If quantization increases algorithmic bias, how can we mitigate it?

1.3 Scientific Contribution
The contribution of this thesis is first and foremost to increase the knowledge of how quan-
tization affects algorithmic bias and to quantify this bias using different metrics. Secondly,
we investigate how different mitigation techniques impact these bias metrics as well as con-
tribute a possibly novel post-processing mitigation technique that preserves performance
while offering a different tradeoff between algorithmic bias and overall accuracy.
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1.4 Division of Work
Oscar is responsible for the following sections:

• Artificial Neural Networks

• Quantization

• Approach

• Results

William is responsible for the following sections:

• Algorithmic Bias

• Post-processing

• Discussion

We have equal responsibility for:

• Abstract

• Introduction

• Conclusions
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Chapter 2

Background

In this chapter, we start by introducing relevant concepts in artificial neural networks (ANNs).
We then move on to quantization and introduce two quantization methods. Lastly, we in-
troduce algorithmic bias and how it will be measured throughout the paper.

2.1 Artificial Neural Networks
Here we will cover some concepts and techniques used throughout the thesis. For a complete
introduction to ANNs, we refer to [9].

2.1.1 Regularization
Regularization is commonly used to avoid overfitting on training data by restricting the flex-
ibility of a model such that the training and validation performance is similar. We use weight
regularization on some models in this thesis, as can be found in table 3.1. Weight regulariza-
tion restricts the magnitude of the weights to be close to zero by penalizing weights with large
magnitudes in the loss function. A problem with weight regularization is that it increases the
class-level bias of a model, as demonstrated in [1].

2.1.2 Data Imbalance
Real-world datasets are rarely balanced, meaning that the frequencies of different classes are
rarely equal. This can lead to models that are biased towards the larger classes and can lead to
poor performance on small classes. There can also be imbalances within classes. For instance,
one class might be dominated by one age group or gender.

To balance the classes in terms of the loss function, one can modify the training dataset
or the loss function. Modifying the training dataset is usually referred to as re-sampling. To
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2. Background

balance the dataset, it removes samples from larger classes or adds duplicates to the smaller
classes. However, this can lead to overfitting on the duplicates, or we can lose important
information from the removed samples. Modifying the loss function refers to modifying the
cost of misclassifying each class. For instance, to tackle the imbalance, we can modify the
cost such that the smaller classes are more costly to misclassify than larger classes. In this
thesis, we will refer to this technique as class weighting. The cost of misclassifying a sample of
class i in the loss function is modified by a factor:

costc =
Nmax

Nc
(2.1)

where Nc is the number of samples in class c, and Nmax is the number of samples in the largest
class. This means the loss for an observation o is:

−

M∑
c=1

costc ∗ yo,c log(po,c) (2.2)

Where y is a binary indicator of whether class label c is the correct classification for obser-
vation o, M is the number of classes, and po,c is the output of the network for class c. The
drawback of this technique is that it impacts the overall accuracy negatively [24]. Therefore,
when training a model, one can choose whether to prioritize equal class-level performance
or overall accuracy. This tradeoff will be referred to as the bias-accuracy tradeoff.

2.1.3 Feature Visualization
When analyzing the performance and behavior of a network, it is sometimes not enough to
just analyze the outputs. In these cases, we may want to look at what happens inside the
network and the intermediate values. The challenging part is to visualize these values as
the output of a network’s hidden layers is often multidimensional. A technique to visualize
this is T-distributed Stochastic Neighbor Embedding (t-SNE) [16]. It uses dimensionality
reduction techniques such as Principal Component Analysis (PCA) to project the data to a
lower-dimensional space. In this thesis, we are interested in how the network changes when
quantization is applied. t-SNE will be used as a tool to visualize this.

2.2 Quantization
We start by introducing quantization in general and how quantization is used in neural net-
works. Then, we move on to quantization in TensorFlow and how we will use this in our
experiments.

2.2.1 Quantization in General
The most common formats for storing numbers in digital computers are floating-point num-
bers and integers. These numbers are represented using a collection of bits. The number of
distinct values that can be represented is:

12



2.2 Quantization

#values = 2#bits (2.3)

e.g., using 8 bits, one can represent 28 = 256 different values.
Quantization is the process of mapping values from a large set into a smaller set. In this

thesis, the larger set will be of the format floating-point 32-bit (FP32), and the smaller set will
be of the format integer 8-bit (int8). From equation 2.3, one can find that this corresponds
to a massive reduction in the number of values that can be represented after quantization (a
reduction by a factor of 232−8), but at the same time a four-fold reduction in the number of
bits needed to store these values.

A popular quantization function is:

Q(r) = Int(r/S) − Z (2.4)

where Q is the quantization operator, r is the value to quantize (either an activation or a
weight), S is a real-valued scaling factor, and Z is an integer zero point. This kind of quanti-
zation is called uniform since the spacing between the quantized values is uniformly spaced.
Int is an operator that transforms the floating-point number to a nearby integer, often the
rounding, flooring, or ceiling operation.

The equation for dequantization is as follows:

r̃ = S(Q(r) − Z) (2.5)

where r̃ ≈ r due to the rounding operation [8].
A crucial factor in uniform quantization is choosing the scaling factor S, which is given

by:

S =
β − α

2b − 1
(2.6)

where b is the quantization bit width, and [α, β] denotes the clipping range, i.e., the range
of values we want to quantize the most accurately within - values outside of the range are
projected to either α or β. A clipping error is thus introduced. Values inside the max and min
will be rounded to the closest quantized value. The error introduced is called rounding error.
By increasing the scaling factor, we can increase the max and min and reduce the clipping
error. However, by doing this, it is likely that the rounding error has increased instead.

2.2.2 Quantization in Neural Networks
In contrast to quantization in traditional signal processing, it is the change in the network
outputs caused by the quantization of the network parameters rather than the quantization
errors that are of interest. Modern deep neural networks tend to be over-parameterized,
which means quantization can have little impact on the overall accuracy, such as top-1 and
top-5 accuracy [8]. However, it is important to note that the model architecture plays a vital
role, and different architectures are more or less robust to the noise introduced by quantiza-
tion [19]. An architecture that can be impacted heavily is the common lightweight network
MobileNetV1. 8-bit quantization can destroy the performance of the network [21] [25].
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2. Background

2.2.3 Quantization in TensorFlow
In TensorFlow, one can quantize a network in two different ways; post-training quantiza-
tion (PTQ) and quantization-aware training (QAT). See figure 2.1 for a flowchart of the two
methods. In our experiments, we mainly focus on PTQ but will evaluate QAT as well. We
quantize the networks per layer (per-tensor) in both cases, as this is the default in TensorFlow.
Below, we present the techniques and how they work.

Figure 2.1: Flowchart for QAT and PTQ respectively

Post-training Quantization
Post-training quantization (PTQ) quantizes a trained network from 32-bit floating-point
weights to lower precision, e.g., int8. This does not require any additional training, and
while quantization aware training (QAT) usually outperforms PTQ, this usually is sufficient
for achieving an accuracy close to that of the original network [19].

To quantize the activation functions of the network to 8 bits, a representative dataset is
needed to calibrate the clipping ranges of the activation functions by running a few inference
cycles on it. The range of the activation function will be the minimum and maximum value
that is seen during this process. The representative dataset usually consists of roughly 100-
500 unlabeled training samples [22].

