
Chapter 3

Experimental Methodology

3.1 Introduction

In this chapter I describe the experimental methodology adopted throughout the thesis.

This includes the datasets selected as the testbed for the retrieval experiments (Section

3.2), the definition of groundtruth for evaluation (Section 3.3) and the metrics adopted

to ascertain retrieval effectiveness (Section 3.6). I attempt to keep the evaluation strat-

egy aligned as closely as possible to previously related work in the learning to hash

literature. However, as I will discuss throughout this section, the evaluation method-

ology used by previous related work is not consistent across publications and exhibits

certain flaws in the experimental design. This chapter describes my remedy for these

flaws and places the evaluation on a standard foundation.

3.2 Datasets

The focus of this thesis is learning hash functions for the task of large-scale image

retrieval. This task will be split into three sub-tasks: 1) an image is used to retrieve

related images from a still image archive, 2) a text query is used to retrieve related

images, 3) an image query is used to retrieve relevant annotations for that image. I will

therefore conduct both unimodal and cross-modal retrieval experiments in this thesis

which will cover a wide range of important use-cases in image retrieval from query-by-

example search to image annotation. Unimodal datasets are those where the query and

the database are in the same visual modality such as bag-of-visual-word feature de-

scriptors. Cross-modal datasets permit retrieval experiments that straddle two different

modalities such as a textual query executed against an image database. The latter task
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mimics the familiar image search scenario offered by many modern web search en-

gines. In all cases I will constrain the evaluation to baselines that perform these tasks

using hashing-based ANN search and do not seek to compare against, for example,

fully fledged image annotation models. To align the evaluation closely with the learn-

ing to hash literature I select a subset of the most popular datasets from both categories

as my experimental testbed (Sections 3.2.1-3.2.2). My desiderata for dataset selection

is two-fold: firstly, the datasets must be publicly available to enable replication of ex-

perimental results by a third party; and secondly the datasets must be standard in the

sense that they have been widely used in related publications. This ensures that the

experimental results published in this thesis are reproducible and directly comparable

to previously published research.

3.2.1 Unimodal Retrieval Experiments

For the unimodal experiments, I select four popular and freely available image datasets:

LabelMe, CIFAR-10, NUS-WIDE and SIFT1M. The datasets are of widely varying

size (22,019-1 million images), are represented by an array of different feature descrip-

tors (from GIST, SIFT to bag of visual words) and cover a diverse range of different

image topics from natural scenes to personal photos, logos and drawings. These prop-

erties ensure that the datasets will provide a challenging test suite for evaluation in this

thesis. All datasets are identical to those used in many recent publications (Kong and

Li (2012a), Shen et al. (2015), Liu et al. (2012)) and are available online to the research

community.

• LABELME: 22,019 images represented as 512 dimensional GIST descriptors

(Torralba et al. (2008); Russell et al. (2008))1 The dataset is mean centred.

• CIFAR-10: 60,000 32× 32 colour images sampled from the 80 million Tiny

Images dataset (Krizhevsky and Hinton (2009)). Each image is encoded with a

512 dimensional GIST descriptor (Oliva and Torralba (2001)) and is manually

assigned a label from a selection of 10 classes2. Each class has 6,000 associated

images. The visual feature descriptors are mean centered.

• NUS-WIDE: 269,648 images downloaded from Flickr each annotated with mul-

tiple ground truth concept tags (e.g. nature, dog, animal, swimming, car) from

1http://www.cs.toronto.edu/˜norouzi/research/mlh/
2http://www.cs.toronto.edu/˜kriz/cifar.html

http://www.cs.toronto.edu/~norouzi/research/mlh/
http://www.cs.toronto.edu/~kriz/cifar.html
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Figure 3.1: The NUS-WIDE dataset consists of around 270,000 images randomly sam-

pled from Flickr. Given the diversity of images (from people, animals, landscapes to

buildings and drawings) and widely varying resolution the dataset provides a challeng-

ing testbed for image retrieval.

an 81 concept vocabulary3 (Chua et al. (2009)). The images are represented

by a 500 dimensional bag-of-visual-words (BoW) feature descriptor formed by

vector quantising SIFT descriptors via k-means clustering. The visual feature

descriptors are L2-normalised to unit length and mean centered. For illustrative

purposes I show a random sampling of images from the NUS-WIDE dataset in

Figure 3.1.

• SIFT1M: 1,000,000 images from Flickr encoded with 128-dimensional SIFT

descriptors4. This dataset was first introduced by Jegou et al. (2011) and has

since became a standard image collection for evaluating nearest neighbour search

methods (Kong and Li (2012a), He et al. (2013), Wang et al. (2010b)). The

dataset is mean centred.

3http://lms.comp.nus.edu.sg/research/NUS-WIDE.htm
4http://lear.inrialpes.fr/˜jegou/data.php

http://lms.comp.nus.edu.sg/research/NUS-WIDE.htm
http://lear.inrialpes.fr/~jegou/data.php
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Dataset # images # labels Labels/image Images/label Descriptor

LABELME 22,019 – – – 512-D Gist

CIFAR-10 60,000 10 1 6,000 512-D Gist

NUS-WIDE 269,648 81 1.87 6,220 500-D BoW

SIFT1M 1,000,000 – – – 128-D SIFT

Table 3.1: Salient statistics of the four datasets used in my unimodal experimental

evaluation. The Labels/image and Images/label are the mean values computed on the

entire dataset.

