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UGQE:
UNCERTAINTY GUIDED QUERY EXPANSION
IN IMAGE RETRIEVAL

SUMMARY

Image Retrieval is one of the important subproblems in Computer Vision domain. A
typical image retrieval pipeline consists of a feature extractor and a search operation in
image database with a given similarity measure. With the dominance of deep learning,
hand-crafted feature extraction techniques are replaced with Convolutional Neural
Network (CNN) based feature extractors. Images are represented with those extracted
features.

Sometimes, when a query is made in an image database, some of the retrieved images
may be irrelevant to the query image. Those images should be eliminated in order to
improve the performance of the image retrieval systems. Query expansion is one of
the ways to perform that operation. Query expansion can be considered as making a
second search after the retrieved images of the first search are aggregated with the query
image. The aggregation can be done in several ways such as taking an average or a
weighted average. However, classical query expansion techniques have some drawbacks
such as indistinctness between relevant and irrelevant neighbors or monotonic weight
assignments. Existing approaches in query expansion did not consider reliability of
neighbors in selecting and executing the expansion operation. Reliability per se is not
straightforward to measure, however, it can be estimated as inversely proportional to
the amount of uncertainty inherent in the neighbor selection. With the advent of neural
network based function approximators, an uncertainty quantification can be integrated
into standard neural networks that adds an ability of saying "I do not know" or "I am
not certain" about this outcome.

In this thesis we integrate a pair-wise uncertainty quantification into the query expansion
process in order to generate new features via a novel Uncertainty Guided Transformer
Encoders (UGTE) method. Those newly generated features are concatenated with
original features to enrich the overall feature representations. Then those feature
representations are fed into the Learnable Attention Based Transformer Encoders
(LABTE) to assign weights to neighbors. Our method consists of UGTE and LABTE:
first we generate new features with UGTE, then assign new weights to the neighbors
with LABTE.

Experimental results show that our proposed method increases the performance of the
system relative to the baseline method which consists of only the LABTE framework,
over standard image retrieval benchmarks. We utilize a CNN feature extractor, which
is trained on Google Landmarks dataset. To extract the features of the transformer
encoder, the train dataset that is utilized is rSfTM 120k, while the method is tested with
datasets: rOxford5k, rParis6k and 1 M Distractors.
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BYSG:
GORUNTU ERISIMINDE
BELIRSIZLIK YONLENDIRMELI SORGU GENISLETME

OZET

Goriintii erigimi, bilgisayarla gorii alaninin 6nemli alt problemlerinden birisidir. Bu
problemde amag goriintiileri vektor diizeyinde temsil etmek ve daha sonra bu vektorler
arasindaki olmasi1 gereken yakinlik, ayni nesnenin farkli acilardan edinilmis goriintiileri
arasinda kurulmasi gereken baglanti, ve uzaklik, farkli nesneler arasinda kurulmasi
gereken baglanti, 6zelliklerinden yararlanilarak verilen bir goriintiiniin bir goriintii veri
tabaninindan benzer goriintiiniin elde edilmesi olarak tanimlanabilir. Derin Ogrenme
oncesi donemde goriintiilerin vektor diizeyinde ifade edilmesi i¢in genellikle geleneksel
olarak nitelendirilebilecek, kelime cantasi modeli veya yerel Oznitelik eslestirme
gibi, yontemler makine 6grenmesi yontemleri ile birlestirilerek problem giderilmeye
calisilmasgtir.

Derin 6grenme yontemlerinin yayginlagsmasiyla birlikte bir¢cok alanda oldugu gibi
bilgisayarla gorii alaninda klasik yontemlerin yerini derin 6grenme tabanli yontemler
almaya baglamigtir. Derin 6grenme tabanli yontemlerde de goriintiiler i¢in en ¢ok
kullanilan yontem Evrigsimli Sinir Aglar1 (ESA) icermektedir. ESA’lar goriintiilerdeki
oriintiiler1 bulmada ve Oznitelik ¢cikarmada en ¢ok kullanilan yontemdir. ESA’lar
goriintiilerdeki uzamsal baglantilar1 kullanarak basarili ¢alismaktadirlar. ESA’lar
siniflandirma, boliitleme gibi temel bilgisayarla gorii problemlerinin yaninda goriintii
erisimi probleminde de basariyla calismaktadir.

Bu tezdeki goriintii erisimi problemi ele alinirken kent simgelerini iceren veri kiimeleri
kullanilmigtir. Google Landmarks [3] ad1 verilen ve tiim diinyadan 1 milyonun iizerinde
goriintil iceren veri kiimesi kullanilmistir. Bu goriintii kiimesi kullanilarak dnce ESA
katmanlarinin bittigi kisimdan ¢iktilar alinmig, 6rnegin 7x7x2048 biiyiikliigiinde, ve
bu ¢iktilar daha havuzlama yontemiyle, GeM [4], birlikte 2048 boyutlu vektorlerle
goriintiilerin temsili saglanmistir. Daha sonra bu goriintii temsilleri saglanarak
secilen bir egitim demetinde, sorgu, pozitif 6rnek ve negatif 6rnekler, karsilastirmali
hata fonksiyonu kullanilarak ESA egitilmistir ve Oznitelik ¢ikaric1 diyecegimiz ag
yaratilmistir. Bu calismada 6znitelik ¢ikarici ag olarak ResNet101 [S] kullanilmustir ve
bu ag tezin ele aldig1 esas problemde kullanilmak iizere kaydedilmistir.

