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Abstract

Modern machine learning techniques have demonstrated their excellent capabili-
ties in many areas. Despite the human-surpassing performance in experimental
settings, many researches have revealed the vulnerability of machine learning mod-
els caused by the violation of fundamental assumptions in real-world applications.
Such issues significantly hinder the applicability and reliability of machine learn-
ing. This motivates the need to preserve model performance under naturally in-
duced data corruptions or alterations across the machine learning pipeline, which
is termed “Natural Robustness”. To this end, this thesis starts by investigating
two naturally occurring issues: label corruption and distribution shift. Thereafter,
we proceed by exploring the value of out-of-distribution data in the robustness of

machine learning.

Firstly, the observed labels of training examples are assumed to be ground truth.
However, labels solicited from humans can often be subject to label corruption,
leading to poor generalization performance. This gives rise to the importance of
robustness against label corruption, where the goal is to train a robust classifier
in the presence of noisy and erroneous labels. We first investigate how the diver-
sity among multiple networks affects the sample selection and the overfitting to
label noise. For the problem of learning with multiple noisy labels, we design an
end-to-end learning framework to maximize the likelihood of the union annota-
tion information, which is not only theoretically consistent but also experimentally

effective and efficient.

Secondly, classic machine learning methods are built on the i.i.d. assumption that
training and testing data are independent and identically distributed. However,
neural networks deployed in the open world often struggle with out-of-distribution
inputs, where they produce abnormally high confidence for both in- and out-of-
distribution inputs. To alleviate this issue, we first reveal why the cross-entropy
loss encourages the model to be overconfident. Then, we design a simple fix to

the cross-entropy loss that enhances many existing post-hoc methods for OOD

xi
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detection. Training with the proposed loss, the network tends to give conservative
predictions and results in strong separability of softmax confidence scores between

in- and out-of-distribution inputs.

Lastly, traditional machine learning algorithms only exploit information from in-
distribution examples that are normally expensive and challenging to collect. Thus,
exploring the value of out-of-distribution examples, which are almost for free, is of
great importance theoretically and practically. We investigate how open-set noisy
labels affect the generalization and robustness against inherent noisy labels, how
to theoretically analyze the effect of open-set noisy labels from the perspective
of SGD noises, and design algorithms that utilize out-of-distribution examples to
improve label-noise robustness. Besides, we provide the first attempt to utilize out-
of-distribution data to rebalance the class priors of long-tailed datasets and study
the effect of out-of-distribution data on the learned representations in long-tailed

learning.

We evaluate the effectiveness and robustness of all the introduced methods on
multiple simulated and real-world benchmarks. The reported results indicate that
our methods are superior to many state-of-the-art approaches for alleviating the
corresponding issues. We hope our efforts provide insights to inspire specially
designed methods for these robust issues, and expedite the exploration of out-of-

distribution examples for designing effective and robust systems.
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Chapter 1

Introduction

1.1 Background

Machine learning is a subset of artificial intelligence that aims to learn meaning-
ful patterns automatically from data [8]. In the past two decades, it has been
developed into a commonly utilized tool for a variety of real-world tasks, which
require information extraction from large-scale datasets. Machine learning algo-
rithms are generally designed to learn a mapping function based upon a given
training dataset. Specifically, the training dataset generally contains a collection
of input-output pairs, where the input is a feature vector (instance) and the output
indicates the ground-truth label. As a common technique of machine learning, deep
learning utilizes artificial neural networks with multiple layers between the input
and output layers, which is inspired by the biological neural networks in animal

brains [9]. In this thesis, we focus on deep learning.

Deep learning techniques have demonstrated their excellent capabilities in many
areas like computer vision [10] and natural language processing [11]. Despite the
human-surpassing performance in experimental settings, many researchers have
revealed the vulnerability of deep learning models caused by the violation of fun-
damental assumptions in real-world applications [12, 13]. Such issues significantly
hinder the applicability and reliability of deep learning. Therefore, Robust deep
learning, which aims to preserve model performance under data corruptions or al-
terations across the machine learning pipeline, has raised increasing attention in

recent years [13]. In terms of the cause of data corruptions, there are two typical

1



2 1.2. Motivations

classes in robust deep learning, Adversarial robustness and Natural robustness. The
former indicates those malicious issues caused by human intervention, including ad-
versarial example [12], data poisoning [14], backdoor learning [15], model inversion
[16] and membership inference [17]. Conversely, natural robustness denotes natu-
rally induced data corruptions, such as label noise [18|, distribution shift [19], and

class imbalance [20].

In this thesis, we focus on two naturally induced issues: label noise and distribution
shift, which lie in the subareas of weakly supervised learning [21] and open-world
machine learning [22] respectively. In the label noise setting, the observed label of
each training example might be different from the ground truth due to task diffi-
culty and imperfect annotators. The issue of noisy labels has been commonly ob-
served in many real-world scenarios, such as crowdsourcing [23] and online queries
[24]. Distribution shift [19, 25], where a model is deployed on a data distribution
different from what it was trained on, also poses significant robustness challenges
in real-world applications. Such shifts are often unavoidable in the wild and have
been shown to degrade model performance substantially in applications such as
robotics [26], biomedicine, wildlife conservation and criminal justice. For instance,
trained models can systematically fail when tested on patients from different hos-
pitals or people from different demographics. Ideally, inputs with semantic shift
should not be predicted with high confidence and trained models are expected to

generalize to inputs with only covariant shift.

1.2 Motivations

As introduced above, both label noise and distribution shift are essential issues
in robust deep learning, which are increasingly important for deploying machine
learning models in the open world [21, 22]. Therefore, it is of great importance to
develop effective and efficient methods to improve the model performance under
such issues and provide extensive analysis to deepen the understanding of them in
the context of deep learning. Although many research works have been proposed on
these topics, they have some limitations yet and there also exist some unresolved
issues. Specifically, previous works in learning with label noise claim that the
“disagreement” strategy is crucial for alleviating the overfitting issue [27-29], but

this would prevent the training process from efficient use of training examples,
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leading to suboptimal performance in model generalization. Besides, when it goes
to the setting of crowdsource label, where each training example is provided with
multiple noisy labels, previous training algorithms are proposed to deal with each
noisy label separately [30]. Such framework suffers from computational inefficiency

and does not hold learning consistency.

For distribution shift, previous works have revealed that neural networks generally
suffer from the overconfidence issue, where they produce abnormally high confi-
dence for both in- and out-of-distribution inputs [25, 31]. However, yet to date,
the community still has a limited understanding of the fundamental cause and mit-
igation of the overconfidence issue. Furthermore, existing robust algorithms only
utilize in-distribution data for training and typically considered out-of-distribution
(OOD) examples to be harmful to the training of deep neural networks [32-35].
But it is expensive and challenging to collect the required in-distribution data in
many real-world applications, while OOD data is almost for free. Therefore, ex-
ploring the value of OOD instances in robust deep learning is of great importance

theoretically and practically.

The goal of this thesis is to systematically investigate how to effectively and effi-

ciently solve the aforementioned issues.

1.3 Major Contributions

The main contributions of this thesis are summarized as follows:

e We propose an effective approach called JoCoR to improve the label-noise
robustness with the agreement maximization principle, which reduces the
diversity of two networks during training. It breaks the conventional wis-
dom that keeping disagreement among networks is critical for robust learning
with noisy labels. Our method utilizes a joint loss with Co-Regularization
for both the parameter updating and example selection. Empirical results

demonstrate that JoCoR is superior to many state-of-the-art approaches.

e We propose a novel end-to-end deep learning method named UnionNet, which
is not only theoretically consistent but also experimentally effective and ef-

ficient. We prove the learning consistency of UnionNet by establishing an
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estimation error bound, which shows that obtained empirical risk minimizer
by UnionNet would converge to the true risk minimizer as the amount of
training data tends to infinity. Experimental results demonstrate the effec-

tiveness of UnionNet in model generalization and training efficiency.

e We introduce LogitNorm, a simple and effective alternative to the cross-
entropy loss, which decouples the influence of logits’ norm from the training
procedure. Empirical results show that LogitNorm can improve both OOD
detection and confidence calibration while maintaining the classification ac-

curacy on in-distribution data.

e We provide the first attempt to improve learning with noisy labels with out-
of-distribution data. In particular, we proposed Open-set regularization with
Dynamic Noisy Labels (ODNL), a novel technique that enhances many exist-
ing robust training methods for label-noise robustness. We show that ODNL
can be considered as a variant of SGD noises that usually leads to a flat
minimum. Extensive experiments show that ODNL can help improve the ro-
bustness against various types of noisy labels and improve the OOD detection

performance.

e we propose a simple yet effective method termed Open-sampling, by intro-
ducing OOD instances to re-balance the class priors of the training dataset.
Open-sampling is the first to utilize OOD instances in long-tailed learning.
Open-sampling not only re-balances the training dataset, but also promotes
the neural network to learn more separable representations. Besides, we also
present a guideline about the open-set auxiliary datasets. Experiments val-
idate the effectiveness of Open-sampling in both model generalization and
OOD detection.

1.4 Thesis Organization

The remaining part of this thesis is organized as below. Chapter 2 introduces
preliminary knowledge and related literature of this thesis. Chapter 3 presents an
effective approach with agreement maximization principle for learning with noisy

labels. Chapter 4 presents a theoretically consistent method for learning with
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multiple noisy labels. Chapter 5 introduces a simple and effective fix to the cross-
entropy loss to mitigate the overconfidence issue for OOD detection. Chapter 6
explores the benefits of out-of-distribution data to improve label-noise robustness.
Chapter 7 presents a novel method to introduce OOD instances to improve ro-
bustness against class imbalance. Chapter 8 concludes this thesis and highlights

possible directions of future work.






Chapter 2

Preliminaries

2.1 Background

2.1.1 Supervised learning

Supervised learning is a typical machine learning paradigm, where collected data
consists of labelled examples [8]. Each training example is composed of a feature
vector (instance) and a label. The goal of supervised learning is to learn a mapping
function that reflects input vectors to output labels, based upon a large amount of

training examples.

In traditional supervised learning, there exist some fundamental assumptions that
are essential to secure the generalization performance of machine learning models
[8, 9]. One important assumption is that the observed labels of training examples
are generally assumed to be perfect, i.e., ground truth. Most of the successful
deep learning algorithms are heavily dependent on ground-truth labels that are
correctly assigned to the training dataset. However, it is usually challenging to
collect such high-quality datasets with strong supervision information in many

real-world scenarios [24, 27].

Another common assumption of supervised learning is the i.i.d. assumption, where
training and testing data are independent and identically distributed [8]. In other
words, training data and test data are assumed to be sampled from the same

distribution, which we usually call true distribution. Nevertheless, neural networks

7
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deployed in the open world often struggle with out-of-distribution inputs, which are
far away from the true distribution [25]. In this thesis, we focus on these robustness

issues that violate the fundamental assumptions of supervised learning.

Here, we first formulate the problem of multi-class classification, where the size
of the label space is larger than 2. Let X C R? be the feature space and ) =
{1,..., K} be the label space, we suppose the training dataset with N examples is
given as {x;, y; }Y,, where x; € X is the i-th instance sampled from a certain data-
generating distribution Pyy in an ii.d. manner and y; € {1,..., K} represents
its observed label. A classifier is a function that maps from the input space to
the label space f : X — RX with trainable parameters & € RP. Then, the goal
of multi-class classification is to train a multi-class classifier f : X — RX that

minimizes the following classification risk:

R(f) = Epyy [£(f (), 9))], (2.1)

where Ep,, [-] denotes the expectation over the joint distribution Pyy and L :
RE x Y — R, is a multi-class loss function that measures how well a classifier fits

a labelled example.

Generally, the underlying joint distribution Pyy is unknown, so we need to ap-
proximate the classification risk in (2.1) based upon those given training examples
{x;,y;}}¥,. With the conventional i.i.d. assumption, the following empirical risk

estimator is unbiased:

RU) = S0 LU @), ). 2.2

One of the commonly used loss function for multi-class classification is the cross-
entropy loss, which is also known as the log loss. Formally, the cross-entropy loss

with the softmax activation function is calculated using the following formula:
Lep(f(xi),y:) = —logp(y|e) = —log ———— (2.3)

where f,(x) denotes the y-th element of f(x) corresponding to the ground-truth
label y, and p(y|x) is the corresponding softmax probability. As described before,
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these fundamental assumptions, such as i.i.d. assumption and true-label assump-
tion, are generally challenging to maintain in real-world scenarios. In the following,
we will introduce some related subareas of machine learning, which aims to reduce

the dependence of learning algorithms on these assumptions.

2.1.2 Weakly supervised learning

In general, traditional supervised learning assumes that training examples {z;, y; } Y ,,
composed of pairs of an instance and its ground-truth label, are identically and in-
dependently sampled from the true distribution Pyy. However, it is usually chal-
lenging to obtain the true label of the given instance. Therefore, weakly supervised
learning aims to train a classifier based upon a training dataset where the instances
are not necessarily paired with their true labels [21]. In this area, various weakly
supervised learning frameworks have been extensively investigated, such as semi-
supervised learning [36], noisy-label learning [37, 38|, positive-unlabeled learning

[39], partial-label learning [40, 41], and complementary-label learning [42].

For example, semi-supervised learning concerns the situation where a small amount
of labeled data and abundant unlabeled data are available [36]. Here, only exploring
those labeled data is insufficient to train a good model. Formally, this task is to
learn a classifier f : X — R from a training dataset {(z1,y1); -, (T, Ym), Tms1,
T2, - .-, Ty}, which includes m labeled training examples (i.e., those paired with
y;) and n —m unlabeled instances. Generally, labeled data and unlabeled data are

assumed to be sampled from the same distribution.

Another typical class of weakly supervised learning is complementary-label learning
[42], where each training example is paired with a single complementary label.
In particular, the complementary label only specifies one of the classes that the
training example does not belong to. Formally, we denote the complementarity
labeled examples as {x;, 7;}x,, where §; € ) is a complementary label of the
instance ;. In particular, each example with complementary label is independently

sampled from Pay.
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2.1.3 Open-world machine learning

In traditional machine learning, a common assumption is that training data and
testing data are sampled from the same distribution. Consequently, a trained
model can only predict with the input instances that are similar to the instances
in the training. However, in a real-world scenario, the trained model is generally
deployed in interactive and automated applications, which are required to work in
dynamic environment, e.g., chatbot [43] and self-driving car [44]. In such cases,
the model may need to deal with some inputs that are never seen before, but it
cannot address that kind of situation due to the close-world assumption. To this
end, open-world machine learning is designed to enable the machine to learn as a

human being in a dynamic environment [22].

Open-world machine learning is different from the aforementioned semi-supervised
learning [36], where a few labeled data and large number of unlabeled data are
provided in the training stage. Semi-supervised learning still follows the closed
world assumption, since the unlabeled data generally belongs to existing classes and
is sampled from the same distribution as the labeled data. Recently, open-world
semi-supervised learning [45, 46] is proposed to formalize the setting that unlabeled
data and testing data may contain instances that belong to unseen classes. For
each unlabeled data, the model is designed to assign either one of the previously
seen classes or a novel class. In this way, the new paradigm is able to handle
the open-world setting, where a trained model needs to deal with examples from

unseen classes.

Another related learning task is transfer learning [47, 48], which aims to use knowl-
edge transfer and fine-tuning to make prediction for testing data from new domains.
While open-world machine learning is primarily concerned with models that can
handle new and previously unseen data, transfer learning focuses on improving the

performance of models on a specific task by reusing knowledge from related tasks.

In this part, we have revisited the notion of supervised learning, and provide a
discussion about two related subareas of machine learning, including weakly su-
pervised learning and open-world machine learning. With this background, we

proceed by presenting several advanced topics in robust deep learning.
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2.2 Natural Robustness of Machine Learning

Deep learning techniques have demonstrated their excellent capabilities in many
areas like computer vision [10] and natural language processing [11]. Despite the
human-surpassing performance in experimental settings, many researches have re-
vealed the vulnerability of machine learning model caused by the violation of fun-
damental assumptions in real-world applications [12, 13]. Such issues significantly
hinder the applicability and reliability of machine learning. In this thesis, we focus
on Natural Robustness, which concerns the model robustness under naturally in-
duced data corruptions or alterations across the machine learning pipeline. In this
section, we will introduce two training robustness issues, including label noise and

class imbalance, as well as testing robustness against distribution shift.

2.2.1 Training robustness against label noise

Most deep neural networks are trained in a supervised manner, which heavily relies
on numerous training instances with accurate labels. However, collecting large-
scale datasets with fully precise annotations is expensive and time-consuming. To
alleviate this problem, data annotation companies choose some alternating methods
such as crowdsourcing [23, 29] and online queries [24] to improve labelling efficiency.
Unfortunately, these methods usually suffer from unavoidable noisy labels, which
have been shown to lead to noticeable decrease in performance of DNNs [49]. As
deep neural networks have the high capacity to fit noisy labels [50], it is challenging

to train deep networks robustly with noisy labels.

For the setting of learning with noisy labels, we consider multi-class classification
with K classes. Let X C R? be the feature space and ) = {1, ..., K} be the label
space, we suppose the training dataset with N examples is given as {m;, v},
where x; € X is the i-th instance sampled from the true distribution in an i.i.d.
manner and y; € {1,..., K} represents its observed label that might be different
from the ground truth. A classifier is a function that maps the feature space to the
label space f: X — R with trainable parameter @ € RP. Generally, we consider
the common case where the function f is a DNN with the softmax output layer.

The objective function of standard training can be represented as a cross-entropy
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loss:

N
Lo =Epy, [(f(@:6),9)] =~ D e"log [ (w:6),  (24)
1=1

where f (x;;0) denotes the output of the classifier f with @ for x; and e¥ :=
0,...,1,...,0)" € {0,1}¥ is a one-hot vector and only the y;-th entry of e is 1.

Another common setting is learning with crowdsource labels, where each training
example is provided with multiple noisy labels [51]. Let D = {(x;,Y;)}, be a
crowdsourced dataset that includes n examples with k classes, where for each in-
stance x; € RY, we receive a set of crowdsourced labels Y; = {/ | j = 1...m},
with g]f representing the label provided by the j-th annotator in a set of m an-
notators. It is worth noting that the number of crowdsourced labels of different
examples could be different. Hence, |Y;| may not be equal to |Y;| if i # j. Follow-
ing [23, 30, 52, 53], we also assume each instance @; has its corresponding latent
ground-truth label y; and it is related to the crowdsourced labels Y;. It is worth
noting that learning with crowdsourced data is a multi-class classification problem,
which means there is only a true label for each training instance. This setting is
different from multi-label learning [54-58] where multiple true labels are provided
for each each training instance. Under this setting, our goal is to train a classifier
f based on a crowdsourced dataset D = {(x;,Y;)}_, that could accurately predict

the ground-truth label of an unseen instance in the test phase.

Learning with noisy labels is a vital topic in weakly-supervised learning, attracting
much recent interest with several directions. 1) Some methods propose to train on
selected examples, using small-loss selection [27, 59, 60], GMM distribution [61, 62]
or (dis)agreement between two models [28, 59, 60]. 2) Some methods aim to design
sample weighting schemes that give higher weights on clean examples [37, 63-65].
3) Loss correction is also a popular direction based on an estimated noise transition
matrix [66, 67] or the model’s predictions [61, 68-71]. 4) Robust loss functions are
also studied to have a theoretical guarantee [72-76]. 5) Some methods apply regu-
larization techniques to improve generalization under the settings of label noise [77],
like gradient clipping [78], label smoothing [79, 80], temporal ensembling [81] and
virtual adversarial training [82]. 6) Some training strategies for combating noisy
labels are built based upon semi-supervised learning methods [62, 83]. Studying
robustness against label noise helps us further understand the essence of training

deep neural networks.
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2.2.2 Training robustness against class imbalance

The success of deep neural networks (DNNs) heavily relies on large-scale datasets
with balanced distribution [84, 85]. However, in real-world applications like au-
tonomous driving and medical diagnosis, large-scale datasets naturally exhibit im-
balanced and long-tailed distributions, i.e., a few classes (majority classes) occupy
most of the data while most classes (minority classes) are under-represented [86-88].
It has been shown that training on long-tailed datasets leads to poor generalization
performance, especially on the minority classes [89-91]. Thus, designing effective
algorithms to improve robustness against class imbalance is of great practical im-

portance.

Long-tailed learning can be regarded as a challenging sub-task of class-imbalanced
learning [92]. The dominant distinction is that the classes of long-tailed learning
follow a long-tailed class distribution, which is not necessary for class-imbalanced
learning. More differences include that in long-tailed learning the number of classes
is usually large, and the tail-class examples are often very scarce, whereas the
number of minority-class examples in class-imbalanced learning is not necessarily
small in an absolute sense. Despite these differences, both seek to resolve the class
imbalance, so some high-level solution ideas (e.g., class re-balancing) are shared

between them.

In this task, we consider a multi-class classification problem, where the input space
is denoted by X € R? and the label space ) is {1,..., K}. We denote by Dyain =
{(zi,y;)}, € X x Y the training dataset with N examples. Let n; be the number
of instances in class j, then N = ZJK:1 n;. Let Py(X,Y) define the underlying
training (source) distribution and P, (X,Y’) define the test (target) distribution.
Generally, the class imbalance problem assumes that the test data have the same
class conditional probability as the training data, i.e., Py(X|Y) = P(X|Y), while
their class priors are different, i.e., Py(Y) # P, (Y).

A conventional idea for learning with long-tailed data is Re-sampling, which aims
to re-balance the class priors of the training dataset. Under-sampling methods
remove examples from the majority classes, which is infeasible under extremely data

imbalanced settings [93, 94]. The over-sampling method adds repeated examples
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for the minority classes, usually causing over-fitting to the minority classes [95—
97]. Some methods utilize synthesized in-distribution examples to alleviate the

over-fitting issue but introduce extra noise [6, 98, 99].

Another classic algorithm is Re-weighting, which proposes to assign adaptive weights
for different classes or examples. Generally, the vanilla scheme re-weights classes
proportionally to the inverse of their frequency [100]. Focal loss [101] assigns low
weights to the well-classified examples. Class-balanced loss [102] proposes to re-
weight by the inverse effective number of examples. However, these re-weighting
methods tend to make the optimization of DNNs difficult under extremely data
imbalanced settings [103, 104].

In addition to the data re-balancing approaches, some other solutions are also ap-
plied for class-imbalanced learning, including transfer-learning based methods [105,
106], two-stage training methods[91, 107-109], training objective based methods
[7, 110, 111], expert methods [20] and self-supervised learning methods [112, 113].
For example, transfer-learning based methods addressed the class-imbalanced issue
by transferring features learned from head classes with abundant training instances
to under-represented tail classes [105, 106]. Two-stage training methods proposed
to apply decoupled training where the classifier is re-balanced during the fine-tuning
stage [91, 107-109].

2.2.3 Testing robustness against distribution shift

Most existing machine learning models are trained based on the closed-world as-
sumption, where the test data is assumed to be drawn i.i.d. from the same distri-
bution as the training data, known as in-distribution (ID). However, when models
are deployed in an open-world scenario, test examples can be out-of-distribution
(OOD) and therefore should be handled with caution. The distributional shifts can
be caused by semantic shift (e.g., OOD examples are drawn from different classes)
25, 109], or covariate shift (e.g., OOD examples from a different domain) [19]. In
addition, target and conditional shifts are also investigated in domain adaptation
[114]. A reliable learning system should not only produce accurate predictions on
known context, but also detect unknown examples and reject them. For instance, a
well-trained food classifier should be able to detect non-food images such as selfies

uploaded by users, and reject such input instead of blindly classifying them into
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existing food categories. In safety-critical applications such as autonomous driving,
the driving system must issue a warning and hand over the control to drivers when
it detects unusual scenes or objects it has never seen during training. This gives
rise to the importance of out-of distribution (OOD) detection, which determines
whether an input is in-distribution (ID) or OOD.

We consider a supervised multi-class classification problem. We denote by X the
input space and Y = {1,..., K} the label space with K classes. The training
dataset Divain = {x;, yi}i]il consists of N data points, sampled i.i.d. from a joint
data distribution Pyy. We use Pi, to denote the marginal distribution over X,
which represents the in-distribution (ID). Given the training dataset, we learn a
classifier f : X — R¥ with trainable parameter # € RP, which maps an input to
the output space. An ideal classifier can be obtained by minimizing the following

expected risk:
Rﬁ(f) = E(m,y)w'ny [‘C (f(ma 0)7 y)] )

where L is the commonly used cross-entropy loss with the softmax activation func-
tion:

oy (:0)
Lor(f(x:0),y) = —logp(yle) = —log —————.

> i efi@0
Here, f,(x;0) denotes the y-th element of f(x;#) corresponding to the ground-
truth label y, and p(y|x) is the corresponding softmax probability.

During the deployment time, it is ideal that the test data are drawn from the same
distribution P;, as the training data. However, in reality, inputs from unknown
distributions can arise, whose label set may have no intersection with ). Such
inputs are termed out-of-distribution (OOD) data and should not be predicted by
the model.

