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Abstract

The recent success of deep learning approaches mainly relies on the availability of huge
computational resources and large-scale labelled data. However, the persistent challenge of
data insufficiency remains a significant concern within the deep learning research community.
This thesis delves into multiple facets of data insufficiency across various learning tasks.

Without sufficient data for training, deep models cannot fully explore the data space.
Due to the cost or infeasibility of collecting training data, many real-world applications
face the problem of insufficient training data. In this thesis, data insufficiency is explored
and tackled within the attribute-based person search task in Chapter 3. In scenarios where
individuals are described based on attributes such as gender, age, clothing, or accessories in
surveillance data, the goal is to retrieve individuals that match specific attribute descriptions. A
significant obstacle arises from the non-overlapping nature of most training and testing classes
(attribute combinations). It is impossible to come across all possible attribute combinations
during training since the training data cannot cover the whole space of possible attribute
combinations. To address this data insufficiency, we present a novel data augmentation
technique that generates synthetic features for unseen attribute combinations.

The insufficiency of data labels also leads to challenges in the learning of deep models.
The subsequent chapters primarily explore solutions to this issue. While unannotated data
may be relatively accessible for some tasks, data labelling is often prohibitively expensive.
To mitigate this issue, active learning emerges as a central theme in later chapters of this
thesis. Active learning involves the strategic selection of the most informative labelled data
for annotation, aiming to optimize the utility of the annotation budget.

Among the many perspectives of active learning studies, one that lacks attention is privacy-
aware active learning. Many applications where highly confidential personal data or medical
data are used could benefit from active learning, since the privacy requirements usually
increase the annotation costs. Proposing active learning methods that effectively solve the

v



vi ABSTRACT

label insufficiency problem without breaching the privacy requirements is a good problem
to address. Chapter 4 introduces a responsible active learning method that incorporates
considerations for data privacy protection in scenarios involving cloud services. We can
strictly protect a subset of local data while still utilizing it to update the active sampler
without violating data privacy. To further ensure all local data remains untouched, Chapter 5
studies the federated active learning problem where local clients learn in a decentralized
way without sharing local data, conventional active learning methods become ineffective due
to non-IID data distribution. A method that tries to actively label local data for the global
benefit is proposed in the chapter. The introduced method addresses the problem with a novel
knowledge-specialized reweighting.

The insufficiency of data labels also occurs when the data requires complicated annotations
that demand more well-trained professionals, which can be costly. An example would be
human-object interaction (HOI) detection, which involves identifying human-object pairs and
discerning interaction types within images featuring multiple interactions and objects across
diverse scenes. Such annotation work cannot be accomplished by any random person. In
Chapter 6, the insufficiency of data labels in HOI detection is addressed using active learning.
What is difficult for the humans can also be difficult for deep models. Challenges primarily
arise from the need to assess image informativeness based on various components such as
object labels, bounding boxes, and interaction labels, as well as the presence of spurious
features within images that may hinder the active sampling process. In this chapter, a method

that comprehensively measures data informativeness is introduced.
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CHAPTER 1

Introduction

1.1 Motivation

The recent success witnessed in the field of deep learning has largely been attributed to
the abundance of both computational resources and large-scale data. However, despite the
remarkable progress achieved, the challenge of data insufficiency persists as a significant

concern within the deep learning research community.

Data insufficiency in deep learning generally falls into two categories: lack of sufficient

training data and lack of sufficient data labels.

Firstly, there may not be enough data available for training, which hampers the model’s ability
to adequately cover all possible scenarios during testing. This limitation can lead to models
that struggle to generalize effectively to unseen data, hindering their real-world applicability

and performance.

One of the deep learning applications that suffer from insufficient training data would be
person search. The person search problem usually uses descriptive queries to retrieve person
images from a large pool. The major task is to find the best match between the semantic
queries and the person images. Ideally, the model should learn from all sorts of person images
to develop a better representation space for matching. However, this is almost impossible
in reality due to the numerous possibilities of appearances and the limited training data.
Aside from collecting more and more data, a more achievable solution is to make the model

’imagine’ unseen appearances based on existing knowledge, just like how human beings do.
1



2 1 INTRODUCTION

In later chapters, we show how this is conducted with a nature-inspired method that allows

‘imagining’ and retrieving at the same time.

The second type of data insufficiency in deep learning is the shortage of data labels. Even
when a sufficient amount of raw data is available, there may be an insufficiency of data
annotations. In such cases, the data lacks the necessary labels or annotations required to train
deep learning models effectively. This deficiency can severely limit the model’s ability to learn
meaningful patterns and relationships within the data, ultimately impacting its performance
and reliability. One of the effective solutions is semi-supervised learning, where unlabelled
data are trained to exploit everything available in the training data. However, these methods
may highly rely on the quantity and quality of the existing data labels. They possibly introduce
noise when handling the unlabelled data. Semi-supervised learning may not be the most
suitable solution to insufficient data labels in certain circumstances. Another popular solution
to the shortage of data annotations is active learning, which is also what is intensively studied
in this thesis. Active learning, as the name suggests, actively samples unlabelled data for
annotation to ensure the annotation budget is efficiently utilized. Despite the simple aim, it
is never easy to determine what kind of unlabelled data is more valuable when their labels
are obtained. This becomes a even more difficult problem when active learning needs to be

conducted in more complicated settings with realistic concerns.

e How to protect data privacy in active learning? It is a common practice to pass
all unlabelled data to a task model for active sampling score computation. This
results in potential data leakage risk when the task model utilizes external resources
or needs to be shared with external parties. Active learning using cloud resources
utilizes external resources. A relevant example would be the photo management
systems on smartphones, where users save their photos locally but wish to have them
correctly sorted as they like. Active learning could provide a cheap and accurate
solution to this problem. External hardware resources are usually important since the
hardware on smartphones can be limited. However, there may exist personal photos
that the users would never want to share. In this case, to propose a method that

simultaneously prevents sending all data to an external resource provider while still
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maintaining competitive active sampling ability is essential. Another case is where
the models need to be shared across different parties, such as federated learning.
In federated learning, many local clients maintain their own local datasets. Only
the model parameters are shared with a central server for aggregation to achieve
a more powerful model. Federated active learning is a very practical setting. A
closely related application is learning with hospital data. Hospital data is usually
difficult to be labelled and highly confidential. Federated active learning would be
a very effective way to solve the task. In different hospitals, it is common that the
data distributions differ. It is important to find a federated active learning method
which not only protects local data privacy, but also effectively samples informative
unlabelled data that are informative to the aggregated model.

e How to handle applications with complex labels in active learning? For tasks
like classification or segmentation, the informativeness of data is relatively easy
to quantify with certain metrics like entropy scores. As human beings, it is also
possible to tell that some images can be classified into multiple categories, making
them likely to be informative for classification. However, there are also tasks that
annotate images with complicated labels, such as Human-Object Interaction (HOI)
detection, for example. The task requires annotating images with bounding boxes
of objects and humans, the object categories, and the interaction categories. There
may also be multiple interactions visible. Even for human beings, it is difficult to
evaluate what kind of images are informative for this task. To tackle the active HOI

detection problem, it is essential to find a comprehensive active sampling criterion.

Both of these challenges pose significant obstacles to the advancement of deep learning
technologies and urgently require effective solutions. Addressing data insufficiency is crucial
for unlocking the full potential of deep learning and enabling the development of more robust,

reliable, and generalizable models capable of tackling real-world problems effectively.
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1.2 Thesis Outline

The thesis offers several solutions to address data insufficiency in different learning scenarios
and tasks. These solutions focus on two main aspects: (I) data augmentation to overcome
data insufficiency, and (II) active learning to address data annotation insufficiency. Before
getting into details, we provide background knowledge to help understand the concepts in

this thesis in Chapter 2.

Part I: Data Augmentation. In Chapter 3, we introduce SAL which synthesizes data from
unseen classes to deal with data insufficiency. In attribute-based person search which retrieves
persons with attribute descriptions, a significant challenge arises from the non-overlapping
nature of most training and testing classes (i.e., attribute combinations). During training, it
is impossible to encounter all potential attribute combinations, as the training data cannot
encompass the entirety of this diverse space. Consequently, this data insufficiency presents a

hurdle to effective model training and performance.

Part II: Active Learning. Active learning aims to select the most informative unlabelled

data for annotation. The problem is studied from three different aspects

e In Chapter 4, we propose a responsible active learning method that allows data
privacy protection with cloud services in use. Our method allows for strictly pro-
tecting some of the unlabelled data without sacrificing the performance of the active
sampler.

e In Chapter 5, a method for federated active learning, which allows decentralized
active learning without violating local data privacy, is introduced. Our method
addresses the non-1ID data problem in federated active learning.

e In Chapter 6, an active learning method specifically designed for the Human-Object
Interaction (HOI) detection task is proposed. We design a comprehensive active

sampling method to solve the specific task.

We summarize and discuss the possible future studies in Chapter 6.



CHAPTER 2

Background

This chapter provides a comprehensive overview of the fundamental concepts and techniques

used to address the data insufficiency problem in deep learning.

The first section introduces popular solutions for mitigating insufficient training data. This
includes synthetic data generation and mixup, both enhance the quantity and diversity of the
training dataset. Emphasis is placed on techniques that are particularly relevant to the themes
and methods discussed in this thesis, demonstrating their application and efficacy in various

scenarios.

The second section introduces active learning, one of the major strategies for overcoming
the insufficiency of training labels. Active learning involves selectively querying the most
informative data points for labeling, thereby maximizing the efficiency of the labeling process.
This section will cover different active learning strategies, such as uncertainty sampling, query-
by-committee, and diversity-based approaches, highlighting their advantages and challenges.
Additionally, the integration of active learning with other data insufficiency solutions will
be explored, showcasing how these methods can work with each other to enhance model

performance.

2.1 Insufficiency of Training Data

With insufficient training data, the most straightforward solution is to augment the training
dataset. In the famous fundamental work AlexNet [82], data augmentation techniques like

cropping, flipping, and colour editting are adopted. Similar techniques are widely used in
5
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later works [57, 58]. Although these simple techniques generally improve performance, they
may not be powerful enough in complicated tasks. In this section, the techniques to augment

training data by synthesizing and mixing up data will be introduced.

2.1.1 Synthetic Data

To learn a model with limited training data, using synthesized data as augmentation is an
intuitive solution. It is widely adopted in one-shot[31], few-shot[55, 173, 44], and zero-
shot[107, 84, 207, 36] learning tasks. In this thesis, the insufficiency of training data is mainly
studied on the attribute-based person search problem, to which the zero-shot learning task is
the most related with the attribute-annotated data and the encountering of unseen categories.
Wang et al. [173] proposed a meta-learning based end-to-end method that generates new
images and learns the classifier simultaneously. However, the generated images are not
forced to be discriminative. Thus can be similar with the training data. Kumar et al. [84]
introduced a encoder-decoder model that can generate new images given attributes. It does
not discriminate whether the images are real or fake. In this case, the quality of the synthetic
images is not controlled. Overall, synthetic images may suffer from distortion, and it is
time-consuming to train a good generator for images. Therefore, many works synthesize
data in feature level. Dixit et al. [31] proposed the attribute-guided augmentation method
which benefits the training of a one-shot recognition model by synthesizing features of given
attribute values in the feature space. However, it requires training an extra attribute regressor
and only two attributes of multiple classes are used in the experiment. Hariharan et al. [55]
introduced generating new examples by transferring modes of variations using analogies in
base classes under a few-shot setting. The performance is not as good as the later GAN-based
models, possibly because the collected analogies are not reliable. Gao et al. [44], proposed
a GAN-based method which synthesizes novel class features as a mixture of related base
classes and reached state of the art for the few-shot learning task. However, the few-shot
methods cannot utilise any semantic data like in the cross-modal retrieval problems due to the
property of the task. Utilising semantic attributes effectively, Long et al. [107] proposed a

method that directly maps the semantic features to the visual feature space for synthesizing in
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zero-shot learning. However, it is a one-to-one mapping that limits the synthetic data size and
provides no variations for the synthetic data. Felix et al. [36] proposed a GAN-based model,
but with a cycle-consistency constraint that forces the synthetic visual features to be generated
back to the original semantic features. The final classifier is trained with the synthetic visual
features separately. This method only synthesizes the visual features and embeds the features

in the visual space.

2.1.2 Mixup

Mixup [193] is proven effective in generating virtual features for augmentation in supervised
learning originally. It encourages the model to perform convex behaviors on training ex-
amples. Later, mixup has been extended and applied in semi-supervised learning [160, 7,
123, 6], domain adaptation [112, 137], open-set learning [201], and cross-domain person
re-identification [109]. Berthelot et al. [7] proposed MixMatch to handle semi-supervised
learning. MixMatch adopts mixup to mix both labelled data unlabelled data for augmentation.
ReMixMatch [6] improved MixMatch with distribution alignment and augmentation anchor-
ing. RealMix [123] aims at improving semi-supervised learning in more realistic settings.
However, these semi-supervised learning methods together with MixUp only deal with the
closed-set classification task that involve only data from a fixed set of classes. Luo et al. [109]
proposed the cross-domain mixup scheme to interpolate the source and target domains as
an intermediate state. Although, this method deals with a retrieval problem, it still does not
handle cross-modality data. Most of these follow-up works of Mixup use the technique to

match the distributions of either labelled and unlabelled data or data from multiple domains.

2.2 Active Learning

Active learning has been widely adopted to address the insufficiency of training labels in deep
learning. By focusing on selecting the most informative unlabeled data for annotation, active

learning effectively controls annotation costs within budget constraints, making it a practical
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solution for many machine learning applications such as image classification [97, 133, 99],

object detection [117], and semantic segmentation [145, 11, 155].

Existing active learning methods mainly fall in three categories, uncertainty-based [42, 185,
148, 192, 5, 128, 170, 75, 34], disagreement-based [141, 39, 22, 116, 27, 26], and diversity-
based [140, 3]. Aside from the conventional active learning methods that are usually evaluated
with the image classification task, there are also active learning methods that are specifically
designed for other computer vision applications such as semantic segmentation [145, 180,
125], tracking [191], and object detection [20, 190, 175, 117]. Siddiqui et al. [145] proposed
to consider active learning for semantic segmentation in a multi-view setting by measuring
the inconsistency of predictions across views as the model uncertainty. The work of Yuan et
al. [191] introduced a novel active learning method for object tracking in videos. The method
integrates the temporal relationship of the moving object in the video sequence for active
sampling. To consider both the localization and the classification information in active object
detection, Choi et al. [20] combined the aleatoric and epistemic uncertainties. The former
measures the intrinsic noise in images and the latter computes the lack of knowledge in the
model. Active teacher [117] proposed by Mi et al. dealt with the object detection problem via
pseudo-labelling using an exponential mean average teacher. The sampling metric includes

both the uncertainty of the box prediction and that of the object classification.



CHAPTER 3

Symbiotic Adversarial Learning for Attribute-based Person

Search

In this chapter, we study the attribute-based person search problem, a complex and data-
insufficient task that merits thorough investigation in this thesis. Attribute-based person
search is in significant demand for applications where no detected query images are available,
such as identifying a criminal from witnesses. However, the task itself is quite challenging
because there is a huge modality gap between images and physical descriptions of attributes.
Often, there may also be a large number of unseen categories (attribute combinations). The
available training data can only cover a small proportion of the possible categories. The
current state-of-the-art methods either focus on learning better cross-modal embeddings by
mining only seen data, or they explicitly use generative adversarial networks (GANs) to
synthesize unseen features. The former tends to produce poor embeddings due to insufficient
data, while the latter does not preserve intra-class compactness during generation. In this
chapter, we present a symbiotic adversarial learning framework, SAL. Two GAN:s sit at the
base of the framework in a symbiotic learning scheme: one synthesizes features of unseen
classes/categories, while the other optimizes the embedding and performs the cross-modal
alignment on the common embedding space. Specifically, two different types of generative
adversarial networks learn collaboratively throughout the training process and the interactions
between the two mutually benefit each other. This mutual beneficial relationship between the
two networks imitates the symbiotic relationship in the nature, e.g., the relationship between
the crocodile and plover birds, where the latter is fed on the food residue of the former, and
the former gets teeth cleaned by the latter. Our two networks in SAL also form a relationship

where the networks benefit from each other. To further improve the symbiotic adversarial
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FIGURE 3.1: Three categories of cross-modal retrieval with common space learning: (a)
The embedding model that projects data from different modalities into common feature space.
(b) The embedding model with common space adversarial alignment. (c) The proposed SAL
jointly considers feature-level data augmentation and cross-modal alignment by two GANS.

learning process, we propose a more advanced SAL+ framework. We introduce Symbiotic
Adversarial Mixup (SAM) which utilizes the symbiosis nature of the SAL framework to
augment the learning and form SAL+. SAM helps to enrich the learning space in SAL by
producing reliable paired data. Extensive evaluations show our proposed networks’ superiority
over nine state-of-the-art methods with two challenging pedestrian benchmarks, PETA and

Market-1501.