Quantization-aware Training
A flaw of PTQ is that it naively quantizes a network’s weights and activation functions to
a lower bitwitdh without any knowledge about the introduced noise. Therefore, there is no
guarantee that performance is preserved after quantization. In cases when PTQ introduces
too much noise, quantization-aware training (QAT) is a better option than PTQ. QAT sim-
ulates the noise induced by quantization during training and finds weights and activation
ranges suitable for quantization. The procedure of QAT is often to fine-tune a pre-trained
network with QAT rather than training from scratch. When fine-tuned, TensorFlow can ap-
ply quantization to the network without any calibration data. If done correctly, the quantized
inference accuracy should be close to the simulated quantization accuracy [13].

14



2.3 Algorithmic Bias

Compression Identified Exemplars
Compression identified exemplars (CIEs) are the examples where the model’s prediction
changed after compression [11]. This metric quantifies the impact of compression in terms of
how much the model has changed. We will present CIEs as their fraction of the test dataset.

2.3 Algorithmic Bias
As machine learning algorithms have found their way in to decision-making, such as hiring
processes and loan applications, it has become inevitable to look beyond the accuracy when
evaluating the performance of a model [2]. One way to do this is to consider Model fairness.
Model fairness measures how fair the model is across its different sub-groups given some
fairness criterion. Sub-groups of interest are often decided by protected attributes. These at-
tributes are often sensitive, such as gender, race, and religion. A common fairness criterion
is for instance equal opportunity, i.e., that all sub-groups should have an equal opportunity to
be positively classified [10]. This could for instance mean that people of different genders
should have the same chance of getting a loan, in this case regardless of conditionals, such as
salary differences between males and females.

The field of model fairness is almost always related to automated decision-making, as it
has clear impacts on human lives. However, the principles of this field can be applied in cases
where the fairness considerations are not obvious. For instance, in this thesis we will inves-
tigate several hair color classifiers. In this case, the potential impacts of faulty classifications
on human lives are hard to find. As such, model fairness is not necessarily the correct term to
use. Instead, a broader view of algorithmic bias can be used. This entails everything that model
fairness does except the explicit fairness consequences. In this thesis, we consider two forms
of algorithmic bias; class-level bias, i.e., different performance for different classes, and bias
on protected attributes, that is for a given class, how does the performance differ across a
protected attribute.

Below, we introduce the performance measures on which our fairness criterion is based
and explain how they will be interpreted in this thesis. Then, we introduce our metrics
of algorithmic bias. These are then used to compare the level of algorithmic bias between
models.

2.3.1 Performance Measures for Multiclass Classifi-
cation

When evaluating the performance of a classifier, it is common to use precision and true pos-
itive rate (TPR) to capture class-level performance on the test dataset. In the multiclass case,
TPR, otherwise known as class-level accuracy or recall, measures what fraction of a class that
was classified correctly. For fairness evaluation, it might be more apt to use the false negative
rate (FNR) instead of TPR, as this makes relative comparisons easier to interpret. Precision
on the other hand, measures the certainty of our predictions.

However, when considering algorithmic bias, we are only interested in the performance
of a model, independent of priors. This is because we consider the performance on all classes
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2. Background

equally important. Furthermore, precision - in opposition to TPR - is dependent on priors
which makes it unsuitable for measuring bias.

Another metric that is commonly used in fairness is the false positive rate (FPR). How-
ever, this is also dependent on priors. To get around this, we will instead use a balanced FPR,
i.e. the FPR for every class assuming equal priors. Below, we will present how the balanced
FPR is calculated for a class i:

FPRi =
1

N − 1

N∑
j ̸=i

FP ji

P j
=

1
N − 1

N∑
j ̸=i

FNRi j (2.7)

where N is the number of classes, FP ji is the number of samples of class j that have been
misclassified as class i, and P j is the number of positives in class j . Equivalently the fraction
in the summation can be written as FNRi j , i.e., the contribution of class i to the FNR of
class j .

We consider FNR the most important class-wise performance measure in most applica-
tions as this determines the class accuracy. However, FPR is also relevant to consider, and in
some cases, high FPR on a class can be very problematic will be discussed in section 2.3.6.

2.3.2 What Is Algorithmic Bias?
In model fairness literature, it is common to use fairness criteria. These criteria need to be
fulfilled for the model to be considered fair. We will use a variant of the fairness criterion
equalized odds as a way of quantifying bias. Equalized odds requires the FPR and FNR to
be equal across all sub-groups of the dataset, but we will use the balanced FPR instead. This
choice of fairness criterion was natural to us, as we want the model performance independent
of priors to be as even as possible across sub-groups. In this thesis, we will consider two
different types of sub-groups: classes and protected attributes. For an interested reader, there
are other fairness criteria that can be found in [2] [10].

2.3.3 Class-level Bias Versus Protected-Attribute Bias
Algorithmic bias can be viewed both at a class-level and a protected-attribute-level. At the
class-level, we can compare how different classes differ in terms of balanced FPR and FNR.
For protected attributes, we can look at one or more attributes at a time and compare the
differences in FPR and FNR inside one class.

2.3.4 Bias Metrics
When training multiple models and evaluating the amount of bias, it is relevant to consider
both the average performance, but also the worst case. Below, we present two bias metrics
based on balanced FPR and FNR that we use to measure class-level bias.

Max-Min
A simple, but useful bias metric, is the Max-Min metric. It is defined as the difference in
a performance measure between the best and worst performing class, e.g., the difference
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2.3 Algorithmic Bias

between the maximum and minimum balanced FPR. This indicates how biased the model is
at its worst. Formally, it is defined as:

Max-Min = max
i∈C

ei −min
i∈C

ei, (2.8)

where C is the set of classes, and ei is the FPR or FNR of class i [14].

Variance
A drawback of Max-Min is that it does not capture what happens to the classes in between
the max and the min. The variance does this by measuring the bias of the entire model for a
given performance measure. In terms of variance, the most unbiased model would be a model
where the performance measure is the same for all classes, giving a variance of 0. The most
biased model (in terms of variance) would be a model where half of the classes have the value
1 of a performance measure, and half the classes are at 0, which corresponds to a variance of
0.25. Formally, variance is defined as:

V =
1
N

N∑
i=1

(xi − µ)2, (2.9)

where N is the number of samples, xi is the i:th observation, and µ is the average of all ob-
servations [4]. As far as we know, this is a novel way of measuring class-level algorithmic
bias.

2.3.5 Measuring Changes in Algorithmic Bias
Bias metrics attempt to capture how biased a given model is. To accurately capture how bias
changes is not entirely trivial. One must decide if it is the change of bias or the bias of the
final model that the metrics should be applied to. For example, a biased change of FNR or
FPR in bias metrics could lead to a less biased model using the same metrics. In this thesis,
we will measure the difference in bias between the final model and the baseline model, using
Max-Min, variance, and combined error variance (CEV).

Max-Min
We will measure the difference in Max-Min by using the increase of the Max-Min between
the quantized model and the baseline model. Formally, we define this as:

∆Max-Min = Max-Minquant −Max-Min f p (2.10)

where Max-Minquant is the Max-Min of the quantized model, and Max-Min f p is the Max-Min
of the floating-point model.

Variance
We will present the variance increase between two models in terms of the ratio between the
increase and the total possible variance increase in percentage points, i.e.:

Vscore = 100 ·
∆V
0.25

(2.11)
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where ∆V is the variance increase after compression. The value 0.25 in the denominator is
the maximum possible variance for values between 0 and 1. This measures how much the
variance of the performance measure has increased relative to how much it could maximally
increase. This choice is made to increase readability.

