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ABSTRACT

TOWARDS UNCERTAINTY-AWARE DISENTANGLED
REPRESENTATIONS

OZYEGIN, SEZAI ARTUN
M.S., Department of Computer Engineering

Supervisor: Assoc. Prof. Dr. Sinan Kalkan

September 2021, [71] pages

In many computer vision tasks, not every part of an object of interest is always visible
because of challenges like occlusion, viewpoint and pose variation. One approach to
these kinds of challenges is separating the representation so that they would corre-
spond to different regions. In this thesis, we tackle the problem of obtaining disen-
tangled representations while estimating the uncertainty of each factor to assess its
availability. Representations are disentangled using a factor-related supervised task
and by using an adversarial loss, unrelated information is removed. Uncertainty of
factors are estimated using loss attenuation over the same factor-related task. We
try several methods to integrate uncertainty values into both the training procedure
and the decision making process during test time to make the model more robust to
unavailable parts. The experiments are conducted over a toy dataset and the person
re-identification task (namely, the Market-1501 dataset) which can benefit from dis-

entangled representations.

Keywords: Disentanglement, Uncertainty Estimation, Representation Learning, Deep



Learning
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0z

BELIRSIZLiGE DUYARLI DOLASIKLIGI ACILMIS TEMSILLERE
DOGRU

OZYEGIN, SEZAI ARTUN
Yiiksek Lisans, Bilgisayar Miihendisligi Boliimii
Tez Yoneticisi: Dog. Dr. Sinan Kalkan

Eyliil 2021 ,[71|sayfa

Bir¢ok bilgisayarli gorii probleminde ilgilendigimiz bir objenin her kismi1 her zaman
goriiniir olmayabilir. Bunun birkag¢ nedeni bagka bir obje tarafindan kapatilma, kame-
ranin bakis a¢is1 veya objenin o siradaki pozu olabilir. Bu gibi sorunlar1 ¢ozmenin bir
yolu, temsili farkli bolgelere kasilik gelecek sekilde birden ¢ok pargcaya ayirmaktir.
Bu tezde bir objenin dolagiklig1 acilmis temsillerini elde ediyoruz ve bunu yaparken
de faktorlerin ne kadar elde edilebilir oldugunu belirleyebilmek icin belirsizlik tah-
mini yapiyoruz. Her bir temsilin dolagiklifin1 agmak icin o faktore ait gdzetimli bir
problem kullaniyoruz ve cekismeli yitim fonksiyonu kullanarak ilgisi olmayan bilgi-
leri ortadan kaldirtyoruz. Belirsizligi 6l¢gmek icin yine dnceden bahsetmis oldugumuz
gbzetimli problemi kullaniyoruz ve bu problemin yitim fonksiyonu iizerine yitim so-
niimleme uyguluyoruz. Bu 6lciilen belirsizlik degerlerini modeli eksik olan parcalara
kars1 daha dayanikli yapmak i¢in hem test sirasindaki karar verme hem de egitim
stireclerine entegre eden farkli yontemler deniyoruz. Deneyleri kendi olusturdugu-
nuz basit bir veri izerinde ve dolasiklig1 acilmis temsillerden fayda gorebilecegi icin

kisilerin yeniden saptanmasi problemine (Market-1501 veri kiimesine) uyguluyoruz.
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CHAPTER 1

INTRODUCTION

1.1 Motivation and Problem Definition

(a) (b) (©) (d)

Figure 1.1: Some challenging examples from the Market-1501 dataset [1]]. (a) Occlu-
sion. The person-of-interest can occluded by another object. (b) Viewpoint variation.
The angle we are capturing the person may change. (c¢) Pose change. People can be
in several poses. (d) Misalignment. Due to the errors of the detection algorithms, a

person may not be aligned in the same way throughout their appearances.

In machine learning, how we represent data matters. For example, if we want to
compare two images to understand whether the people in them are the same person,
a pixel-wise comparison would not tell us much. Instead, we want to map images
of people to another space with the property of closeness when the identities of the
people are the same. This property may change with respect to the problem we work

on. (Bengio et al. [4] discuss thoroughly what makes a representation good.)

Although we would want to obtain a complete representation (a representation with-
out missing components) of an object, in general, this is not possible because of the

lack of information in the data. A simple example for this is: When we observe a

1



person from a camera, we only see the side of them that is facing us. Furthermore,
there are other challenges that result in information loss owing to e.g. occlusion — see
Figure [I.1] In such cases, this information loss may not be uniform throughout all
parts of the object. For example, a motorcycle may occlude the leg part of a person
which severely affects the obtained leg representation while the representation of the

torso may not be affected at all.

Many works in computer vision aim to obtain a single, holistic representation for an
object which may not be robust to missing components, noises, and variations such

as viewpoint, pose. Their workflow can be generalized as shown in Figure [2.3a]

®; - @1, 01
&, ®;, 0y
P, ®;3, 03
P, ®,, 04

(a) (b) (C)

Figure 1.2: Different kinds of representations. (a) Holistic representation. The aim
here is to obtain a single vector that represent whole of the object. (b) Part-based
representation. Several representations belonging to different parts are obtained. (c)
Disentangled representations with uncertainty values. Along with the factor-based
representations, uncertainty values related to them are estimated. Note that the dis-
entangled representations or their support in the image may or may not coincide with

the parts. Image taken from the Market-1501 dataset [[1]].

Biederman [5] in his theory Recognition-by-Components (RBC), works on describ-
ing how humans recognize objects. RBC proposes that there is some underlying vo-
cabulary of simple shapes that constitute the actual object and humans identify those
simple shapes and their arrangements in the scene in their first encounters. This the-
ory explains how humans can recognize objects even in challenging scenarios as the
vocabulary of these simple shapes are distinct enough to be recognized from different

viewpoints and partial matches are computable.
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Similarly in computer vision, one solution to these kinds of challenges is obtaining
a separate representation for each part instead of the whole object. This approach
is illustrated at Figure [2.3b] In this way, even if the information related to a certain
part is missing, we would still have the other parts to make the task-related decisions.
As many tasks in computer vision suffer from these issues, they have the potential
of gaining benefit from part-based representations. These tasks range from person

re-identification to object detection.

There are some underlying factors that generate our data. These can be simple ones
like the t-shirt color of a person or more complex ones such as the body pose of a
person, the light source position, shadows. Interaction of these factors can be rather
complicated; however, these factors can be separated into groups so that variation in
one of the groups does not affect the factors in the other groups. Therefore, disentan-
gling underlying factors is another way to separate representation. Zhao et al. [6] use
attribute information to guide separate features to represent different parts. Similarly,
in this thesis, we investigate the relevance of the disentangled representations with
the actual parts. These two concepts may suggest to separate the data differently; for
example, the color and length of a T-shirt belong to the same part while they might
be represented independently. Whereas, having a handbag and a backpack may have

a negative correlation in the data although they are attributes of different parts.

While obtaining separate representations, the knowledge of how much information
is available at each one of them would be valuable as we can focus on the ones that
we are certain of and disregard the others. Therefore, we also integrate uncertainty
estimation to our system for each representation, which would give us a hint about
how much that representation is corrupted. This approach is shown in Figure
It should be mentioned that these representations or their support in the images may
or may not coincide with object parts. By considering uncertainty value of a specific
representation, we may be able to combine, compare, or do any task-related decision

in a more reliable manner.

In this thesis, we investigate whether we can address the challenges that affect parts
differently such as occlusion, viewpoint change, and body pose variation by obtaining

disentangled representations, ®;’s, with also their uncertainty estimations, o;’s.



1.2 Proposed Methods and Models

feature_

——>®,,0
extractory 1o

feature_
extractorg

£ ——— Backbone ———> Py, 09

x: input

feature

. sth
‘>§K70K ijt feature
extractorg

oj: j" uncertainty
Branched Feature Extractor

Figure 1.3: High-level architecture. x is the input to the model. It is passed through
a backbone network first and processed through K separate branches where K is the
number of factors. As a result, a representation ®; and an uncertainty estimation o;

are obtained for the j** factor where j € {1, ..., K'}.

Since we want to consider every representation separately, we first work on extract-
ing disentangled representations (features). Some works achieve this by using a pre-
trained pose estimator; then, extracting local features [7]], applying affine transforma-
tions [8} 9, [10], or masking the features [11, [12], accordingly. In this work, however,
we experiment on extracting disentangled representations, ®;’s, by separating the
model into branches and guiding each branch to its related factor while cleansing the
information related to the other branches. A high-level depiction of this architecture

can be seen in Figure[I.3]

To guide each branch to extract features related to its assigned factor, a prediction re-
lated to that specific factor is supervised during the training. On top of this guidance,
the information belonging to the unrelated factors is eradicated from each branch.
This is done by applying an adversarial loss (also called confusion loss) following
Alvi et al. [2]. In the end, what we are trying to obtain is independent feature vectors

for each factor.

There are different types of uncertainties [13]]. One type originates from the lack of
knowledge. This type of uncertainty can be reduced by simply having more data.

The one we focus on in this work, however, tries to represent the uncertainty in the

4



prediction which is not related to the knowledge. This may stem from sources such as
sensor noise or some randomness inherent in the process such as the output of rolling

a die.

For uncertainty estimation, we try to estimate the variances belonging to each branch,
af’s. To do that, the same factor-related label predictions we used are employed. The
uncertainty we want to estimate, however, should be input-dependent since we want
to address the issues like occlusion, e.g., the occlusion of the leg is specific to some
examples, not all. Following Kendall et al. [[14] we weigh the loss values of those

guidances with the multiplicative inverse of the estimated variance, —. We also add

an additional penalty term in the loss function, log o, so that the loss gannot be made
zero by simply increasing the variance. Then, the model tries to find an optimal place
between the original loss and the penalty term. This minimizer is towards the low
variance when the model is certain about its prediction and high variance otherwise
to decrease the effect of a high valued loss function. In our work, we do not estimate
the uncertainty related to the knowledge of the model since we specifically want to
focus on the challenges we discussed. However, the performance may improve if

done so.

One of the reasons for estimating uncertainty values is that it gives us the ability
to make task-related decisions using the features available to us. However, it is not
limited to this as accounting for the noisy data during training has been shown to

make the model more robust on several occasions [[13} [15]].