Sorgu genisletme teknigi, goriintii erisiminde; ilk sorgunun goriintii veri tabanindaki en
yakin komsularim elde ettikten sonra, bu en yakin komsularin 6znitelik vektorlerinin
kullanilarak olusturulun gelistirilmis sorgunun tekrar goriintii veri tabaninda aranmasiyla
olusturulur. Sorgu genisletme tekniginde amag ilk sorguda olmayan niteliklerin goriintii
veri tabanindan gelen en yakin komgu niteliklerle birlikte zenginlestirilerek daha yiiksek
bagarimli sorgu sonuglarina ulasilmasina dayanmaktadir.
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Sorgu genisletme tekniginde ilk sorgu sonrasinda elde edilen en yakin komsu
gorlintiilerin 0znitelik vektorlerinin ne sekilde birlestirilecegi 6nemli bir arastirma
konusu olmustur. Temel olarak kullanilan yontem sorgunun ve elde edilen k tane en
yakin komsu vektoriiniin ortalamas1 alinmasidir. Bunun yan1 sira komsularin azalan
oranda etki edilmesi ve benzerlik oranlari ile ¢arpilarak agirlikli ortalamasinin alinmasi
diger yontemlerdir. Bu yontemler oznitelik ¢ikarici agin kalitesine, sorgunun yapildig:
goriintii veri tabanindaki goriintiilerin zorluguna bagli olarak elde edilen komsularin
aslinda gercekten komsu olmadigir durumlarda yetersiz kalmistir. Komsu olmayan
vektorlerin geniglestilmis vektore katilmasi sistemin performansimi diisiirmektedir.
Ayrica klasik yontemlerle yapilan sorgu genisletme islemlerinin bir diger yetersiz
kaldig1 konu da agirliklarin en yakin komsudan en uzak komsuya dogru azalarak
gitmesidir, bunun diginda bir agirliklandirmaya izin vermemeleridir.

Sorgu genisletme teknigindeki bu sorunu ¢6zmek adina Gordo ve arkadaglar1 2020
yilinda "Dikkat-Tabanli Sorgu Genisletmeyi Ogrenme" adli calismayla birlikte sorgu
ve en yakin komgu vektorlerini bir araya getirirken kullanilan agirliklarin doniistiiriicii
kodlayici model ile birlikte 68renilmesi amaglanmistir. Bu calismadaki amag aslinda
komgu olmadig1 halde yakin 6znitelik vektorleri bakimindan yakin goziiken vektorlerin
genigletilmis sorgunun olusturulmasi sirasinda devre disinda birakilmasdir. Ayrica
onerdikleri bu sistemde en yakin komsulara atanan agirliklar azalarak gitmemekte,
herhangi bir kisit bulunmamaktadir.

Siniflandirma probleminde belirsizlik 6l¢cme yontemi, yani bir yapay sinir aginin daha
once gormedigi bir simif hakkinda bilmiyorum diyebilme 6zelligi kazandirma 6zelligi
olarak degerlendirilebilir. Standart hata fonksiyonlar ile egitilen yapay sinir aglari
bu noktada yetersiz kalacagi icin Sensoy ve arkadaglar1 2018 yilinda Kanitsal Derin
Ogrenme teknigini 6nererek yapay sinir aglarina belirsizlik 6l¢iimiinde prensipli bir
yontem kazandirmugtir.

Bu teze konu olan ¢calismada "Dikkat-Tabanli Sorgu Genisletmeyi Ogrenme" yontemi
temel alinarak bir sorgu ve onun en yakin komgulari arasindaki belirsizlik faydalanilarak
var olan 0znitelik vektorlerine en olarak yeni 6znitelikler tireten bir model kurulmustur.
Bunu yapmak i¢in 6znitelik ¢ikarict ESA alinarak rSfM 120k veri kiimesindeki tiim
goriintiilerin 6znitelikleri ¢ikarilmigtir. Daha sonra bu veri kiilmesindeki sorgu, pozitif
ve negatif ornekler demeti kullanilarak, "Belirsizlik Yonlendirmeli Doniistiiriicii
Kodlayic1" ad1 verilen model Kanitsal Derin Ogrenme yontemi kullanilarak egitilmis ve
bu model tarafindan ¢ikarilan yeni 6znitelikler var olan 6znitelik vektorlerine eklenmistir.
Bu artirilmig 6znitelik vektorleri kullanilarak daha sonra "Ogrenilebilen Dikkat Tabanl
Sorgu Genisletme" modeli egitilmistir.

Uctan uca egitilen bu iki modelin birlestirilmesiyle birlikte olan yonteme de "Belirsizlik
Yonlendirmeli Sorgu Genigletme" yontemi ismi verilmistir. rOxfordSk ve rParis6k
test veri kiimelerinde, Oznitelik vektorii ¢ikaran ESA ve Doniistiiriicii Kodlayici
egitiminde kullanilan rSfM 120k veri kiimelerinde yer almayan resimlerden olugmakta,
yapilan deneylerle birlikte klasik yontemlerden daha iyi sonug verdigi deneysel olarak
gosterilmistir. Ayrica yeni oznitelikler egitilmeden egitilen "Ogrenilebilen Dikkat
Tabanli Sorgu Genisletme" modeline nazaran, belirsizlik tabanli yeni 6zniteliklerin
eklendigi artirilmig 6znitelik vektorleri ile egitilen "Ogrenilebilen Dikkat Tabanli Sorgu
Genisletme" modelinin daha iyi sonug verdigi deneysel olarak ortaya konmustur.

XX1v



Ayrica rOxford5Sk ve rParis6k test goriintii veri kiimelerine eklenen 1 milyon dagitict
goriintiiniin eklenmesiyle ve tiim goriintii veri kiimesi vektorlerinin yine goriintii veri
kiimesinde arama yapilarak olusturulan goriintii kiimesi tarafinda artirma yontemiyle
yapilan deneylerde de "Belirsizlik Yonlendirmeli Sorgu Genisletme" modelinin iistiin
oldugu deneysel olarak gosterilmistir.
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1. INTRODUCTION

Image retrieval methods are mainly built on the transformation of a high dimensional
input image to its low dimensional latent representation. Due to several sources
of error such as occlusions, viewpoint variations, background clutters or loss of
information during transformation to the vector space, the image search is enriched
with a query expansion idea that depends on constructing a latent model, which is based
on aggregating a collection of responses from an initial query [6,7]. On the other hand,
in the recent years, image retrieval methods are dominated by Convolutional Neural
Networks (CNNs), which replace hand-crafted features in feature extraction phase of

image retrieval systems [3,4,8,9].