The OOD detection task can be formulated as a binary classification problem:
determining whether an input & € X is from P, (ID) or not (OOD). OOD detection

can be performed by a level-set estimation:

in it S(=x
o) = @z 2.5
out if S(x) <~



16 2.2. Natural Robustness of Machine Learning

where S(x) denotes a scoring function and v is commonly chosen so that a high
fraction (e.g., 95%) of ID data is correctly classified. By convention, examples
with higher scores S(x) are classified as ID and vice versa. In addition to the MSP
score, there are a variety of popular OOD scoring functions including MSP [115],
ODIN [116], energy score [31] and GradNorm [117].

OOD detection is an increasingly important topic for deploying machine learning
models in the open world and has attracted a surge of interest in two directions.
1) Some methods aim to design scoring functions for OOD detection, such as
OpenMax score [118], maximum softmax probability [115], ODIN score [116, 119],
Mahalanobis distance-based score [120], Energy-based score [31, 121, 122], ReAct
[123], GradNorm score [117], and non-parametric KNN-based score [124, 125]. 2)
Some works address the out-of-distribution detection problem by training-time reg-
ularization [3, 31, 126-135]. For example, models are encouraged to give predictions
with uniform distribution [3, 126] or higher energies [31, 135-138] for outliers. The
energy-based regularization has a direct theoretical interpretation as shaping the
log-likelihood, hence naturally suits OOD detection. Contrastive learning methods
are also employed for the OOD detection task [139-141], which can be computa-

tionally expensive.
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Combating Noisy Labels with

Agreement Maximization

3.1 Motivation

Deep Neural Networks (DNNs) achieve remarkable success on various tasks, and
most of them are trained in a supervised manner, which heavily relies on a large
number of training instances with accurate labels [4]. However, collecting large-
scale datasets with fully precise annotations is expensive and time-consuming. To
alleviate this problem, data annotation companies choose some alternating methods
such as crowdsourcing [23, 29] and online queries [24] to improve labeling efficiency.
Unfortunately, these methods usually suffer from unavoidable noisy labels, which

have been proven to lead to noticeable decrease in the performance of DNNs [49, 50].

As this problem has severely limited the expansion of neural network applications,
a large number of algorithms have been developed for learning with noisy labels,
which belongs to the family of weakly supervised learning frameworks [142-148].
Some of them focus on improving the methods to estimate the latent noisy transi-
tion matrix [64, 149, 150]. However, it is challenging to estimate the noise transi-
tion matrix accurately. An alternative approach is training on selected or weighted
samples, e.g., Mentornet [63], gradient-based reweight [65] and Co-teaching [27].
Furthermore, the state-of-the-art methods including Co-teaching+ [60] and De-
coupling [28] have shown excellent performance in learning with noisy labels by

introducing the “Disagreement” strategy, where “when to update” depends on a

17
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disagreement between two different networks. However, there are only a part of
training examples that can be selected by the “Disagreement” strategy, and these
examples cannot be guaranteed to have ground-truth labels [27]. Therefore, there
arises a question to be answered: Is “Disagreement” necessary for training two

networks to deal with noisy labels?

Motivated by Co-training for multi-view learning and semi-supervised learning that
aims to maximize the agreement on multiple distinct views [151-154], a straight-
forward method for handling noisy labels is to apply the regularization from peer
networks when training each single network. However, although the regulariza-
tion may improve the generalization ability of networks by encouraging agreement
between them, it still suffers from memorization effects on noisy labels [50]. To
address this problem, we propose a novel approach named JoCoR (Joint Training
with Co-Regularization). Specifically, we train two networks with a joint loss,
including the conventional supervised loss and the Co-Regularization loss. Fur-
thermore, we use the joint loss to select small-loss examples, thereby ensuring the

error flow from the biased selection would not be accumulated in a single network.

To show that JoCoR ! significantly improves the robustness of deep learning
on noisy labels, we conduct extensive experiments on both simulated and real-
world noisy datasets, including MNIST, CIFAR-10, CIFAR-100 and Clothingl M
datasets. Empirical results demonstrate that the robustness of deep models trained
by our proposed approach is superior to many state-of-the-art approaches. Further-
more, the ablation studies clearly demonstrate the effectiveness of Co-Regularization

and Joint Training.

3.2 The Proposed Approach

As mentioned before, we suggest to apply the agreement maximization principle
to tackle the problem of noisy labels. In our approach, we encourage two different
classifiers to make predictions closer to each other by explicit regularization method
instead of hard sampling employed by the “Disagreement” strategy. This method

could be considered as a meta-algorithm that trains two base classifiers by one loss

!The work in this chapter has been published in [59].
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function, which includes a regularization term to reduce divergence between the

two classifiers.

For multi-class classification with M classes, we suppose the dataset with N sam-
ples is given as D = {x;, 3}~ ,, where x; is the i-th instance with its observed
label as y; € {1,..., M}. Similar to Decoupling and Co-teaching+, we formulate
the proposed JoCoR approach with two deep neural networks denoted by f(x, ®1)
and f(x,®,), while p; = [pl,p?,....pM] and p, = [p},p3,...,pd!] denote their
prediction probabilities of instance x;, respectively. In other words, p, and p, are

the outputs of the “softmax” layer in ®; and ©,.

Network. For JoCoR, each network can be used to predict labels alone, but during
the training stage these two networks are trained with a pseudo-siamese paradigm,
which means their parameters are different but updated simultaneously by a joint

loss (see Figure 3.1). In this work, we call this paradigm as “Joint Training”.

Specifically, our proposed loss function ¢ on x; is constructed as follows:
Uxi) = (1 = A) * Loup (@i, Yi) + A% Leon(T4). (3.1)

In the loss function, the first part (g, is conventional supervised learning loss of
the two networks, the second part /., is the contrastive loss between predictions

of the two networks for achieving Co-Regularization.

Classification loss. For multi-class classification, we use Cross-Entropy Loss as

the supervised part to minimize the distance between predictions and labels.

lup (i, yi) = Lo (4, yi) + Lo, yi)

= —Zz 12 yi log(p* (;)) (3.2)
—Zl 12 yilog(py' (z:)).

Intuitively, two networks can filter different types of errors brought by noisy labels
since they have different learning abilities. In Co-teaching [27], when the two
networks exchange the selected small-loss instances in each mini-batch data, the
error flows can be reduced by peer networks mutually. By virtue of the joint-
training paradigm, our JoCoR would consider the classification losses from both

two networks during the “small-loss” selection stage. In this way, JoCoR can share
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FIGURE 3.1: JoCoR schematic.

the same advantage of the cross-update strategy in Co-teaching. This argument

will be clearly supported by the ablation study in the later section.

Contrastive loss. From the view of agreement mazimization principles [151,
153], different models would agree on labels of most examples, and they are un-
likely to agree on incorrect labels. Based on this observation, we apply the Co-
Regularization method to maximize the agreement between two classifiers. On one
hand, the Co-Regularization term could help our algorithm select examples with
clean labels since an example with small Co-Regularization loss means that two
networks reach an agreement on its predictions. On the other hand, the regular-
ization from peer networks helps the model find a much wider minimum, which is

expected to provide better generalization performance [154].

In JoCoR, we utilize the contrastive term as Co-Regularization to make the net-
works guide each other. To measure the match of the two networks’ predictions
p, and p,, we adopt the Jensen-Shannon (JS) Divergence. To simplify implemen-
tation, we could use the symmetric Kullback-Leibler(KL) Divergence to surrogate

this term.
leon = Dxr(p||P2) + Dxi(ps||P1), (3.3)

where

qu@(wZ)
D
kL(P1lpy) = Z Z p i (a;)’
pgl@%)
DKL p p m
M2 Z Z p1 (a:z)
Small-loss Selection Before introducing the details, we first clarify the connection

between small losses and clean instances. Intuitively, small-loss examples are likely

to be the ones that are correctly labelled [27, 65]. Thus, if we train our classifier
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Algorithm 1: JoCoR
Input: Network f with ® = {©;,0,}, learning rate 7, fixed 7, epoch T}, and
Trnax, iteration I ..;
1: fort =1,2,... Ty do
Shuffle training set D;
forn=1,..., [,., do
Fetch mini-batch D,, from D;
p, = f(x,0,), YV € D,;
Py = f(x,0,), Vo € D,;
Calculate the joint loss ¢ by (3.1) using p; and py;
Obtain small-loss sets D,, by (3.4) from D,,;
Obtain L by (3.5) on D,;
Update ® =0 —nVL;
: end for
122 Update R(t) =1 — min {TikT, 7'}
13: end for
Output: ©; and O,

==
— O

only using small-loss instances in each mini-batch data, it would be resistant to

noisy labels.

To handle noisy labels, we apply the “small-loss” criterion to select “clean” in-
stances (step 8 in Algorithm 1). Following the setting of Co-teaching+, we update
R(t) (step 12), which controls how many small-loss data should be selected in
each training epoch. At the beginning of training, we keep more small-loss data
(with a large R(?)) in each mini-natch since deep networks would fit clean data
first [49, 50]. With the increase of epochs, we reduce R(t) gradually until reaching
1—7, keeping fewer examples in each mini-batch. Such operation will prevent deep

networks from over-fitting noisy data [27].

In our algorithm, we use the joint loss (3.1) to select small-loss examples. Intu-
itively, an instance with small joint loss means that both two networks could be
easy to reach a consensus and make correct predictions on it. As two networks
have different learning abilities based on different initial conditions, the selected
small-loss instances are more likely to be with clean labels than those chosen by a

single model. Specifically, we conduct small-loss selection as follows:

Dy, = argming, . oy > rry p, £ (D) - (3.4)
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TABLE 3.1: Comparison of state-of-the-art and related techniques with our Jo-
CoR approach. In the first column, “small loss”: regarding small-loss samples
as “clean” samples, which is based on the memorization effects of deep neu-
ral networks; “double classifiers”: training two classifiers simultaneously; “cross
update”: updating parameters in a cross manner instead of a parallel manner;
“joint training”: training two classifiers with a joint loss; “disagreement”: up-
dating two classifiers on disagreed examples during the entire training epochs;
“agreement”: maximizing the agreement of two classifiers by regularization dur-
ing the whole training epochs.

Decoupling Co-teaching Co-teaching+ JoCoR
small loss X 4 v v
cross update X v v X
joint training X X X v
disagreement v X v X
agreement X X X v

After obtaining the small-loss instances, we calculate the average loss on these

examples for further backpropagation:

1
= — E _l(x). .
L |D| zeD () (3:5)

Relations to other approaches. We compare JoCoR with other related ap-
proaches in Table 3.1. Specifically, Decoupling applies the “disagreement” strategy
to select instances while Co-teaching use small-loss criterion. Besides, Co-teaching
updates parameters of networks by the “cross-update” strategy to reduce the accu-
mulated error flow. Combining the “disagreement” strategy and the “cross-update”
strategy, Co-teaching+ achieves excellent performance. As for our JoCoR, we also
select small-loss examples but update the networks by Joint Training. Furthermore,
we use the Co-Regularization to maximize agreement between the two networks.
Note that Co-Regularization in our proposed method and “disagreement” strat-
egy in Decoupling are both essentially to reduce the divergence between the two
classifiers. The difference between them lies in that the former uses an explicit
regularization methods with all training examples while the latter employs hard
sampling that reduces the effective number of training examples. It is especially
important in the case of small-loss selection, because the selection would further

decrease the effective number of training examples.
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FIGURE 3.2: Example of noise transition matrix 7' (taking 6 classes and noise
ratio 0.4 as an example)
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3.3 Experiments

In this section we first compare JoCoR with some state-of-the-art approaches, then
analyze the impact of Joint Training and Co-Regularization by ablation study. We
also analyze the effect of A in (3.1) by sensitivity analysis and put it in supplemen-

tary materials. Code is available at https://github.com/hongxin001/JoCoR.

3.3.1 Experiment setup

Datasets. We verify the effectiveness of our proposed algorithm on four benchmark
datasets: MNIST, CIFAR-10, CIFAR-100 and ClothingIM [155]. These datasets
are popularly used for the evaluation of learning with noisy labels in previous
literatures [69, 156, 157]. Especially, Clothing1M is a large-scale real-world dataset
with noisy labels, which is widely used in the related works[67, 155, 158, 159]. The

detailed characteristics of these datasets are shown in Table 3.2.

TABLE 3.2: Summary of datasets used in the experiments.

# of training # of test # of class size
MNIST 60,000 10,000 10 28 x 28
CIFAR-10 50,000 10,000 10 32 x 32
CIFAR-100 50,000 10,000 100 32 x 32
Clothingl M 1,000,000 10,000 14 224 x 224

Since all datasets are clean except ClothinglM, following [67, 69], we need to cor-
rupt these datasets manually by the label transition matrix Q, where Q);; = Pr[j =
Jjly = 1] given that noisy g is flipped from clean y. Assume that the matrix Q has
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two representative structures: (1) Symmetry flipping [160]; (2) Asymmetry flipping
[67]: simulation of fine-grained classification with noisy labels, where labellers may

make mistakes only within very similar classes.

Following F-correction [67], only half of the classes in the dataset are with noisy
labels in the setting of asymmetric noise, so the actual noise rate in the whole
dataset 7 is half of the noisy rate in the noisy classes. Specifically, when the
asymmetric noise rate is 0.4, it means 7 = 0.2. Figure 3.2 shows an example of

noise transition matrix.

For experiments on Clothing1 M, we use the 1M images with noisy labels for train-
ing, the 14k and 10k clean data for validation and test, respectively. Note that we
do not use the 50k clean training data in all the experiments because only noisy
labels are required during the training process [70, 158]. For preprocessing, we
resize the image to 256 x 256, crop the middle 224 x 224 as input, and perform

normalization.

Baselines. We compare JoCoR (Algorithm 1) with the following state-of-the-art
algorithms, and implement all methods with default parameters by PyTorch, and
conduct all the experiments on NVIDIA Tesla V100 GPU.

e Co-teaching+ [60], which trains two deep neural networks and consists of

disagreement-update step and cross-update step.

e Co-teaching [27], which trains two networks simultaneously and cross-updates

parameters of peer networks.

e Decoupling [28], which updates the parameters only using instances which

have different predictions from two classifiers.

e F-correction [67], which corrects the prediction by the label transition matrix.
As suggested by the authors, we first train a standard network to estimate

the transition matrix Q.

e As a simple baseline, we compare JoCoR with the standard deep network

that directly trains on noisy datasets (abbreviated as Standard).

Network Structure and Optimizer. We use a 2-layer MLP for MNIST, a
7-layer CNN network architecture for CIFAR-10 and CIFAR-100. The detailed
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information can be found in supplementary materials. For Clothingl M, we use
ResNet with 18 layers. The network architectures of the MLP and CNN models

are shown in Table 3.3.

For experiments on MNIST, CIFAR-10 and CIFAR-100, Adam optimizer (momen-
tum=0.9) is used with an initial learning rate of 0.001, and the batch size is set to
128. We run 200 epochs in total and linearly decay learning rate to zero from 80
to 200 epochs.

For experiments on ClothinglM, we also use Adam optimizer (momentum=0.9)
and set batch size to 64. During the training stage, we run 15 epochs in total and

set learning rate to 8 x 107*, 5 x 107* and 5 x 107° for 5 epochs each.

TABLE 3.3: The models used on MNIST, CIFAR-10 and CIFAR-100

MLP on MNIST CNN on CIFAR-10& CIFAR-100
28 x 28 Gray Image 32 x 32 RGB Image
3 x 3, 64 BN, ReLU
3 x 3, 64 BN, ReLU

2 x 2 Max-pool
3 x 3, 128 BN, ReLLU
3 x 3, 128 BN, ReLU
2 x 2 Max-pool
3 x 3,196 BN, ReLLU
3 x 3, 196 BN, ReLLU
2 x 2 Max-pool
Dense 256 — 10 Dense 256 — 100

Dense 28 x 28 — 256, ReLU

As for A in our loss function (3.1), we search it in [0.05, 0.10, 0.15,...,0.95] with a
clean validation set for best performance. When validation set is also with noisy
labels, we use the small-loss selection to choose a clean subset for validation. As
deep networks are highly nonconvex, even with the same network and optimiza-
tion method, different initializations can lead to different local optimum. Thus,
following Decoupling [28], we also take two networks with the same architecture

but different initializations as two classifiers.

Measurement. To measure the performance, we use the test accuracy, i.e., test
accuracy = (# of correct predictions) / (# of test). Besides, we also use the
label precision in each mini-batch, i.e., label precision = (# of clean labels) / (#
of all selected labels). Specifically, we sample R(t) of small-loss instances in each
mini-batch and then calculate the ratio of clean labels in the small-loss instances.

Intuitively, higher label precision means less noisy instances in the mini-batch after



26

3.3. Experiments

———  Standard F-correction ——  Decoupling —_—

1000
o5
o [f2N
025

900

875

85.0

test accuracy
test accuracy

825 iy 65
800 i T T R—— 60
75 55
750 50
0 25 50 75 100 125 150 175 200
epoc

Label Precision
Label Precision

0 25 50 75 100 125 150 175 200
epoc

(A) S-20%

0 25 50 75 100 125 150 175 200

epoc

0 25 50 75 100 125 150 175 200

epoc

(B) S-50%

test accuracy
38

20

g

Label Precision

Co-teaching

0 25 50 75 100 125 150 175 200

epoc!

(C) S-80%

TS A A s

— Co-teaching+

1000

975

95.0

925

90.0

875

85.0

test accuracy

825

800

775

75.0

Label Precision

—— Ours

epoch

0 25 50 75 100 125 150 175 200

epoc!

(D) A-40%

FIGURE 3.3: Results on MNIST dataset. Top: test accuracy(%) vs. epochs;
bottom: label precision(%) vs. epochs.

TABLE 3.4: Average test accuracy (%) on MNIST over the last 10 epochs.

Flipping-Rate Standard F-correction | Decoupling | Co-teaching | Co-teaching+ JoCoR
Symmetry-20% 79.56 £0.44 | 95.38+0.10 | 93.16 £0.11 | 95.10 £0.16 97.81 £0.03 98.06 + 0.04
Symmetry-50% | 52.66 +£0.43 | 92.74 £0.21 | 69.79£0.52 | 89.82+0.31 | 95.80£0.09 | 96.64 +0.12
Symmetry-80% | 23.43+0.31 | 72.96 £0.90 | 28.51+0.65 | 79.73+0.35 | 58.92+14.73 | 84.89 +£4.55

Asymmetry-40% | 79.00 £0.28 | 89.77+0.96 | 81.84 +£0.38 | 90.28 +0.27 93.28 + 0.43 95.24 +£0.10

sample selection, so the algorithm with higher label precision is also more robust

to the label noise. All experiments are repeated five times. The error bar for STD

in each figure has been highlighted as a shade.

Selection setting. Following Co-teaching, we assume that the noise rate 7 is

known. To conduct a fair comparison in benchmark datasets, we set the ratio of

small-loss samples R(t) as identical: R(t) = 1 — min{

Ty

t

7',’7'}, where T}, = 10 for

MNIST, CIFAR-10 and CIFAR100, T}, = 5 for ClothinglM. If 7 is not known in

advance, 7 can be inferred using validation sets [64, 161].

3.3.2 Comparison with the State-of-the-Arts

Results on MINIST. At the top of Figure 3.3, it shows test accuracy vs. epochs on

MNIST. In all four plots, we can see the memorization effect of networks, i.e., test

accuracy of Standard first reaches a very high level and then gradually decreases.
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FIGURE 3.4: Results on CIFAR-10 dataset. Top: test accuracy(%) vs. epochs;
bottom: label precision(%) vs. epochs.

TABLE 3.5: Average test accuracy (%) on CIFAR-10 over the last 10 epochs.

Flipping-Rate Standard F-correction | Decoupling | Co-teaching | Co-teaching+ JoCoR
Symmetry-20% | 69.18 £0.52 | 68.74 £0.20 | 69.32+£0.40 | 78.23+0.27 | 78.71+0.34 | 85.73+0.19
Symmetry-50% 42.71+0.42 | 42.19+£0.60 | 40.22+0.30 | 71.30 £0.13 57.05£0.54 79.41 £ 0.25
Symmetry-80% 16.24+0.39 | 15.88+£0.42 | 1531 £0.43 | 26.58 4+ 2.22 24.19+2.74 27.78 + 3.06

Asymmetry-40% | 69.43 £0.33 | 70.60 £0.40 | 68.72+0.30 | 73.78 £0.22 | 68.84 £0.20 | 76.36 £0.49

Thus, a good robust training method should stop or alleviate the decreasing pro-
cess. On this point, JoCoR consistently achieves higher accuracy than all the other

baselines in all four cases.

We can compare the test accuracy of different algorithms in detail in Table 3.4.
In the most natural Symmetry-20% case, all new approaches work better than
Standard obviously, which demonstrates their robustness. Among them, JoCoR
and Co-teaching+ work significantly better than other methods. When it goes
to Symmetry-50% case and Asymmetry-40% case, Decoupling begins to fail while
other methods still work fine, especially JoCoR and Co-teaching+. However, Co-
teaching+ cannot combat with the hardest Symmetry-80% case, where it only
achieves 58.92%. In this case, JoCoR achieves the best average classification accu-
racy (84.89%) again.

To explain such excellent performance, we plot label precision vs. epochs at the
bottom of Figure 3.3. Only Decoupling, Co-teaching, Co-teaching+ and JoCoR are

considered here, as they include example selection during training. First, we can
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FIGURE 3.5: Results on CIFAR-100 dataset. Top: test accuracy(%) vs. epochs;
bottom: label precision(%) vs. epochs.

TABLE 3.6: Average test accuracy (%) on CIFAR-100 over the last 10 epochs.

Flipping-Rate Standard F-correction | Decoupling | Co-teaching | Co-teaching+ JoCoR
Symmetry-20% | 35.14+0.44 | 37.95+0.10 | 33.10£0.12 | 43.73+0.16 | 49.27+0.03 | 53.01 £0.04
Symmetry-50% 16.97+0.40 | 2498 £1.82 | 15.25£0.20 | 34.96 = 0.50 40.04 £0.70 43.49 + 0.46
Symmetry-80% 4.41+0.14 2.10 £ 2.23 3.89+0.16 15.15 +0.46 13.44 +£0.37 15.49 £ 0.98

Asymmetry-40% | 27.294+0.25 | 25.94+0.44 | 26.11+0.39 | 28.35+0.25 | 33.62+0.39 | 32.70£0.35

see both JoCoR and Co-teaching can successfully pick clean instances out. Note
that JoCoR not only reaches high label precision in all four cases but also performs
better and better with the increase of epochs while Co-teaching declines gradually
after reaching the top. This shows that our approach is better at finding clean
instances. Then, Decoupling and Co-teaching+ fail in selecting clean examples.
As mentioned in Related Work, very few examples are utilized by Co-teaching+
in the training process when noise rate goes to be extremely high. In this way, we

can understand why Co-teaching+ performs poorly on the hardest case.

Results on CIFAR-10. Table 3.5 shows test accuracy on CIFAR-10. As we can
see, JoCoR performs the best in all four cases again. In the Symmetric-20% case,
JoCoR works much better than all other baselines and Co-teaching+ performs
better than Co-teaching and Decoupling. In the other three cases, JoCoR is still
the best and Co-teaching+ cannot even achieve comparable performance with Co-

teaching.

Figure 3.4 shows test accuracy and label precision vs. epochs. JoCoR outperforms
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TABLE 3.7: Classification accuracy (%) on the ClothingIM test set
Methods | Standard | F-correction | Decoupling | Co-teaching | Co-teaching+ | JoCoR
best 67.22 68.93 68.48 69.21 59.32 70.30
last 64.68 65.36 67.32 68.51 58.79 69.79

all the other comparing approaches on both test accuracy and label precision. On
label precision, while Decoupling and Co-teaching+ fail to find clean instances,
both JoCoR and Co-teaching can do this. An interesting phenomenon is that in
the Asymmetry-40% case, although Co-teaching can achieve better performance
than JoCoR in the first 100 epochs, JoCoR consistently outperforms it in all the
later epochs. The result shows that JoCoR has better generalization ability than
Co-teaching.

Results on CIFAR-100. Then, we show our results on CIFAR-100. The test
accuracy is shown in Table 3.6. Test accuracy and label precision vs. epochs are
shown in Figure 3.5. Note that there are only 10 classes in MNIST and CIFAR-10
datasets. Thus, overall the accuracy is much lower than previous ones in Tables 3.4
and 3.5. But JoCoR still achieves high test accuracy on this datasets. In the easiest
Symmetry-20% and Symmetry-50% cases, JoCoR works significantly better than
Co-teaching+, Co-teaching and other methods. In the hardest Symmetry-80% case,
JoCoR and Co-teaching tie together but JoCoR still gets higher testing accuracy.
When it turns to Asymmetry-40% case, JoCoR and Co-teaching+ perform much
better than other methods. On label precision, JoCoR keeps the best performance

in all four cases.