1.3 Contributions and Novelties

Our contributions are as follows:

e We tackle the problems that affect parts differently by obtaining disentangled
representations using adversarial loss. Adversarial loss has already been ap-
plied on disentangling representations into their related factors [2, [16} [17, [18].
We try that approach to obtain disentangled representations using attribute-

related supervised tasks on person re-identification. The very same supervision

5



is applied for the adversarial loss to remove the information related to the other

attributes.

e While estimating disentangled features, their uncertainties are also estimated
with loss attenuation [[14,[19]. Especially, we focus on estimating input-dependent
uncertainty since we want to address the challenges such as occlusion, view-
point change, and pose variation. We experiment on toy and person re-identification

datasets and try different ways of incorporating uncertainties into testing.

1.4 The Outline of the Thesis

In Chapter [2} we go over the related work and provide sufficient background for the
thesis. We mainly focus on adversarial-loss-based disentanglement, input-dependent
uncertainty estimation techniques, part-based representation learning, and person re-

identification.

In Chapter [3] we describe how we extracted uncertainty-aware disentangled repre-
sentations in detail. Several components in the architecture and their relations are

formally defined.

In Chapter f] we explain the experimental settings and discuss the results. Mainly,

we have two different datasets we work on: a toy dataset and Market-1501[1]] dataset.

In Chapter [5) we summarize, evaluate this work and discuss limitations and possible

future research directions.



CHAPTER 2

BACKGROUND AND RELATED WORK

In this chapter, we discuss the related work in detail and present the background for

our study.

2.1 Adversarial Learning of Disentangled Representations

One of the properties of a good representation is having the independent underlying
factors in it disentangled [4]. One of the reasons is that it enhances the generalization
capability of the model to unseen examples [20] since the model can easily pick the

task-related factors and can remain oblivious to the unrelated ones.

There are many approaches for obtaining disentangled representations. One approach
is to use supervision [2, 16,17, 18] though it is possible to perform disentanglement

in an unsupervised way [21, 22].

The disentanglement mechanism employed in this thesis is applying an adversarial
loss (also known as confusion loss) to remove unwanted information in the represen-
tations. In our case, this unwanted information is the information related to the other
factors; however, adversarial loss has been used in many different tasks. Before in-
specting the related work on adversarial losses; let us describe what it is first. We are
going to base this narration on the work of Alvi et al. [2] since it is the work that we

mainly build on and their task expresses the adversarial loss well.

Suppose that we have a dataset where we have the labels for the task we want to work
on and also labels related to the underlying factors that are unwanted for the task at

hand. We are going to refer to the main task as the primary task and the unwanted

7



ones as the secondary tasks throughout this chapter. The primary task Alvi et al. [2]
work on is age estimation and they have labels for the spurious information they want

to get rid of, such as gender, which is a secondary task.

Common Primary Task

g SiEE Sy Feature Component

—> Primary Task Loss

Secondary Task Secondary Task 1| |Secondary Task 1
Component 1 Loss Adversarial Loss

Secondary Task Secondary Task K|~ |Secondary Task K
Component K Loss Adversarial Loss

Figure 2.1: High-level architecture for disentanglement with an adversarial loss as

it is used by Alvi et al. [2]. A common feature is obtained from an input using an
encoder. From that common feature, every component tries to do the task assigned
to it. There are one primary task and K secondary tasks in the figure. Blue boxes
show the networks, green boxes show the values and the red boxes are the adversarial

losses.

To solve the primary task, the encoder part of the model first produces a feature that
will be commonly used by many components. This common feature can be seen
in Figure 2.1l The most important component that uses this common feature is the
one that solves the primary task. This component can be simply implemented as a
fully-connected layer. The difference of this component from the others is that the
task supervision is applied over it to train both the encoder and the component itself.
The primary task loss is named as £P"*. The other components can also be simply
fully-connected layers. However, they try to do the secondary tasks and if the whole
network is simply trained together, instead of getting rid of the unwanted information,
it would force the network to represent them in the common feature. Still, we need
to train the secondary task components since they will be used while applying the
adversarial loss. To prevent the secondary task losses from affecting the whole model,
the encoder is frozen while training the secondary task components. Therefore, the
training procedure is divided into two: training the secondary task components and

training other parts of the network.

Although the secondary task components are trained without affecting the encoder



part of the network now, the unwanted information from the common feature has not
been dispelled yet. To do that, the parameters of the secondary task components will
be frozen and an adversarial loss will be applied to train the encoder. This adversarial
loss can just be the negatives of the original secondary task losses. In the case that a
secondary task is classification, we can also force the distribution to be a uniform one
as it is the most uninformative discrete distribution. Let the loss of the k" secondary
task be £;°°. Then, if we choose the confusion loss (adversarial loss) coming from
the k™" secondary task to be the negative of the original loss, the k" confusion loss

will be

Lo = —eee. 2.1)
The overall confusion loss can be written as
K
comt =N "o (2.2)
k=1

By applying such a loss, the encoder is trained in such a way that it produces a com-
mon feature from which the secondary tasks cannot be done by the secondary task
components. After training the encoder with the adversarial loss, the secondary task
components will be re-trained so that they can keep up with the changes in the com-

mon features. The training will be alternated in this fashion.

Notice that the training of the encoder with primary task loss is compatible with its
training with the adversarial loss. Therefore, these two can be grouped together and

we are going to only have two separate training procedures:

1. Training of the main model. The primary task component and the encoder are
trained with the primary task loss, £P"* and the overall confusion loss, Leonf
In this setting, the parameters of the secondary task components are frozen so

that they do not get affected by the adversarial loss.

2. Training of the secondary task components. The secondary task components
are trained with the secondary classification losses, £;°“’s. In this setting, the
encoder is frozen so that it does not get affected by the secondary task losses.
This part can be done more than once before alternating to the main model
training so that secondary task components can keep up with the changes done

by the encoder on the common feature.
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As it is discussed, Alvi et al. [2]] propose such an architecture to remove the bias of
spurious factors like gender in the age estimation task. Their secondary tasks were
classification; therefore, they were able to employ uniform distribution as the true
distribution in cross-entropy loss. Then, they use this as the adversarial loss to train
the encoder so that it produces features that are invariant to the unwanted factors.
Notice that their procedure chooses to produce invariant features by getting rid of
the unwanted information. However, some works choose to preserve the unwanted

information and just disentangle them as we discuss in the following paragraphs.

Liu et al. [16] work on the face identification task. They propose a two-branch net-
work, one estimating identity (ID) related features while the other one estimating
identity unrelated features. Different from Alvi et al. [2], they preserve the unwanted
attribute information as well and they reconstruct the input face image which essen-
tially makes the architecture an encoder-decoder. They apply the ID information to
guide the primary task branch while using the adversarial version of it to dispel the
ID-related information from the other branch. Therefore, the other branch can only

contain ID-unrelated information.

Jaiswal et al. [17] also propose a two-branch network and similar to Liu et al. [16],
they use the task supervision to guide one of the branches. To separate the information
encoded in these two branches, however, they train 2 fully-connected layers. One of
them predicts the feature of the first branch from the second branch and the other
one does the inverse. Then, they use them and send the negative of their losses as the
adversarial loss. Another important aspect of this work is that while reconstructing the
original image, they corrupt the features coming from the task-related branch so that
that branch becomes unreliable. This guides the network to encode all task-unrelated

features in the secondary branch.

Robert et al. [18] continue to work on a two-branch encoder-decoder architecture
with the addition of attribute supervision. They dedicate one branch to the main task,
face identification, while dedicating the other one to attribute recognition. They claim
that only with proper, two-sided supervision, can we ensure that the second branch
encodes the ID-unrelated information. Then, using these two separate supervisions,

they disentangle the two branches.
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We mainly base this thesis on the works of Alvi et al. [2] and Robert et al. [18]. These
works disentangle the extracted representations using some kind of supervision which
both guides the network and eradicates the spurious information in it. They do this to
enhance the generalization capabilities of the model or make it more unbiased towards
the undesirable information whereas we use it to separate the information related to

different factors (attributes in person re-identification case).

2.2 Example Primary Task: Person Re-identification

. Correct Retrieval

Retrieval Results . Incorrect Retrieval

Figure 2.2: A retrieval example in Market-1501 dataset [1]. A query image on the
left-hand side is searched through a gallery of images. The ones shown on the right-

hand side are the top 10 retrieved images.

Person re-identification is the task of retrieving a specific person from a set of images
obtained from non-overlapping cameras [23]. Basically, we have a query image of
a person and we look for the same person in a set called gallery images. This is
illustrated in Figure Because of the scope of this thesis and the success of the
deep models, we are going to limit our coverage to the closest deep-learning-based

approaches in this section.

Following Ye et al. [23]], we have certain assumptions on how the person re-identification
task is performed. First of all, we do not work on raw camera images. Instead, we
have the bounding box information for every example. As the number of examples
increases throughout the years, annotating these bounding boxes has become a te-
dious task. Therefore, more recent datasets either use an object detector to extract the
bounding boxes or follow a hybrid way [23]]. Secondly, during test time, we assume
that the person in the query image appears at least once in the gallery set and we only

try to retrieve those without questioning its existence.
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In general, the achievements in person re-identification can be attributed to 3 factors

[23]]: representation learning, metric learning, and ranking optimization.

2.2.1 Representation Learning

_—_ P, 09
P, 0y
®3, 03

P4, 04

(a) (b) ©

Figure 2.3: Different kinds of representations. This figure is repeated here as it is
relevant. (a) Holistic representation. The aim here is to obtain a single vector that
represent whole of the object. (b) Part-based representation. Several representations
belonging to different parts are obtained. (c¢) Disentangled representations with uncer-
tainty values. Along with the factor-based representations, uncertainty values related
to them are estimated. Disentangled representations may or may not coincide with

the parts. Image taken from the Market-1501 dataset [[1]].

Representation learning aims to obtain a good representation of the person image and
this problem is attacked mainly in two ways. The first one aims to obtain a holistic
representation, a single feature vector for a person. The second one, on the other hand,
tries to extract part/region-based representations which may improve the robustness
of the model to challenges such as occlusion, background clutter, pose changes, and
viewpoint variations. These different approaches are depicted in Figure [2.3] Further-
more, aside from identity, to enhance the representation, additional information can

be included in the procedure like attributes, viewpoint, pose, etc.

As this thesis focuses on obtaining separated representations, we give weight in our
discussion to part-based representations. In general, to give the model the ability to
focus on a specific section of the input, people employ mechanisms like attention,

Spatial Transformer Network (STN) [24] or a pretrained model trained in a super-
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vised fashion to specify the part boundaries. In the case of person re-identification,
this pretrained model is generally a body pose estimator. After estimating the part
locations using this pretrained pose estimator, some extract local features by cutting
the input image accordingly [7], some apply affine transformation using an STN [24]
guided by the pose [8, 19, [10], some mask the features using the pose estimation net-

work output [11} [12].