3.2.2 Cross-modal Retrieval Experiments

The cross-modal retrieval experiments are conducted on the two most popular cross-

modal datasets in the learning to hash literature, namely the ‘Wiki’ dataset and NUS-

WIDE (Kumar and Udupa (2011); Zhen and Yeung (2012); Song et al. (2013); Raste-

gari et al. (2013); Bronstein et al. (2010)). Both datasets come with images and asso-

ciated paired textual descriptors, a key requirement for training and evaluating a cross-

modal retrieval model. As for the unimodal retrieval datasets described in Section 3.2.1

these two cross-modal datasets are also freely available to the research community.

• Wiki: is generated from 2,866 Wikipedia articles5 derived from Wikipedia’s

“feature articles” (Rasiwasia et al. (2010)). The featured articles segment of

Wikipedia hosts the highest quality articles on the site as judged by a panel of

independent Wikipedia editors. Each feature article is a document consisting of

multiple sections and annotated with at least one relevant image from the Wiki-

media commons. Each article is designated with a manually labelled category

out of 29 possibilities. Rasiwasia et al. (2010) only keep the articles pertaining

to the 10 most populated categories. Each article is further split by section and

the image manually placed in that section by the author(s) is used as the corre-

sponding visual description of the text in that section. Any section that ends up

without an associated image is discarded. This leaves 2,866 short and focused

“articles” of a median length of 200 words, with each article having at least 70

words. I use the image and text feature set provided by Rasiwasia et al. (2010)

which is used in most related cross-modal hashing research (Zhen and Yeung

(2012)). The visual modality is represented as a 128-dimensional SIFT (Lowe

5http://www.svcl.ucsd.edu/projects/crossmodal/

http://www.svcl.ucsd.edu/projects/crossmodal/
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Figure 3.2: Three example Wikipedia article sections (Offa King of Mercia (https:

//en.wikipedia.org/wiki/Offa_of_Mercia), the Tasmanian devil (https://en.

wikipedia.org/wiki/Tasmanian_devil) and a description from the life of Nigerian

novelist Chinua Achebe (https://en.wikipedia.org/wiki/Chinua_Achebe) and

their aligned images taken from the cross-modal Wiki dataset.

(2004)) bag-of-words histogram, while the textual modality is represented as

10-dimensional probability distribution over Latent Dirichlet Allocation (LDA)

topics (Blei et al. (2003)). Three example Wikipedia article sections and their

associated images are shown in Figure 3.2.

• NUS-WIDE: is identical to the unprocessed NUS-WIDE dataset described in

Section 3.2.1 (Chua et al. (2009)). For my cross-modal experiments I pre-process

the dataset in a different manner to the strategy described in Section 3.2.1 so that

my experiments are compatible with those presented in the relevant literature

(Zhen and Yeung (2012)). More specifically, for cross-modal retrieval the multi-

ple image tags associated with an image are used to define the textual modality. I

https://en.wikipedia.org/wiki/Offa_of_Mercia
https://en.wikipedia.org/wiki/Offa_of_Mercia
https://en.wikipedia.org/wiki/Tasmanian_devil
https://en.wikipedia.org/wiki/Tasmanian_devil
https://en.wikipedia.org/wiki/Chinua_Achebe
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keep the image-text pairs associated with the most frequent 10 classes. Each im-

age is associated with a subset of 5,018 tags manually assigned by Flickr users. I

perform a PCA dimensionality reduction on the 269,648×5018 dimensional tag

co-occurrence matrix to form a 1,000-dimensional tag feature set. This projected

tag feature set is then mean-centered and used as a representation of the textual

modality. This is a standard pre-processing step in the literature (Zhen and Ye-

ung (2012)). The visual modality is represented by the same 500 dimensional

bag-of-words (BoW) feature descriptors described in the context of NUS-WIDE

in Section 3.2.1. The visual descriptors are L2-normalised to unit length and

mean centered.

3.3 Nearest Neighbour Groundtruth Definition

In order to evaluate the retrieval effectiveness of a hashing model we need to define

which data-points in the database are considered to be nearest neighbours of the query

data-points. I refer to these data-points as the true nearest neighbours of a query. The

system is penalised depending on the degree to which it fails to return the true nearest

neighbours for a query. The definition of the groundtruth nearest neighbours varies

widely between publications. In this thesis I consider two of the strategies commonly

used to define groundtruth which involves either constructing an ε-ball around the

query data-point (Section 3.3.1) or using human assigned class-labels (Section 3.3.2).

To the best of my knowledge, there has been no work to verify whether or not the ε-

ball groundtruth definition correlates with user search satisfaction. I discuss this point

further in Chapter 8 as part of possible future work.