As important as a role feature extraction plays in performance of image retrieval systems,
a set of related tools such as database side augmentation [10], query expansion [6],
hashing [11] and so on play crucial roles in image retrieval systems. Particularly, Query
Expansion (QE) is regarded as one of the most powerful tools, as it increases the
performance of an image retrieval system no matter how the features are extracted [1,6].
The basic idea of a QE method is to enhance the quality of the query vector through
an augmentation of the query vector space using some priors. The latter is provided
by an initial search that results in a collection of vectors that lead to a richer latent
feature representation of the query. One of the main limitations of QE algorithms
[4,6,9,12] is that the assigned weights to neighbors of the query are in monotonically
decreasing order. In the recent work of Gordo et al. [1], a self-attention mechanism
was used via transformer encoders [2] in order to assign weights which do not have to
be in monotonically decreasing order so that irrelevant neighbors, which are not true

neighbors to the query, can be eliminated via assigning them smaller weights.

While Deep Neural Networks (DNNs) have the flexibility to create and assign different
weights in QE algorithms, they are famous for their overconfidently wrong predictions

[13], which might hurt the quality of the expanded query feature vector. In recent years,



there has been a lot of interest on how to incorporate uncertainty estimation into deep
neural network models [14]—[17] to alleviate their problem in making overconfident
predictions. These works enable integrating the ability of saying "I am not sure about

this prediction".

In this thesis, we integrate a dedicated pairwise uncertainty estimation between a query
and each of its neighbors in the creation of an enriched image representation. The
latter is in terms of image features relative to the original extracted features which in
combination provide a tool in generating more powerful expanded queries. To that
end, we design an uncertainty-guided transformer encoder model, which relies on
and expands on the self-attention-based Learnable Attention-based Query Expansion
(LAttQE) model by [1] via incorporating pairwise uncertainty that is estimated with the

Evidential Deep Learning (EDL) framework [17].

Our proposed new module, which is called the Uncertainty Guided Query Expansion
(UGQE), first takes the feature vector of a query and feature vectors of its retrieved top-k
neighbors and estimates the pairwise uncertainty in whether the neighbors are from the
same landmark with the query or not, using the EDL framework within a transformer
encoder architecture. Next, our model utilizes the obtained uncertainty information in
order to generate a new feature representation via concatenating transformed features
and original features. Finally, the LAttQE model is used to form the expanded query by

aggregating these new generated features of the nearest neighbors.

Our main contributions in this thesis can be summarized as follows:

* A method to create uncertainty guided features to enrich the original image

representations.

* A demonstration of how to use EDL for quantifying the pair-wise uncertainty via a

transformer encoder model.

* An overall uncertainty-guided query expansion method that improves over the

baselines.

Our experiments demonstrate that the proposed UGQE method increases the

performance of the traditional QE methods and outperforms the LAttQE model when



the uncertainty is integrated, in most settings. Our method is not only applied to the
recently proposed LAttQE model but also to the classical QE techinques such Average
QE (AQE) [6], Average QE with Decay (AQEwD) [9] and a-weighted QE (a-QE) [4]

techniques.






2. BACKGROUND AND LITERATURE REVIEW

2.1 Preliminaries

2.1.1 Convolutional neural networks

CNNs have become very popular with their powerful capability of capturing the
patterns in images with limited number of parameters compared to fully connected
networks by exploiting the spatial relationships. In 2012, Krizhevsky et al [18] won
the ImageNet challenge with their AlexNet architecture. Subsequently, numerous
ubiquitous architectures are proposed such as GoogLeNet [19], VGG [20], ResNet [5]
and EfficientNet [21]. In image retrieval CNNs are widely used to extract feature
vectors that are representative of given images. In general, a CNN that is pre-trained
on ImageNet, is fine-tuned with a metric learning setting, which requires a query, a

positive sample and negative samples, to construct feature representations.

2.1.2 Pooling

Image retrieval systems make use of the pooling mechanism that is popularly used
within CNN architectures. A pooling layer is typically used after a convolutional layer k
output, Xy, which is of size Height (H) x Width (W), in order to reduce its dimensions.
This operation is done to reduce the number of parameters to a single scalar or smaller
matrices depending on the kernel size (F) and stride (S) of the pooling operation. There
are several types of pooling that involve either fixed or learnable parameters. Max
pooling, given in equation 2.1, where f is kK dimensional feature representation of an
image, and average pooling, given in equation 2.2, are the most commonly used fixed
pooling layers. In the first method, max pooling, maximum value of given H x W patch
is used in feature representation while in the second method, average pooling, average
of the H x W patch is used. Generalized Mean Pooling (GeM) [4], is another pooling

technique which has a learnable parameter p. GeM is formulated in equation 2.3. When
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MAX Pooling GeM Pooling
p=2

5 7 3.24 4.95
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Average Pooling GeM Pooling
p=5

25 4.5 401 5.74

105 125 11.22 13.13

Figure 2.1 : Pooling examples.

p = 1, GEM reduces to average pooling, and when p — oo, it becomes max pooling. In
image retrieval, usage of GeM pooling is common practice in order to extract features
at the end of the last convolutional layer and it’s optimized directly within the model.
Suppose the output of last convolutional layer is of size Batch-Size (B) x Dimension
(K) x Height (H) x Width (W). After applying the pooling operation, we get B X K,
K-dimensional feature vector for each element in the batch. Numerical examples with

F =2 and § =2 are given in Figure 2.1.

f:[f17f27"'7fk]?fk:maxx (21)
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2.1.3 Self attention

The transformer architecture, which appeared first in 2017 [2], has been very popular for
the last five years. It is originally proposed for sequence-to-sequence models in neural
machine translations. It comprises of a self-attention mechanism, given in equation 2.4,
which simply calculates the dependencies between a query (Q) and key (K)/value (V)

feature vectors through an attention distribution

T

Attention(Query(Q),Key(K),Value(V)) = softmax( ?/IST
k

where dj, refers to dimension of the query vector and it is used as a scaling factor.