Zhao et al. [25] use a fully-convolutional architecture to preserve spatial properties
so that they can train several branches that can attend different spatial locations on
the feature map and extract region features later. By extracting region-based features,
they address the problem of misalignment in person re-identification. Different from
ours, they do not apply attribute-based supervision or adversarial loss which could

further help the separation of attended regions in the branches.

Zhao et al. [6] propose to use attribute supervision to disentangle parts in video per-
son re-identification to merge part features along the time domain. They do that by
splitting the features into parts and guiding them through the supervision of attribute
classification. They do not apply adversarial loss to get rid of the information related
to other parts. While guiding the part features, as they are predicting discrete dis-
tribution over attributes, they use the entropy of it to rate their confidence into the

extracted part features and take a weighted average.

2.2.2 Metric Learning

Metric learning can be on the loss function design to guide the representation learning
part. The three most-used losses for person re-identification are verification loss,

identity loss, and triplet loss [23]]:

1. Verification loss. In this type of loss, an image pair is processed in parallel and
the network decides whether those images come from the same identity or not.
In general, a cross-entropy loss is applied to train the network on a two-class

classification task. This loss can be shown as

Everification = - 10g($’z), (23)
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where y € R? is the predicted discrete probability distribution and i is 1 if two

inputs are from different identities and 2, otherwise.

. Identity loss. This one pretends as if the only possible identities are the ones
that occur in the training set. Then, the problem becomes M class classification
where M is the number of different identities in the training split. Therefore, we
can simply apply softmax and use cross-entropy loss to solve the classification

task. Then, the loss becomes

Lidentity = - 10%(5%), (24)

where y € RM is the predicted discrete probability distribution and 7 the index

of the ground truth identity in the estimated distribution.

During test time, however, the model will encounter new identities; therefore,
the classification part will not work. To solve that, the features produced by the
penultimate layer are used to measure the distances between other examples in
the gallery set. This distance can simply be euclidean or cosine distance which

can be implemented simply by subtracting the cosine similarity from 1.

. Triplet loss. It works directly on the feature space and tries to move the features
that belong to the same ID closer and move the others far apart, simultaneously.
To do that, we select 2 examples from the same ID and say that they are a
positive pair. The first example of this positive pair is called the anchor. In
addition, we select another example with a different ID and refer to the newly
selected example and the anchor as the negative pair. Let d, be the distance
between the positive pair and d,, be the distance between the negative pair.

Then, the triplet loss is defined as

Ltriplet = maX(O, dp — dn + Oé), (25)

where « is the margin of triplet loss. The margin permits the network to make
the example belonging to the same identity close enough but not the exact same

point.

If the pairs are selected randomly, most of the time, the model will be able
to distinguish the trivial examples and these examples will not be very infor-

mative. To account for that, Hermans et al. propose to select images that are
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similar but belonging to different identities, which is called hard negative min-
ing, and also choose images that are different but belonging to the same identity,

which is called hard positive mining.

Although these losses affect different spaces, they can be used together. For example,
combining verification and identity losses can improve the performance [23]. Simi-
larly, Luo et al. [3]] combine identity loss and triplet loss alongside many tricks that
exist in the literature to propose a strong baseline. In our experiments, for our strong

baseline, we employ a very similar architecture and similar training methods.

2.2.3 Ranking Optimization

Ranking optimization, on the other hand, utilizes the similarities between the images
within the gallery set to polish the retrieval results or tries to fuse multiple retrieval
results in case we have more than one method. These techniques, in general, im-
prove the retrieval further. However, in this thesis, we present the results and do the

comparison without performing a ranking optimization.

2.2.4 Performance Evaluation

Although the specific evaluation process may depend on the dataset, in general, two
evaluation measures are used [/1, 23]]: Cumulative Matching Characteristics (CMC)
and mean Average Precision (mAP). Note that, for a specific query, our retrieval result
is basically a ranking list of the gallery set excluding the examples coming from the

same camera. The overall evaluation is performed using the whole query set.

2.2.4.1 Cumulative Matching Characteristics

CMC is also known as the rank-£ (matching) accuracy as it checks whether the correct
identity for a specific query is retrieved in the first k£ results in the ranking list. The
overall accuracy is calculated by doing this check over the query set. One thing to

notice in this measurement is that if there were more than one ground truth example
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in the gallery set for a query image; then, only the one with the highest ranking would
matter to CMC. However, many datasets contain multiple ground truths per query

[23]] and need a measurement that accounts for all related images.

2.2.4.2 Mean Average Precision (mAP)

To describe the calculation of mAP, we first need to define the precision for the first &
elements in the ranking list, p(k). Some of the examples in the ranking list are correct
retrievals and some are not. p(k) is the number of correct retrievals divided by k:
p(k) = M (2.6)
where corr(k) is 1 if the k' example in the ranked list is a correct retrieval and 0

otherwise.

Now, we can define average precision (AP). In our case, we can say that calculation
of AP is done at the locations of correct retrievals as follows:

precision at relevant retrievals

AP(1
(4) number of relevant retrievals 27
L p(k)corr(k) '
22/1:1 corr(k)

where AP(i) is the AP of the i*" example and M is the length of the ranking list

belonging to the i*" example.

Mean average precision (mAP) is then the mean of AP values over the whole query

set which can be written as
X
mAP = — ; AP(i), (2.8)

where N is the number of examples in the query set.

2.2.5 Market-1501 Dataset

Created by Zheng et al. [} [26], the Market-1501 dataset has been one of the most
commonly used benchmarks in person re-identification. It has 751 identities in train

split and 750 in its test split. All of the images in this dataset are captured using
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six different cameras. Test split splits further into two: query and gallery. Query
bounding boxes are hand drawn whereas in the gallery set they are produced using
an object detector. The gallery set contains two types of noisy images: one comes
from failed object detections and the other one. During test time, examples from the
query set are retrieved through the gallery set. The images have 128-pixel height and
64-pixel width.

As the task is retrieval and there are multiple ground truths, the most commonly
used evaluation metrics used on Market-1501 are mean average precision (mAP) and

additionally, CMC (rank-k accuracy).

2.3 Estimating Uncertainty in Deep Learning

Uncertainty is a valuable source of information that can be beneficial e.g. for in-
creasing robustness of the model to noisy data during training [[13} [15] or enhancing
a decision making process in noisy situations. In this thesis, however, we work on
estimating one specific kind of uncertainty; therefore, it is important to learn some

major types of uncertainties and clarify the distinction.

2.3.1 Types of Uncertainty

Kendall and Gal [13]] talk about two major types of uncertainties. The first one is
related to our lack of knowledge and it is called epistemic uncertainty. Its major
characteristic is that it can be reduced if the model is introduced with more examples
that it has not seen before. Figure2.4]illustrates this type of uncertainty with red curly
braces. Notice that these places lack training data. Another example can be that if our
dataset consists mainly of sedan and hatchback cars, then, if it encounters a pickup
truck, we expect its epistemic uncertainty to be high since it has never encountered
such a vehicle before. However, the model can become more certain of its prediction

if we add pickup truck images to its training data.

The second type of uncertainty is aleatoric uncertainty. Unlike epistemic uncertainty,

aleatoric uncertainty cannot be reduced by introducing new examples since it is not
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Figure 2.4: Uncertainty types. x is the explanatory variable and y is the response
variable. The figure is adapted from the work of Michel Kana [27]. There is high
epistemic uncertainty at the places where the data do not have such z values. On the
other hand, aleatoric uncertainty is high where we are not sure about the value of the

response variable y even we have a lot of data near that x.

related to our knowledge. Aleatoric uncertainty is inherent in a specific example or the
task itself. In Figure[2.5] we see that the t-shirt of a person is occluded; therefore, we
cannot reduce the uncertainty related to the t-shirt color by just knowing more about
t-shirts. As it is stated before, aleatoric uncertainty may depend on a specific example
(the case in Figure @) In this case, we call it heteroscedastic aleatoric uncertainty.
On the other hand, the aleatoric uncertainty related to the task (and independent from

a specific example) is called homoscedastic aleatoric uncertainty.

This thesis solely focuses on representing the heteroscedastic aleatoric uncertainty
since the problems we address (occlusion, pose change, etc.) are all input dependent.
Although we could benefit from modeling the epistemic uncertainty, the main point

of this thesis is to model the input-dependent uncertainty of disentangled features.
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() (b)

Figure 2.5: T-shirt occlusion as an aleatoric uncertainty example. (a) Occluded ex-
ample. As the T-shirt is occluded, having more knowledge will not reduce the uncer-

tainty. (b) The original image which is taken from Market-1501 [1]].

2.3.2 Estimating Heteroscedastic Aleatoric Uncertainty

In regression, many works estimate the heteroscedastic aleatoric uncertainty by esti-
mating a distribution and use a technique called loss attenuation. We can assume that
the model outputs a Gaussian distribution and let the model estimate both the mean
and the covariance matrices, given a specific input. To simplify the model, we can
also assume that the model outputs an isotropic Gaussian which means the covariance
matrix will be oI, where I, is k-by-k identity matrix. Let y € R* be the output of
our model and y € R” be the ground truth value. Then, heteroscedastic aleatoric

uncertainty can be obtained with loss attenuation as follows:
1 o112
['reg = ﬁ“y_yH +1Og07 (29)

where L,  is the modified version of the regression loss. Notice that the model
has the ability to reduce the loss coming from the regression task, ||y — y||%, by
just increasing the o value. However, there is a penalty for high o values since the
modified loss includes the term log o. Therefore, the model needs to find a balance.
However, this balance does not have to be a constant one. For example, if the model
is not sure about its output given a specific example, then, it can prefer to increase the

o for that specific example.
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For classification, however, since the heteroscedastic aleatoric uncertainty is some-
how captured in the output distribution, the solution here is not straightforward.
Kendall and Gal [13] propose to put the distribution estimation on the logit level,
just before the softmax. Then, they sample from the Gaussian distribution at logit

level and estimate the loss using Monte Carlo samples.