3.3.1 ε-Ball Nearest Neighbours

I opt primarily for the ε-nearest neighbour (ε-NN) definition in this thesis (Figure

3.3a)6. In this paradigm a ball of radius ε is defined around a query data-point in

the input feature space and the true nearest neighbours are defined as those data-points

enclosed within the ball. To compute the ε-NN groundtruth I follow previous related

work (Kong et al. (2012); Kong and Li (2012a); Kulis and Darrell (2009); Gong and

Lazebnik (2011)) and randomly sample 100 data-points from the training dataset to

6Defining ground-truth nearest neighbours can also be achieved by computing a k-NN graph. In this
case related data-points to a query are those that have the k smallest distances to the query. I leave this
type of evaluation as future work.
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Figure 3.3: Two definitions of groundtruth nearest neighbours (NN). In Figure (a) I show

how to define nearest neighbours of a data-point using an ε-ball. All data-points en-

closed by the ball are nearest neighbours of the data-point at the center. In Figure (b)

I show a class-based definition of nearest neighbours. Nearest neighbours are defined

as those data-points sharing at least one class label in common.

compute the Euclidean distance at which each data-point has R nearest neighbours on

average. The ε-ball radius is then set to equal this average distance. The parameter

R is set to 50 nearest neighbours in the literature (Kong et al. (2012); Kong and Li

(2012a,b); Kulis and Darrell (2009); Raginsky and Lazebnik (2009); Gong and Lazeb-

nik (2011)), and for compatibility I use the same setting throughout this thesis. The

groundtruth matrix S ∈ {0,1}Ntrd×Ntrd is then derived by computing the Euclidean dis-

tance D ∈ RNtrd×Ntrd between a small subset of the data-points (Ntrd � N) and thresh-

olding the distances by ε. This method of groundtruth generation is presented in Equa-

tion 3.1 and Figure 3.3a.

S =

Si j = 1, if Di j ≤ ε

Si j = 0, if Di j > ε

(3.1)

3.3.2 Class-Based Nearest Neighbours

Experimental results will be presented based on class labelled derived groundtruth

(Figure 3.3b) in situations where the ε-NN evaluation paradigm is not possible such as

for cross-modal retrieval (it is not possible to directly compute the Euclidean distance

between two feature vectors of a different type) or where I wish to present additional
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results that can be directly compared to a specific portion of the literature that tradi-

tionally only uses a class-label based evaluation (e.g. the data-dependent supervised

models discussed in Section 2.6.4). In this scenario Si j = 1 for an element of the

groundtruth matrix S if the corresponding pair of data-points xi,x j share at least one

class label or annotation in common, and Si j = 0 otherwise. This is the same strategy

used by most related research in the learning to hash literature (Gong and Lazebnik

(2011); Liu et al. (2012)).

3.4 Evaluation Paradigms

There are two main paradigms for evaluating hashing models: the Hamming rank-

ing evaluation paradigm (Section 3.4.1) and the hashtable bucket evaluation paradigm

(Section 3.4.2). Both paradigms are illustrated in Figure 3.4. The Hamming rank-

ing paradigm is standard within the learning to hash research literature while the

hashtable bucket evaluation paradigm is frequently used in practical hashing appli-

cations in which a fast query-time is of prime importance. I introduce both paradigms

in Sections 3.4.1-3.4.2 before explaining why I use the Hamming ranking evaluation

paradigm exclusively throughout this thesis in Section 3.4.3.

3.4.1 Hamming Ranking Evaluation

In all the experiments in this thesis I will follow previous related research (Kong et al.

(2012); Kong and Li (2012a,b); Liu et al. (2012, 2011); Gong and Lazebnik (2011);

Zhang et al. (2010b); Kulis and Grauman (2009)) and evaluate retrieval effectiveness

using the widely accepted Hamming ranking evaluation paradigm. In this evaluation

paradigm, binary hashcodes are generated for both the query and the database images.

The Hamming distance is then computed from the query images to all of the database

images, with the database dataset images ranked in ascending order of the Hamming

distance. The resulting ranked lists are then used to compute retrieval evaluation met-

rics such as area under the precision recall curve (AUPRC) (Section 3.6.3) and mean

average precision (mAP) (Section 3.6.4). The Hamming ranking evaluation paradigm

is a proxy for evaluating hashing accuracy over the range of user preferences (preci-

sion/recall) and without having to specify the parameters (K,L) of a specific hashtable

implementation. I discuss this latter point further in Section 3.4.3.
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Figure 3.4: Two evaluation paradigms for hashing. In both cases relevant images are

those depicting similar objects. In Figure (a) the Hamming distance between the query

hashcode and the database images is computed. The images are ranked and the re-

sulting ranked list used to compute a retrieval metric such as average precision (AP). In

this case we find an AP = 0.87. The average precision scores are aggregated across

queries by computing the mean average precision (mAP). In Figure (b) I show the

hashtable evaluation strategy. Each image is hashed to a bucket. A count is then

made of the number of true positives (TPs), false positives (FPs) and false negatives

(FNs) colliding in the same buckets. In this toy example, T P = 3, FP = 1, FN = 2

which equates to a micro-average F1-measure of 0.78. On both diagrams + indicates

a true positive while a − indicates a false positive/negative.