Combined Error Variance
Combined error variance (CEV) is a metric proposed in [3] that measures fairness between
two models. The fairness measurement can be described as the tendency of the model to
sacrifice the performance of one class for another. A feature of CEV is that it by default
compares two models by combining FPR and FNR into one number. Formally, it is defined
as:

δXie =
Xie − X̂ie

X̂ie
(2.12)

δXµe =
1
n

n∑
i=0

(δXie) (2.13)

cev =
1
n

n∑
i=0

(dist((δXµpos, δXµneg), (δXipos, δXineg)))2 (2.14)

where Xie is a pair of FPR and FNR for class i for the model to compare with (in our case the
quantized model), and X̂ie for the original model. e tells if it is the positive or negative rate.
δXie is the normalized change in FPR/FNR and is used to compute the average movement of
all classes, δXµe. The CEV is then computed by taking the average distance between all such
positive and negative pairs. The dist function refers to the euclidean distance between the
points.

2.3.6 Ethical Considerations
The ethical considerations of ML and intelligent systems are many, especially in systems
where human lives are affected. In some applications, such as cancer detection, the FNR
might be more relevant than the FPR. The consequences of classifying someone as not hav-
ing cancer when they have cancer are more severe than the opposite scenario. An example
where the FPR is more important than the FNR is facial recognition for unlocking mobile
phones, at least when the FNR and FPR are reasonably small. It is better that the correct
person cannot unlock their phone from time to time than that the wrong person manages to
unlock someone else’s phone. Also, in facial recognition, there are sometimes performance
differences between protected attributes. [5] show that commercial gender classifiers pro-
duced by IBM, Microsoft, and Face++ have vastly different error rates across genders and skin
tones. For Microsoft, the classifier had a 20.8% error rate on dark females while it had a 0.0%
error rate on light males, and for IBM the corresponding numbers were 34.7% against 0.3%.
The authors also state that "Inclusive benchmark datasets and subgroup accuracy reports will
be necessary to increase transparency and accountability in artificial intelligence."

Ethical concerns of algorithmic bias in multiclass image classifiers are not as easy to come
up with. However, there are situations where it is undesirable to have significant performance
differences across different classes, and it is problematic to deploy models that are biased
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towards some protected attribute. For instance, in [17], a classifier is trained to classify five
different types of skin cancer. While this is not the case, it would be awful if the classifier
had high overall accuracy but poor performance on a rare but dangerous type of cancer. It is
also undesirable that the classifier would perform differently on, e.g., different skin tones.

The use of image classification itself can also be problematic in itself. For instance, a
facial recognition system that can recognize all citizens of a country could be used to catch
crime suspects and reduce crime overall, but at the same time reduce the privacy of citizens
and could also be misused.
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Chapter 3

Approach

Our work consists of a literature study and experiments. The experiments were done in two
phases; a first phase exploring what effects quantization has on algorithmic bias, and a second
phase trying to mitigate these potential undesired effects.

3.1 Literature Study
The first stage of the thesis was to conduct a literature study. As there is a lack of papers on
the impact of quantization on bias, the starting point of this study was [11], which investi-
gated the impact of pruning on algorithmic bias. The experiments in the paper were used as
a reference for our initial experiments. The further aims of the literature study were to un-
derstand how to quantize in TensorFlow, find metrics that could quantify algorithmic bias,
and to find a suitable dataset and model architecture where algorithmic bias is sufficiently
affected by quantization.

3.2 First Phase: Exploration
In the first phase, we investigate our first research question: how does quantization affect
algorithmic bias. As we did not know how quantization would affect algorithmic bias and
knew from [11] that pruning could amplify bias according to the authors, we started by trying
to reproduce their results, but with post-training quantization instead of pruning. However,
we found that the impact of quantization on algorithmic bias was negligible. The impact of
quantization was measured by comparing the change of FNR and normal FPR of the quan-
tized and baseline models within a given protected attribute. In this way, we can see if, for
instance, males or females are affected differently by quantization.

Because of this, we moved on to the smaller models in the MobileNet family [20] [12] and
trained them on multiclass classification tasks. These networks are known to be sensitive to
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quantization and should therefore yield more interesting results [21] [25]. The transition to
multiclass classification was done to open up more degrees of freedom for bias to occur. At
the class-level, the impact of quantization was quantified by measuring the change in bias
metrics between the quantized model and the baseline model. For the protected attributes,
the accuracy difference between protected attributes and the changes in FNR and balanced
FPR were used to measure the bias. We found here that the MobileNetV3Small architecture
was the most sensitive to quantization.

The models were trained to do hair color classification on the CelebA dataset. This
dataset was chosen because of its size and presence of protected attributes. The dataset is
also unbalanced, which lets us analyze whether underrepresented classes and groups are dis-
proportionately affected by quantization, as was the hypothesis in the paper that was used as
a starting point for this thesis [11].

3.3 Second Phase: Mitigation
The second phase is heavily based on observations made during the first phase. Since the
MobileNetV3Small architecture was the most sensitive to quantization, we focused on miti-
gating the impact of quantization on this network. First, we attempted to mitigate the effects
by adding two different hyperparameters when training our model. In one of the models, we
added L1-regularization to the last layer. This choice was made because we had observed in
the first phase that this type of regularization was less sensitive to quantization in terms of
accuracy. In the other model, we added class weighting so that all classes are equally im-
portant in the loss function 2.1.2. The hypothesis was that this should improve class-level
performance, which could affect how the model would be impacted by quantization.

Second, we turned to quantization-aware training. As mentioned in 2.2.3, QAT is a good
option when PTQ leads to a large accuracy drop. As it turns out, QAT on MobileNetV3Small
specifically is not supported by default in TensorFlow Model Optimization. Despite our
best efforts, we could not do it manually either. Instead, we chose another version called
MobileNetV3Small minimalistic, which is supported by QAT. We perform both PTQ and
QAT on this network to be able to compare them.

Finally, when looking at the t-SNE plots of the baseline MobileNetV3Small setup in fig-
ure 4.5, we realized that the performance on some classes after quantization was degraded
more than what was reasonable, considering how separated the classes were after quantiza-
tion. This led us to believe that there is a pattern in how some examples change after quan-
tization. By training a small classifier to predict what prediction the floating-point model
made, using only the output from the quantized model, one should then be able to get bet-
ter performance if there is such a pattern. In other words, this is a post-processing method
used to mimic the classifications of the floating-point model, using only the output of the
quantized model.

3.4 Implementation
Below, we present the implementation details of our experiments. We start by presenting the
frameworks we use and how we pre-process the dataset. We then present the hyperparameters
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of the models we have trained, and how we quantize them. Finally, we present how we have
implemented feature visualization and our post-processing method.

3.4.1 Frameworks
For training and evaluation, we use TensorFlow 2.8 along with Keras. For quantization and
converting the models to compressed models, we use TensorFlow Lite. For QAT, we use
TensorFlow Model Optimization Toolkit.

3.4.2 Datasets
For all setups, we use the cropped and aligned CelebA dataset downloaded from [15]. The
dataset contains roughly 200,000, 178×218 images of celebrities’ faces, along with 40 binary
attributes associated with each image. A few example images are presented in figure 3.2. We
pre-process and label images with the provided attributes file. We split the data into three
sets; training, validation, and test, and use a split of 60% for training and 20% for validation
and test, respectively. This choice was done rather arbitrarily but gives us a lot of training
data, as well as reliable validation and test results.

