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Abstract

In this study, we apply neural networks to the problem of one-class text classification.

One-class (text) classification is a special classification problem that aims to learn a

model on the basis of training samples only from one class. It would be beneficial

in a scenario where a large number of labelled negative samples are hard or time-

consuming to obtain, while positive training data samples are available.

This dissertation studies one-class text classification in two successive parts. The

first part focuses on the task of acquiring semantic lexicons using a bootstrapping

technique. Bootstrapping methods are efficient tools to explore knowledge from unan-

notated corpora with increasing text size. Specifically, we formulate Basilisk, an effec-

tive and commonly used bootstrapping approach, as a special one-class problem and

incorporate AutoEncoder to improve its learning processes. The experimental results

demonstrate that the proposed methods for guiding the bootstrapping of a semantic

lexicon with AutoEncoder can boost overall performance.

The second part proposes a generic one-class text learning framework with a multi-

modal deep support vector data description, which we call mSVDD. By extending

the uni-modal deep support vector data description to a multiple modal one, we build

mSVDD with multiple hyperspheres, which enable us to build a much better descrip-

tion for the target one-class data. Additionally, the end-to-end architecture of mSVDD

can jointly handle neural feature learning and one-class text learning. We also intro-

duce a mechanism for incorporating negative supervision in the absence of real neg-

ative data, which can be beneficial to the mSVDD model. The experimental results

demonstrate that mSVDD outperforms uni-modal SVDD and can get further improve-

ments when negative supervision is incorporated.
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Chapter 1

Introduction

1.1 Background

One-Class Classification (OCC), a special classification problem, aims to learn a

model on the basis of training samples only from one class [106, 157, 26]. The learned

model is expected to make an accurate description of the class, called target, positive

or normal, and to distinguish the target from samples for negative classes during test-

ing [110, 157].

Here, we formally give a definition of the problem. Let X , which is a compact

subset of Rd, be the data space that contains all data samples from the target class. We

also define an unknown P that may be a uni-modal or multi-modal distribution where

the data comes from. For the observations (or data samples) x ∈ X that is drawn from

P, the objective of one-class classification is to find a scoring function s(x) : X → R
such that:

s(x) > s(x′), 1 (1.1)

where x denotes a sample from the target class, while x′ comes from other classes.

The above formulation indicates that a positive sample x should be assigned a larger

score than a negative one x′. In the problem setting, negative data samples x′ ̸∈ X
are not available in the training phase. We have to learn the scoring function on the

basis of a training set comprising only the target samples, T = {x1, ...,xn}, xi ∈ X ,

where n ∈ N is the size.

The one-class classification problem has arisen in many real-world applications,

including anomaly or novelty detection [137, 15, 36], bioinformatics [2], medical di-

1Or s(x) < s(x′) for a measure of the distance.
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agnosis [18, 88], disease outbreaks detection [168], and especially computer vision

[138, 140]. It has been applied to various types of data such as audio [130], video

[109], and text [99]. As for one-class text classification, it can be applied to the sce-

nario where a large number of labelled negative samples (e.g., web pages, spam emails

) are hard or time-consuming to obtain [176, 45], while positive training data samples

(e.g., ham emails) are available.

One of the early studies on one-class text classification is [99], who implemented

versions of one-class support vector machines (OC-SVM) [149] and showed good

performances on the Reuters dataset [25]. As for the approaches for solving this

problem, OC-SVM and support vector data description (SVDD) [158] are boundary-

based methods [157]. These methods try to directly describe the target data by using a

boundary. SVDD learns an optimal hypersphere with the minimum radius to include

the most target data, while OC-SVM builds a hyperplane to maximally separate the

data points from the target where outlier examples lie around.

AutoEncoder [115, 142, 98] and principal component analysis (PCA) [122, 55, 52]

are reconstruction-based methods. These approaches aim to describe the target data

with a more compact representation obtained by optimizing a reconstruction error on

the target training data. Reconstruction-based methods assume that the learned model

can well-reconstruct normal data samples with smaller reconstruction errors, while

failing to precisely reconstruct instances from negative classes, i.e., having larger re-

construction errors.

Regarding the features for representing text data, traditionally, document-to-word

co-occurrence matrices or hand-crafted features have been commonly used in most

of the previous work [99, 98, 76]. In recent years, neural networks (deep learning)

[80, 146, 32] have been applied to numerous applications, such as speech recognition

[46], computer vision [75, 43], and natural language processing (NLP) [7, 105, 23].

An effective feature representation with neural networks is necessary for various types

of data (e.g., unannotated corpora in NLP) with continuously growing size [6, 27].

Traditional feature-learning approaches assume that data representations follow a

fixed priori (e.g., an implicit feature map with Gaussian kernel [53]). While hand-

crafting features or choosing suitable kernels for certain tasks would be ineffective

and challenging for complex data, by using gradient optimization algorithms and

GPU parallelization, neural networks can be scaled up to process vast amounts of

data. Moreover, neural networks with different multiple (“deep”) layer structures (e.g.,

long short-term memory (LSTM) [147] for sequence data) can involve complex data.

2



For example, vector representations of words and sentences can be obtained by pre-

training different neural networks, including word2vec [105] and SkipThought [70],

on a large-scale corpus, e.g., BooksCorpus, which has 800M words [180].

Recent studies have developed neural networks for the problem of one-class clas-

sification. The approaches include reconstruction-based methods such as AuoEncoder

and its variants [49, 96, 97, 141], as well as boundary-based methods [140, 14]. In

these approaches, the models not only optimize the original objective function (e.g.,

reconstruction loss) but also learn a feature map ϕ(x;W) : X → F (where F is the

output feature space) with deep neural networks, parameterized with weights W . For

example, the deep support vector data description (deep SVDD) is a fully end-to-end

boundary-based method for image data [140]. Deep SVDD learns to extract feature

representations of training images with a convolutional neural network (CNN) [81]

and optimizes the volume of a hypersphere in a space F .

In this dissertation, we would like to apply neural networks to the problem of one-

class text classification. This dissertation studies one-class text classification in two

successive parts.

The first part addresses the task of acquiring semantic lexicons by using a boot-

strapping technique. Bootstrapping methods are efficient tools for exploring knowl-

edge, such as semantic lexicon, from unannotated corpora with increasing text size [132].

We focus on Basilisk (Bootstrapping approach to semantic lexicon induction) [159],

an effective and commonly used bootstrapping approach for constructing semantic

lexicon from text corpora. To start the bootstrapping process of Basilisk, all you need

is to input an initial seed list with a limited number of seed words. Our motivation

is that, since we have only these seed instances, which can be considered positive

samples from one semantic category (e.g., food domain), we can try to solve it within

the one-class learning framework. Accordingly, we address the following research

issues in the first part. 1) Can we formulate the framework of Basilisk as a one-class

problem? 2) How do we improve its bootstrapping process with neural networks?

The second part of the thesis investigates a wider range of boundary-based meth-

ods with neural networks. As introduced above, OC-SVM and SVDD, two well-

known one-class classification methods, optimize a boundary to describe target data.

Recently, by incorporating explicit neural feature maps ϕ(x;W), OC-SVM and SVDD

have been extended to one-class neural network (OC-NN) [14] and deep support vec-

tor data description (deep SVDD) [140], respectively. Deep SVDD learns a hyper-

sphere model with a center while OC-NN utilizes a linear model with margin. Deep
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SVDD and OC-NN outperform their kernel-based versions. Nevertheless, target data

samples may have distinctive distributions that are located in different regions. There-

fore, a uni-modal deep SVDD or OC-NN may not be enough to describe the target

samples. In the second part, we try to extend the deep SVDD to a version with mul-

tiple modes, a multi-modal deep support vector data description (mSVDD), where

each mode is expected to describe the target samples from a distinctive aspect. Con-

sequently, we address three research issues in the second part: 1) How do we develop

uni-modal deep support vector data description into a multi-modal version? 2) What

are the relationships with other related models? 3) Due to the unavailability of train-

ing samples from negative classes, it is hard for the one-class models to learn effective

discrimination information, especially for mSVDD with a multi-layer neural structure.

Can we incorporate negative supervision to improve mSVDD in some way?

1.2 Contributions of This Thesis

The main contributions of this thesis are as follows.

Regarding the topic of AutoEncoder guided bootstrapping of the semantic lexicon:

• We use AutoEncoder to guide the learning of the bootstrapping in a totally un-

supervised manner.

• We improve the candidate evaluation by incorporating AutoEncoder, which

does not rely on any additional negative training data.

• We also present a new function to boost the scoring of patterns such that better

candidates will be pooled in subsequent steps. The performance of candidate

scoring can be improved by including our new pattern scoring function.

Regarding the topic of one-class text classification with multi-modal deep support

vector data description:

• We propose a generic end-to-end one-class neural network learning framework,

called mSVDD, to extend the uni-modal deep SVDD to an end-to-end multi-

modal one.

• We also prove that four one-class classification models, i.e., deep SVDD [140],

context vector data description (CVDD) [141], one-class neural networks (OC-

NN) [14], and deep multi-sphere SVDD (DMSVDD) [29], are all special cases

of the mSVDD model under certain conditions.
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• We also propose approaches for effectively incorporating negative supervision

information to improve the performance of the proposed mSVDD.

1.3 Outline of This Thesis

The rest of this thesis is organized as follows.

Chapter 2 This chapter introduces related work on one-class classification, boot-

strapping methods, and so on.

Chapter 3 At the beginning of this chapter, we describe Basilisk, a commonly used

framework for bootstrapping lexicons. Then, we formulate this framework as a spe-

cial one-class classification problem and describe the proposed methods with AutoEn-

coder to guide its learning iterations. Finally, the experimental results demonstrate

that our proposed methods for guiding the bootstrapping of a semantic lexicon with

AutoEncoder can boost overall performance.

Chapter 4 In this chapter, we describe the framework of multi-modal deep sup-

port vector data description (mSVDD). We show how to describe the target data with

multiple hyperspehres. We prove propositions to elaborate the relationships between

mSVDD and other models. In addition, the methods for incorporating negative su-

pervision for mSVDD are also introduced. Experimental results demonstrate that

mSVDD outperforms uni-modal SVDD and that it can get further improvements when

negative supervision is incorporated.

Chapter 5 Finally, Chapter 5 summarizes this dissertation and discusses some di-

rections for future work.
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Chapter 2

Related Work

In this chapter, we first summarize the related work for one-class classification and its

corresponding methods. Then we show the related work for bootstrapping approaches.

Other related topics for multi-modal deep support vector data description are also

included.

2.1 One-class Classification

The first related area would be one-class learning or classification. Generally, one-

class classification approaches can be divided into the following groups: density

estimation-based methods, boundary-based methods, and reconstruction-based meth-

ods [157, 65, 66]. As for density estimation, early work uses different probability

models, including Gaussian [9] and Parzen [73], to estimate the density of the training

data and sets the threshold for the target of high probabilities in the distribution. Den-

sity estimation-based methods, including early work uses different probability mod-

els [120, 41, 68], estimate the density of the training data and sets the threshold for

the target of high probabilities in the distribution.

2.1.1 Reconstruction-based Methods

Reconstruction-based methods, including AutoEncoder [115, 142, 98] and principal

component analysis (PCA) [122, 52], attempt to learn a more compact representation

for the description of target data. Most of these methods learn a model that is opti-

mized to reduce the reconstruction error of normal data samples. CVDD [141], that

optimizes the one-to-one reconstruction distance between context vectors and self-
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data, and X is a compact subset of Rd. The main idea of SVDD is to optimize a hypersphere

with a center c and radius R, that encloses the majority of the data. SVDD solves the following

quadratic problem:

min
R,c,ξ

R2 + C
∑

i

ξi (1)

s.t. ‖xi − c‖22 ≤ R2 + ξi, ξi ≥ 0, ∀i = 1, ..., n,

where ξi is a slack variable for allowing a flexible boundary. C is a regularization parameter, that

is usually represented by 1
νn , where ν ∈ (0, 1] is a parameter that controls the tradeoff between

the radius of the hypersphere and the penalties ξi.

2.1.2 OC-SVM

One-class SVM (OC-SVM) (Schölkopf, Williamson, Smola, and Shawe-Taylor 1999; Schölkopf

et al. 2001) is another commonly used approach for solving one-class classification problems.

Unlike SVDD, OC-SVM intends to seek the best hyperplane by maximizing the margin between

the data points and the origin. Formally, given the training data T = {x1, ...,xn}, xi ∈ X like

SVDD, OC-SVM solves the following optimization problem:

min
ρ,w,ξ

1

2
‖w‖22 − ρ+



νn

∑

i

ξi (2)

s.t. wTxi ≥ ρ− ξi, ξi ≥ 0, ∀i = 1, ..., n,

where ρ is the margin between the origin and the hyperplane w, and ξi is a slack variable for

allowing data to cross the hyperplane boundary. As with SVDD, ν ∈ (0, 1] is a hyperparameter

that controls the trade-off between the distance from the origin to the hyperplane and the number

of data points that are allowed to cross the hyperplane.

The kernel trick (Schölkopf and Smola 2002) can be incorporated into OC-SVM and SVDD to

obtain more flexible descriptions. Assuming H is reproducing kernel hilbert space (RKHS) (Saitoh

2003) and K(x,x′) = Φ(x) · Φ(x′) is a kernel function, Φ(x) : X → H becomes an implicit

feature mapping function from the input space X to the feature space H. In this case, the

objectives of the kernel-based OC-SVM and SVDD (Eq. (2) and Eq. (1)) are to find respectively a

hyperplane and a hypersphere in feature space H. Then, both can be solved in the corresponding

dual optimization problems, which are quadratic functions involving the dot products of the

transformed vectors. And every dot product can be replaced with a nonlinear kernel function,

without knowing the explicit form of Φ(x).
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model. Ghafoori and Leckie (2020) proposed deep multi-sphere SVDD (DMSVDD), a similar

but different work from ours. We will also discuss the relationship between the two and compare

them in the experiments.

In one-class classification, only samples from the target class are available for training, while

the model needs to discriminate between the target class and other classes in testing. Due to the

unavailability of training samples from negative classes, it is hard for the one-class models to learn

effective discrimination information, especially for mSVDD with a multi-layer neural structure.

In this study, we also propose an architecture for improving the discrimination ability of mSVDD

by incorporating negative supervision. Specifically, we define two kinds of losses, contrastive and

triplet, for joint training with the objective function of mSVDD, which is expected to enhance

the discriminative power of mSVDD.

In summary, the main contributions of this work are as follows. 1) We propose a general

one-class neural learning framework, called mSVDD, to extend the uni-modal deep SVDD to

end-to-end multi-modal. 2) We also prove that four one-class models, deep SVDD, CVDD,

DMSVDD, and OC-NN, are all special cases of the mSVDDmodel. 3) We propose two approaches

for effectively incorporating negative supervision information to improve the performance of the

proposed mSVDD.

The remainder of this paper is structured as follows: Section 2 introduces notations and

baseline models. Section 3 describes the proposed mSVDD. Section 4 describes the combinatorial

use of mSVDD and negative supervision. We then analyze evaluation results by comparing

mSVDD and the baseline models in Section 5. Section 6 summarizes related work for this paper.

Finally, we conclude this paper in Section 7.

2 Preliminaries

Before describing our mSVDD, we first introduce SVDD (Tax and Duin 2004) and OC-

SVM (Schölkopf et al. 2001) and their extensions, deep SVDD (Ruff et al. 2018) and OC-NN

(Chalapathy et al. 2018).

2.1 SVDD and One-class SVM

2.1.1 SVDD

SVDD is a support vector learning method for one-class classification. It aims at constructing

an optimal boundary in a feature space that includes almost all normal target data, given only

the target training samples, T = {x1, ...,xn}, xi ∈ X , where n ∈ N is the size of the training

3

Training samples:
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• radius !( minimizing )
• center "

OC-SVM: optimize a hyperplane: 
• margin # (maximizing)
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%
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,-"./01,2"13./ -,,.,Figure 2.1: A reconstruction model with encoder and decoder. x denotes input, while

x̂ denotes the reconstructed output.

As shown in Fig. 2.1, a reconstruction-based model consists of two parts, the

encoder ϕen(x; θen) : X → F and the decoder ϕde(x; θde) : F → X , where θen and

θen are parameters. We call F the latent space, h = ϕen(x; θen) latent variables, or a

latent representation, and x̂ = ϕde(h; θde) the reconstructed output which is expected

to be close to x, i.e., a smaller reconstruction error.

Give the unlabelled training data T = x1, ...,xn, we give a general definition of

the objection function of reconstruction-based models as follow:

min
θen,θde

1

n

n∑
i=1

ℓ(xi, ϕde(ϕen(xi; θen); θde)) +R(θ) (2.1)

where R denotes regularization item, and ℓ denotes the loss function which is usually

measured in Euclidean distance. If we assume that training data T = x1, ...,xn are

mostly normal data samples, a reconstruction-based model trained on T is expected to

have a high for anomalies and a low reconstruction error for normal samples, i.e., the

samples from target one-class. Accordingly, the score function can be defined by the

reconstruction error:

s(x) = ℓ(x, ϕde(ϕen(x; θen); θde)) (2.2)

AutoEncoder and its variants [58, 47, 49] are reconstruction models that use neural

networks as the encoder and the decoder and optimize reconstruction loss by back-

propagation. If we denote ϕen(·;Wen) and ϕde(·;Wde) are two neural networks for

encoder and decoder, where Wen and Wde are weights. The objective function of
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AutoEncoder is usually defined as:

min
Wen,Wde

1

n

n∑
i=1

∥xi − ϕde(ϕen(xi;Wen);Wde)∥2 +R(W) (2.3)

Regularly, AutoEncoder is regularized by forcing the hidden feature space F to have

lower dimensionality than the input space X , i.e., the “bottleneck” representation h =

ϕen(x;Wen) compresses representation of the input x and limits the dimensionality

of the learned manifold or subspace [49].