3.4.2 Hashtable Bucket-Based Evaluation

The Hamming ranking evaluation paradigm is by definition of O(N) time complexity

for a single query data-point. The hash bucket-based evaluation has a constant O(1)

search time independent of the dataset size. A hashtable lookup evaluation is much

closer to how the hashing models would be used in a real-world application where a

fast query time is a necessity. Despite this fact a hashtable evaluation is rarely reported

in the learning to hash literature with the Hamming ranking paradigm being the pre-

ferred evaluation methodology. I previously described the application of hashtables

in the context of Locality Sensitive Hashing (LSH) (Chapter 2, Section 2.4). In this

evaluation paradigm the hashcodes are generated for the query and database points

which are then used as the indices into the buckets of L hashtables. The union is then

taken over all the data-points that collide in the same buckets as the query across the
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L hashtables. The set of data-points thus formed can then be used to compute the

effectiveness metrics of precision, recall and Fβ-measure. I describe these metrics in

more detail in Section 3.6, but the intuition is that we want to reward the algorithm if it

returns many true nearest neighbours to the query in the retrieved set while penalising

it for returning unrelated data-points. As we examine all colliding data-points for a

query we are therefore using the second hashtable query strategy which was discussed

in the description of LSH in Chapter 2, Section 2.4.

3.4.3 Hamming Ranking versus Hashtable Bucket Evaluation

The hashtable bucket evaluation paradigm is heavily dependent on both the particular

hashtable implementation (i.e. values of K, L, whether or not chaining is used, etc) and

on the end application itself, for example is the hashtable on a drone and therefore do

we have limited available main memory? If I opt for a hashtable evaluation paradigm

I either need to pick a default setting of K and L and tie my evaluation to this specific

hashtable implementation, or alternatively I can measure the hashing model perfor-

mance over many different values of the hashtable parameters leading to an explosion

in the number of results to be reported. To abstract away from the specifics of a partic-

ular hashtable implementation and to obtain a single number summarising the quality

of the hashcodes, researchers in the Computer Vision literature prefer to evaluate their

hashing models by Hamming ranking which involves computing the Hamming dis-

tance between the hashcodes, rather than using a hashtable-based setup (Gong and

Lazebnik (2011), Liu et al. (2011)). The Hamming distance given in Equation 2.4

(Chapter 2, Section 2.3) measures the number of bits that are different between two

hashcodes and is therefore likely to be a good indicator of the quality of a hashtable

lookup using those hashcodes. The more bits in common the greater the likelihood of

a collision between the corresponding data-points.

There is an interesting, but not immediately obvious link between the Hamming

ranking evaluation paradigm and the hashtable evaluation paradigm. Measuring the

quality of a set of ranked lists using mAP and AUPRC is effectively acting as a proxy

for many different settings of K and L in a corresponding hashtable evaluation. To con-

firm this fact, I make reference to Figure 3.5 in which I show five hashcodes ranked in

ascending order of Hamming distance from the query (marked in the diagram in bold

font). Observe that each threshold effectively defines a set of “colliding” data-points,

that is those above the threshold with the lowest Hamming distance to the query. The
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Figure 3.5: An analogy between the Hamming ranking evaluation paradigm and the

hashtable bucket evaluation paradigm. I rank five hashcodes in ascending order by

Hamming distance from the query hashcode (shown here in bold). The ranked list is

thresholded at three different points (t1, t2, t3), with the thresholds indicated by the

dashed horizontal lines. The hashcodes above the threshold can be considered to

be “colliding” with the query hashcode. The settings of K and L that would cause

the collision are shown for the four different Hamming distances. For example, for

the bottom most thresholding splitting the hashcodes into L = 6 segments of K = 1

bits will cause the hashcode at Hamming distance 5 to collide in the same bucket as

the hashcodes at Hamming distance 2,1 and 0. In this way we see that a particular

thresholding of a ranked list of hashcodes is equivalent to many different settings of K

and L in a hashtable evaluation.

thresholded ranked list therefore corresponds to settings of K and L that ensure the

data-points above the threshold will collide in at least one hypothetical hashtable. The

L hashtables in Figure 3.5 are formed by splitting the hashcodes into L K-bit segments,

with each K-bit segment indexing into a specific bucket of one of the L hashtables. Just

as choosing a particular setting of K and L is application specific so is choosing a par-

ticular threshold in the Hamming ranking evaluation paradigm. Usefully the mAP and

AUPRC provide a single number measure of ranking quality that is computed by ag-

gregating across many different settings of the ranked list threshold, and consequently

many different values of K and L. The Hamming ranking evaluation paradigm is there-

fore a more general evaluation strategy for hashing that is able to measure the overall

quality of hashcodes without being tied to a particular end-application. In effect it indi-

cates how good the hashing-based ANN search would be if we found the best setting of

K and L in a hashtable bucket evaluation. Given this attractive advantage I accord with

the relevant literature and follow the Hamming ranking evaluation strategy throughout
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this thesis (Chapters 4-7). I leave a hashtable bucket evaluation to future work.