3.1 Introduction

The goal of “person search” is to find the same person in non-overlapping camera views at
different locations. In surveillance analysis, it is a crucial tool for public safety. To date, the
most common approach to person search has been to take one detected image captured from a
surveillance camera and use it as a query [95, 164, 194, 59, 200, 151, 96, 18]. However, this
is not realistic in many real-world applications — for example, where a human witness has

identified the criminal, but no image is available.

Attributes, such as gender, age, clothing or accessories, are more natural to us as searchable

descriptions, and these can be used as soft biometric traits to search for in surveillance
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data [104, 87, 69, 134]. Compared to the queries used in image-based person search, these
attributes are also much easier to obtain. Further, semantic descriptions are more robust than
low-level visual representations, where changes in viewpoint or diverse camera conditions
can be problematic. Recently, a few studies have explored sentence-based person search [96,
93]. Although this approach provides rich descriptions, unstructured text tends to introduce
noise and redundancy during modeling. Attributes descriptions, on the other hand, are much
cheaper to collect, and they inherently have a robust and relatively independent ability to
discriminate between persons. As such, attribute descriptions have the advantage of efficiency

over sentence descriptions in person search tasks.

Unfortunately, applying a cross-modal, attribute-based person search to real-world surveil-
lance images is very challenging for several reasons. (1) There is a huge semantic gap
between visual and textual modalities (i.e., attribute descriptions). Attribute descriptions are
of lower dimensionality than visual data, e.g., tens versus thousands, and they are very sparse.
Hence, in terms of data capacity, they are largely inferior to visual data. From performance
comparisons between single-modal retrieval (image-based person search) and cross-modal
retrieval (attribute-based person search) using current state-of-the-art methods, there is still a
significant gap between the two, e.g., mAP 84.0% [138] vs. 24.3% [32] on Market-1501 [198,
102]. (2) Most of the training and testing classes (attribute combinations) are non-overlapping,
which leads to zero-shot retrieval problems — a very challenging scenario to deal with [32].
Given an attribute-style query, model aims to have more capacity to search an unseen class
given a query of attributes. (3) Compared to the general zero-shot learning settings one might
see in classification tasks, surveillance data typically has large intra-class variations and inter-
class similarities with only a small number of available samples per class (Fig. 3.5), e.g., ~ 7
samples per class in PETA [30] and ~ 26 samples per class in Market-1501 compared with
~ 609 samples per class in AWA2 [178]. One category (i.e., general attribute combinations
that are not linked to a specific person) may include huge variations in appearance — just
consider how many dark-haired, brown-eyed people you know and how different each looks.
Also, the inter-class distance between visual representations from different categories can be
quite small considering fine-grained attributes typically become ambiguous in low resolution

with motion blur.
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One general idea for addressing this problem is to use cross-modal matching to discover a
common embedding space for the two modalities. Most existing methods focus on repres-
entation learning, where the goal is to find projections of data from different modalities and
combine them in a common feature space. This way, the similarity between the two can be
calculated directly [54, 167, 37] (Fig. 3.1(a)). However, these approaches typically have a
weaker modality-invariant learning ability and, therefore, weaker performance in cross-modal
retrieval. More recently, some progress has been made with the development of GANs [50].
GANSs can better align the distributions of representations across modalities in a common
space [163], plus they have been successfully applied to attribute-based person search [184].
(Fig. 3.1(b)). There are still some bridges to cross, however. With only a few samples, only
applying cross-modal alignment to a high-level common space may mean the model fails to
capture variances in the feature space. Plus, the cross-modal alignment probably will not work
for unseen classes. Surveillance data has all these characteristics, so all of these problems

must be overcome.

To deal with unseen classes, some recent studies on zero-shot learning have explicitly used
GAN-based models to synthesize those classes [107, 84, 207, 36]. Compared to zero-shot
classification problems, our task is cross-modal retrieval, which requires learning a more
complex search space with a finer granularity. As our experiments taught us, direct generation

without any common space condition may reduce the intra-class compactness.

Hence, we present a fully-integrated symbiotic adversarial learning framework for cross-
modal person search, called SAL. Inspired by symbiotic evolution, where two different
organisms cooperate so both can specialize, we jointly explore the feature space synthesis
and common space alignment with separate GANSs in an integrated framework at different
scales (Fig. 3.1(c)). The proposed SAL mainly consists of two GANs with interaction:
(1) A synthesis-GAN that generates synthetic features from semantic representations to
visual representations, and vice versa. The features are conditioned on common embedding
information so as to preserve very fine levels of granularity. (2) An alignment-GAN that
optimizes the embeddings and performs cross-modal alignment on the common embedding

space. In this way, one GAN augments the data with synthetic middle-level features, while
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the other uses those features to optimize the embedding framework. Meanwhile, a new
regularization term, called common space granularity-consistency loss, forces the cross-
modal generated representations to be consistent with their original representations in the
high-level common space. These more reliable embeddings further boost the quality of
the synthetic representations. To address zero-shot learning problems when there is no
visual training data for an unseen category, we use new categories of combined attributes
to synthesize visual representations for augmentation. An illustration of feature space data

augmentation with a synthesized unseen class is shown in Fig. 3.2.

To further deal with the aforementioned challenges in attribute-based person search, this
work additionally proposes the Symbiotic Adversarial Mixup (SAM) which produces mixed
features to fit in the SAL framework for feature space augmentation utilizing the symbiosis
nature. This technique is designed to generate paired mixed features that lie out of the training
data neighbourhood in feature space to facilitate the cross-modal retrieval task. The symbiosis
nature of SAL constraints this feature generation process, in order to produce features that
benefit our task learning. We aim to enrich the sparse feature space and to close the semantic
gap between modalities by providing extra paired mixed data in SAL for the attribute-based
person search task. An illustration of feature space data augmentation with SAM is shown in
Fig. 3.2. we extensively evaluate SAM in the SAL framework with different widths and depths.
The work also proposes supervised cross-modal contrastive loss for a superior common space

embedding base to improve the learning.

In summary, the work in this chapter makes the following main contributions to the literature:

e We propose a fully-integrated framework called symbiotic adversarial learning (SAL)
for attribute-based person search. The framework jointly considers feature-level data
augmentation and cross-modal alignment by two GANSs at different scales. Plus, it
handles cross-model matching, few-shot learning, and zero-shot learning problems
in one unified approach.

e We introduce a symbiotic learning scheme where two different types of GANs
learn collaboratively and specially throughout the training process. By generating

qualified data to optimise the embeddings, SAL can better align the distributions in
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FIGURE 3.2: Anillustration of feature space data augmentation with a synthesized unseen

class and a mixed class from Symbiotic Adversarial Mixup (SAM).
the common embedding space, which, in turn, yields superior cross-modal search
results.

e We introduce a Symbiotic Adversarial Mixup to further explore the out of the
training data neighbourhood. With our Symbiotic Adversarial Mixup, we are able to
accommodate attribute combinations and images that are quite different from the
training data.

e Extensive evaluations on the PETA [30] and Market-1501 [198] datasets demonstrate
the superiority of SAL at attribute-based person search over nine state-of-the-art

attribute-based models.

3.2 Related work

Attribute-Based Person Search. In recent years, semantic attribute recognition of pedestrians
has drawn increasing attention [90, 85, 29, 165, 196] and it has been extensively exploited
for image-based person search as a middle-level feature [86, 149, 150, 102, 166]. Some
studies exploit attribute-based person search for cross-modal retrieval [159, 146, 139, 184,
32, 71]. Early attribute-based retrieval methods intuitively rely on attribute prediction. For
example, Vaquero et al. [159] proposed a human parts based attribute recognition method
for person retrieval. Siddiquie et al. [146] utilized a structured prediction framework to
integrate ranking and retrieval with complex queries, while Scheirer et al. [139] constructed

normalized “multi-attribute spaces” from raw classifier outputs. However, the pedestrian
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attribute recognition problem is far from being solved [90, 165, 105]. Consistently predicting
all the attributes is a difficult task with sparsely-labeled training data: the images of people
from surveillance cameras are low resolution and often contain motion blur. Also the same
pedestrian would rarely be captured in the same pose. These “imperfect attributes” are
significantly reducing the reliability of existing models. Shi et al. [144] suggested transfer
learning as a way to overcome the limited availability of costly labeled surveillance data.
They chose fashion images with richly labeled captions as the source domain to bridge the
gap between unlabeled pedestrian surveillance images. They were able to produce semantic
representations for a person search without annotated surveillance data, but the retrieval
results were not as good as the supervised/semi-supervised methods, which raises a question
of cost versus performance. [184] posed attribute-based person search as a cross-modality
matching problem. They applied an adversarial leaning method to align the cross-modal
distributions in a common space. However, their model design did not extend to the unseen
class problem or few-shot learning challenges. Dong et al. [32] formulated a hierarchical
matching model that fuses the similarity between global category-level embeddings and local
attribute-level embeddings. Although they consider a zero-shot learning paradigm in the
approach, the main disadvantage of this method is that it lacks the ability to synthesize visual
representations of an unseen category. Therefore, it does not successfully handle unseen class
problem for cross-modal matching. More recently, Jeong et al. [71] proposed to reduce the
modality gap between images and attributes using deep metric learning. The method helps
to better align the image and attributes pairs, but does not put enough attention on exploring

unobserved data that cannot be covered by the training set.

Cross-Modal Retrieval. Our task of searching for people using attribute descriptions is
closely related to studies on cross-modal retrieval as both problems require the attribute
descriptions to be aligned with image data. This is a particularly relevant task to text-image
embedding [181, 168, 96, 163, 199, 156], where canonical correlation analysis (CCA) [54]
is a common solution for aligning two modalities by maximizing their correlation. With the
rapid development of deep neural networks (DNN), a deep canonical correlation analysis
(DCCA) model has since been proposed based on the same insight [2]. Yan et al. [181]

have subsequently extended the idea to an image-text matching method based on DCCA.
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Beyond these core works, a variety of cross-modal retrieval methods have been proposed
for different ways of learning a common space. Most use category-level (categories) labels
to learn common representations [184, 163, 207, 199, 199]. However, what might be fine-
grained attribute representations often lose granularity, and semantic categories are all treated
as being the same distance apart. Several more recent works are based on using a GAN
[50] for cross-modal alignment in the common subspace [163, 184, 207, 157]. The idea is
intuitive since GANs have been proved to be powerful tools for distribution alignment [157,
61]. Further, they have produced some impressive results in image translation [206], domain
adaptation [157, 61] and so on. However, when only applied to a common space, conventional
adversarial learning may fail to model data variance where there are only a few samples and,

again, the model design ignores the zero-shot learning challenge.

Mixup. Mixup [193] and its follow-up works [160, 7, 123, 6, 112, 137, 201, 109] has been
introduced in Chapter 2. Most of these works use the technique to match the distributions of
either labelled and unlabelled data or data from multiple domains. Our Symbiotic Adversarial
Mixup is designed to accommodate the cross-modal retrieval problem by enriching the cross-
modal feature spaces. It helps the learning of the middle-level and high-level GANs by
producing paired augmentations in both modalities while utilizing the symbiosis nature of

SAL.

3.3 Preliminaries

Problem Definition Our deep model for attribute-based person search is based on the
following specifications. There are N labeled training images {x;, a;, y; }\*, available in
the training set. Each image-level attribute description a; = [a(;1), - - - ; G(iny)) 1S @ binary
vector with n,, number of attributes, where 0 and 1 indicate the absence and presence of the
corresponding attribute. Images of people with the same attribute description are assigned
to a unique category so as to derive a category-level label, specifically y; € {1,.... M}
for M categories. The aim is to find matching pedestrian images from the gallery set

Koallery = {5 }]-G:1 with G images given an attribute description a, from the query set.
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3.4 Symbiotic adversarial learning

3.4.1 Multi-modal Common Space Embedding Base

One general solution for cross-modal retrieval problems is to learn a common joint subspace
where samples of different modalities can be directly compared to each other. As mentioned
in our literature review, most current approaches use category-level labels (categories) to
generate common representations [184, 163, 207]. However, these representations never
manage to preserve the full granularity of finely-nuanced attributes. Plus, all semantic
categories are treated as being the same distance apart when, in reality, the distances between
different semantic categories can vary considerably depending on the similarity of their

attribute descriptions.

Thus, we propose a common space learning method that jointly considers the global category

and the local fine-grained attributes. The common space embedding loss is defined as:

Eembed - ['cat + Eatt‘ (31)

The category loss utilizing the Softmax Cross-Entropy loss function for image embedding

branch is defined as:

Lea = — ﬁ: log (pcat<mi7 ?/z)>, (3.2)

i=1
where pey(x;, y;) specifies the predicted probability on the ground truth category y; of the

training image x;.

To make the common space more discriminative for fine-trained attributes, we use the Sigmoid

Cross-Entropy loss function which considers all m attribute classes:
N m )
Low = — Z Z (a(i,j) log (ngt)(wz))
i=1 j=1 3.3)
+ (1= ag)log (1 - p(:)).
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where a; ;) and p§{'2 (x;) define the ground truth label and the predicted classification prob-
ability on the j-th attribute class of the training image x;, i.e. a; = [a¢.1), -, G@m)) and
pl) = [ L (x;), -, p.gtn)(wl)] Similar loss functions of Eq. (3.2) and Eq. (3.3) are applied

to the attribute embedding branch as well.

The multi-modal common space embedding can be seen as our base, named as Embed

(Fig. 3.1(a)). A detailed comparison is shown in Table 3.2.

To further improve the common space embedding, we propose a supervised cross-modal

contrastive loss which is developed from the supervised contrastive loss [73].

exp(r - 7,/7)
> ben €XP(r - P/ T) ’

Ecross—sup (T) = 10g (34)

where r represents normalized semantic features in the common embedding space and 7
represents normalized visual features. Specifically, #, represents positive visual features
that belong to the same category as r within the batch B, including the visual feature that
pairs with . And 7, represents all visual features in batch B. The temperature 7 € R is a
hyperparameter. By updating the multi-modal common space embedding using Lempeds =

Lecat + Lo + Leross-sup, WE can obtain an improved base, named as Embed+.
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3.4.2 Middle-Level Granularity-Consistent Cycle Generation

To address the challenge of insufficient data and bridge the modality gap between middle-level
visual and semantic representations, we aim to generate synthetic features from the semantic
representations to supplement the visual representations and vice versa. The synthetic features
are conditioned on common embedding information so as to preserve very fine levels of
granularity for retrieval. The middle-level representations are denoted as f,, for visual and f,

for attribute. More detail is provided in Fig. 3.3.