2.1.2 Boundary-based Methods

Boundary-based methods learn only a boundary around the target set. As mentioned

in Chapter 1, one-class support vector machines (OC-SVM) seeks a hyperplane to

separate the data from the origin, while support vector data description (SVDD) finds

a hypersphere to enclose the data. Their neural extensions, DSVDD [140] and OC-

NN [14], which we will introduce in Chapter 4, can also optimize the related bound-

aries in the neural feature space.Preliminary: SVDD and OC-SVM
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data, and X is a compact subset of Rd. The main idea of SVDD is to optimize a hypersphere

with a center c and radius R, that encloses the majority of the data. SVDD solves the following

quadratic problem:

min
R,c,ξ

R2 + C
∑

i

ξi (1)

s.t. ‖xi − c‖22 ≤ R2 + ξi, ξi ≥ 0, ∀i = 1, ..., n,

where ξi is a slack variable for allowing a flexible boundary. C is a regularization parameter, that

is usually represented by 1
νn , where ν ∈ (0, 1] is a parameter that controls the tradeoff between

the radius of the hypersphere and the penalties ξi.

2.1.2 OC-SVM

One-class SVM (OC-SVM) (Schölkopf, Williamson, Smola, and Shawe-Taylor 1999; Schölkopf

et al. 2001) is another commonly used approach for solving one-class classification problems.

Unlike SVDD, OC-SVM intends to seek the best hyperplane by maximizing the margin between

the data points and the origin. Formally, given the training data T = {x1, ...,xn}, xi ∈ X like

SVDD, OC-SVM solves the following optimization problem:

min
ρ,w,ξ

1

2
‖w‖22 − ρ+



νn

∑

i

ξi (2)

s.t. wTxi ≥ ρ− ξi, ξi ≥ 0, ∀i = 1, ..., n,

where ρ is the margin between the origin and the hyperplane w, and ξi is a slack variable for

allowing data to cross the hyperplane boundary. As with SVDD, ν ∈ (0, 1] is a hyperparameter

that controls the trade-off between the distance from the origin to the hyperplane and the number

of data points that are allowed to cross the hyperplane.

The kernel trick (Schölkopf and Smola 2002) can be incorporated into OC-SVM and SVDD to

obtain more flexible descriptions. Assuming H is reproducing kernel hilbert space (RKHS) (Saitoh

2003) and K(x,x′) = Φ(x) · Φ(x′) is a kernel function, Φ(x) : X → H becomes an implicit

feature mapping function from the input space X to the feature space H. In this case, the

objectives of the kernel-based OC-SVM and SVDD (Eq. (2) and Eq. (1)) are to find respectively a

hyperplane and a hypersphere in feature space H. Then, both can be solved in the corresponding

dual optimization problems, which are quadratic functions involving the dot products of the

transformed vectors. And every dot product can be replaced with a nonlinear kernel function,

without knowing the explicit form of Φ(x).
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model. Ghafoori and Leckie (2020) proposed deep multi-sphere SVDD (DMSVDD), a similar

but different work from ours. We will also discuss the relationship between the two and compare

them in the experiments.

In one-class classification, only samples from the target class are available for training, while

the model needs to discriminate between the target class and other classes in testing. Due to the

unavailability of training samples from negative classes, it is hard for the one-class models to learn

effective discrimination information, especially for mSVDD with a multi-layer neural structure.

In this study, we also propose an architecture for improving the discrimination ability of mSVDD

by incorporating negative supervision. Specifically, we define two kinds of losses, contrastive and

triplet, for joint training with the objective function of mSVDD, which is expected to enhance

the discriminative power of mSVDD.

In summary, the main contributions of this work are as follows. 1) We propose a general

one-class neural learning framework, called mSVDD, to extend the uni-modal deep SVDD to

end-to-end multi-modal. 2) We also prove that four one-class models, deep SVDD, CVDD,

DMSVDD, and OC-NN, are all special cases of the mSVDDmodel. 3) We propose two approaches

for effectively incorporating negative supervision information to improve the performance of the

proposed mSVDD.

The remainder of this paper is structured as follows: Section 2 introduces notations and

baseline models. Section 3 describes the proposed mSVDD. Section 4 describes the combinatorial

use of mSVDD and negative supervision. We then analyze evaluation results by comparing

mSVDD and the baseline models in Section 5. Section 6 summarizes related work for this paper.

Finally, we conclude this paper in Section 7.
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(a) SVDD represented by (c, R).
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2 Preliminaries

Before describing our mSVDD, we first introduce SVDD (Tax and Duin 2004) and OC-

SVM (Schölkopf et al. 2001) and their extensions, deep SVDD (Ruff et al. 2018) and OC-NN

(Chalapathy et al. 2018).

2.1 SVDD and One-class SVM

2.1.1 SVDD

SVDD is a support vector learning method for one-class classification. It aims at constructing

an optimal boundary in a feature space that includes almost all normal target data, given only

the target training samples, T = {x1, ...,xn}, xi ∈ X , where n ∈ N is the size of the training

3

Training samples:
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• radius !( minimizing )
• center "

OC-SVM: optimize a hyperplane: 
• margin # (maximizing)
• normal vector $

(b) OC-SVM represented by (w, ρ).

Figure 2.2: Data descriptions by SVDD (left) and OC-SVM (right) without the incor-
poration of kernels.

Support vector data descriptions

Support vector data descriptions (SVDD) is a support vector learning method for one-

class classification. It aims at constructing an optimal boundary in a feature space
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that includes almost all normal target data, given only the target training samples,

T = {x1, ...,xn}, xi ∈ X , where n ∈ N is the size of the training data, and X is a

compact subset of Rd. As shown in Fig. 2.2a, the main idea of SVDD is to optimize

a hypersphere with a center c and radius R, that encloses the majority of the data.

SVDD solves the following quadratic problem:

min
R,c,ξ

R2 + C
∑
i

ξi (2.4)

s.t. ∥xi − c∥22 ≤ R2 + ξi, ξi ≥ 0, ∀i = 1, ..., n,

where ξi is a slack variable for allowing a flexible boundary. C is a regularization

parameter, that is usually represented by 1
νn

, where ν ∈ (0, 1] is a parameter that

controls the tradeoff between the radius of the hypersphere and the penalties ξi.

One-class support vector machines

One-class support vector machines (OC-SVM) [149] is another commonly used ap-

proach for solving one-class classification problems. Unlike SVDD, OC-SVM intends

to seek the best hyperplane by maximizing the margin between the data points and the

origin, as shown in Fig. 2.2b. Formally, given the training data T = {x1, ...,xn},

xi ∈ X like SVDD, OC-SVM solves the following optimization problem:

min
ρ,w,ξ

1

2
∥w∥22 − ρ+

1

νn

∑
i

ξi (2.5)

s.t. wTxi ≥ ρ− ξi, ξi ≥ 0, ∀i = 1, ..., n,

where ρ is the margin between the origin and the hyperplane w, and ξi is a slack

variable for allowing data to cross the hyperplane boundary. As with SVDD, ν ∈ (0, 1]

is a hyperparameter that controls the trade-off between the distance from the origin to

the hyperplane and the number of data points that are allowed to cross the hyperplane.

The kernel trick [148] can be incorporated into OC-SVM and SVDD to obtain

more flexible descriptions. Assuming space H is reproducing kernel Hilbert space

(RKHS) [143] and K(x,x′) = Φ(x) · Φ(x′) is a kernel function, Φ(x) : X → H
becomes an implicit feature mapping function from the input space X to the feature

space H. In this case, the objectives of the kernel-based OC-SVM and SVDD (Eq.

(2.5) and Eq. (2.4)) are to find respectively a hyperplane and a hypersphere in feature

space H. Then, both can be solved in the corresponding dual optimization problems,
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which are quadratic functions involving the dot products of the transformed vectors.

And every dot product can be replaced with a nonlinear kernel function, without know-

ing the explicit form of Φ(x).

Relationship between SVDD and OC-SVM

The identity of SVDD and OC-SVM has been mentioned in several papers [160, 157,

162]. [157](cf. Section 2.5, [157]) proved that although the hyperplane obtained by

OC-SVM is not a closed boundary around the data that SVDD optimized, both can

be represented by an equivalent formulation when the data samples are normalized to

unit norm vectors. Also for the standard Gaussian kernel, where the data is implicitly

rescaled to norm 1, these two one-class approaches are also equivalent to each other.

Several efforts have been proposed to extend kernel-induced OC-SVM and SVDD

with multi-modal forms. [40] was early work to use multi-sphere SVDD, which was

used for multi-class tasks. For one-class tasks, [171] used multi-sphere SVDD to

encode multi-distribution target data. Multiple kernel learning was proposed for OC-

SVM [21]. Two more efforts have been proposed by [79, 78], which found the optimal

solution by an iterative algorithm consisting of the following two steps: 1) calculate

radii and centers, and 2) calculate the assignments of data to centers. While one

limitation of SVDD and OC-SVM, along with their extensions, would be that it has

to perform hand-crafted feature engineering [117], the limitation can be solved by

incorporating neural models into SVDD.

2.1.3 Relationship between One-class Classification and Other Prob-
lems

As a special learning problem, the relationships of one-class classification (OCC) with

other problems (e.g, multi-class and binary classification) can be confusing and are not

fully clear [157, 65, 125]. In this section, we would like to discuss the connection and

difference between OCC and other topics from two aspects: supervised and unsuper-

vised learning.

One-class and supervised learning models

Supervised learning is defined by its use of labeled data to train algorithms. In the

view of supervised learning, one-class classification can be seen as a special case of
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supervised classification problem, i.e., binary classification where training data sam-

ples from a single class are available and the negative class (classes) is absent, hard to

obtain or poorly defined [66].

If so, the objective of OCC models is to learn classifiers using a positive set of

examples, and to determine whether a test sample belongs to target class [63]. More

specifically, in the context of supervised learning, OCC problem can be represented

by the ordinary binary classification learning framework if we assume that most of the

given training data samples are from target class and can be labelled as positive 1 [103,

139].

In addition, the absent negative class also needs some special assumptions about

its distributions. For example, the form of support vector data descriptions (SVDD)

(Eq. (2.4)) can be derived from a binary classification risk when we assume the nega-

tive data samples are uniformly distributed [158, 139]. As for one-class support vector

machines (OC-SVM) [149], it also makes a assumption about the distribution of neg-

ative data, i.e., negative anomalies lie around the origin. Then OC-SVM optimizes a

hyperplane that separates the region containing target data from the origin with maxi-

mum margin, which is similar to a binary SVM classifier [150]. In summary, one-class

classification algorithms (e.g., SVDD [158] ) can be formulated from a supervised bi-

nary classification task under conditions of particular assumptions about distribution

of the negative class.

One-class and unsupervised learning models

Unsupervised learning is another type of machine learning which learns patterns from

data with no labels or with minimal human supervision [30]. Clustering and dimen-

sionality reduction are two popular unsupervised learning tasks [34, 49]. In the view

of unsupervised learning, one-class classification is to make a description of the target

class and to determine which (new) test samples resemble the target training set [157].

As introduced above, due to the absence of fully labelled anomalous data, we have

to made a specific assumption about the distribution of anomalous data. Actually,

one-class classification can be solved under unsupervised learning framework, i.e.,

to learn a model that can well describe the target data in an unsupervised manner,

such that the model can detect anomalies through the deviations measured by recon-

struction errors [157, 66, 139]. Therefore, some unsupervised algorithms that are

1If we denote y = +1 as positive, y = −1 as negative in a binary classification framework.
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reconstruction-based methods, such as principal component analysis (PCA) [122, 52]

which was mentioned before, can be used for the task of one-class classification.

One-Class Classification Other Tasks (e.g., cluster-
ing)

Task setting & objective Data only from “one-
class” are available in
training phase.
Learn model on target
training data, and dis-
tinguish target samples
from negative ones during
testing phase.

Data without human labels
are available during whole
phases.
Learn model by modeling
the common characteris-
tics of observing data.

Data T = {x1, ...,xn}, train-
ing set with prior assump-
tion that the majority of
T are positive. T te =
{xte

1 , ...,x
te
m}, testing set.

U = {x1, ...,xn}, un-
labeled set without prior
knowledge. There is no
distinction of training and
testing.

Application Anomaly detection [52],
spam filtering [145]

Dimensionality reduc-
tion [49], clustering [34],
warming-up [48]

Example (AutoEncoder) (OCC) Use both en-
coder and decoder to
evaluate the devia-
tion of each sample:
ℓ(x, ϕde(ϕen(x; θen); θde))

(Dimensionality reduc-
tion) Use only encoder
to get a lower dimension
of feature representation:
h = ϕen(x; θen)

Example (K-means) (OCC) Use prototypes to
evaluate the deviation of
each sample: min

k
∥x −

uk∥2, where uk is the k-th
prototype representations.

(Clustering) Use proto-
types to get the cluster as-
signment of each sample:
A(x) = argmin

k
∥x −

uk∥2, where A(x) means
assignment.

Table 2.1: Reconstruction-based methods used for OCC and other tasks including
clustering.

When unsupervised algorithms are used for OCC or other unsupervised tasks, the

motivation is the same: the common characteristics of observing data can be learned

by optimizing reconstruction-based objectives under kinds of assumptions about the

data structures. More specifically, they all assert that a more compact representation,

a set of prototypes or subspaces, can be used for the description of target data. For
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instances, a prototype assumption indicates there exists a finite number of prototyp-

ical elements that describe the data structure or capture models of data distribution

well [157, 139]. The most famous algorithm under prototype assumption would be

K-means [94] which finds K prototypical instances describe data clusters well. For

text data, [141] proposes a recent reconstruction-based method that represents the tar-

get data by a set of r context (prototype) vectors C = (c1, ..., cr), is known as context

vector data descriptions (CVDD).

However, there are many differences between OCC and ordinary unsupervised

tasks such as clustering, as summarized in Table 2.1. The primary difference would

be the objective. For example, specifically, the use of K-means for unsupervised clus-

tering is to assign each observation to the nearest cluster center [95]. However, in

OCC problem, we only use K-means to calculate the reconstruction-error which mea-

sures each sample the deviation from its closet center in testing [157, 74]. Another

principal difference is the prior knowledge about the data learned [139]. Even the

training process with reconstruction-based algorithms is unsupervised in OCC prob-

lem, we still have a prior assumption that the majority of training data are from the

target class. While there exists no this kinds of assumption in tasks like dimensionality

reduction [49].

To sum up, OCC tasks can be solved by reconstruction-based algorithms which

are also commonly used for other unsupervised tasks, while the setting, objective, and

data assumption are different.

2.2 Bootstrapping Methods

Information extraction Extracting knowledge, including semantic lexicon, has been

addressed in the general area of information extraction (IE), and more specifically, re-

lation extraction, which finds semantic relations, including semantic lexicons, in a text

corpus [108, 62]. The extensive approaches under this topic, which share the common

techniques with our task of extracting semantic lexicons, can be grouped into four cat-

egories: rule-based, supervised, distant-supervised, and bootstrapping methods. With

a pioneering work by [44], who used manually constructed lexico-syntactic patterns

to identify hyponyms, [13], [8] and [31] used the similar approach for identifying

part-whole relations. However, these rule-based methods cannot be easily applied di-

rectly to other corpora [62] because each requires specific expert-designed patterns. A

supervised algorithm, trained with human-labeled samples, is another straightforward
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and effective approach where classifiers trained with hand-labeled corpora are used to

label different knowledge [177, 156, 144]. However, it is time-consuming to obtain

annotated data for a sizable corpus. Due to the above reasons, distantly supervised

or weakly-supervised approaches have attracted more attention for obtaining seman-

tic resources from a large-scale corpus. These methods attempt to build an alignment

between a raw corpus and a knowledge database [107]. By using a database like Free-

base [10], a large number of samples with noisy labels can be used for training a

supervised classifier. However, the use of distant supervision is limited to tasks with

available knowledge databases.

Bootstrapping Compared with the approaches described above, bootstrapping can

be considered a more effective and adaptable algorithm as it is not required to con-

struct complex patterns and knowledge bases. The bootstrapping methods start with

a small number of seed instances or patterns and iteratively enlarge the set of labeled

instances [119, 71, 131]. The framework of Basilisk, Bootstrapping approach to se-

mantic lexicon induction) [159], has been used for learning new types of knowledge,

including subjective nouns [135] and event-related nouns [127]. New types of pat-

terns, even regular expressions, can be learned by using part of this bootstrapping

framework [153, 37, 152]. Given a target corpus, the only difference is a new seed list

for the task. In some subsequent works, negative samples from other categories have

been incorporated in the unsupervised bootstrapping process [100]. For example, to

learn lexicons of multiple categories simultaneously, the concept of mutual exclusion

was incorporated to supervise candidate words or patterns to be extracted for a single

category, e.g., MEB [19], WMEB [101]. [102] improved the above two methods by

comparing the similarity drift among iterations. A more effective way of using nega-

tive information was presented by the work of [57], which trains contextual classifiers

where each classifier decides whether a noun phrase belongs to a semantic category.

Other work has changed how they train Basilisk. The idea of ensembling has also been

considered [129]. Except the iterative bootstrapping work mentioned above, [60] at-

tempted to learn an embedded frame lexicon using a predicate-argument structure, and

[128] used a non-iterative process to learn from tweets, where much non-standard con-

tent exists, while keeping part of the evaluation functions in Basilisk. Different from

those approaches, the proposed methods in Chapter 3 improve the bootstrapping of

semantic lexicons by incorporating unsupervised neural networks into the framework

of Basilisk and acquiring knowledge in a totally unsupervised manner.
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2.3 Multi-modal Deep Support Vector Data Descrip-

tion

Metric learning The incorporation of negative supervision in Chapter 4 is related to

metric learning [35]. Specifically, in our proposed mSVDD with the negative super-

vision framework, pseudo-negative samples are used to calculate the contrastive and

triplet type losses. Through adding these losses to mSVDD, mSVDD can learn dis-

criminative features that keep target data points close, while pushing pseudo-negative

data apart in the feature space. This shares a similar concept with metric learning,

such as ϵ-SVM, which minimizes the within-class distances by adding constraints to

SVM [24]. In terms of using neural networks to learn features, our methods are more

relevant to deep metric learning [51, 64]. Different from Mahalanobis metric learn-

ing [166], that finds only a linear transform, recent work on deep metric learning can

learn non-linear neural feature mapping, such that the distance of a positive pair is

smaller than a negative one [56, 169, 155]. Formally, deep metric learning methods

usually define the distance between data points as dij = ∥f(xi)−f(xj)∥, where f(x)

is an embedding of a sample x learned by a neural network. Given three data points

a, p, n, where a is an anchor, p is a positive of the same class as the anchor, and n is a

negative of a different class, the triplet loss that the deep metric learning optimized is:

L = max{0, d(a, p)− d(a, n) +margin}. If we assume that the centers in mSVDD

are anchors, data from the target class are positive, and external samples are negative,

the loss of mSVDD with negative supervision can be written in similar formulation.