3.5 Constructing Random Dataset Splits

In this section I will describe how the datasets introduced in Section 3.2 are partitioned

to form testing and validation queries and training and database splits for the purposes

of learning and evaluating the hash functions. Two strategies for forming splits will

be described: in Section 3.5.1 I describe the literature standard strategy that is widely

used by the research community, while in Section 3.5.2 I describe my proposed split-

ting methodology that seeks to remedy concerns with the accepted evaluation strategy.

In both cases, when class-based ground-truth is used, I sample the splits so as to ob-

tain a balanced distribution of classes within each partition. This sampling strategy is

discussed in more detail in Chapter 6, Section 6.3.

3.5.1 Literature Standard Splits

In previous work repeated random subsampling cross-validation over ten independent

runs is used to evaluate the quality of the learnt hash functions (Liu et al. (2012); Kong

et al. (2012); Kong and Li (2012a); Liu et al. (2014); Wang et al. (2012)). Figure 3.6

shows an example of a random dataset split for one run. The entire dataset is denoted as

X∈RN×D. This dataset is divided into a held-out set of test queries Xteq ∈RNteq×D and

a database split Xdb ∈RNdb×D. The test queries are used once when I come to compute

the evaluation metric by ranking the database split (Section 3.4.1). The database split

also doubles as the training dataset for learning the hash functions. The best setting of

model hyperparameters7 is found by grid search on the validation split of the dataset.

In practice this grid search is conducted by running a set of validation queries Xvaq ∈
RNvaq×D against a validation database Xvad ∈RNvad×D, both of which are sampled from

the database Xdb. I am therefore using a form of nested cross-validation in which the

optimal hyperparameters are determined for each run. The training database Xtrd ∈
RNtrd×D is used to learn the parameters (hyperplanes, quantisation thresholds) of the

hash functions and is itself a subset of Xdb. In the remainder of this dissertation I refer

to this splitting strategy as the literature standard splitting strategy. I illustrate this

method of forming dataset splits in Figure 3.6.

7Hyperparameters are parameters other than the hashing hyperplanes or quantisation thresholds.
Example of hyperparameters are the flexibility of margin C for the SVM and the kernel bandwidth
parameter γ for the RBF kernel.
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Figure 3.6: The literature standard dataset splitting procedure. The standard procedure

used in the literature for splitting a dataset into testing and training partitions. The entire

dataset X ∈ RN×D is represented as the concatenation of the individual rectangles,

each of which highlights a particular partition. The rectangle in grey represents the split

of the dataset that is held-out and only used once for computing the final measure of

retrieval effectiveness.

3.5.2 Improved Splitting Strategy

Unfortunately, there is a potential overfitting concern with the standard dataset splitting

strategy described in Section 3.5.1 given that the database points which are ranked or

indexed with respect to the test queries are also used as the training dataset for learning

the hash functions themselves. Ideally there should be a clean separation between the

split of the dataset that is used to learn the hash functions and the split of the dataset

that is ranked/indexed in order to compute the final measure of retrieval effectiveness.

This ensures that I can evaluate the true generalisation performance of the hash func-

tions when there is not only unseen queries but also an unseen database that is to

be ranked/indexed with respect to those queries. Currently the literature is only con-

cerned with the generalisation performance with respect to unseen query data-points

and where the database is known a-priori and can be used for hash function learning.

To the best of my knowledge I am the first in the literature to note this technical flaw

in the standard method for forming dataset splits. To mitigate this overfitting concern I

propose a new method for generating splits of the dataset. In this new strategy I again

perform repeated random subsampling cross-validation over ten runs. However, the

makeup of a random split for a run now differs from the literature standard splitting

strategy. In my suggested dataset splitting strategy I divide the dataset into five splits

as shown in Figure 3.7. I have a set of held-out test queries Xteq ∈ RNteq×D and also a
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Figure 3.7: My improved dataset splitting procedure. My proposed splitting strategy for

overcoming the overfitting concern with the literature standard strategy. In addition to

the test queries I also advocate holding out a split of the dataset to act as the testing

database. The held-out splits of the dataset are shown in grey. At test time the testing

queries are used to retrieve related items from the testing database. This retrieval run

is used to compute the final measure of effectiveness for determining the quality of the

hash functions.

held-out test database Xted ∈ RNted×D against which those test queries are run. Both

of the test queries and test database are only used once when I come to compute the

final retrieval effectiveness metric for that particular run. The remainder of the dataset

forms the database split Xdb ∈ RNdb×D which is used for setting the parameters and

hyperparameters of the hashing models. The database split is further divided into a set

of validation queries Xvaq ∈RNvaq×D, a validation database split Xvad ∈RNvad×D which

is ranked/indexed against the validation queries and a training split that is used to learn

the hash functions Xtrd ∈ RNtrd×D. For the remainder of this dissertation I refer to this

splitting strategy as the improved splitting strategy.

3.6 Evaluation Metrics

I follow previous research in the learning to hash literature and judge the retrieval

effectiveness by the standard Information Retrieval (IR) metrics of precision, recall,

Fβ-measure (Section 3.6.1), area under the precision recall curve (AUPRC) (Section

3.6.3) and mean average precision (mAP) (Section 3.6.4).
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3.6.1 Precision, Recall, Fβ-Measure

Precision, recall and their harmonic mean, the Fβ-measure, are set-based evaluation

metrics that can be used to ascertain the quality of an unranked collection of images.