Results on Clothing1M. Finally, we demonstrate the efficacy of the proposed
method on the real-world noisy labels using the ClothingIM dataset. As shown
in Table 3.7, best denotes the scores of the epoch where the validation accuracy is
optimal, and [ast denotes the scores at the end of training. The proposed JoCoR
method gets better result than state-of-the-art methods on best. After all epochs,
JoCoR achieves a significant improvement in accuracy of +5.11 over Standard, and

an improvement of +1.28 over the best baseline method.
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3.3.3 Ablation study

To conduct ablation study for analyzing the effect of Co-Regularization, we set
up the experiments above MNIST and CIFAR-10 with Symmetry-50% noise. For
implementing Joint Training without Co-Regularization (Joint-only), we set the A
in (3.1) to 0. Besides, to verify the effect of the Joint Training paradigm, we intro-
duce Co-teaching and Standard enhanced by “small-loss” selection (Standard+)
to join the comparison. Recall that the joint-training method selects examples by
the joint loss while Co-teaching uses cross-update method to reduce the error flow
[27], these two methods should play a similar role during training according to the

previous analysis.

The test accuracy and label precision vs. epochs on MNIST are shown in Figure 3.6.
As we can see, JoCoR performs much better than the others on both test accuracy
and label precision. The former keeps almost no decrease while the latter decline
a lot after reaching the top. This observation indicates that Co-Regularization

strongly hinders neural networks from memorizing noisy labels.

The test accuracy and label precision vs. epochs on CIFAR-10 are shown in Figure
Figure 3.7. In this figure, JoCoR still maintains a huge advantage over the other
three methods on both test accuracy and label precision while Joint-only, Co-
teaching and Standard+ remain the same trend as these for MNIST, keeping a
downward tendency after increasing to the highest point. These results show that
Co-Regularization plays a vital role in handling noisy labels. Moreover, Joint-
only achieves a comparable performance with Co-teaching on test accuracy and
performs better than Co-teaching and Standard+ on label precision. It shows
that Joint Training is a more efficient paradigm to help select clean examples than

cross-update in Co-teaching.

3.3.4 Parameter sensitivity analysis

To conduct the sensitivity analysis on parameter A\, we set up the experiments
above MNIST with symmetry-50% noise. Specifically, we compare A in the range
of [0.05, 0.35, 0.65, 0.95]. The larger the A is, the less the divergence of two

classifiers in JoCoR would be.
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FIGURE 3.8: Results of JoCoR with different A on MNIST

The test accuracy and label precision vs. number of epochs are in Figure 3.8.
Obviously, As the X increases, the performance of our algorithm on test accuracy
gets better and better. When A\ = 0.95, JoCoR achieves the best performance. We
can see the same trends on label precision, which means that JoCoR can select

clean example more precisely with a larger A.
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3.4 Chapter Summary

In this chapter, we introduce an effective approach called JoCoR to improve the
robustness of deep neural networks with noisy labels. The key idea of JoCoR is
to train two classifiers simultaneously with one joint loss, which is composed of
regular supervised part and Co-Regularized part. Similar to Co-teaching+, we
also select small-loss instances to update networks in each mini-batch data by
the joint loss. We conduct experiments on MNIST, CIFAR-10, CIFAR-100 and
ClothingIM to demonstrate that, JoCoR can train deep models robustly with the
slightly and extremely noisy supervision. Furthermore, the ablation studies clearly
demonstrate the effectiveness of Co-Regularization and Joint Training. In future
work, we will explore the theoretical foundation of JoCoR based on the view of

traditional Co-training algorithms [152, 153].



Chapter 4

Learning with Multiple Noisy

Labels as a Union

4.1 Motivation

Deep Neural Networks (DNNs) have achieved remarkable success on various real-
world applications over the past years, while they heavily rely on a large number
of training examples with accurate labels. To alleviate this issue, crowdsourcing
provides a potential solution for large-scale annotations, which aims to elicit the
correct label from crowdsourced labels. However, the collected crowdsourced labels
could be very noisy due to human mistakes, especially for some difficult tasks like

image annotation [162-164] and music genre classification [165].

For training a classifier with noisy crowdsourced labels from multiple annotators,
the key is how to abstract information from the imperfect crowdsourced labels. A
traditional solution is to select the true label from crowdsourced labels by majority
voting [166, 167] and train a classifier with the selected true label. However, this
naive method would cause biased results because it simply assumes that all anno-
tators are equally reliable, which is usually impractical since different annotators
normally have different levels of expertise [52]. In order to capture the expertise
levels of different annotators, some variants of Expectation-Maximization (EM)
algorithm [52] were adapted to infer the ground-truth label and train the classifier
alternately. Due to the iterative manner, EM-style algorithms are computation-

ally expensive, especially when DNNs are used [163]. To improve the efficiency of

33
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training with DNNs, recent studies (e.g., CrowdLayer [30] and SpeeLFC [53]) aim
to train an end-to-end deep neural network with multiple parametric annotator-
specific transition matrices. Although they have achieved satisfactory practical per-
formance, they still suffer from computational inefficiency and do not hold learning

consistency®.

To further address the above two limitations, we propose a novel method named
UnionNet, which is not only theoretically guaranteed but also experimentally ef-
fective and efficient. Specifically, unlike existing methods that either fit a given
label from each annotator independently or fuse all the labels into a reliable one,
we concatenate the one-hot encoded vectors of crowdsourced labels provided by all
the annotators, which takes all the labeling information as a union and keeps it
intact and coordinates multiple annotators. In this way, we can directly train an
end-to-end deep neural network by maximizing the likelihood of the intact labeling
information with only a transition matrix. In summary, the key contributions of

this chapter are as follows.

e We propose UnionNet 2, a novel method that takes the labeling informa-
tion provided by all annotators as a union, and trains an end-to-end DNN
maximizing the likelihood of this union with only a parametric transition

matrix.

e For theoretical guarantee, we prove the learning consistency of UnionNet by
establishing an estimation error bound, which shows that obtained empirical
risk minimizer by UnionNet would converge to the true risk minimizer as the

amount of training data tends to infinity.

e For practical performance, we conduct extensive experiments on synthesized
as well as real-world crowdsourced datasets, and the experimental results

demonstrate that UnionNet is superior to the state-of-the-art counterparts.

e For training efficiency, we experimentally show that the training time of
UnionNet is nearly the same as that of standard DNN trained with correct

labels, which is significantly less than that of other end-to-end methods.

!Learning is consistent, if and only if the risk of the learned classifier converges to the risk of
the optimal classifier, as the amount of training data approaches infinity, where the optimality is
defined over a given hypothesis class.

2The work in this chapter has been published in [168].
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4.2 Preliminaries

In this section, we introduce the problem setting of learning with crowdsourced

labels and the formulation of CrowdLayer, which is a representative related work.

4.2.1 Problem setting

Let D = {(x;,Y;)};_, be a crowdsourced dataset that includes n examples with k
classes, where for each instance x; € RY, we receive a set of crowdsourced labels
Y, = {gg | 7 =1...m}, with gjf representing the label provided by the j-th anno-
tator in a set of m annotators. It is worth noting that the number of crowdsourced
labels of different examples could be different. Hence |Y;| may not be equal to
Y;| if ¢ # j. Following [23, 30, 52, 53], we also assume each instance x; has its
corresponding latent ground-truth label y; and it is related to the crowdsourced
labels Y;. It is worth noting that learning with crowdsourced data is a multi-class
classification problem, which means there is only a true label for each training
instance. This setting is different from multi-label learning [54-58] where multiple
true labels are provided for each each training instance. Under this setting, our
goal is to train a classifier f based on a crowdsourced dataset D = {(x;, Y;)},_,

that could accurately predict the ground-truth label of an unseen instance in the

test phase.

4.2.2 Formulation of CrowdLayer

Instead of using an alternating optimization manner of EM-style algorithms, Crowd-
Layer [30] aims to train an end-to-end DNN that simultaneously optimizes all the
components. Specifically, CrowdLayer relies on a crowd layer that takes the soft-
max outputs of a standard DNN model as the input, and learns multiple parametric
annotator-specific transition matrices to fit the given label of each annotator inde-

pendently.

For each annotator j, we define an annotator-specific crowd layer by a transition
matrix TV, which is equivalent to a linear layer without bias, i.e., T?y. In Crowd-

Layer, a transition matrix is explicitly learned for each annotator, thereby enabling



36 4.3. The Proposed Approach

crowdsourced labels to propagate errors through the whole network structure. For-
mally, let ¥ be the softmax output of a standard classifier. Given a loss function £
(e.g., categorical cross-entropy loss) for classification, CrowdLayer minimizes the
following objective:

min % S S £(softmax(T75), 7). (4.1)
where ® = {{TV}",, f} denotes the set of all learning parameters that include the
parameters of transition matrices and the classifier. Trained with the above objec-
tive function, CrowdLayer achieves the goal of directly learning from crowdsourced
labels in an end-to-end manner. However, CrowdLayer does not hold learning con-
sistency. In addition, most existing end-to-end methods, including CrowdLayer and
SpeeLFC, need to forward propagate through multiple linear layers in a for-loop
way. It also introduces extra computational complexity, especially when scaling to

a large number of annotators.

4.3 The Proposed Approach

As described above, the training inefficiency of existing end-to-end algorithms is
caused by the for-loop forward propagation of multiple independent annotator-
specific transition matrices. Hence we conjecture that if we use a single transition

matrix, the training efficiency may be improved.

4.3.1 Union of crowdsourced labels

We present a novel end-to-end method called UnionNet, which allows us to leverage
a single transition matrix to directly train a DNN with the crowdsourced labels
provided by multiple annotators. UnionNet not only experimentally outperforms
other end-to-end counterparts, but also holds learning consistency and has high
training efficiency. As shown in Figure 1(b), instead of learning an independent
annotator-specific transition matrix for each annotator, we propose to learn a single
transition matrix. In this way, we could transform the softmax outputs of the
standard classifier via this transition matrix to fit a union of labeling information

provided by all the annotators.
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By taking the labeling information provided by all the annotators as a union, our
proposed UnionNet is advantageous in two aspects. First, unlike previous meth-
ods [30, 53] that treat each annotator equally, UnionNet naturally coordinates the
contributions of different annotators on the true label. Specifically, in CrowdLayer,
each annotator would contribute a loss independently, while in our UnionNet, there
is only a single loss that is contributed by all the annotators. Therefore, UnionNet
takes into account the collaboration of all the annotators, while previous methods
treat each annotator independently. Hence UnionNet is expected to achieve better
performance, especially in the correlated settings. Second, previous methods con-
duct forward propagation through multiple linear layers (i.e., transition matrices)
in a for-loop way. In contrast, UnionNet only has a single transition matrix, hence
it avoids that for-loop way. Therefore, UnionNet would be more computationally

efficient.

Therefore, the question becomes how to combine the crowdsourced labels of all
the annotators as a union. Our proposed UnionNet provides a simple yet effective
answer to this question. Concretely, we can concatenate the vectors of one-hot
encoded crowdsourced labels provided by different annotators to form a united
vector y;:

Y, = concatenate(e(gil), e(g?), . ,e@?‘m)). (4.2)

where e(#) .= 0,...,1,...,0)" € {0,1}* is a one-hot vector and only the g]{—th
entry of () is 1. When the j-th annotator does not provide a label for the i-th
instance x;, we define the vector (@) as a zero vector. In this way, all the crowd-
sourced labels are processed as a union. Here, one may think that we could use
another combination method to produce a union of crowdsourced labels. For exam-
ple, we could sum up the vectors of one-hot encoded crowdsourced labels together
to create a single union vector. However, this simple addition operation could not
fully capture the complex relationships between the crowdsourced labels and the
ground-truth label. In contrast, our proposed concatenation operation in Eq. (4.2)
enables the union of crowdsourced labels to contain the information of annotators
so that it can automatically coordinate the influences of different annotators. We
also experimentally demonstrate the advantage of our concatenation operation over

the addition operation by conducting ablation studies in the experiment section.
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4.3.2 Training objective

By taking the crowdsourced labels as a union vector y;, our final goal is to train
an end-to-end deep model by fitting this union vector y,. To achieve this goal, we
adopt the widely used mazimum likelihood principle [169, 170]. Formally speaking,

we would like to maximize the p(y | ), where p(y | ) can be formulated as

p@ @)=Y p@yle) =3 p@|v.@)ply|e)
=>_ @ vply| ). (4.3)

where the last equality holds due to the widely used assumption [30, 52, 53] that the
crowdsourced labels are only related to the ground-truth label y and independent
of the instance x. It is worth noting that there is a similar assumption in the
area of noisy-label learning [27, 59, 67, 171-181] that the observed label noise is
class-conditional. In this way, the expected risk of our proposed UnionNet could

be formulated as the negative expected log-likelihood:

R(f) = —Epay [logp(@ | =)], (4.4)

where p(y | ) denotes the distribution of crowdsourced data. In terms of Eq. (4.3),
the key of our proposed end-to-end learning method is how to empirically approx-
imate the union vector y, by using different components in our deep archtecture.
Here, we provide two solutions, which are named UnionNet-A and UnionNet-B

respectively.

UnionNet-A. Motivated by the training objective of CrowdLayer [30] in Eq. (4.1),
we could empirically approximate the union vector y, of @; by softmax(T7y,) where

¥, denotes the softmax outputs of the standard classifier and T € R*" x R* is a

parametric transition matrix, which is defined as a linear layer without bias. It

is worth noting that we need to further conduct the softmax operation on Ty,

to make it always non-negative, as there is no constraints posed on the transition

matrix T'. Guided by the expected risk in Eq. (4.4), we have the following training

objective of UnionNet-A:

R ~
min —— Zi:l Y, log (softmax(T'y;)), (4.5)
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UnionNet-B

(A) UnionNet-A (B) UnionNet-B

FIGURE 4.1: The training schemes of UnionNet (ours) for the classification task
with 5 classes and 3 annotators. For the two algorithms of UnionNet, softmax
operation is either applied on transformed outputs for UnionNet-A or columns
of the transition matrix for UnionNet-B. In the test stage, y can be readily used
to make predictions for an unseen instance x;.

where ® = {T, f} denotes the set of all learning parameters. It is worth noting
that for UnionNet-A, the parametric transition matrix T' is not able to model the
conditional probability p(y | y) since the elements of T" may be smaller than 0.
As a consequence, UnionNet-A may not hold any theoretical guarantee, since it
does strictly follow from Eq. (4.3) and Eq. (4.4). To alleviate this issue, we further

present the other solution UnionNet-B, which is theoretically guaranteed.

UnionNet-B. Motivated by SpeeLFC [53] that employs a probabilistic paramet-
ric transition matrix to enhance the interpretability for each annotator, we could
also empirically approximate the union vector y, of x; by softmax(T)y, where
softmax(7T") means taking the softmax operation on each column of the paramet-
ric transition matrix 7', which is a linear layer without bias. It is worth noting
that each column of softmax(T') indicates that the probability vector of each true
label y becomes a specific union vector y. Therefore, we need to impose the soft-
max operation on each column of T' to satisfy the requirements of p(y | y), i.e.,
>3P(W | y)=1andp(y | y) > 0for any y and y. Other weakly supervised learning
settings have also provided various attempts to estimate such kind of probabilistic
transition matrix using anchor points [29, 67], or learn it as a noise adaptation
layer [156]. Our proposed UnionNet-B adopts the latter strategy, and the training
objective of UnionNet-B is expressed as

R R e ~
min —— Zi:l ¥, log (softmax(T')y,), (4.6)

where ® = {T', f} denotes the set of all learning parameters. It is worth noting
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Algorithm 2: UnionNet
Input: Classifier f with W, transition matrix T, number of epochs Fiy.x;

1: fore=12,...,F,. do

22 Y= flz, W)

3:  Obtain union y by Eq. (2);

4:  Obtain £ by Eq. (5) for UnionNet-A or Eq. (6) for UnionNet-B based on
y and ¥;

5. Update {W T} by £ using Adam optimization method.

6: end for

Output: W

that SpeeLFC employs multiple probabilistic parametric transition matrices, each
for an annotator, and it does not hold any guarantee. In contrast, our proposed
UnionNet-B only uses a single probabilistic parametric transition matrix, and we

will show that it is theoretically consistent and has higher training efficiency.

Differences between UnionNet-A and UnionNet-B. As shown in Figure 4.1,
both the two proposed methods optimize a single probabilistic parametric transi-
tion matrix. Differently, UnionNet-A applies the softmax operation on transformed
outputs while UnionNet-B uses it on columns of the transition matrix. As a result,
UnionNet-B is theoretically consistent but UnionNet-A do not hold any theoret-
ical guarantee. In addition, the softmax operation on columns of the parametric
transition matrix provides a better way to automatically coordinate the influences
of different annotators, which is clearly supported by the empirical results in Ta-
ble 4.2. With such a guarantee, UnionNet-B is expected to achieve better empirical

performance than UnionNet-A.

4.3.3 Initialization strategy

A good initialization strategy for the parametric transition matrix T is helpful for
the convergence of the whole network architecture in the training stage. At the
beginning of training, we could treat the linear layer (which represents the whole
transition matrix) as a simple concatenation of m sub-layers and each of them
represents a transition matrix of a annotator: T = concatenate(Tl, T2, ..., T™).

We adopt the following two initialization strategies in the experiments.
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For the first initialization strategy, we follow CrowdLayer [30] to initialize the sub-

layer for each annotator as
€
T (a,b) = (1 — E)H{a:b} + mﬂ{a#,}, (4.7)

where . ndition = 1 when condition is true, Leongition = 0 when condition is false, and

¢ denotes an extremely small constant, which is fixed at 107° in our experiments.

For the second initialization strategy, we follow [52, 182] to initialize the sub-layer

for each annotator as

Z?:l Q (yi = a) H{gg:b}

T = Q=0

(4.8)

where Q (y; = a) := % > H{g{:a}'

We will provide detailed information about which strategy will be adopted on which
dataset in the experiments. The details of our proposed UnionNet are shown in
Algorithm 2. Specifically, UnionNet is more computationally efficient since it only
optimizes a single transition matrix during training, thereby avoiding the for-loop
way in previous methods. Moreover, UnionNet explores the relationships between
annotators by the concatenate operation, thereby being able to achieve better

practical performance.

4.4 Theoretical Analysis

For UnionNet, the crowdsourced labels for each instance are taken as a union
vector. In this way, we could represent the provided crowdsourced datasets as
{xi,y;}1-,, where each example is assumed to be independently sampled from the
distribution of crowdsourced data p(x,y). It is noteworthy that for UnionNet-B,
softmax(T") could perfectly model the conditional probability p(y | y) in Eq. (4.3).
Hence we only focus on the theoretical analysis of UnionNet-B, and represent the

used transition matrix softmax(T') as T'.

We define the model class as F C {f : RY — R¥} and define the true risk minimizer

as
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[r=argmin; rEpy [E(f(a:), y)}, (4.9)

where p(x,y) denotes the underlying data distribution of the normal example (, y)
and y is the true label of . Then we define the obtained empirical risk minimizer
by minimizing Eq. (4.6) as f In the following, we will prove that the obtained
empirical risk minimizer fwould converge to the true risk miminizer f* as the

collected crowdsourced training data approaches infinity.

First of all, we prove that the obtained expected risk minimizer f* by minimizing
Eq. (4.4) is exactly the same as the true risk minimizer f* if the categorical cross

entropy loss is used in Eq. (4.9). All the proofs are provided in Appendix A.

Lemma 4.1. Suppose g(x) = softmax(f(x)), by optimizing Eq. (4.9) with cat-
egorical cross entropy loss, the optimal mapping g* (w.r.t. f*) satisfies gf(x) =
ply=i|x),Vielk].

Theorem 4.2. When the transition matriz T has full rank and the condition in
Lemma 4.1 is satisfied, our expected risk minimizer f* 15 the same as the true risk

manimaizer f*, i.e., ]?* = f*.

Next, we theoretically establish an estimation error bound, which demonstrates the
learning consistency of UnionNet-B based on Rademacher complezity [183]. From
Eq. (4.6), we can introduce a composite loss £(f(z),§) = —g log(Tsoftmax(f(z))).
Let F be represented as F = Fy X --- X Fg, where F; := {f : x — fi(x) | [ €
F},¥i € [k]. We denote by R,(F,) the Rademacher complexity of F, given the

sample size n over p(x). Then we have the following theorem.

Theorem 4.3. Assume L is p-Lipschitz (p < 0 < 00) continuous w.r.t. f(x) and

upper bounded by M, i.e., for any (x,y) ~ p(x,y), L(f(x),y) < M. Then, for
any 0 > 0, with probability at least 1 — ¢,

log
2n

>IN

R = R <2203 Rul(F) + M (4.10)

Generally, R,,(F,) can be bounded by Cx/+/n for a positive constant Cx [173,

184, 185]. Hence Theorem 4.3 demonstrates that the empirical risk minimizer f
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(obtained by learning from only crowdsourcing data) converges to the true risk min-
imizer f* (obtained by minimizing the expected classification risk on fully laebled
data) as the number of crowdsourcing data approaches infinity (n — o0). Such
a theoretical result indicates that we can obtain a reasonable classifier by directly
using our UnionNet-B with only crowdsourcing data, and such a classifier would
be better if more crowdsourcing data are provided. In addition, we can observe
that the convergence rate of the derived bound in Theorem 2 is O,(1/y/n) where
O, denotes the order in probability. This order is known as the optimal parametric

rate for empirical risk minimization without additional assumptions [186].

4.5 Experiments

4.5.1 Benchmark datasets

Synthesized datasets. Four widely used synthesized datasets are used in our
experiments [30, 182, 187]. Dogs vs. Cats dataset consists of 25000 images
from 2 classes dogs and cats, which is split into a 12500-image training set and a
12500-image test set. CIFAR-10 dataset consists of 60000 images from 10 classes,
which is split into a 50000-image training set and a 10000-image test set. MINIST
dataset also contains 60,000 training images and 10,000 testing images. LUNA16
dataset consists of 888 C'T scans for lung nodule. We preprocessed the CT scans by
generating 8106 50 x 50 gray-scale images, which is split into a 6484-image training

set and a 1622-image testing set.

For each synthesized dataset, we follow [182] to generate two groups of crowd-
sourced labels: labels provided by (H) annotators with relatively high expertise;
(L) annotators with relatively low expertise. Besides, we consider two cases of
mistakes: independent mistakes, where senior annotators are mutually condi-
tionally independent, and correlated mistakes, where senior annotators are mu-
tually conditional independent, and each junior annotators copies one of the senior
annotators. For each of the situations (H) and (L), the two cases have the same
senior annotators. For independent mistakes, we set the number of annotators to
5 and 10 for the situations (H) and (L), respectively. For correlated mistakes, the

number of senior annotators is set to 5 and 10 for the situations (H) and (L), while
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the number of junior annotators is set to 5 and 2 for the situations (H) and (L). In

the following, we will introduce the details of the two cases for different datasets.

Independent mistakes. For Dogs vs. Cats, in situation (H), some senior an-
notators are more familiar with cats, while others make better judgments on dogs.
Specifically, the expertise of five annotators are A: 0.6/0.8, B: 0.6/0.6, C: 0.9/0.6,
D: 0.7/0.7, E: 0.6/0.7. For example, the expertise of annotator A is 0.6/0.8 in
the sense that if the ground truth is dog/cat, she labels the image as “dog” / “cat”
with probability 0.6/0.8 respectively. In situation (L), all ten seniors’ expertise are
0.55/0.55.

For CIFAR-10, in situation (H), we generate annotators who may make mis-
takes in distinguishing the hard pairs: cat/dog, deer/horse, airplane/bird, automo-
bile/trunk, frog/ship, but can perfectly distinguish other easy pairs (e.g. cat/frog),
which makes sense in practice. When they cannot distinguish the pair, some of
them may label the pair randomly and some of them label the pair the same class.
In detail, for each hard pair, annotator A label the pair the same class (e.g. A
always labels the image as “cat” when the image has cats or dogs), annotator B
labels the pair uniformly at random (e.g. B labels the image as “cat” with the
probability 0.5 and “dog” with the probability 0.5 when the image has cats or
dogs). Annotator C is familiar with mammals so she can distinguish cat/dog and
deer/hose, while for other hard pairs, she label each of them uniformly at random.
Annotator D is familiar with vehicles so she can distinguish airplane/bird, automo-
bile/trunk and frog/ship, while for other hard pairs, she always label each of them
the same class. Annotator E does not have special expertise. For each hard pair,
annotator E labels them correctly with the probability 0.6. In situation (L), all ten
senior experts label each image correctly with probability 0.2 and label each image

as other false classes uniformly with probability %8. We use the same settings for
the MNIST dataset.

For LUNAL1G, in situation (H), some senior annotators tend to label the image as
“benign” while others tend to label the image as “malignant”. Their expertise for
benign/malignant are: A: 0.6/0.9, B: 0.7/0.7, C: 0.9/0.6, D: 0.6/0.7, E: 0.7/0.6. In

situation (L), all ten seniors’ expertise are 0.6/0.6.

Correlated mistakes. For Dogs vs. Cats, MNIST, CIFAR-10 and LUNA16, in

situation (H), two junior annotators copy annotator A’s labels and three junior
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annotators copy annotator C’s labels; in situation (L), one junior annotator copies

annotator A’s labels and another junior annotator copies annotator C’s labels.

Real-world datasets. Two widely used real-world datasets are used in our ex-
periments [30, 53]. LabelMe dataset consists of a total of 2688 images, where
1000 of them are used to obtain labels from multiple annotators from Amazon Me-
chanical Turk [188] and the remaining 1688 images are used for evaluation. Each
image is labeled by an average of 2.547 workers, with a mean accuracy of 69.2%
[189]. Music Genre Classification (M GC) dataset contains 700 examples (with
crowdsourced annotations) of songs with 30 seconds in length and are divided into

10 different music genres (classical, country, disco, etc.) [165].