As paired supervision are available for seen categories during generation, conventional
unsupervised cross-domain generation methods, e.g. CycleGAN [206], DiscoGAN [77]
are not perfect suit. To better match joint distributions, we consider single discriminator
distinguishes whether the paired data (f,, f,) ) is from a real feature distribution p( f,, f,) or
not. This is inspired by Triple Generative Adversarial Networks [21]. The TripleGAN works
on semi-supervised classification task with a generator, a discriminator and a classifier while
our synthesis-GAN consists of two generators and a discriminator. As shown in Fig. 3.3,
our synthesis-GAN consists of three main components: Generator G4 synthesizes semantic
representations from visual representations; Generator GGy synthesizes visual representation
from semantic representations, and a discriminator 1) focused on identifying synthetic data
pairs. Given that semantic representations are rather more sparse than visual representations,
we add a noise vector z ~ AN(0, 1) sampled from a Gaussian distribution for Gy to get
variation in visual feature generation. Thus, GGy can be regarded as a one-to-many matching
from a sparse semantic space to a rich visual space. This accords with the one-to-many
relationship between attributes and images. The training process is formulated as a minmax
game between three players - Gy, G4 and D; - where, from a game theory perspective,
both generators can achieve their optima. The adversarial training scheme for middle-level

cross-modal feature generation can, therefore, be formulated as:
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LIN(G 4, Gy, D) = Es, goyeptsanso 108(D1 (far f0)]

1 -

+ 5Bt ll0g(1 = Di(fa, f0))] (3.5)
1 -

+ §Efv~p(fv)[log(1 — D (.fm fv))]

The discriminator D; is fed with three types of input pairs: (1) The fake input pairs (fa, fo)s
where f, = GA(f,). (2) The fake input pairs (f,, f,), where f, = Gy(fa,2)). (3) The real
iHPUt pairs (fm fv) ~ p(fm fv)

To constrain the generation process to only produce representations that are close to the
real distribution, we assume the synthetic visual representation can be generated back to the
original semantic representation, which is inspired by the CycleGAN structure [206]. Given
this is a one-to-many matching problem as mentioned above, we flex the ordinary two-way
cycle consistency loss to a one-way cycle consistency loss (from the semantic space to the

visual space and back again):

L3(Ga, Gv) = Efpp(i 1GA(Gy (fa, 2)) = fall2]. (3.6)

Furthermore, feature generation is conditioned on embeddings in the high-level common
space, with the aim of generating more meaningful representations that preserve as much
granularity as possible. This constraint is a new regularization term that we call “the common

space granularity-consistency loss”, formulated as follows:

£SAL (GA? GV) = EvaP(fv)[

consis

1Ba(fa) = Ev(fo)ll2]
+ Efompio) | Bv (o) = Ba(fa)]]2]
+ Efutoysturt) I Ea(fa) = Ea(fa)ll2]

+ E(furto)mpUart) BV (fo) = Ev(fo)ll2];

(3.7)
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where £/4 and Ey stand for the common space encoders for attribute features and visual

features respectively.

Lastly, the full objective of synthesis-GAN is:

ESAL — £SAL +£SAL _l_LSAL (38)

synth-adv ganl cyc consis*

3.4.3 High-Level Common Space Alignment with Augmented

Adversarial Learning

On the high-level common space which is optimized by Eq. (3.1), we introduce the second ad-
versarial loss for cross-modal alignment, making the common space more modality-invariant.
Here, /4 works as a synchronous common space encoder and generator. Thus, we can define

E 4 as G¢ in this adversarial loss:

L35 (Ge, Dy) =Eg, (s, [10g D2 (Ev (f,))]

+Efump(ry l0g(1 = Da(Ea(fa)))]-

3.9

Benefit from the middle-level GAN that bridges the semantic and visual spaces, we can access
the augmented data, f; and ﬁ to optimise the common space, where f; = G4(f,) and

fo = Gv(fa, z). Thus the augmented adversarial loss is applied for cross-modal alignment

by:

SN (G, Da) =Eg, g [log Do (B (f,))]

N (3.10)
+Efomp(ry[l0g(1 — Da(Ea(fa))]-

And can be used to optimize the common space by:
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ﬁgl‘ﬁ;]i(EAv EV) - ‘Cembed(fa) + ‘Cembed(ﬁ;)' (3.11)

The total augmented loss from the synthesis-GAN interaction is calculated by:

ESAL — ESAL +£SAL (312)

aug augl aug2-

The final augmented adversarial loss for alignment-GAN is defined as:

Loty = Lomp + Loy (3.13)

align-adv aug °

3.4.4 Symbiotic Training Scheme for SAL

Algorithm 1 summarizes the training process. As stated above, there are two GANSs learn
collaboratively and specially throughout the training process. The synthesis-GAN (including
G 4, Gy and D)) aims to build a bridge of semantic and visual representations in the middle-
level feature space, and to synthesize features from both to each other. The granularity-
consistency loss was further proposed to constrain the generation that conditions on high-level
embedding information. Thus, the high-level alignment-GAN (including E 4, Ey and D)
that optimizes the common embedding space benefits the synthesis-GAN with the better
common space constrained by Eq. (3.7). Similarly, while the alignment-GAN attempts to
optimize the embedding and perform the cross-modal alignment, the synthesis-GAN supports
the alignment-GAN with more realistic and reliable augmented data pairs via Egs. (3.10) and

(3.11). Thus, the two GANs update iteratively with SAL’s full objective becomes:

ESAL — [,SALd =+ ESAL + ESAL (314)

embe synth-adv align-adv*
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Algorithm 1 Learning the SAL model.

Input: N labeled data pairs (x;, a;) from the training set;
Output: SAL attribute-based person search model;

1: for t = 1 to max-iteration do

2:  Step 1: Multi-modal common space Embedding: Updating both image branch and
attribute branch by common space embedding 1oss Lempeq (Eq. (3.1));

3:  Step 2: Middle-Level Granularity-Consistent Cycle Generation: Updating G 4,
GV and Dl by ‘Csynth—adv (Eq (38)),

4:  Step 3: High-Level Common Space Alignment: Updating £ 4, Fy and D, by
Lalign-adv (Eq (313))’

5: end for

Semantic augmentation for unseen classes. To address the zero-shot problem, our idea
is to synthesize visual representations of unseen classes from semantic representations. In
contrast to conventional zero-shot settings with pre-defined category names, we rely on
a myriad of attribute combinations instead. Further, this inspired us to also sample new
attributes in the model design. Hence, during training, some new attribute combinations

unseen
a

are dynamically sampled in each iteration. The sampling for the binary attributes
follows a Bernoulli distribution, and a 1-trial multinomial distribution for the multi-valued
attributes (i.e., mutually-exclusive attributes) according to the training data probability. Once
the attribute feature extraction is complete, f, in the objective function is replaced with
[fa faunseen], fqunseen is used to generate synthetic visual feature via Gy. The synthetic

feature pairs are then used for the final common space cross-modal learning.

3.5 Symbiotic Adversarial Mixup

The middle-level GAN augments the learning by generating extra features using training
data features and using unseen attribute combinations. However, these generated features
either lies near the training data or cannot provide enough pairing information for cross-
modal alignment. To handle this, we further introduce Symbiotic Adversarial Mixup (SAM).
Mixup [193] enriches the feature space using linearly combine the training examples. Such
that the model can better predict examples that are not encountered in training data. However,

Mixup is originally designed for single-modal classification problems, it does not consider
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FIGURE 3.4: A comparison of standard Mixup which considers single-modal
data and our Symbiotic Adversarial Mixup which takes cross-modal paired
data.

multiple modalities. A possible solution is to apply Mixup on the attribute branch and the
image branch respectively by using paired mixed data as input and apply classification loss
with mixed labels as ground truths for each modality. Nevertheless, with the classification
loss only, the pairing information may not be fully exploited for the retrieval task. We better
utilize the symbiotic learning structure of SAL to close the semantic gap while benefiting
from the mixed data. Hence, SAM is proposed. A comparison of previous Mixup and our

Symbiotic Adversarial Mixup is illustrated in Fig. 3.4.

For SAM, we randomly sample a coefficient A ~ B(«, ) where B(«, 3) stands for the beta
distribution with shape parameters « and 3. We randomly sample two pairs of features. The
first pair is denoted as visual feature f,, and semantic feature f, , and the second is denoted
as f,, and f,,. We denote the attribute annotation for the two pairs of features as a; and
ay. The mixed visual feature is then composed as f,,, = Af,, + (1 — A) f,,, and the mixed
semantic feature as f,,, = Afs, + (1 — A\) f,,. The attribute annotation for f,,, and f, is
a,, = A\a; + (1 — \)a,. Here a,, is only theoretical and usually does not exist as a real attribute
combination since the attributes are likely non-integers. The data flow for SAM is shown in

Fig. 3.3. In the model design, we choose to mix data on feature-level rather than mixing them
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on image-level (attribute-level) like in standard Mixup and many later mixup works. One
reason is that [161] has proved manifold mixup of being able to produce smoother decision
boundaries that are more distant to the training data. It means we can potentially explore
further with feature-level mixup. The other reason to mix on feature-level is that mixing the
attributes directly may lead to unreasonable attribute inputs. The original attributes signal
the existence of certain appearances in an image with O or 1. Meanwhile, the numbers are
binary and do not represent the intensity of each attribute property. Mixing them directly may
produce decimal-valued attribute data that can not provide meaningful description for any

possible pedestrian. Hence, we decide to have SAM mixed on feature-level.

We optimize with the paired mixed features by utilizing the middle-level cross-modal feature

generation. The formulation is:

‘CSAM(GAa GV7 Dl)

ganl

= E(fam,fum)"/p(fam,fvm))[log(Dl(fam7 fvm))]

1
+ §Efam~p(fam) [log(l - Dl (fam7 fvm))]

(3.15)

1 —
+ §Ef'um’\‘p(f'um)[10g(]‘ - Dl(fcm"m f’l)m))]7

where ﬁ; = Gv(fam,z) and }:; = GA(fom,2). The discriminator D; then encounters
three more types of input pairs related with the mixed features. Input pairs ( f,,, ﬁ;) and
(f;;, fum) are treated as fake pairs since features generated through the middle-level GAN

are involved. Meanwhile, input pairs ( fom, fom) are treated as real pairs.

Similarly, we formulate the one-way cycle-consistency loss for SAM by enforcing the cycle-

consistency behavior on mixed features as well:

ES}’ACM(GA’ GV) = Efam’\‘p(fam)[HGA(GV(fam’ Z)) - fam“?} (3’16)



26 3 SYMBIOTIC ADVERSARIAL LEARNING FOR ATTRIBUTE-BASED PERSON SEARCH

The common space granularity-consistency loss for SAM is formulated by enforcing the
consistency of encoded mixed features in the common space. The formulation is:
Lo (Ga, Gy)
= Epyntfon) 1 Bafam) = Bv (fom) 2
+ Efunstam 1By (fum) = Bafam) l2 (3.17)
+ Etfumontatuss o) 1 Ea(Fam) = Ea(fum) |2

+ E(famyfvm)’\‘p(famyfvm)|:||Ev(f'um) - Ev(fvm)||2]

The full objective of synthesis-GAN for Symbiotic Adversarial Mixup is then formulated as:

[SAM ESQS“ 4+ [SAM 4 ,SAM (3.18)

synth-adv cyc consis*
The formulation of the adversarial loss in the high-level alignment-GAN in SAM is:

+ Efyrmp(fom) [108(1 = Da(Ea(fam)))]-

(3.19)

The mixed features also help to update the cross-modal alignment by using the SAM augmen-

ted adversarial loss:
‘CguAgl\l/I(GC7 Dz) = Efam’\“p(fam) [1Og DZ(EV(f’Um))]

+ Efymp(fom) 108(1 = Do (EA(fam))]-

(3.20)

Different from the features in the training set, the mixed features from Symbiotic Adversarial
Mixup are not used for the prediction-level augmentation as in Eq. (3.11). This is different
from the previous mixup methods, since they usually require the linear behavior in prediction
space for mixed data. We choose not to apply this because our cross-modality task involves a
semantic branch that predicts attributes and categories with attribute inputs. We believe that
with such training, the classifier should be reliable enough. Further adding the embedding
loss for mixed features may even harm the classifier. More of the challenges in this task fall

in how to enrich the middle-level feature spaces and the common space. Hence, the total
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augmented loss for alignment-GAN in SAM is formulated as:

Lo = Lond + Lot (3.21)

aug augl *

The final augmented adversarial loss for alignment-GAN in Symbiotic Adversarial Mixup is:

Loy = Lomy + Lo (3.22)
Finally, we name SAL with additional SAM to be SAL+ since SAM further augments the
learning process of SAL. The full objective of SAL+ is defined as:

_ prSAL
‘CSAL+ - ‘Cembed

+ (1= 1) (Lmiaay T Laignaay) (3.23)
+ 7(£§$1g-adv + ‘Cgll:gl\lf—adv%

where v is the SAM coefficient that controls the amount of SAM loss in updating the full

model.

3.6 Experiments

Datasets. To evaluate SAL with an attribute-based person search task, we used two widely
adopted pedestrian attribute datasets': (1) The Market-1501 attribute dataset [198] which
the Market-1501 dataset annotated with 27 attributes for each identity [102] - see Fig. 3.5.
The training set contains an average of ~ 26 labeled images in each category. During testing,
367 out of 529 ( 69.4% ) were from unseen categories. (2) The PETA dataset [30] consists
of 19, 000 pedestrian images collected from 10 small-scale datasets of people. Each image
is annotated with 65 attributes. Following [184], we labeled the images with categories
according to their attributes, then split the dataset into a training set and a gallery set by
category. In the training set, there was on average ~ 7 labeled images in each category, and

all 200 categories in the gallery set (100% ) were unseen.

'The DukeMTMC dataset is not publicly available.
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FIGURE 3.5: Example images from the person search Market-1501 [198] dataset and
compared with the general zero-shot AWA2 [178] dataset.

TABLE 3.1: Attribute-based person search performance evaluation. Best results are shown
in bold. The second-best results are underlined.

Metric (%) Market-1501 Attributes PETA

Model mAP | rankl | rank5 | rank10 | mAP | rank1 | rank5 | rank10
DeepCCA [2] 17.5 | 30.0 | 50.7 | 58.1 115 144 | 20.8 | 26.3
DeepMAR [90] 89 | 13.1 | 249 | 329 | 12.7 | 17.8 | 256 | 31.1
DeepCCAE [171] | 9.7 8.1 240 | 346 | 145 | 142 | 22.1 30.0
2WayNet [35] 7.8 | 11.3 | 244 | 315 | 154 | 237 | 385 | 41.9
CMCE [93] 228 | 350 | 51.0 | 56,5 | 262 | 31.7 | 39.2 | 484
ReViSE [156] 177 | 242 | 452 | 57.6 | 31.1 | 305 | 57.0 | 61.5
MMCC [36] 222 | 349 | 587 | 702 | 339 | 335 | 57.0 | 69.0
AAIPR [184] 20.7 | 403 | 492 | 58.6 | 279 | 39.0 | 53.6 | 62.2
AIHM [32] 243 | 433 | 56.7 | 64.5 - - - -
ASMR [71] 30.1 | 444 | 643 | 74.0 | 43.2 | 46.0 | 67.0 | 76.5
SAL [9] 208 | 49.0 | 68.6 | 775 | 412 | 47.0 | 66.5 | 74.0
SAL+ 30.1 | 510 | 69.6 | 775 | 488 | 585 | 77.5 | 84.5

Performance Metric. The two metrics used to evaluate performance were the cumulative
matching characteristic (CMC) and mean Average Precision (mAP). We followed [126] and
computed the CMC on each rank k as the probe cumulative percentage of truth matches
appearing at ranks < k. mAP measures the recall of multiple truth matches and was computed
by first computing the area under the Precision-Recall curve for each probe, then calculating

the mAP over all probes.

Implementation Details. SAL was implemented based on Torchreid [202, 204, 203] in

the Pytorch framework [129] with ResNet-50 [57] as the image feature extractor. We used
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fully connected (FC) layers to form the attribute feature extractor (64, 128, 256, 512), the
middle-level generators (256, 128, 256, 512), and the encoders (512, 256, 128). Batch
normalization and a ReLU nonlinear activation followed each of the first three layers with
a Tanh (activation) before the output. The discriminators were also FC layers (512, 256,
1) with batch normalization and a leaky ReL.U activation following each of the first two
layers, and a Sigmoid activation prior to the output. After the common space embedding, the
classifiers output with 1-FC layer. Training process: We first pre-trained the image branch
and Embed/Embed+ model as a person search baseline (Fig. 3.4.1) until it converges. Then
we trained the full SAL model for 60 epochs with a learning rate of 0.001 for the image branch
and 0.01 for the attribute branch. We add SAM to SAL after 20 epochs of training. The mixing
coefficient A is sampled from the distribution B(2, 5) and the SAM coefficient ~ is set to be
0.7. We chose Adam as the training optimizer [78] with a batch size of 128. During testing,
we calculated the cosine similarity between the query attributes and the gallery images in the
common embedding space with 128-D deep feature representations for matching. Training
time: It took 77 minutes for SAL to converge (26.3M parameters) compared to 70 minutes
for a single adversarial model Embed+adv to converge (25.0M parameters). Both training

processes were run on the same platform with 2 NVIDIA 1080Ti GPUs.