The retrieved set can be determined by looking into the colliding hashtable buckets

for the Hashtable bucket evaluation or by defining a Hamming radius threshold for the

Hamming ranking evaluation. In terms of the Hamming ranking evaluation, precision

and recall can be computed by counting the number of true nearest neighbours that are

within a fixed Hamming radius (true positives, TPs), the number of non nearest neigh-

bours that are within a fixed Hamming radius (false positives, FPs) and the number of

related data-points that are not are within a fixed Hamming radius to the query (false

negatives, FNs).

More formally, I denote the groundtruth matrix as S ∈ {0,1}Ntrd×Ntrd (Sections

3.3.1-3.3.2). The groundtruth adjacency matrix specifies which data-points are true

nearest neighbour pairs (Si j = 1) and which data-point pairs are unrelated (Si j = 0).

As we discussed in Section 3.3, in the context of hashing-based ANN search, a data-

point x j is denoted as a true nearest neighbour (Si j = 1) if it is within an ε-ball of the

query data-point qi or shares at least one class label in common with the query. Fol-

lowing a retrieval run, the ranked data-points within a certain Hamming radius (D) of

the query are those data-points considered to be related to the query, while those data-

points outside of the Hamming radius D are considered to be unrelated8. The results of

a ranked retrieval for a certain Hamming distance threshold D are represented by the

square matrix R ∈ {0,1}N×N given in Equation 3.2.

Ri j =

1, if x j is within Hamming radius D to the query qi

0, otherwise.
(3.2)

Given the definitions of S and R, the number of true positives for a single query

data-point qi is defined in Equation 3.3

T P(qi) = ∑
j

Si j ·Ri j (3.3)

A false negative (FN) is a true nearest neighbour (Si j = 1) that is outside of the Ham-

ming radius around the query qi ∈ RD. The total false negative count for the query is

8This is the Hamming ranking evaluation paradigm discussed in Section 3.4.1.
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given in Equation 3.4

FN(qi) = ∑
j

Si j−T P(qi) (3.4)

A false positive (FP) is a non-nearest neighbour (Si j = 0) that falls within the query

Hamming radius qi ∈ RD (Equation 3.5)

FP(qi) = ∑
j
(1−Si j) ·Ri j (3.5)

Given Equations 3.3-3.5 the precision and recall metrics can then be defined as in

Equations 3.6-3.7

P(qi) =
T P(qi)

T P(qi)+FP(qi)
(3.6)

Precision is therefore the fraction of true nearest neighbours that are within the fixed

Hamming radius out of all data-points that are within the fixed Hamming radius to the

query data-point

R(qi) =
T P(qi)

T P(qi)+FN(qi)
(3.7)

Recall is then the fraction of true nearest neighbours that are within the fixed Hamming

radius to the query out of all possible true nearest neighbours for that query, regardless

whether or not they are within the specified Hamming radius.

In a typical image retrieval experiment we have more than one query data-point.

The question arises as to how we aggregate the precision and recall scores for all Q

queries. There are effectively two ways which involve either taking a micro-average

or a macro-average. To accord with the literature I am most interested in the micro-

average in this thesis which would sum the TPs, FPs and FNs across all queries before

computing the total precision and recall (Equations 3.8-3.9).

Pmicro =
∑

Q
i=1 T P(qi)

∑
Q
i=1 T P(qi)+∑

Q
i=1 FP(qi)

(3.8)

Rmicro =
∑

Q
i=1 T P(qi)

∑
Q
i=1 T P(qi)+∑

Q
i=1 FN(qi)

(3.9)

Finally, the weighted harmonic mean of recall and precision is known as the Fβ-

measure and is presented in Equation 3.10 (Rijsbergen (1979)):
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Fβ =
(1+β2)PmicroRmicro

β2Pmicro +Rmicro

=
(1+β2)T Pmicro

(1+β2)T Pmicro +β2FNmicro +FPmicro

(3.10)

Fβ-measure can be used to combine precision and recall resulting from both a

macro or micro-average. The free parameter β ∈ R+ is used to adjust the contribu-

tion from the precision and recall. Setting β < 1 in Equation 3.10 weights precision

higher than recall, and vice-versa for a setting of β > 1. In most applications β is set to

1.0 giving the commonly used F1-measure that provides an equal balance between the

contribution of precision and recall to the final score. The greater the Fβ-measure the

more effective are the hash functions at returning true nearest neighbours in the same

hashtable buckets.