Kendall et al. [[14] employed homoscedastic aleatoric uncertainty estimation for clas-
sification and regression combined for estimating the task weights in losses for multi-
task learning. Notice that this uncertainty estimation is not input-dependent. For
the classification task, they weigh the logits before the softmax operation. Let ® be
the logit level output of the model and o be a positive scalar. Then, the estimated
probabilities of classes, y, become:

p(y|®, o) = softmax (%@) : (2.10)

1

1
Then, with the assumption that — >, exp(— ®») = (D_. exp((I)c/))o%, we can write
g o

the negative log likelihood as follows:

1
1 exp(— ®.)
— log softmax (—2<I>) = —log g 1 :
o
c > exp(;

.
1 1
= —logexp(—;®) +log )  exp(—®),

Y

1
=——®.+log
o

o(} " exp(@y)) 7

1 1 2.11)
= —;@C + logO' + ; logzexp<@d))7

1
= ;(_q)c + log Z exp(@c/))) + 1Og g,

B i<_ oo P(2)
T2 Y exp(@0)

1
= §<_ log softmax(®)..) + log o

) +logo,

where @, is the ¢ element of ®. Notice that, at the last step of Equation the
term inside the parenthesis is the cross-entropy loss without the multiplication with

1 : . . .
— before the softmax. It means that we are going to weight the original loss with
o
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1
—, and add a penalty term log o, which is very similar to what had been done in
o

heteroscedastic aleatoric uncertainty estimation in regression.

As mentioned above, Kendall et al. [14] apply this on homoscedastic aleatoric un-
certainty estimation; however, in our case, we need the heteroscedastic one. Cai et
al. [19] apply this in heteroscedastic aleatoric uncertainty estimation, where they
work on data-dependent sample weighing in object detection. Similarly, in this the-
sis, we employ the homoscedastic aleatoric uncertainty estimation method proposed

by Kendall et al. [[14] for heteroscedastic aleatoric uncertainty estimation.
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CHAPTER 3

UNCERTAINTY-AWARE DISENTANGLED REPRESENTATIONS

In this section, we describe our methodology in detail.

3.1 Overview

Factor Label reonf
Prediction
and fact
Disentanglement Lreeer

|

» i tor*
Backbone Network —> {21 Y/ > Branézti%r;(iﬁ;amty —— pfactor
I—> and — Q9 > and
Elenzs — (23 > Loss Attenuation I I l
———— 81 82 S3
> ﬁcls — _>£cls*
Main Task Loss Att_enuation at
tri Main Task .
> £ Tip > _)ﬁtrzp*

Figure 3.1: The illustration of the sections in this chapter. The block names match

with the section names so that the reader can follow the chapter easily. I is the input

image, €2;’s are the branch features, s;’s are the estimated uncertainty values, L factor

is the factor classification loss, £ is the confusion (adversarial) loss, £ is the

main task classification loss and £ is the main task triplet loss. The stars (x)

marks the loss attenuation applied over a loss. The figure shows only 3 branches for

illustration purposes.

We suppose that there are various underlying factors that affect the generation of

the data. In our method, we extract disentangled features using supervision related
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to those factors. Therefore, we work on a dataset with some factor-related labels
alongside the main task. For example, this can be a person re-identification dataset
with its attributes like t-shirt color labeled. In this section, we are going to assume that
the main task and the factors have discrete labels and thus, we are mainly working on
the classification problem. An additional triplet loss will also be incorporated into the

design.

Our architecture has multiple branches, each dedicated to a different factor. At each
branch, the factor-related class will be predicted and its loss will be attenuated with
an estimated scalar uncertainty. These uncertainties will belong to the branches them-
selves. Additionally, these uncertainties will be used while blending the features with
each other to do the main task-related prediction. As our method consists of many
components, we divided this chapter into several sections, each discussing and adding
an additional structure. The section names are given in Figure[3.1| with boxes and they
are placed so that the discussion in that section is related to that specific part in the

architecture.

3.2 The Dataset

We assume that our dataset has K different factors labeled for each example and
that the dataset has M different classes for the main task and M), many different
class labels for the factor k. Let S = {(I®, y® a{?, . a'?)}¥  be the dataset where
I ¢ RTXWx3 i5 the i*" image, ¥ € R is the one-hot vector of the main task label
of the i object, H is the height, W is the width of the image, and a\’ € R is the
one-hot vector of the label of the ;" factor for the i'* object. Throughout this chapter,
we are going to omit the example index ¢ for simplicity and provide definitions for a

single example.

3.3 The Backbone Network and the Branches

The backbone network B is any network (e.g. VGGNet [28]], ResNet [29]) with which

we can extract common features that will be used by the branches. Branch networks
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also do not have to obey a specific design other than processing the common features
separately. Through our experiments, we adapted the backbone network to the task;
however, we are going to do the discussion over the ResNet50 [29] based backbone
and branch networks. For the ResNet50 backbone and branch networks, we use the

first 13 residual blocks of ResNet50 [29] architecture with its pretrained weights.

Let Qeommon € R16%16 %1024 be the common feature extracted using the backbone
network B from image I. After the backbone network, the features propagate through
K separate branches. Initially, each branch is allowed to select its related channels in
Qcommon through a 1 x 1 convolutional layer. With this, the number of channels is
changed from 1024 to KTC where C' will be the channel size of each branch output
feature. The remaining 3 residual blocks of the ResNet50 [29] are re-implemented
with appropriate channel sizes and group convolutions with /K groups so that each
factor features propagate in their respective branches. As they are re-implemented
with different channel sizes, the parameters are randomly initialized. The adaptive

average pool layer is kept at the end of the network.

Let & : Ri6*16 %1024 5 RC be the j branch network that includes the 1 x 1 con-
volution layer, 3 residual blocks, and the adaptive average pooling layer. Extraction
of the branch related outputs are depicted in Figure The output of the j** branch
from the i*" image is:

2; = &;(B(I)). (3.1)

I — B — Qummon

Qx

HXxWx3 2 W 102 Ex
16 16

Branched Feature Extractor

Figure 3.2: The backbone network and the branch networks. Image I is fed to the
backbone network B to obtain a common feature €2.,,,,,m0,. From the common feature,

each branch network extracts branch related outputs, £2;.

Immediately after the average pooling layer, we put a fully-connected layer for each
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branch with an addition of Rectified Linear Unit (ReLU) activation function. Let
W]f ¢ RE*C be the weight matrix and bf ““ be the bias vector of the fully-
connected layer of the j* branch. The result of the fully connected layer is the
representation of the j** factor from the i image as follows:

&; = ReLU(W/*'Q; + b/*"). (3.2)
Following the work of Luo et al. [3]], we use the Batch Normalization Neck (BNNeck)
structure. This structure allows compatibility between the triplet loss and the classi-
fication loss by reorganizing the feature space accordingly. Therefore, immediately
after the extracted features, we put batch normalization layers after every branch. Let
BN ; be the batch normalization layer used for the j branch. Let ¥; = BN ;(®;)

be the features after the batch normalization layer at j** branch extracted from i

image. The illustration of the branch feature extraction and BNNeck [3] can be seen

in Figure[3.3]

Q. —  ReLU(fc(e; W/ b/*")) — & — BN, — ¥

c . C C

Qx —  ReLU(fc(e; WE™ bIe™))  — &x — BNx — Wi

C c c

Figure 3.3: Extraction of branch features and BNNeck [3] structure. The output of
each branch, €2, is passed through a fully connected layer and a ReLU activation
function to obtain the branch related feature, ®;. Batch normalization at each branch
shown as BN ; implements the BNNeck structure [3]]. The triplet loss is calculated

from ®;’s and the cross-entropy loss is applied over features extracted from W;’s.

3.4 Factor Label Prediction and Disentanglement

At each branch j, every factor label is predicted from W¥; using a fully-connected
layer as the j*" estimated label is used as the guidance and the others are used for the

adversarial loss. Let Wj octor ¢ RMi*C be the weight matrix and b; feter ¢ RMr be
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the bias vector of this fully-connected layer where £ is the index of the predicted fac-
tor. Then, we apply softmax and use cross-entropy loss to train these factor classifiers

as follows (for j = 1...K, k =1...K):

££ 9et" — CrossEntropy (4, , a;) (3.3)

with a; ;, defined as follows:
aj = softmaX(Wi C,;CtOT\I’j + b%cm), (3.4)

Following the work of Alvi et al. [2], we consider the prediction of the j** factor
label at branch j as its primary task and others as its secondary tasks. To get rid of the
information unrelated to the branch, we apply confusion loss in an alternating training
fashion which is discussed in detail in later sections. Similar to Robert et al. [18]],
we apply the additive inverse of the secondary task losses as the confusion losses as
follows:

L = —clgerer, (3.5)
forall ) = 1..K, k = 1...K where j # k. The factor label prediction is illustrated at
Figure

3.5 Branch Uncertainty Estimation and Loss Attenuation

Let Wi € R and b!""! € R be the weight matrix and the bias vector
of the first fully connected layer and let W™~ € R'*“ and b}"“"? € R be the
weight matrix and the bias vector of the second fully connected layer to estimate the
uncertainty values at branch j from €2;. Let 0; € R be the estimated uncertainty
value for the branch j. In fact, the network actually estimates a value s; = log 0? as it
is numerically more stable [13]]. Inspired from Kendall et al. [[14] and Cai et al. [19],

1
we weight the factor primary classification loss of the j** branch with — and we add

J
a regularization term log o to the loss function. Therefore, the loss functions for the

primary factor classification tasks assigned to the branches become (see also Figure

B.3): )
factorx factor J
L35 = exp(—s;) L5 + 5
1 factor (36)
- ;ﬁj,j +logo;,
j
forall j = 1...KK. The loss attenuation process is illustrated in Figure [3.6]
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Figure 3.4: Factor label prediction process. Feature related to branch j, ¥}, is fed
into fully-connected layers for every factor to predict their labels. These networks
are all trained using cross-entropy loss. Aside from the primarily assigned factor to
this branch, which is the j** one, confusion losses, Ejo,? ! ’s, are applied to the feature
extraction networks to remove the information related to the other factors. Factor

prediction loss is obtained.

ﬂj N fC(ReLU(fC(.; W;'mcfl , b}mc—l )), W}mcfz , b;mc—2) — s

C 1

Figure 3.5: Uncertainty estimation network. Feature related to the branch j, €2, is
mapped to the uncertainty values with a 2-layer fully-connected network. Instead of

directly estimating o, we estimate s; = log 032- following Kendall et al. [14].