For reproducing the experiments in [11] we label images as blonde or non-blonde. The
distribution of the classes and sub-groups in the dataset are presented in figure 3.1. Note the
imbalance between the blonde and non-blonde class, where non-blonde constitutes more
than 80% of the dataset. Note also the imbalance in protected attributes, e.g., young com-
pared to old for non-blonde, and male compared to female for blonde.
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Figure 3.1: Class frequencies of sub-groups in the CelebA dataset.

We also construct a multiclass dataset out of CelebA consisting of five classes of hair
color. Samples that are labeled as having multiple hair colors are removed. This resulted in
a remaining dataset with around 125,000 images. The distribution of the classes and sub-
groups are presented in figure 3.2 and 3.3. There are two extremely underrepresented classes,
bald and gray. Bald and gray are also more frequent in old males than in any other sub-group.
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(a) Bald, 2.72% (b) Black, 37.85% (c) Blonde, 22.62% (d) Brown, 31.36% (e) Gray, 5.46%

Figure 3.2: Class frequencies and example images from the CelebA
dataset.
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Figure 3.3: Class frequencies of sub-groups.

3.4.3 Training of Models

For all of our setups, a subset of the hyperparameters do not change. In all cases, we use
Stochastic Gradient Descent (SGD), initialized with a learning rate of 0.01 and an exponen-
tial learning rate schedule as the optimizer. We also use a batch size of 256 and obtain the best
models using a model checkpoint that monitors the validation performance during training.
For detailed hyperparameters, see table 3.1.

All of our MobileNet models initialize their weights to ImageNet weights to decrease
training time and time spent on hyperparameter tuning. For L1-regularization, we only apply
it to the final dense layer of the model, and in cases where we use image augmentation, we
only do a simple horizontal flip. When we use class weighting, we modify the cost associated
with each class such that the sum of misclassifying every sample of a class should be equal for
all classes. We want to emphasize that these hyperparameters were not chosen because they
are optimal but were tried to be kept as simple as possible.
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Table 3.1: Hyperparameters for different setups.

Model Parameters Epochs Regularization Weight init.

ResNet-18 11.2M 21 L1 (α = 0.001) Random
MobileNetV2 2.2M 20 L1 (α = 0.01) ImageNet
MobileNetV3Small 0.94M 20 ImageNet
MobileNetV3Small L1 0.94M 20 L1 (α = 0.01) ImageNet
MobileNetV3Small Class Weighting 0.94M 20 ImageNet
MobileNetV3Small Minimalistic 0.44M 15 Image augmentation ImageNet

3.4.4 Post-training Quantization
When the models have been trained, the next step is to quantize the models. As calibration
data, we randomly select 100 images from the validation dataset and quantize the models.
This workflow is visualized on the right-hand side of figure 2.1. The resulting tflite models
are evaluated on the same test dataset as the floating-point models.

3.4.5 Quantization-aware Training
When the floating-point models have been trained, it is time to simulate the quantization.
This is done by annotating all the layers in the network that should be quantized. We then
train for another 15 epochs with the same hyperparameters as before. When this training is
done, we can quantize the model. In contrast to PTQ, we do not need a calibration dataset
since the ranges have already been calibrated during QAT. This workflow is visualized on the
left-hand side of figure 2.1. The quantized tflite models are evaluated just like in the PTQ
case.

3.4.6 Feature Visualization
Recall from section 2.1.3 that the network could be analyzed from within by looking at in-
termediate values of the network. We do this by excluding the output layer of the models to
construct "new" models that output intermediate values. The new models are then quantized.
To get an overall picture of the internal representation of the classes in the model, we pass
1,000 images through the floating-point and quantized models. From this, we get two ma-
trices with the 1,000 intermediate output vectors of the quantized model. Each output has
more than 500 dimensions, and we reduce dimensionality to two using the t-SNE function
from Scikit-Learn. We then plot all these outputs in two dimensions.

3.4.7 Post-processing
In figure 3.4 you can find the workflow for training the post-processing of the output of our
quantized network. When implementing the classifier used to post-process the output of the
quantized network, we used a small XGBoost classifier with a size of 10 kB because this had
the best performance. XGBoost is one of the most popular machine learning methods for
tabular data [7]. More information on XGBoost can be found in [6]. Important to note is
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that this classifier was not quantized to int8 but used floating-point numbers. The classifier
was trained both on validation data and the training data used to train the neural network,
respectively, because we were worried that using previously used training data would lead to
overfitting. However, no evidence of overfitting was found, leading us to use training data for
training the post-processing classifier. Using 5,000 examples chosen randomly, the XGBoost
classifier was trained to predict the initial prediction of the floating-point model, using the
output of the quantized model as input. The experiment was then repeated using a balanced
dataset with 1,000 examples from each class.

Figure 3.4: Flowchart for our post-processing method
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Chapter 4

Results

In this chapter, we present the results of our experiments. We start with the binary case, and
move on to multiclass classification and compare performance of different architectures and
hyperparameters. Lastly, we present the results of our mitigation attempts and how the bias
on protected attributes is affected.

4.1 ResNet-18 CelebA

The baseline floating-point ResNet-18 models achieved an average accuracy of 95.3% on the
test dataset. The quantized models also achieved an average accuracy of 95.3% on the test
dataset. The CIE fraction is 0.29%.

In Table 4.1, we present FPR and FNR overall and for the different sub-groups: Male
(M), Female (F), Young (Y), Old (O), Male Young (MY), Male Old (MO), Female Young (FY)
and Female Old (FO). We present these metrics for the floating-point model (baseline), and
absolute and relative change between the floating-point and quantized model.

Note the initial bias, where for instance males (M) have a FNR of 61%, while females (F)
have a FNR of 15.54%. Note that all absolute changes in FNR are negative while all changes
in FPR are positive.
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Table 4.1: Sub-group comparison between baseline and quantized
ResNet-18 models on CelebA for sub-groups: Male (M), Female (F),
Young (Y), Old (O), Male Young (MY), Male Old (MO), Female
Young (FY) and Female Old (FO).

Model Metric Overall M F Y O MY MO FY FO

Baseline
FPR 2.35% 0.56% 4% 2.28% 2.58% 0.48% 0.69% 3.46% 8.05%
FNR 18.13% 61% 15.54% 17.40% 21.43% 61.62% 59.74% 15.24% 16.96%

Absolute change

Quantized
FPR 0.05% 0.03% 0.08% 0.04% 0.09% 0.02% 0.05% 0.06% 0.22%
FNR −0.34%−0.82%−0.31%−0.30%−0.53%−0.71%−1.04%−0.28%−0.47%

Relative increase

Quantized
FPR 2.27% 5% 1.92% 1.8% 3.61% 3.18% 7.19% 1.67% 2.72%
FNR −1.89%−1.34%−2.02%−1.74%−2.46%−1.15%−1.75%−1.85%−2.75%

4.2 Architecture
We compare three different architectures: MobileNetV2, MobileNetV3Small and
MobileNetV3Small minimalistic. We visualize the differences in terms of FPR and FNR plots
in figure 4.1 and 4.2. We also present the bias metrics for the three models in table 4.2.