Others In Section 4.4 of Chapter 4 introduced later, we use these external data to

complete auxiliary tasks with contrastive and triplet losses. One of the choice for

pseudo-negative data used in our negative supervision is from a publicly available cor-

pus, WikiText-2 [104]. This can be seen as one kind of weakly supervision method,

which learns classification models from data that are incompletely or scarcely la-

beled [82, 179]. Since the discriminative information is learned from external data that

is not directly related to the original training data in our negative supervision, this also

follows the idea from transfer learning [118]. [126] proposed a much more related

work, where they also incorporated the external image dataset to learn discriminative

features for a one-class problem in the computer vision area. As for the difference

between our work and [126], the primary purpose of [126] is to learn features for one-

class classification with two stages setting: feature learning and k-nearest-neighbor
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classifier using. In contrast, our purpose (Section 4.4) is to design a specific structure

for mSVDD such that it can be trained in an end-to-end neural structure. Another

related area is self-supervised learning, that constructs kinds of contrastive learning

tasks for unsupervised representation learning [67, 114, 17]. For example, in the con-

trastive learning framework used in Momentum Contrast (MoCo) [42], they learned

similar/dissimilar representations from data that are grouped into pairs by optimizing

a so-called InfoNCE loss function [116]. The contrastive loss (Eq. (4.18)) used in our

work can be viewed as a simplified InfoNCE loss function.
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Chapter 3

AutoEncoder Guided Bootstrapping
of Semantic Lexicon

3.1 Introduction

Acquiring large amounts of knowledge for natural language processing tasks can be

costly when performed manually. Therefore, there is an increasing need to acquire

knowledge, such as semantic lexicons, from raw text corpora. Such acquired knowl-

edge, including the semantic lexicons, is beneficial for numerous application scenar-

ios, e.g., domain-specific dialogue systems [112].

As minimal supervision algorithms, bootstrapping methods are efficient tools to

explore knowledge from unannotated corpora with increasing text size. Their sim-

ple input strategy, a human-defined seed list, gets rid of the needs of complicated

human-crafted rules, enormous amounts of annotated training data, which are both

time-consuming and costly to construct. Another benefit of bootstrapping is the flex-

ibility for different emerging tasks. Yarowsky showed the effectiveness of bootstrap-

ping learning in improving the performance of the task of word sense disambigua-

tion [174]. Then, bootstrapping techniques have been conveniently used in a variety

of tasks, including relation extraction [12, 1] and semantic lexicon induction [85, 159].

In addition, the most prominent characteristic of this idea, the iterative learning pro-

cess, has the potential to add more new instances as iterations progress.

In this work, we focus on the task of acquiring semantic lexicons using the boot-

strapping technique. Specifically, we follow the framework of Basilisk [159], Boot-

strapping approach to semantic lexicon induction, an effective and commonly used

bootstrapping approach for constructing semantic lexicons from text corpora. As one
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kind of bootstrapping methods, Basilisk inherits the advantages and characteristics of

bootstrapping. In Basilisk, it is also not necessary to label training data, and this makes

it more efficient and resources-saving. To explore semantic lexicons, all you need is to

input an initial seed list with a limited number of initial seed words. Thus, it is simple

to try the Basilisk algorithm to seek different types of lexicons from a text corpus.

The process of Basilisk can be seen from Figure 3.1. Given a seed list, we can start

the Basilisk process to explore an unannotated corpus. As the bootstrapping learning

process continues, the list of seed words will be expanded iteratively. Basilisk adds

not just new words, but also patterns indicating the context around the words. Thus,

Basilisk iteratively learns two apparently different knowledge of patterns and seman-

tic lexicons, i.e., two types of knowledge will be bootstrapped alternately during each

iterative process. Another key idea would be mutual bootstrapping, where one type

of knowledge (lexicon or pattern) is evaluated on the basis of the collective informa-

tion from another type of knowledge. Therefore, it evaluates and learns two types of

knowledge on patterns and lexicons in turn, and they then benefit each other mutually.

Three benefits of Basilisk can be summarized as: 1) flexibility, 2) learning iteratively,

and 3) mutual bootstrapping of two knowledge.

Basilisk would define a framework for bootstrapping that can be developed for a

variety of applications, rather than only a way of bootstrapping. Basilisk has been

modified and used in subsequent work, making it possible to bootstrap many types of

knowledge. For example, new types of lexicons including subjectivity lexicons and

patient polarity verbs (PPVs) can be learned with the same Basilisk algorithm [136,

167]. To induce new lexicons from Twitter, there was the work that dropped the iter-

ative process while keeping the part of its evaluation mechanism [128]. Incorporating

supervised learning would be another choice; it explores the idea of inducing a con-

textual classifier trained on positive instances of one category and negative instances

from the others [57].

In this work, we would like to incorporate AutoEncoder to improve the Basilisk

bootstrapping approach in an unsupervised manner. The key idea is to use AutoEn-

coder to guide the two scoring functions: candidate scoring and pattern scoring,

which are used for two fundamental steps of evaluating patterns and candidate in-

stances alternately. AutoEncoder, which is usually realized with a feed forward net-

work with a bottleneck structure and could be used to learn a compact representation

of input positive samples [115, 142, 11, 49]. As introduced in Chapter 2, AutoEncoder

a reconstruction model which consists of an encoder for computing a representation
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Figure 3.1: Process of Basilisk-like bootstrapping (solid line part) and the proposed
AutoEncoder guided bootstrapping method (including dashed line part)

from an input, and a decoder for reconstructing the input from the representation. The

parameters involved in the network can be optimized by reducing the loss of recon-

struction which computes the difference between the reconstructed outputs and the

inputs.

Our motivation is that, while we have only a small number of seed (positive) in-

stances, we can utilize these positive samples to complete learning under one-class

classification setting. In this setting, we do not rely on any negative samples, obtained

through expensive expert knowledge or learning approaches [85, 19, 100]. Further-

more, the learning paradigm is unsupervised such that we can follow the principle ad-

vantages of unsupervised bootstrapping. If we train AutoEncoder only with these pos-

itive instances generated in bootstrapping iterations, the reconstruction score, which

measures the similarity between the original input and reconstructed input, can mea-

sure how well a candidate is reconstructed by it. In addition, because of the increasing

number of positive samples extracted in bootstrapping iterations, AutoEncoder can be

updated in an incremental manner. In each evaluation step of bootstrapping, AutoEn-

coder can be used to score and identify the better candidates. Besides candidates, we

also attempt to use AutoEncoder to get a new pattern scoring mechanism. This new

metric for pattern scoring could benefit downstream steps, resulting in boosting the

results of a bootstrapping approach based on Basilisk.

Our methods in this chapter can be summarized as follows: 1) We formulate boot-

strapping as a special one-class problem. 2) We use AutoEncoder to guide the learning

of bootstrapping in a totally unsupervised manner. 3) We improve candidate evalua-

tion by incorporating AutoEncoder, which does not rely on any additional training

data. 4)We also present a new function to boost the scoring of patterns such that better
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candidates will be pooled in subsequent steps. The performance of candidate scoring

can be improved by including our new pattern scoring function.

The rest of this chapter is organized as follows: Section 3.2 introduces the prelim-

inary and background. Section 3.3 describes the proposed methods. The experimental

setup and results are presented in Section 3.4. Finally, we summarize this chapter .

3.2 Preliminary

Problem Statement: The objective of this research is to acquire lexicons for a se-

mantic domain from a general corpus. First, consider a text corpus C and a list S
containing manually crafted seed words (e.g., “banana,”“spaghetti,”...), that are in-

tended to belong to this food category. This is the only human input to the entire

learning process. With minimal syntactic structure information, we use only a con-

junction pattern with the form of multiple conjunctive items (n1, n2, n3) (a trigram

of noun phrases or nouns). Here, candidate words are selected irrespective of order

and can be at any position in (n1, n2, n3). Once a word n ∈ S is in (n1, n2, n3), the

pattern (n1, n2, n3) will be considered as a candidate pattern in the set P . An example

is (penne, spaghetti , xyz), where it is assumed that “spaghetti” and “penne” are in the

seed list and xyz denotes a candidate word. If we can find a set of candidates xyz, we

can evaluate them and add some of them to the seed list and repeat the process.

Background: Our method, much like the previous work (e.g., Basilisk [134, 159]),

acquires semantic lexicons in a bootstrapping manner. We follow the general frame-

work and iterative process of Basilisk, illustrated in Algorithm 1 and Figure 3.1.

Prior to the actual iterative process, S, a list of seed instances with a limited num-

ber, is inputted to the system. On the basis of this seed list, corresponding contextual

patterns are then generated and stored in the set P , where the inputted seed words

appear in the corpus. The process starts with pattern scoring as shown below:

1. Pattern Scoring: patterns in P are scored and ranked with RlogF :

RlogF (p) = F/N ∗ log(F ), (3.1)

where p ∈ P denotes a pattern to be evaluated. N denotes the set of instances

extracted by pattern p, and N = |N | is the total number of extracted instances.

F is a set of correctly extracted words, i.e., F = N ∩ S , and F computes the
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Algorithm 1: Algorithm of Basilisk Bootstrapping
Input: seed list S, corpus C
Output: seed list S (updated)
Parameter: k, q

1 Generate context patterns and store them in P , score the patterns on the basis
of Equation (3.1)

2 Select top-(k + l) patterns to pattern pool # l is the iteration index
3 Select all extractions with patterns in pattern pool to

candidate instance pool
4 Score all candidate instances in candidate instance pool on the basis of

Equation (3.2)
5 Add top-q candidates to seed list S
6 l = l + 1 # increment the iteration index
7 Repeat Steps 1 to 6

cardinality of F . This pattern score essentially represents the productivity of

each pattern (the ability to extract candidates).

2. Pattern Selection: on the basis of the score, the top-(k + l) patterns are selected

and placed in the pattern pool.

3. Candidate Pool: all the instances newly extracted by the patterns in the pattern pool

are put into the candidate instance pool, except for those already in the seed

list.

4. Candidate Scoring: to evaluate each candidate word c in the candidate instance pool,

AvglogF is used as the scoring metric, as defined below,

AvglogF (c) =
P∑
i=1

log2(Fi + 1)/P, (3.2)

where i is used to index pattern pi. Assuming candidate c is extracted by P

patterns, and Fi is the corresponding number of correct instances (as explained

in Equation (3.1)), this function calculates the mean value of productivity for

the patterns. The most important step is Step 4, where candidate instances are

scored. Note that the candidates are evaluated on the basis of all patterns in P
rather than in pattern pool.

5. Top-q candidate words are added to the seed list S for the next iteration.
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In the work of [159], rather than using AvglogF (Equation (3.2)), the authors first

investigated the effect of another candidate scoring function, AvgF :

AvgF (c) =
P∑
i=1

Fi/P. (3.3)

However, the simple average strategy is prone to be biased by one pattern with a

large number of extractions Fi. To minimize this problem, logarithm was added to

constrain the effect of any single pattern. The improved version, AvglogF , as shown

in Equation (3.2), was therefore adopted. Even so, if one candidate c is extracted by a

small number of high-scored patterns (large logF ), it is still prone to be overrated. Our

preliminary experiments showed that this bias still occurred during candidate estima-

tion. For example, totally unrelated tokens (e.g., “kinds of ”) and non-standard terms

(e.g., “g cone , ” and “e.g. (”) were extracted by the same one pattern with a high

value of Fi. The latter error of “g cone , ”, which may be caused by the preprocessing

tools, may have existed even if we had used other text tools. We found that both terms

were sometimes ranked higher on the basis of the evaluation by AvglogF or AvgF .

It is easy to understand that, if the value of P gets smaller while Fi becomes greater,

AvglogF of one candidate c would obtain a higher value using Equation (3.3).

Besides the candidate scoring function of Equation (3.3), the pattern scoring func-

tion of Equation (3.1) may also cause the bias problem, that persists in the bootstrap-

ping iteration. In Step 1 of evaluating patterns, when the value of F is large, the score

of p will also be large using Equation (3.1). According to Steps 2 and 3 in Algorithm

1, high-scored pattern p is more likely to be placed into pattern pool such that ex-

tractions from this pattern are put into candidate instance pool. Then, in Step 4 of

evaluating words in candidate instance pool, the bias problem using Equation (3.3)

will arise again.

Another issue caused by the bias problem would be the limited coverage of lexi-

cons. There are several possible reasons: 1) the number of extraction candidates for

each pattern is limited, 2) the pattern pool has a limited increase of l in each iteration,

and 3) the candidate pool is updated with few high-scored patterns. These limitations

may restrict the ability of bootstrapping to explore a broad range of lexicons.

The intuitive approach for alleviating the bias problem is to set a threshold for

the number of patterns, i.e., to discard candidate words recalled by less than a spe-

cific number of patterns. Although several thresholds were tried in our preliminary
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Method Example extractions
AvglogF chili pepper, gherkin, roast onion, ..., red pepper, black pepper, ...
NoisyOR corn, butter, potato, fish, sugar, ...

Table 3.1: Example extractions obtained by AvglogF and NoisyOR.

experiments, there was no significant improvement when compared with AvglogF .

Furthermore, setting a good threshold value also has a problem. All in all, we can say

that this intuitive method “treats the symptoms rather than curing the disease.” The

above two types of candidates (“g cone” and “e.g. (”) can essentially be seen as the

noise in pattern extraction. We can alleviate this bias problem by evaluating candidate

words on the basis of collective evidence over a wide range of patterns rather than few

high-scored patterns.

We thus turn our attention to the related bootstrapping work. NoisyOR is an effec-

tive technique used in Snowball [1] and in NOMEN [85], as introduced in [164, 62].

In contrast to AvglogF , which prefers clues from a small number of high-quality pat-

terns, NoisyOR considers the evidence on the quantity of patterns.

Here, we attempt to use NoisyOR for candidate scoring with the following consid-

erations: 1) the confidence of each pattern, conf , is represented in a probability form,

and 2) all related patterns are considered.

NoisyOR(c) = 1−
P∏
i=1

(1− conf(pi)), (3.4)

where pi is a pattern, and P is the number of patterns from which candidate c is ex-

tracted. The confidence of each pattern, conf , can be described as conf(pi) = Fi/Ni,

similar to Equation (3.1). Given NoisyOR, the acceptance of candidate c is based on

the backing of as many patterns as possible. This metric prevents the ranking and

selection from being easily biased to the lexicon selected by high-confidence patterns,

as in the cases with AvglogF . In this work, we utilize NoisyOR as an alternative

method for evaluating candidates, besides the baseline scoring function AvglogF in

Step 4 of Algorithm 1.

AvglogF vs. NoisyOR: The differences in these two candidate scoring mechanisms

lie in the tendencies in their evaluation and results. In the evaluation, AvglogF relies

on the minority of patterns with higher F values, while NoisyOR depends on the ma-

jority of patterns with not lower scores. Consequently, the results of exploration also

23



differ as in the following ( See examples in Table 3.1): 1) AvglogF mines more deeply,

which results in more specific words related to one specific pattern, for example, “red

pepper” and “chili pepper” are connected to “pepper”, and 2) NoisyOR explores more

broadly, producing more general words that are extracted by more patterns. These

different features motivated us to combine the characteristics of both evaluation meth-

ods. We have tried to ensemble these two functions, but did not obtain the expected

significant improvement.

3.3 Proposed Methods

3.3.1 Candidate Scoring with AutoEncoder

The above-mentioned candidate scoring methods, NoisyOR and the baseline AvglogF ,

along with other bootstrapping systems, like WMEB [101] and Espresso [119], eval-

uate instances by using the information from pattern confidence or co-occurrence be-

tween patterns and instances. These patterns can be seen as an interviewer who judges

candidates, and the above scoring mechanisms seek support from the interviewers in

the evaluation step. Another type of knowledge, instances acquired in previous iter-

ations of bootstrapping, can be considered as peers or predecessors. The previously

extracted peer words can also be directly used to evaluate the current patterns.

The characteristics of the acquired lexicon in the updating seed list are as follows:

1. Both the initial set of instances and the acquired instances in the seed list can be

seen as positive samples belonging to the target semantic category.

2. The vocabulary in the seed list is expanded over time.

3. Seed lists from the different initial seed lists will be updated and acquired inde-

pendently of each other.

To utilize this resource in the bootstrapping, one option would be to train a super-

vised classifier or regression model with the acquired lexicon. However, this requires

“appropriate” negative labeled samples, which are hard to obtain in different boot-

strapping iterations with a varying initial seed list. One trick is to input a negative list

as well as a positive list [1, 100, 57]. While general negative instances (e.g., “the” and

“a”) cannot cover and reflect differences among patterns, too specific instances are

only adaptive to a few patterns.
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Therefore, our motivation is to evaluate candidate instances only with positive

seed instances. On the basis of the above motivation, we utilize a neural model called

AutoEncoder [59, 49], which can be trained in an unsupervised manner. AutoEn-

coder is an unsupervised neural network that can complete training by relying only

on input positive samples themselves. The architecture of AutoEncoder is based on

reconstructing the input data at the output end through the pair of an encoder and de-

coder. The difference between inputs and outputs, represented by the reconstruction

loss, can be used to measure the quality of the reconstruction. Given AutoEncoder and

a seed list, we can take into account the first characteristic of a seed list in which its

instances are all positive. With trained AutoEncoder, we then could examine whether

a candidate new word is faithful to the original seed list, such that the evaluation step

can be completed in a totally unsupervised manner.

The second characteristic of the lexicon is that its size is enlarged by iterations.

AutoEncoder can not only boost training in an incremental mode but also acquire

adaptability to different iterations. For the different initial seed list, we can also train

independent models, such that a learned model can fit its own initial seed list. Thus,

AutoEncoder can match our objectives and the three characteristics of the seed list.