3.6.1 Comparisons to the State-Of-The-Arts

The evaluation results of the attribute-based person search task appear in Table 3.1, presenting
SAL’s and SAL+’s performances in comparison to 10 state-of-the-art models across 4 types
of methods. These are: (I) attribute recognition based method: (1) DeepMAR [90]. (II)
correlation based methods: (2) Deep Canonical Correlation Analysis (DCCA) [2]; (3) Deep
Canonically Correlated Autoencoders (DCCAE) [171]; (4) 2WayNet [35] (III) common space
embedding : (5) Cross-modality Cross-entropy (CMCE) [93]; (6) ReViSE [156]; (7) Attribute-
Image Hierarchical Matching (AIHM) [32]; (8) Adaptive Semantic Margin Regularizer
(ASMR) [71] (note that the original paper’s report uses different training and testing splits,

hence we conduct the experiments with our splits for fair comparison) (IV) adversarial



30 3 SYMBIOTIC ADVERSARIAL LEARNING FOR ATTRIBUTE-BASED PERSON SEARCH

learning: (9) Multi-modal Cycle-consistent (MMCC) model [36]; (10) Adversarial Attribute-
Image Person Re-ID (AAIPR) [184].

From the results, we made the following observations: (1) SAL outperformed all 10 state-
of-the-art models on both datasets in terms of rankl. On the Market-1501 dataset, the
improvement over the second best scores were 4.6% (49.0 v 44.4). On the PETA dataset, the
improvement was 1.0% (47.0 v 46.0). This illustrates SAL’s overall performance advantages in
cross-modal matching for attribute-based person search. (2) Directly predicting the attributes
using the existing recognition models and matching the predictions with the queries is not
efficient (e.g., DeepMAR). This may be due to the relatively low prediction dimensions and
the sparsity problems with attributes in semantic space. (3) Compared to the common space
learning-based method (CMCE), the conventional correlation methods (e.g., DCCA, DCCAE,
2WayNet) witnessed relatively poor results. This demonstrates the power of common space
learning with a common embedding space. It is worth mentioning that CMCE is specifically
designed to search for people using natural language descriptions, yet SAL outperformed
CMCE by 7.0% mAP/14.0% rank1 with Market-1501, and by 15.0% mAP/15.3% rank1 with
PETA. (4) The adversarial model comparisons, AAIPR and MMCC, did not fare well against
SAL, especially AAIPR, which utilizes single adversarial learning to align the common
space. This directly demonstrates the advantages of our approach with symbiotic adversarial
design compared to traditional adversarial learning methods. (5) Among the compared state-
of-the-arts, MMCC, ReViSE and AIHM addressed zero-shot problems. Against MMCC,
SAL outperformed by 7.6% mAP/14.1% rank1 on Market-1501 and 7.3% mAP/13.5% rank]1
on PETA. AIHM is the most recent state-of-the-art in this category of methods and SAL’s
performance improvement was 5.5% mAP/5.7% rank1 on Market-1501. This demonstrates
the advantages of SAL’s new regularization term, the common space granularity-consistency
loss, for generating middle-level features. (6) Using deep metric learning, ASMR performs
quite well by pulling embeddings from the same category together and pushing those from
different categories away. SAL produced comparable results as ASMR since rank1 of SAL
is better while mAP of ASMR is better. (7) With Embed+ and SAM further added to
SAL, the namely SAL+ achieved 2% and 11.5% improvement in rank1 in Market-1501 and
PETA compared to SAL. It outperformed by 0.3% and 7.6% in rankl for the two datasets
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TABLE 3.2: Component analysis of SAL+ on PETA dataset.

Metric (%) mAP | rank1 | rank5 | rank10
Embed 31.3 | 34.0 | 57.0 64.5
Embed + adv 350 | 375 | 60.5 | 66.5
Embed + symb-adv 40.6 | 44.0 | 64.0 70.5
Embed + symb-adv + unseen(SAL) | 41.2 | 47.0 | 66.5 74.0
Embed+ 4377 | 47.5 | 68.5 77.0
SAL from Embed+ 46.5 | 55.0 | 75.0 83.0
SAL+ 48.8 | 585 | 77.5 84.5

respectively. The results show the superiority of introducing SAM which utilizes and benefits

the symbiotic learning structure of SAL.

3.6.2 Further Analysis and Discussions

To further evaluate the different components in the model, we conduct studies on the PETA

dataset.

Component analysis of SAL+. Here, we compared: (1) the base embedding model (Embed,
Fig. 3.1(a)), which comprises the multi-modal common space embedding base (Sec. 3.4.1)
and is optimized by embedding loss (Eq. (3.1)) only; (2) the base embedding model plus
single adversarial learning (Embed+adv, Fig. 3.1(b)), (3) the base embedding model plus our
symbiotic adversarial learning (Embed+symb-adv, Fig. 3.1(c)), and (4) our full SAL model,

which includes the attribute sampling for unseen classes. The results are shown in Table 3.2.

Compared to the Embed model, Embed+ady saw an improvement of 3.7% mAP/3.5% rankl,
whereas Embed+symb-adyv achieved an improvement of 9.3% mAP/10% rankl1, and SAL
(Embed+symb-adv+unseen) witnessed a significant improvement of 9.9% mAP/13.0% rankl.
This is a clear demonstration of the benefits of jointly considering middle-level feature
augmentation and high-level cross-modal alignment instead of only having common space
cross-modal alignment (41.2% vs 35.0% mAP and 47.0% vs 37.5% rank1). We also present
the results of Embed+. On PETA, Embed+ significantly outperformed the original base
Embed with 12.4% and 13.5% improvement in mAP and rankl. Applying SAL based on
Embed+, we further improve the results by 2.8% mAP/7.5% rankl. Finally, we add SAM
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TABLE 3.3: Effect of interactions between two GANs on PETA dataset.

Metric (%) mAP | rankl | rank5 | rank10
SAL - L4 354 | 38.0 | 60.0 | 69.0
SAL - L.onsis 352 | 39.5 | 56.5 | 66.0
SAL (Full interaction) | 41.2 | 47.0 | 66.5 | 74.0

TABLE 3.4: Comparing stage-wise training vs. symbiotic training scheme.

Metric (%) mAP | rank] | rank5 | rank10
SAL w/ stage-wise training | 35.0 | 41.0 | 58.0 | 65.0
SAL w/ symbiotic training | 41.2 | 47.0 | 66.5 | 74.0

to achieve the SAL+ results and observe a further 2.3% mAP/3.5% rankl improvement.
This validates our idea that SAM can improve the learning by enriching the feature spaces at

different levels for both modalities.

Effect of interactions between two GANs. Our next test was designed to assess the
influence of the symbiotic interaction, i.e., where the two GANS iteratively regularize and
augment each other. Hence, we removed the interaction loss between the two GANs, which is
the total augmented loss from Eq. (3.12) and the common space granularity-consistency loss
from Eq. (3.7). Removing the augmented loss (SAL - £,,,) means the model no longer uses
the augmented data. Removing the common space granularity-consistency loss (SAL - L osis)
means the middle-level generators are not conditioned on high-level common embedding
information, which should reduce the augmented data quality. The results in Table 3.3 show
that, without augmented data, SAL’s mAP decreased by 5.8% and by 6.0% without the

granularity-consistency loss as a regularizer.

Comparing stage-wise training vs. symbiotic training scheme. We wanted to gain a
better understanding of the power of the symbiotic training scheme (Sec. 3.4.4). So, we
replaced the iterative symbiotic training scheme (SAL w/ symbiotic training) with a stage-
wise training (SAL w/ stage-wise training). The stage-wise training [4] breaks down the
learning process into sub-tasks that are completed stage-by-stage. So during implementation,
we first train the synthesis-GAN conditioned on the common embedding. Then for the next

stage, we optimise the alignment-GAN on the common space with synthetic data. As shown
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TABLE 3.5: Effect of different mixing strategies.

Metric (%) mAP | rankl | rank5 | rank10
SAL from Embed+ | 46.5 | 55.0 | 75.0 | 83.0
+ Mixup 46.0 | 52.0 | 70.5 | 79.0
+ SAM (SAL+) 48.8 | 585 | 77.5 | 84.5

TABLE 3.6: Effect of mixing on different branches.

Metric (%) mAP | rankl | rankS5 | rank10
SAL from Embed+ | 46.5 | 55.0 | 75.0 | 83.0
+ SAM image 48.2 | 56.0 | 74.0 | 83.0
+ SAM att 46.8 | 53.0 | 72.5 | 82.0
+ SAM (SAL+) 48.8 | 585 | 77.5 | 84.5

in Table 3.4, there was a 6.2% drop in mAP using the stage-wise training, which endorses
the merit of the symbiotic training scheme. During the symbiotic training, the synthesized
augmentation data and the common space alignment iteratively boost each other’s learning.
A better common space constrains the data synthesis to generate better synthetic data. And,

with better synthetic data for augmentation, a better common space can be learned.

Effect of mixing strategies. To augment the learning with mixed features, there is also
Mixup [193] aside from our Symbiotic Adversarial Mixup. We compare results from using
the two strategies in Table 3.5. To add Mixup to SAL, we simply added mixed inputs
separately to each branch in the model and applied classification with mixed label as ground
truths. Results show that adding Mixup to SAL harms the learning. Adding Mixup reduces
SAL’s results (based on Embed+) by 0.5% mAP/3.0% rank1. This is possibly because SAL
has already enriched the feature spaces with generated features and sampled attributes. Mixup
may augment the learning with more data, but its simple design cannot further improve the
common space learning. The results were outperformed by SAL+ by 2.8% mAP/6.5% rank1
on PETA dataset. SAM is more beneficial than Mixup when added to SAL possibly because
SAM is designed to utilize the symbiotic learning structure and considers the paired property
of mixed feature. Also, we show with experiment in later sections that SAM suits SAL better
with the soft linearity enforcement instead of the hard linearity enforcement with classification

loss.
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TABLE 3.7: Effect of different mixing distributions.

Metric (%) | mAP | rankl | rank5 | rank10
B(2,2) 48.1 | 57.0 | 740 | 825
B(2,5) 48.8 | 585 | 715 | 84.5
B(2,10) 48.6 | 58.0 | 76.5 | 84.0

Effect of SAM on different branches. We also experimented by adding Symbiotic Ad-
versarial Mixup to single branch in SAL and the results are presented in Table 3.6. Adding
SAM to each branch of SAL separately does not affect the SAL results much. Adding SAM
to SAL (based on Embed+) on image branch improved mAP and rank1 by 1.7% and 1.0%.
Adding SAM on attribute branch increased the mAP by 0.3% and reduced the rank1 result by
2%. Maybe this is because the attribute branch is already well-learnt using SAL. The visual
data can benefit more from mixed features at this stage due to the complexity of data. When
SAM is added to both branches of SAL, allowing the mixed features to be fed in pairs, the
results show a 2.3% improvement in mAP and a 3.5% improvement in rank1. SAM exploits
the pairing information of the mixed features and closes the semantic gap. Therefore, SAL

with whole SAM outperformed SAL with SAM on single branch with a clear margin.

Effect of different mixing distribution coefficients (o, 5). Since we sample the mixing
coefficient A in SAM from the distribution B(«, 3), we are interested how the distribution
parameters « and 3 can affect the results. The probability density function of Beta distribution
has reflection symmetry such that f(z; «, 5) = f(1 — z; 8, ), and the features to be mixed
are randomly selected. Therefore, o and /3 can interchange without affecting the performance.
We then fix « to 2 and tried three different values, 2, 5, and 10 for /5. The distribution B(2, 2)
has a mean of 0.5, while B(2, 5) has a mean of 0.28 and B(2, 10) has a mean of 0.17. Results
are shown in Table 3.7, all three outperform SAL. Using SAM constructed with A sampled

from B(2, 5) produces the best result and using B(2, 10) comes second.

Effect of different SAM coefficient y. We also experimented using different values for
the SAM coefficient . In Table 3.8, we show the results from using 0.1, 0.3, 0.5, 0.7, and
0.9 for the values of . Increasing the value of gamma generally improves the performance

when gammoa is less than 0.9. Using v = 0.7 produced the best rank1 that is 3.0% better
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TABLE 3.8: Effect of different SAM coefficient .

Metric (%) | mAP | rankl | rank5 | rank10
v=0.1 478 | 555 | 740 | 825
v=10.3 48.0 | 56.0 | 745 | 825
v=10.5 48.3 | 57.0 | 740 | 83.5
v=0.7 48.8 | 585 | 71.5 | 84.5
v=10.9 492 | 575 | 75,5 | 84.0

TABLE 3.9: Effect of with and without common space embedding loss for SAM.

Metric (%) mAP | rankl | rankS5 | rank10
with embedding loss 47.1 | 55.0 | 74.0 | 81.0
without embedding loss | 48.8 | 58.5 | 77.5 | 84.5

than the rank|1 result from v = 0.1. The improvement in mAP is 1.0%. Using gamma = 0.9
produced the best mAP result which outperformed gamma = 0.1 by 1.4%. We eventually
adopt v = 0.7 since it generally performs the best. The experiments show that using SAM
generally improves the performance, but a larger portion does not necessarily benefit the

model more.

Effect of with and without common space embedding loss for SAM. We design our
SAM to enforce the linearity of data in a soft manner, instead of applying the classification
loss directly as in Mixup. We remove the embedding loss for SAM features. We show the
results from SAM with and without embedding loss in Table 3.9. SAM with embedding loss
means we are update the model with the common space embedding loss Le,peq (€. (3.1))
computed with the mixed features in the common space. With SAM, we are not able to
compute the global category loss because the mixed features do not belong to any seen
category. Then we have L., peq = Lay. This embedding loss is usually encouraged in the
previous mixup works since they do not have the pairing information between cross-modal
data to constrain the learning. However, in our case, we can see from the results that learning
with the common space embedding loss for SAM does not improve the performance. This is
probably because our target is to learn a better common embedding space for matching the
images with the attributes instead of learning a better classifier. As long as we constrain the

pairing relation between each pair of data for SAM, the exact attribute recognition ability may
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be less prioritized. The embedding loss possibly hinders SAL from augmenting the feature

space with SAM.

Query: Teenager, Bag, Short top, Short bottom, Short hair, ~ Query: Teenager, Bag, Short top, Short bottom, Short hair,
Male, Top purple, Bottom not single-coloured Male, Top white, Bottom grey
Rank 1 > Rank10  Rank 1t Rank 10

Embed

Embed + adv

Embed +
symb-adv

SAL+

Q ry: Teenager, No bag, Short top, Short bottom, Long hair, Query: Teenager, Bag, Short top, Short bottom, Short hair,
Female, Top white, Bottom red, Shorts, No hat Female, Top green, Bottom blue
Rank 1 Rank 10 Rank 1 Rank 10

AR R TR 2 & 3 \ﬁ*‘

Embed 4 : ‘Hi

Embed + adv

Embed +
symb-adv

SAL+

FIGURE 3.6: Ranked retrieval results. The query attributes are shown above the retrieved
images. The green/red border represents correct/wrong selections respectively. The attributes
in bold correspond to false matches.

Visualizing results. Fig. 3.6 visualizes the ranked results from Embed, Embed+adv,
Embed+symb-adv, SAL, and SAL+ to qualitatively illustrate the performance of the three
models. In the shown examples, SAL is able to pick out some correct images from candidates
in the top 10 ranks, and SAL+ selected more with higher ranks. The others perform rather

poorly, especially for the two examples on the right. Checking the wrong attributes of the



3.7 CONCLUSION 37

false ranks, we can see that SAL and SAL+ are more capable to discern fine-grained attributes,
such as bags, hair, or gender. Moreover, we can tell from the top left example, SAL and
SAL+ picked correct images of diverse appearances, which may indicate it has some ability
to overcome intra-class variation problems. With mixed features from SAM, SAL+ has more
enriched feature spaces at different levels. Possibly due to this reason, the rankings of correct
images are higher from SAL+ compared to SAL. In the bottom right example in Fig. 3.6,
Embed, Embed+adv, and Embed+symb-ady all selected quite a few male pedestrian images
possibly because the attribute combination with ’short hair’, "top green’ and other presented
attributes are more often to be seen with male’. Our SAL and SAL+ perform better in
identifying the gender attribute and selected a few correct pedestrian images in the top ten

ranks.