W (2.4)

MultiHead Attention, given in equations 2.5, 2.6 and 2.7, can be described as a

concatenation of /4 identical attention heads as follows:

MultiHead(Q,K,V) = Concat(head,, ..., head),)W° (2.5)

where

head; = Attention(QW2, KWK vwY) (2.6)
where

W]ZQ e Rdmndel xdj , ‘/VIK c Rdmodel xdy , mv c Rdmodel deandWQ c thv deode] . (27)

Here, W2, Wx and W" refer to the trained projection weights of query, key and value.
WO refers to the trained projection weights of concatenation operation to calculate final

attention.

To integrate order information, typically a positional encoding is added to feature vectors
before feeding them into transformer encoder layers. Positional encoding can be chosen
in both a learnable and a fixed way. For illustration, the attention mechanism; scaled
dot-product calculation, multi-head attention and a transformer-encoder architecture,

are depicted in Figures 2.2 and 2.3.
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Figure 2.2 : Attention calculation [2] - self drawn.
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2.2 Image Retrieval & Query Expansion

Image retrieval systems generally consist of two components:

» Extraction of a relatively compact representation or a feature vector of an image.

» Searching in the representation space, typically using a similarity measure, such as a

cosine similarity.

The feature extraction component was largely based on hand-crafted feature engineering
methods like SIFT [22], Fisher Vectors [23] and VLAD [24] before the deep learning
era. Further extensions of those methods are also introduced for improving whole

retrieval pipelines [12].

Today, CNNs are widely used in the feature extraction part of a deep image retrieval
system, which is illustrated in Figure 2.4. Typically, the features are extracted from the
output of the convolutional layers by applying a pooling layer, such as GeM pooling
and these features are named as bottleneck features, or they are extracted from the
projection of a linear layer. In the recent works, CNNs, which are typically pre-trained
on Imagenet, are fine-tuned in both unsupervised [4] and supervised [3,9,25] settings
for learning more efficient representations. These models are fine-tuned with a train
set, which is disjoint from the test set. To improve the feature representations of query
images, Chum et al. [6] introduced the idea of QE for image retrieval, which first
appeared in text retrieval systems [26,27]. The QE idea is quite simple: after the first
search operation on the test set, highly ranked nearest neighbor images are filtered with
a spatial verification step to retain high quality results. Next, using the original query
feature vector along with the feature vectors of retrieved presumably high quality results,
a new expanded query representation is aggregated to enhance feature representations.
For the aggregation of the original query feature vector and the retrieved feature vectors,
approaches such as mean averaging and weighted averaging are utilized. While the QE
methods were first introduced for hand-crafted features in image retrieval systems, deep
learning-based image retrieval systems also has been using QE idea in their pipelines
for improving their performance since QE methods do not rely on how features are

extracted, as they are relevant to the aggregation between the original query and nearest
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Figure 2.4 : Deep image retrieval pipeline (feature extractor).

neighbors. In situations where a nearest neighbor of a query is not an actual neighbor,
it should not be included in the aggregation process. This can be considered as a
drawback of classic QE methods. Moreover, lately, state-of-the-art results are obtained
with QE methods that are combined with deep representations in the feature extraction
phase [4,9,28], or more recently, with learning the QE weights [1] using the attention
mechanism [2]. The latter method proposes a non-monotonically weighting scheme to

alleviate the false neighbor problem, which is promising.

AQE [6], AQEwD [9] and a-QE [4] are the most popular standard query expansion

methods. In the AQE method, the query feature vector and its nearest neighbors’ feature
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vectors are mean-aggregated. In the AQEwD method, nearest neighbors’ feature vectors
are weighted according to their order in a decreasing manner such that the query feature
vector receives 1 as its weight, and other neighbors receive their weights according
to the rule: ’% where k is the total number of aggregated feature vectors including
the query and i is the relevance order. Finally, for the @-QE method, each neighbor is

weighted by its similarity to the query, with a power to the a, sim(query,neighbor;)*.

2.3 Transformers - Vision Transformers

The transformer [2] architecture has become the default choice for most of the NLP tasks
like Neural Machine Translation (NMT) [29]—[31]. This architecture can capture the
dependencies between the sequential inputs with a self attention mechanism including
positional encodings. After its success over text data, the transformer architecture
recently also has become popular in computer vision domain. Vision Transformer [32]
treats images as patches and employs the transformer architecture in classification

problems.

El-Nouby et al. [33] extend vision transformers to a metric learning setting to perform
image retrieval. While this work focuses on the initial representation of images, different
from them in our work we focus on how to expand the initial representations using

transformer encoders in the QE framework.

Graph Attention Networks [34] are also used in the metric learning setting to weigh
the feature vectors in a batch [35]. Most recent and relevant work in query expansion
that includes the attention setting is by Gordo et al. [1]. They utilized a self attention
mechanism to weigh the nearest neighbors of the query image for integrating their
information. Our work expands on the transformer idea, strengthening it with the
uncertainty information. The uncertainty that we introduce is captured from the
neighborhood relationships between feature vectors, and integrated into generation

of an expanded query feature vector.