!"#$"#
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Figure 3.2: Architecture of AutoEncoder, represented as a bottleneck network: the en-
coder transforms inputs into hidden states in a low-dimensional space and the decoder
reconstructs the inputs from the hidden states.

The architecture of AutoEncoder is shown in Figure 3.2. We first use feature vec-

tors (learned from word embeddings) of instances as the input at the bottom. Specifi-

cally, an input instance c is transformed to one feature representation by averaging the

embeddings of its words. Given an input instance c and its reconstruction output c′,

we use r(c) and r(c′) to denote their feature representations, respectively. The input

feature vector r(c) is compressed into a hidden state of a smaller number of dimen-

sions. Then, the output layer tries to rebuild the input signal from the hidden state.
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The network can be optimized by reducing the loss of reconstruction that computes

the difference between reconstructed outputs and inputs. After being trained with only

positive instances, AutoEncoder can output positive instances with smaller reconstruc-

tion loss, which enables distinct features to be acquired from positive instances such

that it is hard to reconstruct negative instances. The candidate scoring function with

AutoEncoder can be defined as follows:

AE(c) = 1− norm(reconstruct(r(c), r(c′))), (3.5)

where output r(c′) represents the reconstructed input, and the reconstruction loss is

measured by reconstruct(, ), for which we chose the mean squared error. We use the

sigmoid function as the norm to output a probability value AE(c). We can rank and

select the better candidates with larger AE(c) values using Equation (3.5). This value

can also be used for the pattern scoring step, that we introduce in Section 3.3.2 below.

3.3.2 Pattern Scoring with AutoEncoder

As shown in Figure 3.1 and Algorithm 1, all candidates come from the candidate

pool acquired on the basis of the pattern pool, which is determined during the pattern

scoring step. Therefore, if low-quality patterns are selected, credible results are hard

to obtain even when there is a better candidate assessment metric. We hypothesize the

following:

Hypothesis: Better pattern evaluation results in better candidate selection, and

so the pattern scoring function contributes to improving the performance in candidate

selection.

Therefore, our motivation is to modify the pattern scoring function for better pat-

tern evaluation. Reviewing the first step of Algorithm 1, the score for each pattern p

is computed by Equation (3.1). Here, we rewrite it as follows:

RlogF (p) = F/N ∗ log(F ) = R ∗ logF (Rewriting), (3.6)

where R = F/N denotes the “reliability,” which computes the correct probability of

extracting pattern p, while logF = log(F ) measures the potential “productivity.” The

characteristics of RlogF are:

1. “Reliability”: R = F/N assumes that all extracted instances other than previous

seed instances are false positives.
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2. “Productivity”: logF = log(F ) is not a probability.

3. “Combination”: RlogF combines R and logF by a “multiplication.”

First, we attempt to incorporate AutoEncoder (See Section 3.3.1) to guide the calcula-

tion of R = F/N . As we know, N consists of the numbers of correctly extracted seed

instances F and other instances whose correctness is unknown, i.e., N = F ∪ Unk

(Unk is unknown instances extracted by this pattern.). It is ill-advised to regard all

the unidentified ones as negative when calculating R = F/N , which is the ratio be-

tween the number of correctly extracted seed instances F and N . Therefore, for each

unknown candidate c in Unk, 1 − AE(c) is incorporated to score the probability of

the instance being a “false positive.” The formula of R could be replaced by autoR to

evaluate the “reliability” of a pattern:

autoR = F/(F +
∑

c∈Unk

(1− AE(c))). (3.7)

Second, we replace log(F ) with a new measure, L = F/|S|, where |S| denotes the

size of the updated seed list S. Now, the “productivity” is represented as L, which is

a probability that agrees with the “reliability.” Finally, we combine the previous two

metrics, autoR and L. Rather than “multiplying” the two metrics, as RlogF , a more

balanced combination operation called harmonic mean can be used:

autoRL(p) = 2 ∗ autoR ∗ L/(autoR + L), (3.8)

where autoR and L are defined as above. Similar to the F1 measure, the harmonic

mean is a metric for averaging two measures.

3.3.3 Summarizing Proposed Methods

We summarize our proposed methods in accordance with the motivations presented

above. Our methods, as shown in Figure 3.1, utilize the basic framework of Basilisk-

like bootstrapping and modify its two key steps.

Candidate Scoring

To evaluate candidate instances, we modify AvglogF ( Equation (3.2)) or another

baseline NoisyOR ( Equation (3.4)), adapted in the other bootstrapping systems, to
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AutoEncoder (AE) in the candidate scoring step:

AE(c) = 1− norm(reconstruct(r(c), r(c′))).

Pattern Scoring

As described in Section 3.3.2, we substitute RlogF with autoRL and combine the two

new probabilistic metrics, autoR and L, that represent “reliability” and “productivity,”

respectively:

autoRL(p) = 2 ∗ autoR ∗ L/(autoR + L).

The above formula is used as the new pattern scoring function in Step 1 of bootstrap-

ping.

3.4 Experiments

In this section, we first introduce the data, pre-processing, and evaluation metrics.

We then show the experimental results and their analysis. We also perform ablation

studies to understand the behavior of each component in our methods.

3.4.1 Data and Preprocessing

The objective of this work is to acquire knowledge in an unsupervised bootstrapping

manner from an unannotated text corpus. Generally, there are three kinds of corpora

that can be used: 1) A domain specific corpus, such as a biomedical corpus [61] or

medical text data [3]. This kind of dataset contains authoritative source of domain

information, though it is expensive to obtain it. 2) Social media text data, such as

Twitter, have a lot of non-standard language content and are hard to process [128].

3) A corpus of a general domain (e.g., Wikipedia) contains diverse knowledge and

standard language texts. Here, we prefer to acquire semantic lexicons from the gen-

eral corpus of Wikipedia, rather than the other two corpora, based on the following

considerations: 1) This general corpus has a stable text form and diverse coverage.

2) We would like to acquire lexicons for a specific domain from a general corpus and

explore other domains in the future. As for the choice of the food domain, we thought

food is a good topic for a chat dialogue systems because eating food is a daily activ-

ity, and there are a variety of foods [72]. Furthermore, there are no comprehensive
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standard database for foods unlike movies. So if we try to build a dialogue system in

the food domain, we need to create a list of foods. In addition, since the food domain

is large [111], we believe a bootstrapping method that works for the food domain will

also work for other domains. Since we used a conjunction pattern, the dataset was

preprocessed by a spaCy2 pipeline, including a tokenizer and a noun phrase chunker

[54].

3.4.2 Evaluation Metrics

We evaluated the system performance in terms of Precision, Recall, and F1-measure

(F1). Precision is defined as the ratio of correct instances in all the extracted instances.

Each extracted instance was manually evaluated by inspecting whether it was correct.

For Recall, we calculated two different values with a small and large list of correct

instances. The small list with 68 instances consisted of more single-token instances.

The large list with 457 instances consisted of more noun phrases. Recall values were

the ratio of the number of instances in the lists that can be acquired in the bootstrap-

ping. Therefore, two recall metrics were recorded: Recall (small) and Recall (large).

As F1 considers both the precision and the recall, we have two corresponding F1s: F1

(small) and F1 (large).

3.4.3 Experimental Settings

All experiments were performed using ten initial seed instances. In each iteration,

top-(20 + l) patterns were added to the pattern pool. The top-5 best candidate in-

stances were then added to the expanded seed list for the next iteration. For the inputs

for the AutoEncoder model, we used Glove embeddings (300 dimensions) trained on

Common Crawl [123].1 We transformed each instance to an input vector by averaging

the embedding vectors of its words. Each input to AutoEncoder was compressed to

a hidden layer of 100 dimensions. Sigmoid was selected as the decoder activation to

reconstruct inputs. The mean squared error ( MSE ) loss was optimized by the Adam

algorithm [69]. For each training phase, AutoEncoder was trained with the early stop-

ping strategy with the maximum number of epochs (128). Because bootstrapping

approaches can be easily influenced by different input seed instances [101, 133], we

evaluated the performance with five different initial seed lists for all compared boot-

strapping systems for 20 iterations. For comparison, all the results for the methods
1http://nlp.stanford.edu/projects/glove/
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1 2 3 4 5
blueberry apple pineapple banana pancetta
papaya lasagna noodle melon croquette

barbecue mutton steak spaghetti white bread
salt pork bell pepper avocado penne brownie

tofu egg wonton ice cream cinnamon roll
pad thai pear pizza biscuit ramen

peking duck rice spring roll beef asparagus
zucchini tomato pumpkin pork saury
fry egg coffee fry shrimp garlic grape

pumpkin pie donut hamburger onion orange

Table 3.2: Five seed lists

Method F1 (small) F1 (large) Precision Recall (small) Recall (large)
AvglogF 0.119 0.147 0.840 0.065 0.082
NoisyOR 0.202 0.165 0.870 0.115 0.091
AE 0.254 0.280 0.878 0.150 0.172

Table 3.3: Results for candidate scoring. All metrics are averaged over five indepen-
dent initial seed lists. Best scores are in bold.

were the average over the five seed lists. All seeds were collected by employees in

the organization to which the second author belongs. Table 3.2 lists the seed terms we

used.

3.4.4 Experimental Results and Analysis

Candidate Scoring

First, we compared our AutoEncoder-guided scoring function with the two baseline

methods: AvglogF and NoisyOR. As shown in Table 3.3, NoisyOR outperformed

AvglogF in all five metrics. AE, with AutoEncoder, outperforms both the previous

baseline systems. As for F1, AvglogF and AE obtained higher scores for F1 (large)

than for F1 (small). In contrast, NoisyOR achieved higher scores for F1 (small) than

for F1 (large). This may be due to its preference for single-token instances of which

the small list consists. NoisyOR evaluates candidates by collecting evidence from a

larger range of patterns, and so extracts more general single-token instances. In Figure

3.3, we can track five metrics as bootstrapping progresses. We see that our proposed

approach AE significantly outperforms other methods in both F1 metrics over dif-

ferent iterations. This figure also display a continuous phenomenon of bootstrapping
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learning, which is the continuing decrease of precision and the increasing trend of

recall. In summary, our AutoEncoder-based candidate scoring function improved the

overall performance compared with the two baseline methods.
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Figure 3.3: Metrics after each bootstrapping iteration. # denotes number.

Pattern Scoring

This subsection investigates the performance of our new pattern scoring function

autoRL, to validate Hypothesis and our motivation in Section 3.3.2. In the ex-

periments, we used the same baseline candidate scoring functions (AvglogF and

NoisyOR) and modified the pattern evaluation function.

As shown in Table 3.4, autoRL improved the performance, especially for F1

(small), which increased to 0.232. The same scale of improvement (from 0.165 to

0.253) was also achieved for F1 (large) for the method with NoisyOR, at the cost of
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Method F1 (small) F1 (large) Precision Recall (small) Recall (large)
AvglogF 0.119 0.147 0.840 0.065 0.082
autoRL+ AvglogF 0.232 0.213 0.774 0.138 0.124
NoisyOR 0.202 0.165 0.870 0.115 0.091
autoRL+NoisyOR 0.259 0.253 0.838 0.153 0.149

Table 3.4: Results for pattern scoring. autoRL + AvglogF denotes that autoRL is
used for pattern evaluation, and candidate scoring still uses AvglogF . autoRL +
NoisyOR represents autoRL plus NoisyOR. Best scores are in bold.

a slight precision drop. Precision was affected, especially for the AvglogF method.

In part, this is because of the bias problem, which shows that candidate instances are

more likely to be extracted by few high RlogF patterns with large number of ex-

tractions F . When we changed RlogF to autoRL, more patterns could contribute

to the candidate pool. Instead of having to do evaluation in a narrow range, this

change brings to the candidate scoring function AvglogF a larger range of candi-

date words. Thus, this is beneficial to improving recall scores. However, the inclina-

tion of autoRL to patterns with fewer extractions caused a decrease of precision in

AvglogF . For NoisyOR, which considers pattern supports as much as possible to al-

leviate the influence from few patterns, these changes had a larger impact on precision

than AvglogF . To summarize, Table 3.4 demonstrates that the overall performance of

both the baseline methods in candidate scoring could be enhanced by using autoRL

in pattern scoring.

Ablation Study: Impact of each part in pattern scoring function

To assess the contribution of each part in our new pattern scoring method, we per-

formed an ablation study. Table 3.5 summarizes the results in F1 scores. In Basilisk’s

original formula RlogF (p) = R ∗ logF , R represents “reliability,” and logF mea-

sures “productivity.” They are combined by the “multiply” operation. Therefore, our

autoRL (Equation (3.8)) modifies three parts of RlogF . More specifically, we can

replace R with autoR for “reliability” and L = F/|S| for “productivity.” Finally, har-

monic mean, instead of “multiply,” can be used to combine “reliability” and “produc-

tivity.” In this ablation study, we kept the basic Basilisk framework and investigated

the contribution of the changes in “productivity,” “reliability,” and their combination.

Because R and autoR are in the form of probability while logF is not, we do not show

its score in the Harmonic cell.

In Table 3.5, the numbers in the last two columns denote F1-scores for the small
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Index Reliability Productivity
F1 (small) F1 (large)

Multiply Harmonic Multiply Harmonic
0 R logF 0.119 - 0.147 -
1 autoR logF 0.176 - 0.192 -
2 R L 0.149 0.205 0.147 0.182
3 autoR L 0.151 0.232 0.199 0.213

Table 3.5: Impact of each part in pattern scoring function. “-” indicates that we did
not obtain any result. Bold numbers indicate the best F1 scores. We use the index
column for clarity.

and large lists for different combination operations including “multiply” and “har-

monic mean,” respectively. Index 0 denotes the initial pattern scoring function RlogF ,

while indexes 1−3 denote three ablation studies. The first adjustment is autoR, which

is a new reliability metric based on AutoEncoder. It significantly outperformed R,

multiplied by logF (index 0). Specifically, F1 (small) increased from 0.119 to 0.176,

and F1 (large) increased from 0.147 to 0.192. By changing “productivity” to L, R ∗L
also achieved a better F1 (small) score than RlogF , as shown in the third row (index

2). However, it could not boost logF in F1 (large), which remained at 0.147. As for

index 3, where both parts were modified, autoR multiplying L obtained a compa-

rable F1 (small) result (0.151) to R multiplying L (0.149) and a significantly higher

F1 (large) result (0.199). The last four columns for F1 show that replacing “multi-

ply” with “harmonic mean” also improved performance. The results for “harmonic”

were around 0.056 − 0.08 in F1 (small) and 0.014 − 0.035 in F1 (large) higher than

those for “multiply.” Therefore, in the combination operation, harmonic mean is a

better choice than multiplying “reliability” and “productivity.” Comparing the two

adjustment methods, the improvement of autoR over R demonstrates the benefit of

AutoEncoder in improving the representation of “reliability.” Overall, our proposed

pattern scoring method enhanced the performance on the basis of the contribution of

the multiple different parts.

Analysis: Impact of the size of the training data for AutoEncoder

We performed an analysis to investigate the effect of the training data size for Au-

toEncoder. The results are reported in Table 3.6. Here, 100 additional human-crafted

positive instances were added to the training set with each initial seed list. We report

the influences on F1 (small) and F1 (large) on the basis of the two types of training

data: the original data (10 seed instances) and the augmented seed list with extra ex-
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Step Method
Basic Inst Aug Inst

F1 (small) F1 (large) F1 (small) F1 (large)

Pattern Scoring
AvglogF 0.232 0.213 0.252 0.235
NoisyOR 0.259 0.253 0.224 0.221

Candidate Scoring AE 0.254 0.280 0.226 0.259

Table 3.6: Impact of the training data size. “Step” indicates in which step we used aug-
mented training data. “Aug Inst” denotes the augmented data. “Basic Inst” denotes
the basic seed list. Bold numbers denote the better scores in each row comparison
(“Basic Inst” vs “Aug Inst”).

amples (110 instances). The first column, “Step,” denotes in which step the augmented

training data was used among the two steps in Basilisk: pattern scoring and candidate

scoring. In “Pattern Scoring,” we tested two baseline methods for candidate scoring:

AvglogF and NoisyOR.

The performance was improved with the augmented data for AvglogF . Table 3.6

shows that F1 (small) increased from 0.232 to 0.252 and F1 (large) increased from

0.213 to 0.235 when the augmented data was used. In contrast to AvglogF , it is more

beneficial to train AutoEncoder only with Basic Inst than with Aug Inst in using with

NoisyOR. The performances for NoisyOR + AE degraded when more training in-

stances were used, as shown in the second row from the bottom. This degradation

makes us consider whether adding much more training examples (110 > 10) will off-

set the influence of different initial seeds and the meaning of increasing new instances

in bootstrapping [102]. Random selection of augmented data might cause a biased set

of training instances, that resulted in a performance degradation. Additionally, in the

original setting, the five seed lists and the corresponding AutoEncoder were trained

independently. Here, we directly add Aug Inst for all seed lists to train. This might

dismiss the adaptability of AutoEncoder to each independent initial seed list, as shown

in the third characteristic of a seed list (See Section 3.3.1).

Case Study

Here, we present successful and erroneous example outputs for a case study in Table

3.7. In each column, seven good and three bad example words extracted by one of

the approaches are listed from top to bottom. As mentioned in Section 3.2, the results

of AvglogF and NoisyOR were quite different. AvglogF tended to choose related

noun phrases from few patterns, while NoisyOR preferred to explore more general

words in the candidate pool, which can be observed from the columns of AvglogF
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Step Candidate Scoring Pattern Scoring
Methods AvglogF NoisyOR AE autoRL +

AvglogF
autoRL +
NoisyOR

good cases

green pep-
per

lychee food honey mus-
tard sauce

milk

sweet
melon

rum fish toasted rice seafood

chinese
cabbage

cashew potato melon soda chocolate

musk
melon

strawberry tomato
sauce

fry chicken wine

watermelon breadfruit instant noo-
dle

mint ice
cream

salt

chili pepper cheese chicken
masala

mince beef cheese

kesar
mango

pomegranate roast onion green pep-
per

sugar cane

bad cases
production
0̆13

indigo peach tree ingredient
list

wood

marigold
petal

gold a variety woolen
product

silk

five kind flower other plant other field
crop

tobacco

Table 3.7: Sample results of different methods.

and NoisyOR. Even though NoisyOR achieved higher accuracy than AvglogF , its

extractions have two disadvantages: 1) extractions (e.g., “cashew”) did not have much

semantic relatedness with its seed list, and 2) it could not extract more specific words,

(e.g., “chinese cabbage,” “chili pepper”), as AvglogF did. If we had used the method

AE, which was introduced in Section 3.3.1, the results could have been more balanced

by taking both general (e.g., “food,” “fish”) and specific words (e.g., “instant noodle,”

“tomato sauce”) into account.