3.6 Main Task

As we have K branches for the K different factors, to address the main task, different
kinds of approaches can be taken while creating a representation of the example.
Before the triplet loss, we basically try two different approaches to obtain @ to be

used in the triplet loss calculation:

1. TripCat. In this approach, we directly concatenate the ®;’s from every branch
to obtain a representation of size K C. This approach is illustrated at Figure
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Figure 3.6: The loss attenuation applied over the branch related factor prediction
loss. The estimated uncertainty values, s] = log 02 are applied to the loss itself to
attenuate it with an additional penalty of 22 2 . The uncertainty estimated for the branch

is only applied to the primary factor classification loss.

2. TripMerge. This approach integrates the estimated uncertainty values to blend
features together. Specifically, the way we do that is similar to inverse-variance
weighting in which we combine the features of each branch by inversely weight-
ing them with their predicted variances. The variance of the combined result is
obtained as:

= 4
= =) (3.7)
— o
j=1 J
Then, after we sum these values up, we reweight them with the calculated over-

all variance to complete the weighted average calculation (see also Figure[3.7b)):

K
: 1
@W:&E-G@ (3.8)
g
7j=1 J

After the calculation of features, "7, we use them in the triplet loss with hard

positive/negative mining [30].

Similarly, there are 3 different approaches we take for applying the classification loss
for the main task. The decision also depends on the approach taken for triplet loss
since if the features, ®;’s, are already merged (the TripMerge approach), then, ®'"*7

can be used as input for the classification.

1. ClsTripMerge. This approach is the direct continuation of TripMerge. In this
case, we need to re-define the BNNeck [3] since we only have one feature to

consider. To do that, we define an additional batch normalization layer BN .
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Figure 3.7: Obtaining the triplet loss feature, @7, (a) All branch features before
the BNNeck [3] are concatenated. (b) The branch features before the BNNeck [3]
component are merged by taking weighted average using the inverse variances of the

branches as weights.

Then, the result of the merged features for the triplet loss, 7, is first passed
through the batch normalization layer BA and a fully connected layer with
weight matrix W € R™*¢ and without bias afterward. This process is il-

lustrated at Figure As a result, the class probability vector is obtained by

y = softmax(W* BN (®")). (3.9)

2. ClsSep. In this approach, all branches try to do the classification task individ-
ually. To do that, we define K fully-connected layers without biases and with
weight matrices W € RM*“. The architecture can be seen in Figure m
Then, the class probability vector for the 5 branch is calculated as a result of

the matrix multiplication and a softmax operation:

y; = softmax(W5* W), (3.10)

3. ClsMerge. This is a very similar approach to TripMerge; however, this one
merges the branches at the logit level. To do that, we again define a fully-
connected layer with weight matrices W;ls € RM*C and without biases. After

obtaining the logit vectors by leS\Il j for j = 1...K, we merge them by taking
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Figure 3.8: Approaches for the class probability vector calculation. (a) The merged
features at triplet level, "7, is passed through the batch normalization layer, BN/,
and a fully connected layer. (b) The branch features after the BNNeck [3]], ¥;’s,
are passed through fully connected layers, individually. (¢) The branch features after
BNNeck [3] are merged by taking weighted average with multiplicative inverses of

the branch variances.

the weighted average using inverse variances. The architecture is illustrated at
Figure The resultant class probability vector is:

K
1 )
y = softmax(0® Y - 5 Wi'¥,;). (3.11)
o“

j=1"J
For the case we obtain a single class probability vector, the classification loss is:

L% = CrossEntropy(y,y), (3.12)

and for the case we obtain multiple class probability vectors, y;’s, the classification

loss is:
K

L4 = Z CrossEntropy (¥, y). (3.13)

j=1
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3.7 Loss Attenuation at Main Task

As the branch features are used to solve the main task, their estimated uncertainties
can also be used for the main task loss attenuation. Without this modification, the es-
timated uncertainties are related to the uncertainty of the factor-related classification
tasks whose relations to the availability of the factors are investigated in this thesis.
However, if we use the same uncertainty values for the main task, then, the estimated
uncertainties should also account for the uncertainty coming from the main task. This
effectively may change the estimated values; however, as the main task is one of the

main objectives, this kind of attenuation can be favorable.

According to the approach taken while calculating the main-task-related losses, the
application of loss attenuation changes. However, there are two losses that we can
apply attenuation to: triplet and cross-entropy. If the cross-entropy loss of the main
task is calculated separately at each branch; then, the attenuation can be applied to
each branch using its own uncertainty estimation. In other approaches, since we
obtain only one triplet and one cross-entropy loss, the overall variance o2, calculated

from the branch variances can be used for both.

The attenuated triplet loss can be defined as follows:

) 1 )
tripx __ trip
L = L7,
g

K 4 A (3.14)
— ( E _2)‘Ctrzp7
— 0
]:]_ J
and the attenuated cross-entropy loss, if applied over classification loss directly, can
be defined as:
1
clsx cls
LT = — L,

o
K (3.15)

_ (Z %)Ecls’

j=1 "7
and the attenuated cross-entropy loss, if applied over individual branch cross-entropy

losses for ClsSep can be:

K
* 1 ~
Lo = E gCrossEntropy(yj, y). (3.16)

7=1 J

32



3.8 Overall Losses and Alternating Training

For disentanglement not to affect the parameters of the secondary task components,
W; actor>s and b;i 9eter>s, while applying adversarial loss, they should be frozen. How-
ever, they should be trained to keep up with the changes in ¥;’s. Therefore, we do

our training in an alternating fashion.

1. The parameters of the secondary task fully-connected layers, Wf oetor and bf’ etor
forj =1...K, k = 1...K where j # k, are frozen. The backbone B, branch net-
works &;’s, parameters of the first fully-connected layer in the main task feature
extraction W; at>s and bfeat’s, batch normalization layers BN ;, if available
the batch normalization layer for TripMerge BN/, uncertainty estimation net-
work parameters W}mc_l, b}mc_l W;mc_2 and b;‘"c_Q, parameters of the fully-
connected layer in the main task classification Wes or W;ls’s, and parameters
of the primary task factor classifiers Wf ‘;CW and bf}‘;et"r for j = 1,..K are

trained. The applied loss is

[™] =

K
* 1 2 : actor
ﬁtotal 1 2 :Efactor + ﬁtrzp* _'_£018* _ OJ? ‘C;,kt (317)
1

S

2

Pl

where o € R controls the strength of the disentanglement loss.

2. The calculated branch features after the BNNeck [3] W;’s are detached so that
their connection with the previous parts of the network are cut. Then, the sec-
ondary task full-connected layers, Wf actor and bf “lorforj=1.. K, k=1.K
where j # k, are trained. The applied loss is

factor. (3,18)
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CHAPTER 4

EXPERIMENTS

In this chapter, we evaluate our method on two datasets: A toy dataset and a person

re-identification dataset.

4.1 Experiments with the Toy Dataset

The aim of this experiment is to create an optimal environment for our method. In
order to do that we first generate a toy dataset and train a model to inspect the uncer-

tainty values and disentanglement rates.

4.1.1 Three Pixels Dataset

An optimal setting for our method should have some independent generating factors
which should also be reflected in the data itself. For simplicity, this dataset contains
only three-pixel images. The first pixel can have a non-zero value only on its red
channel. Similarly, the second pixel and the third pixel can have only green and blue
values, respectively. In total, there are 3 pixels and 3 underlying independent stochas-
tic procedures to give the pixels their values. The labels are determined according to
the intensity values of each pixel. Additionally, we add noises to pixel values to intro-
duce uncertainty near the decision boundary. The dataset generation procedure can
be seen in Algorithm[I] From the algorithm, we obtain the labels as scalars; however,
in the text, we also use the one hot version of those. y is the one hot version of y and

Y 1s the one hot version of ;. Some samples from the dataset can be seen in Figure
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A1

Algorithm 1: Toy dataset generation. U{ is the discrete uniform distribution,
N is the normal distribution. 1 is the indicator function, y;, is the label for

the k" factor and y is the label of the overall example.

for each image I € R*3 do

x1, To, T3 ~ U(0, 255)

for kin {1,2,3} do

yr < 1(zp > 127)

z ~ N(0,15)

xy < clip(zy + z, 0, 255)

) 4 int(xy)
end

Lijed < 71
I2,g7’een — T2

I3 piye < 23

y <4y + 2y2 + y3

end

Figure 4.1: Some examples from the Three Pixel dataset.

This dataset aims to test the model on whether it can capture the introduced uncer-
tainty near the decision boundary and whether uncertainty estimation at every branch
responds only to its assigned factor. Notice that the place where high uncertainty is
expected is introduced by adding noise on the color values of the pixels. This addi-

tional noise makes the task of each branch unreliable as the color values get closer to

127.



4.1.1.1 Data splits

There are 60000 images generated for training and 10000 images generated for test-
ing. These 60000 images are further separated into training and hold-out validation
set by sampling from Bernoulli distribution B(0.8) for every example and if the result
is a success the example is assigned to the training set and otherwise, to the validation

set.

4.1.2 The model

Since the data is not complicated and the underlying factors do not affect the resulting
image in a complicated way, we simply used a 1-layer architecture for the common
feature extraction and additional 3 layers for branch representations and uncertainty

estimations. The detailed architecture can be seen in Figure 4.2

fc(32,2) —> softmax —> Y11
(96, 32) —> (32, 32) —> B4 <

fc(32,1) —> 81

fc(32,2) —> softmax —> Yoo
Common
. .H fo(9, 96) —> Lo fc(96, 32) —> fc(32, 32) —> By <

fo(32, 1) —> S2

fc(32,2) —> softmax —> ¥s3
fc(96, 32) — fc(32, 32) —> B3 <

fc(32, 1) —> s3

Figure 4.2: The architecture used on the Three Pixels dataset. Blue boxes are func-
tions and green boxes are the values produced. Fully-connected layers that map R to
R? are shown with fc(a, b). Before every fully connected layer except for the first one,
ReLU is used as an activation function. The branch features are shown with ®;’s. At
every branch, model outputs y;; € R? which is the estimated probability distribution
for the j** factor and s; € R, the uncertainty estimation of that branch. Following

Kendall and Gal [13]], the model estimates s; = log 0]2 instead of the variance directly.