Initialization. For the transition matrix in our algorithms, we use Eq. (4.8) for
initialization on CIFAR10 and MGC. On other datasets, we initialize the layer by
Eq. (4.7). The same setting is applied for CrowdLayer. For SpeeLFC [53], we use
the setting described in their paper: the values on the diagonal elements of each

transition matrix are initially set to 4.7, and the other values are fixed at 1.

4.5.2 Compared algorithms

We compare the two algorithms of UnionNet with the following state-of-the-art
algorithms: MajorVote [166], which trains the network with the majority voting
labels from all the annotators. CrowdLayer [30], which directly learns from mul-
tiple annotators’ labels with multiple annotator-specific linear layers. DoctorNet
[162] which models multiple annotators individually with different softmax output
layers in the deep architecture. In this baseline, all the annotators are equally
weighted. WDN [162], which is a variant of DocterNet with learnable weights
for different annotators. SpeeLFC [53], which is a novel end-to-end probabilistic

model that learns interpretable parameters of the crowd layer.

We conduct all the experiments on NVIDIA RTX 2080Ti GPUs. Specifically,
we repeat the experiments 5 times with different random seeds and calculate the

average test accuracy and standard deviation for reporting the results.
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4.5.3 Training settings

Network Structure. We use the same base model as the classifier for all algo-
rithms. Following [30], we employ the 4-layer CNN network as the classifier on
Dogs vs. Cats and LUNA16. We use VGG-16 as the classifier on CIFAR10 and
use 2-layer MLP on MNIST. On LabelMe, we also follow [30] to use the pre-trained
VGG-16 model and apply an FC layer (with 128 units and ReLU activation) and an
output layer on top with 50% dropout. On MGC, we use a linear model following
the setting of SpeeLFC [53].

Optimizer. We use the Adam optimizer [190] for all the experiments. The hy-

perparameters like learning rate for different datasets are provided in Table 4.1.

TABLE 4.1: Summary of training setting for different datasets.

Batch Size | Learning rate | Training epochs
Dogs vs. Cats 16 1077 20
CIFAR-10 64 1073 50
LUNAI6 16 1074 20
LabelMe 64 10~ 20
MGC 100 1073 5000

4.5.4 Experimental results

Synthesized Datasets. Table 4.2 shows the test accuracy of each algorithm on
the four synthesized datasets under different crowdsourced settings. As we can see,
our proposed algorithms achieve the best performance in most cases. On MNIST,
UnionNet-B is the only algorithm that keeps the best or comparable performance
across all the four cases, while CrowdLayer and UnionNet-A perform bad in the
correlated (H) case. Surprisingly, we observed an abnormal phenomenon that al-
most all algorithms except UnionNet-B provide worse results on two high-expertise
cases than on the low-expertise cases. Recall that we assume that the annotators’
expertise in situation (H) may vary across different classes. Consequently, the re-
sults we obtained seem to indicate that on multi-class datasets learning with noisy
high-expertise annotations that needs to take into account class-level differences in
expertise might be even more challenging than learning with simple low-expertise

annotations(i.e., high noise rate).
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TABLE 4.2: Average test accuracy (%) with standard deviation on synthesized
datasets under different settings (over 5 trials). The best results are highlighted
in bold.

Datasets ‘ Settings ‘ Basclines ‘ Ours
‘ MajorVote CrowdLayer DoctorNet WDN SpeeLFC ‘ UnionNet-A  UnionNet-B
Independent(H) | 74.98+£1.47  98.294+0.07 75.63+£0.70 76.714£0.65 50.05+0.03 | 94.37+2.22 98.39+0.05
MNIST Correlated(H) | 83.43+£1.28 78.58+11.15 74.92+0.75 56.10+0.80 50.03+0.04 | 79.57+1.83 98.37+0.06
Independent(L) | 89.944+1.01  95.58+0.15 93.97+£0.25 93.77+0.97 95.51+£0.90 | 95.544+0.16 95.62+0.15
Correlated(L) | 91.86+0.54 95.45+£0.23  93.804+0.29 93.34+0.46 95.314+0.36 | 95.55+0.22  95.38+0.20
Independent(H) | 68.25£0.79  56.06+6.03  69.98+0.23 45.424+0.25 40.21+3.61 52.60+1.27 78.40+3.35
CIFARLO Correlated(H) | 67.814+2.67 68.31+5.62 67.77£1.90 45.32+0.11 35.39+0.17 | 45.10+0.62 76.99+0.43
Independent(L) | 60.95+0.82 68.21+1.11 66.07£1.41 46.52+4.97 66.37+£1.46 | 67.49+0.42 68.66+0.85
Correlated(L) | 60.10+£0.85  65.30+£0.96 63.014£3.83 39.17+£3.46 64.63+1.26 | 63.20+£1.38 65.82+1.06
Independent(H) | 77.62+0.37 78.84+0.48 76.87+0.2 77.13+0.75 78.61+0.62 | 78.60+0.51  78.66+0.83
Dog vs. Cat Correlated(H) | 77.63+0.55  78.64+0.71 77.07+£0.43 75.26+1.12 78.65+0.60 | 78.79+0.66 78.65+0.50
’ Independent(L) | 60.21£0.76 70.05+£0.58 65.77+£1.44 65.45+£0.67 69.69£1.08 | 69.71+£0.44  69.74+0.37
Correlated(L) | 61.25+1.11 68.44+1.17  65.494+1.07 64.73+£0.95 68.58+1.23 | 68.54+0.56 68.59+1.17
Independent(H) | 90.59+0.43  91.104+0.36  89.66+0.33 89.76+0.42 91.27+0.27 | 91.29+0.39  91.03+0.12
LUNAIG Correlated(H) | 90.454£0.22  91.00+0.18  89.84+0.30 89.65+0.33  91.05+£0.40 | 90.95+0.26 91.13+0.19
Independent(L) | 88.05+0.89  89.10+0.55 87.90+0.73 88.01+0.71 89.53+0.55 | 89.44+0.41  89.40+0.39
Correlated(L) | 87.52+1.08  89.03+£0.37 87.724+0.66 87.88+0.82 88.99+0.53 | 88.95+0.32 89.174+0.51

On CIFARI10, UnionNet-B significantly outperforms all baselines in all the four set-
tings, especially for experts with relatively high expertise. Specifically, UnionNet-
B achieves significant improvement by about 12% over the second-best algorithms
across the two cases with high expertise. In the two cases with low expertise,
we observe that UnionNet-B still achieves the best performance while MajorVote
performs much worse than the other baselines. It is worth noting that SpeeLFC
performs badly on the two cases with relatively high expertise of both the MNIST
dataset and CIFAR10 dataset, which shows the poor applicability of SpeeLFC to

different cases.

On Dog vs. Cat and LUNA16 datasets, we observe that all the methods exhibit
similarly high accuracy in the two cases with high expertise. A possible reason is
that there are only 2 classes for this dataset. An interesting phenomenon is that our
proposed algorithms consistently outperform all the baselines under all the settings
with correlated mistakes, while they are slightly inferior but still comparable to
the best baseline in three of the settings with independent mistakes. It shows that
our proposed method has an advantage in handling correlated mistakes, which
are closer to real-world settings. This phenomenon can be interpreted by that
our UnionNet can naturally coordinate the contributions of different annotators
on the true label and explores the relationships between the annotators, while
previous methods treat each annotator independently. Therefore, our UnionNet is

better suited for correlated mistakes than independent mistakes. When it comes to
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TABLE 4.3: Average test accuracy (%) and standard deviation (over 5 trials)

on real-world datasets.

Method LabelMe MGC
MajorVote 79.8140.12 62.934+0.13
CrowdLayer 83.944+0.25 69.001+0.63
DoctorNet 79.9740.40 57.071+0.25
WDN 81.08+0.22 41.47+0.50
SpeeLFC 83.70+0.33 48.40+3.22
UnionNet-A 83.92+0.21 68.60+0.53
UnionNet-B 84.18+0.12 69.331+0.58

the settings with independent mistakes, our UnionNet would achieve comparable

performance to CrowdLayer since there is no relationship between the annotators.

Real-World Datasets. We also demonstrate the efficacy of the proposed meth-
ods on the real-world crowdsource datasets using LabelMe and MGC datasets in
Table 4.3. On LabelMe Dataset, UnionNet-B gets the best result, while the per-
formance of UnionNet-A is comparable to CrowdLayer and SpeeLFC. On MGC
dataset, UnionNet-B still performs the best among all the method and UnionNet-
A obtains comparable result with CrowdsLayer, while SpeeLFC is stuck at local

minimum with poor performance.

To demonstrate the ability of our UnionNet to learn the reliabilities of the anno-
tators, we compare the learned weight matrices of UnionNet-A and UnionNet-B
with those of CrowdLayer, SpeeLFC, and the corresponding real confusion matrix
on LabelMe dataset. Following [30], we select four annotators with the largest
number of annotations. The results are shown in Figure 4.2. The real transition
matrices of annotators are calculated based on their annotations and the ground
truth, while the learned weight matrices of every algorithm are normalized for fair
comparisons. From Figure 4.2, we observe that the learned matrices of UnionNet-A
and UnionNet-B are closer to the real confusion matrix than those of CrowdLayer
and SpeeLFC. This observation validates the effectiveness of our UnionNet, as
UnionNet could automatically coordinate the influences of different annotators on
the true label, while other algorithms only focus on each annotator independently

without explicit consideration of the relationships among the annotators.
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FIGURE 4.2: Four examples in LabelMe for comparisons between the learned
transition matrix of different algorithms and the real transition matrix. Note
that the color intensity of the cells increases with the relative magnitude. The

value behind the name of each algorithm is defined as HTilg — TfeaIHF, where

Tilg and Tfeal denote the learned weight matrix and the corresponding real
confusion matrices for the jth annotator. The smaller the value, the better the
fitting performance.

4.5.5 Ablation study

To demonstrate the advantage of our concatenation operation over the addition
operation, we set up the experiments above LabelMe and MGC datasets. For
reimplementing UnionNet-A and UnionNet-B with an addition operation, we ini-
tialize the square transition matrix by Eq. (4.7) on LabelMe. Slightly different
from Eq. (8), the transition matrix on MGC is initialized by taking logarithm
before addition. The results are presented in Figure 4.3a. On both LabelMe and
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FIGURE 4.3: (A) Average test accuracy (%) with standard deviation on LabelMe
(left) and MGC (right) over 5 trials, for different implementations of UnionNet.
(B) Average training time per epoch (over 10 epochs) on LabelMe (left) and
MGC (right) for different algorithms.

MGC datasets, UnionNet-A and UnionNet-B with concatenation operation con-
sistently perform better than the corresponding algorithms based on the addition
operation, respectively. It verifies that, compared to the addition operation, the
concatenation operation is more effective to build the union of crowdsourced labels

for training.

4.5.6 Training efficiency analysis

To demonstrate the advantage of UnionNet in training efficiency, we train each
algorithm for 10 epochs on real-world datasets and show the average training time
per epoch in Figure 4.3b. Besides, we introduce a new baseline named Standard,
which simply trains on the ground true label. We omit WDN in the comparisons
as it is one of the variants of DoctorNet and its training time is much higher than
that of the DoctorNet.

On LabelMe dataset, CrowdLayer, DoctorNet and SpeeLFC take 8-9 times longer
than Standard and MajorVote. In contrast, the training speed of both UnionNet-A
and UnionNet-B is close to that of Standard and MajorVote, which means the linear
layer proposed in our algorithms runs with almost no additional computational

burden.

The same phenomenon happens on MGC dataset. Due to their for-loop forward
propagation in multiple annotator-specific transition matrices, DoctorNet spends
the most time in training, followed by CrowdLayer and SpeeLFC. On the other

hand, learning directly from the concatenated labels through a simple linear layer
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costs very little on computational resources, shown by UnionNet-A and UnionNet-
B. It shows that our proposed UnionNet is an end-to-end learning architecture with
higher computational efficiency compared with other existing end-to-end learning

algorithms.

4.6 Chapter Summary

In this chapter, we investigated the problem of learning with crowdsourced labels
and proposed a novel end-to-end deep learning method named UnionNet, which
is not only theoretically consistent but also experimentally effective and efficient.
Specifically, unlike existing methods that either fit the given label by each annotator
independently or fuse all the labels into a reliable one, we concatenated the one-hot
encoded vectors of crowdsourced labels provided by all the annotators, which takes
all the labeling information as a union and keeps it intact and coordinates multiple
annotators. In this way, we could directly train an end-to-end deep neural network
by maximizing the likelihood of this union with only a parametric transition matrix.
We theoretically proved the learning consistency and experimentally showed the
effectiveness and the efficiency of our proposed method. In future work, we will

extend UnionNet to the regression and structured prediction problems.






Chapter 5

Improving OOD Detection with

Logit Normalization

5.1 Motivation

Modern neural networks deployed in the open world often struggle with out-of-
distribution (OOD) inputs—samples from a different distribution that the network
has not been exposed to during training, and therefore should not be predicted
with high confidence at test time. A reliable classifier should not only accurately
classify known in-distribution (ID) samples, but also identify as “unknown” any
OOD input. This gives rise to the importance of OOD detection, which deter-
mines whether an input is ID or OOD and allows the model to take precautions in

deployment.

A naive solution uses the maximum softmax probability (MSP)—also known as the
softmax confidence score—for OOD detection [115]. The operating hypothesis is
that OOD data should trigger relatively lower softmax confidence than that of ID
data. Whilst intuitive, the reality shows a non-trivial dilemma. In particular, deep
neural networks can easily produce overconfident predictions, i.e., abnormally high
softmax confidences, even when the inputs are far away from the training data [191].
This has cast significant doubt on using softmax confidence for OOD detection.
Indeed, many prior works turned to define alternative OOD scoring functions [31,
116, 117, 120, 123, 124, 192]. Yet to date, the community still has a limited

understanding of the fundamental cause and mitigation of the overconfidence issue.

23
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In this work, we show that the overconfidence issue can be mitigated through a
simple fix to the cross-entropy loss—the most commonly used training objective for
classification—by enforcing a constant norm on the logit vector (i.e., pre-softmax
output). Our method, Logit Normalization (dubbed LogitNorm), is motivated
by our analysis on the norm of the neural network’s logit vectors. We find that
even when most training examples are classified to their correct labels, the softmax
cross-entropy loss can continue to increase the magnitude of the logit vectors. The
growing magnitude during training thus leads to the overconfidence issue, despite

having no improvement on the classification accuracy.

To mitigate the issue, our key idea behind LogitNorm is to decouple the influence
of output’s norm from the training objective and its optimization. This can be
achieved by normalizing the logit vector to have a constant norm during training.
In effect, our LogitNorm loss encourages the direction of the logit output to be
consistent with the corresponding one-hot label, without exacerbating the magni-
tude of the output. Trained with normalized outputs, the network tends to give
conservative predictions and results in strong separability of softmax confidence

scores between ID and OOD inputs (see Figure 5.4).

Extensive experiments demonstrate the superiority of LogitNorm over existing
methods for OOD detection. First, our method drastically improves the OOD
detection performance using the softmax confidence score. For example, using
CIFAR-10 dataset as ID and SVHN as OOD data, our approach reduces the FPR95
from 50.33% to 8.03%—a 42.30% of improvement over the baseline [115]. Aver-
aged over a diverse collection of OOD datasets, our method reduces the FPR95
by 33.87% compared to using the softmax score with cross-entropy loss. Beyond
MSP, we show that our method not only outperforms, but also boosts more ad-
vanced post-hoc OOD scoring functions, such as ODIN [116], energy score [31],
and GradNorm score [117]. In addition to the OOD detection task, our method
improves the calibration performance on the ID data itself by way of post-hoc

temperature scaling.

Overall, using LogitNorm loss achieves strong performance on OOD detection and
calibration tasks while maintaining the classification accuracy on ID data. Our
method can be easily adopted in practice. It is straightforward to implement with
existing deep learning frameworks, and does not require sophisticated changes to

the loss or training scheme.
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We summarize our contributions as follows:

1. We introduce LogitNorm ! — a simple and effective alternative to the cross-
entropy loss, which decouples the influence of logits’ norm from the training
procedure. We show that LogitNorm can effectively generalize to different

network architectures and boost different post-hoc OOD detection methods.

2. We conduct extensive evaluations to show that LogitNorm can improve both
OOD detection and confidence calibration while maintaining the classification
accuracy on ID data. Compared with the cross-entropy loss, LogitNorm
achieves an FPR95 reduction of 33.87% on common benchmarks with the

softmax confidence score.

3. We perform ablation studies that lead to improved understandings of our
method. In particular, we contrast with alternative methods (e.g., GODIN [119],
Logit Penalty) and demonstrate the advantages of LogitNorm. We hope that
our insights inspire future research to further explore loss function design for
OOD detection.

5.2 Preliminaries

5.2.1 Out-of-distribution detection

Setup. We consider a supervised multi-class classification problem. We denote by
X the input space and Y = {1,..., k} the label space with k classes. The training
dataset Dipain = {;, v}, consists of N data points, sampled i.i.d. from a joint
data distribution Pyy. We use Pi, to denote the marginal distribution over X,
which represents the in-distribution (ID). Given the training dataset, we learn a
classifier f : X — R* with trainable parameter § € RP, which maps an input to
the output space. An ideal classifier can be obtained by minimizing the following

expected risk:
Rﬁ(f) = E(m,y)N’ny [‘C (f(mﬂ 9)7 y)] )

!The work in this chapter has been published in [193].
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where £ is the commonly used cross-entropy loss with the softmax activation func-
tion:

efy(w§9)
Leg(f(x:0),y) = —logp(y|r) = —log ————.

Zi:l efi(wie)
Here, f,(x;0) denotes the y-th element of f(x;6) corresponding to the ground-
truth label y, and p(y|x) is the corresponding softmax probability.

Problem statement. During the deployment time, it is ideal that the test data
are drawn from the same distribution Py, as the training data. However, in reality,
inputs from unknown distributions can arise, whose label set may have no intersec-
tion with ). Such inputs are termed out-of-distribution (OOD) data and should
not be predicted by the model.

The OOD detection task can be formulated as a binary classification problem:
determining whether an input € & is from Py, (ID) or not (OOD). OOD detection

can be performed by a level-set estimation:

in if S(x
o) = @z 5.)
out if S(x) <~

where S(x) denotes a scoring function and 7 is commonly chosen so that a high
fraction (e.g., 95%) of ID data is correctly classified. By convention, samples
with higher scores S(x) are classified as ID and vice versa. In Section 5.4.2, we
will consider a variety of popular OOD scoring functions including MSP [115],
ODIN [116], energy score [31] and GradNorm [117].

5.3 The Proposed Approach

5.3.1 Why models can be overconfident?

In the following, we investigate why neural networks trained with the common
softmax cross-entropy loss tend to give overconfident predictions. Our analysis

suggests that the large magnitude of neural network output can be a culprit.
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For notation shorthand, we use f to denote the network output f(zx;0) for an
input . f(x;0) is also known as the logit, or pre-softmax output. Without loss of

generality, the logit vector f can be decomposed into two components:

F=If1-1. (5.2)

where ||f|| = /f2+ f2+4--- + fi is the Euclidean norm of the logit vector || f||,
and f is the unit vector in the same direction as f. In other word, | f|| and f

represent the magnitude and the direction of the logit vector f, respectively.

During the test stage, the model makes class predictions by ¢ = arg max;(f;). We

have the following propositions.

Proposition 5.1. For any given constant value s > 1, if argmax;(f;) = ¢, then

arg max;(sf;) = ¢ always holds.

Given the above proposition, we find that scaling the magnitude || f|| of the logit
does not change the predicted class c¢. In the following, we further explore how it

impacts the softmax confidence score.

Proposition 5.2. For the softmaz cross-entropy loss, let o be the softmax activa-
tion function. For any given scalar s > 1, if ¢ = argmax;(f;), then o.(sf) > o.(f)
holds.

The proofs of the above propositions are presented in Appendix B.1 and B.2. From
Proposition 5.2, we find that increasing the magnitude || f|| will cause a higher value

for the softmax confidence score but leave the final prediction unchanged.

To analyze the impact on training objective, we provide the following formulation

according to Eq. (5.2):

Pl fy

Lee(f(x;0),y) = —logp(y|x) = —log W

We can find that the training loss depends on the magnitude || f|| and the direction
f . By keeping the direction unchanged, we analyze the influence of the magnitude
|| F|l on the training loss. When y = arg max;(f;), we can see that increasing || f||
would increase p(y|x). It implies that, for those training examples that are already

classified correctly, the optimization on the training loss would further increase
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FIGURE 5.1: The mean magnitudes of logits under different training epochs.
Model is trained on CIFAR-10 with WRN-40-2 [1]. OOD examples are from
SVHN dataset.

the magnitude || f|| of the network output to produce a higher softmax confidence

score, thus obtaining a smaller loss.

To provide a straightforward view, we show in Figure 5.1 the dynamics of logit
norm during training. Indeed, softmax cross-entropy loss encourages the model
to produce logits with increasingly larger norms for both ID and OOD examples.
The large norms directly translate into overconfident softmax scores, leading to
difficulty in separating ID vs. OOD data. We proceed by introducing our method,
targeting this problem.

5.3.2 Method

In our previous analysis, we show that the softmax cross-entropy loss encourages
the network to produce logits with larger magnitudes, leading to the overconfidence
issue that makes it difficult to distinguish ID and OOD examples. To alleviate this
issue, our key idea is to decouple the influence of logits’ magnitude from network
optimization. In other words, our goal is to keep the Ly vector norm of logits a

constant during the training. Formally, the objective can be formulated as:

minimize Epw (Leg (f(x;0),v)]
subject to || f(z;0)||, = a.

Performing constrained optimization in the context of modern neural networks is

non-trivial. As we will show later in Section 5.5, simply adding the constraint via
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F1GURE 5.2: The softmax outputs of two examples on a CIFAR-10 pre-trained
WRN-40-2 [1] with (a) cross-entropy loss and (b) logit normalization loss. For
the cross-entropy loss, the softmax confidence scores are 1.0 and 1.0 for the ID
and OOD examples. In contrast, the softmax confidence scores of the network
trained with LogitNorm loss are 0.66 and 0.14 for the ID and OOD examples.
While using cross-entropy loss produces an extremely confident prediction for
the OOD example, our method produces almost uniform softmax probabilities
(near 0.1), which benefits OOD detection.

Lagrange multiplier [194] does not work well. To circumvent the issue, we convert

the objective into an alternative loss function that can be end-to-end trainable,

which strictly enforces a constant vector norm.

Logit Normalization. We employ Logit Normalization (dubbed LogitNorm),
which encourages the direction of the logit to be consistent with the corresponding
one-hot label, without optimizing the magnitude of the logit. In particular, the
logit vector is normalized to be a unit vector with a constant magnitude. The
softmax cross-entropy loss is then applied on the normalized logit vector instead

of the original output. Formally, the objective function of LogitNorm is given by:
Rﬁ(f) = E(w,y)NP/yy |:'CCE <f(wa 9), y)} ’ (53)

where f(x;0) = f(x;0)/|f(2:0)| is the normalized logit vector. In practice, a
small positive value (e.g., 1077) is added to the denominator to ensure numerical

stability. Equivalently, the new loss function can be defined as:

efu/ (Tl 1)

5.4
Zle efil/ (TlIFD) (5:4)

Llogitnorm(f(w; 0)7 y) = - log

where the temperature parameter 7 modulates the magnitude of the logits. Inter-
estingly, our loss function can be viewed as having an input-dependent temperature,

7| f(; 0)||, which depends on the input .
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(A) Cross-entropy Loss (B) LogitNorm Loss (ours)

FIGURE 5.3: t-SNE visualization [2] of the softmax outputs from WRN-40-2 [1]
trained on CIFAR-10 with (a) cross-entropy loss and (b) LogitNorm loss. All
colors except for brown indicate 10 different ID classes. Points in brown denote
out-of-distribution examples from SVHN. Trained with logit normalization, the
softmax outputs provide more meaningful information to differentiate in- and
out-distribution samples.

By way of logit normalization, the magnitudes of the output vectors are strictly con-
stant (i.e., 1/7). Minimizing the loss in Eq. (5.4) can only be achieved by adjusting
the direction of the logit output f. The resulting model tends to give conservative
predictions, especially for inputs that are far away from P;,. We illustrate with
an example in Figure 5.2, where training with logit normalization leads to softmax
outputs that are more distinguishable between in- and out-of-distribution samples
(right), as opposed to using cross-entropy loss (left). In Figure 5.3, we present
a t-SNE visualization of the softmax outputs using Cross-entropy vs. LogitNorm
Loss, where LogitNorm leads to more meaningful information to differentiate ID
and OOD samples in the softmax output space. Below we further provide a lower

bound of this new loss function in Eq. (5.4).

Proposition 5.3 (Lower Bound of Loss). For any input & and any positive number
7 € R, the per-sample loss defined in Eq. (5.4) has a lower bound: Liogit_norm =
log (1+ (k—1)e™?/7), where k is the number of classes.