Next, when autoRL was incorporated into the step of pattern scoring, both of

AvglogF and NoisyOR have benefited from the diverse candidate pool. From the

column of autoRL + AvglogF , it can be observed that AvglogF obtained from a

large range of words including stable diet (“toasted rice”), drinks (“melon soda”), and

meat (“mince beef,” “fry chicken”), rather than being restricted to the small vocabulary

of “melon” and “pepper.” The last column shows a similar effect for NoisyOR. Even

though autoRL+NoisyOR still extracted as many general words as the column for
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NoisyOR, the new pattern scoring step autoRL enabled NoisyOR to choose from

a large vocabulary which was related to the food domain. For example, it contains

drink-related tokens (“milk,” “wine”), seasonings (“salt”) and specific tokens (“sugar

cane”).

Lastly, we summarize the erroneous sample outputs in the bottom of Table 3.7.

The errors caused by pre-processing tools may appear in various methods, e.g., “five

kind,” “a variety”, “production 0̆13”. More important errors would be erroneous to-

kens extracted by different methods. As for AvglogF , its erroneous examples (e.g.,

“e.g. (”, “marigold petal”) were caused by the bias problem and its average strategy,

as mentioned in Section 3.2. For autoRL + AvglogF , similar errors to AvglogF

may still exist, e.g.,“woolen product”, which was also extracted by few high-scored

patterns when using the average strategy of AvglogF . As for AE, an example of

“peach tree” has semantic relatedness with several fruits (e.g., “orange,” “blueberry”)

obtained in the previous bootstrapping iterations, while it can be more likely to be

in the domain of plants rather than food. “Wood” and “gold” are similar erroneous

examples in the methods of NoisyOR and autoRL + NoisyOR, where both words

were easily extracted by more patterns when NoisyOR was used.

3.5 Summary of This Chapter

In this chapter, we presented methods for improving the bootstrapping of a semantic

lexicon that uses AutoEncoder to better evaluate candidate instances. The experi-

mental results, including ablation studies, validated the effectiveness of the proposed

methods. By training AutoEncoder with the updated seed lists, we could provide a

better candidate scoring function. Additionally, a more balanced pattern evaluation

function, guided by AutoEncoder, also improved the overall performance. This veri-

fied the hypothesis that a better candidate pool would be beneficial.
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Chapter 4

One-class Text Classification with
Multi-modal Deep Support Vector
Data Description

In this chapter, we present a generic boundary-based one-class classification frame-

work for text data, multi-modal deep support vector data description, called mSVDD.

4.1 Introduction

As have introduced in Chapter 2, one-class support vector machines (OC-SVM) [149]

and support vector data description (SVDD) [158] are boundary-based one-class meth-

ods [157]. [140] introduced deep support vector data description (deep SVDD), a fully

unsupervised method for deep one-class classification for image data. Deep SVDD

learns to extract the common factors of target training samples with a neural network

to minimize the radius of a hypersphere that encloses the network representations of

the data. The learned hypersphere, with a center c and a neural feature transformer

ϕ(x), can be an end-to-end feature learning and one-class classification model. An-

other piece of work would be one-class neural networks (OC-NN) [14], which ex-

tends OC-SVM to an end-to-end neural architecture. Instead of a hypersphere in deep

SVDD, OC-NN builds a hyperplane on features learned by a feed-forward neural net-

work.

Target data samples may have distinctive distributions that are located in different

regions. Therefore, uni-modal deep SVDD with one hypersphere may not be enough

37



to describe the target samples. In this work, we extend deep SVDD to multiple modes,

where each mode describes the target samples from a distinctive aspect. Given our

multi-modal deep SVDD, mSVDD in short, we can create an ensemble set of hyper-

spheres with different centers to build a better one-class model. [29] proposed deep

multi-sphere SVDD (DMSVDD), a similar but different work from ours. Another

recent work, context vector data description (CVDD), proposed by [141], fully uses

word embedding knowledge and a neural network structure to process one-class text

classification problems. We will also discuss their relationships compare them in the

experiments.

In one-class classification, only samples from the target class are available for

training, while the model needs to discriminate between the target class and other

classes in testing. Due to the unavailability of training samples from negative classes,

it is hard for the one-class models to learn effective discrimination information, espe-

cially for mSVDD with a multi-layer neural structure. In this study, we also propose

an architecture for improving the discrimination ability of mSVDD by incorporat-

ing negative supervision. Specifically, we define two kinds of losses, contrastive and

triplet, for joint training with the objective function of mSVDD, which is expected to

enhance the discriminative power of mSVDD.

In summary, the main contributions of this work are as follows. 1) We propose

a general one-class neural learning framework, called mSVDD, to extend the uni-

modal deep SVDD to end-to-end multi-modal. 2) We also prove that four one-class

models, deep SVDD, CVDD, DMSVDD, and OC-NN, are all special cases of the

mSVDD model. 3) We propose two approaches for effectively incorporating negative

supervision information to improve the performance of the proposed mSVDD.

The remainder of this chapter is structured as follows: Section 4.2 introduces no-

tations and baseline models. Section 4.3 describes the proposed mSVDD. Section 4.4

describes the combinatorial use of mSVDD and negative supervision. We then ana-

lyze evaluation results by comparing mSVDD and the baseline models in Section 4.5.

Finally, we conclude this chapter.

4.2 Preliminary

We have introduced the details of SVDD [158] and OC-SVM [149] in Chapter 2.

Now, we describe their extensions, deep SVDD [140] and OC-NN [14].
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4.2.1 Deep Support Vector Data Description

Deep support vector data description (DSVDD) [140] is an end-to-end deep neural

model that not only optimizes the SVDD objective loss but also learns a neural feature

transformation. Given target training samples T = {x1, ...,xn}, deep SVDD first

transforms instance x into a data point of the output feature space with ϕ, which is

a multi-layer neural network of L ∈ N layers with parameters W = {W 1, ...,W L}.

Deep SVDD defines two kinds of loss functions:

Soft-boundary deep SVDD :

1

νn

∑
i

max(0, ∥ϕ(xi;W)− c∥22 −R2) +R2 +
λ

2

∑
l

∥W l∥2F (4.1)

The first penalty term is for samples lying outside the sphere, i.e., when the distance

of xi to the center, ∥ϕ(xi;W)− c∥22, is greater than radius R after the transformation

by network ϕ. The above loss also regularizes the radius and neural weight parameters

in the second term. As with SVDD, parameter ν ∈ (0, 1] adjusts the tradeoff between

the radius of the hypersphere and the points outside the hypersphere.

[149] proved that, in single-class classification, ν is the upper bound of the fraction

of anomalies, and the lower bound of the fraction of training samples being anomalies

or on the optimal boundary. [140] proved that this ν-property still holds for uni-modal

soft-boundary deep SVDD.

Another simplified objective that minimizes the mean distance of all positive train-

ing samples to the center, the one-class form, can be defined as follows:

One-class deep SVDD (simplified form):

1

n

∑
i

∥ϕ(xi;W)− c∥22 +
λ

2

∑
l

∥W l∥2F (4.2)

Here, we can rewrite both the above in a unified form:

LDSV DD = C
∑
i

[∥ϕ(xi;W)− c∥22 − β]+ + β +
λ

2

∑
l

∥W l∥2F , (4.3)

where [·]+ = max{0, ·}, β ∈ {0, R2} and regularization parameter C ∈ { 1
n
, 1
νn
}

correspond to the two types of forms.
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Figure 4.1: mSVDD with two modes. ϕ is a neural network. Fivestars denote cen-
ters, and black points denote positive target samples, while triangles denote negative
outliers that need to be rejected by hyperspheres.

4.2.2 One-class Neural Networks

[14] proposed one-class neural networks (OC-NN), which extends OC-SVM to a neu-

ral architecture. As with deep SVDD, OC-NN also uses an end-to-end neural net-

work to perform feature learning and to optimize a OC-SVM equivalent loss objective

function. Given a training set T = {x1, ...,xn} and an L-layer neural network ϕ with

parameter W , the objective of OC-NN is:

1

2
∥w∥22 +

1

νn

∑
i

max(0, ρ−wTϕ(xi;W))− ρ+
λ

2

∑
l

∥W l∥2F , (4.4)

where the key idea is to use ϕ to learn the feature transformation for each instance x.

Similar to soft-boundary deep SVDD (Eq. (4.1)), OC-NN also uses ν to regularize the

loss.

We will discuss the relationship between deep SVDD and OC-NN in Section 4.3.3.

4.3 Multi-modal Deep SVDD

In this section, we present our mSVDD, a method for deep one-class classification.

Unlike a uni-modal model with a hypersphere, mSVDD uses a set of hyperspheres to

describe target class data and to reject samples from negative classes. Figure 4.1 shows

the general idea of mSVDD with two modes. Consider that we have m modes, each

of which is described by a hypersphere M j with center cj and radius Rj; mSVDD

uses each M j to describe a distinctive aspect of the target class and then ensemble
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them. This ensembled deep mSVDD model can provide better descriptions for the

target data.

As with deep SVDD, given target training samples T = {x1, ...,xn}, mSVDD

first transforms instance x into a data point of the output feature space with ϕ, where

ϕ is a deep neural network of L ∈ N layers with parameters W = {W 1, ...,W L}.

In contrast to deep SVDD, mSVDD uses m hyperspheres to include almost all of the

target data with the minimum radii, i.e., 1
m

∑m
j=1R

2
j . The objective of kernel SVDD

and deep SVDD is to minimize the volume of a data-enclosing hypersphere in fea-

ture space that is represented by center c and radius R. Therefore, to minimize the

volume, deep SVDD punishes points lying outside the sphere, i.e., if the distance of

x to the center c, ∥ϕ(x;W) − c∥22, is greater than radius R. Since we have a set of

hyperspheres M = {M 1, ...,Mm}, one choice would be to punish x with respect to

each hypersphere by adding
∑

j max
(
0, ∥ϕ (x;W)− cj∥22 −R2

j

)
to the loss function.

However, the above penalty term does not take into account the different influences

from multiple hyperspheres together. Therefore, we would like to take another en-

sembled constraint by incorporating attention mechanism. Attention mechanism has

been adapted to various tasks, allowing models to learn the weights of focusing on

different contexts [93]. Thus, it is naturally to incorporate this mechanism to assign

a weight for each sample to each center. Given non-negative attention weight αij for

xi to each M j , the penalty term can be computed as the weighted average over m

constraints. Now, only one ensembled constraint is required, i.e., the sum of radii is

greater than the sum distance to the center. Formally, we can define our mSVDD

objective as follows:

Lsoft-mSVDD =
1

νn

∑
i

max(0,
∑
j

αij(∥ϕ (xi;W)− cj∥22 −R2
j )) +

1

m

∑
j

R2
j

+
λ

2

∑
l

∥W l∥2F , (4.5)

where 1
m

∑m
j=1R

2
j is the regularization term for radii from all m hyperspheres to get

a closer boundary around the target data. This form can be seen as mSVDD with

weighted soft-boundary constraints, which we call soft-boundary mSVDD.

Although the ν-property, mentioned in Section 4.2.1, does not hold true for our

multi-modal case as it is in general, it is still true when the attention weight αij is

constant for different hyperspheres. This will give us an intuition on the role of ν.
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Proposition 1. The ν-property holds if we set equal attention weight to each hyper-

sphere:

i. ν is an upper bound for the fraction of outlier samples.

ii. ν is a lower bound for the fraction of training samples being rejected or on the

optimal boundary.

Proof. Ad (i). For each training instance xi, its loss function is defined as hinge-

loss: l(f(xi)) = max{0,
∑

j αij (∥ϕ(xi;W) − cj∥2 − R2
j )}, where f is the model

with parameters. Let us define di =
∑

j αijd(xi, cj). Assume αij = 1/m, we have

di =
1
m

∑
j d(xi, cj). We also define Rs =

1
m

∑
j R

2
j . And W.L.O.G, we also assume

d1 ⩽ ... ⩽ dn which means dn is n-th farthest sum distance. The number of outliers is

given by nout = |{i|di > Rs}|. Rewrite the objective of soft-boundary deep mSVDD

( Eq. (4.5)) as:

Lsoft-mSVDD = Rs −
nout

νn
Rs = (1− nout

νn
)Rs (4.6)

Since the objective of mSVDD is to get a minimum Rs, therefore 1 − nout

νn
should be

positive, Thus, nout ⩽ νn must hold in the training. It implies that at most νn outliers

should be rejected.

Ad (ii). The optimal R∗
s has to hold the inequality nout ⩽ νn. If R∗

s >= dn, then

nout takes the minimum value of 0 which means the boundary includes all the samples.

Since nout is increased as long as Rs decreased. If nout take the maximum value of νn

under condition (i), we can have the minimal R∗
s = di∗, where i∗ = n − nout means

di∗ is (n − nout)-th farthest distance. We define {xi|di ⩾ R∗
s} is the set of training

samples being rejected (di > R∗
s) or on the optimal boundary (di = R∗

s). Then we have

inequality: |{xi|di ⩾ R∗
s}| = |{xi|di > R∗

s} ∪ {xi|di = R∗
s}| ⩾ nout + 1 ⩾ νn. This

implies that at least νn samples being rejected or just on the optimal boundary.

Proposition 1 and its proof refer to works [140, 16, 150].

4.3.1 One-class mSVDD (Simplified Form)

As in deep SVDD, we also have the simplified form and called: one-class1 mSVDD.

If we assume that the majority of the training data is not anomalous, then the radius

1The term “one-class” is used following [140]. Note that most of the models discussed in this theis
are one-class models.
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can be ignored and we can define the simplified mSVDD as follows:

Loc-mSVDD =
1

n

∑
i

∑
j

αij∥ϕ (xi;W)− cj∥22 +
λ

2

∑
l

∥W l∥2F , (4.7)

where the attention weight αij will be kept, while the penalty of radius R is deleted.

4.3.2 Unified Form of mSVDD

We can write the two variants of mSVDD (i.e., soft-boundary mSVDD and simplified

one-class mSVDD) in a unified form:

LmSVDD = C
∑
i

[
∑
j

αij

(
∥ϕ (xi;W)− cj∥22 − βj

)
]++

1

m

∑
j

βj+
λ

2

∑
l

∥W l∥2F ,

(4.8)

where βj ∈ {0, R2
j}. βj = 0 corresponds to simplified one-class mSVDD, and βj =

R2
j corresponds to soft-boundary mSVDD. For xi to the j-th hypersphere, attention

weight αij should be inversely proportional to its distance to center cj . Thus, we

define:

αij =
exp(d(xi, cj)/δ))∑m
k=1 exp(d(xi, ck)/δ)

=
exp(∥ϕ (xi;W)− cj∥22/δ)∑m
k=1 exp(∥ϕ (xi;W)− ck∥22/δ)

(4.9)

where δ < 0 is a temperature hyperparameter.

4.3.3 Relationship between mSVDD and Other Models

In this subsection, we would like to discuss the relationships between mSVDD and

other related models. First, it will help us to understand the differences, and more

importantly the common characteristics of deep SVDD-related approaches. Second,

these discussions would give us a unified view on the development of deep SVDD-

related approaches in a limited range. Further, it also provides possible future direc-

tions. For example, if one model obtained improvements from certain method, e.g.,

negative supervision introduced later, this may motivate other deep SVDD-related

models.

Relationship between mSVDD and Uni-modal Deep SVDD

Their relationship is obvious and can be summarized by the following proposition.

43



Proposition 2. Deep SVDD is a special case of the unified form of mSVDD with one

hypersphere used.

Proof. Obviously, mSVDD becomes uni-modal [140] if we use only one hypersphere,

i.e., m = 1.

Relationship between mSVDD and CVDD

CVDD [141] is a one-class model for text data. In CVDD, each training sample xi

(i.e., a text) is represented by r self-attention feature vectors Si = (si1, ..., sir) [86].

CVDD uses a group of r context vectors C = (c1, ..., cr) to describe the target one-

class data, where ck ∈ Rp. CVDD tries to reduce the one-to-one reconstruction

distance between feature vectors Si and context vectors C. The loss can be defined as:

LCV DD =
1

n

∑
i

∑
k

σikd(ck, sik), (4.10)

where d(ck, sik) computes the distance, and σik denotes the attention weight. The

following proposition implies the close connection between two to learn one-class

text problem.

Proposition 3. CVDD is a very special case of one-class mSVDD when mSVDD is

applied to text-based tasks under certain conditions.

Proof. W.L.O.G., rewrite the loss function of one-class mSVDD in a simplified form

for each sample as follows:

LmSV DD =
1

n

∑
i

∑
j

αij∥ϕj (xi;W)− cj∥2

=
1

n

∑
i

∑
j

σijd(xi, cj) ≈ LCV DD,

where we drop the regularization terms for weights of ϕ and radii, and set m = r,

σij = αij , d(xi, cj) = ∥ϕj (xi;W)− cj∥2. ϕ (xi;W) has to be a self-attention neural

model, ϕj (xi;W) is the j−th feature vector of sample xi, and cj is the j−th context

vector of target samples. Now the loss functions of CVDD and one-class mSVDD are

almost the same.

As stated before, CVDD uses a different multi-head structure for text feature learn-

ing, while the common point would be both adopt the simplified form of mSVDD loss.
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In the experiments, we will show that the proposed negative supervision for mSVDD

(Section 4.4) can also be used for CVDD due to the similarity of both.