4.2.1 FPR
Figure 4.1 shows that there initially, are some biases with black and brown having the highest
FPR, and bald having the lowest. After quantization, V2 barely changes compared to V3Small
and V3Small minimalistic. For V3Small, black and brown increases the most in FPR. For
V3Small minimalistic, gray FPR increases with around 12.5%, while bald FPR decreases.
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(a) Average FPR with 95% confidence inter-
vals for floating-point models.
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Figure 4.1: Initial FPRs and changes for for MobileNet: V2, V3Small
and V3Small minimalistic.
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4.2.2 FNR

In figure 4.2, we see that for FNR, there is some initial bias, where bald FNR is the highest
and black FNR the lowest. One can also observe that the Max-Min is the largest for V3Small
minimalistic between black and bald.

As for FPR, V2 barely changes in terms of FNR, compared to V3Small and V3Small
minimalistic. For V3Small, observe the difference in absolute change between bald and the
other classes. The same holds for V3Small minimalistic, where the FNR for bald increases by
42%, while gray FNR decreases.
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(a) Average FNR with 95% confidence inter-
vals for floating-point models.
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Figure 4.2: Initial FNRs and changes for MobileNet: V2, V3Small
and V3Small minimalistic.

4.2.3 Bias Metrics

In table 4.2, the bias metrics of the three architectures are presented. V2 is relatively un-
affected by the quantization with only 0.58% accuracy degradation and 3.15% CIE fraction.
Also, the bias metrics are close to 0, except FPR max-min increase that is 0.27%, which is still
small compared to the other architectures.

V3Small is the most impacted architecture in terms of accuracy degradation and CIE
fraction despite being larger than V3Small minimalistic. However, V3Small minimalistic is
the architecture where the bias metrics are the largest, e.g. FNR max-min increase of 36.83%
compared to 21.66% of V3Small and 0.04% of V2.
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Table 4.2: Bias comparison for MobileNetV2, MobileNetV3Small
and MobileNetV3Small minimalistic. The highest accuracy, and
lowest CIE fraction and bias metrics values are highlighted in bold.

Metric Model Value

Floating-point accuracy
V2 92.42%

V3Small 90.95%
V3Small Minimalistic 90.81%

Quantized accuracy
V2 91.84%

V3Small 80.83%
V3Small Minimalistic 85.10%

CIE fraction
V2 3.15%

V3Small 17.43%
V3Small Minimalistic 11.6%

FPR variance increase
V2 0.01%

V3Small 0.35%
V3Small Minimalistic 0.98%

FNR variance increase
V2 0.00%

V3Small 4.65%
V3Small Minimalistic 14.62%

FPR Max-Min increase
V2 0.27%

V3Small 4.95%
V3Small Minimalistic 11.3%

FNR Max-Min increase
V2 0.04%

V3Small 21.66%
V3Small Minimalistic 36.83%

CEV
V2 0.0114

V3Small 0.0941
V3Small Minimalistic 0.647

4.3 Mitigation
For mitigation of bias, we present the results in three sub-sections, starting with the impact
of hyperparameters. We then present the results of our proposed post-processing and QAT.

4.3.1 Impact of Hyperparameters
We compare the performance of MobileNetV3Small with three different hyperparameter
settings; baseline, L1-regularization and class weighting. We visualize the differences in terms
of FPR and FNR plots in 4.3, 4.4. We also present the bias metrics for the three settings in
4.3, and present a representative t-SNE plot for each setting.

FPR
From 4.3, we see that class weighting is the most unbiased model, meaning that the FPR of
all classes are the most equal.
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When quantizing, we see that different settings are affected differently, where mainly
L1-regularization differs from other two settings. Baseline and class weighting are affected
similarly, but notice that the changes are closer to being equal for class weighting than for
the baseline.
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(a) Average FPR with 95% confidence inter-
vals for floating-point models.
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Figure 4.3: Initial FPRs and changes on MobileNetV3Small for three
different hyperparameter settings; baseline, L1-regularization and
class weighting.

FNR
In figure 4.4, it is notable that the initial FNR of bald for class weighting is much lower
than for the other two settings. This also holds for the absolute change in FNR, where bald
increases around 10% less for class weighting. Other noticeable things are the small increases
in FNR of black and blonde for L1-regularization.
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(a) Average FNR with 95% confidence inter-
vals for floating-point models.
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Figure 4.4: Initial FNRs and changes on MobileNetV3Small for
three different hyperparameter settings; baseline, L1-regularization
and class weighting.
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Bias Metrics
In table 4.3, the bias metrics of the three different settings are presented. The highest accu-
racy, lowest CIE fraction and bias metrics values are highlighted in bold. L1-regularization
has the highest accuracy for the floating-point models, and is least affected in terms of accu-
racy and CIE fraction when quantizing. It is noticeable that L1-regularization loses almost
half as much accuracy as the other settings. Class weighting and the baseline are affected
similarly in terms of accuracy degradation and CIE fraction.

In terms of bias metrics, L1-regularization has the largest FPR and FNR Max-Min in-
crease as well as FNR variance increase. Class weighting on the other hand, has the smallest
increase in all bias metrics.

Table 4.3: Bias comparison for MobileNetV3Small for three differ-
ent hyperparameter settings; baseline, L1-regularization and class
weighting.

Metric Model Value

Floating-point accuracy
Baseline 90.95%

L1 91.62%
Class weighting 90.94%

Quantized accuracy
Baseline 80.83%

L1 85.30%
Class weighting 80.19%

CIE fraction
Baseline 17.43%

L1 11.98%
Class weighting 17.96%

FPR variance increase
Baseline 0.35%

L1 0.35%
Class weighting 0.18%

FNR variance increase
Baseline 4.65%

L1 8.73%
Class weighting 1.36%

FPR Max-Min increase
Baseline 4.95%

L1 6.28%
Class weighting 3.23%

FNR Max-Min increase
Baseline 21.66%

L1 27.66%
Class weighting 11.3%

CEV
Baseline 0.0941

L1 0.208
Class weighting 0.054
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Feature Visualization

Following are three t-SNE plots that are representative of this model. These plots mainly
give some intuition on how networks and classes are impacted by quantization. Note that
before quantization the classes are rather separated, while after quantization the classes have
diffused and are harder to separate. It can be seen that some classes are affected more than
others by quantization. For instance in figure 4.5, before quantization the bald class is well
separated from the other classes, but after quantization many examples have been displaced
and are now surrounded by black examples and are classified as such. Note also that when
using class weighting, the bald class is not as affected, as seen in figure 4.7.
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Figure 4.5: t-SNE of MobileNetV3Small baseline.
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(b) t-SNE of quantized model.

Figure 4.6: t-SNE of MobileNetV3Small with L1-regularization.

33



4. Results

0.0 0.2 0.4 0.6 0.8 1.0

0.0

0.2

0.4

0.6

0.8

1.0 Bald
Black
Blonde
Brown
Gray

(a) t-SNE of floating-point model.
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(b) t-SNE of quantized model.

Figure 4.7: t-SNE for MobileNetV3Small with class weighting.