3.6.2 Precision Recall Curve (PR Curve)

The precision and recall set-based evaluation metrics discussed in Section 3.6.1 are

computed at a fixed operating point of the hashing algorithm. This operating point is

usually derived from a particular parameter setting that is itself driven by user or sys-

tem constraints. For example, in the context of a hashtable bucket evaluation paradigm

(Section 3.4.2) this threshold could be implicitly defined by varying the number of

hashtables L and the number of hashcode bits K. For the Hamming ranking evaluation

paradigm (Section 3.4.1) the threshold is the radius of the Hamming ball around the

queries. Database points with a Hamming distance to the query that puts them outside

of the radius are not considered part of the retrieved set and therefore do not contribute

to the computation of the precision and recall metrics. In contrast to the set-based eval-

uation metrics, the precision-recall (PR) curve measures the effectiveness of a ranked

list of items across a range of different operating points. For the Hamming ranking

evaluation paradigm, the PR curve is constructed by finding all the data-points within

a certain Hamming radius D of the query set and computing the precision and recall

over the corresponding retrieved set. By varying the Hamming radius from unity to

the maximum Hamming radius Dmax exhibited by database hashcodes we can trace

out a PR curve using the resulting Dmax precision-recall values. This curve depicts

the trade-off between precision and recall as the Hamming radius from the queries is

gradually increased. We expect that as the Hamming radius is increased the precision



112 Chapter 3. Experimental Methodology

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

P
re

ci
si

on

Recall

GRH-LIN-LSH-1000
SH

ITQ

Figure 3.8: Precision recall curves for the CIFAR-10 dataset for a hashcode length of

32 bits. The three hashing algorithms indicated on this graph are studied in Chapter 6.

will drop (as more non-relevant data-points are encountered) while the recall will in-

crease (as more relevant data-points are retrieved). An example precision-recall curve

is presented in Figure 3.8.

3.6.3 Area Under the Precision Recall Curve

In many situations a single number summarising the ranking effectiveness captured by

the precision-recall curve is required. Given its wide application in previously related

research (Kong et al. (2012); Kong and Li (2012a,b); Moran et al. (2013a,b)) I settle

for the area under the precision-recall curve (AUPRC) as the main single number

effectiveness metric used consistently throughout this dissertation. The AUPRC is

a real-valued number constrained to be within the limits of 0 and 1 and provides a

summary of the retrieval effectiveness across all levels of recall. The computation of

AUPRC is defined in Equation 3.11.

AUPRC =
∫ 1

0
P(R)dR

=
Dmax

∑
d=1

P(d)δR(d)
(3.11)

where P(R) denotes the micro precision at micro recall R, P(d) is the precision at



3.6. Evaluation Metrics 113

Hamming radius d and δR(d) is the change in micro recall between Hamming radius

d−1 and d9. The greater the area under the PR curve (AUPRC) the higher the retrieval

effectiveness of the associated hashing model. The ideal PR curve has a precision of

1.0 across all recall levels leading to an AUPRC of 1.0.

3.6.4 Mean Average Precision (mAP)

Mean average precision (mAP) is also a commonly applied single-number evaluation

metric for summarising the effectiveness of a ranking. However, in contrast to AUPRC

which is directly computed from the precision-recall curve, mAP is calculated from the

Q ranked lists that are obtained by computing the Hamming distance from every query

data-point
{

qi ∈ RD}Q
i=1 to all the database data-points

{
x j ∈ RD}N

j=1 . Given a set of

Q ranked lists, mAP is defined as follows (Wu et al. (2015)): denote as L the number

of true nearest neighbours for query q among the retrieved data-points, Pq(r) as the

precision for query data-point q when the top r data-points are returned, and δ(r) as an

indicator function which returns ‘1’ when the rth data-point is a true nearest neighbour

of the query and ‘0’ otherwise. The average precision (AP) for a single query q is then

given in Equation 3.12 while the average of this quantity across all Q queries, the mean

average precision or mAP, is defined in Equation 3.13.

AP(q) =
1
L

R

∑
r=1

Pq(r)δ(r) (3.12)

mAP =
1
|Q|

Q

∑
i=1

AP(qi) (3.13)

Equation 3.12 computes the precision at each point when a new relevant image is

retrieved. The average precision (AP) for a single query q is then the mean of these

precision values. The mAP is then computed by simply taking the mean of the average

precisions across all Q queries (Equation 3.13). mAP is a real-valued number between

0.0 and 1.0, with a higher number indicating a more effective ranked retrieval and

favours relevant images retrieved at higher (better) ranks. mAP is frequently used as a

single-number evaluation metric in certain sub-fields of the learning to hash literature,

particularly supervised and unsupervised data-dependent projection (Liu et al. (2011),

Liu et al. (2012), Gong and Lazebnik (2011), Zhang et al. (2010b)). When comparing

the contributions in this thesis to those particular sub-fields I will also report mAP in

9The finite sum representation for the AUPRC can be computed using the trapezoidal rule. This is
implemented as the trapz function in Matlab.
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addition to AUPRC so that my experimental results are directly comparable to previ-

ously published research.

3.6.5 Comparing and Contrasting AUPRC and mAP

The application of AUPRC and mAP as an evaluation metric is not consistent across

the learning to hash literature, with some sub-fields (particularly binary quantisation)

favouring AUPRC while others (such as data-dependent projection) appear to favour

mAP. It is well-known that mAP is approximately the average of the AUPRC for a set

of queries (Turpin and Scholer (2006)) so it is interesting to briefly consider here the

retrieval scenarios where both metrics are expected to be in agreement and when they

are likely to differ.