Relationship between mSVDD and DMSVDD

DMSVDD [29] also uses multi-hyperspheres to extend SVDD. The loss function of

DMSVDD is as follows:

LDMSVDD =
1

νn

∑
i

[∥ϕ(xi;W) − ci∗∥22 − R2
i∗ ]+ +

1

K

∑
k

R2
k +

λ

2

∑
l

∥W l∥2F ,

(4.11)

where K is the number of hyperspheres2, ci∗ is the nearest center of sample xi and

Ri∗ is its radius.

Proposition 4. DMSVDD can be seen as a hard-version of soft-boundary mSVDD if

we set the attention weight in some way.

Proof. In the calculation of the attention weight for mSVDD with Eq. (4.9) αij =
exp(d(xi,cj/δ))∑m

k=1 exp(d(xi,ck)/δ)
, the temperature parameter δ can influence the assignment of center

ck. If we set δ → 0−, the above formula acts as the argmin operation.3 In this case,

αii∗ = 1 if i∗ = argmink=1,...,K d(xi, ck), and 0 otherwise. Now, we can get the form

of DMSVDD from soft-boundary mSVDD (Eq. (4.5)) through the adjustment of the

attention weight. Therefore, we can prove that DMSVDD is also a special case of

mSVDD.

The above relation illustrates key difference between them: DMSVDD puts value

on one hypersphere with the largest weight.

Relationship between mSVDD and OC-NN

As mentioned, OC-NN and deep SVDD [14, 140] extend one-class SVM and SVDD [149,

158] to their neural network structures, respectively. [157] has discussed and proved

the equivalence of OC-SVM and SVDD. Therefore, in this subsection, we discuss

the relationships among the three neural models: OC-NN, deep SVDD and mSVDD.

Since deep SVDD is the uni-modal version of mSVDD (See Proposition 2), we focus

2In DMSVDD, K changes dynamically. However, we ignore this difference and focus on the com-
parison of the models.

3δ approaches 0 from the negative side.
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on the discussion of the relationship between mSVDD and OC-NN. We provide their

relationship in the following proposition.

Proposition 5. i.) OC-NN can be extended to the multi-modal version. ii.) Soft-

boundary mSVDD can be seen as multi-modal OC-NN under certain conditions.

Proof. Ad (i). First, we show that OC-NN can be extended to its multi-modal version.

OC-NN uses one hyperplane to separate the target data from the origin. Actually we

can also use a set of hyperplanes to separate target class data in the feature space,

which is a similar idea to mSVDD. We give the objective function of multi-modal

OC-NN as follows:

LmOCNN =
1

νn

∑
i

max(0,
∑
j

αij(ρj−wT
j ϕ(xi;W)))+

1

m

∑
j

∥wj∥22−
1

m

∑
j

ρj

+
λ

2

∑
l

∥W l∥2F , (4.12)

where wj and ρj denote the norm perpendicular and the margin of the j-th hyper-

plane in the neural feature space, respectively. For one data sample xi, the ensembled

constraint term, max(0,
∑

j αij(ρj − wT
j ϕ(xi;W)), denotes that the sum of margins

should be less than the sum of xi’s distances to the origin. The definition of weight α

is the same as in mSVDD (Eq. (4.9)).

Ad (ii). Then, we prove the equivalence of soft-boundary mSVDD and multi-

modal OC-NN. For clarity, we use f i = ϕ(xi;W) to denote the feature vector of xi.

And we also assume the feature vector f is normalized (f̂ = f/
√∑

|fi|2), so does c.

As shown in Fig. 4.2, in this case, all the data representations and centers are mapped

onto an unit hypersphere. In this case, a simplified formulation for the loss of mSVDD

( Eq. (4.5)) with normalized f̂ and ĉ would be:

LmSV DD =
1

νn

∑
i

max(0,
∑
j

αij(∥f̂ i − ĉj∥22 −R2
j )) +

1

m

∑
j

R2
j , (4.13)

We further transform Eq. (4.13) by using the relation ∥f̂ i− ĉj∥22 = ∥f̂ i∥22− 2f̂ i

T
ĉj +

∥ĉj∥22 = 2− 2f̂ i

T
ĉj ,
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LmSVDD =
1

νn

∑
i

max(0,
∑
j

αij(2− 2f̂ i

T
ĉj −R2

j )) +
1

m

∑
j

R2
j

=
1

νn

∑
i

max(0,
∑
j

αij2(1−
1

2
R2

j︸ ︷︷ ︸
redefine:ρ′j=1− 1

2
R2

j

−ĉj
T f̂ i)) +

1

m

∑
j

R2
j︸︷︷︸

R2
j=2−2ρ′j

=
2

νn

∑
i

max(0,
∑
j

αij(ρ
′
j − ĉj

T︸︷︷︸
redefine:ŵj=ĉj

f̂ i)) +
2

m

∑
j

(1− ρ′j)

= 2

(
1

νn

∑
i

max(0,
∑
j

αij(ρ
′
j − ŵj

T f̂ i)) +
1

m

∑
j

∥ŵj∥22 −
1

m

∑
j

ρ′j

)
= 2LmOCNN , (4.14)

where we redefine ρ′j = 1− 1
2
R2

j , ŵj = ĉj, ∥ŵj∥22 = 1, ∀j ∈ {1, ...,m}. The above

formulation indicates that the loss mSVDD is equal to the loss of multi-modal OC-

NN, LmOCNN (Eq. (4.12)), up to a factor 2. Therefore, we can prove the equivalence

of soft-boundary mSVDD and multi-modal OC-NN under the condition of normal-

ization. Certainly, the identity can hold when we use uni-modal deep SVDD and

OC-NN.
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(a) Multi-modal Deep SVDD with two
hyperspheres represented by (c1, R1) and
(c2, R2).
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(b) Multi-modal OC-NN with two hyper-
planes represented by (w1, ρ1) and (w2, ρ2).

Figure 4.2: Multi-modal Deep SVDD and OC-NN with two modes, where the data
representations are mapped to unit norm hypersphere. Black points denote normalized
data samples.

As for the geometric interpretation, Fig. 4.2 illustrates how the two models show

when data representations are normalized and mapped onto unit hypersphere. The two
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subfigures in Fig. 4.2 show multi-modal OC-NN and SVDD with two modes, respec-

tively. As shown in Fig. 4.2, each data sample can be regarded as a point on the unit

hypersphere, and maximizing the margins of hyperplanes from the origin in OC-NN is

equal to minimizing the radii of hyperspheres in SVDD. We can also get the relation-

ship from ρ′j = 1 − 1
2
R2

j which shows that the margin ρ′j is inversely proportional to

the radius Rj . During the (maximizing/minimizing) optimization process in OC-NN

and mSVDD, these two neural models can also perform the feature learning such that

data representations are rotated to their “center” representations (i.e., w and c) on the

unit hypersphere [90, 22, 175].

4.3.4 Summarizing mSVDD

We summarize the proposed mSVDD in accordance with the discussions presented

above. The proposed multi-modal deep SVDD (mSVDD) learns a compact descrip-

tion of one-class data with multiple hyperspheres. mSVDD is also a generic frame-

work that includes deep SVDD, CVDD, DMSVDD and OC-NN if the corresponding

conditions are met.

4.4 Multi-modal Deep SVDD with Negative Supervi-

sion

In this section, we incorporate negative supervision into the training of mSVDD. The

SVDD-related models are usually trained with only positive samples from the target

one-class, while, if negative samples are available, the models can be extended to

train with them to improve the description [157]4. Note that these samples are not

necessarily required to be from “real” negative class. For example, in our experiment,

external data can be seen as one of the choices for the incorporated pseudo-negative

samples.

Given a set of extended training samples T ′ = {(x1, y1), ..., (xn′ , yn′)}, where

the first n samples are labeled yi = 1, denoting positive, whereas the others are la-

beled yi = 0, which denotes negative samples that should be rejected by mSVDD.

The proposed mSVDD is represented with m hyperspheres and is formulated as M =

{M 1(c1, R1), ...,Mm(cm, Rm)}. It is required that the positive samples should be

4Section 2.2
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inside the m hyperspheres, while the negative samples should lie outside. Given train-

ing samples composed of positive and a negative samples, we can first get their corre-

sponding distances to each center cj . The goal of optimization should be to pull the

positive samples closer the center and to push the negative ones away. Formally, we

define the distance between one sample xi and one center cj as dij = d(xi, cj) =

∥ϕ(xi;W) − cj∥22. There are usually two types of losses to obtain the discriminative

loss.

Contrastive type: The contrastive-type loss directly optimizes the distance by en-

couraging the distance between a positive sample and a center to be smaller, while it

forces the larger distance to a negative sample:

L(ij)
Con d = yi[dij −R2

j ]+ + (1− yi) [R
2
j − dij]+, (4.15)

where R2
j can be seen as a margin (or threshold ) with a function that prevents too

much effort from being wasted in enlarging/reducing distances [38].

Triplet type: The triplet-type loss is defined for a pair of positive sample xi and

negative sample xi′ . If we consider center cj as an anchor representative of target

data, the triplet loss punishes only when dij , the distance from xi to cj , is greater than

di′j , the distance from xi′ to cj , with a margin τ > 0:

L(ii′j)
Tri d = [dij − di′j + τ ]+ . (4.16)

For clarity, Eqs. (4.15) and (4.16) show only the two types of losses for one hyper-

sphere. Multi-modal version can be obtained by sum operation over j ∈ {1, ...,m}.

The triplet loss forces only positive samples to be closer to the center than negative

samples, and the contrastive loss requires only keeping the distances for negative sam-

ples above the radius. These two types of objectives are easy to achieve, especially

when we assume that negative samples are “not real.” This may result in failing to

make a full use of negative supervision. Therefore, we will reformulate both LTri d

and LCon d.

4.4.1 Reformulating Contrastive and Triplet Losses

Normalization layer In neural models with the contrastive or triplet loss, it is a

common strategy to normalize the feature representations of samples for training

stability [151, 165]. Therefore, we apply the normalization to the input vectors:
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x̂ = x/
√∑

|xi|2 + ϵ, where ϵ > 0 is a value avoiding division by zero.

Reformulation Given a center cj and positive and negative samples, we can use the

probability form in the optimization objective, rather than the two non-probabilistic

ones: LCon d and LTri d. We introduce p(yi = 1|xi, cj), which is the probability that

a hypersphere with center cj accepts the sample xi, and define it as follows:

p(yi = 1|xi, cj) = σ(sf̂ i

T
ĉj), (4.17)

where σ(x) = 1
1+exp(−x)

, f i = ϕ(xi;W) denotes the feature output vector of xi, and

s is a scale hyper-parameter for preventing failed convergence [170] after the normal-

ization. For each sample xi, cj acts as a pseudo-weight vector for the classification

of the j-th hypersphere of mSVDD. Thus, given p(yi = 1|xi, cj), the probability of a

sample being accepted by hypersphere M j , we can reformulate the two discriminative

losses with the probability.

Contrastive type loss:

L(ij)
Con = −yi log p(yi = 1|xi, cj)− (1− yi) log p(yi = 0|xi, cj)

= −yi log σ(sf̂ i

T
ĉj)− (1− yi) log σ(−sf̂ i

T
ĉj), (4.18)

This loss maximizes the likelihood of training positive samples being accepted or

negative rejected.

Triplet type loss:

L(ii′j)
Tri = [log p(yi′ = 1|xi′ , cj)− log p(yi = 1|xi, cj) + τ ]+

=
[
log σ(sf̂ i′

T
ĉj)− log σ(sf̂ i

T
ĉj) + τ

]
+

(4.19)

The loss will punish when the log probability of a negative sample is greater than

a positive sample with a margin τ .
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4.4.2 Reformulating Contrastive and Triplet Losses for Multiple
Modes

While Eqs. (4.17), (4.18), and (4.19) show the uni-modal case, for the multi-modal

one, we have to consider m different centers {c1, . . . , cm} in the calculation of the two

reformulated discriminative losses. Therefore, we propose two strategies as follows:

p(yi = 1|xi) =


max
1⩽j⩽m

p(yi = 1|xi, cj) Max

1
m

∑
j p(yi = 1|xi, cj) Mean,

(4.20)

where Max references only M j with the max logit output, while Mean takes account

of all hyperspheres equally. Then, we can obtain the corresponding Contrastive and

Triplet losses by substituting Eqs. (4.18) and (4.19) with the probability term (Eq.

(4.20)).

4.4.3 Training Loss

The final training loss for the mSVDD with negative supervision can be formulated

as:

L = LmSV DD + γLCon|Tri, (4.21)

where γ adjusts between the mSVDD loss and the discrimination with negative su-

pervision. In the training process, LCon|Tri will sum the loss from one batch samples

with Eqs. (4.18) and (4.19).

4.4.4 Relationship between mSVDD and the Use of Negative Su-
pervision

mSVDD and negative supervision are not two independent sub-architectures. Neg-

ative supervision, including contrastive and triplet losses, are specially equipped to

mSVDD. Specifically, these two components are closely connected by the center of

the hypersphere, cj . Both mSVDD (Eq. (4.8)) and negative supervision (Eq. (4.18)

or (4.19)) contain cj . Since there is no real negative data, external data are used

as pseudo negative samples to complete negative supervision. The use of negative

supervision can improve the discrimination ability of mSVDD. In training, negative

supervision loss forces mSVDD to reject unseen samples since real negative data in
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testing are also unseen in training. This improves inter-class discrepancy, compared

with intra-class loss mSVDD optimized. However, in testing, the decision function

will be the same as mSVDD trained only with positive samples.

4.5 Experiments

4.5.1 Datasets and Implementation Details

Datasets Experiments were conducted on two datasets: 20 Newsgroups5 and Reuters6,

which have been commonly used in other one-class text classification work [99, 141].

We also conducted experiments on another dataset TREC7 [84]. We follow the same

one-class classification setting in [141], i.e., one of the classes in each dataset is con-

sidered as the target class, we call it as target or positive, while the remaining classes

are considered negative. Note that we labelled positive samples as y = 1, while neg-

ative ones y = 0. We used the same pre-processing steps as the ones used in earlier

work [141], including lowercasing, removing stopwords, and tokenization. We used

the external data for negative supervision in the absence of “real” labeled negative

instances. We followed the similar logic for choosing our external data as the one in

the field of pretrained word vectors, in which one general corpus, such as Wikipedia

articles, is often adopted as the training dataset [105]. So we also chose one publicly

available corpus WikiText-2 [104], extracted from Wikipedia articles, as our external

data. In the training, data loader loads one batch of negative samples, i.e., sentences

from WikiText-2, which are labeled with 0.

Encoder For encoding the text input, i.e., ϕ(x,W ), we used a Bidirectional LSTM

with attention [50, 173], with the number of hidden units being 150. For the pre-

trained word embeddings, we experimented with GloVe Vectors [123] and set the

dimension to 300. In our experiments, we did not adopt the widely used BERT model

[23], as [141] showed that BERT model did not improve the performance.

Settings As for the optimization of parameters, Adam [69] with a base learning

rate of 0.001 was used for 50 epochs. The batch sizes were set to 32, 32, and 64

for Reuters, TREC, and Newsgroups, respectively. For the initialization of mSVDD

5http://qwone.com/json/20Newsgroups
6http://daviddlewis.com/resources/testcollections/reuters21578/
7https://cogcomp.seas.upenn.edu/Data/QA/QC/
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model, we employed two operation steps. In the absence of negative samples, mSVDD

was first pre-trained on target samples by using an AutoEncoder with two objectives:

1) warm-up and 2) reducing the reconstruction error for the target samples, such that

the model can be more robust to noise or anomalous inputs [58, 49]. An AutoEncoder

feed-forward network with a 0.5 compression rate, which consists of an encoder and

a decoder, was put on the back of the BiLSTM feature network. Then, the weights

of the m hyperspheres in mSVDD were initialized by running k-means clustering on

the features learned before [92]. As for the regularization term of mSVDD, cj was

regularized [113], and a weight decay with 0.95 was applied for the parameters. As

for the number of hyperspheres, different settings, 1, 3, 5, 10, were tested. For the

hyperparameters, we set parameter s = 1.2 for scale, ν = 0.1, δ = −0.9 for the

attention weight, τ = 0.1 for the triplet loss, ϵ = 1e−6 for norm, and γ = 1 for the

training loss. The results were averaged over 10 runs with different random seeds.

Evaluation metrics The performance was measured by the area under the receiver

operating characteristics (ROC) curve (AUCs), a commonly used metric for one-class

text classification [99, 141].

4.5.2 Results

Comparison between multi-modal and unit-modal SVDD

Table 4.1 shows the performance of mSVDD with different choices of m, i.e., the

number of hyperspheres. Here, mSVDD(1) represents uni-modal deep SVDD (DSVDD)

[140]. The results show that: 1) mSVDD outperformed the uni-modal DSVDD under

most target classes over three datasets. Generally, multi-modal mSVDD provided bet-

ter performances by obtaining best scores in more times than the uni-modal one. As

for the one-class version, compared to mSVDD(3), mSVDD with more hyperspheres

(5) setting performed better in Reuters and TREC, while there was no improvement

found on Newsgroup. mSVDD(3) also shows improvements on four target classes on

TREC datset. Similar results can also be observed for soft-boundary version. On the

three target classes, rec, sci and misc, soft-boundary mSVDD(3) shows consistent per-

formances. It shows also that the soft-boundary mSVDD(5) achieved the best scores

on five out of size cases in TREC dataset. The results show the effects of incorporating

more hyperspheres to better describe the target data.
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Target One-v mSVDD (m) Soft-v mSVDD(m)
Class 1 3 5 10 1 3 5 10

Reuters
earn 95.6 95.5 96.0 95.9 95.9 95.9 96.2 96.1
acq 89.4 90.0† 89.3 90.1 89.0 89.1 89.1 89.2
crude 92.7 92.5 92.5 92.4 92.8 91.5 92.5 92.4
trade 98.4 98.3 98.8† 98.6† 98.3 98.9† 98.7 98.8
money 86.3 85.1 86.4 87.1 86.2 86.2 86.4 86.8
interest 97.2 97.2 97.2 97.3 97.3 96.9 96.6 96.8
ship 92.5 93.8† 93.8† 92.6 91.7 91.6 92.3† 91.7

20 News
comp 85.3 86.2 86.1 86.7 84.9 86.0 85.9 86.5
rec 77.1 77.7† 77.6 77.6 76.2 77.0† 76.9 76.8
sci 66.5 67.3† 67.1 66.9 66.3 67.3† 66.7 67.0
misc 75.2 76.0† 75.5 75.5 75.0 76.2 76.2 76.2
pol 79.2 78.5 78.7 78.5 79.1 78.7 78.4 78.4
rel 83.6 83.1 83.1 83.1 82.5 82.5 82.3 82.2

TREC
ENTY 71.8 72.4 72.5† 72.3 70.9 71.8 72.0 71.8
HUM 75.3 76.4† 76.4 76.4 75.7 76.6 76.8† 76.7
DESC 52.9 52.9 52.6 52.4 54.5 55.3† 55.3† 54.9
NUM 73.7 74.5† 74.7 74.6 73.4 74.4 74.5 74.4
LOC 79.0 79.7 79.7 79.6 78.7 79.5 79.6† 79.4
ABBR 97.6 96.6 96.3 94.7 97.3 96.9 96.4 96.7

Table 4.1: Results of mSVDD with different settings of m. Numbers in brackets de-
note the number of hyperspheres in mSVDD. One-v and Soft-v denote the two versions
of mSVDD, One-class and Soft-boundary, respectively. AUCs in % on the Reuters
(upper part), 20 Newsgroup (middle part) and TREC (lower part) datasets. Best scores
in each row are presented in bold within each One-v and Soft-v group. Significant
improvements over uni-modal have been marked with a dagger †(p < 0.05).