4.3.2 Post-processing

In table 4.4 we compare the results of PTQ for a setup with the results of PTQ after post-
processing. The first unbalanced post-processing algorithm is trained on 5000 examples with
the same distribution of classes as the network was trained on, while the balanced post-
processing algorithm was trained on a balanced dataset using 1000 examples from each class.
Note that the average accuracy after post-processing is increased for both methods but that
the unbalanced method improved accuracy the most. Also note that the unbalanced method
increased bias on all setups except V3small with L1 regularization. Particularly noteworthy
is how the balanced post-processing method drastically reduces or eliminates the increase in
bias from quantization on all setups. In figure 4.8, a few CIEs for the balanced post-processing
are shown. In all images, the floating-point model classified correctly, the quantized model
incorrect and the post-processing managed to retrieve the correct prediction. In figure 4.9,
examples of the opposite scenario are shown, i.e., the floating-point model classified incor-
rect, the quantized model correct and the post-processing incorrect.
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Table 4.4: Bias comparison for post-processing of different Mo-
bileNet setups.

Model Floating-point model

Floating-point accuracy

V2 92.42%
V3 baseline 90.95%

V3 L1 91.62%
V3 class weighting 90.94%

Metric Model PTQ Post-processing Balanced post-processing

Quantized accuracy

V2 91.84% 92.20% 92.22%
V3 baseline 80.83% 82.88% 81.30%

V3 L1 85.30% 86.78% 85.98%
V3 class weighting 80.19% 83.90% 82.06%

CIE fraction

V2 3.15% 1.91% 1.89%
V3 baseline 17.43% 15.29% 16.94%

V3 L1 11.98% 10.38% 11.24%
V3 class weighting 17.96% 14.16% 15.83%

FPR variance increase

V2 0.01% 0.01% 0.00%
V3 baseline 0.35% 0.32% 0.00%

V3 L1 0.35% 0.16% 0.02%
V3 class weighting 0.18% 0.24% 0.00%

FNR variance increase

V2 0.00% 0.18% −0.07%
V3 baseline 4.65% 7.81% 0.42%

V3 L1 8.73% 4.42% 0.31%
V3 class weighting 1.36% 3.79% 0.22%

FPR Max-Min increase

V2 0.27% 0.22% 0.05%
V3 baseline 4.95% 4.94% 0.03%

V3 L1 6.28% 3.38% 0.08%
V3 class weighting 3.23% 4.99% 0.15%

FNR Max-Min increase

V2 0.04% 1.55% −0.65%
V3 baseline 21.66% 25.88% 2.24%

V3 L1 27.66% 17.88% 1.93%
V3 class weighting 11.3% 20.29% 1.65%

CEV

V2 0.0114 0.0014 0.0013
V3 baseline 0.0941 0.155 0.0772

V3 L1 0.208 0.056 0.0342
V3 class weighting 0.054 0.27 0.069
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(a) Floating-point: Bald,
Quantized: Black,
Post-processing: Bald

(b) Floating-point: Black,
Quantized: Gray,
Post-processing: Black

(c) Floating-point: Blonde,
Quantized: Brown,
Post-processing: Blonde

(d) Floating-point: Brown,
Quantized: Black,
Post-processing: Brown

(e) Floating-point: Gray,
Quantized: Bald,
Post-processing: Gray

(f) Floating-point: Bald,
Quantized: Gray,
Post-processing: Bald

Figure 4.8: Example of CIEs that post-processing managed to clas-
sify correct.
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(a) Floating-point: Bald,
Quantized: Gray,
Post-processing: Bald

(b) Floating-point: Brown,
Quantized: Black,
Post-processing: Brown

(c) Floating-point: Blonde,
Quantized: Brown,
Post-processing: Blonde

Figure 4.9: Example of CIEs where the quantized model was correct,
but the post-processing classified the images incorrect.

4.3.3 Quantization-aware Training
Below are the class-level changes in FNR and FPR with 95% confidence intervals for PTQ and
QAT. Here PTQ and QAT share the same floating-point model. Note the massive difference
in the change in class-level bias between the two methods. The only change for QAT that is
significantly different from zero is that the FNR on the bald class decreases.
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(a) Average FPR with 95% confidence inter-
vals for floating-point model.
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(b) Average absolute change in FPR with 95%
confidence intervals.

Figure 4.10: Initial FPRs and changes on MobileNetV3Small mini-
malistic for PTQ and QAT.
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(a) Average FNR with 95% confidence inter-
vals for floating-point model.
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(b) Average absolute change in FNR with 95%
confidence intervals.

Figure 4.11: Initial FNRs and changes on MobileNetV3Small mini-
malistic for PTQ and QAT.

Bias Metrics

In this comparison of bias metrics between PTQ and QAT, we find that the class-level bias
massively increased for PTQ, while it decreased for QAT.

Table 4.5: Bias comparison between PTQ and QAT on Mo-
bileNetV3Small minimalistic.

Metric Model Value

Floating-point accuracy Baseline 90.81%

Quantized accuracy
PTQ 85.10%
QAT 90.49%

CIE fraction
PTQ 11.6%
QAT 6.27%

FPR variance increase
PTQ 0.98%
QAT −0.03%

FNR variance increase
PTQ 14.62%
QAT −0.33%

FPR Max-Min increase
PTQ 11.3%
QAT −0.9%

FNR Max-Min increase
PTQ 36.83%
QAT −4.11%

CEV
PTQ 0.647
QAT 0.023
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4.4 Protected Attributes

In this section, we start by presenting the accuracy differences and how the change between
protected attributes. We then look protected-attribute bias per class for MobileNetV3Small
which was the only significantly biased model. In section 6, we present the results for Mo-
bileNetV2 and MobileNetV3Small minimalistic with QAT.

For accuracy change per protected attribute, we evaluated five different models; Mo-
bileNet: V2, V3Small baseline, V3Small L1-regularization, V3Small class weighting and V3-
Small minimalistic with QAT. Figure 4.12 shows the difference in accuracy between males and
females, and old and young people respectively. Interesting to note here is that all floating-
point models have a bias towards females and young people, which can be seen by the neg-
ative differences. Figure 4.13 shows how these differences change after quantization. For
gender, we observe that the difference significantly increases in MobileNetV3Small baseline
and L1-regularization. For age, we see that all three MobileNetV3Small models increase the
difference.
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Figure 4.12: Average ∆ accuracy with 95% confidence intervals.
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Gender Age
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Figure 4.13: Average absolute change in ∆ accuracy with 95% confi-
dence intervals.

Age

For the protected attribute age, we compare FPR and FNR between old and young, i.e. the
difference in FPR/FNR between old and young. As there are very few young people with
gray hair, the results for gray should be analyzed with caution. In terms of FPR, we observe
that the difference between old and young for black is increased after quantization. We also
notice that the difference decreases for blonde. In terms of FNR, we observe that difference
between old and young FNR on blonde increases, i.e. old has a much larger FNR, and thus
becomes more biased in that aspect.
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Figure 4.14: Initial ∆ FPRs and changes between old and young.
Note that the scale of the vertical axis is different between the two
plots.
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Figure 4.15: Initial ∆ FNRs and changes between old and young.
Note that the scale of the vertical axis is different between the two
plots.

Gender

For the protected attribute gender, we compare FPR and FNR between male and female, i.e.
the difference in FPR/FNR between male and female. As there are very few females people
that are bald, the results for bald should be analyzed with caution. In terms of FPR, we
observe that there is a significant change for blonde, brown and gray. In terms of FNR, the
only significant change is for brown.
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Figure 4.16: Initial ∆ FPRs and changes between male and female.
Note that the scale of the vertical axis is different between the two
plots.
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Figure 4.17: Initial ∆ FNRs and changes between male and female.
Note that the scale of the vertical axis is different between the two
plots.
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Chapter 5

Discussion

The discussion is separated into protected-attribute and class-level bias. For protected at-
tributes, we discuss the results of our ResNet-18 binary classifier and the MobileNets, which
we analyzed from a protected-attribute perspective. On the class-level, we discuss the im-
pacts of using different architectures and hyperparameters. Last, we comment on the results
of our mitigation attempts.