2.4 Uncertainty in Deep Learning

Predicting the model uncertainty is an emerging field in deep learning. MC Dropout [14]

is one of the earliest and widely utilized works in the related literature. In this method,

11



a dropout mechanism is applied not only in training time but also in test time, while
a multitude of predictions are averaged to get the prediction, and the variance among
predictions is used to calculate the uncertainty. This approach presents high computation
time requirements since multiple forward passes are needed. Deep Ensembles [15] and
their variants are also related to MC Dropout, bearing a similar approach in incorporating
an indirect uncertainty estimation into deep neural networks. In contrast to deep
ensemble methods, a line of recent research work, known as EDL directly estimates both
data and model uncertainty. The latter, which is also known as epistemic uncertainty,
deals with how certain a neural network can be when making predictions. Sensoy
et al. [17] estimate the classification uncertainty collecting evidence for each class
by placing a Dirichlet distribution on the class probabilities instead of a softmax to
allow the neural network models to directly quantify the uncertainty in their outputs.
Amini et al. [36] extend this idea into continuous outputs by placing an Inverse Gamma
distribution at the end of the regression task. In our work, we integrate the uncertainty
estimation between a query image and its top-k neighbors to generate new features. With
these features, the image representations are enhanced while the estimated uncertainty
is integrated into the query expansion procedure. To our knowledge, our work is the
first to introduce an uncertainty guidance through gauging the reliability of neighboring

feature vectors into the QE framework.
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3. METHOD

In this thesis, as we deploy an uncertainty quantification through the EDL approach into

the Attention-Based QE setting, we give a brief overview of both frameworks.

3.1 Attention-Based Query Expansion Learning

LAttQE [1] utilizes the self-attention mechanism to form the expanded query based
on the original query and its k-nearest neighbors by predicting the weights for each
of the respective feature vectors. They formulate the problem as a metric learning
problem. Let ¢ be a CNN feature extractor, which takes an input image, and transforms
it into a D-dimensional feature vector. The query image is denoted by q, and its feature
vector is denoted by q = ¢(g). The positive pair, the i-th negative pair and the k-th
nearest neighbor of the query image are denoted as p, n; and dy, respectively. { can be

formulated as in equation 3.1.

k
q=wqq+ ) wadk 3.1)

n=1

where w, and wy, are assigned weights to the query and its neighbors, respectively.
Additionally, the transformer outputs whether the retrieved neighbors are from the
same landmark as the query or not. To account for that, an additional variable y is
defined such that y is set to 1 if we have a positive pair, and set to O otherwise. The

corresponding contrastive loss can be formulated as in equation 3.2:

Lge(q,£,y) = y||q —f|| + (1 —y) max(0,m — ||q —f]]), (3.2)

where f is either p or n;, and m is a selected margin.

In Figure 3.1, general overview of base method’s building block Learnable Attention

Based Transformer Encoder (LABTE) is given.
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Figure 3.1 : Learnable Attention Based Transformer Encoder (LABTE): LABTE first
takes the feature vectors then the positional encoding information is added.

Self-normalized dot product operation is applied between output vector of query and
other neighbors’ vectors. Resulting expanded query vector is used in contrastive loss

with positive pair and negative pairs. Output vectors are also used in Binary-Cross
Entropy Loss.

3.2 Evidential Deep Learning
For estimating the uncertainty or inversely the reliability of a neighbor in contributing

to the feature description of a query, we utilize the objective proposed in [17]. Let
us denote the evidence collected from the k-th class of a multi-class (e.g. K-class)

classification problem as ey, and Dirichlet distribution parameters as o = e; + 1. Then

the Dirichlet strength is given in equation 3.3.

K
S=Y o (3.3)
k=1

Belief masses are defined as in equation 3.4, and the expected probability for the k-th

class is given in equation 3.5.
(3.4)
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Pe=—¢ (3.5

Finally, the uncertainty in the prediction can be calculated as the residual belief

remaining when we subtract the sum of our beliefs from unity, given in equation

3.6.

k
u=1-Y b (3.6)
k=1

Given N input samples and labels, the classification uncertainty can be quantified by

minimizing the following objective function in equation 3.7:

N N & Pi l_ﬁi'
:Z$(®):l§; Yij — plj ﬁ (3.7)

where ® denotes neural network parameters, y; is a one-hot vector encoding of
ground-truth of sample x; with y; = 0 and y;; = 1 for all k # j, and i denotes the
index of a data sample for i = 1,...,N. Here, the objective entails minimization of
the sum of the squared prediction errors and an estimate of the variance in the second
term to obtain the evidential distribution parameters. Although this is a non-Bayesian
neural network approach, by placing evidential priors over the classification output, this

framework outputs the uncertainty u in the form of what is left beyond our beliefs and

collected evidence that are based on the assumed evidential distribution.
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3.3 Uncertainty Guided Query Expansion Learning

Leveraging on the evidential distribution idea, we propose the Uncertainty Guided Query
Expansion (UGQE) model, which adapts and fuses ideas from both the EDL and LAttQE
to create an improved attention-based architecture that enables and exploits uncertainty
learning in query expansion. Our complete UGQE model is depicted in Figure 3.2.
UGAQE involves two transformer encoders, the first one generates the uncertainty guided
features. The first transformer encoder integrates a pairwise uncertainty quantification,
by employing a K = 2-class evidential classification, which outputs a target label y
that is 1 if the i-th neighbor d; of the query q is relevant, and O otherwise. The first
transformer is trained end-to-end with the second transformer encoder, i.e. the LAttQE

architecture, to produce the final weights that are used in the query expansion.