The proof of Proposition 5.3 is provided in Appendix B.3. From Proposition 5.3,
we find that the LogitNorm loss has a lower bound that depends on 7 and number
of classes k. In particular, it implies that the lower bound of the loss value increases
with the value of 7. For example, when k£ = 10 and 7 = 1, the norm of logits would
be linearly scaled to 1 and the lower bound is about 0.7966. The high lower bound
can cause optimization difficulty. For this reason, we found it is desirable to have

a relatively small 7 < 1. We will analyze the effect of 7 in detail in Section 5.5.
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TABLE 5.1: OOD detection performance comparison using softmax cross-
entropy loss and LogitNorm loss. We use WRN-40-2 [1] to train on the in-
distribution datasets and use softmax confidence score as the scoring function.
All values are percentages. 1 indicates larger values are better, and | indicates
smaller values are better. Bold numbers are superior results.

ID datascts | CIFAR-10 CIFAR-100

00D datasets | FPRO5 | AUROC 1 AUPRY | FPROS | AUROC 1 AUPR 1

‘ Cross-entropy loss / LogitNorm loss (ours)

Texture 64.13 / 28.64  86.29 / 94.28 96.28 / 98.63 | 84.11 / 70.67 74.05 / 78.65 93.45 / 93.66
SVHN 50.33 / 8.03  93.48 / 98.47 98.70 / 99.68 | 79.09 / 45.98 78.62 / 92.48 94.99 / 98.45 -
LSUN-C 3334 /2.37  95.29 /99.42 99.04 / 99.88 | 67.94 / 13.93 83.60 / 97.56  96.32 / 99.48
LSUN-R 4252 /10.93  93.74 / 97.87 98.66 / 99.59 | 82.21 / 68.68 69.45 / 84.77 91.45 / 96.52
iSUN 46.56 / 12.28  93.13 / 97.73  98.55 / 99.56 | 84.50 / 71.47 69.29 / 83.79 91.44 / 96.24
Places365 | 60.23 / 31.64 87.36 / 93.66 96.62 / 98.49 | 81.09 / 80.20 75.61 / 77.14 93.74 / 94.16

average ‘ 49.52 / 15.65 91.55 / 96.91 97.98 / 99.31 ‘ 79.82 / 58.49 75.10 / 85.73 93.57 / 96.42
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FIGURE 5.4: Distribution of softmax confidence score from WRN-40-2 [1]
trained on CIFAR-10 with (a) cross-entropy loss and (b) LogitNorm loss.

5.4 Experiments

In this section, we verify the effectiveness of LogitNorm loss in OOD detection with

several benchmark datasets.

5.4.1 Experimental setup

In-distribution datasets. In this work, we use the CIFAR-10 and CIFAR-
100 [84] datasets as in-distribution datasets, which are common benchmarks for
OOD detection. Specifically, we use the standard split with 50,000 training images
and 10,000 test images. All the images are of size 32 x 32.
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TABLE 5.2: OOD detection performance comparison with various scoring func-
tions using softmax cross-entropy loss and logit normalization loss. We use
WRN-40-2 to train on the in-distribution datasets. All values are percentages.
1 indicates larger values are better, and | indicates smaller values are better.
Bold numbers are superior results.

ID datasets \ CIFAR-10 CIFAR-100

Score | FPR9S | AUROC 1 AUPRT | FPRos | AUROC 1 AUPR 1

‘ Cross-entropy loss / LogitNorm loss (ours)

Softmax 49.52 / 15.65 91.55/96.91 97.98 /99.31 | 79.82 / 58.35 75.10 / 85.75 93.57 / 96.44
ODIN 40.32 / 12.95 8721 /97.37 96.24 / 99.40 | 70.71 / 58.13 81.38 / 85.65  95.37 / 96.36
Energy 26.82 /19.14 93.07 / 96.09 98.02 / 99.14 | 70.87 / 65.46 81.45 / 84.84 95.38 / 96.27
GradNorm | 58.98 /17.78 72.29 / 96.34 90.75 / 99.14 | 87.01 / 61.89 52.84 / 81.41 84.12 / 94.85

Out-of-distribution datasets. For the OOD detection evaluation, we use six
common benchmarks as OOD test datasets DL': Textures [195], SVHN [196],

Places365 [86], LSUN-Crop [197], LSUN-Resize [197], and iSUN [198]. For all test

datasets, the images are of size 32 x 32.

Evaluation metrics. We evaluate the performance of OOD detection by mea-
suring the following metrics: (1) the false positive rate (FPR95) of OOD examples
when the true positive rate of in-distribution examples is 95%; (2) the area under
the receiver operating characteristic curve (AUROC); and (3) the area under the

precision-call curve (AUPR).

Training details. For main results, we perform training with WRN-40-2 [1] on
CIFAR-10/100. The network is trained for 200 epochs using SGD with a mo-
mentum of 0.9, a weight decay of 0.0005, a dropout rate of 0.3, and a batch
size of 128. We set the initial learning rate as 0.1 and reduce it by a factor
of 10 at 80 and 140 epochs. The hyperparameter 7 is selected from the range
{0.001,0.005,0.01,...,0.05}. We set 0.04 for CIFAR-10 by default. For hyperpa-
rameter tuning, we use Gaussian noises as the validation set. All experiments are
repeated five times with different seeds, and we report the average performance.
We conduct all the experiments on NVIDIA GeForce RTX 3090 and implement all
methods with default parameters using PyTorch [199].

5.4.2 Results

How does logit normalization influence OOD detection performance? In

Table 5.1, we compare the OOD detection performance on models trained with
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TABLE 5.3: OOD detection performance comparison trained on CIFAR-10 with
different network architectures: WRN-40-2 [1], ResNet-34 [4], DenseNet-BC [5].
All values are percentages. 1 indicates larger values are better, and | indicates
smaller values are better. Bold numbers are superior results.

Architecture ‘ ID Accuracy T FPR95 | AUROC 1t AUPR 1

‘ Cross-entropy loss / LogitNorm loss (ours)

WRN-40-2 | 94.75 / 94.69 49.52 / 15.65 91.55 / 96.91 97.98 / 99.31
ResNet-34 | 95.01 / 95.14 47.74 / 15.82 91.15 / 97.01 97.72 / 99.32
DenseNet | 94.55 / 94.37 50.41 / 18.57 91.48 / 96.16 93.04 / 99.10

cross-entropy loss and LogitNorm loss respectively. To isolate the effect of the loss
function in training, we keep the test-time OOD scoring function to be the same,
i.e., softmax confidence score:
efi(x:0)
S(x) = max —————.
DSy efi(x:0)
A salient observation is that our method drastically improves the OOD detec-
tion performance by employing LogitNorm loss. For example, on the CIFAR-
10 model, when evaluated against SVHN as OOD data, our method reduces the
FPRI5 from 50.33% to 8.03%—a 42.3% of direct improvement. Averaged across
six test datasets, our approach reduces the FPR95 by 33.87% compared with using
MSP on the model trained with cross-entropy loss. On CIFAR-100, our method

also improves the performance by a meaningful margin.

To further illustrate the difference between the two losses on OOD detection, we
visualize and compare the distribution of softmax confidence score for ID and OOD
data, derived from networks trained with cross-entropy vs. LogitNorm losses. With
cross-entropy loss, the softmax scores for both ID and OOD data concentrate on
high values, as shown in Figure 5.4a. In contrast, the network trained with Logit-
Norm loss produces highly distinguishable scores between ID and OOD data. From
Figure 5.4b, we observe that the softmax confidence score for most OOD examples
is around 0.1, which indicates that the softmax outputs are close to a uniform dis-
tribution. Overall the experiments show that training with LogitNorm loss makes
the softmax scores more distinguishable between in- and out-of-distributions and

consequently enables more effective OOD detection.
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Can the logit normalization improve existing scoring functions? In Ta-
ble 5.2, we show that the LogitNorm loss not only outperforms, but also boosts
competitive OOD scoring functions. Note that all the OOD scoring functions
considered are originally developed based on models trained with cross-entropy
loss, hence are natural choices of comparison. In particular, we consider: 1)
MSP [115] uses the softmax confidence score to detect OOD samples. 2) ODIN
[116] employs temperature scaling and input perturbation to improve OOD detec-
tion. Following the original setting, we use the temperature parameter 7' = 1000
and € = 0.0014. 3) Energy score [31] utilizes the information in logits for
OOD detection, which is the negative log of the denominator in softmax func-
tion: E(x;f) = =T - log ¢ efi@®/T  With LogitNorm loss, we set T = 0.1 for
CIFAR-10 and T" = 0.01 for CIFAR-100. 4) GradNorm [117] detects OOD inputs

by utilizing information extracted from the gradient space.

Our results in Table 5.2 suggest that logit normalization can benefit a wide range
of downstream OOD scoring functions. Due to space constraints, we report the
average performance across six test OOD datasets. For example, we observe that
the FPRI5 of the ODIN method is reduced from 40.32% to 12.95% when employing
logit normalization, establishing strong performance. In addition, we find that logit
normalization enables the energy score and GradNorm score to achieve decent OOD

detection performance as well.

Logit normalization is effective on different architectures. In Table 5.3, we
show that LogitNorm is effective on a diverse range of model architectures. The
results are based on softmax confidence score as test-time OOD score. In particular,
our method consistently improves the performance using WRN-40-2 [1], ResNet [4]
and DenseNet [5] architectures. For example, on DenseNet, using LogitNorm loss
reduces the average FPR95 from 50.41% to 18.57%.

Logit normalization maintains classification accuracy. We also verify whether
LogitNorm loss affects the classification accuracy. Our results in Table 5.3 show
that LogitNorm can improve the OOD detection performance, and at the same
time, achieve similar accuracy as the cross-entropy loss. For example, when trained
on ResNet-34 with CIFAR-10 as the ID dataset, using LogitNorm loss achieves a
test accuracy of 95.14% on CIFAR-10, on par with the test accuracy 95.01% us-
ing cross-entropy loss. On CIFAR-100, LogitNorm loss and cross-entropy loss also

achieves comparable test accuracies (75.12% vs. 75.23%). Overall LogitNorm loss
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TABLE 5.4: Comparison results of ECE (%) with M = 15, using WRN-40-2
trained on CIFAR-10. For temperature scaling (TS), T" is tuned on a hold-out
validation set by optimization methods.

Dataset ‘ Cross Entropy LogitNorm (ours)
w/o TS 3.20 66.95
CIFAR-10
w/ TS 0.66 0.41
w/o TS 11.69 70.45
CIFAR-100
w/ TS 2.18 1.67

maintains comparable classification accuracy on the ID data while leading to sig-

nificant improvement in OOD detection performance.

Logit normalization enables better calibration. While the OOD detection
task concentrates on the separability between ID and OOD data, the calibration
task focuses solely on the ID data—softmax confidence score should represent the
true probability of correctness [200]. In practice, Expected Calibration Error (ECE)
[201] is commonly used to measure the calibration performance from finite samples.
In Figure 5.4, we observe that LogitNorm loss leads to a smoother distribution of
softmax confidence score for ID examples, in contrast to the spiky distribution
induced by cross-entropy loss (i.e., values concentrate around 1). It implies that
the model trained with LogitNorm loss preserves distinguishable information for
different ID samples, indicating its potential in improving model calibration. In-
deed, our results in Table 5.4 show that the model trained with LogitNorm achieves

better calibration performance by way of post-hoc temperature scaling.

5.5 Discussion

Logit normalization vs. Logit penalty. While our logit normalization has
demonstrated strong promise, a question arises: can a similar effect be achieved by
imposing a penalty on the Lo norm of the logits? In this ablation, we show that
explicitly constraining logit norm via a Lagrangian multiplier [194] does not work

well. Specifically, we consider the alternative loss:

Elogihpenalty(f(w; 9)7 y) = ‘CCE(f(wv 6)7 y) + )‘”f(wa 9)”2
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TABLE 5.5: OOD detection performance comparison with different loss func-
tions. We use WRN-40-2 trained on CIFAR-10. Bold numbers are superior
results. We report the average norm value of logits as Ly Norm, where we use
SVHN as OOD test dataset.

Loss | FPR95 | AUROC ¥ AUPR 1 L, Norm (ID / OOD)
CrossEntropy 49.52 91.55 97.98 12.80 / 10.91
LogitPenalty 57.62 73.27 87.62 1.90 / 1.74

LogitNorm (ours) | 15.65 96.91 99.31 1.48 / 0.49

TABLE 5.6: Comparison between GODIN and LogitNorm. We use WRN-40-2
[1] trained on CIFAR-10. For a fair comparison, we use the ODIN score for
LogitNorm loss. Bold numbers are superior results.

Loss | FPR95| AUROCt  AUPR 1t
GODIN 25.24 95.07 98.93
LogitNorm (ours) 15.65 96.91 99.31

where A\ denotes the Lagrangian multiplier that controls the trade-off between the

cross-entropy loss and the regularization term.

Our results in Table 5.5 show that both logit penalty and logit normalization lead
to logits with small L, norms, compared with using cross-entropy loss. However,
unlike LogitNorm, the logit penalty method produces a large Ly norm for OOD
data as well, resulting in the inferior performance of OOD detection. In practice, we
notice that the network trained with the logit penalty can suffer from optimization
difficulty and sometimes fail to converge if A is too large (which is needed to
regularize the logit norm effectively). Overall, we show that simply constraining
the logit norm during training cannot help the OOD detection task while our

LogitNorm loss significantly improves the performance.

Relations to temperature scaling. As introduced in Section 5.3, the logit
normalization can be viewed as an input-dependent temperature on the logits.
Related to our work, previous work ODIN [116] proposes a variant of softmax

score by employing temperature scaling with a constant T' in the testing phase:

ofi(@i6)/T
S(x) = max — ,
DR eh@)T

where the temperature is the same for all inputs. In contrast, our method bares

two key differences: (1) the effective temperature in LogitNorm is input-dependent
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rather than a global constant, and (2) the temperature in LogitNorm can be en-
forced during the training stage. Our method is compatible with test-time tem-
perature scaling in OOD detection and can improve calibration performance with

temperature scaling, as we show in Section 5.4.2.

In Figure 5.5, we further ablate how the parameter 7 in our method (c¢f. Eq. 5.4)
affects the OOD detection performance. The analysis is based on CIFAR-10, with
FPR95 averaged across six test datasets. Our results echo the analysis in Propo-
sition 5.3, where a large 7 would lead to a large lower bound on the loss, which is

less desirable from the optimization perspective.

Relations to other normalization methods. In the literature, normalization
method is applied for OOD detection in the form of cosine similarity [119, 202]. In
particular, Cosine loss [202] and Generalized ODIN (GODIN) [119] decompose the
logit fi(x;0) for class i as: fi(x;0) = %, where
() — , A C))
hi(@) = cos(ws, ¢*(2)) = e
g(x;0) = exp {BN (W ¢ (x) + b) } .

In the testing phase, the maximum cosine similarity is used as the scoring function.
Contrastingly, LogitNorm has two key differences: (1) the cosine similarity in h;(x)
applies Ly normalization on the last-layer weight w and the learned feature ¢?(x),
while our LogitNorm normalizes the network output f(a;0); (2) our LogitNorm
can boost the performance of common OOD scoring functions, while GODIN and

Cosine loss detect OOD examples with their specific scoring functions. In Table 5.6,
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we show our LogitNorm with the MSP score achieves better performance than

GODIN in OOD detection.

5.6 Related Work

OOD detection. OOD detection is an increasingly important topic for deploying
machine learning models in the open world and has attracted a surge of interest in

two directions.

1) Some methods aim to design scoring functions for OOD detection, such as
OpenMax score [118], maximum softmax probability [115], ODIN score [116, 119],
Mahalanobis distance-based score [120], Energy-based score [31, 121, 122], Re-
Act [123], GradNorm score [117], and non-parametric KNN-based score [124, 125].
In this work, we first show that logit normalization can drastically mitigate the
overconfidence issue for OOD data, thereby boosting the performance of existing

scoring functions in OOD detection.

2) Some works address the out-of-distribution detection problem by training-time
regularization [3, 31, 126-135]. For example, models are encouraged to give predic-
tions with uniform distribution [3, 126] or higher energies [31, 135-138] for outliers.
The energy-based regularization has a direct theoretical interpretation as shap-
ing the log-likelihood, hence naturally suits OOD detection. Contrastive learning
methods are also employed for the OOD detection task [139-141], which can be
computationally more expensive to train than ours. In this work, we focus on ex-
ploring classification-based loss functions for OOD detection, which only requires
in-distribution data in training. LogitNorm is easy to implement and use, and

maintains the same training scheme as standard cross-entropy loss.

Normalization in deep learning. In the literature, normalization has been
widely used in metric learning [203-205], face recognition [206-211], and self-
supervised learning [212]. Lo-constrained softmax [206] applies the Ly normal-
ization on features and SphereFace [207] normalizes the weights of the last inner-
product later only. Cosine loss [208, 209] normalizes both the features and weights
to achieve better performance for face verification. LayerNorm [213] normalizes
the distributions of intermediate layers for better generalization accuracy. In self-

supervised learning, SimCLR [212] adopts cosine similarity to measure the feature
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distances between positive pair of examples. A recent study [214] shows that
several loss functions, including logit normalization and cosine softmax, lead to
higher accuracy on ImageNet but degrade the performance of transfer tasks. In
addition, GODIN [119] and Cosine loss [202] adopt cosine similarity for better per-
formance on OOD detection. As discussed in Section 5.5, our method is superior
to these cosine-based methods, since it is applicable to existing scoring functions

and achieves strong performance in OOD detection.

Confidence calibration. Confidence calibration has been studied in various con-
texts in recent years. Some works address the miscalibration problem by post-hoc
methods, such as Temperature Scaling [200, 215] and Histogram Binning [216].
Besides, some regularization methods are also proposed to improve the calibration
quality of deep neural networks, like weight decay [200], label smoothing [80, 217],
and focal loss [218, 219]. Conformal prediction based method [220] outputs the
empty set as prediction in case of too high “atypicality”. Top-label calibration
aims to calibrate the reported probability for the predicted class label [221]. Re-
cent work [222] shows that these regularization methods make it harder to further
improve the calibration performance with post-hoc methods. LogitNorm loss yields

better calibration performance with Temperature Scaling than cross-entropy.

5.7 Chapter Summary

In this chapter, we introduce Logit Normalization (LogitNorm), a simple alterna-
tive to the cross-entropy loss that enhances many existing post-hoc methods for
OOD detection. By decoupling the influence of logits’ norm from the training
objective and its optimization, the model tends to give conservative predictions
for OOD inputs, resulting in a stronger separability from ID data. Extensive ex-
periments show that LogitNorm can improve both OOD detection and confidence
calibration while maintaining the classification accuracy on ID data. This method
can be easily adopted in practical settings. It is straightforward to implement with
existing deep learning frameworks, and does not require sophisticated changes to
the loss or training scheme. We hope that our insights inspire future research to

further explore loss function design for OOD detection.






Chapter 6

Improving Robustness against
Noisy Labels with OOD Instances

6.1 Motivation

The success of deep neural networks (DNNs) heavily relies on a large number of
training instances with fully accurate labels [4]. In real-world applications, it is
expensive and time-consuming to collect such large-scale datasets. To alleviate
this problem, some surrogate methods are commonly used to improve labelling
efficiency, such as online queries [24] and crowdsourcing [23]. These cheap but
imperfect methods usually suffer from unavoidable noisy labels that can be easily
memorized by Deep Neural Networks (DNNs), leading to poor generalization per-
formance [50, 223]. Therefore, designing robust algorithms against noisy labels is

of great practical importance.

Label noise can be separated into two categories: 1) closed-set noise, where in-
stances with noisy labels have true class labels within the noisy label set [27, 59,
63, 67, 69, 160]. 2) open-set noise, where instances with noisy labels have some true
class labels outside the noisy label set [32-35]. In the existing literature, open-set
noises are always considered to be harmful to the training of DNNs like closed-set
noises [32-35]. For example, ILON [33] reduces the effect of open-set noises by
using noisy label detector and contrastive loss to pull away noisy samples from

clean samples. Extended T [35] uses an extended transition matrix to mitigate the

71
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impacts of open-set noises and EvidentialMix [34] filters out the open-set exam-
ples by modelling the loss distribution. Therefore, there arises a question to be

answered: Do open-set noises always play a negative role in the training?

In this work, we answer this question by experiments with an open-set auxiliary
dataset. We empirically show that additional open-set noises can be harmless to
generalization if the number of open-set noises is sufficiently large. More surpris-
ingly, we observe that the open-set noises can even benefit the robustness of neural
networks against noisy labels from the original training dataset, while the closed-
set counterpart could not. Based on the “insufficient capacity” hypothesis [223], an
intuitive explanation for this phenomenon is that increasing the number of open-set
auxiliary samples slows down the fitting of inherent noises. In other words, fitting
open-set label noises consumes extra capacity of the network, thereby reducing
the memorization of inherent noisy labels. The details of experimental results are

presented in Subsection 6.2.2.

Inspired by the above observations, we propose an effective and complementary
method to improve robustness against noisy labels. The high-level idea is to in-
troduce Open-set samples with Dynamic Noisy Labels (ODNL ') into training. In
each epoch, we assign random labels to instances of open-set auxiliary dataset by
uniformly sampling from the label set. In other words, the label of each open-set
sample is independently random and is constantly changing over training epochs.
In this manner, ODNL would consistently produce “benign hard examples” to con-
sume the extra representation capacity of neural networks, thereby preventing the

neural network from overfitting inherent noisy labels.

To further understand the effect of ODNL, we provide an analysis from the lens
of SGD noise [38, 224], and formalize the differences and connections between our
regularization and related methods. From the analysis, we show that the SGD
noises induced by our method are 1) random-direction, helping the model converge
to a flat minimum; 2) conflict-free, leading to good stability for the training; 3)
biased, enforcing the model to produce more conservative predictions on OOD
instances. In this manner, our method not only improves the robustness against
noisy labels, but also provides benefits for OOD detection performance, which is

also essential for the deployment of deep learning in safety-critical applications.

!The work in this chapter has been published in [133].
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To the best of our knowledge, we are the first to explore the benefits of open-set
auxiliary dataset in learning with noisy labels. To verify the efficacy of our regular-
ization, we conduct extensive experiments on both simulated and real-world noisy
datasets, including CIFAR-10, CIFAR-100 and ClothinglM datasets. In summary,
the proposed method can be easily adapted for a wide range of existing algorithms
to prevent overfitting noisy labels. Furthermore, experimental results validate that
our regularization could also achieve impressive performance for detecting OOD

instances, even if the labels of training dataset are noisy.

6.2 Preliminaries

In this section, we first briefly introduce the problem setting of learning from train-
ing data with noisy labels. Then we start in Subsection 6.2.2 with an observational
study highlighting the effect of open-set noisy examples from the auxiliary dataset

on generalization and robustness against noisy labels.

6.2.1 learning with inherent noisy labels

In this work, we consider multi-class classification with & classes. Let X C R be
the feature space and Y = {1,...,k} be the label space, we suppose the training
dataset with N samples is given as {x;, y;}¥,, where ; € X is the i-th instance
sampled from a certain data-generating distribution Dy.,i, in an i.i.d. manner and
y; € {1,..., k} represents its observed label that might be different from the ground
truth. To prevent confusion, the noisy labels in the training dataset are referred
to as inherent noisy labels. A classifier is a function that maps the feature space
to the label space f : X — RF with trainable parameter & € R”. In this chapter,
we consider the common case where the function f is a DNN with the softmax
output layer. The objective function of standard training can be represented as a

cross-entropy loss:

N
Locr = Ep,, [C(f(@:0) )] = — 5 Y eWlog f (:0),  (6.)
=1

where f(x;;0) denotes the output of the classifier f with 8 for x; and e¥ :=
(0,...,1,...,0)T € {0,1}* is a one-hot vector and only the y;-th entry of e¥ is 1.



74 6.2. Preliminaries

84

@
o

— 50
27| — 100

150
— 200
26| — 250
— 300
—— Standard

Test Accuracy (%)
Test Accuracy (%)

50 100 150 200 250 300 2?20 125 130 135 140 145 150 155 160

50 100 150 200 250 300

Sample Size (K) Sample Size (K)
(A) Learning with (B) Learning with (¢) Losses of inher-
Clean data inherent noises ent noises

FIGURE 6.1: Average test accuracy (%) on CIFAR-10 with (a) clean labels
(b) inherent noisy labels under different auxiliary dataset sizes. We use “open-
set” and “closed-set” to denote two types of auxiliary datasets. The results of
standard training are also reported for comparison. All experiments are repeated
five times and the standard deviations are presented as error bars. (c) Training
losses of inherent noises around the 140th epoch under different auxiliary dataset
sizes (K).

In addition to the training data, we consider there is an unlabelled auxiliary
dataset consisting of open-set instances {Z;}M,. Specifically, open-set instances
are sampled from D,,;, disjoint from Dy,.;,. Therefore, they are also called Out-
of-Distribution (OOD) instances. In real applications, it is easy to get such an

auxiliary dataset, which is commonly used in OOD detection tasks [3, 225].