5.1 Protected Attributes
In this section the effect of quantization on the tendency of one age group or gender to have
better performance than the other is discussed for hair color classification.

5.1.1 ResNet-18 Binary Classification
Looking at table 4.1 we find similar effects of quantization to those of [11] for 95 % pruning,
the difference mainly being the smaller scale of the effects for quantization. For instance, the
Male Old and Male relative increases in FPR are the largest in both results. However, some
FNR and FPR are improved when quantizing, which is not the case in [11]. Even though
the relative changes appear to amplify bias, the absolute changes are minimal. This speaks
to the robustness of ResNet-18 under quantization. This robustness makes the impact of
quantization on algorithmic bias negligible.

5.1.2 MobileNet Multiclass Classification
From figures 4.12 and 4.13, we observe that MobileNetV3Small models tend to increase the
accuracy difference between protected attributes. It is also interesting that the size of the
change in∆accuracy seems to align with the FNR bias metrics in 4.3, where L1-regularization
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has the most biased changes and class weighting the least. We argue that this increased bias
is mainly a consequence of the class-level impact of quantization and the distribution of
protected attributes across the different classes. For instance, both males and old people
are frequent in classes bald and gray, which are affected the most in terms of FNR. Also, as
we will discuss below, there is not much increase in bias inside classes, i.e., the performance
differences between protected attributes do not generally increase.

For class-level protected attribute analysis, sub-groups gray young and bald female will
not be considered because their supports are very small, and the quality of the data is poor
in these sub-groups.

The initial class-level performance of a network on a protected attribute is - not sur-
prisingly - correlated with the distribution of class frequencies for that protected attribute.
This can be seen, e.g, by comparing figure 3.3 with figures A.3 a),b),A.1a),b). For instance,
blonde males are very underrepresented, and this is reflected in that they have higher FNR
than blonde females. Similarly, for old, the categories black, blonde, and brown are un-
derrepresented, which is also reflected in a higher FNR for these classes. Interestingly, the
performance gap for different genders on blonde is much larger than the performance gaps
for different ages on black, brown, and blonde despite being similarly underrepresented. A
specific reason on the blonde class for this could be the different amounts of hair between
females and males, making classification harder than that between young and old. In other
words, because blonde males are so underrepresented compared to females, while black or
brown males are not, the network might have developed a very simple solution to blonde
classification that just sums up the number of blonde pixels.

Looking at results in 4.4, the quantization changes for FNR in absolute terms appear to be
similar over gender and age. We do not find a strong correlation with initial FNR/FPR values.
An example is blonde males, which initially have around 30% higher FNR than females, but
this difference does not increase in a statistically significant way. This is interesting since the
difference is so big initially. Generally, we do not observe a statistically significant impact on
the difference in FNR across a protected attribute. The only cases where we have a significant
impact are blonde on age and brown on gender for MobileNetV3Small. However, for the
changes in FPR after quantization, we have mixed results. For MobileNetV2, there are no
interesting changes to discuss. For MobileNetV3Small, the picture is more complicated. Over
age, the difference in FPR for black is amplified. However, for blonde, the opposite is true.
Over gender, the difference in FPR is amplified for brown and gray, while it decreases for
blonde.

For QAT, there is only one significant but small change. This is for the black FPR over
age. In our opinion, the most interesting result is that the differences in average FNR (which
we consider the most important performance measure) barely change or do so randomly.
This is surprising considering that the class-level changes in FNR are substantial on, for
instance, MobileNetV3Small. This discrepancy is difficult to reason about, but it seems that
quantization affects members within a class more or less the same in terms of FNR. It is worth
noting that bias can still be amplified in the worst case.

As mentioned in 2.3.6, there are also cases where differences in FPR could be problem-
atic in the multiclass case. Unlike the FNR, the differences in FPR are more impacted by
quantization. The direction of this impact seems to go both ways as, in some cases, bias is
amplified or reduced, as mentioned above. In terms of FPR, we argue that PTQ can amplify
algorithmic bias over protected attributes.
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5.2 Class-Level Algorithmic Bias
In this section, the effects of quantization on class-level algorithmic bias is discussed.

5.2.1 Architecture
We have found that the effect of post-training quantization on fairness varies a lot depending
on what model architecture one uses. For an overparameterized model like ResNet-18, we
found that the impact of quantization was minimal for a binary classification task 4.1. If we
instead look at the less overparameterized MobileNet models in 4.2 we find more interesting
effects 4.2.

First, we observe that the impact of quantization on bias seems to decrease with the size
of a model, where the model sizes and hyperparameters can be found in 3.1. Looking at
MobileNetV2, it is seen that accuracy slightly decreases after quantization, while most bias
metrics are relatively unchanged compared to the other models. V3Small is affected massively
in terms of both the increase in bias and the decrease in accuracy. We attribute this in part
to the smaller model size of V3Small, but there could be other architecture-specific reasons
for this.

Comparing V3Small to V3Small minimalistic, we do not see the same pattern as between
V2 and V3Small. While the bias increase of V3Small minimalistic is larger than V3Small, the
accuracy drop is only half that of V3Small. This is probably due to architectural differences,
but the image augmentation of V3Small minimalistic could also play a role.

5.2.2 Mitigation
In this thesis, we have investigated three ways of mitigating bias in image classification for a
given architecture. The first way is to choose the right hyperparameters. As we will discuss,
the choice of hyperparameters can significantly change how robust the network is to quan-
tization as well as how algorithmic bias is impacted. Second, we discuss the results of QAT
on MobilenetV3Small. Third, we discuss our proposed simple but, as far as we know, novel
post-processing method of mitigating bias by training a small (10 kB) XGBoost-classifier that
predicts the initial prediction of the baseline model from the output of the quantized model,
as explained in 3.4.7.

Impact of Hyperparameters
We find in table 4.3 that hyperparameters play a vital role in the way that quantization im-
pacts model accuracy and bias. Comparing L1-regularization with the baseline model, we
observe a bias-accuracy tradeoff. As mentioned in section 2.1.1, regularization often leads to
a more biased model and the model with L1-regularization is indeed more biased initially as
can be mainly seen in 4.4, but also 4.3. The bias increase for L1-regularization is also larger
than for the baseline in all aspects except FPR variance increase, but the accuracy drop is half
as large.

For the class weighted model, we move in the opposite direction in terms of the bias-
accuracy tradeoff, observing basically the opposite results to that of L1-regularization. For
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the floating-point models, we find that the class-level bias is smaller than for the baseline
model, as can be seen in figure 4.4 and 4.3. As for the changes after quantization, looking
at table 4.3, we see that the accuracy drop is larger than for the baseline but has a smaller
increase in bias.

When quantizing, we find that the absolute change in FNR/FPR is correlated with their
initial values, see figure 4.4 and 4.3. For instance, the class with the largest FPR, black, in-
creases the most while the class with the smallest FPR, bald, increases the least. Similarly, for
FNR, the class with the largest FNR, bald, increases the most, while the class with the smallest
FNR, black, increases the least. With a few exceptions, the same holds within a specific class
for different hyperparameters. For instance, the initial FNR on bald using class weighting is
lower than when using L1-regularization, and this order is preserved while considering the
changes in FNR instead.