3.7 Conclusion

In this work, we presented a novel symbiotic adversarial learning model, called SAL. SAL
is an end-to-end framework for attribute-based person search. Two GAN:Ss sit at the base
of the framework: one synthesis-GAN uses semantic representations to generate synthetic
features for visual representations, and vice versa, while the other alignment-GAN optimizes
the embeddings and performs cross-modal alignment on the common embedding space.
Benefiting from the symbiotic adversarial structure, SAL is able to preserve finely-grained
discriminative information and generate more reliable synthetic features to optimize the
common embedding space. With the ability to synthesize visual representations of unseen
classes, SAL is more robust to zero-shot retrieval scenarios, which are relatively common in
real-world person search with diverse attribute descriptions. We further propose SAM which
produces paired mixed features to update the synthesis-GAN and the alignment-GAN in the
symbiotic learning structure. The symbiosis nature of the two GANs in SAL constraints the
generation of extra paired features, allowing the generated mixed features to explore more
of the feature space without sacrificing the quality. Features generated with SAM further
enrich the sparse feature space and close the semantic gap between modalities in SAL for

the attribute-based person search task. Extensive ablation studies illustrate the insights of our
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model designs. Further, we demonstrate the performance advantages of SAL and SAL+ over

a wide range of state-of-the-art methods on two challenging benchmarks.



CHAPTER 4

Responsible Active Learning via Human-in-the-loop Peer

Study

In this chapter, an active learning method is proposed. As discussed in chatper 2, active
learning allows efficient use of limited annotation budgets by selecting only informative
unlabelled data for annotation. It effectively addresses the insufficiency of training labels with

a controllable cost.

Recent active learning applications have benefited a lot from cloud computing services with
not only sufficient computational resources but also crowdsourcing frameworks that include
many humans in the active learning loop. However, previous active learning methods that
always require passing large-scale unlabelled data to cloud may potentially raise significant
data privacy issues. To mitigate such a risk, we propose a responsible active learning
method, namely Peer Study Learning (PSL), to simultaneously preserve data privacy and
improve model stability. Specifically, we first introduce a human-in-the-loop teacher-student
architecture to isolate unlabelled data from the task learner (teacher) on the cloud-side by
maintaining an active learner (student) on the client-side. During training, the task learner
instructs the light-weight active learner which then provides feedback on the active sampling
criterion. To further enhance the active learner via large-scale unlabelled data, we introduce
multiple peer students into the active learner which is trained by a novel learning paradigm,
including the In-Class Peer Study on labelled data and the Out-of-Class Peer Study on
unlabelled data. Lastly, we devise a discrepancy-based active sampling criterion, Peer Study
Feedback, that exploits the variability of peer students to select the most informative data to

improve model stability. Extensive experiments demonstrate the superiority of the proposed

39
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PSL over a wide range of active learning methods in both standard and sensitive protection

settings.

4.1 Introduction

The recent success of deep learning approaches mainly relies on the availability of huge
computational resources and large-scale labelled data. However, the high annotation cost has
become one of the most significant challenges for applying deep learning approaches in many
real-world applications. In response to this, active learning has been intensively explored by
making the most of very limited annotation budgets. That is, instead of learning passively
from a given set of data and labels, active learning first selects the most representative data
samples that benefit a target task the most, and then annotates these selected data samples
through human annotators, i.e., a human oracle. This active learning scheme has been widely
used in many real-world applications, including image classification [97, 133, 99, 128] and

semantic segmentation [155, 145, 11, 124].

In the past decades, artificial intelligence (AI) technology has been successfully applied in
many aspects of daily life, while it also raises a new question about the best way to build
trustworthy Al systems for social good. This problem is even more crucial to applications
such as face recognition [127, 103, 143] and autonomous driving [68, 19, 12]. However, a
responsible system has not received enough attention from the active learning community.
Specifically, recent active learning applications have benefited a lot from cloud computing
services with not only sufficient computational resources but also crowdsourcing frameworks
that include many humans in the loop. The main issue is that existing methods require
accessing massive unlabelled data for active sampling, which raises a significant data privacy
risk, i.e., most local end users may feel worried and hesitate to upload large-scale personal
data from client to cloud. Therefore, it is essential to develop a responsible active learning

framework that is trustworthy for local end users.
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FIGURE 4.1: This framework empowers users to select a subset of data that
will be strictly protected, accessible only to the local end user. This protected
data can include sensitive user information such as facial images and home
decor details. The selection of protected data is at the discretion of the users.

Since the main privacy risks derive from the active sampling process that requires accessing
massive unlabelled data [5, 185, 3, 192, 128], we first introduce a human-in-the-loop teacher-
student architecture for data isolation that separates the model into a task learner (a target
network on the cloud-side) and an active learner (a sampling network on the client-side). An
intuitive example is shown in Figure 4.1. At present, most active sampling solutions are based
on either model uncertainty [42, 5, 185, 148, 192, 10] or data diversity [140, 3, 128] i.e.,
data with large uncertainty or data with features span over the space will be annotated by the
oracle. Nevertheless, the above-mentioned methods usually rely on representations learned
by a single model, potentially making the sampling prone to bias. Sampling actively with
one model means that the result highly relies on quality of the single feature extractor. And
when large models are unavailable due to limited resources, the active sampling results can
be unsatisfying [23]. Inspired by disagreement-based active sampling approaches [39, 22,
116, 25, 26], we thus introduce multiple peer students to form a robust active learner as the

sampling network. For active sampling, we consider a practical setting to give the maximum
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protection to user data using personal album as a case study as follows: the local user has a
large album with many personal photo images, where most sensitive photo images (e.g., 90%
images) can be easily identified according to the tags such as timestamps and locations, and
we call these images as the protected set. The objective of responsible active learning then is
to select the most informative images from the remaining 10% images for annotation without
uploading those 90% images to cloud. Therefore, the key to responsible active learning is
to learn a proper active learner as the sampling network to train the task learner with very

limited annotations.

To learn a good active learner, we introduce the proposed Peer Study Learning or PSL
as follows. In real-world scenarios, all students not only learn with teacher guidance on
course materials in classroom, but they also learn from each other after class using additional
materials without teacher guidance. The difficulty of exercise questions in the additional
materials can be estimated from the students’ answers. When students cannot reach a
consensus on the answer, the question is likely to be difficult and valuable. The students
can provide the difficult exercise questions to the teacher as feedback. Inspired by this, the
proposed Peer Study Learning consists of (1) In-Class Peer Study, (2) Out-of-Class Peer Study,
and (3) Peer Study Feedback. Specifically, the In-Class Peer Study (Figure 4.2 (a)) allows peer
students to learn from the teacher on labelled data. In Out-of-Class Peer Study (Figure 4.2
(b)), the peer students collaboratively learn in a group on unlabelled data without teacher
guidance. The motivation is to enable the students’ cooperation on easy questions while
maintaining their dissent on challenging questions. After Peer Study, we use the discrepancy
of peer students as Peer Study Feedback (Figure 4.2 (c)). All challenging data samples that
cause a large discrepancy among peer students will be selected and annotated to improve the

final model performance.

In this work, our main contributions can be summarized as follows:

e We introduce a new sensitive protection setting for responsible active learning.
e We propose a new framework PSL for responsible active learning, where a teacher-
student architecture is applied to isolate unlabelled data from the task learner

(teacher).
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FIGURE 4.2: The main Peer Study Learning (PSL) pipeline with P peer
students. For simplicity, the classification loss for the teacher and peer students
are omitted. For Out-of-Class Peer Study, we provide a detailed illustration of
the predictions with and without consensus on the prediction scores. The last
row illustrates the active sampling process based on peer study feedback.

e We devise an effective learning strategy to mimic real-world in-class and out-of-
class scenarios, i.e., In-Class Peer Study, Out-of-Class Peer Study, and Peer Study
Feedback.

e We achieve state-of-the-art results with the proposed PSL in both standard and

sensitive protection settings of active learning.

4.2 Related Work

Active Learning. Recent active learning methods can be broadly divided into three distinct
categories: uncertainty-based [42, 5, 185, 148, 192, 170, 75, 10, 185, 148, 192, 170], diversity-
based [140, 3, 128], and disagreement-based methods[39, 22, 116, 25, 26]. These methods
were introduced in Chapter 2. Our Peer Study Learning falls in the category of disagreement-

based methods. Previous disagreement-based active sampling methods are mainly applied on



44 4 RESPONSIBLE ACTIVE LEARNING VIA HUMAN-IN-THE-LOOP PEER STUDY

classical machine learning models, such as decision tree and random forest, on small datasets,
while directly applying these methods in deep neural networks result in a huge computational
cost. Peer Study Learning uses a set of light-weight student models to build the active learner
so as to reduce the cost, where we distil knowledge from the task learner to compensate

possible performance drop.

Teacher-Student Architectures. A teacher-student architecture has been widely applied
in knowledge distillation [60, 187, 154, 195, 119], transfer learning [188, 41, 182, 33, 179],
and other tasks [8, 67, 153]. Specifically, [60] proposed a vanilla knowledge distillation
method which uses a large pretrained teacher model to guide the learning of a small student
model. To learn a good compressed student, [187, 188] proposed to distil knowledge from
multiple teachers and train multiple students. [153] proposed Humble teacher where a teacher
ensemble guides the student on strongly-augmented unlabelled data for semi-supervised
object detection. Different from previous methods, our Peer Study Learning adopts a human-
in-the-loop structure for active learning. A set of peer students benefit from not only teacher
guidance via In-Class Peer Study but also the collaborative learning via Out-of-Class Peer
Study using unlabelled data. The task learner (teacher) further benefits from the representative
data samples selected by the active learner (student). Therefore, the teacher and peer students

can be enhanced in such a responsible active learning loop.

4.3 Methods

In this section, we first provide an overview of responsible active learning. We then introduce

different components of the proposed PSL framework in detail.

4.3.1 Overview

In active learning, we have a labelled data pool Dy, = {(z;,:)}~%, and an unlabelled data
pool Dy = {z;} ¥ «. During learning, a batch of data X = {x;}?_, in Dy, are actively sampled

to be annotated by an oracle. The annotated data is then added to the labelled pool D;, and
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removed from the unlabelled pool Dy;. The key to active learning is to identify the most
informative data samples in Dy for annotation. In this work, we consider a more general
setting to protect the user data as follows. For active sampling, we define a safe sampling
pool Dg C Dy, i.e., all images belonging to the protected set Dy \ Ds cannot be uploaded to
cloud in any situation. Previous works usually adopt Dg = Dy, while we allow the local end
users to decide the sampling pool Dy in a customized way such that it can be a small subset
of Dy . To protect user data by isolating unlabelled data from cloud, we propose Peer Study
Learning with an active learner on the client-side and a task learner on the cloud-side. The
active learner consists of P peer students, and is parametrized with 0, = Z;D:o Op;. the task
learner is parametrized with 6. During training, 7 can only be updated with labelled data,
Dy, while 0, can be updated with both labelled and unlabelled data, Dy, and D;;. The main
PSL pipeline is shown in Figure 4.2. In this task, we aim to obtain a powerful task learner
with the assistance of cloud services for a local end-user that cannot access much training
resources while keeping the annotation budget controllable. The large-scale task learner is
placed on the cloud due to the insufficient local resources. Meanwhile, the light active learner
locates locally to avoid violation of data privacy caused by uploading all unlabelled data to the
cloud for active learning. As illustrated in Figure 4.1, the active learner samples unlabelled
data locally and send them to the oracle for annotation. The annotated data are sent to the

cloud to train the task learner.

4.3.2 In-Class Peer Study

In this subsection, we introduce the In-Class Peer Study process where the peer students learn
from the teacher with labelled data. Since the task learner acts as both the target network and
the teacher in Peer Study, we need to ensure it is well-learned. To train the task learner, we
formulate the task learner’s objective as:

N

Lugc(O732:) = Y H(yi, 0 fo (27))) 4.1)

i=1
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where (z;,y;) € Dy, is the input data and label, o is the softmax function, and f,. stands for
the task model. Function H (-) stands for cross-entropy loss, H(p, q¢) = qlog(p) in the image-
level classification task. In the pixel-level segmentation task, it represents the pixel-wise

cross-entropy loss H(p, q) = >, qlog(p), where 2 stands for all pixels.

In real-world classrooms, the teacher usually provides the students with questions and answers.
The students can learn from the provided material with both the teacher’s explanations and
the solutions in the material. Analogously, we design to let our peer students learn from both
the teacher’s predictions and the data labels. We accordingly formulate the In-Class Peer

Study loss as:

LinlOs :) = i[l—a H(o(fa,, (2:)). )

Jj=1 “4.2)
+ a72H<0(f9T<Ii>

T T

where (z;,y;) € Dy is the input data and label, the first term stands for the standard cross
entropy classification loss using ground-truth labels and the second term stands for standard
knowledge distillation loss using the task model outputs as the soft targets. « is a weight
balancing the two terms. 7 is the softmax temperature, larger 7 implies softer predictions over

classes. fgpj stands for a peer model with parameters 0,, .

4.3.3 Out-of-Class Peer Study

Motivated by that the students in real-world scenarios can learn from each other after class
through a group study, we conduct Out-of-Class Peer Study using unlabelled data without
teacher guidance. We define the set of consistent data if the predictions from any two peers
reach a consensus as follows,

Sa ={z : Ip;,p; s.t.

4.3)
arg max(fy, (v)) = arg max(fy, (z)), = € Dy}.
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And for the set of inconsistent data that the predictions from all peers do not agree, we define

it as follows,

SD :{I : Vpk,pj s.t.
(4.4)
arg max (fy, (v)) # arg max(fy, (z)), € Dy}
To adapt to pixel-level prediction tasks, we simply state that consensus is reached when more
than half of the pixels have consistent predictions for any two peer students, and thus the

datum belongs to consistent data. Otherwise, the datum belongs to inconsistent data. Then

we formulate the Out-of-Class Peer Study loss as:
Low(0p;xa,2p) = maz(0, —1(dp,da)(dp — da) + &)

st Udpdg) = 0 T )
—1, otherwise

where d = Zfﬁ KL[o(fs,, (x)l|o(f,, (x)))] is the model discrepancy. dp is the model
discrepancy of a datum z randomly sampled from Sp, and d4 is the model discrepancy
of a datum x4 randomly sampled from Sy. £ is the margin for the Out-of-Class Peer Study
loss. For pixel-level prediction, d is further summed over pixels of data. The Out-of-Class
Peer Study loss re-ranks unlabelled data and pushes data with different label predictions
on peers to have higher priority in active sampling. The simplified form of this loss is
Low(Op; x4, 2p) = max(0,—|dp — da| + &). Combining this with our sampling criterion
Peer Study Feedback, we are able to consider both the soft prediction scores and the hard

prediction labels while conducting active sampling.

4.3.4 Peer Study Feedback

In real-life, even for students learning in the same class, the learning outcome for them can
still vary a lot since they have different characters or different backgrounds. Therefore, in our
In-Class Peer Study, despite learning from the same teacher, the P peer students’ predictions
may vary due to their independent initialization. And our Out-of-Class Peer Study further

adjusts the prediction discrepancy among the students so that more challenging data can



48 4 RESPONSIBLE ACTIVE LEARNING VIA HUMAN-IN-THE-LOOP PEER STUDY

Algorithm 2 Peer Study for Active Learning

Initialize: active learner 0,, task learner 67
Hyperparameters: o, 7, £
Input: sample (X, Y7 ) from labelled pool Dy, (Xy;) from unlabelled pool Dy

1: for e = 1 to epochs do
2:  In-class Peer Study:
Update the task learner with eq. (4.1) Update the active learner with eq. (4.2)
Out-of-class Peer Study:
Collect S4, Sp from Xy with (4.3) and eq. (4.4)
Sample (24, zp) from (S4, Sp)
Update active learner with eq. (4.5)
8: end for
9: return Trained 0, and 0p
10: run Peer Study Feedback to sample actively.

A A

produce a larger discrepancy among students. Therefore, we can use the discrepancy among
students to build our sampling strategy. The proposed method only uses the active learner to
conduct the sample selection. Data from the unlabelled pool Dy; are passed through our peer
students and the discrepancy for any datum x; among the peers is calculated according to the

following selection criterion:

a(0y, Dy) = ) KL[o(fo,, (@)llo(fa,, (2:)))]. (4.6)
k#i

The calculated discrepancies of data then serve as the sampling scores. We sort the sampling
scores and select the top b data with largest sampling scores to send to the oracle for annotation
and then add to the labelled pool D;,. Note that in sensitive protection setting, we replace Dy
with Dg in (4.6), only the non-protected data can be added to D;. We summarize the whole

learning process for Peer Study in Alg. 2.