Algorithm 1: Uncertainty Guided Query Expansion (UGQE)
input :Learnable Attention Based Transformer Encoder (LABTE)
Uncertainty Guided Transformer Encoder (UGTE)
features of query and k-nearest neighbors: F = {q,dy,d3,...,dk}
positional encodings: PE = {peq, peq, ,Peq,, ---, Ped, }
output :expanded query: q
F' + UGTE(|F;PE))
F' + GeMPooling(F')
{,dy,d,...,dx} «+ LABTE([F';F])
fori«< 1to K do
‘ w; < normalizeddot product (§,d;)
end
q<q
fori«< 1to K do
| d=Gq+wd;
end
return

o 0 N AW N =

—
e

The details of the UGQE algorithm is described in Algorithm 1. Input feature
vectors, which are the query (q) and its top-k nearest neighbors (ny,ny,...,nk), are
2048-Dimensional. The output vectors of this model also have a size of 2048, same as
the input size. Our model takes these features (line 1 in Algorithm 1), as inputs and then
sends the output vectors to the GeM Pooling layer [4], which reduces the dimensions of

vectors from 2048-Dimensional (2048D) to 512D (line 2 in Algorithm 1). As the point
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of this model is to learn informative features, we observe that the reduced features are
able to retain the useful information in the original features. These 512D features, which
are later concatenated to the original features, are fed to a Multilayer Perceptron (MLP).
Then the EDL Loss, given in equation 3.7, is minimized, and an uncertainty estimate
is produced for each neighbor, which is a quantity that signifies a kind of confidence
in the neighbor status of each neighbor. Then, the obtained uncertainty feature vectors
are concatenated to the original features to be input to the second transformer, i.e. the
LAt®tQE model (line 3 in Algorithm 1). LAttQE is trained end-to-end with the first
transformer encoder, and the output of the overall model are the weights of the query
and its nearest neighbors that provide construction of the final expanded query (q) (lines

4-10 in Algorithm 1).

In Figure 3.3, our proposed Uncertainty Guided Transformer Encoder (UGT E) block is

given.

peq, :
- _--logity. _
I UGTE o 4] Linear [**~~;,0;, -2 2=%| EDL
: : Pooling : Layer LOSS
Ppéa; .

.---logitp-- __
. \'logitg-”’:
Figure 3.3 : Uncertainty Guided Transformer Encoder (UGTE): UGTE takes feature
vectors and produces output vectors which are later GeM pooled. Pooled vectors are

used in EDL loss and also concatenated with the original features to be later used in
LABTE.

3.4 Implementation Details

UGTE model has 2 attention layers (each one with 64 heads) and created features are
512D. Only the EDL Loss is used to train this model. We use Adam optimizer [37] with
an initial learning rate of le~*, a weight decay of 1e®, and an exponential learning
rate scheduler with a decay of 0.99. Then we concatenate the original features with the
created ones to train the second self-attention model, which is the LAttQE, which has 3
attention layers (each one with 64 heads). We use the contrastive loss given in equation
3.2, with a margin parameter of 2.1, and the binary-cross entropy loss to train this model.

In the implementation of the EDL, we use the exponential activation layer, instead
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of softmax which is used in standard neural networks, at the end of our uncertainty
MLP block to ensure positive output. ReLLU and Softplus can be also used, too. We
use 2048 queries per epoch and 15 negative samples, which is chosen empirically, for
each positive sample, selected from a pool of 40000 samples. Choice of the number of
negative samples for a positive sample and the margin is essential as the loss is usually 0
with a low number, i.e. 5 or 10, of negative samples, and a low margin, i.e. 0.1. Queries
and the pool of samples are updated at every epoch. We also use Adam optimizer with
an initial learning rate of le~*, a weight decay of 1¢~%, and an exponential learning
rate scheduler with a decay of 0.99 for the second transformer. We train our setting for
300 epochs with a batch size of 64, and 127 neighbors. We do not use neighborhood
dropping, which is proposed in [1], as it does not improve the scores in our experiments.

Both models have learnable positional encodings to integrate the positional information.

As there is no publicly available official implementation of [1] !, we implemented the
LAttQE architecture, which constitutes our baseline. Using the original hyperparameters
reported in the paper?, slightly lower performance values are obtained than the reported
results. We report both results in our paper, however, due to reproducibility concerns,

we take our implementation as the baseline to compare it with the proposed UGQE.

Uhttps://github.com/filipradenovic/cnnimageretrieval-pytorch/issues/68
ZUnfortunately it was not possible to reproduce the performance results reported in the paper. This is
also reported by researchers via issues opened in the github repo of the paper.
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4. EXPERIMENTS AND RESULTS

4.1 Training Datasets

4.1.1 Google landmarks dataset

Google Landmarks Dataset v1 [38] is used in the training of the selected Convolutional
Neural Network, which is used as a feature extractor. In order to make a comparison
to our baseline model, we utilize the pre-trained ResNet101 [5] from Python Image
Retrieval Toolbox !, which was trained on the Google Landmarks Dataset v1. The latter
consists of nearly 1.2 million train images with over 10 000 landmarks all around the
world. With the index set, it has 2.3 million images with over 30 000 landmarks in total.
This dataset is very diverse and extensive for training good feature extractors for image
retrieval. Later in 2019, a second version of this dataset, Google Landmarks Dataset
v2 [39], is published. The second version is more comprehensive, as it comprises 4.1
million train images and 5 million images with over 200 000 landmarks in total. Sample

images from the dataset are given in Figure 4.1.

4.1.2 rSfM120k

rSfM120k dataset [4] consists of nearly 100 000 images. 91 642 images from 551
landmarks belong to the train set while 6 403 images from 162 landmarks, which
are distinct from the train landmarks, belong to the validation set. ResNet101 model,
trained with the Google Landmarks Dataset v1, with GeM Pooling and whitening layer
1s used to extract features of rSfM 120k dataset. This model produces 2048-D feature
vectors. We perform two types of extraction. First one is single scale in which the input
image is fed in to the model at the original scale. Second one is multi scale in which the
input image is fed in to the model at 3 scales which are 1024 x (1, V2,1 / \/5) then

these feature vectors are mean-aggregated. Resulting vectors are /; normalized. Python

Thttps://github.com/filipradenovic/cnnimageretrieval-pytorch
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Figure 4.1 : Images from Google Landmark Dataset.