6.2.2 The effect of open-set noisy labels

To analyze the effects of open-set noisy labels, we build an open-set noisy dataset
with the unlabelled auxiliary dataset. For each open-set instance, we assign a fixed
random label 7; uniformly sampled from the label set {1, ..., k}. In each iteration,
we concatenate the two batches that are sampled from the training dataset and the
open-set noisy dataset respectively, then perform standard training. In addition,
we conduct controlled experiments by replacing the open-set dataset with a closed-
set dataset to verify the effectiveness of open-set noisy dataset during the training.
To demonstrate the importance of the sample size of the given auxiliary dataset, we
compare the performance of training with different-sized auxiliary datasets, built

by randomly sampling from the original auxiliary dataset.

Throughout this subsection, we perform training with WRN-40-2 [1] on CIFAR-
10 [84] using standard cross-entropy loss. For experiments under inherent label

noise, we use symmetric noise with 40% noisy rate. For auxiliary dataset, we use
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80 Million Tiny Images [226] as the open-set auxiliary dataset and CIFAR-5m?
227, 228] as the closed-set auxiliary dataset. Specifically, we remove all examples
of 80 Million Tiny Images that appear in the CIFAR-10/100 datasets, so that Diyain

and D,y are disjoint.

Learning with clean labels. Fig. 6.1a presents the results on clean training set
of CIFAR-10, training with the open/closed-set noisy auxiliary dataset. The results
show that open-set noisy labels from the auxiliary dataset become harmless grad-
ually with the increase of the sample size of the auxiliary dataset, while closed-set
noisy labels consistently deteriorate the generalization performance. Furthermore,
we observe that closed-set noisy labels result in unstable training shown by the
large standard deviations in the figure. It is worthy to note that open-set noisy

labels do not encounter this issue.

Learning with inherent noisy labels. Fig. 6.1b presents the results on CIFAR-
10 with inherent noisy labels, training with the open/closed-set noisy auxiliary
dataset. Surprisingly, we can observe that as we increase the sample size of the
open-set noisy dataset, the open-set noises can even improve the generalization
performance beyond standard training without the noisy auxiliary dataset. In this

case, closed-set noisy auxiliary dataset still plays a negative role in the training.

An intuitive interpretation. From the results, one can hypothesize that open-
set noisy labels in the auxiliary dataset would be harmless and can even benefit the
robustness against inherent noisy labels, if the sample size of the auxiliary dataset
is large enough. This phenomenon is somewhat counter-intuitive since one would
expect that open-set noisy labels should have been “poison” to the training of
network, like closed-set noises [32-35]. Here we provide an intuitive interpretation
from “insufficient capacity” [223]: increasing the number of examples while keeping
representation capacity fixed would increase the time needed to memorize the data
set. Hence, the larger the size of auxiliary dataset is, the more time it needs to
memorize the open-set noises in the auxiliary dataset as well as the inherent noises
in the training set, relative to clean data. This interpretation is supported by our
plot of training losses of inherent noises with different-sized auxiliary datasets in
Fig. 6.1c, where increasing the number of open-set auxiliary samples slows down

the fitting of inherent noises.

2The dataset is published on https://github.com/preetum/cifarsm.
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6.3 The Proposed Approach

Motivated by the previous observations, we propose to utilize open-set auxiliary
dataset to further improve the robustness against inherent noisy labels. This ap-
proach can be considered as an auxiliary task that continuously consumes the extra
capacity of neural networks but does not interfere with learning patterns from clean

data. Such auxiliary tasks will prevent deep networks from overfitting noisy data.

Dynamic Noisy Labels. To maintain the effectiveness of the auxiliary task
during training, an ideal method is to use an auxiliary dataset with unlimited
instances based on “insufficient capacity” [223]. In this way, the network would
always try to fit a stream of new instances sequentially in an online learning setting.

However, it is unrealistic to provide such an auxiliary dataset in real scenarios.

To relieve the requirement on sample size, we propose an alternative approach
called Dynamic Noisy Labels. For each open-set instance x;, a noisy label y; is
uniformly sampled from the label set {1,...,k} independently, regardless of the
instance x;. More importantly, the generated labels are not fixed and would be
changed dynamically over training epochs. In this way, the auxiliary task becomes
an “impossible mission”, continuously consuming the extra capacity of network.
Without Dynamic Noisy Labels, the effectiveness of the auxiliary task would be
degraded gradually during training, because deep network can easily memorize the
open-set samples, even though the labels of those samples are randomly generated
[50, 223].

Training Objective. For the original training dataset, we use the standard cross

entropy as the training objective function:

Ly =Ep,,, [0 (f(2:0),y)] = Ep,,;, [-€"log f (z;0)], (6.2)

For the auxiliary dataset, we enforce the outputs to be consistent with dynamic
noise labels, uniformly sampled from the label set in each epoch. Therefore, the

training objective function is as follows:
L = Ep,,, [((f(#0),7)] = En,,, [~€7log f (3:0)] ,where T~ U (6.3)

where Uy, represents a discrete uniform distribution on the label set {1,..., k}.
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Combining the original training dataset and the auxiliary dataset in the training,

now we can formalize ODNL as minimizing the final objective:

'Ctotal = ,Cl +n- ‘62 = EDtrain [f (f(wa 9)7 y)] +n- EDout [f (f(EE7 0)7 37)] (64)

where 7 denotes the trade-off hyperparameter. The details of ODNL are provided
in Algorithm 3.

Extensions to Other Robust Training Algorithms. It is worthy to note that
our regularization is a general method and can be easily incorporated into existing
robust training algorithms, including sample selection[27, 59], loss correction [67],
robust loss function [74, 76], etc. Given the original learning objective L opus; Of

the robust methods and the hyperparameter 7, we formalize the final objective as:

'Ctotal = /Crobust + n- 'CQ (65)

Algorithm 3: Open-set Regularization with Dynamic Noisy Labels
Input: Training dataset Di.i,. Open-set auxiliary dataset Dgye;
1: for each iteration do
Sample a mini-batch of original training data {(x;, ;) }1, from Diain;
3:  Sample a mini-batch of open-set data {x;}, from Dqy;
4:  Generate random noisy label y; ~ U}, for each open-set data x;;
5
6

N

Perform gradient descent on f with Lo from Equation (6.4);
: end for

6.4 Understanding from SGD Noise

To further understand the effect of our regularization, we provide an analysis from
the lens of SGD noise. Following SLN [224], here we consider an original training
sample (x,y) and an open-set sample & at each SGD step for convenience. In
parameter updates, our regularization adds noises to the original gradients with

the open-set noisy sample £ and dynamic noisy label i ~ U;:

%OEtotal = Vﬂg(f(wv 0)7 y) + n- veg(f(%v 9)7 @/) (66)

where ¢ denotes the cross entropy loss for single sample. For convenience, we

omit the hyperparameter n and use f, f to indicate the model output f (x;0)
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for the original training sample and the model output f (x;0) for the open-set
noisy sample. Following the standard notation of the Jacobian matrix, we have
Vel € RIXp,fo S RIXk,ng S RkXp, Veif € R* and Vof, € RY™P. The proofs

of the following propositions are presented in Appendix C.

Proposition 6.1. For the cross-entropy loss, Eq. (6.6) induces noise z = —V;?f"
j
on Vel(f.,y), s.t., z € RP 7 ~ Uy, where = denotes the element-wise division.
Y J 7
j ~
. . . 1 k Vgifv
Note that the expected value of noise on the i-th parameter 6; is —+ ijl 7 L.

The effects of SGD noise. From Proposition 6.1, we find that our regularization

induces SGD noise sampled from a uniform distribution over {—Vg}j / } j} . The

k
j=1
effects of the noises can be analyzed from three aspects:

e Firstly, our regularization yields SGD noises with random direction, uni-
formly sampled from the gradients of the open-set noisy sample. In this way,
the SGD noises make the training difficult to converge and help escape local
minima [229-233]. Without the noises, the model would quickly converge to
a local minimum because the optimization of parameters always follows the

direction of gradient descent during the training.

e Secondly, the noises z are independently random to the gradients Vel(f,y)
from the original training example as the noises are conducted with the open-
set sample & from D,,;. If closed-set samples are used here, the generated
noises might be conflicted with the original gradients, leading to unstable
training and limiting the improvement from noises. This argument is clearly

supported by the experimental results in Fig. 6.1 and Fig. 6.3a.

e Finally, the expected value of noise is not zero so the noise is biased. In
particular, the expected value of noise enforces the model f to produce more
conservative predictions on Out-of-Distribution samples. Consequently, this
feature would lead to performance improvement on OOD detection tasks as

shown in Subsection 6.5.4.

To further demonstrate the importance of open-set samples in the auxiliary dataset,
we conduct experiments with synthetic auxiliary datasets consisting of convex com-

binations @’ of open-set samples & and closed-set samples « with a hyperparameter
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FIGURE 6.2: Loss landscapes around the local minimum of models trained on
CIFAR-10 with symmetric-40% noisy labels. We compare their sharpness with
the same-scale z-axis and show the loss distribution by drawing color bars sep-
arately. We show that our method and SLN lead to a flat minimum, while the
models trained by Standard and OE converge to a sharp minimum.
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FIGURE 6.3: (a) Test accuracy (%) of ODNL (n = 1) on CIFAR-10 with
symmetric-40% inherent noisy labels using different synthetic auxiliary datasets:
the larger the « is, the closer the auxiliary sample distribution Dy, is to the
origin sample distribution Dyyain. (b) Comparison of performances on CIFAR-10
with different types of inherent noisy labels using SLN and SLN+QOurs. Here we
follow the settings of SLN. (¢) Comparison of performances on CIFAR10 with
different types of inherent noisy labels using OE and Ours.

a: ' = (1—a)-x+a-x. Here, we use 80 Million Tiny Images [226] and CIFAR-5m
[227, 228] as the open-set and closed-set dataset. The results in Figure. 6.3a show
that using open-set auxiliary dataset achieves better performance on robustness

against inherent noises.

Relations to label randomization methods. Label randomization is also
applied in some existing work in the context of deep learning[79, 224, 234]. For
example, DisturbLabel [234] intentionally generates incorrect labels on a small
fraction of training data to improve generalization performance under the settings
of clean labels, interpreted as an implicit model ensemble. It can be seen as using a
part of training data as a closed-set auxiliary dataset. In such a way, DisturbLabel
can be interpreted as a special case of our method with a closed-set auxiliary

dataset.
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To mitigate the issue of label noise, Stochastic Label Noise (SLN) [224] introduces
a variant of SGD noise induced by adding dynamic and mean-zero perturbations on
the labels of training dataset, while Label Smoothing [79] uses a fixed and biased

perturbation on the label. The noise gradients induced by SLN are given as follows:
Vol(f,y) = Vol (f e +0,2,) (6.7)

where o, > 0,2, € R, 2z, ~ N (0, Ljxs).
Proposition 6.2 (Proposition 3 in Chen et al. [224]). For the cross-entropy loss,
Eq. (6.7) in SLN induces noise z ~ N(0,0.M) on Vel(f,y), s.t., M € RP*?

T .
and M, ; = (v';:f> %f,‘v’i,j € {1,...,p}, where 7 denotes the element-wise
J

division.

From Proposition 6.2, we show that SLN induces SGD noises that obey a Gaussian
distribution, where the standard deviation can be adjusted by the hyperparameter
oy. Therefore, SLN and our ODNL can be considered as different variants of SGD
noise, helping the network converge to a flat minimum, which is expected to provide
better generalization performance [229-233]. The effects are explicitly presented
in Fig. 6.2c and Fig. 6.2d. Moreover, the results in Fig. 6.3b illustrate that our
method could further improve the performance of SLN® under various types of

label noise, showing the complementarity between SLN and our method.

Relations to Outlier Exposure.  Outlier Exposure (OE) [3] is an effective
method designed for OOD detection tasks. Specifically, OE also makes use of a
large, unlabeled auxiliary dataset sampled from D,,, and regularizes the softmax
probabilities to be a uniform distribution for out-of-distribution data in the aux-
iliary dataset. In such manner, OE train the model to discover signals and learn
heuristics to detect whether a query is sampled from Dy ain OF Doyt The training ob-
jective is to minimize: E (g y)p,,un [((f(@50),9)]+X Ezop, |—1 - S log f (7 0)]

Proposition 6.3. For the cross-entropy loss, each open-set sample in OF induces

bias z = —% Zle v}fj on Vel(f,y), s.t., z € RP, where ff denotes the element-
i

J
wise division.

Compared Proposition 6.3 to Proposition 6.1, our method should have similar

regularization effect to OE on OOD instances, because the expectation of the SGD

3We use the official implementation: https://github.com/chenpf1025/SLN.
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TABLE 6.1: Average test accuracy (%) with standard deviation on CIFAR-
10 under various types of noisy labels (over 5 trials). The bold indicates the
improved results by integrating our regularization.

Method Sym-20% Sym-50% Asymmetric ~ Dependent Open-set
Standard 86.931+0.49 69.4810.58 78.34+0.96 68.3910.65 88.45+0.57
+ ODNL (Ours) 89.94+0.70 81.20+0.68 86.91+0.32 82.42+0.36 91.12+0.39
Decoupling 88.314+0.39 80.81+0.85 84.85+0.22 82.4440.54 84.6910.46
+ ODNL (Ours) 89.27+0.90 81.33+0.77 87.03+0.76 84.144+0.86 86.34+0.32
F-correction 84.95+0.27 72.1140.15 84.46+0.96 72.4440.58 85.5410.86
+ ODNL (Ours) 87.95+0.28 82.44+0.21 87.56+0.19 81.83+0.43 89.67+0.69
PHuber-CE 86.69+0.31 70.0510.55 78.10+0.44 70.36£1.12 88.09+0.14
4+ ODNL (Ours) 91.98+0.38 83.194+0.26 89.18+0.46 80.87+0.48 91.62+0.15
Co-teaching 91.7240.35 86.65+0.43 87.56+0.36 88.6440.79 89.9110.58
+ ODNL (Ours) 92.80+0.75 89.64+0.81 88.39+0.39 91.36+0.23 92.60+0.47
JoCoR (A =0.5) 92.684+0.33 88.36+£0.64 84.06£0.37 90.114+0.19 88.80+0.54
+ ODNL (Ours) 93.41+0.75 90.40+0.43 86.46+0.80 91.75+0.92 91.62+0.88

noises from ODNL is equal to the bias induced by OE. However, OE cannot improve
the robustness against noisy labels as it does not induce dynamic noises so that the
optimization of parameters always follows the direction of gradient descent. The
difference is empirically shown in Fig. 6.3c and we further verify it in Subsection
6.5.4.

6.5 Experiments

In this section, we verify the effectiveness of our method on three benchmark
datasets: CIFAR-10/100 and ClothinglM. We show that ODNL could not only
significantly improve the robustness against various types of inherent noisy labels
in standard training, but also enhance the performance of existing robust train-
ing techniques. Then we perform a sensitivity analysis to validate the effect of 7.
Finally, we conduct experiments to evaluate the performance of ODNL on OOD

detection task.

6.5.1 Setups

We comprehensively verify the utility of ODNL on different types of label noise,

including symmetric noise, asymmetric noise[76], instance-dependent noise [68] and
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open-set noise [33] synthesized on CIFAR-10/100 and real-world noise on Cloth-
ing1M [155]. Symmetric noise assumes each label has the same probability of flip-
ping to any other classes. We uniformly flip the label to other classes with an overall
probability 20% and 50%. Asymmetric noise assumes labels might be only flipped
to similar classes [67, 76, 224]. Noisy labels are generated by mapping TRUCK
— AUTOMOBILE, BIRD — AIRPLANE, DEER — HORSE, and CAT <« DOG
with probability 40% for CIFAR-10. For CIFAR-100, we flip each class into the
next circularly with probability 40%. Instance-dependent noise assumes the misla-
beling probability is dependent on each instance’s input features [68, 224, 235]. We
use the instance-dependent noise from PDN [235] with a noisy rate 40%, where the
noise is synthesized based on the DNN prediction error. Open-set noise contains
samples that do not belong to the label set considered in the classification task
[33]. We generate open-set noises on CIFAR-10 by randomly replacing 40% of its
training images with images from CIFAR-100.

We perform training with WRN-40-2 [1] on CIFAR-10 and CIFAR-100. The net-
work is trained for 200 epochs using SGD with a momentum of 0.9, a weight decay
of 0.0005. In each iteration, both the batch sizes of the original dataset and the
open-set auxiliary dataset are set as 128. We set the initial learning rate as 0.1,
and reduce it by a factor of 10 after 80 and 140 epochs. We use 5k noisy samples
as the validation to tune the hyperparameter n in {0.1,0.5,1,2.5,5}, then train
the model on the full training set and report the average test accuracy in the last
5 epochs. All experiments are repeated five times with different seeds. We use 80

Million Tiny Images [226] as the open-set auxiliary dataset.

6.5.2 Results on CIFAR-10 and CIFAR-100

On CIFAR-10 and CIFAR-100, we verify that ODNL can boost existing robust
training methods by integrating ODNL with the following methods: 1) Decoupling
[28], which updates the parameters only using instances that have different pre-
dictions from two classifiers. 2) F-correction [67], which corrects the prediction by
the label transition matrix. As the setting in F-correction, we first train a stan-
dard network to estimate the transition matrix Q. 3) PHuber-CE [78], which uses

a composite loss-based gradient clipping, a variation of standard gradient clipping
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TABLE 6.2: Average test accuracy (%) with standard deviation on CIFAR-
100 under various types of noisy labels (over 5 trials). The bold indicates the

improved results by integrating our regularization.

Method Sym-20% Sym-50% Asymmetric Dependent
Standard 64.87+0.81 48.55+0.65 48.77+0.86 53.94+0.52

+ ODNL (Ours) 68.984+0.16 54.35+0.63 55.07+0.38 60.47+0.27
Decoupling 64.26+0.23 49.09+0.81 49.92+0.71 55.17+0.34

+ ODNL (Ours) 67.061+0.25 53.65+0.56 57.744+0.54 59.3240.39
F-correction 62.05+0.35 52.27£0.15 54.4540.94 57.47+0.26

4+ ODNL (Ours) 65.60+0.21 57.344+0.37 57.60+0.52 61.83+0.93
PHuber-CE 65.17+0.87 48.46+0.24 47.64+0.45 53.56+0.29

4+ ODNL (Ours) 72.184+0.41 63.02+0.46 49.274+0.38 67.16+0.25
Co-teaching 72.35%+0.60 65.21+0.88 54.16+0.17 67.85+0.82

4+ ODNL (Ours) 73.34+0.13 65.43+0.61 55.02+0.29 68.41+0.14
JoCoR (A =0.5) 73.444+0.19 67.53+0.79 57.02+0.32 70.01+0.26
+ ODNL (Ours) 74.7440.21 68.17+0.34 58.574+0.46 71.684+0.40

for label noise robustness. 4) Co-teaching [27], which trains two networks simul-

taneously and cross-updates parameters of peer networks. 5) JoCoR [59], which

trains two networks simultaneously and reduces the divergence between the two

classifiers by explicit regularization.

The average test accuracy with WRN-40-2 [1]
are reported in Table 6.1 and Table 6.2. The re-

sults show that incorporating our regularization
into existing robust training methods consis-

tently improves their performance against vari-

Test Accuracy (%)

ous types of noisy labels. In particular, we can

observe that our method can boost almost all

types of existing methods, including robust loss

function, sample selection, loss correction, etc.,

showing that our regularization based upon an

open-set auxiliary dataset is a complementary
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method to existing robust algo-

rithms. More intriguingly, while most existing methods do not bring benefits to

the robustness against open-set noisy labels in the training set of CIFAR-10, our

regularization could still enhance the performance of all existing methods in this

case.

To further illustrate the influence of 7, we present a sensitivity analysis on CIFAR-

10 with symmetric-40% noisy labels in Fig. 6.4. Specifically, we highlight the

differences in the trend of test accuracy after the second decay of learning rate at



84 6.5. Experiments

TABLE 6.3: Test accuracy (%) on ClothinglM with pretrained ResNet-50. All
experiments are implemented based on DivideMix’s official implementation. The
bold indicates the improved results.

Method Standard Forward Co-teaching ODNL (Ours) SLN + ODNL (Ours) DivideMix 4+ ODNL (Ours)
best 70.17 70.46 71.32 72.47 72.31 73.12 74.32 74.89
last 68.23 69.34 71.02 72.38 71.94 72.98 73.83 74.35

TABLE 6.4: OOD detection performance comparison on CIFAR-10 with
symmetric-40% noisy labels. All values are percentages and are averaged over
the ten test datasets. 1 indicates larger values are better and | indicates smaller
values are better. Bold numbers are superior results.

Method Test Accuracy T FPR95| AUROC T AUPR 1

MSP 77.87 92.01 54.64 19.41
MSP+OE 78.12 26.76 94.02 78.34
MSP+Ours 85.31 14.08 96.53 84.10

the 140th epoch. We can observe that with a large n, the decreasing trend of test
accuracy caused by inherent noisy labels is nearly eliminated. The result verifies
that our regularization is an effective method to reduce the overfitting of inherent

noisy labels.

6.5.3 Results on ClothinglM

Clothing1lM [155] is a large-scale dataset with real-world noisy labels of clothing
images. There are 1 million noisy samples for training, 14k and 10k clean exam-
ples for validation and test respectively. Following DivideMix [62], we conduct
experiments by sampling a class-balanced training subset in each epoch and use
ResNet-50 with ImageNet pretrained weights. We set the n of the vanilla ODNL
as 5. For the auxiliary dataset in our method, we use ImageNet 2012 dataset [85]
and remove all classes related to clothes. Other training details strictly follow the
settings of DivideMix [62]. As shown in Table 6.3, best denotes the score of the
epoch where the validation accuracy is optimal, and last denotes the scores at the
last epoch. The vanilla ODNL outperforms many simple baselines, and it can fur-
ther improve the performance of SLN and DivideMix. The results show that our

method is applicable for large-scale real-world scenarios.
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6.5.4 OOD detection with noisy labels

Out-of-distribution (OOD) detection is an essential problem for the deployment of
deep learning especially in safety-critical applications [3, 31]. From the analysis in
Section 6.4, we know that our regularization should have a similar regularization
effect to OE [3], which enforces the model to give conservative outputs on OOD
instances. Here, we conduct experiments on CIFAR-10 with symmetric-40% noisy
labels to verify the advantage of our method on OOD detection tasks even in a
weakly supervised setting. We expect the trained models could perform well in the
OOD detection task, even if the labels of training dataset are noisy. The training
settings are the same as those in subsection 6.5.2. Following OE [3], we consider
the maximum softmax probability (MSP) baseline [115], which gives the maximum
of softmax output as the OOD score. For the OOD test datasets, we use three
types of noises and seven common benchmark datasets: Gaussian, Rademacher
3], Blobs [3], Textures [195], SVHN[196], CIFAR100, Places365[86], LSUN-Crop
[197], LSUN-Resize [197], and iSUN [198]. We measure the following metrics: (1)
the false positive rate (FPR95) of OOD instances when the true positive rate of
in-distribution examples is at 95%; (2) the area under the receiver operating charac-
teristic curve (AUROC); and (3) the area under the precision-recall curve (AUPR).
Table 6.4 presents the test accuracy and the average performance over the three
types of noises and seven OOD test datasets. We can observe that our method
achieves impressive improvement on both the test accuracy and the detection per-
formance, while OE does not bring benefit on the generalization performance. The

results can serve as evidence for the analysis in Section 6.4.

6.6 Chapter Summary

In this chapter, we proposed Open-set regularization with Dynamic Noisy Labels
(ODNL), a simple yet effective technique that enhances many existing robust train-
ing methods to mitigate the issues of inherent noisy labels across various settings.
To the best of our knowledge, our method is the first to utilize open-set auxiliary
dataset in the problem of noisy labels. We show that ODNL can be considered as a

variant of SGD noises that usually leads to a flat minimum. Extensive experiments
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show that ODNL can help improve the robustness against various types of noisy la-
bels and it is applicable for large-scale real-world scenarios. Moreover, ODNL also
brings a “side effect”: it can improve the OOD detection performance, which is
also essential for the deployment of deep learning in safety-critical applications. On
the other hand, ODNL is computationally inexpensive and can be easily integrated
into existing algorithms. Overall, our method is an effective and complementary

approach for boosting robustness against inherent noisy labels.



Chapter 7

Rebalancing Long-tailed Datasets
with OOD Instances

7.1 Motivation

The success of deep neural networks (DNNs) heavily relies on large-scale datasets
with balanced distribution [84, 85]. However, in real-world applications like au-
tonomous driving and medical diagnosis, large-scale datasets naturally exhibit im-
balanced and long-tailed distributions, i.e., a few classes (majority classes) occupy
most of the data while most classes (minority classes) are under-represented [86-88].
It has been shown that training on long-tailed datasets leads to poor generalization
performance, especially on the minority classes [89-91]. Thus, designing effective

algorithms to handle class imbalance is of great practical importance.