4.3.5 Discussion on Responsible Active Learning and Federated

Learning

When it comes to privacy-preserving and responsible learning, federated learning has always
been one of the solutions. In the federated learning scenario [115], all data are stored locally

and metadata like model parameters or gradients can be transferred between the server and
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the local device. However, transferring metadata can sometimes be risky in privacy protection.
Model inversion attacks [38, 169], for example, can extract training data using these metadata.
Thus, conventional federated learning approaches do not completely isolate specific local
information from the server. Here, we consider more strict privacy preserving setting for
responsible active learning. The proposed PSL keeps privacy data strictly untouched by the
cloud side, not even through model parameters or metadata. Federated learning can avoid
uploading raw data, while our PSL for responsible active learning can strictly protect certain
extremely sensitive data with the cost of sharing a small amount of insensitive data with
the task learner. Moreover, it is possible to extend our responsible approach with federated

learning scenario. We show the design and results of this setting in Section 4.4.5.

4.4 Experiments

In this section, we first introduce a sensitive protection setting for responsible active learning.
We then evaluate PSL in both sensitive protection and standard settings on image classification
and semantic segmentation tasks. Lastly, we perform comprehensive ablation studies to better

understand the proposed method.

4.4.1 Sensitive Protection Setting

We consider a sensitive protection setting in real-world scenarios as follows. A large portion
of unlabelled data are protected by users to prevent from sending them to cloud. Data in
the non-protected set can be selected and annotated by the oracle, then used to train the task
learner. To simulate such a sensitive protection setting, we randomly select 90% data as the
protected set, then the training starts with a labelled pool containing /N, images from the
non-protected set. In each step, a batch of b data samples are selected by our active learner
from the unlabelled non-protected set and sent to the oracle for annotation. The newly
labelled data are then added to the labelled pool for next training steps. The above mentioned
sampling process is terminated after the number of images in the labelled pool reaches a final

Ny. A group of P peer students are used as the active learner to select data for annotation.
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FIGURE 4.3: (a)-(c) Active learning in the sensitive protection setting on
CIFAR10/100, and Tiny ImageNet. The x-axis shows the counts of labelled
data. (d)-(f) Active learning in the standard setting on CIFAR10/100, and Tiny
ImageNet. The x-axis shows the percentages of labelled data in all training
data. The error bars represent the standard deviations among results from
multiple different runs.

TABLE 4.1: A comparison of model complexity between PSL and others.
‘CLS’ and ‘SEG’ indicate the sampling models used for image classification
and semantic segmentation, respectively.

Model CLS SEG
Entropy [142] 11.17"M -

BADGE [3] 11.17M -

ALFA-Mix [128] | 11.17M -
Core-set [140] 11.17M | 15.90M
LL4AL [185] 11.29M | 16.02M
VAAL [148] 23.11M | 23.11M
PSL (ours) 0.16M | 3.25M
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4.4.2 Implementation Details

For image classification, we evaluate PSL on CIFAR10/100 [80], containing 50, 000 training
images and 10, 000 testing images from 10 and 100 different classes, respectively. The
labelled pool is initialized with N;, = 500 and we sample b = 500 images at each step until
Ny = 3,000. To evaluate PSL on data with more categories, we perform experiments on Tiny
ImageNet [88] which contains 100, 000 images for training and 10, 000 images for evaluation
from 200 different classes. The labelled pool is initialized with N;, = 1,000 and we sample
b = 1,000 images at each step until Ny = 6,000. We use ResNet-18 [57] for the task learner
and ResNet-8 [58] for the active learner. Accuracy is used as the evaluation metric. We train
all models for 350 epochs with the weight o = 0.1, softmax temperature 7 = 4, and the
margin ¢ = 0.01. For semantic segmentation, we evaluate PSL on Cityscapes [24], which
contains 2, 975 images for training, and 500 images for testing. The initial labelled pool size
is set as Nz, = 30, the budget is b = 30, and the final labelled pool size is Ny = 180. We use
DRN [189] for the task learner and MobileNetV3 [62] for the active learner. Mean IoU is
used as the evaluation metric. The hyperparameters o, 7, and £ are the same as those in image
classification. We train all models for 50 epochs. If not otherwise stated, we use two peers in
all our experiments and the reported results are averaged over five individual experimental
runs. For fair comparison, we always use the same initial pools. We implement our method

with Pytorch [129].

4.4.3 Active Learning in Sensitive Protection Setting

We compare PSL with (I) uncertainty-based methods, Entropy [142], LL4AL [185] and
VAAL [148]; and (II) diversity-based methods, Core-set [140], BADGE [3] and ALFA-
Mix [128]. We also report the performance of a simple random sampling baseline. We present
the model complexity in Table 4.1, where our PSL has the smallest model size despite
involving multiple peers. In addition, our PSL is also much more computationally efficient
than other methods. We compare the sampling time that different methods use to sample
the same amount of data from the same unlabelled pool in CIFAR10 [80] in the sensitive

protection setting in Table 4.2. All experiments are conducted on the same NVIDIA GeForce
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GTX 1080 Ti GPU for fair comparison. The results demonstrate that our PSL is much more

efficient in sampling using the light-weight peer students as the active learner.

TABLE 4.2: Comparing the sampling time needed for different methods.

Model Time (sec)
Entropy [142] 0.9
BADGE [3] 17.2
ALFA-Mix [128] 9.1
Core-set [140] 1.2
LL4AL [185] 8.9
VAAL [148] 2.5
PSL (ours) 0.001

Results on CIFAR10/100. As shown in Figure 4.3(a)-(b), our PSL outperforms all other
methods on CIFAR10/100. On CIFAR10, all methods start with the initial labelled pool that
produces the accuracy of 40.8%. With 1000 labelled data, PSL is still comparable with VAAL
and ALFA-Mix. But when the labelled pool gets larger, PSL starts to outperform the rest
methods with a visible margin. PSL achieves 78.06% with the eventual 3000 labelled data.
The performance gap between PSL and the second best method LL4AL is around 1.5%. And
there is a gap of 4.3% between PSL and the lowest results produced by random sampling. On
CIFAR100, the initial labelled pool produces the accuracy of 9.1% for all methods. Similar
with the situation on CIFAR10, PSL is close to other methods with 1000 labels and starts
to show the superiority with more data annotated. PSL finally achieves 28.8% with 3000
labelled data. The performance gap between PSL and the second best method BADGE is
around 0.9%. And there is a gap of 4.4% between PSL and the lowest results produced by

random sampling.

Results on Tiny ImageNet. As shown in Figure 4.3(c), our PSL outperforms all other
methods and achieves 17.3% accuracy with 6, 000 labelled data used. A large performance
drop is observed for LL4AL, possibly because LL4AL maintains an extra loss learning
module which not only trains for sampling but also updates the task learner. The limited data
and huge classes might have misled the task learner through the learning module, causing

the performance to be even worse than random sampling. We also notice that the random
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FIGURE 4.4: (a) Active learning in the sensitive protection setting on City-
scapes. The x-axis shows the counts of labelled data. (b) Active learning in the
standard setting on Cityscapes. The x-axis shows the percentages of labelled
data. The error bars represent the standard deviations among results from
multiple different runs.

sampling baseline achieves similar results with Core-set and VAAL, possibly because Core-set
relies on the quality of extracted features and VAAL relies on the training quality of VAE,
which may not generalize well with only tens of annotations for each class. The results

demonstrate the ability of PSL on a challenging large-scale dataset.

Results on Cityscapes. As shown in Figure 4.4(a), PSL outperforms all other methods with
a clear margin. All methods start with mean ToU of 32.7% using 30 labelled data. The margin
between PSL and the rest methods becomes more significant when 150 data are labelled.
Eventually with 180 labelled data, PSL achieves 47.5%. Compared to the second best method
LL4AL, PSL improves the results by 1.1%.

4.4.4 Active Learning in Standard Setting

Apart from the sensitive protection setting of active learning, we also conduct experiments
in the standard active learning setting where no data is protected. We use 10% of the whole
dataset as the initial labelled pool and set the budget as 5% of the whole dataset. Again, we
conduct the experiments on CIFAR10/100, Tiny Imagenet, and Cityscapes. We reran the
models with ResNet-18 backbone for classification and DRN backbone for segmentation

under the same settings for a fair comparison. Results are shown in Figure 4.3(d)-(f) and
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Figure 4.4(b). In the standard active learning setting, our PSL still outperforms all the rest
methods, demonstrating that our PSL is suitable for not only the sensitive protection setting,
but also the standard setting of active learning. We also want to clarify that, although the
standard setting for active learning does not protect specific data in the unlabelled pool as the
sensitive protection setting does, our PSL still to some extent protects the data privacy by only

uploading partial data to the cloud and keeping the rest to the local device.

4.4.5 Ablation Studies

Effect of In-Class and Out-of-Class Peer Study. In Figure 4.5(a), we analyze the effect of
In-Class and Out-of-Class Peer Study on CIFAR10. We show the results of PSL, PSL without
Out-of-Class Peer Study, PSL without In-Class Peer Study, and PSL without both In-Class
and Out-of-Class Peer Study. Specifically, we observe a clear performance drop, around 1.5%,
without using Out-of-Class Peer Study or In-Class Peer Study. Without both In-Class and
Out-of-Class Peer Study, the performance drop is around 2.5%. These results demonstrate
that both In-Class and Out-of-Class Peer Study are crucial to performance improvement in
PSL. In-Class Peer Study and Out-of-Class Peer Study depend on and supplement each other
in the whole process. In-Class Peer Study provides a better base for the light-weight peers.
The randomness added to peers in this process also prepares for the later sampling procedure.
Out-of-Class Peer Study, on the other hand, introduces a ranking strategy to improve the
sampling results, further making up for the deficiency of light-weight peers. Then Peer
Study Feedback actively samples data for annotation. All together make it possible to allow

responsible active learning while benefiting from cloud resources.

Effect of multiple peers. In Figure 4.5(b), we study the effect of different number of peer
students. Specifically, we show the results using two, three, or four peer students. We also
include the result of a single student, i.e., the Peer Study Feedback sampling criterion degrades
to the entropy scores. It is observed that two peer students achieve a good trade-off between
performance and the costs of computation and memory, while increasing the number of peer

students brings further performance improvement. The performance improvement is larger
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FIGURE 4.5: Ablation studies conducted in the sensitive protection setting on CIFAR10.
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FIGURE 4.6: The results from using noisy oracles on CIFAR100. The noisy
oracles with 10%, 20%, 30% noise are used respectively.

when the labelled data pool is relatively small. Extra peers benefit the model performance

with the cost of memory and computation cost. In real-world applications, the number of

peers to use can be left to end users to decide.

Effect of peer model architectures. Since we use light-weight peer students as active
learner, naturally raises the question of using much stronger students. Aside from ResNet-8
(#parameters=0.078M ), we also present the results for using ResNet-14 (#parameters=0.18M)
and ResNet-18 (#parameters=11.17M) as student networks in Figure 4.5(c). We observe
that ResNet-14 produces similar results compared to ResNet-8, and ResNet-18 outperforms
the other two methods with a small margin. This demonstrates that using ResNet-8 as peer
students is a cost-efficient choice. The improvement from using ResNet-18 for peer students

is costly, with the model size 143 times of ResNet-8’s size and 62 times of ResNet-14’s size.
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FIGURE 4.7: A further justification of Out-of-Class Peer Study on CIFAR10.
Specifically, data that reach consensus between peers and data that do not reach
consensus between peers are shown in blue and green respectively. Darker
colours represent correct predictions and lighter colours represent incorrect
predictions.

Effect of a noisy oracle. In Figure 4.6, we explore the robustness of our PSL against
a noisy oracle, i.e., noisy labels are included. To better model real-world label noise in
human annotations, we add 10%, 20%, and 30% label noise to both the labelled pool and
the oracle annotations in CIFAR100. Since the 100 classes in CIFAR100 can be grouped
into 20 superclasses, it is possible to add noise within each superclass to resemble real-world
scenarios where similar classes may confuse the annotators. We follow the experiment design
of [148]. We observe that the performances drop for all methods with all three degrees of
label noise. And of course, with a larger degree of label noise, the performance becomes

worse. Our PSL outperforms all other methods with a clear margin.

Justification of Out-of-Class Peer Study. To further justify the effectiveness of Out-of-
Class Peer Study, we also perform the following experiments. As shown in Figure 4.7, we

train the model with In-Class Peer Study using 4,000 data and test it with 1,000 data on
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CIFAR10. We sort the testing data’s discrepancies between peer students 1 and 2 in ascending
order and divide them evenly into five groups. In each group, the predictions with consensus
always have a higher accuracy than the predictions disagreed between students. This indicates
that when we sample with discrepancy, most of the data selected are those cannot be correctly
predicted and can improve our target network. Our Out-of-Class Peer Study aims at pushing
the data with predictions reaching consensus among students to have a lower discrepancy,
and thus making these data less likely to be selected during active sampling. Meanwhile, we
increase the model discrepancy for the data with no consensus between students, to increase

their active sampling priority.

Federated learning via responsible active learning. As we mentioned in a previous part
of this chapter (subsec 4.3.5), we could fit our responsible active learning in the federated
learning framework. Multiple local users are involved in this setting where each of them
separately stores part of the training data, e.g., each user can be a photo album on a personal
device, and data of different users can be utilized securely and efficiently to build a powerful
model on the cloud. Note that this differs from the previous multiple-peer experiment in
Subsection 4.4.5 which involves only one local device despite having multiple peers as
the active learner. To run the experiments, we simply split CIFAR10 into random splits to
distribute on 10 local clients. On each client, we protect 90% data just like in the sensitive
protection setting. Each local client is composed of one active learner (peer students), and one
helper model that can be uploaded for aggregation. A task model on the server is maintained
to aggregate the local helper models. The peer student, the helper models, and the task model
all have the same architecture, ResNet8. The peer students can access all training data and
they conduct active sampling. The helper model is trained with only the data sampled from
the non-protected set that are considered to be less sensitive. All helper models are uploaded
and aggregated using FedAvg [115]. The aggregated model is then downloaded to initialize
each helper model. We train each client for 40 epochs in each communication round and run
for 50 communication rounds in total. This federated learning via responsible active learning
framework allows us to strictly protect the extremely sensitive data and also avoid uploading

raw training data. We run this experiment with our PSL and several state-of-the-art baselines
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FIGURE 4.8: The results of federated learning via active learning on CIFAR10.
Multiple local users/clients that locate separately are involved in this setting.

plus random sampling. We show the results in Figure 4.8. Our PSL outperforms the other
baselines. BADGE performs quite poorly in this setting. Possibly because the limited data
on each client makes it difficult to utilize the estimated gradients. When we compare these
results to the results from sensitive protection setting shown in Figure 4.3(a), we find that the
results are poorer. This is due to the decentralized training on separated data. More could be
explored on the combination of federated learning and responsible active learning, such as the
non-IID data distributions across clients. However, these are out of the scope of this work, we

will leave it as the subject of future study.

4.5 Conclusion

In this chapter, we introduced a new Peer Study Learning framework for responsible active
learning, which can simultaneously preserve data privacy and improve model stability. To
protect the user data, a teacher-student architecture is introduced to isolate unlabelled data
from the task learner by maintaining an active learner for active sampling. In addition, a
new learning paradigm is devised to mimic the real-world in-class and out-of-class scenarios.

Extensive evaluations have been conducted on both sensitive protection setting and standard
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active learning benchmarks, where our proposed PSL achieves superior results over a wide
range of state-of-the-art active learning methods. We also demonstrated model robustness
with a noisy oracle and provided detailed component analysis to validate the insights of our

model design.



CHAPTER 5

Knowledge-Aware Federated Active Learning with Non-1ID
Data

In this chapter, the study of insufficient training labels in deep learning is extended to the
federated learning setting. We explain how the insufficiency of training labels can pose a
serious problem in federated learning and why existing active learning methods cannot be

directly utilized in this context.