2)The performance of mSVDD did not improve linearly along with m. For exam-

ples, except for comp in Newsgroup dataset, mSVDD(10) with one-class form won’t

achieve best scores. While mSVDD(3 or 5) perform the best in most target classes

over three datasets in the one-class loss setting. This indicates that the incorporation

of more descriptions is not necessary sometimes. Fig. 4.3 shows an example with t-

SNE [161] visualization of feature representations learned by DSVDD, mSVDD, and

CVDD. For the data inputs for target rec, mSVDD maps data to multiple clusters in

the feature space which matches the assumption that there are multiple sub-groups on

rec. While DSVDD maps them into one cluster, and CVDD outputs feature repre-

sentations separated by five heads. As for the performance, both forms of mSVDD

obtained better scores than CVDD or DSVDD on rec.

As for uni-modal has good results in some cases such as ABBR, pol, and rel. We

can explain this from the following aspects. As for the model, mSVDD with more

centers means that it has more parameters and a complex model structure, which is

hard to be optimized, especially on the data with a small training size (e.g., pol or
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rel.) As for the data, some data might have simple data distributions without the

need for more modes. Another aspect would be the attention weights of multiple

hyperspheres. [29] showed that focusing on some“ good”hyperspheres would be

beneficial rather than over all hyperspheres. In the calculation of attentions, we did

not adjust δ so as to have a large weight for one specific hypersphere. This may cause

limited improvements. We will compare mSVDD with DMSVDD later.

 

 

(a) DSVDD

 

 

(b) mSVDD

 

 

(c) CVDD

Figure 4.3: t-SNE visualization of feature representations learned by DSVDD,
mSVDD and CVDD over rec on Newsgroup dataset

Comparison between mSVDD and other models

Table 4.2 shows the results of the comparison between mSVDD and other models.

From the discussion in the last subsection, we used m = 3 for mSVDD in this sub-

section. As for the three baseline methods, kernel OC-SVM, SVDD, and CVDD, we

adopted their best scores on Reuters and 20 Newsgroup from [141]. As for TREC,

we conducted experiments with the same setting with [141] and reported the best re-

sults for the above three approaches. For the method of DMSVDD, we reported the

results in the setting of the initial number of spheres Kinit = 10. We also ran exper-

iments with one-class neural networks (OC-NN) [14]. Since OC-NN8 was originally

designed and applied for computer vision tasks, we re-implemented it to match our

experiments with PyTorch [121].

From the results in Table 4.2, we have the following observations. In general,

CVDD performed better than other neural models on Reuters dataset, while mSVDD

achieved better performances than other models on other two datasets, Newsgroup and

TREC. As for the two traditional kernel methods, they performed well on Reuters, es-

pecially for earn and acq. As regard the comparison between DMSVDD and mSVDD,

DMSVDD puts value on one hypersphere and performed slightly better over mSVDD(3)
8https://github.com/raghavchalapathy/oc-nn

55



in some cases (e.g., earn, acq and comp). This indicates one inspiration that dis-

carding“ bad”hyperspheres is sometimes necessary. Regarding OC-NN, another

uni-modal method, mSVDD performed better than it in most target classes, while

OC-NN obtained high scores in the cases of ABBR and pol. Therefore, OC-NN and

its multi-modal version deserve to be explored and discussed in-depth in the future.

Even mSVDD did not obtain the best AUC scores on Reuters, it still attained the sec-

ond best in three cases. And the performances on the most cases for other two datasets

showed the advantage of the proposed mSVDD over other related baseline models.

Reuters target class 20 Newsgroup target class TREC target class
Model earn acq crude trade money interest ship comp rec sci misc pol rel ENTY HUM DESC NUM LOC ABBR

OC-SVM/SVDD 91.1 93.1 92.4 99.0 88.6 97.4 93.1 82.0 75.6 64.1 63.1 75.5 79.2 66.6 71.5 52.0 67.7 74.3 93.1
OC-NN 95.7 90.0 91.8 98.2 85.0 97.3 93.2 84.4 76.3 66.1 75.3 78.6 82.1 71.1 75.9 54.0 73.8 79.0 97.2
CVDD 94.0 91.5 95.5 99.2 82.8 97.7 97.6 70.9 53.3 56.8 75.1 65.3 76.3 60.4 62.0 76.1 65.4 64.8 82.0
DMSVDD 96.0 89.8 92.1 98.8 87.1 97.2 93.0 86.3 77.1 66.8 75.3 78.5 82.0 70.6 75.2 53.6 73.0 78.2 96.0

mSVDD One 95.5 90.0 92.5 98.3 85.1 97.2 93.8 86.2 77.7 67.3 76.0 78.5 83.1 72.4 76.4 52.9 74.5 79.7 96.6
mSVDD Soft 95.9 89.1 91.5 98.9 86.2 96.9 91.6 86.0 77.0 67.3 76.2 78.7 82.5 71.8 76.6 55.3 74.4 79.5 96.9

Table 4.2: Results of mSVDD and other models. Average AUCs in % on the Reuters
(left part), 20 Newsgroup (middle part), and TREC (right part). One and Soft mean
One-class and Soft-boundary forms, respectively. Best scores in each column are
presented in bold, while the second best are underlined.

Results of mSVDD with negative supervision

Reuters target class 20 Newsgroup target class TREC target class
Model earn acq crude trade money interest ship comp rec sci misc pol rel ENTY HUM DESC NUM LOC ABBR
mSVDD One 95.5+ 90.0 92.5+ 98.3+ 85.1+ 97.2+ 93.8 86.2+ 77.7+ 67.3+ 76.0+ 78.5+ 83.1+ 72.4 76.4+ 52.9+ 74.5+ 79.7+ 96.6+
+Triple+Max 96.9 89.4 93.8 99.6 89.0 98.4 92.7 88.3 78.6 67.5 77.6 79.9 83.8 74.7 78.4 60.6 77.1 82.4 97.3
+Triple+Mean 97.1 89.9 93.9 99.5 89.3 98.3 92.3 87.9 77.5 67.7 75.5 79.1 83.9 74.6 78.4 61.7 77.2 82.3 96.7
+Con+Max 97.2 90.8 92.9 98.8 91.3 97.8 92.3 89.4 79.1 68.3 76.4 80.7 84.2 71.1 78.5 65.3 75.9 82.1 98.5
+Con+Mean 96.6 91.0 92.8 98.6 90.2 98.0 91.9 89.2 78.9 68.3 76.6 79.9 84.4 71.5 77.8 69.7 75.7 81.8 98.4
mSVDD Soft 95.9+ 89.1 91.5+ 98.9+ 86.2+ 96.9+ 91.6 86.0+ 77.0+ 67.3+ 76.2+ 78.7+ 82.5+ 71.8 76.6+ 55.3+ 74.4+ 79.5+ 96.9
+Triple+Max 97.1 89.6 92.8 99.4 89.3 97.4 92.6 87.8 78.5 68.8 76.1 79.9 82.9 72.7 78.1 63.0 76.5 81.8 96.8
+Triple+Mean 97.2 90.1 92.4 99.3 91.0 98.0 92.7 87.5 78.7 68.5 76.6 79.7 83.0 72.8 78.3 62.7 76.6 81.8 96.5
+Con+Max 97.0 88.2 93.1 99.2 91.2 98.4 91.6 88.6 78.3 69.0 78.3 80.5 83.2 70.4 78.4 63.4 76.2 81.6 97.9
+Con+Mean 97.2 88.1 93.0 98.9 91.3 98.4 90.4 88.3 78.7 68.4 78.1 80.8 83.4 70.1 78.1 69.6 75.4 81.3 98.4

Table 4.3: Results of mSVDD with negative supervision. Average AUCs in % on the
Reuters (left part), 20 Newsgroup (middle part), and TREC (right part). +Triple+Max,
which denotes mSVDD with Triplet loss with Max probability strategy, followed
by three other negative supervision methods. In the rows of mSVDD Soft and
mSVDD One, ‘+’ following numbers means that there were improvements with neg-
ative supervision (three of four methods.) Best scores in each column are presented in
bold within each One and Soft group.

Table 4.3 shows the performance of mSVDD trained with negative supervision. As

mentioned, we still used m = 3 in this subsection. To perform negative supervision for

mSVDD, we evaluated four approaches where different losses and their reformulated

probability forms were selected.
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For Reuters, the results indicate that mSVDD benefited from the joint training of

the discrimination losses, except for acq and ship where negative supervision did not

show consistent improvements (three of four methods). We can see more obvious

improvements for 20 Newsgroup. All four negative supervision methods improved

mSVDD markedly for all target classes of 20 Newsgroup. For example, mSVDD

with negative supervision gained 2-3 points for comp. For different losses for negative

supervision, the contrastive type loss, which has larger punishment over negative data,

performs better than the triplet type loss, which uses a relatively small margin. In

addition, the performance of Con+Max was greater than the Con+Mean strategy to

reformulate the probability. We hypothesize that focusing on one of the hyperspheres

is effective when we used mSVDD with the contrastive loss.

As for the third TREC dataset, mSVDD with negative supervision achieved the

best results on all target classes. The greatest gain came from DESC when the one-

class form mSVDD trained with contrastive type loss with mean probability strategy.

As for the probability strategy on TREC, max strategy would be beneficial to the one-

class form, while max for soft-boundary mSVDD. In summary, Table 4.3 validated

that mSVDD can be further improved by incorporating the proposed negative super-

vision methods.

Results of CVDD with negative supervision

Table 4.4 shows the results of CVDD with the proposed negative supervision for

mSVDD. As mentioned in Section 4.3.3, CVDD can be seen as a special case of

mSVDD. Therefore, the proposed negative supervision approach to mSVDD can be

also applied to CVDD theoretically. To highlight the usefulness of the negative su-

pervision, we conducted experiments to use the triplet loss with Max probability for

CVDD.

As for the implementation, since CVDD uses a different multi-head structure, we

also used a different form to incorporate Triplet+Max to CVDD. Specifically, CVDD

uses a group of r context vectors C = (c1, ..., cr) to describe the target one-class data,

where ck ∈ Rp. Given one context vector ck,∀k ∈ {1, ..., r} and a pair of training

positive and negative samples, (xi, xi′), we can get the reformulated probability form.

First, CVDD maps a training sample xi to r heads of feature vectors Si = (si1, ..., sir).

Then, we denote p(yi = 1|sik, ck) as the probability that k-th sik reconstructs k-th

context vector ck well.

57



Reuters target class
Model (r) earn acq crude trade money interest ship
CVDD (3) 94.0 90.2 89.6 98.3 82.5 92.3 97.6
+Triple+Max 96.1 90.2 97.3 98.3 84.2 92.4 91.8
CVDD (5) 92.8 88.7 92.5 98.2 76.7 91.7 96.9
+Triple+Max 94.0 94.4 96.7 98.7 84.0 97.3 92.5
CVDD (10) 91.8 91.5 95.5 99.2 82.8 97.7 95.6
+Triple+Max 93.0 91.2 97.4 99.6 85.7 98.7 94.2

20 Newsgroup target class
Model (r) comp rec sci misc pol rel
CVDD (3) 70.9 50.8 56.7 75.1 62.9 76.3
+Triple+Max 74.5 64.2 61.0 75.1 62.2 72.5
CVDD (5) 66.4 52.8 56.8 70.2 65.3 72.9
+Triple+Max 73.2 64.5 58.4 76.2 63.6 76.1
CVDD (10) 63.3 53.3 55.7 68.6 65.1 70.7
+Triple+Max 78.3 69.7 60.5 73.3 67.5 79.1

TREC target class
Model(r) ENTY HUM DESC NUM LOC ABBR

CVDD (3) 58.6 55.4 76.1 60.5 62.1 74.2
+Triple+Max 68.3 70.7 81.1 74.1 71.6 86.7
CVDD (5) 60.4 62.0 54.2 65.4 63.8 82.0
+Triple+Max 65.6 59.7 82.4 73.4 67.7 88.7
CVDD (10) 60.0 56.1 69.8 65.2 59.7 80.7
+Triple+Max 72.0 69.8 80.4 69.9 81.0 88.1

Table 4.4: CVDD with the proposed negative supervision. Average AUCs in % on
the Reuters (upper part), 20 Newsgroup (middle part), and TREC(lower part) datasets.
Number r in brackets denotes the number of heads in CVDD. Bold means the better
AUCs score.

p(yi = 1|sik, ck) = σ(ŝik
T ĉk) (4.22)

And with triplet and Max probability strategy, we can define the negative supervision

loss as:

L(ii′)
Tri = [log p(yi′ = 1|xi′)− log p(yi = 1|xi) + τ ]+

= [log max
k=1,...,r

p(yi′ = 1|si′k, ck)− log max
k=1,...,r

p(yi = 1|sik, ck) + τ ]+
(4.23)

where τ is a margin. Then, L(ii′)
Tri can then be added to Eq. (4.10) to obtain the training
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loss.

Overall, we can see that the proposed negative supervision enhanced CVDD in

most cases on the three datasets. The overall performance mainly shows the following:

1) The improvement by the negative supervision to CVDD is consistent with mSVDD

due to the similarity between the two. 2) The generality of the negative supervision

can be shown, as Triple+Max was successfully applied to the different multi-head

structure.

Regarding different target-classes, ship with the smaller training data size may

cause worse performance, so does real with CVDD(3), which are similar phenomena

with mSVDD. While for TREC, almost all the target classes can be improved by using

negative supervision. In addition, the negative supervision also prevented over-fitting

for CVDD. For example, CVDD(3) with the minimal parameters achieved the best

score for comp when varying “r” among 3, 5 and 10. In contrast, when the negative

supervision was used, CVDD(10) with the maximal parameters attained the best and

also performed better for all six target classes of the 20 Newsgroup dataset.

Negative supervision using word replacement with TF-IDF

In the former parts, we have introduced that mSVDD can be further improved by

incorporating negative supervision. And negative supervision was trained on pseudo-

negative samples that were randomly sampled sentences from a certain publicly avail-

able corpus, WikiText-2 [104]. While this sentence-level sampling strategy can pro-

vide a wealth of out-of-domain samples with diverse semantics, it is not easy to control

the generation of samples and the adaptability of diverse target classes settings over

different datasets.

Thus, we provide another method for pseudo-negative construction without the use

of out-of-domain corpus. This idea was motivated by the recent remarkable data aug-

mentation techniques, especially by unsupervised data augmentation method [172].

In general, we propose a word-level data augmentation method to construct pseudo-

negative samples from the only given the positive target training dataset.

Our method is very simple. First, we assume that : 1) The pseudo-negative samples

should have more common words to target samples than samples from external corpus

in the one-class classification setting. 2) While pseudo-negative samples constructed

should not contain words that are more informative to the instances from the target

class. Therefore, we proposed a method that replaces informative words with high
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TF-IDF scores while keeping those with low values. Now, for a given target training

dataset, this approach could construct pseudo-negative samples on the basis of itself,

rather than any other external corpus.

Formally, for a word w in one target training text sequence, we compute its TF-

IDF value as TFIDF(w)= TF(w)*IDF(w), where TF(w) is the term frequency score

for word w in this sequence, and IDF(w) denotes the inverse document frequency

calculated on the only target training dataset. Specifically, we sample words to be

replaced with weights according to the TF-IDF value, i.e., sampling with weights

p(w) ∝ TFIDF(w)/Z, where Z is the sum of TF-IDF scores in one sequence. When

a word is replaced, we randomly sample one word from the whole vocabulary for the

replacement. Once completed the replacement for one input sequence, we can get

one corresponding pseudo-negative sample. In the training, for one batch of positive

training samples, we randomly sampled its pseudo-negative sample from the gener-

ated augmented set. Then, same as before, the constructed word-level pseudo-negative

samples were used for negative supervision.

Table 4.5 shows the results of mSVDD with negative supervision using word re-

placement with TF-IDF. In general, it shows that the proposed negative supervision

still works with the pseudo-negative samples generated by the method of TFIDF re-

placement. We can see that mSVDD obtained improvements in most cases over the

three datasets, as the same with the use of external dataset shown in Table 4.3. Besides,

for acq and ship on Reuters, mSVDD still did not benefit from negative supervision.

And ABBR also did not show consistent improvements for four approaches. While dif-

ferently, there were more obvious variations for four negative supervision approaches,

especially on the the former two datasets. Con+Mean strategy performed better than

other three methods on ten target classes, except for ship where this strategy degraded

the performance of mSVDD. As for TREC dataset, max strategy would be the best

choice for the triplet loss type which beats other combinations on HUM and LOC.

While mean strategy would be still beneficial to constrastive type loss, as with other

two datasets.