In the literature, a popular direction in long-tailed learning is to re-balance the data
distribution by data re-sampling [93, 94]. For example, Over-sampling [96, 97| re-
peats samples from under-presented classes, but it usually causes over-fitting to
the minority classes. To alleviate the over-fitting issue, synthesized novel samples
are introduced to augment the minority classes without repetition [98]. Neverthe-
less, the model is still error-prone due to noise in the synthesized samples [102]. A
recent work [112] introduced unlabeled-in-distribution data to compensate for the
lack of training samples, and showed that directly adding unlabeled data from mis-

matched classes (i.e., out-of-distribution data) by semi-supervised learning hurts

87
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the generalization performance. These data augmentation methods normally re-
quire in-distribution data with precise labels for selected classes. However, such
kind of data would be extremely hard to collect in real-world scenarios, due to
the expensive labeling cost. This fatal weakness of previous methods motivates us
to explore the possibility of using out-of-distribution (OOD) data for long-tailed

imbalanced learning.

In this chapter, we theoretically show that out-of-distribution data (i.e., open-
set samples) could be leveraged to augment the minority classes from a Bayesian
perspective. Based on this motivation, we propose a simple yet effective method
called Open-sampling !, which uses open-set noisy labels to re-balance the label
priors of the training dataset. For each OOD instance, the label is sampled from
our pre-defined distribution that is complementary to the original class priors. To
alleviate the over-fitting issue on the minority classes, a class-dependent weight is
used in the training objective to provide stronger regularization on the minority
classes than the majority classes. In this way, the open-set noisy labels could be

used to re-balance the class priors while retaining their non-toxicity.

To provide a comprehensive understanding, we conduct a series of analyses to illus-
trate the properties of the proposed Open-sampling method. From these empirical
analyses, we show that: 1) the Complementary Distribution is superior to the
commonly used Class Balanced distribution (CB) as the former is closer to the
uniform distribution, which reduces the harmfulness of the open-set noisy labels;
2) real-world datasets with large sample size are the best choices for the open-set
auxiliary dataset in Open-sampling and the diversity (i.e., number of classes) is
not an important factor in the method; 3) the Open-sampling method not only
re-balances the class prior, but also promotes the neural network to learn more

separable representations.

To the best of our knowledge, we are the first to explore the benefits of OOD
instances in learning from long-tailed datasets. To verify the effectiveness of our
method, we conduct experiments on four long-tailed image classification bench-
mark datasets, including long-tailed CIFAR10/100 [84], CelebA-5 [6, 237], and
Places-LT [86]. Empirical results show that our method can be easily incorpo-
rated into existing state-of-the art methods to enhance their performance on long-

tailed imbalanced classification tasks. Furthermore, experimental results validate

!The work in this chapter has been published in [236].
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that our method could also achieve impressive performance for detecting OOD in-
stances under class-imbalanced setting. Code and data are publicly available at

https://github.com/hongxin001/open-sampling.

7.2 Preliminaries

7.2.1 Background

In this work, we consider a multi-class classification problem, where the input space
is denoted by X € R? and the label space ) is {1,..., K}. We denote by Diain =
{(zi,y:) 1Y, € X x Y the training dataset with N samples. Let n; be the number
of samples in class j, then N = Z;il nj. Let Py(X,Y) define the underlying
training (source) distribution and P, (X,Y") define the test (target) distribution.
Generally, the class imbalance problem assumes that the test data has the same
class conditional probability as the training data, i.e., Py(X|Y) = P(X]|Y), while
their class priors are different, i.e., Py(Y) # P,(Y).

Besides, we consider an unlabelled auxiliary dataset D(()ﬁz = {z;}M, € X consisting
of M open-set instances, and we have M > N. These open-set instances are
also known as OOD data as they are sampled from P, (X), which is disjoint
from Py(X). In real-world scenarios, it is easy to obtain such auxiliary datasets,
which are commonly used in OOD detection tasks. In what follows, we may assign
each open-set instance &; with a random label y; € ), which is independently
sampled from an appropriate label distribution P, (Y") over ). We denote by

Dows = {(Zs, 7))}, the auxiliary dataset with randomly sampled noisy labels.

7.2.2 Theoretical motivation

From a Bayesian perspective, the prediction of a Bayes classifier is generally made
as follows:

y* = argmax P(y|x) = argmax P(x|y)P(y), (7.1)
yey yey

where P(x) and P(y) represent P(X = x) and P(Y = y), respectively. Unfor-
tunately, the predicted posterior probability in Eq. (7.1) becomes unreliable when
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there is a large discrepancy between the class priors of training and test distribu-
tions. Specifically, the class prior of the test distribution is usually balanced (i.e., a
uniform distribution over labels), while the training dataset exhibits a long-tailed
class distribution. Formally, we have Py(Y = i) # P(Y = i) for any class i € ),
and Ps(Y = j) < P(Y = j) for a minority class j € V.

To re-balance the class priors of the training dataset, existing re-sampling methods
mostly augment the minority classes with extra in-distribution samples with precise
labels, e.g., duplicated examples [95], synthetic generation [99], and interpolation
[98]. However, due to their strict in-distribution constraints on data distribution
and label quality, generating and collecting those samples are challenging and ex-
pensive, especially for minority classes. In this chapter, we instead try to break
through the constraints by demonstrating that OOD instances with noisy labels

are actually useful for re-balancing the training dataset.

We start by presenting an intriguing fact in the following theorem (proof in Ap-
pendix D.1), which demonstrates that augmenting the training data with open-set

instances and uniformly random labels can be non-toxic.

Theorem 7.1. Assume that Py (Y) is the discrete uniform distribution over the
label space Y. Let the augmented dataset be Dyix = Dirain U Dout, and P (X,Y)
be the underlying data distribution of Dk, then we have

argmax P (@|y) Puix(y) = arg max Py(x|y) Ps(y).
yey yey

Theorem 7.1 indicates that, when the labels are uniformly sampled from the in-
distribution label space, the prediction of the Bayes classifier is unchanged after
augmenting the training dataset with the OOD instances?. In this way, the theo-
retical result motivates us to exploit the potential value of OOD instances to repair

class imbalance.

Although using the uniform distribution as P, (Y") will not downgrade the Bayes
classifier as shown above, the resulting classifier is not yet optimal, and its corre-
sponding partition is still far away from the optimal decision boundary on the test

distribution, since the label distribution Py (Y") still remains largely imbalanced.

2The discovery of the non-toxicity of OOD instances is not new and has been studied in
ODNL [238]. Our unique contribution here is to theoretically prove this property from a Bayesian
perspective. We provide a detailed comparison for these two works in Subsection 7.3.
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FIGURE 7.1: The test accuracy of models under different training epochs. Blue
color denotes the model trained on long-tailed CIFAR-10 with ResNet-34, and
gray color denotes the model trained on long-tailed CIFAR-10 and OOD data.
We use instances from 300K Random Images [3] as OOD data and label as a
minority class—“9”. The comparison implies that simply adding OOD data into
training may downgrade the generalization performance.

In the following, we will show that a better classifier can be obtained by exploring

the trade-off between re-balancing the label distribution and keeping non-toxicity.

7.3 The Proposed Approach

Motivated by the previous analysis, we propose to exploit the open-set auxiliary
dataset to improve the generalization under class-imbalanced settings. With a
proper label distribution, OOD instances with dynamic labels can be used to re-
balance the class priors while retaining their non-toxicity. We start by giving the

following definition.

Definition 7.1 (Complementary Distribution). Complementary Distribution (CD)
is a label distribution for the auxiliary dataset to re-balance the class priors of the
original dataset. In particular, Minimum Complementary Distribution (MCD) is
the complementary distribution that requires the smallest number of auxiliary in-

stances to re-balance the original training set.

Designing a proper Complementary Distribution to mitigate the class imbalance
problem is a difficult problem that depends on the trade-off between re-balancing
the class priors and keeping the non-toxicity of the added noisy labels. Intuitively,

to re-balance the class priors, more OOD instances should be allocated into the
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minority classes than the majority classes. Meanwhile, the unequal number of

OOD instances in different classes may shift the Bayes classifier.

The above conflict can be understood naturally through a simple case. We consider
a binary classification task with K = 2, and let the sample numbers of the two
classes be ny and ns, respectively. Without loss of generality, let n; > no. It is
straightforward to verify that one of the optimal allocation to re-balance the class
priors is simply appending n; — ny extra OOD instances into the minority class.
However, in such a way, all OOD instances are assigned the same label, thereby

downgrading the resulting classifier.

To provide a straightforward view, we show in Figure 7.1 the performance of model
trained with the extra OOD data. Indeed, in the extreme case where all OOD
instances are assigned the same label, their toxicity would be enlarged during

training, leading to poor generalization performance.

Complementary Sampling Rate. To find a “sweet spot”, we propose the fol-
lowing sampling rate that allows us to achieve a smooth transition from the MCD
to the uniform distribution. We denote CD as I', MCD as I'™, and the comple-

mentary sampling rate for class j as I';, then we have the following proposition.

Proposition 7.1 (Complementary Sampling Rate). I'; = (o — ;) /(K - — 1),

where f3; = Z;j . Then, (i) S8, Ty = 1; (i) T = I if @ = max;(8;); (iii)
i=1 T

I'y > 1/K as a — 0.

The hyperparameter o € R* > max;(;) controls the trade-off bewteen the MCD
and uniform distribution. As shown in Proposition 7.1, when o = max;(3;), it
recovers the MCD. With a larger value for the «, the label distribution of the aux-
iliary dataset would be closer to a uniform distribution. The proof of Proposition

7.1 is provided in Appendix D.2.

As shown in Figure 7.2, both the CB and MCD distributions exhibit an inverse
relationship with the original label prior, i.e., the minority classes possess larger
sampling rate than the majority classes. Compared with the CB distribution,
our MCD distribution is flatter so that the instances would not be concentrated
in a class. In such a manner, the harmfulness of open-set noisy labels would be
alleviated to a large extent. The advantage of the MCD distribution is empirically
supported in Section 7.5.
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FIGURE 7.2: An illustration of label distributions for long-tailed CIFAR-10
dataset with imbalance ratio 100. (7.2a) Original label prior, (7.2b) Class Bal-
anced distribution, (7.2¢) Minimum Complementary Distribution.

With the Complementary Sampling Rate, we can then build an auxiliary dataset
with OOD instances to re-balance the training dataset while retaining their non-

toxicity.

Training Objective. To involve the sampled open-set noisy labels into the train-
ing, a natural idea is directly combining them with the original training dataset,

and using the standard cross entropy as the training objective function:

L=Ep,, xvl(f(z0,y)]

=Ep,..x.y)[—¢e1og f(x;0)],

where e¥ € {0, 1}¥ denotes the one-hot vector whose y-th entry of €¥ is 1. In each
epoch, the labels of samples from the auxiliary dataset could be updated following

the Complementary Distribution I'.

However, the naive combination would consume too much capacity of the network
on fitting the open-set noisy labels, making it hard to converge, especially when
the sample size of the auxiliary dataset is much larger than that of the original
training dataset. To handle this issue, we propose to use the loss on the auxiliary

dataset as a regularization term as shown below:

Ereg = EiNPout(X) [6 (f(ia 0)7 ?7)] )

where y is drawn from the Complementary Distribution I'.

To further alleviate the over-fitting issue on the minority classes without sacrificing
the performance on the majority classes, we explicitly introduce a class-dependent

weighting factor w; based on the pre-defined Complementary Distribution. To
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make the total loss roughly in the same scale after applying w;, we normalize w so

that Z]K:l wj = K. Then, the regularization item becomes:

‘Creg = EENPout(X) [wﬂ 4 (f(iv 0)7 @/)] 5

where y ~ I' and wy = I';- K. Now, the final training objective function is given

as follows:

'Ctotal = E((w,y)NPs(X,Y)) [ﬁ (f(wa 0)7 y)]

N (7.2)
+ 1 E@~po(x) [wy - L (f(2;0),7)],

where 7 controls the strength of the regularization term.

As a data re-balancing technique, Open-sampling is orthogonal to existing methods,
including the training objective based methods (e.g., LDAM [110], Balanced Soft-
max [7]), Decoupled training methods [91], and self-supervised pre-trained methods
[112]. Our method can be easily incorporated into these algorithms to further im-
prove their generalization performance. Given the original learning objective Liyp

of the existing methods, we can formalize the final objective as:

Etotal == ‘Cimb + n- ‘Creg- (73)

Relation to ODNL. Recent work [238] shows that open-set noisy labels could be
applied to enhance the robustness against inherent noisy labels, which has some
conceptual similarities to the proposed method in this work. Here, we summarize
the main differences between ODNL [238] and our work.

1. Problem setting: ODNL focuses on improving the robustness against noisy
labels while our work considers the problem of learning from long-tailed im-

balanced datasets.

2. Technique: we proposed to sample the labels of OOD instances from the
Complementary Distribution and add a weight factor to their losses, while
they treats all the OOD instances equally by simply using a uniform distri-
bution. In particular, ODNL can be seen as a special case of our method

with a large value of a. As analyzed in Figures 7.4a, 7.4b, and 7.4c, our
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Open-sampling consistently outperforms the variant with a uniform distribu-
tion or a large value of o, which demonstrates the advantage of the proposed

method.

3. Insight: ODNL aims to consume the extra representation capacity of neural
networks to prevent over-fitting inherent noisy labels and show that their
method helps the network converge to a flat minimum as SGD noises. In our
work, OOD instances are applied to re-balance the label prior of the training
dataset and the proposed method are shown to encourage the network to

learn more separable representations.

7.4 Experiments

In this section, we evaluate our proposed method on long-tailed image classification
datasets, including long-tailed CIFAR10/100 [84], CelebA-5 [6, 237], Places-LT
[86]. Then we analyze the impact of 1 by sensitivity analysis. Finally, we conduct
experiments to evaluate the performance of Open-sampling on OOD detection task

under class-imbalanced setting.

7.4.1 Datasets

Long-Tailed CIFAR. The original version of CIFAR-10 and CIFAR-100 contains
50,000 training images and 10,000 validation images of size 32 x 32 with 10 and 100
classes, respectively. To create their long-tailed version, we reduce the number of
training examples per class according to an exponential function n = n;u?, where
J is the class index, n; is the original number of training images, and p € (0,1).
Besides, the validation set and the test set are kept unchanged. The imbalance
ratio of a dataset is defined as the number of training samples in the largest class
divided by that of the smallest.

CelebA-5. CelebFaces Attributes (CelebA) dataset is a real-world long-tailed
dataset. It is originally composed of 202,599 number of RGB face images with 40
binary attributes annotations per image. Note that CelebA is originally a multi-
labeled dataset, we port it to a 5-way classification task by filtering only the samples

with five non-overlapping labels about hair colors. We also subsampled the full
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dataset by 1/20 while maintaining the imbalance ratio as 10.7, following [6]. In
particular, We pick out 50 and 100 samples in each class for validation and testing.
We denote the resulting dataset by CelebA-5.

Places-LT. Places-LT is a long-tailed version of the large-scale scene classification
dataset Places [86]. It consists of 184.5K images from 365 categories with class
cardinality ranging from 5 to 4,980.

Auxiliary datasets. 300K Random Images [3] is a cleaned and debiased dataset
with 300K natural images. In this dataset, Images that belong to CIFAR classes
from it, images that belong to Places or LSUN classes, and images with divisive
metadata are removed so that Dy, and Dy, are disjoint. We use the dataset as
the open-set auxiliary dataset for experiments with CIFAR-10/100 and CelebA-5.
For Experiments on Places-LT, we use the training set of Places-Extra69 [86] as

the open-set auxiliary dataset.

OOD test datasets. Following OE [3], we comprehensively evaluate OOD detec-
tors on artificial and real anomalous distributions, including: Gaussian, Rademacher,
Blobs, Textures [195], SVHN [196], Places365 [86], LSUN-Crop [197], LSUN-Resize
[197], iSUN [198]. For experiments on CIFAR-10, we also use CIFAR-~100 as OOD
test dataset. Gaussian noises have each dimension i.i.d. sampled from an isotropic
Gaussian distribution. Rademacher noises are images where each dimension is
—1 or 1 with equal probability, so each dimension is sampled from a symmetric
Rademacher distribution. Blobs noises consist in algorithmically generated amor-
phous shapes with definite edges. Textures [195] is a dataset of describable textu-
ral images. SVHN dataset [196] contains 32 x 32 color images of house numbers.
There are ten classes comprised of the digits 0-9. Places365 [86] consists in images
for scene recognition rather than object recognition. LSUN [197] is another scene
understanding dataset with fewer classes than Places365. Here we use LSUN-Crop
and LSUN-Resize to denote the cropped and resized version of the LSUN dataset
respectively. iSUN [198] is a large-scale eye tracking dataset, selected from natural
scene images of the SUN database [239].
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7.4.2 Implementation details

For experiments on Long-Tailed CIFAR-10/100 [84] and CelebA-5 [240], we perform
training with ResNet-32 [4] for 200 epochs, using SGD with a momentum of 0.9,
and a weight decay of 0.0002. We set the initial learning rate as 0.1, then decay
by 0.01 at the 160th epoch and again at the 180th epoch. For fair comparison, We
also use linear warm-up learning rate schedule [241] for the first 5 epochs. For data
augmentation in training, we use the commonly used version: 4 pixels are padded
on each side, and a 32 x 32 crop is randomly sampled from the padded image
or its horizontal flip. For experiments under the setting of Balanced Softmax [7],
we use Nesterov SGD with momentum 0.9 and weight-decay 0.0005 for training.
We use a total mini-batch size of 512 images on a single GPU. The learning rate
increased from 0.05 to 0.1 in the first 800 iterations. Cosine scheduler [242] is
applied afterward, with a minimum learning rate of 0. Our augmentation follows
Balanced Softmax and Equalization Loss [243]. In testing, the image size is 32 X
32. In end-to-end training, the model is trained for 13K iterations. In decoupled
training experiments, we fix the Softmax model, i.e., the instance-balanced baseline
model obtained from the standard end-to-end training, as the feature extractor.

And the classifier is trained for 2K iterations.

For Places-LT, we choose ResNet-152 as the backbone network and pretrain it
on the full ImageNet-2012 dataset, following Decoupled training [91]. We use
SGD optimizer with momentum 0.9, batch size 512, cosine learning rate schedule
[242]. Similar to Decoupled training, we fine-tune the backbone with Instance-
balanced sampling for representation learning and then re-train the classifier with
our proposed algorithm with class-balanced sampling. Through the chapter, we
refer to decoupled training as training the last linear classifier on a fixed feature
extractor obtained from instance-balanced training. For experiments with the SSP
method, we use rotation prediction [244] as self-supervised learning method, where
an image is rotated by a random multiple of 90 degrees and a model is trained to

predict the rotation degree as a 4-way classification problem.

We conduct all the experiments on NVIDIA GeForce RTX 3090, and implement all
methods with default parameters by PyTorch [245]. All experiments are repeated
five times with different seeds and we report the average test accuracy. We tune the
hyperparameter n on the validation set, then train the model on the full training set.

The « is fixed as (max; f; + min; ;) by default and we find this value performs



98 7.4. Experiments

TABLE 7.1: Test accuracy (%) of ResNet-32 on long-tailed CIFAR-10 and
CIFAR-100 with various imbalance ratios. “{” indicates the reported results
from [6]. The bold indicates the improved results by integrating our regulariza-

tion.

Dataset

Long-tailed CIFAR-10

Long-tailed CIFAR-100

Imbalance Ratio

100

50

10

100

50

10

Standard 71.61 £ 0.21 77.30 £ 0.13 86.74 £ 0.41 37.59 £0.19 43.20 £ 0.30 56.44 &+ 0.12
SMOTE * 71.50 &+ 0.57 - 85.70 £ 0.25 34.00 £ 0.33 - 53.80 £ 0.93
CB-RW 72.57 + 1.30 78.19 £ 1.79 87.18 £ 0.95 38.11 £ 0.78 43.26 £ 0.87 56.40 + 0.40
CB-Focal 70.91 + 0.39 77.71 £ 0.57 86.89 + 0.21 37.84 £ 0.80 42.96 £ 0.77 56.09 + 0.15
Ours 77.62 + 0.28 81.76 + 0.51 89.38 + 0.46 40.26 + 0.65 44.77 £ 0.25 58.09 + 0.29
LDAM-RW 74.21 + 0.61 78.86 + 0.65 86.44 £ 0.78 29.02 £ 0.34 36.41 £ 0.84 54.23 £ 0.72
+ Ours 75.19 + 0.34 79.76 + 0.44 87.28 + 0.61 35.85 &+ 0.62 42.18 + 0.82 55.48 + 0.59
LDAM-DRW 78.08 + 0.38 81.88 + 0.44 87.49 £ 0.18 42.84 £ 0.25 4713 £0.28 57.18 + 0.47
+ Ours 79.82 £ 0.31 82.22 + 0.45 87.83 + 0.38 44.07 £ 0.75 47.5 + 0.24 57.43 + 0.31
Balanced Softmax 78.03 £ 0.28 81.63 + 0.39 88.10 + 0.32 42,11 £ 0.70 46.79 £ 0.24 58.06 + 0.40
+ Ours 79.05 + 0.20 82.76 + 0.52 88.89 + 0.21 42.86 + 0.27 47.28 + 0.58 58.80 + 0.72
SSP 74.58 + 0.16 79.20 + 0.43 88.50 + 0.24 43.00 £ 0.51 47.04 £ 0.60 59.08 + 0.46

+ Ours 79.38 + 0.65 82.18 + 0.33 88.80 + 0.43 43.57 £ 0.29 48.66 + 0.57 59.78 + 0.91

well overall. For the n in the training objective, the best value depends on the

dataset, imbalance ratio, network architecture, and the integrated method.

For OOD detection task, we measure the following metrics: (1) the false positive
rate (FPR95) of OOD instances when the true positive rate of in-distribution ex-
amples is at 95%; (2) the area under the receiver operating characteristic curve

(AUROC); and (3) the area under the precision-recall curve (AUPR).

7.4.3 Comparison methods

In this section, we verify that Open-sampling can boost the standard training and
several state-of-the-art techniques by integrating Open-sampling with the following
methods: 1) Standard: all the examples have the same weights; by default, we use
standard cross-entropy loss. 2) SMOTE [98]: a variant of re-sampling with data
augmentation. 3) CB-RW [102]: training examples are re-weighted according to the
inverse of the effective number of samples in each class, defined as (1—3")/(1—3).
4) CB-Focal [102]: the CB method is combined with Focal loss. 5) M2m [6]: an
over-sampling method with adversarial examples. 6) LDAM-RW [110]: the method
derives a generalization error bound for the imbalanced training and uses a margin-
aware multi-class weighted cross entropy loss. 7) LDAM-DRW [110]: the network is
trained with LDAM loss and deferred re-balancing training. 8) Balanced Softmax
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TABLE 7.2: Classification accuracy (%) on CIFAR-10 under the setting of Bal-
ance Softmax [7]. The bold indicates the improved results by integrating our
regularization. Baseline results are taken from Balance Softmax[7]. “ x” indi-
cates decoupled training.

Imbalance Factor 200 100 10
Standard 71.2 77.4 90.0
CB-RW 72.5 78.6 90.1

LDAM-RW 73.6 78.9 90.3
Equalization Loss [243] 74.6 78.5 90.2
Balanced Softmax 79.0 83.1 90.9
Ours 80.6 83.6 90.6

cRT* [91] 76.6 82.0 91.0

LWS* [91] 78.1 83.7 91.1
Ours* 81.1 84.9 90.9

[7]: the method derives a Balanced Softmax function from the probabilistic per-
spective that explicitly models the test-time label distribution shift. 9) SSP [112]:
the method uses self-supervised learning to pre-train the network on the auxiliary
dataset before standard training. Here, we do not expect vanilla Open-sampling
to achieve state-of-the-art results compared with many complicated methods, our
method can be still a promising option in the family of class-imbalanced learn-
ing methods, because it can outperform existing data re-balancing methods and

improve existing state-of-the-art methods.

7.4.4 Main results

Results on long-tailed CIFAR. Extensive experiments are conducted on long-
tailed CIFAR datasets with three different imbalance ratios: 10, 50, and 100. We
use 300K Random Images® [3] as the open-set auxiliary dataset. The test accuracy
of ResNet-32 [4] on long-tailed CIFAR datasets are reported in Table 7.1. The
results show that our method can achieve impressive improvements on the standard
training method. Especially for long-tailed CIFAR-10 with imbalance ratio 100,
an extreme imbalance case, the vanilla Open-sampling can significantly outperform
the standard baseline by 8.39%. Besides, incorporating our method into existing
state-of-the-art methods can consistently improve their performance under various

imbalance ratios.

3The dataset is published on https://github.com/hendrycks/outlier-exposure.
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We also conduct experiments on long-tailed CIFAR-10 following the training setting
of Balanced Softmax [7] and present the results in Table 7.2. Under this setting,
our proposed method achieves the best performance among the end-to-end methods

and could also improve the performance of decoupled training [91].

To further clarify the influence of 7, we present a sensitivity analysis on long-
tailed CIFAR-10 dataset with imbalance ratio 100 in Figure 7.3. We highlight
the differences in the trend of test accuracy after the decay of learning rate at
the 160th epoch. From the figure, we can observe that with a proper value of 7
like 1.5, the generalization performance can be largely improved by our proposed
regularization. The result verifies that our regularization is an effective method to

improve the generalization performance in long-tailed imbalanced learning.