Federated learning enables multiple decentralized clients to learn collaboratively without
sharing local data. However, the expensive annotation cost on local clients remains an obstacle
in utilizing local data. In the chapter, we propose a federated active learning paradigm to
efficiently learn a global model with a limited annotation budget while protecting data privacy
in a decentralized learning manner. The main challenge faced by federated active learning is
the mismatch between the active sampling goal of the global model on the server and that of
the asynchronous local clients. This becomes even more significant when data is distributed
non-IID across local clients. To address the aforementioned challenge, we propose Knowledge-
Aware Federated Active Learning (KAFAL), which consists of Knowledge-Specialized Active
Sampling (KSAS) and Knowledge-Compensatory Federated Update (KCFU). Specifically,
KSAS is a novel active sampling method tailored for the federated active learning problem,
aiming to deal with the mismatch challenge by sampling actively based on the discrepancies
between local and global models. KSAS intensifies specialized knowledge in local clients,
ensuring the sampled data is informative for both the local clients and the global model.
Meanwhile, KCFU deals with the client heterogeneity caused by limited data and non-1ID

data distributions by compensating for each client’s ability in weak classes with the assistance

60



5.1 INTRODUCTION 61

Oracle ? Oracle o, ? Oracle o  ?
Data — Data ) Data o
a & +3 a =2*a a =+ a
e EET Ee B (B
. P — % o < R % o t - N — $
@& O G T o o e | ) G O
Client 1 Client 2 Client &k
% : plants = = : existing labels
[eoe ] 0 .
& : vehicles e = : acquired labels

FIGURE 5.1: The primary federated active learning framework with non-
IID data. Each client maintains an active learning loop to select informative
data for annotation with a limited annotation budget. We show each model’s
existing labelled data in different classes with pink bars and the newly acquired
labels with green bars. Clients specialize in different classes due to non-1ID
data distributions.
of the global model. Extensive experiments and analyses are conducted to show the superiority

of KAFAL over recent state-of-the-art active learning methods.

5.1 Introduction

Federated learning is a decentralized paradigm that allows collaborative learning of local
devices to attain a powerful global model in a central server through aggregation without
accessing local data [79, 115]. Most federated learning methods consider supervised learning
scenarios with fully annotated training data on each local client. However, the high annotation
cost has been a challenge for real-world federated learning scenarios, e.g., large-scale medical
data located in different medical institutions while medical specialists for data annotation are
very limited in each institution. In this work, we consider a new federated active learning
paradigm, which aims to not only protect data privacy but also make the most of the very
limited annotation budget on each local client for decentralized model training. An illustration

of the proposed federated active learning with non-IID data framework is shown in Fig. 5.1.
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In federated active learning, we aim to attain a powerful global model on the server by
sampling only local data and training the model on each local client. A straightforward
solution for federated learning is to directly apply off-the-shelf active learning methods
to each client. Specifically, existing methods can mainly be categorized into diversity-
based [140, 3], uncertainty-based [185, 148, 192, 170, 75, 34, 5], and discrepancy-based.
[141, 26]. Therefore, we actively sample based on either the statistics from each client
model or the downloaded global model. However, the former approach may yield benefits
primarily for local clients, while the latter might result in the loss of valuable information
during aggregation, even if the selected data is advantageous for the global model on the
server. Through experiments in subsequent sections, we demonstrate that active sampling

with the global model on the server struggles to derive benefits due to this indirect process.

A major challenge in federated active learning is therefore, the mismatch between the active
sampling goal of the clients and that of the model on server caused by asynchronous models.
What makes it even more challenging is the statistical heterogeneity resulting from the non-1ID
data distributions on clients in a typical federated learning setting [115, 197, 63, 94]. Ideally,
the models can synchronize with sufficiently many aggregations from local clients to the
model on the server. However, the communication costs usually make the above-mentioned
solution impractical [115]. Therefore, the model parameters of each client and the global
model vary due to non-IID distributions, leading to a higher degree of mismatch between the

sampling goals.

To address the aforementioned challenge, we propose a federated active learning scheme,
namely Knowledge-Aware Federated Active Learning (KAFAL). It comprises two key
components, Knowledge-Specialized Active Sampling and Knowledge-Compensatory Feder-
ated Update. Knowledge-Specialized Active Sampling (KSAS) is a new active sampling
strategy, where each client model learns to intensify its specialized knowledge in order to
annotate universally informative data that benefit both the clients and the global model. Spe-
cifically, we compute the intensified discrepancy between the client and global model outputs
based on the specialized knowledge of each client. In addition, the insufficiency of labelled

training data together with the statistical heterogeneity caused by non-1ID data can degrade
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the federated update quality, e.g., clients may perform weakly for certain classes. Aggregating
these clients, extra communications are required to achieve convergence. Therefore, we fur-
ther devise a new update rule, Knowledge-Compensatory Federated Update (KCFU), by
compensating for weak classes (or low-frequency classes) on each client through knowledge

distillation from the global model. The main contributions of this work are as follows:

e We explore a rarely studied problem, federated active learning with non-IID data,
which aims at efficiently learning a global model with a limited annotation budget on
each client under a heterogeneous federated learning framework. Notably, we reveal
the main challenge in federated active learning is the mismatch between the active
sampling goal of the clients and that of the server caused by asynchronous models.

e We introduce a federated active learning paradigm, known as KAFAL, with a novel
active sampling method KSAS and a novel federated update method KCFU to handle
the aforementioned challenge. KSAS is designed to sample universally informative
data by computing the intensified discrepancies between the clients” and the global
model’s outputs based on the specialized knowledge of each client. KCFU is devised
to deal with data heterogeneity by compensating for weak classes using knowledge
distillation from the global model.

e We conduct extensive experiments on different benchmarks to demonstrate the
superiority of the proposed method, where comprehensive ablation studies are also

provided to validate the design of the proposed KAFAL.

5.2 Related Work

5.2.1 Federated Learning

Federated learning is a learning paradigm that allows decentralized training of a model on
the central server with training data distributed over a number of local clients in a non-1ID
manner [79, 115, 65, 122, 64, 14, 100, 49]. Specifically, Konevcny et al. [79] first intro-

duced the term and proposed a method, FedAvg, to aggregate the client models, which was
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later improved by FedAvgM to accumulate model updates with momentum [65, 64]. Feder-
ated learning has also been discussed in more practical views, such as federated multi-task
learning [114], federated domain adaptation [130, 183], federated continual learning [186],
semi-supervised federated learning [72, 174], and unsupervised federated learning [108].
Specifically, Jeong et al. [72] considered the deficiency of data labels in federated learning and
proposed a semi-supervised solution. Ahn et al. [1] and Kim et al. [76] discussed a federated
active learning paradigm, while they only considered the less realistic IID data scenario. To
the best of our knowledge, we are the first to explore the active data sampling problem in the

non-IID federated learning framework.

5.2.2 Active Learning

Existing active learning methods can be categorized into diversity-based [140, 3, 128] ,
uncertainty-based [185, 148, 192, 170, 34], and discrepancy-based methods [141, 39, 27, 116,
26] , as introduced in Chapter 6.

Many recent methods have also been proposed to enable active learning in more challen-
ging settings, e.g., low-budget active learning [111], biased-data active learning [51], semi-
supervised active learning [45, 66] and cross-domain active learning [40, 110]. Our work also
considers applying active learning in a more practical decentralized federated learning setting
where local data privacy is protected. Chen et al. [17] proposed a novel automated learning
system for distributed active learning that requires a shared labelled set. Furthermore, Goetz
et al. [48] considered active learning in a federated learning framework that studies how to
select clients actively. Our work, instead, considers the active sampling of data on each local

client in federated learning.

5.3 Methods

In this section, we first describe the problem setting of federated active learning and then

introduce two main components, i.e., KSAS and KCFU in the proposed KAFAL.
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Algorithm 3 Knowledge-Aware Federated Active Learning

Data: local datasets {DF}E | and {DY} X,
Input: 7', R, sampling budgets {b; }X,
Parameter: , {w;} X,

1: for active round a=1 to A do

2:  Federated Update: KCFU
3:  Initialize the global model with Q°
4:  for communication round ¢ = 1 to 7" do
5: S; < Random subset of [ R - K| clients.
6: for client k € S; do
7: Download the global model’s parameters Q'
8: Copy to the client w! <+ QF
9: wit < LocalUpdate(w!; DE, DY)
10: Upload the local model parameters to the server
11: end for
12: for client &’ ¢ S; do
13: Keep the client model unchanged w,tjl — wi,
14: end for
15: Aggregate the clients with Eq. (5.7) to update Q1
16: for each client £ € S; do
17: Download Q1! and save as €2,
18: end for
19:  end for
20:  Active Sampling: KSAS
21:  forclienti = 1to K do
22: for each unlabelled data z € DY do
23: for class y € C do
24: Compute P} (x) on class y using Eq. (5.1)
25: Compute Q; () on class y using Eq. (5.2)
26: end for
27: Compute D(x) using Eq. (5.3)
28: end for
29: Send b; unlabelled data points with the largest D to the oracle for annotation
30: Remove the annotated data in DY and add to DF
31:  end for
32: end for

33: Return {DF}X  and {DV}K,

5.3.1 Problem Setting

We illustrate the overview of the federated active learning framework in Fig. 5.1 and sum

up the proposed KAFAL algorithm in Alg. 3. In federated active learning, we keep K local
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client models parametrized with {w; } X | and one global model on central server parametrized
with 2. Each client model : is optimized using its local training dataset D;. Different from
standard federated learning, federated active learning annotates a subset of data samples
on each client with a local active learning loop. The training set D; for client ¢ is divided
into a labelled set DX and an unlabelled set DY. In each communication round, a fraction
R € (0, 1] of the total K clients are first randomly selected as a subset .Sy, which simulates
the real-world scenarios that some local devices may be offline from time to time. After that,
the selected clients first download €2 from the server to initialize {wy }cs,, and then conduct
local update based on {Dy }res,. The updated {wy, }res, Will be uploaded to the central server
and aggregated to update €2. The training process terminates after 7' communication rounds.
After that, a batch of unlabelled data is sampled from each DY, sent to the local oracle for
annotation, and added to the labelled data pool DF for each client i. The sampling budget
for the client 7 is b;. The active sampling process is repeated for A times, where A is set
according to need. The training sets {D;} £, follow non-IID distributions. All client models
share the same architecture with the global model to synchronize model parameters between
the client and server. Just like in federated learning, transferring the local data {D;}X, across
clients (or server) is prohibited in federated active learning. The objective of federated active
learning is to actively annotate local data with limited budgets to improve the overall model

performance without violating data privacy.

5.3.2 Knowledge-Specialized Active Sampling

Given the mismatch problem in federated active learning, informative data on each client may
not be that informative to the global model due to the non-1ID data distributions, meaning that
using only one of them for active sampling is therefore not reliable. Computing the model
discrepancy between each client and the global model allows us to consider both aspects
in active sampling. But alone is insufficient. Data from rare classes in each local dataset
can cause large discrepancies between the client and the global model. However, they are
usually uninformative to the global model and can hardly contribute to the client model’s

updates. Being rare locally makes their contributions limited in the gradient computation.
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Furthermore, during aggregation, the global model may not find them as informative as
they are to the clients. Hence, we propose to enable each client to intensify its specialized
knowledge (common class knowledge) in the computation of discrepancy to sample more
informative data containing specialized knowledge. We introduce the Knowledge-Specialized
KL-Divergence as follows. On top of a symmetrized KL-Divergence [70, 83], our Knowledge-
Specialized KL-Divergence further incorporates a Knowledge-Specialized component to
accentuate each client’s specialized knowledge. The Knowledge-Specialized probability of

client 7 being predicted to class y is formulated as:

ng\’yexp <gy(w; wz)>

ZCEC nz?:cexp (gc<wa wz))

U
%

Pi(z) = , (5.1

where x is an unlabelled data point sampled from D;’, g, (x;w;) is the prediction score at
the y-th class, C indicates the set of all classes, n;,, is the number of data points that belong
to class y in DF, and )\ is a hyperparameter which controls the knowledge-specialized level.
We name nf:y as the knowledge weight which indicates the client’s knowledge in each class.
Similarly, the knowledge-specialized probability of the global model predicted to be class y
can be defined as:
néyexp <gy(:1;; Q,))

3o nexp (ge(@; )

where €2; is a copy of global model parameters downloaded from the server to client ¢. The

Qi (x) = (5.2)

knowledge-specialized KL-Divergence is defined as:

i ; Pi(x) Qi (x)
Di(z) = yezc (Py(ac) In % + Q! (a)n Pg(w) ) (5.3)

where x is data from the unlabelled pool of client ;. The knowledge-specialized KL-
Divergence focuses on each client’s specialized knowledge and selects more informative data
points from its specialized classes for labelling. In the Knowledge-Specialized probabilities,
{nic}cec serve to amplify the KL-Divergence on class c if the class is considered to contain

the client’s specialized knowledge.
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FIGURE 5.2: KCFU compensates for each client’s ability on weak classes
through knowledge distillation from the global model. Unlabelled data are
used in the process.

5.3.3 Knowledge-Compensatory Federated Update

An overview of knowledge-compensatory federated update (KCFU) is shown in Fig. 5.2.
The local data on each client follows its own realistic data distributions [65], thus leaving
non-uniform class distribution on each client. Besides, our KSAS which tends to annotate data
with specialized-knowledge further introduces imbalance in labelled data. Therefore, on top of
the standard FedAvg [115], we introduce a balanced classifier and a knowledge-compensatory

strategy.

Local Update with Balanced Loss. Our balanced classifier on each client optimizes with a

balanced cross-entropy loss [135] to deal with the imbalanced local data distribution:

N,y €XP (gy(-’B; wk))

k
y ZCGC N, CXP (96(‘”3 wk)) |

client —

= —log 5.4)
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In our experiment, each labelled set D7 starts from only a small proportion of the local dataset
on the client k. We demonstrate with experiments in later sections that, with the imbalanced
class distributions and the small size of training data, a simple local client update using
cross-entropy loss is not enough for training. The balanced loss allocates more weight to data
from rare classes and less weight to data from common classes to deal with the problem. It

prevents the model from becoming biased towards common classes during training.

Remark: Although our balanced loss (Eq. (5.4)) looks similar in formulation compared with
the aforementioned knowledge-specialized probabilities, i.e., Eq. (5.1) and (5.2), they are
designed for various purposes and function differently. Eq. (5.1) and (5.2) are designed to
compute the active sampling scores, and Eq. (5.4) is a loss that updates the client models. The
knowledge-specialized probabilities magnify the KL-Divergence computed from common

classes for sampling, while the balanced loss magnifies the loss computed from rare classes.

Global-to-Local Knowledge Compensation. Due to the extreme limitation and non-
uniformity of local data labels, the clients can perform weakly on rare classes. The weak
classes of clients differ depending on the data distributions. Such statistical heterogeneity of
clients can be harmful in model aggregation. To compensate for the clients’ knowledge on the
weak classes, we further introduce an extra 1oss Lcompen. Since the global model aggregates
parameters of local clients, they usually have a more balanced performance over different
classes. On classes where each client considers to be rare, the global model is likely to
perform better than the client. Hence, it is reasonable to design the knowledge-compensation
process which conducts knowledge distillation from the global model to the clients using
unlabelled data. We later show with experiments that Lcompen can save the communication
cost via boosting the convergence. The 10ss Lcompen O client £ can be evaluated as follows.
We first sample unlabelled data &’ from DY. Then we compute the logits z = g(x'; £2) and

the pseudo label y/ = arg max g.(«’; €2) with the downloaded global model. The loss weight

ZCEC k,c

can be computed as I'(x') = =<

; , and the compensation loss is then defined as:
yY

Leyen = D(@) - KL(0(2)lo(g(@"s 1)), (55)
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Algorithm 4 LocalUpdate(wy; D}, DY)

Data: D}, DY
Input: epochs, batches, communication round ¢, learning rate 7
Parameter: w;,

1: for e = 1 to epochs do
2:  for b = 1 to batches do

3 Sample a batch {(z,y)} C D
4: Compute LF,, using Eq. (5.4)

5: if ¢ equals 1 then

6: wy < w —nVLE

7: else

8: Sample a batch {z’} C DY

9: Construct a mixed batch {z’}
10: Find z, I'(&’) for each &’
11: Compute L%, ., using Eq. (5.5)
12: Compute L with Eq. (5.8)
13 wy < wi — NV Ly
14: end if
15:  end for
16: end for

17: Return w;

where o stands for the softmax function and KL-divergence KL(p,q) = pln §. Note that
no gradient is computed for the global model (2, only. As the unlabelled data falls in the
same distribution as the labelled data, rare classes in labelled data are usually still rare in
unlabelled data. To make the most of the compensation loss, we further propose to augment
the training with mixed unlabelled data &’ = Bz} + (1 — B)«), where (3 is a mixing weight
sampled from a beta distribution. & and &', are randomly sampled from the unlabelled batch.
['(&’) is similarly mixed as B'(x)) + (1 — B8)I'(x}). The compensation loss then becomes
Lecompen(Z'; Z, wy) with Z = g(&’; Q). Therefore, the complete loss Lf g, to update client k
is:

Licry = VESen + (1 =)L

compen’

(5.6)

where v is a tradeoff hyperparameter. We show the detailed local update algorithm in Alg. 4.
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FIGURE 5.3: (a)-(b) The federated active learning results from different active
learning baselines plus the results of our KAFAL on CIFAR10/100 with
a = 0.1. (c)-(d) Comparing our KAFAL with the federated active learning
baseline F-AL on CIFAR10/100 with o = 0.1. (e) Component analyses of
KSAS and KCFU on CIFAR10. (f) Results with balanced loss (Eq. (5.4)) and
standard cross-entropy loss on CIFAR10. For all figures, the error bars show
the standard deviation of results across 5 runs.