Image Retrieval Toolbox is used to extract all features and the transformer encoder
models are trained with these feature representations. Our experiments are conducted
with both single scale and multi scale vectors. We observe that training with single
scale vectors gives slightly better results. Sample images from the dataset are given in

Figure 4.2.

4.2 Test Datasets

Revisited Oxford (ZOxford) and Revisited Paris (#Paris) datasets are standard test
benchmarks in image retrieval. In 2018, Radenovic et al. [40] extended the original
Oxford and Paris datasets to revisited versions by adding new queries, 15 per dataset.
Sample images from the dataset are given in Figure 4.3. As the standard evaluation
protocols are saturated, they proposed new evaluation protocols: Easy, Medium and
Hard. As the easy protocol is saturated, only medium and hard protocols are reported in
recent works. Easy images can be considered as clear images without visual challenges

such as occlusion, viewpoint variation or background clutter. Hard images can be
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Figure 4.2 : Images from rSfM120k.

considered as difficult images containing visual challenges. Easy protocol considers
easy images as positive, medium protocol considers easy and hard images as positive
and hard protocol considers only hard images as positive. In order to conduct large scale
comparisons on methods, Z 1M, the distractor dataset, was also introduced in [40]. This
dataset contains irrelevant images from the ZOxford and #Paris datasets. Our tests are
conducted over these datasets using the suggested test protocols as described in [40].
Test results on Medium and Hard protocols are reported. Summary of test datasets are

as follows:

* Revisited Oxford (ZOxford (#Z0xf)): 4993 images with 70 query images.
* Revisited Paris (#ZParis (#Par)): 6322 images with 70 query images.

 Distractor set (1 million distractors (#1M)): 1 million distractors, which are
irrelevant from (ZOxf) and (#Par) datasets, are added to the two datasets to evaluate

the performance in the harder setup.

All test feature vectors are extracted at the multiscale setting, as described in the

training dataset part to make a fair comparison with the existing methods. We use the
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Figure 4.3 : Images from Oxford and Paris Datasets.

commonly used mean Average Precision (mAP) [41] to evaluate the performance.

4.3 Comparison to State-of-the-Art

All experimental results are presented in Table 4.1. Results of AQE [6], AQEwD [9],
DQE [12], aQE [4] and LAttQE (depicted in gray) are given as reported in [1]. Our
implementation of the LAttQE is given by LAttQE*. In both settings, the UGQE
improves the baseline method [1] in terms of the reported performance measure. On
the (ZOxf) dataset, the UGQE performs better than other existing methods, and
gives similar performance on the (#Par). Furthermore, compared to the traditional
methods and the LAttQE, the UGQE gives more balanced results as the mean mAP
outperform the traditional methods. There are some mixed performance outputs where
the ¢ QE outperformed the transformer based techniques in some scenarios. A possible
explanation is that after some point as the number of neighbors taken into account in the
expansion increases, the performance in (#Oxford) decreases while the performance in

(ZParis) increases. This indicates that there is a trade-off in the performance of the
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two test datasets using traditional methods. However, even then it can be observed that
the addition of the uncertainty guidance in the self-attention transformer framework
helped UGQE surpass the performance results of the baseline in all settings. Although
the results of LAttQE reported in [1] are not reproducablez, the proposed UGQE
outperforms the reproducable baseline method. Some sample visual results are given in
Figure 4.4, where the UGQE tends to retrieve irrelevant images (red framed) in later

ranks than the others when it is compared to the base model, LAttQE.

4.4 Database Side Augmentation

We employ a Database-side Augmentation (DBA) approach that is similar to that of [1],
which entails dividing the weights by the temperature parameter T that regularizes the
softmax inputs. Hence, the softmax function is applied to the regularized logits. After
calculating the expanded query with the tempered weights, the resulting vector is [,
normalized. For a given query, the weights and the expanded query are calculated as

given in equations 4.1 and 4.2.

w = Softmax (normalizeddotproduct ((], [&0, d,... ,ak]) / T) 4.1

=>

k
d=weq+ ) wadi,§= (4.2)

1 |l

=

All database vectors are augmented beforehand offline as described above. This
strategy gives the best results for database side augmentation. In Table 4.1, DBA+QE
section shows the performance results when the described DBA procedure was applied
before all QE models. The DBA-added UGQE method outperforms its baseline in all
scenarios. Again, there are mixed results where for #Paris (#Par), the DBA-added

aQE outperforms the others.

2We release our codes and trained models for the reproducable baseline (LAttQE) as well as the
UGAQE: https://github.com/ituvisionlab/ugqe
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ROxf ZOxf + Z1IM HPar DPar + Z1M

M H M H M H M H Mean
No QE
— 67.3 443 49.5 25.7 80.6 61.5 573 29.8 52,0
QE
6] AQE 723 49.0 573 30.5 82.7 65.1 623 36.5 56.9
9]  AQEwD 72.0 48.7 56.9 30.0 83.3 65.9 63.0 37.1 57.1
(2 DQE 72.7 48.8 545 26.3 83.7 66.5 64.2 38.0 56.8
4]  aQE 69.3 445 525 26.1 86.9 71.7 66.5 41.6 57.4
1] LAtQE+ 73.4 49.6 583 31.0 86.3 70.6 67.3 424 59.8
[1] LAwQE* 73.2 49.7 57.1 30.0 843 67.2 63.9 37.8 57.9
UGQE 733 50.1 58.3 31.0 86.2 70.8 65.0 39.3 592
DBA + QE
6] QQDEA * 71.9 53.6 55.3 328 83.9 68.0 65.0 39.6 58.8
ADBAWD +
O] AQBwb 732 532 57.9 34.0 84.3 68.7 65.6 40.8 59.7
DDBA +
12 DOE 72,0 50.7 56.9 32.9 83.2 66.7 65.4 39.1 58.4
[4] ZBEA & 717 50.7 56.0 315 87.5 735 70.6 485 61.3
LAUQE +
11 CaudBAt 74.0 54.1 60.0 36.3 87.8 74.1 705 483 63.1
iiggg;* 73.8 544 578 33.0 85.8 706 672 427 60.7
UGQE +
UGOEDEA 755 56.3 58.0 31.6 87.3 733 67.7 437 61.7