Results on CelebA-5. We further verify the effectiveness of our method on
real-world class-imbalanced datasets. The CelebA dataset has a long-tailed la-
bel distribution and the test set has a balanced label distribution. We use 300K
Random Images [3] as the open-set auxiliary dataset. Table 7.3 summarizes test
accuracy on the CelebA-5 dataset. In particular, the proposed method outperforms
existing data-rebalancing methods and is able to consistently improve the existing

state-of-the-art methods in test accuracy.

Results on Places-LT. For Places-LT, we follow the protocol of Decoupled train-
ing [91] and start from a ResNet-152 [4] backbone pre-trained on the ImageNet
dataset [85]. We fine-tune the backbone with Instance-balanced sampling for rep-
resentation learning and then re-train the classifier with our proposed algorithm

as decoupled training. Here, we use Places-extra69 [86] as the open-set auxiliary
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TABLE 7.3: Classification accuracy (%) on CelebA-5 with ResNet-32. “f” in-
dicates the reported results are obtained from [6]. The shadow indicates the
improved results.

Method Accuracy Method Accuracy Method Accuracy
Standard 2.7 ‘ M2m f 75.6 ‘ LDAM-DRW 4.5
SMOTE f 72.8 Ours 76.8 LDAM-DRW + Ours 76.9

CB-RW 73.6 ‘ LDAM-RW 73.1 ‘ Balanced Softmax 76.4
CB-Focal 74.2 LDAM + Ours 75.8 Balanced Softmax + Ours 78.6

TABLE 7.4: Top-1 accuracy (%) on Places-LT with an ImageNet pre-trained
ResNet-152. Baseline results are taken from original papers. “DT” indicates
decoupled training.

Method | Many Medium Few Overall
Lifted Loss [246] 41.1 35.4 24.0 35.2
Focal Loss 41.1 34.8 22.4 34.6
Range Loss [247] 41.1 35.4 23.2 35.1
OLTR [109] 44.7 37.0 25.3 35.9
cRT* [91] 42.1 37.6 24.9 36.7
LWS* [91] 40.6 39.1 28.6 37.6
Ours* 42.9 39.3 26.8 38.2

TABLE 7.5: OOD detection performance comparison on long-tailed CIFAR-10.
All values are percentages and are averaged over the ten test datasets. “1”
indicates larger values are better, and “|” indicates smaller values are better.
Bold numbers are superior results.

Method Test Accuracy T FPR95 | AUROC 1 AUPR 1t
MSP 71.83 56.1 75.2 32.71
OE 66.74 32.38 84.15 36.86
Ours 77.62 20.68 92.40 58.38
Ours (v =5) 75.16 22.13 94.26 75.91

dataset. Table 7.4 summarizes test accuracy on the Places-LT dataset. The pro-
posed method achieves the best overall performance, show that our method and
decoupled training scheme are two orthogonal components and Open-sampling is

applicable for large-scale datasets.

OOD detection under class imbalance. Out-of-distribution (OOD) detec-
tion is an essential problem for the deployment of deep learning especially in
safety-critical applications [3, 25, 31, 248] and it would be more difficult when
the training dataset exhibits long-tailed distributions. Outlier Exposure (OE) [3]
is a commonly-used method to improve anomaly detection performance with aux-

iliary dataset. Specifically, the training objective of OE under class imbalance is
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FIGURE 7.4: Analytical experiments of Open-sampling on long-tailed CIFAR-
10: (7.4a)(7.4b) with various label distributions, (7.4c) with various values of
the «, (7.4d) with various open-set auxiliary datasets, including simulated noise
datasets and real-world datasets. All the datasets contain 50,000 instances.
(7.4e) with various sample sizes (K) of the auxiliary dataset, (7.4f) with various
number of classes in the auxiliary datasets that are randomly sampled from
CIFAR-100. Experiments in (7.4b), (7.4c), and (7.4e) are conducted under the
imbalance ratio 100. The y-axis represents the test error in all the figures.
“Standard” denotes the baseline with standard cross-entropy loss.

E ()~ Dorain [— 108 fy(2)] + AEgunp,o [H(P(Y); f(2x))], where H is the cross entropy
and P(Y) is the label prior of the original training dataset. Following OE [3], we
consider the maximum softmax probability (MSP) baseline [115]. Here, we con-
duct experiments on long-tailed CIFAR10 with imbalance rate 100 to verify the
advantage of Open-sampling on OOD detection under class imbalance. Table 7.5
presents the test accuracy and the average performance over the three types of
noises and seven OOD test datasets. We can observe that our method achieves

impressive improvement on both the test accuracy and the detection performance.

7.5 Discussion

To provide a comprehensive understanding of the proposed method, we conduct
a set of analyses in this section. Firstly, we compare our defined distribution
with several alternative distributions to show the advantage of the Complementary

Distribution in our method. Secondly, the effect of o in our method is thoroughly
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analyzed by empirical studies. Then, we present a guideline about how to choose
or collect a suitable open-set auxiliary dataset for long-tailed imbalanced learning.
Finally, we analyze the effect of the proposed method through the lens of decision

boundaries.

The advantage of Complementary Distribution. In the proposed method,
the labels of OOD instances from the auxiliary dataset are sampled from a random
label distribution. For the random label distribution, we defined a Complementary
Distribution in Proposition 7.1 and also presented several commonly used distri-
butions, including uniform distribution (Unif), class balanced distribution (CB)
[102], and the original class priors of the training dataset (Original). Here, we
conduct experiments to compare the performance of the Open-sampling variants
with different label distributions. The results in Figure 7.4a show that using the
Complementary Distribution consistently achieves the best performance on the
test set. In particular, using the uniform distribution can also improve the gener-
alization performance while both CB and the original class priors deteriorate the

performance of the neural networks.

To further understand why CB is not a good choice in our method, we present
the per-class top-1 error on long-tailed CIFAR-10 in Figure 7.4b. Although using
the CB distribution can achieve better performance on the smallest class, it down-
grades the generalization performance on the other classes. The reason is that the
CB distribution is far away from the uniform distribution, thereby introducing too
much noise to the Bayes classifier. Different from CB, the Complementary Distri-
bution is closer to a uniform distribution, making it achievable to re-balance the

class priors while almost keeping non-toxicity of the open-set noisy labels.

Here, we also show the effect of o in Figure 7.4c. As analyzed in Section 7.2,
the larger the value of « is, the Complementary Distribution tends to be closer to
a uniform distribution. Here, “M” denotes the default value of o = (max; f; +
min; 5;). Additionally, the MCD variant achieves 22.51% on the test error. From
Figure 7.4c, the test error presented a slightly upward trend with the increasing of
the value of a. The results verified that it is necessary to adopt a complementary

distribution, instead of simply using a uniform distribution.

The choices of open-set auxiliary dataset. With proper label distribution, can

any OOD dataset be used to improve Long-tail imbalanced learning? In Figure
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FIGURE 7.5: t-SNE visualization of test set on long-tailed CIFAR-10 with im-
balance ratio 100. We can observe that LDAM and our method appear to learn
more separable representations than Standard training and the other algorithms.

7.4d, we show the test error on long-tailed CIFAR-10 with imbalance ratio 100
using Open-sampling with different auxiliary datasets. We can observe that using

simple noises like Gaussian noise could not achieve similar performance than those
of real-world datasets, e.g., CIFAR100 and 300K Random Images [3].

The sample size is another important factor for the open-set auxiliary dataset. In
Figure 7.4e, we show that the performance of Open-sampling would be slightly
better with a larger sample size of the auxiliary dataset. It is worth noting that
the phenomenon is not consistent with that of [238], where using larger open-set
auxiliary dataset could not improve the performance on learning with noisy labels.
Here, we also conduct experiments using a variant of Open-sampling with fixed
labels for OOD instances. We can observe that the variant performs poorly with
a small auxiliary dataset, but the performance can be significantly improved by
increasing the sample size of auxiliary dataset. In particular, the variant could
achieve nearly the same improvement as the proposed Open-sampling method,

with a large enough sample size.
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In addition, we also find that the diversity of the open-set auxiliary dataset is
unimportant for the effectiveness of Open-sampling. We conduct experiments on
long-tailed CIFAR-10 with imbalance ratio 100 and use the subset of CIFAR100
with different number of classes as the open-set auxiliary dataset. The sample size
of these subsets are fixed as 5,000. The results of using different subsets are almost
the same, achieving 73.28% test accuracy. The results are consistent with that
in Figure 7.4d, where using CIFAR100 as open-set auxiliary dataset can achieve

almost the same improvements as 300K Random Images [3].

The effect of Open-sampling as regularization. In addition to re-balancing
the class prior, what is the effect of Open-sampling as a regularization method?
To gain additional insight, we look at the t-SNE projection of the learnt represen-
tations for different algorithms in Figure 7.5. For each method, the projection is
performed over test data. The figures show that the decision boundaries of Open-
sampling and LDAM [110] are much clearer than those of the other methods. The
phenomenon illustrates that Open-sampling can encourage the minority classes to
have a larger margin, which is similar to the effect of the LDAM loss [110]. As
shown in Section 7.4, our method could still boost the performance of the LDAM

method, which demonstrates the differences between our works.

7.6 Related Work

Re-sampling. Re-sampling methods aims to re-balance the class priors of the
training dataset. Under-sampling methods remove examples from the majority
classes, which is infeasible under extremely data imbalanced settings [93, 94]. The
over-sampling method adds repeated samples for the minority classes, usually caus-
ing over-fitting to the minority classes [95-97]. Some methods utilize synthesized
in-distribution samples to alleviate the over-fitting issue but introduce extra noise
(6, 98, 99]. In contrast to in-distribution samples used in existing methods, our
approach exploits OOD instances to re-balance the class priors of the training

dataset.

Re-weighting. Re-weighting methods propose to assign adaptive weights for dif-
ferent classes or samples. Generally, the vanilla scheme re-weights classes propor-

tionally to the inverse of their frequency [100]. Focal loss [101] assigns low weights
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to the well-classified examples. Class-balanced loss [102] proposes to re-weight
by the inverse effective number of samples. However, these re-weighting methods
tend to make the optimization of DNNs difficult under extremely data imbalanced
settings [103, 104].

Other methods for long-tailed datasets. In addition to the data re-balancing
approaches, some other solutions are also applied for class-imbalanced learning, in-
cluding transfer-learning based methods [105, 106], two-stage training methods[91,
107-109], training objective based methods [7, 110, 111], expert methods [20] and
self-supervised learning methods [112, 113]. For example, transfer-learning based
methods addressed the class-imbalanced issue by transferring features learned from
head classes with abundant training instances to under-represented tail classes
[105, 106]. Two-stage training methods proposed to apply decoupled training where
the classifier is re-balanced during the fine-tuning stage [91, 107-109]. Generally,
our proposed method is complementary to these existing methods and our method
can further improve their performance, which are explicitly shown in our experi-

ments.

Utilizing auxiliary dataset. In the deep learning community, auxiliary dataset is
utilized in various contexts, e.g., adversarial machine learning [249, 250] and weakly
supervised learning [59, 251-258|. For example, OE [3] regularized the network to
give conservative predictions on OOD instances. OAT [250] utilized OOD instances
to improve generalization in adversarial training. ODNL [238] proposed to use
open-set auxiliary dataset to prevent the model from over-fitting inherent noisy
labels. In long-tailed imbalanced learning, recent work [112] introduced unlabeled-
in-distribution data to compensate for the lack of training samples. Another work
[259] adopted semi-supervised learning techniques to improve performance on long-
tailed datasets with out-of-class images from related classes, which are different
from out-of-distribution data in our method. To the best of our knowledge, we
are the first to explore the benefits of out-of-distribution data in learning with

long-tailed datasets.

OOD detection. OOD detection is an essential building block for safely deploying
machine learning models in the open world [3, 31, 115, 193]. A common baseline
for OOD detection is the softmax confidence score [115]. It has been theoretically
shown that neural networks with ReLLU activation can produce arbitrarily high

softmax confidence for OOD inputs [260]. To improve the performance, previous
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methods have explored using artificially synthesized data from GANs [261] or un-
labeled data [3, 126] as auxiliary OOD training data. Energy scores are shown to
be better for distinguishing in- and out-of-distribution samples than softmax scores
[31]. As a side effect, our method could also achieve superior performance in OOD

detection tasks even if the labels of training dataset are noisy.

7.7 Chapter Summary

In this chapter, we propose a simple yet effective method termed Open-sampling,
by introducing OOD instances to re-balance the class priors of the training dataset.
To the best of our knowledge, our method is the first to utilize OOD instances in
long-tailed learning. We show that our method not only re-balances the training
dataset, but also promotes the neural network to learn more separable representa-
tions. Besides, we also present a guideline about the open-set auxiliary datasets:
the realism and sample size are more important than the diversity. Extensive ex-
periments demonstrate that our proposed method can enhance the performance
of existing state-of-the-art methods, and also achieves strong OOD detection per-
formance under class-imbalanced setting. Overall, our method enables to exploit
OOD data for long-tail learning and we expect that our insights inspire future

research to further explore the benefits of auxiliary datasets.






Chapter 8

Conclusion and Future Directions

8.1 Conclusions

Robust deep learning is an increasingly important topic for deploying machine
learning models in the real world, and has attracted a surge of interest. In this
thesis, we studied three advanced topics in robust deep learning, i.e., label noise,
distribution shift, and exploring the benefits of OOD instances in training robust-
ness. In the following, we present a conclusion for each robust algorithm in the

previous chapters.

In Chapter 3, we propose an effective approach called JoCoR to improve the label-
noise robustness with the agreement maximization principle, which reduces the
diversity of two networks during networks. It breaks the conventional wisdom that
keeping disagreement among networks is critical for robust learning with noisy
labels. Our method utilizes a joint loss with Co-Regularization for both the pa-
rameter updating and example selection. Empirical results verified that JoCoR is
superior to many state-of-the-art approaches. In future work, we may explore the
theoretical foundation of agreement maximization principle based on the view of

traditional Co-training algorithms [152, 153].

In Chapter 4, we propose a novel end-to-end deep learning method named Union-
Net, which is not only theoretically consistent but also experimentally effective and
efficient. We prove the learning consistency of UnionNet by establishing an estima-

tion error bound, which shows that obtained empirical risk minimizer by UnionNet
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would converge to the true risk minimizer as the amount of training data tends to
infinity. Experimental results demonstrate the effectiveness of UnionNet in model

generalization and training efficiency.

In Chapter 5, we introduce LogitNorm — a simple and effective alternative to the
cross-entropy loss, which decouples the influence of logits’ norm from the training
procedure. Empirical results show that LogitNorm can improve both OOD de-
tection and confidence calibration while maintaining the classification accuracy on
in-distribution data. It is straightforward to implement with existing deep learn-
ing frameworks, and does not require sophisticated changes to the loss or training
scheme. We hope that our insights inspire future research to further explore loss

function design for OOD detection.

In Chapter 6, we provide the first attempt to improve learning with noisy labels
with out-of-distribution data. In particular, we proposed Open-set regularization
with Dynamic Noisy Labels (ODNL), a novel technique that enhances many exist-
ing robust training methods for label-noise robustness. We show that ODNL can
be considered as a variant of SGD noises that usually leads to a flat minimum.
Extensive experiments show that ODNL can help improve the robustness against

various types of noisy labels and improve the OOD detection performance.

In Chapter 7, we propose a simple yet effective method termed Open-sampling, by
introducing OOD instances to re-balance the class priors of the training dataset.
Open-sampling is the first to utilize OOD instances in long-tailed learning. Open-
sampling not only re-balances the training dataset, but also promotes the neural
network to learn more separable representations. Besides, we also present a guide-
line about the open-set auxiliary datasets. Experiments validate the effectiveness

of Open-sampling in both model generalization and OOD detection.

8.2 Future Directions

In this thesis, we have provided a basic blueprint of natural robustness with several
novel algorithms across the areas of weakly supervised learning and open-world
machine learning. Here, we present some potentially interesting future directions

of robust deep learning.
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8.2.1 Robustness problems in foundation models

Foundation models (like GPT-3 [262], BERT [263], and CLIP [264]) have become
an increasingly important component in the deep learning community. Instead of
training from scratch, the foundation model is trained on broad data (not task-
specific) that can be adapted to a wide range of downstream tasks. While these
models have been widely adopted in various applications, their potential robustness
issues have not been explored, which may make them especially vulnerable to the
natural occurring corruptions. A potential challenge for robustness in foundation
models is from the demanding of huge computational resource, which makes it
challenging to retrain or update the model for stronger robustness. A possible
solution for this challenge is to explore methods in the form of model patching so

that we can update the model with minimum training cost.

8.2.2 Moving from static to dynamic environments

Most existing research in natural robustness so far focuses on solving issues in
static environments, where the models are fixed after deployment. In the real-world
cases, the data streaming is continually evolving and unpredictable, which makes
it difficult to maintain the model reliability. Therefore, it is of great significance to
form a virtuous circle in the learning system by adapting to new challenges from

the dynamic environment.

8.2.3 Theoretical understanding of OOD data

In Chapter 6 and Chapter 7, we have demonstrated the value of OOD data in
remedying the imperfect training data and provided theoretical explanations from
the perspectives of SGD noise and Bayesian inference. However, there still arises
many questions: When OOD data can help? How much OOD data can help? Are
there any rigorous conditions for OOD data to be benign in the training? .... To
answer these questions, we need to construct theoretical frameworks for OOD data

in the training dynamics.






Appendix A

Proofs for Chapter 4

A.1 Proof of Lemma 4.1

If the cross entropy loss is used, we have the following optimization problem:

k

olg) =) ply=ilz)log(g:())
s.t. Z;gi(a)) =1

By using the Lagrange multiplier method, we can obtain the following non-constrained

optimization problem:

k

®(g) =) ply=i|x)log(g;(x))
k
A @) - 1),
By setting the derivative to 0, we obtain

Gi(@) = ply =i | )

Because Y°F  gf(x) =1 and Y5 p(y =i | ) = 1, we have

Z; 9 (®) = ;Z;p(y —ilx) =1

Therefore, we can easily obtain A = 1. In this way, ¢f = sp(y =i | @) =p(y =i |

x), which concludes the proof of Lemma 4.1. O
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A.2 Proof of Theorem 4.2

According to Lemma 1, when we obtain ]7* by optimizing Eq. (4), we could opti-
mally fit the conditional probability p(y | «):

¢ (x) = p(y | =), Vi € [k].

Let us introduce v(x) = p(y | ) and (x) = p(y | ). According to Eq. (3), we

have
U(x) = Tv(x).

Since ¢*(x) = v(x), we have ¢*(x) = T'v(x), On the other hand, we obtain ¢g*(x)
(g*(x) = softmax(f*(x))) by optimizing Eq. (4). Thus ¢*(x) = Tg*(x), which
further ensures that Tw(x) = T'¢*(x). In this way, if the transition matrix T is
invertible, we can obtain v(x) = g*(x). As we have shown that v(x) = p(y | ) =
g*(x) where g*(x) = softmax(f*(x)), we can obtain g*(x) = ¢*(x), which implies
that f* = f*. Thus, Theorem 4.2 is proved. O

A.3 Proof of Theorem 4.3

Before proving Theorem 2, we first introduce the following lemma.

Lemma A.1. The following inequality holds:

Proof.
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where we used the notations f* = argmin;.» R(f) and f = argmin,.r }A%(f),
and E( f) represents the objective in Eq. (6) of UnionNet-B, which is an empirical
approximation of R(f). O

Then, we introduce the uniform deviation bound, which is useful to derive estima-

tion error bounds. The proof can be found in some textbooks such as [183].

Lemma A.2. Let Z be a random wvariable drawn from a probability distribution
with density p, H ={h: Z — [0, M|} (M >0) be a class of measurable functions,
{2z} be i.i.d. examples drawn from the distribution with density u. Then, for

any delta > 0, with probability at least 1 — 6,

sup (7, [1(2)] — 1. S ()

<R, (H)+ M

Based on Lemma A.2; we can directly obtain the following lemma.

Lemma A.3. Assume L is upper bounded by M, i.e., for any (x,y) ~ p(x,y),
E(f(:v), y) < M. Then, for any 6 > 0, with probability at least 1 — 9,

~

R(f) = R(f*) < 2R, (Lo F) + M log

on ’

SN

where L o F is defined as Lo F={Lo f | f € F}.

Then, we need to upper bound mn(Z o F). Since L is assumed to be p-Lipschitz
continuous w.r.t. f(x), according to the Rademacher vector contraction inequality
[265], we have

k
(Lo F) <3S R(F,)
y=1

where i%n(}" ) and E)A%n(]:y) are the empirical Rademacher complzity [183] of F and
F,. By taking the expectation over p(x), we have R, (LoF) < V2p 2521 R, (Fy)-
By further taking into account Lemma A.3, Theorem 4.3 is proved. [
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Proofs for Chapter 5

B.1 Proof of Proposition 5.1

From Eq. (5.2), we have f = || f|| - f. Then,
argmax(f;) = argmax(| ] - f) = arg max( ).
Similarly, for any given scalar s > 1, we have,
argmax(sf;) = argmax(s|| £ - £,) = argmax(f,).

Thus Proposition 5.1 is proved.

B.2 Proof of Proposition 5.2

From Proposition 5.1, we have

arg max(f;) = argmax(sf;) = c.
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Let f. = max;(f;), and ¢t = s — 1, then we have,

(101

olsF) = s,

€f°

TS el hR)

For any j € [1,2,...,n], we have, f; — f. < 0. Then

Thus Proposition 5.2 is proved. O]

B.3 Proof of Proposition 5.3

Let f = f/(||f]]), then we have || f|| = 1/7.

That is, Y5, f,° = IF]” = 1/72.

Hence,
“1/r< f,<1/tVi€el,... k.
Let a(f) = Zfiyefi’ then we have
. 61/7
<
U(‘f) — 61/7’ + (k _ 1)6—1/7'
B 1
1+ (k—1)e 2/

Hence,

‘Clogit,norm = - 10g(0'(f>>

> —log

1
1+ (k—1)e2/7
= log(1 4 (k — 1)e"¥7)

Thus Proposition 5.3 is proved. [



Appendix C

Proofs for Chapter 6

C.1 Proof of Proposition 6.1

For Eq. 6.6, the noisy gradient is

Voliota = Vol (f,y) +1- Vel (f, ﬂ) = Vol (f,y) +n- V3l (f, 5) Vof

For convenience, we omit the hyperparameter 1. Note that cross-entropy loss is
((f,y) = —eYlog f, then the noise on Vol (f,y) is

B B N T B k NRvS
z:v#(ﬁg)'Vef:—(?) -Vefz—z<eg-e+ﬂ), st Yy~ Ug.

=1

Since e’ = (0,---,1,---,0) is the one-hot vector and only the y-th entry is 1, the
expression of the noise z can be simplified as:
Vof;

zZ=———=, S.t.jNUk.
f;

Let z; be the i-th entry of z, we have

i = ——="7, s.t. j ~ Z/{k
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Hence,

C.2 Proof of Proposition 6.3

The regularization item of OE is o = —% . Zle log fl

Then the gradient of /o w.r.t 0 is

~ 1 &K, = 1 L Vef,
VGKOE:VfKOE'Vef:Vf<—%' Zlog_fj) -Ve_f:_E. ZTJ
j=1 j



Appendix D

Proofs for Chapter 7

D.1 Proof of Theorem 7.1

Since Dpix = Dirain U Dout, the underlying data distribution of D, will be a
linear combination of the training distribution Py(X,Y’) and the OOD distribution

Po(X,Y): . N
Pi(x,
ESRG R v

where N is the size of Dy and M is the size of Dyyt.

Pmix(m7y) == Pout(m7y)’ (Dl)

By the virtue of Bayes’ theorem, we have

Pmix(m |y)PmiX(y)

N M
:—Ps Ps —Pou -Pou
VLN (zly) Ps(y) + VN o(|y) Pout (y)
N p P M p P (D:2)
“MIN s(z]y) S(y>+M—+N out () Pout (V)

N 1 M
= P P —.

out(w)a

where the second equality follows the fact that Pyix(2|y) = Puix(@) since the label
y is independent of the instance z for the OOD data, and the third equality is
simply the fact that Py (y) = 1/K.
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Then, by taking the maximum of both sides, we have

arg max Puix(2|y) Puix(y)
yey

Pi(x|y)Pi(x,y) + %Pwt@)}

N
M+ N

Py(x|y)Py(x,y).

=arg max {
yey

(D.3)

—arg max
%ey M+ N

=arg max Py(x|y)FPs(x,y).
yey

Thus Theorem 7.1 is proved. O

D.2 Proof of Proposition 7.1

By definition, Zfil I'; = 1 naturally holds for any «.

If @ = max;(5;), then I'; = (max;(3;) — 5;)/(K - max;(5;) — 1). In particular, for

k = arg max;(5;), we have [';, = 0.

In the case of & — o0, let us denote f(a) = o — f; and g(a) = K -a — 1. Since
im0 f(@) = limao0 g(a) = 00, ¢'(a) = K # 0, and lim, 0 f'(a) /¢ (o) = 1/ K

exists, using L’Hopital’s rule, we have:

lim T; = tim 2 i £ i

a—00 a—00 g(a) a—00 g’(a)

Thus Proposition 7.1 is proved. O
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