To summarize, we have seen that different hyperparameters lead to a different bias-
accuracy tradeoff and that this tradeoff seems to transfer to the changes after quantization.
If this is correct, problems with bias when quantizing should be reduced by decreasing the
bias of the initial model.

Quantization-aware Training
Looking at table 4.5, we see that the decrease in accuracy is much smaller for QAT than PTQ.
This is not surprising, considering that QAT literally entails training a model to be robust
to quantization. However, it is interesting that QAT decreases bias in the model in terms
of FPR/FNR variance and Max-Min, although these changes are tiny. This makes QAT the
go-to method for mitigating bias as accuracy is barely affected, while bias is not impacted,
at least not in this case. Also, since QAT is a flexible method, one can use other mitigation
methods to mitigate this if bias is increased using ordinary QAT, such as class weighting. As
such, the only drawback of QAT seems to be the cost and data needed to do QAT.

Post-processing
After looking at figures 4.5, 4.6, 4.7, and other models, we reasoned that there were informa-
tion to be retrieved after quantization. For example, bald FNR when using L1-regularization
is degraded by 30%, which is more than seems reasonable when looking at the corresponding
t-SNE plot.

Our original XGBoost classifier managed to retrieve several percentage points in accu-
racy, as can be seen in 4.4. However, in all models but the L1-regularized MobileNetV3Small,
the bias increased. When we instead trained the classifier with a balanced dataset, the accu-
racy improved less, but the bias barely changed from the floating-point model. The balanced
dataset contained around 1,000 examples of each class, making this somewhat cheap in terms
of data. The model is 10 kB large, so there is some added memory requirement.

Overall, this makes this a promising technique in principle, especially when QAT is not
possible or is deemed to be too expensive. The XGBoost classifier in this case is not using int8
precision, so the performance might have been somewhat worse if it did. Also, the choice of
algorithm here is not restricted to XGBoost but can be any classifier as long as it is good
enough at predicting the output of the original model. This technique can also be combined
with other mitigation methods like class weighting.
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Chapter 6

Conclusions

Recall our research questions from section 1.2. How does quantization affect algorithmic
bias? We conclude that for the task of hair color classification, quantization can impact
algorithmic bias on the class-level depending on architecture. However, as for protected
attributes, we find that the change in bias is minimal when class-level impacts are taken into
account. We also conclude that the quantized change in bias-accuracy tradeoff correlates with
the initial tradeoff, even if the initial discrepancies are tiny. This implies that the choice of
hyperparameters also impact the change in bias-accuracy tradeoff after quantization.

If quantization increases algorithmic bias, how can we mitigate it? We find QAT the best
method for mitigating bias while maintaining high overall accuracy. In case QAT is deemed
to be too expensive, a post-processing classifier like ours can be used. We also conclude that a
good way to mitigate bias is to mitigate biases during the training phase with class weighting
or similar techniques.
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A.

A.1 Protected Attributes

A.1.1 MobileNetV2
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Figure A.1: Initial∆ FPRs and changes between old and young. Note
that the scale of the vertical axis is different between the two plots.
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Figure A.2: Initial ∆ FNRs and changes between old and young.
Note that the scale of the vertical axis is different between the two
plots.
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A.1 Protected Attributes
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Figure A.3: Initial ∆ FPRs and changes between male and female.
Note that the scale of the vertical axis is different between the two
plots.
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Figure A.4: Initial ∆ FNRs and changes between male and female.
Note that the scale of the vertical axis is different between the two
plots.
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A.

A.1.2 Quantization-aware Training
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Figure A.5: Initial∆ FPRs and changes between old and young. Note
that the scale of the vertical axis is different between the two plots.
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Figure A.6: Initial ∆ FNRs and changes between old and young.
Note that the scale of the vertical axis is different between the two
plots.
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A.1 Protected Attributes
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Figure A.7: Initial ∆ FPRs and changes between male and female.
Note that the scale of the vertical axis is different between the two
plots.
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Figure A.8: Initial ∆ FNRs and changes between male and female.
Note that the scale of the vertical axis is different between the two
plots.
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Påverkan av kvantisering på algoritmiskt
bias i deep learning

POPULÄRVETENSKAPLIG SAMMANFATTNING Oscar Andersson, William Isaksson

Kvantisering av neurala nätverk gör det möjligt att använda sig av maskininlärning
där det annars inte vore möjligt som t.ex. mikroprocessorer. I detta arbete undersöker
vi hur kvantiseringen påverkar prestanda olika för olika grupper av datan. Vi föreslår
också hur man kan lindra dessa icke önskvärda effekter.
Deep learning har blivit en allt mer populär typ
av maskininlärning. Deep learning utgörs av arti-
ficiella neurala nätverk som är inspirerade av den
mänskliga hjärnan på en ytlig nivå. Dessa nätverk
kan lära sig mönster genom att träna på väldigt
stora mängder data som t.ex. bilder. De kan t.ex.
lära sig att avgöra vilken hårfärg en person har.
Ett sådant nätverk lär sig att avgöra hårfärg en-
bart genom att titta på bilder med associerad hår-
färg. Den kommer lära sig trender i dessa bilder,
som kanske inte är önskvärda. T.ex. om nästan
alla bilder på blonda personer består av kvinnor,
riskerar nätverket att lära sig att män inte kan
vara blonda. Detta är ett exempel på algoritmiskt
bias. Igenkänning av hårfärg är inte särskilt prob-
lematiskt, men i andra fall, som t.ex. igenkänning
av olika typer av cancer, kan sådant algoritmiskt
bias vara problematiskt.

Deep learning har traditionellt sett varit
resurskrävande, men tack vare bättre processorer
och bättre mjukvara, kan man idag använda deep
learning även i resursbegränsade miljöer, så som
en smartwatch eller till och med en mikrovåg-
sugn. Neurala nätverk använder sig av en stor
mängd parametrar (eller sparade nummer), som
tar upp mycket datorminne och datorkraft. Dessa
nummer tar upp olika mycket minne beroende på

dess precision, t.ex. hur många decimaler som
sparats. Att reducera precisionen av ett nätverk
kallas kvantisering av nätverket. Kvantisering är i
vissa fall nödvändigt för att ett nätverk ska kunna
användas i en digital enhet. Kvantisering kan
påverka prestandan på vissa grupper oproportion-
erligt mycket, t.ex. skulle nätverket kunna bli my-
cket sämre på att avgöra om en person är brunett,
men i övrigt vara opåverkat.

I detta examensarbete har vi undersökt hur pre-
standan på olika hårfärger påverkas olika av kvan-
tisering. Vi undersöker också om prestandan för
en hårfärg påverkas olika mellan män och kvin-
nor samt gamla och unga personer. Detta under-
söks på fyra nätverk och vi kommer fram till att
underrepresenterade härfärger påverkas mer neg-
ativt än andra hårfärger. Vi undersöker också hur
olika nätverk och olika inställningar av nätverk
påverkas olika av kvantisering.

För att lindra dessa icke önskevärda effekter,
föreslår vi ett par strategier. Vår första strategi
är att se till datan som nätverket lär sig av är
balanserad. Vår andra strategi ser till att nätver-
ket påverkas mindre av kvantisering och således
påverkar algoritmiskt bias mindre också. Det
tredje alternativet handlar om att kompensera för
förändringarna i det kvantiserade nätverket.
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