After the probability vectors at each branch are estimated, we apply cross-entropy
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loss. The primary classification loss at each branch can be written as
L; = CrossEntropy(y;;,y;)- 4.1)

After the integration of the loss attenuation, the primary classification losses become

S

L = exp(—s;)L; + 5 4.2)

Y2 fc(32, 2) Yo 31

: ®, : &
Y13 fc(32, 2) Vo3 fc(32, 2 V32

P

Figure 4.3: The secondary task components. Blue boxes are functions and green
boxes are the values produced. Fully-connected layers that map R® to R® are shown

with fc(a, b).

For the disentanglement, we introduce additional linear layers that predict other branch
factor labels from ®;’s. The secondary task components are illustrated in Figure 4.3

The losses to train the secondary task components are

Ly, = CrossEntropy (¥ k, Y& ). 4.3)

for j # k. The confusion losses to remove the unwanted information from the feature
extractors can be written as are the additive inverses of the secondary task losses,
E;Z”f = —L,;. As it is discussed in Chapter 3| the confusion losses and the primary
task losses are applied together while the secondary task components are frozen and

the secondary task components are trained separately.

To do the main task, branch features ®;’s are merged through weighted average to

obtain the main task feature

Z?:l exp(—s)®;

(4.4)
> -1 exp(—s)

(I)MT =

After obtaining the main task feature, it is passed through a fully-connected layer to
map it to the logit space. Then, The obtained class scores are passed through softmax

and cross-entropy loss is applied.

38



4.1.3 Training Details

The model is trained for 20 epochs using a batch size of 256. The training is done
in an alternating fashion. Both of the optimizers use the learning rate of 10~* with
Adam with weight decay 0.01. The training of the secondary task components is done
3 times per iteration. After each epoch, the model is saved if the total validation loss

is the least it has ever been.

4.1.4 Uncertainty Estimation Results

In this setting, there is no adversarial loss for disentanglement and no main task loss.

Let’s call this setting BASE.
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Figure 4.4: Uncertainty estimations for every color at every branch. Every row is the
result of a different experimental setting. From top row to bottom row, the settings
are BASE, BASE + MT, and BASE + MT + DISENT. At each row, every plot is
specific to a color channel. The left-most plots are related to the red channel value in
the first pixel, middle ones are related to the green channel value in the second pixel
and the right-most ones are related to the blue value in the third pixel. At each plot,
the horizontal axis shows the value of that specific color channel in the example. For
example, horizontal axis having the value 7 at one of the left-most plots means that all
of the examples included in the calculations have their red channel 7 at the first pixel.
The vertical axis at each plot shows the average s; values estimated by each branch.

Branches are color coded to their related factors as also shown in the legends.

The aim of this experiment is to see whether heteroscedastic uncertainty estimations

with loss attenuation correlate with the decision boundary. To do this, we plot the
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uncertainty values. We first select a color for a specific plot. Then, for every value
the color takes from O to 255, we average the estimated s; values for each branch
separately. The resulting plots for BASE setting are at the top row of Figure d.4] As
can be seen, at each plot, the estimated uncertainty values are higher as the values get
closer to the decision boundary at their related branch. Furthermore, notice that the
uncertainty estimations at unrelated branches remain oblivious to the value change
even without the disentanglement since the estimated uncertainty values control the

loss attenuation only at their respective branches.

4.1.5 Disentanglement experiments

To see whether each branch encodes features that are only related to its assigned
factor, we train a linear model to estimate every factor class from each branch on the
training dataset. Then, we measure the accuracy values on the test set for each model
to obtain a table. We are going to call this table the disentanglement table in the rest

of the discussion.

First, we obtain the disentanglement table for the BASE setting. The resulting table
can be seen at Figure 4.5

-1.0
-0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0

Figure 4.5: The disentanglement table for the BASE setting. The rows correspond to
branches and columns correspond to factors. Scores are the accuracies calculated on

the test set.
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Interestingly, even without adversarial loss, since the factors are really independent
in the data itself, the branches only encode information that is only related to their

assigned factor.

Now, we are going to add the main task, which is the estimation of labels that can be

derived from knowing the label of each factor. Let’s call this setting BASE + MT.

The disentanglement table of the setting BASE + MT can be seen at Figure 4.6
Notice that different from the BASE, each branch tries to encode information related
to every factor. Although we are collectively deciding the main task label, this result
is expected since the losses that propagate through every branch have them encode
the information related to the main task, which can be done by knowing information
related to every factor. Nevertheless, the uncertainty estimations still respond only to

the related factor of the branch as can be seen in the middle row of Figure 4.4

-1.0

0.9
o 095 095 094 | g

10.7
0.6
—- 0.93 0.95 0.92 - gO0.5
0.4
0.3

~- 091 091 094 - @02
0.1

0.0

Figure 4.6: The disentanglement table for the BASE + MT. The rows correspond to
branches and columns correspond to factors. Scores are the accuracies calculated on

the test set.

To preserve the property of branches encoding features only related to their factor, we
add adversarial loss over the branch features to remove unrelated factor information
in them. Let’s call this setting BASE + MT + DISENT. Notice that, as the disentan-
glement losses are added, the features forcefully encode the information only related

to its assigned factor as can be seen in Figure
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Figure 4.7: The disentanglement table for the BASE + MT + DISENT. The rows
correspond to branches and columns correspond to factors. Scores are the accuracies

calculated on the test set.

4.2 Experiments in Person Re-identification

4.2.1 Preprocessing of the images

Following the open-reid libraryﬂ the images are first resized from 128x64 to 256x128.
As mentioned in Luo et al. [3], the training images are flipped horizontally with prob-
ability 0.5, and padded 10 pixel with O and cropped into size 256x128 again. After
these data augmentation techniques, the images are normalized using the mean and
standard deviation values given in the PyTorch [31] (mean = [0.485,0.456, 0.406],
std = [0.229,0.224, 0.225]) so that the inputs are mapped to a similar distribution as

their pretraining.

Additionally, following Zhong et al. and Luo et al. [3], we applied random
erasing to the training set which randomly erases a rectangle region in an image with
a probability of 0.5. Since we apply this operation after the normalization, erasing
means assigning the mean values inside the selected rectangle. The default parameters

in PyTorch [31] implementation are used.

! https://github.com/Cysu/open-reid
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4.2.2 The Model

The backbone model B is the first 13 residual blocks of ResNet50 [29] based archi-
tecture mention in Chapter [3] We selected C' = 328 and K = 12 since there are
12 attributes in the Market-1501 Attribute dataset [33]] and C' should be divisible by
K. B outputs common feature €2.,,,m0n, Of the size (16, 8, 1024), where 1024 is the
channel size, 16 is height and 8 is the width. After the common feature, the model

branches and outputs features €2;’s of size C' = 328.

4.2.3 Training details

Similar to Luo et al., we train the model for 200 epochs using the whole training
dataset without separating a validation dataset. The final model after the last epoch is

saved and used throughout the experiments.

Adam optimizer with learning rate 3.5 x 10~* and weight decay 0.0005 is used for
both parts of the alternating training. Following Luo et al. [3] warm up learning rate
strategy is employed. For the first 10 epochs learning rate increases from 3.5 x 107°
to 3.5 x 10~* and at epoch 40 the learning rate is dropped to 3.5 x 1075 and at epoch
60, it is further dropped to 3.576.

Label smoothing [34] with ¢ = 0.1 is applied for both factor and main classification

tasks.

4.2.4 Results

4.2.4.1 The Effects of Loss Attenuation and Disentanglement

Before applying loss attenuation or disentanglement, we first fix the architecture to
be TripCat + ClsSep since it is the most trivial one and perform an ablation study.
The baseline, therefore, is the one in which we do not use any loss attenuation or
disentanglement but still have branches. We also remove the Factor Supervision from
it to prevent any attribute-related guidance. The test features that we use to compare

two examples with cosine distance are obtained by concatenating the branch features,
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W;’s. We call this approach TestCat. The performance is measured directly on the

main task, person re-identification.

The results can be seen in Table 4.1l In the first row, the results of the work of
Luo et al. [3]] without the Center Loss can be seen. After that, we introduce our
branched baseline and add different techniques one by one. In general, we see that
usage of loss attenuation only on Main Task Loss (Equation or [3.16) decreases
the performance. However, using loss attenuation on both factors (3.6) and the main
task obtains the best performance in terms of mAP. For the disentanglement, we see
both performance increases and decreases however, it affects the TripCat + ClsSet
Complete positively in terms of mAP, and rank-1 accuracy. Notice that in terms of
rank-5 and rank-10 accuracy, there is no significant increase or decrease in general.
Therefore, from here on, we are going to use Factor Supervision, Factor Loss Atten-
uation, Main Task Loss Attenuation, and Disentanglement, which we call Complete,

for other architectures as well.

Table 4.1: The results in person re-identification with several approaches using the
architecture TripCat + ClsSep. The query and the gallery sets are not corrupted.
During test time, TestCat is used. (FS: Factor Supervision, FLA: Factor Loss Atten-
uation, CLA: Main Task Classification Loss Attenuation, Dis: Disentanglement, CL:

Center Loss).

Approach ‘ ES ‘ FLA ‘ CLA ‘ Dis H mAP ‘ rl ‘ 5 ‘ rl0

BOT (w/o CL) [3] 0.857 | 0.941 - -

TripCat+ClsSep Baseline 0.853 | 0.941 | 0.979 | 0.988
v 0.858 | 0.941 | 0.982 | 0.988
v v 0.862 | 0.941 | 0.982 | 0.988
v v 0.860 | 0.941 | 0.982 | 0.989
v v v 0.858 | 0.941 | 0.981 | 0.988

v 0.858 | 0.939 | 0.979 | 0.986

v v 0.852 | 0.939 | 0.979 | 0.988

v v v 0.852 | 0.938 | 0.976 | 0.986

v v v 0.862 | 0.944 | 0.981 | 0.987

TripCat+ClsSep Complete | v v v v 0.866 | 0.947 | 0.980 | 0.988
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4.2.4.2 Comparison with the state of the art

The performance of the current state of the art on the Market-1501 dataset [1/] reported
by Ye et al. [23] is presented in Table 4.2 along with the baseline we used. As can
be seen, we obtained a small increase of the baseline; however, there is still a big
gap with the state-of-the-art model. The scores can further increase when ranking
optimization techniques are employed. However, throughout this thesis, we report

the scores without ranking optimization.

Table 4.2: The comparison with the state of the art on Market-1501 dataset [1] as
reported in Ye et al. [23]. The given result are calculated without re-ranking. (CL:

Center Loss).