AUPRC is a micro-average in which the individual true positives, false positives

and false negatives are aggregated across all Q queries for a specific threshold. The

total aggregated counts are then used to compute the precision and recall for each

possible setting of the threshold. The resulting precision and recall values can then

be used to compute the AUPRC as given by Equation 3.11. In contrast the mAP is

a macro-average which is found by computing the true positives, false positives and

resulting precision per query, per relevant document retrieved and then averaging those

precision values across all Q queries (Equations 3.12-3.13).

In practice, differences between the mAP and AUPRC will only arise in retrieval

applications in which the distribution of relevant documents across queries is skewed.

In this scenario the AUPRC will favour models that return more relevant documents

from the queries with a larger number of relevant documents to the detriment of those

queries that have a smaller number of relevant documents. In contrast the mAP will

weight the contribution of every query equally even if many documents are relevant to

some queries and very few to other queries. This equal weighting of queries ensures

that mAP is insensitive to the performance variation between those queries that have

many relevant documents and other queries that have very few relevant documents. To

achieve a high mAP score the system must aim to do well across all queries and not

just those with many relevant documents.

In a practical scenario, where the distribution of relevant documents per query is

highly imbalanced, the choice of summarising the ranking effectiveness with either

mAP or AUPRC is application specific (Sebastiani (2002)). In some cases we may be

primarily interested in high effectiveness for the queries with a greater number of rel-
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evant documents (AUPRC). This may be appropriate for evaluating system orientated

tasks in which we wish to quantify how well the system does as a whole in returning

pairs of true nearest neighbours (e.g. plagiarism detection). In other cases we may be

equally interested in queries with a much smaller number of true positives (mAP). The

latter scenario may arise in a user evaluation situation such as web search where the

information retrieval system must not be seen to prioritise retrieval effectiveness for

one user over another.

3.7 Summary

In this chapter I introduced the evaluation methodology that is commonly employed in

the related research literature and which will be used to measure the effectiveness of

my own contributions in this thesis. I began in Section 3.2 by outlining a collection of

image and document datasets that will be used for my nearest neighbour (NN) search

experiments. The datasets were divided into unimodal (image only) and cross-modal

datasets (image-document), and were shown to encompass a large variability in the

feature descriptors used to encode the images and documents, as well as the type of

objects depicted in the images, their resolution and the total number of images (from

22,019 up to 1 million images) per dataset.

The definition of groundtruth is an important facet of any experimental method-

ology. In Section 3.3, I introduced two main strategies for judging the quality of a

nearest neighbour search algorithm. The first strategy constructs a ball of radius ε

around a query and any data-points falling within that radius are deemed true near-

est neighbours (Section 3.3.1). The second strategy sets true nearest neighbours to be

those data-points that share at least one class label in common with the query (Section

3.3.2). The latter groundtruth definition is required for cross-modal retrieval experi-

ments in which the feature descriptors occupy incommensurate feature spaces making

an ε-NN evaluation impractical.

In Section 3.4, I then defined the nearest neighbour search strategy to be used in

evaluating the quality of the hashcodes. One natural option is to index the database and

query images into hashtable buckets and count the number of true nearest neighbours

that fall within the same buckets as the query (Section 3.4.2). Surprisingly I discussed

how this hashtable lookup evaluation strategy is not at all common in the learning to

hash literature. Instead most publications of note use what is termed the Hamming

ranking evaluation paradigm where the Hamming distance is exhaustively computed



116 Chapter 3. Experimental Methodology

from the query to every data-point in the dataset (Section 3.4.1). The data-points are

then ranked in ascending order of Hamming distance and the resulting ranked list is

used to compute ranking-based evaluation metrics.

The next point I addressed in Section 3.5 was how to split the datasets into random

partitions. In a retrieval setting I need a set of held-out test queries and a database

over which retrieval will be performed. The accepted methodology in the literature

(the literature standard splitting strategy) was to randomly select a set of held-out test

queries and to use the remaining data-points as the database to be ranked and as the

training dataset for learning the hash functions (Section 3.5.1). I identified a potential

overfitting concern with this strategy and advocated an approach (the improved split-

ting strategy) where a certain split of the dataset forms a held-out database that cannot

be used to learn the hash functions at training time (Section 3.5.2).

The final part of this chapter, in Section 3.6, introduced the evaluation metrics I

will use to quantify the retrieval effectiveness of my algorithms with respect to prior

art. In this thesis I use the standard Information Retrieval (IR) metrics of area under

the precision recall curve (AUPRC) and mean average precision (mAP) to evaluate the

quality of the hashcodes (Sections 3.6.3-3.6.4).

3.8 Conclusion

Having defined the research landscape within which this thesis is firmly embedded

in Chapters 2-3 I am now in a position to introduce my own novel contributions to

the field. I begin in Chapter 4 with a new multi-threshold quantisation algorithm that

relaxes the limiting assumption of Single Bit Quantisation (SBQ) (Chapter 2, Sec-

tion 2.5.1) in that only one threshold should be used for binarisation per projected di-

mension, and furthermore that the threshold position should remain unoptimised. My

model assigns more than one threshold per dimension and dynamically optimises their

positions based on the distribution of the input data, showing a significant increase in

retrieval effectiveness versus a host of state-of-the-art quantisation models.