Affects of parameter γ

Parameter γ in Eq. (4.21) controls the trade-off between the intra-class loss mSVDD

optimized and the discrimination loss negative supervision learned. In the former

experiments on negative supervision using TFIDF word-level replacement method,
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Reuters target class 20 Newsgroup target class TREC target class
Model earn acq crude trade money interest ship comp rec sci misc pol rel ENTY HUM DESC NUM LOC ABBR
mSVDD One 95.5+ 90.0 92.5+ 98.3+ 85.1+ 97.2+ 93.8 86.2+ 77.7+ 67.3+ 76.0+ 78.5+ 83.1+ 72.4 76.4+ 52.9+ 74.5+ 79.7+ 96.6
+Triple+Max 97.7 89.1 92.8 99.3 90.3 98.2 91.7 88.0 78.9 68.9 76.5 81.5 83.3 73.4 78.6 58.6 78.6 82.3 96.6
+Triple+Mean 97.6 89.1 93.1 99.3 90.3 98.2 91.5 88.2 79.1 69.1 76.5 81.4 83.3 73.5 78.5 58.1 78.2 82.1 96.5
+Con+Max 97.6 89.3 93.4 99.4 90.7 97.9 91.5 88.1 79.2 69.1 75.7 81.7 83.4 71.9 76.9 62.8 79.3 81.9 95.1
+Con+Mean 97.9 89.8 94.1 99.5 91.6 98.4 85.1 89.8 80.7 70.2 84.1 82.7 85.8 71.3 76.5 64.3 79.7 81.5 97.1
mSVDD Soft 95.9+ 89.1 91.5+ 98.9+ 86.2+ 96.9+ 91.6 86.0+ 77.0+ 67.3+ 76.2+ 78.7+ 82.5+ 71.8 76.6 55.3+ 74.4+ 79.5+ 96.9
+Triple+Max 97.9 88.6 92.5 99.3 90.1 98.0 91.8 87.6 78.4 68.6 77.5 81.0 82.7 73.3 79.0 65.1 78.1 82.1 96.8
+Triple+Mean 97.7 88.5 92.3 99.3 90.3 97.9 91.2 87.7 78.5 68.6 77.3 81.0 82.6 72.9 78.7 65.6 78.0 82.0 96.9
+Con+Max 97.9 88.9 92.4 99.3 90.5 97.4 91.7 87.8 78.8 69.0 76.4 81.4 82.8 71.7 76.4 63.9 77.3 80.9 96.8
+Con+Mean 98.0 88.7 93.3 99.5 91.5 98.2 89.9 88.7 79.7 69.5 80.5 81.8 84.1 70.8 74.5 67.2 78.2 81.0 96.3

Table 4.5: mSVDD with negative supervision using TFIDF replacement method. Set-
tings are the same with Table 4.3.

we fixed γ = 1. Here, we would like to conduct experiments with varying γ settings

to verify how the trade-off affects the overall performance. There are four negative

supervision approaches that can be jointly trained with mSVDD. As shown in Table

4.5, other three choices outperformed Triple+Max in many cases. Thus we chose

Triple+Max for our sensitivity analysis experiments here. We expected Triple+Max

can obtain improvements through the adjustment of γ.

Fig. 4.4 illustrates the relationship of γ and the evaluation of mSVDD+Triple+Max

on different target classes over three datasets. As for the two versions of mSVDD on

Reuters, Figs. 4.4a and 4.4d show that a larger γ (10 or 1) would be better setting

on the former three target classes, especially on acq. While on trade or money-fx,

mSVDD achieved better performances with smaller value of γ = 0.1. Figs. 4.4b and

4.4e indicate that when γ is set to 1 or 10, mSVDD can become slighter better for most

target classes of Newsgroup dataset. While for rel with smaller data size, mSVDD

became worse by focusing more on negative supervision. We can observe a clear re-

lationship between the increases of γ and the improvements of mSVDD from Figs.

4.4c and 4.4f. These two subfigures show that mSVDD gained steady improvements

over most target classes on TREC for both mSVDD forms. Besides, the verification

performance of the negative supervision remains stable across different settings of γ

over a wide range of target class settings.

4.6 Summary of This Chapter

In this chapter, we proposed mSVDD, a new generic one-class text classification

framework that uses multi-modal deep SVDD. Rather than the uni-modal deep SVDD,

mSVDD can enhance the description ability to the target one-class data with multiple

hyperspheres. We also proved that this generic framework can include four variants,

deep SVDD, DMSVDD, OC-NN, and CVDD under certain conditions. In addition,
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Figure 4.4: Results of mSVDD using the method of Triple+Max with parameter γ
varying from 0.1, 1 to 10.

in the absence of “real” negative training data, we also proposed approaches for ef-

fectively adding negative supervision to further improve the performance of mSVDD.

The experiments validated that the proposed mSVDD provides better performance

compared to uni-modal SVDD. The experiments also showed the further improve-

ments in most cases when negative supervision was used for mSVDD and CVDD.
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Chapter 5

Conclusion and Future Work

5.1 Summary of This Thesis

In this study, we have studied the problem of one-class text classification with neural

networks in two works. In the first work, we focused on mutual bootstrapping, which

is a commonly used technique for many natural language processing tasks, includ-

ing acquiring semantic lexicon from corpora. On the basis of Basilisk, an effective

and commonly used bootstrapping approach, we formulated bootstrapping as a spe-

cial one-class problem. This answered the issue, “could we formulate Basilisk as

one-class problem ?” Chapter 1 mentioned. In the setting of one-class classification,

we can improve the bootstrapping framework with reconstruction-based methods. To

improve the bootstrapping processes, we incorporated AutoEncoder, which is a re-

construction model that uses neural networks as the encoder and the decoder. More

specifically, we used AutoEncoder to modify its two key scoring functions: candidate

scoring and pattern scoring. The experimental results demonstrated that our proposed

method for guiding the bootstrapping of a semantic lexicon with AutoEncoder can

boost the overall performance. And the ablation study validated that the proposed pat-

tern scoring method enhanced the performance on the basis of the contribution of its

multiple different parts. Furthermore, the case study with examples also showed that

the proposed methods can provide better output.

Second, we focused on a family of several boundary-based methods. We started

with extending the uni-modal deep support vector data description to a multiple modal

one, mSVDD we called, that enables us to build a much better description for target

one-class data. Then, the close relationships between mSVDD and four models were

discussed. These discussions helped us to understand the differences, and more im-
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portantly, the common characteristics of deep SVDD-related approaches. Formally,

we proved that mSVDD is also a generic framework that can include all four variants:

DSVDD [140], DMSVDD [29], CVDD [141], and OC-NN [14] under certain condi-

tions. We then introduced a mechanism for incorporating negative supervision in the

absence of real negative data, which is beneficial to the mSVDD model. The improve-

ment of CVDD with negative supervision confirmed the effect of negative supervision

and the close relationship between CVDD and mSVDD. And the proposed negative

supervision showed stable improvements with pseudo-negative samples generated by

word-replacement method or extracted from a external corpus. In summary, the pro-

posed methods in Chapter 4 answered the three research issues related to the second

work mentioned in Chapter 1.

5.2 Retrospective Discussion on Methods

In this thesis, we have tried two types of methods, reconstruction-based and boundary-

based, to one-class classification tasks. We now provide a retrospective discussion on

these methods.

First, we discuss the relationship between the two types of methods. Reconstruction-

based approaches usually make assumptions about data structure of target class. Mani-

fold assumption, target data come from relatively low-dimensional manifolds (or sub-

spaces), is made by AutoEncoder [115, 142, 98] and principal component analysis

(PCA) [122, 52]. Another prototype assumption is adopted by methods like context

vector data descriptions (CVDD) [141] and clustering algorithms [157, 74]. On the

other hand, boundary-based methods directly learn a decision boundary that describes

the target data [149, 158] without the assumptions above. Even with the difference in

data assumption, both types of methods can be explained as one-class classification

methods in a unified form [125, 139].

min
θ

1

n

n∑
i=1

ℓ(f(ϕ(xi); θ), yi) +R(θ, f, ϕ) (5.1)

where ϕ denotes feature map function, f the model, θ the parameters and R the regu-

larization.

In the view of unified form, more specifically, for boundary method SVDD [158]

(cf. Eq. (2.4), Section 2.1.2), the model can be represented by f = ∥ϕ(xi)−c∥2−R2,

θ contains c and R, and it uses kernel to learn feature map and hinge loss max(0, ·)
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calculates the classification risk. In this case, most of the n training samples are la-

belled with y = 1. In the case of unsupervised AutoEncoder (cf. Eq. (2.1), Section

2.1.1), the model becomes f = ∥xi − ϕde(ϕen(xi; θen); θde)∥2, θ contains both the

parameters from the encoder and decoder, and ϕ is a neural networks with bottleneck

structure consists of encoder ϕen and decoder ϕde. Here we do not need the label yi.

Second, we discuss the applicability of methods used for the tasks in this study.

Chapter 3 processed the task of acquiring semantic lexicons under a specific boot-

strapping framework. We did a preliminary attempt that this task can be solved under

one-class problem setting and improved by AutoEncoder, one of reconstruction-based

approaches. Instead, in Chapter 4, we focused on a more general one-class classifica-

tion problem for text data and tried a family of boundary-based approaches.

Technically speaking, AutoEncoder can also be applied to the task in Chapter 4.

That’s exactly what we have tried to do before the forming of the idea (mSVDD) in

the second work. We tried to directly apply kinds of AutoEncoder structures (e.g., de-

noising AutoEncoder [163], or generative adversarial networks (GAN) based AutoEn-

coder [124] ) to perform one-class classification on Newsgroup and Reuters datasets.

While there is no improvement over the two more popular boundary-based baseline

methods in Chapter 4: SVDD and OC-SVM [99, 158]. As shown in Eq. (5.1), besides

the model f and regularization item R(f, θ, ϕ)(e.g., rule the various forms of AutoEn-

coder), feature map ϕ is another important component to influence the performance

of OCC methods [139]. Therefore, to improve the performance of AutoEncoder, we

also incorporated BERT [23], one of the most remarkable pre-trained models, as the

choice of ϕ. Contrary to expectations, the incorporation of BERT to AutoEncoder

did not bring any anticipated result on two datasets with different settings. So we did

not chose AutoEncoder as the baselines and did not use BERT for encoding text in

Chapter 4, so did [141].

AutoEnocer and its variants have been successfully applied to many NLP tasks

with word-level data (e.g., bootstrapping of the semantic lexicon in Chapter 3) [87,

178] and computer vision tasks [124]. While the unanticipated performance of Au-

toEncoder may suggest that AutoEncoder could not well-reconstruct the target data

and distinguish anomalies for document-level text data. As for reconstruction-based

methods, context vector data descriptions (CVDD) [141], which reduces the one-to-

one reconstruction distance between r multi-head feature vectors and r prototypi-

cal context vectors, can be seen as a recent reconstruction-based approach for one-

class text classification. We compared CVDD with other related models in Chapter 4.
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And CVDD showed comparable performance compared with other models on three

datasets including TREC. As for the poor performance of BERT, we also tested BERT

with other models. And we will discuss the results and provide some possible expla-

nations in the next section.

In Chapter 3, we formulated Basilisk as special one-class problem and solved it

with AutoEncoder. There are still many unanswered questions such as the perfor-

mance of a more wide range of OCC methods. That would be an extensive work to

explore and compare them in future. Besides Basilisk, there exist many different boot-

strapping frameworks [133], further research should be undertaken to investigate how

to choose appropriate approaches for kinds of tasks.

5.3 Future Work

Finally, we present some directions or open questions for future work.

Regarding the topic of AutoEncoder guided bootstrapping of the semantic lexi-
con in Chapter 3: We formulated Basilisk, one of bootstrapping frameworks, as a

special one-class problem. And we proposed methods to incorporate AutoEncoder to

improve its evaluation steps. Since most of bootstrapping methods follow the similar

iterative learning process and start with a small number of seed instances or patterns.

It is natural to think that whether the proposed methods can be applied to bootstrap-

ping algorithms such as Snowball [1] and WMEB [101]. In recent years, there is an

increasing need to acquire kinds of knowledge from row text corpora. Such acquired

knowledge, including the semantic lexicons Chapter 3 focused on, is beneficial for

numerous application scenarios. In the future, we would like to observe the effects of

our methods to learn other types of knowledge such as entity relationships in COVID-

19 clinical articles [4, 20]. Since there are a lot of algorithms can be applied for

one-class classification tasks [157, 65, 125, 139], so the choice of different methods

used for different bootstrapping frameworks and their performance would be a future

diction of this study.

Regarding the topic of one-class text classification with multi-modal deep sup-
port vector data description in Chapter 4: Pre-trained models, e.g., BERT [23],

have shown strong performances on many natural language processing tasks [91, 5].

It deserves to try pre-trained model for one-class tasks. However, for the general
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one-class text classification problem, AutoEncoder did not obtain any improvement

by using BERT as the choice of feature map, as mentioned in last section. We also

tested more models with BERT. However, the results were also not satisfactory, even

worse than the average of GloVe [123] word embedding sometimes, so we won’t put

these unsatisfactory results in the thesis. mSVDD and other related models, includ-

ing DSVDD [140], OC-NN [14] and DMSVDD [29], also did not get improvement

with BERT, as well as CVDD [141] also mentioned. A possible explanation for this

might be the anisotropy problem which leads to the difficulty of capturing semantic

similarity for text data with BERT model [154]. One-class classification algorithms

need to make a description of the target class and to determine which (new) test sam-

ples resemble the target training [157]. Therefore, OCC models also have to capture

semantic similarity for determination. To address the problem, normalizing flow [83]

and whitening[154] would be two recent methods to tackle it. The unsatisfactory

performances leave an open question for in-depth investigation on the application of

pre-trained models for one-class text classification.

Not just BERT, there are many other pre-trained models (e.g., Albert [77]), we

would like to explore how to incorporate other pre-trained models for the task of one-

class classification for future work. Incorporating some specific negative supervision

methods or contrastive learning frameworks to pre-trained models for one-class text

classification may be promising [114, 28]

To complete the negative supervision, we proposed a word-level data augmen-

tation method that can construct pseudo-negative samples from only given positive

target training dataset. The proposed method is just a primary attempt to generate

pseudo-negative text data for the application of one-class text classification. As for

future works, how to generate diverse and appropriate pseudo-negative text data using

generative adversarial networks (GAN) [33] or other data augmentation techniques

deserve to be explored [39, 89].
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[41] Wolfgang Härdle. Applied nonparametric regression. Number 19. Cambridge

university press, 1990.

[42] Kaiming He, Haoqi Fan, Yuxin Wu, Saining Xie, and Ross Girshick. Momen-

tum contrast for unsupervised visual representation learning. In Proceedings of

the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages

9729–9738, 2020.

[43] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learn-

ing for image recognition. In Proceedings of the IEEE conference on computer

vision and pattern recognition, pages 770–778, 2016.

[44] Marti A Hearst. Automatic acquisition of hyponyms from large text corpora.

In Proceedings of the 14th conference on Computational linguistics-Volume 2,

pages 539–545. Association for Computational Linguistics, 1992.

[45] Simon Heron. Technologies for spam detection. Network Security, 2009(1):11–

15, 2009.

72



[46] Geoffrey Hinton, Li Deng, Dong Yu, George E Dahl, Abdel-rahman Mohamed,

Navdeep Jaitly, Andrew Senior, Vincent Vanhoucke, Patrick Nguyen, Tara N

Sainath, et al. Deep neural networks for acoustic modeling in speech recog-

nition: The shared views of four research groups. IEEE Signal processing

magazine, 29(6):82–97, 2012.

[47] Geoffrey E Hinton. Connectionist learning procedures. In Machine learning,

pages 555–610. Elsevier, 1990.

[48] Geoffrey E Hinton. A practical guide to training restricted boltzmann machines.

In Neural networks: Tricks of the trade, pages 599–619. Springer, 2012.

[49] Geoffrey E Hinton and Ruslan R Salakhutdinov. Reducing the dimensionality

of data with neural networks. science, 313(5786):504–507, 2006.

[50] Sepp Hochreiter and Jürgen Schmidhuber. Long short-term memory. Neural

computation, 9(8):1735–1780, 1997.

[51] Elad Hoffer and Nir Ailon. Deep metric learning using triplet network. In

International workshop on similarity-based pattern recognition, pages 84–92.

Springer, 2015.

[52] Heiko Hoffmann. Kernel pca for novelty detection. Pattern recognition,

40(3):863–874, 2007.

[53] Thomas Hofmann, Bernhard Schölkopf, and Alexander J Smola. Kernel meth-

ods in machine learning. The annals of statistics, pages 1171–1220, 2008.

[54] Matthew Honnibal and Ines Montani. spacy 2: Natural language understand-

ing with bloom embeddings, convolutional neural networks and incremental

parsing. To appear, 2017.

[55] Harold Hotelling. Analysis of a complex of statistical variables into principal

components. Journal of educational psychology, 24(6):417, 1933.

[56] Junlin Hu, Jiwen Lu, Junsong Yuan, and Yap-Peng Tan. Large margin multi-

metric learning for face and kinship verification in the wild. In Asian conference

on computer vision, pages 252–267. Springer, 2014.

73



[57] Ruihong Huang and Ellen Riloff. Inducing domain-specific semantic class tag-

gers from (almost) nothing. In Proceedings of the 48th Annual Meeting of

the Association for Computational Linguistics, pages 275–285. Association for

Computational Linguistics, 2010.

[58] Robert A Jacobs. Methods for combining experts’ probability assessments.

Neural computation, 7(5):867–888, 1995.

[59] Nathalie Japkowicz, Catherine Myers, Mark Gluck, et al. A novelty detection

approach to classification. In Proceedings of the International Joint Conference

on Artificial Intelligence, volume 1, pages 518–523, 1995.

[60] Sujay Kumar Jauhar and Eduard Hovy. Embedded semantic lexicon induction

with joint global and local optimization. In Proceedings of the 6th Joint Confer-

ence on Lexical and Computational Semantics (*SEM 2017), pages 209–219,

Vancouver, Canada, August 2017. Association for Computational Linguistics.

[61] Kim Jin-Dong, Nédellec Claire, Bossy Robert, and Deléger Louise, editors.
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