Approach H mAP‘ rl ‘ r5 ‘ r10

BOT Strong Baseline (w/o CL) [3] 0.857 | 0.941 -

BOT Strong Baseline (w/o CL) [3] 0.859 | 0.945 -
TripCat+ClsSep Complete 0.866 | 0.947 | 0.980 | 0.988
VAL (Zhu et al. [35], SOTA) 0.917 | 0.962 | 0.987

4.2.4.3 The effects of normalization

By default, the experiments are done using the batch normalization layers in their
evaluation mode. We also tried to use them in their training mode with several
batch sizes. However, the performance degraded significantly. The mAP of Trip-

Cat+ClsSep Complete was 0.393 with batch size 32 and 0.793 with batch size 256.

We also tried layer normalization instead of batch normalization in BNNeck structure
[3]. However, the mAP of TripCat+ClsSep Complete was 0.833 which means the

results did not improve.

4.2.4.4 The effects of different architectures

In this section, we inspect the experimental results of several architectural designs

in their Complete settings. Here we remind briefly the suggested architectures dis-
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cussed in Section[3.6| Remember that these architectures can be obtained by changing
how we calculate features for triplet and classification losses of the main task. If the
triplet loss is obtained by the concatenation of ®;’s, we obtain TripCat whereas if
we take weighted average using the multiplicative inverse of the branch variances,
then we have TripMerge. For the classification part, on the other hand, we proposed
3 ways. In the first one, ClsSep, every branch does the ID prediction on its own,
separately. The second one, ClsMerge, is similar to the TripMerge as we take the
weighted average of the logit level features before feeding it to the softmax. The last
architecture of the classification part is a continuation of the TripMerge approach
where we directly use the merged features during triplet and obtain logits directly
from it. Therefore, this approach is called ClsTripMerge and it can be used only if
TripMerge is employed.

In this section, we are going to directly concatenate the branch features as we did
before (TestCat). Later, we are going to present and discuss other ways for test-
ing to incorporate uncertainty estimations during test time. The results on person
re-identification can be seen in Table The best result is achieved by TripCat
+ ClsSep Complete. However, TripMerge + ClsSep Complete also obtain a close
one. We can say that ClsSep performs better than ClsMerge when we concatenate the
test features as in TestCat. Notice the low mAP score of the TripMerge + ClsTrip-
Merge Complete architecture here. As this architecture merges the features for the
main task during training time at ®; level by incorporating the uncertainty values and
never use it separately afterward (Equations [3.8]and [3.9)), different scales of the con-
catenated features may affect the overall decision more than or less than they should.
Interestingly, this is not observed in other TripMerge architectures which may be
because the ID-related classification features are calculated separately after merging

the features for triplet loss.

4.2.4.5 Testing by Merging Features

Although some of the architectures are compatible with directly concatenating the test
features, TripMerge + ClsTripMerge Complete could not obtain high scores like

the others. To account for this problem and to incorporate the uncertainty estimations
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Table 4.3: The results in person re-identification using different architectures. Factor
Supervision, Factor Loss Attenuation, Main Task Classification Loss Attenuation, and
Disentanglement are employed. The test features are calculated by simply concate-
nating the branch features (TestCat). The query and the gallery sets are not corrupted.
(Trip: Triplet Loss Approach. Cls: Classification Loss Approach

Approach | Trip Cls mAP rl r5 r10

Complete | Cat Sep 0.866 | 0.947 | 0.980 | 0.988
Complete | Cat Merge 0.858 | 0.939 | 0.982 | 0.988
Complete | Merge Sep 0.864 | 0.942 | 0.981 | 0.989

Complete | Merge Merge 0.852 | 0.940 | 0.981 | 0.989
Complete | Merge | TripMerge ||| 0.776 | 0.914 | 0.970 | 0.980

into the testing process, we propose to take the weighted average as we did during
training time in some architectures. In more detail, the test feature in TestMerge can

be calculated as follows:

wiet ZK: Ly, 4.5)
;. .
j=1 7

The results can be seen in Table A performance increase for TripMerge +
ClsTripMerge Complete can be seen compared to the TestCat strategy. As we dis-
cussed in Section this is expected since weighting is done at lower layers in
TripMerge + ClsTripMerge Complete. On the other hand, this testing method re-
sulted in a performance decrease in all other architectures. This kind of decrease may
stem from the fact that merging branch features ®;’s has not been fully introduced
during training which results in incompatibility issues between feature spaces. This
compatibility problem may cause some important discriminative features to interfere

with each other.

4.2.4.6 Testing by Weighting the Distances

As we hypothesize that features may be interfering with each other in TestMerge, we
here propose another way to use uncertainty values without blending the separate fea-

ture spaces together. We are going to do this by first calculating the cosine distances
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Table 4.4: The results in person re-identification using different architectures. Factor
Supervision, Factor Loss Attenuation, Main Task Classification Loss Attenuation, and
Disentanglement are employed. TestMerge is used. The query and the gallery sets

are not corrupted. (Trip: Triplet Loss Approach. Cls: Classification Loss Approach)

Approach | Trip Cls mAP rl r5 rl0

Complete | Cat Sep 0.848 | 0.94 | 0.977 | 0.987
Complete | Cat Merge 0.836 | 0.932 | 0.977 | 0.986
Complete | Merge Sep 0.855 | 0.938 | 0.98 | 0.988
Complete | Merge Merge 0.838 | 0.933 | 0.975 | 0.984
Complete | Merge | TripMerge || 0.838 | 0.942 | 0.982 | 0.989

branch-wise between two examples and take the weighted average of these distances
using the multiplicative inverses of the branch variances. As we have two weights per
branch coming from two examples, we multiply them to obtain a final weight for a
branch distance. Therefore, the distance between two examples a and b with features
W’s and \I’?’s are calculated as follows:

1

K cos a b
| > i WD (W5, ¥5)
Dwezght(‘l,a7 lI,b) — J 7 i , (46)
K
Zj:l (0?0;2)2

where D is the cosine distance, o and o;? are the uncertainties of the j** branches

of examples a and b respectively.

We name this approach TestDistWeight. We see from the results in Table that
there is no significant difference in the kind of testing. We can observe a slight in-
crease in TripMerge + ClsTripMerge Complete approach comparing it to the Test-
Cat (0.784 mAP vs. 0.776 mAP); however, it is still way below the TestMerge
version of it (0.784 mAP vs. 0.838 mAP).

4.2.4.7 Testing by Thresholding Uncertainties

As we could not obtain improvement by taking a weighted average of the distances,

here, we apply a stronger constraint by putting a threshold on inverse branch vari-

49



Table 4.5: The results in person re-identification using different architectures. Factor
Supervision, Factor Loss Attenuation, Main Task Classification Loss Attenuation,
and Disentanglement are employed. TestDistWeight is used. The query and the
gallery sets are not corrupted. (Trip: Triplet Loss Approach. Cls: Classification Loss

Approach)
Approach | Trip Cls mAP rl 5 rl0
Complete | Cat Sep 0.866 | 0.947 | 0.98 | 0.989

Complete | Cat Merge 0.856 | 0.937 | 0.982 | 0.988
Complete | Merge Sep 0.864 | 0.943 | 0.981 | 0.99
Complete | Merge Merge 0.851 | 0.942 | 0.98 | 0.989
Complete | Merge | TripMerge || 0.784 | 0.92 | 0.973 | 0.982

1 1 ) . .
ances, —S’s. To do that, we first calculate the —S’s for all examples in the training
o3 o3
J J

set. Then, we determine the threshold value for each branch that drops p% of the

: . 1 . .
examples. For a branch feature with variance — to be involved in the overall feature
o
J

) 1 ’ ) N .. )
calculation, — > where (a;?)2 is the variance of the ’fmth training example in
o3

1
(05)?
the sorted list of inverse branch variances.

While comparing two examples, if a branch’s feature is dropped in one of them, then
the distance between those branch features is not included in the distance calculation.
The reasoning here is that if a part is missing in an image, then we do not compare
that part. After dropping the branch features, we take the weighted average of the
distances of the remaining ones, similar to TestDistWeight. Notice that during the
comparison, we may be left with no remaining features. For those cases, we directly
assign a very high distance to push them to the end of the ranking list as we cannot
get a reliable result when we don’t have any part to compare. We name this testing

approach TestThreshold.

Setting p to higher values would make our filtering process stronger. We try 0.1,0.3, 1, 3, 10
for the p values and results can be seen in Table 4.6l We see that as we increase the
threshold, more branches are dropped and this affects the performance severely. How-

ever, we could not obtain a performance gain in any threshold percentage, p.
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Table 4.6: The results in person re-identification using different architectures with
several p values. Factor Supervision, Factor Loss Attenuation, Main Task Classifica-
tion Loss Attenuation, and Disentanglement are employed. TestThreshold is used.
The query and the gallery sets are not corrupted. (Trip: Triplet Loss Approach. Cls:
Classification Loss Approach)

Approach | Trip Cls p || mAP rl 5 rl0

Cat Sep 0.1 | 0.866 | 0.947 | 0.980 | 0.989
Cat Merge 0.1 || 0.856 | 0.937 | 0.981 | 0.988
Merge Sep 0.1 || 0.864 | 0.943 | 0.981 | 0.990
Merge Merge 0.1 || 0.851 | 0.942 | 0.980 | 0.989
Merge | TripMerge | 0.1 || 0.784 | 0.920 | 0.973 | 0.982

Cat Sep 0.3 | 0.866 | 0.947 | 0.980 | 0.989
Cat Merge 0.3 |/ 0.856 | 0.937 | 0.981 | 0.988
Merge Sep 0.3 || 0.864 | 0.943 | 0.981 | 0.990
Merge Merge 0.3 || 0.851 | 0.942 | 0.979 | 0.989
Merge | TripMerge | 0.3 || 0.784 | 0.920 | 0.973 | 0.982

Cat Sep 1 | 0.866 | 0.947 | 0.980 | 0.989
Cat Merge 1 | 0.855 | 0.936 | 0.981 | 0.988

Merge Sep 1 | 0.864 | 0.943 | 0.981 | 0.989
Merge Merge 1 || 0.851 | 0.941 | 0.980 | 0.989
Merge | TripMerge | 1 || 0.784 | 0.919 | 0.973 | 0.982
Cat Sep 3 | 0.866 | 0.947 | 0.980 | 0.989
Cat Merge 3 | 0.850 | 0.928 | 0.979 | 0.986
Merge Sep 3 | 0.864 | 0.943 | 0.980 | 0.989
Merge Merge 3 1/ 0.837 | 0917 | 0.976 | 0.984
Merge | TripMerge | 3 || 0.783 | 0.919 | 0.972 | 0.982
Cat Sep 10 || 0.856 | 0.940 | 0.972 | 0.980