Table 4.1 : Mean average precision (mAP) of ZOxford (#Oxf) and Z#Paris (% Par)
with and without 1 million distractors (% 1M). Our uncertainty guided query expansion
method outperforms both traditional and learning based expansion methods on most of

the settings. (* with our implementation, gray lines with T as reported in [1], and all

other scores also taken from [1]).
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irrelevant retrievals.

27



4.5 Analysis

To interpret the results, two types of analysis are conducted. The first one is about the
number of neighbors used for query expansion in each method. Result is given Figure
4.5. The second one is about the self-attention probabilities of the transformer-encoder
module and the resulting weights for each neighbor used for query expansion. Results

are given in Figures 4.6, 4.7, 4.8,4.9,4.10,4.11, 4.12,4.13, 4.14 and 4.15.

As it can be seen from Figure 4.5, some classical methods, AQE, AQEwD, and DQE,
where the weights are the same or decreasingly monotonic are bound to fail when the
neighbors for query expansion increase. When the & value is higher in ®QE, this method
gives a good performance but our method, UGQE, gives the best performance with
the varying number of neighbors. When our method is compared to the base method,
LAttQE, it also gives better performance than the base method. The base method
struggles to obtain a satisfactory result when the number of neighbors is not quite high.

The reason for this can be explained with the second self-attention probability analysis.

In the second analysis, self-attention probabilities in each layer for each model, UGQE
and LAttQE, are plotted as a heat-map for the first queries in each dataset. Also, the
final weights used in the expanded query are also plotted. This is done for varying

numbers of neighbors, 8, 16, 32, 64, and 128. It can be summarized as follows:

* The baseline method, LAttQE, tends to give relatively high weights to the first
neighbor in each setting, and the performance degradation depicted in Figure 4.5

may be a result of it.

 Self-attention probabilities in the first layers of each method, especially in UGTE
part, are nearly uniformly distributed. From the first layer of the LABTE part of
the UGQE method to the last layer, the farthest neighbors have increasing attention
scores. But in the LAttQE method, the first and the last layers have similar attention
scores and this could be the reason for the performance difference between the two

methods.
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* When the plots of all queries are examined, the same trend, in which LAttQE weights
the first neighbor relatively high and the information from other neighbors are nearly

neglected, is observed. It can be said that this trend is not occurring in our method.

* When the number of neighbors is increasing, the effect of the previously mentioned
trend is decreased so that the performance of the base method increases. But in

UGQE, performance is stable and it has its peak performance near 120 neighbors.

* The results for base method we implemented from scratch and the reported in [1]
are not similar, this may be due to the hyperparameters we used different than the

original ones.
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Figure 4.13 : Self-Attention Probability Analysis with 32 vectors in rParis6k Dataset.
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Figure 4.14 : Self-Attention Probability Analysis with 64 vectors in rParis6k Dataset.
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5. CONCLUSION

In this thesis, we proposed an uncertainty guided self-attention mechanism to learn query
expansion in an end-to-end fashion. We built a novel feature generation method that is
compatible with the traditional methods such as the QE, AQEwD and the learning based
LAttQE method. Our work provides evidence to our hypothesis that the integration of
uncertainty information on the neighborhood relationships in image retrieval methods

can lead to the creation of more robust retrieval systems.

In UGQE, our main contribution is to build a new feature generation mechanism
with transformer-encoder blocks using EDL to help LAttQE to perform better while
assigning the weights and experiments support that. Our results indicate that the newly
generated features are enriching the original features by estimating the uncertainty in

neighborhood relationships.

Our auxiliary findings can be summarized as follows: (i) Extraction of the training
feature vectors, can be done in two ways: single scale, where only the original image size
is used; or multi scale, where the original image size is resized with different scales then
the feature vectors of each scale are aggregated. In our experiments, test feature vectors
are multi scale to make a fair comparison with existing methods, however, we observe
that using single scale vectors in training gives better performance. Our experiments
imply that in the query expansion method, the way of training and test feature vectors’
extraction is independent of each other as we are assigning weights to given vectors
in our framework to construct expanded query, at the end. (ii) In the original LAttQE
paper, in the training phase of transformer-encoder blocks neighborhood dropping
method is employed to use different number of neighbors in each batch, however, in
our experiments we observed no improvements in that aspect, and obtained the best
performing result without dropping the neighbors. (iii) We conjecture that the type of
the positional encoding, fixed or learnable, is a crucial component of the system. For

the LAttQE baseline, as there was no code available (and no response to our inquiries
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to the related github repository), no information about the initialization of the positional
encodings was made available. Therefore, after trying different initializations, we
observed that uniform initialization, between O and 1, performed the best, which we

picked.

Finally, as a future work, fine-tuning the feature extractor network, ResNet101, using
our setup in an end-to-end fashion can be done. In this way, we can utterly change
the image representations by integrating uncertainty information. Also, new weighting
schemes for the feature activations (outputs of CNN layers) can also be proposed.
Weights can be assigned to every element of H x W feature activation map and then
reduced to a scalar. Integrating the intermediate layer outputs of CNN to the expanded
query can be considered as another way of improvement. We believe that this thesis
particularly stimulates further research questions on how to incorporate uncertainty
information into image retrieval models. Hence, investigation on other uncertainty

measures for reliability of related neighbors to the query could be pursued.
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