Cat Merge 10 || 0.806 | 0.865 | 0.962 | 0.980
Merge Sep 10 || 0.852 | 0.934 | 0.969 | 0.979
Merge Merge 10 || 0.763 | 0.796 | 0.944 | 0.969
Merge | TripMerge | 10 || 0.717 | 0.772 | 0.954 | 0.974
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4.2.4.8 Robustness to the Noise

Until now, we have used the original query and gallery images. To test the robustness
the models may have gained during training, we corrupt the query and gallery sets
with the same noise introduced during training as discussed in Section such as
random erasing. We have to use the same type of noise as we only estimate aleatoric
uncertainty in our work. The main task performances with different testing options
on the corrupted query and gallery sets can be seen in Table Some of the ar-
chitectures perform better than the baseline; however, none of them widens the gap
between the mAP score of itself and the baseline. This means that aside from protect-
ing the performance gain from the Loss Attenuation and Disentanglement, we could
not obtain robustness to the noise by estimating and integrating uncertainty. This is

discussed in more details in Section [4.3]
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Table 4.7: The results in person re-identification using different architectures with
corruption. Factor Supervision, Factor Loss Attenuation, Main Task Classification
Loss Attenuation and Disentanglement are employed. For TestThreshold, p = 10
is selected.. The query and the gallery sets are corrupted. (Trip: Triplet Loss
Approach. Cls: Classification Loss Approach)

Approach | Trip Cls Test mAP rl 5 r10

Baseline Cat Sep Cat 0.801 | 0.918 | 0.974 | 0.983
Complete | Cat Sep Cat 0.810 | 0.921 | 0.972 | 0.983
Complete | Cat Merge Cat 0.802 | 0.913 | 0.971 | 0.983
Complete | Merge Sep Cat 0.810 | 0.918 | 0.971 | 0.981
Complete | Merge Merge Cat 0.795 | 0.907 | 0.968 | 0.981
Complete | Merge | TripMerge Cat 0.694 | 0.873 | 0.959 | 0.974
Complete | Cat Sep Merge 0.786 | 0.912 | 0.967 | 0.980
Complete | Cat Merge Merge 0.774 | 0.903 | 0.969 | 0.981
Complete | Merge Sep Merge 0.794 | 0.912 | 0.963 | 0.977
Complete | Merge Merge Merge 0.775 | 0.898 | 0.960 | 0.975
Complete | Merge | TripMerge Merge 0.779 | 0.912 | 0.977 | 0.988
Complete | Cat Sep DistWeight || 0.811 | 0.917 | 0.972 | 0.983
Complete | Cat Merge DistWeight || 0.800 | 0.914 | 0.971 | 0.982
Complete | Merge Sep DistWeight || 0.811 | 0.922 | 0.969 | 0.983
Complete | Merge Merge DistWeight || 0.793 | 0.918 | 0.966 | 0.980
Complete | Merge | TripMerge | DistWeight || 0.710 | 0.884 | 0.961 | 0.975
Complete | Cat Sep Threshold || 0.711 | 0.849 | 0.890 | 0.896
Complete | Cat Merge Threshold || 0.627 | 0.624 | 0.894 | 0.937
Complete | Merge Sep Threshold || 0.703 | 0.837 | 0.880 | 0.889
Complete | Merge Merge Threshold || 0.473 | 0.299 | 0.754 | 0.879
Complete | Merge | TripMerge | Threshold || 0.261 | 0.163 | 0.515 | 0.696

We also visualize retrieval results of the baseline and Complete models in corrupted

query and gallery set in Figures and In general we cannot observe signifi-
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cant differences as discussed. One thing to note is that in Figure 4.8 TripMerge +
ClsTripMerge Complete was able to retrieve the correct ID in its top two retrievals.

On the other hand, it performed poorly in Figure 4.9 although the others’ top ten

results are all correct.
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(f) TripMerge + ClsTripMerge Complete

Figure 4.8: Retrieval results on corrupted Market-1501 Dataset [1]. The leftmost
image is the query and the other images are the most similar gallery images. The

images with green frame are correct retrievals and the ones with red are incorrect.
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(f) TripMerge + ClsTripMerge Complete

Figure 4.9: Retrieval results on corrupted Market-1501 Dataset [1]. The leftmost
image is the query and the other images are the most similar gallery images. The

images with green frame are correct retrievals and the ones with red are incorrect.
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4.3 Discussion

Although we obtain a small performance increase by using Loss Attenuation and
Disentanglement in person re-identification, we could not create a testing strategy
robust to noise by incorporating the estimated uncertainty values. We think that this
is because the obtained uncertainties do not correlate with the availability of their
respective parts. To illustrate this, we conduct an experiment to understand where

branch uncertainties are the most responsive.

We slide a 64 x 64 patch with the same color used in random erasing on resized
(256 x 128) query images. At each step, the patch is shifted by 32 pixels. At every
shift, we calculate the uncertainty at each branch and create a heatmap to understand
where each branch is responsive to. Figure shows the uncertainty heatmap for
TripCat + ClsSep Complete. Notice that the results do not change as we go through
the branches. Although some of the values change slightly, all of the branches respond
to the same part. This is also similar for TripMerge + ClsSep Complete as can be
seen in Figure This may stem from the ClsSep architecture where each branch
tries to estimate the ID only by itself. Therefore, it is reasonable for them to focus on
the most distinctive ID-related parts instead of limiting themselves to their assigned

factors. This also explains the unresponsiveness of these models to TestDistWeight.

If we inspect the architectures with ClsMerge or ClsTripMerge, on the other hand,
we see small variations. Figure and Figure .13 show the heatmaps for TripCat
+ ClsMerge Complete and TripMerge + ClsMerge Complete, respectively. For
example, the responsiveness for the handbag location in both figures can be seen. This
is also the case for TripMerge + ClsTripMerge Complete as can be seen in Figure
M.T4 One of the reasons for the architectures where the features are merged before
classification to have some variety unlike the others can be the fact that not every
branch has to encode every ID-related feature since some other branch may cover for
that. The low variety of the uncertainty responses of separate branch architectures

and the large variety of the merged branch architectures can also be seen in Figure

Not every example gives these kinds of sharp results. Sometimes we see that branch
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Figure 4.10: Uncertainty heatmaps of different branches of TripCat + ClsSep Com-
plete obtained by shifting a patch over the image. The values are crf’s estimated at

different branches j.

uncertainties respond to unrelated parts as can be seen in Figure [4.17] We think that
branches tend to focus on the ID-discriminative parts as they can guess their assigned
attribute label from the ID itself. For example, suppose that we are guessing the hair
length of a person. Since the hair of that person does not change throughout the
images if the model can detect the ID of that person, it can predict all of the attributes
even if the attribute-related part itself is occluded. Therefore, parts that are wide and
discriminative like t-shirt and pants attract all branches. This damages the property
of branches being responsive only to their attribute-related parts. For example, the
branch related to the pants may increase its uncertainty value when the bottom part is
occluded; however, it may give even higher uncertainty when the t-shirt of that person

1s occluded.

To investigate what branches encode, we created the disentanglement tables of each
architecture as we did for the Toy Dataset. The tables can be seen in Figure 4.16]
The results of these tables indicate how much we were able to disentangle the branch
features and we see that in ClsSep architectures, the branches are still entangled.
This also supports our hypothesis that the ClsSep architecture forces the branches
to encode similar features. Additionally, we observe the best disentanglement in the

TripMerge+ClsTripMerge architecture in which we merge the branch information
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Figure 4.11: Uncertainty heatmaps of different branches of TripMerge + ClsSep
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Complete obtained by shifting a patch over the image. The values are o5’s estimated

at different branches j.

in the Triplet Space and directly calculate the feature for the classification from that.
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CHAPTER 5

CONCLUSION

In this thesis, we worked on obtaining disentangled representations with also their un-
certainty estimations. This way, we aimed to propose a solution to the problems like
occlusion, viewpoint, and pose variations where different parts of an object are visible
at different levels. To obtain separate representations, we used a branched architecture
and applied adversarial loss to disentangle them. Meanwhile, we also experimented

on how we could estimate the uncertainty for each branch representation, separately.

For the toy dataset experiments, we were able to estimate uncertainty separately for
each factor successfully. One of the reasons was that the created dataset was an

optimal setting for our method and the generative strategy was very simple.

In our real-life dataset experiments on person re-identification dataset, Market-1501
[1], with the attributes as the factor supervision, we obtained a small performance
gain by using Loss Attenuation and Disentanglement. We employed different testing
strategies to incorporate the estimated uncertainty values; however, we could not ob-
tain a performance gain over the initial strategy which simply concatenates the branch

features.

5.1 Limitations and Future Work

The proposed method is adaptable to different kinds of problems with different kinds
of supervisions. In this thesis, we selected attribute supervision for person re-identification
to guide and disentangle branches. However, as discussed in Section 4.3] this ap-

proach can be one of the main limitations of our experiments as we cannot guarantee
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that branch features will only encode their attribute-related part information. Other
than the attribute, different kinds of supervisions can be used. An example of that
is using a pretrained pose estimator to estimate head, torso and leg locations and oc-
cluding those parts randomly. In that case, the supervised task for the branches can

be the prediction of whether an occlusion has occurred for that specific part or not.

Another thing that may have increased the difficulty of training is that we have not
filtered or grouped attributes according to their correlations or part correspondences.
For example, carrying a handbag and a backpack can be negatively correlated. As we
try to apply confusion loss to disentangle every attribute regardless of their relation,
this may have cluttered the overall loss unnecessarily and created loss fluctuations as

the task is not possible.

Employing an attention-based model for branching as in Zhao et al. [25] can help
the networks to separate the representations spatially as the disentanglement can be
applied only over the attention module. This property may address the problems such
as occlusion in a more direct way as the representations would belong to separate

regions.

We have only tried our method on person re-identification; however, it can be applied
to different kinds of problems as well since disentangled representations can help in
many computer vision problems where different parts of the objects are available to

different degrees.

Our work only estimates aleatoric uncertainty which would only capture the noise
introduced during training. It is possible to extend our architecture to work on differ-
ent types of noises encountered during test time by estimating epistemic uncertainty.
By capturing both uncertainty types, we believe that the architecture would be more

robust to unexpected scenarios in real life.
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