Global Aggregation. After local updates of clients, they are uploaded to the server and

aggregated as follows:

where N, = >

Ni.
9 A W\ LR (5.7)
];St ZjESt NJ

ccc Mk,c Indicates the number of data points in local labelled data pool DE.

Lastly, we can formulate the overall objective as:

arg min ACKCFUa (58)
{witkes, @~{DE}res, &' ~{DY }res,

o N, k L . . . . .
where Lxcry = D e, mEKCFU, {Dy. }res, is achieved via active learning loops.
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5.4 Experiments

In this section, we mainly conduct experiments on three image classification datasets, CI-
FAR10/100 [81] and MNIST [89], that are popular in both active and federated learning.
Additionally, we also apply our method in a more realistic scenario by conducting medical
image classification with NIH Chest X-Ray dataset [172]. Specifically, CIFAR10 and CI-
FAR100 contain 60,000 images from 10 and 100 classes, respectively, including 50, 000
training images and 10, 000 testing images. On CIFAR datasets, for the server and client
models, we utilize ResNet-8 [58] as the model architecture. MNIST is a 10-class image
dataset that contains handwritten images of 10 digits. It contains 60, 000 images for training
and 10, 000 for testing. We use the MNIST 2NN proposed by McMahan et al. [115] as the
clients’ and the global model’s architecture. We train for 10 epochs each communication

round and we repeat for 10 communication rounds. We split the MNIST dataset with o = 1.

We implement the method with Pytorch [129]. We use K = 10 clients in our experiments. In
each communication round, R = 80% of the clients are selected at random to update locally.
The hyperparameter A is set to 1. To distribute non-IID data to different clients, we follow Hsu
et al. [65] and draw ¢ ~ Dir(ap) from a Dirichlet distribution. p stands for the global prior
class distribution over all classes, and o > 0 is a concentration parameter that controls the
level of IID. When o« — o0, the data distributions are identical to the global class distribution.
When o — 0, each client will be allocated data from only one class. In our main results, we

set « = (0.1. We also show the results from o« = 0.3 and o« = 1.

For active learning loops, we start by randomly selecting 10% data from D; as the labelled
pool DI of client 7. This is around 500 labelled data for each client. For each sampling cycle,
the budget b; on each client is 5% of the total local data D;. We sample for A = 5 times until
the labelled data amount reaches 35% of all data for each client. We repeat each experiment 5

times with different random seeds and average the results to get a final result.
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5.4.1 Comparison with Active Learning Methods

We compare our KAFAL with 8 other active learning methods and show the results in
Fig. 5.3(a)(b). All methods are fit into the federated active learning framework using the same
model architectures following the same training steps for fair comparison. For all baselines, we
use the KCFU loss (Eq. (5.6)) for local update. FedAvg is used for aggregation for all methods.
We categorize our baselines into five types. (I) We compare with uncertainty-based methods:
entropy and top-2 margin scores (Margin). Entropy is calculated as H(p) = —p - log(p),
where p is the Softmax output. The top-2 margin score calculates the margin between the
largest prediction score and the second largest prediction score over all classes for each data
point. Unlabelled data with the lowest top-2 margin scores will be sampled for annotation.
Here we compute the uncertainty scores on each client model after local update. (II) We
compare with a special uncertainty-based method which explicitly learns the data loss with
extra modules, Learning Loss for Active Learning (LL4AL) [185]. We train a loss prediction
module for each client model. (III) We also compare with diversity methods: Core-set [140],
BADGE [3], and ALFA-Mix [128]. We sample on each client model using diversity. (IV)
Results from a previous discrepancy-based method, Query-by-Committee (QBC) [27], is
also compared with. We use 3 models on each client for QBC. (V) Finally, we compare with

random sampling results.

On both CIFAR10 and CIFAR100, our KAFAL achieves state-of-the-art results (Fig. 5.3(a)(b)).
The margins between KAFAL and other baselines become larger with the increase of labelled
data. On CIFARI10, our method eventually achieve a margin of around 3% compared to
BADGE, Entropy, Margin, and Core-set. LL4AL, although quite competitive in standard
active learning, does not perform well in the federated active setting. Besides, LL4AL and
QBC update extra model parameters of sizes 0.015M and 0.156 M for each client, when each
client’s model size for the rest methods is only 0.078 M. On CIFAR100, the margins are less
significant compared to results from CIFAR10. Probably because the 10 times of classes in
CIFAR100 makes it a much more difficult task, especially consider the limited amount of
labelled data for each client. Some of the methods perform poorer than Random, possibly

because Random naturally diversifies in sampling. It is worth noting that in CIFAR10 and
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FIGURE 5.4: Results on MNIST in federated active learning with non-IID data.

CIFAR100, the full-set federated learning results are 72.93% and 37.35%. On CIFAR10, the
full-set result is lower than our KAFAL result with 35% labelled data. This could be because
our strategy selects only the most informative data for annotation and avoids data redundancy.
On CIFARI100, the full-set result is around 5% higher than our KAFAL result with 35%
labelled data, indicating that 35% data is not enough to represent a 100-class dataset. Notably,

we also evaluate each client with the test set and show the analysis in later sections.

The results on MNIST are shown in Fig. 5.4. This is a fairly simple dataset, so all the results
are quite high. But random is still far behind compared to the other methods. On this dataset,

our KAFAL still outperforms the other methods, but with a quite small margin.

5.4.2 Comparison with Sampling by Global Model

As we mentioned in previous sections, for some sampling methods, it is possible to compute
the sampling criteria either on the local client after local updates or on the downloaded
aggregated global model. Using the global model for sampling is also the main idea of
F-AL [1], a federated active learning method for IID data. Among the baselines we compared
with in Sec. 5.4.1, we found Core-Set, Margin, Entropy, BADGE, and Alfa-Mix to be qualified
to compute sampling scores on either the clients or the downloaded global model. We show
the experiment results on CIFAR10 and CIFAR100 in Fig. 5.3(c)(d). The solid lines show

the results from using locally updated client models to compute sampling criteria. These are
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data.

also the results presented in Fig. 5.3(a). The dashed lines represent the results from using the
downloaded global model for computing sampling scores. There is a clear drop in performance
moving from client model statistics to global model statistics. Additionally, we compare our
method with QBC. Our method combines local and global with discrepancy-based sampling
and QBC is a local disagreement-sampling method. This experiment demonstrates the
challenge in federated active learning where the sampling aims of the clients mismatch with
that of the global model. It also shows that even if we sample informative data points directly
using the downloaded global model, the information cannot be fully utilized to benefit the
global model through aggregation. F-AL, which is initially proposed for IID federated active

learning, does not suit the task of federated active learning with non-1ID data.

5.4.3 Result Numbers

We present the exact result numbers of our main results on CIFAR10 (Tab. 5.1) and CIFAR100
(Tab. 5.2). To present a complete picture of our KAFAL performance, we evaluate each client
using the test set and show the results in Fig. 5.6. The non-1ID data distributions used in our

main results on CIFAR10 are show in Fig. 5.5(a).
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FIGURE 5.6: Evaluation on each client on CIFAR 10/100 and MNIST using KAFAL.

TABLE 5.1: Detailed results on CIFAR10.

Method 10% |[15% |20% |25% |30% |35%
Random 54.29|59.76 | 62.85|65.16 | 66.52
Core-Set 58.98 | 67.48 | 68.85|69.04 | 71.05
Entropy 58.45|65.76 | 68.61 | 69.59 | 71.68
Margin 50.60 58.19|63.50| 66.75 | 68.66 | 71.13
LL4AL 715748 60.87 | 63.79 | 65.31 | 66.94
QBC 58.45162.10| 65.81|66.49 | 68.22
BADGE 57.46|63.57|67.39|70.42 | 71.67
Alfa-Mix 56.7561.90 | 64.98 | 66.57 | 67.81
KAFAL (ours) 60.88 | 67.47|70.82|72.94 | 74.60

TABLE 5.2: Detailed results on CIFAR100.

Method 10% [15% |20% |25% |30% |35%
Random 20.10|24.28 | 27.85|29.21 | 30.41
Core-Set 22.78126.10|28.49|30.11 | 30.86
Entropy 20.79|23.48 | 26.41 | 28.07 | 30.01
Margin 17.67 22.65|25.50(28.56 {29.77 | 30.88
LL4AL 122,18 124.05(27.14|27.99 | 28.41
QBC 22.4124.86|27.15(29.95|30.39
BADGE 22.93126.19|28.61|29.72 | 31.26
Alfa-Mix 21.14|24.54127.79|29.15|30.56
KAFAL (ours) 23.63|26.13 | 28.89 | 30.79 | 32.04

Atelectasis

Pleural thickening

Emphysema

Nodule

Infiltration

FIGURE 5.7: Selected images in NIH Chest X-Ray dataset.
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5.4.4 Medical Image Classification

We further conduct experiments in a more realistic scenario of X-ray image classification
using NIH Chest X-Ray dataset [172]. Some examples are shown in Fig. 5.7. The task is
to categorize thorax diseases using chest X-ray images. The dataset consists of more than
112k images of size 1024 x 1024. We follow the official training and testing splits. And we
exclude images tagged with 'no findings’. The rest data have 14 for different thorax diseases
as labels. The training split includes 36024 images and the testing split includes 15735 images.
We use ResNet-50 [57] as the backbone of the clients and the global model. We still use
o = 0.1 as the non-IID coefficient to distribute the client data. 5 clients are used, and 80% are
selected for the update at each communication round. We start with 10% labels and use 5%
of the whole dataset as the budget. We train for 2 epochs in each communication round with
learning rate = 0.0005 and run 5 communication rounds before sampling. The mean AUC
score is used to evaluate each method’s performance. The results are presented in Tab. 5.3.
We compare with four baseline methods (Random, Core-Set, Entropy, and Margin) that the
dataset can easily fit in considering the image size and model size. Our KAFAL still achieves

state-of-the-art results on this dataset.

TABLE 5.3: mAUC scores on NIH Chest X-Ray dataset.

Method 10% | 15% | 20%
Random 60.62 | 62.77
Core-Set 62.55|63.24
Entropy 56.12|63.13 | 63.80
Margin 60.19 | 62.81
KAFAL (ours) 63.61 | 64.48

5.4.5 Ablation Studies

5.4.5.1 Component study

To explore the importance of our model components in KAFAL, we separately run experiments
to analyze KASA and KCFU. To analyze KSAS, we first replace our knowledge-Specialized

KL-Divergence with a vanilla KL-Divergence and observe a 3% to 5% performance drop
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through the whole sampling process (Fig. 5.3(c)). We also attempt to sample with a reversed

KSAS (learning to diversify), where we replace each n; , and n; . in Eq. (5.1) and (5.2) with

L and 7% This prevents the client models from intensifying their specialized knowledge.

1,Y 1,C

Instead, it drives the clients to focus on sampling data from rare classes. The results show
a significant drop compared to the other two. This further validates our design where each
client should intensify its knowledge during active sampling. Data from rare classes can be

quite useless in improving the global model on the server.

To analyze the efficiency of KCFU, we count the number of communication rounds of
different federated update ways to achieve the same accuracy. The benchmark accuracy is set
as the accuracy of running KCFU for 15 rounds. We experiment with the baseline method
by replacing KCFU with a vanilla federated update which removes L ompen and updates with
Ltient (€q. (5.4)) only. We also compare the results from mixing and not mixing unlabelled
data in KCFU. As shown in Tab. 5.4, KCFU can converge faster than vanilla update no matter
mixed data are used, demonstrating the effect of our knowledge-compensatory design which
borrows common knowledge from the global model. Mixing data in KCFU further boosts the
efficiency. We further experiment by fixing I'(Z’) = %, where (' is the number of classes,
for Leompen (Eq. (5.5)). This means we distil knowledge from the downloaded global model
without differentiation on all unlabelled data. Unsurprisingly, the performance is very poor.

The accuracy reaches only 40.4% with 10% data and the setting aligned with Fig. 5.3(a).

TABLE 5.4: Number of rounds of different federated update ways to achieve
the same accuracy as running KCFU runs for 15 rounds.

Method CIFARI10 | CIFAR100
Baseline 35 39
KCFU w/o mix 25 27
KCFU 15 15

5.4.5.2 Local update without the balanced loss

We use a balanced loss (Eq. (5.4)) for local update of clients. This type of loss is usually the
cherry on the top for standard federated learning. This is however not the case in our federated

active learning problem. In Fig. 5.3(f), we show the results using balanced loss (Eq. (5.4))
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and a simple cross-entropy loss (simply replacing n;, and n; . in Eq. (5.4) with 1). We ran
the experiment with two methods, our KAFAL and random sampling. From the experiment
results, we can see that removing the balanced loss in local update disturbs or almost ruins
the learning, a drop of 5% to 10% in performance occurs. Our KAFAL still outperforms
random sampling, but the results are highly unstable. This is somewhat foreseeable since
each client model starts with a very small amount of data in federated active learning. Despite
our learning to intensify on specialized knowledge during sampling, it is still crucial to handle

the imbalance of data during local client update using the balanced loss.

5.4.5.3 Knowledge specialization alternatives

It is an interesting question whether other reweighting techniques can also help achieve
knowledge specialization in federated active learning. Here we compare our method with two
knowledge specialization alternatives, probability-level specialization and KL-Divergence-
level specialization. The experimental results (Fig. 5.8) show that KAFAL outperforms both of
the alternative methods. While probability-level specialization yields an acceptable outcome,
KL-Divergence-level specialization fails to produce a reasonable result. One possible reason
for this difference is that the probability-level specialization method, like our KAFAL, uses
a moderate level of reweighting to adjust the results. In contrast, the KL-Divergence-level
specialization method directly reweights the summation in the KL-Divergence calculation,

potentially resulting in a level of reweighting that is too strong.

Given that knowledge specialization of KL-Divergence is achieved via score-level reweighting
(as detailed in Eq. (5.1), Eq. (5.2), and Eq. (5.3)) in our KAFAL, an interesting question arises:
Can other reweighting techniques also enable knowledge specialization in federated active
learning? To answer this question, we compare our method with two knowledge specialization

alternatives, namely probability-level specialization and KL-Divergence-level specialization.

To conduct probability-level specialization, we can rewrite Eq. (5.1) as follows:

exp (uify - gy(; wz)>

BT e (v - gel@iwn))

Y

) 5.9
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FIGURE 5.8: Results on CIFAR using different knowledge specialization techniques.

n;
where v; , = S

~— is the normalized knowledge weight. Note that we did not normalize
ceC 'r,c

the knowledge weight in our score-level knowledge specialization (KAFAL) because it can
be easily proved that the results are equivalent with or without normalization. And similarly,

Eq. (5.2) is replaced with:
exp <y2y - gy(x; Q))
2 cec EXP (V?,c - ge(; ﬂ))

This knowledge specialization alternative still involves the computation of the KL-Divergence

Q, () = (5.10)

as described in Eq. (3). This knowledge specialization alternative reweights the logits during

the calculation of the predicted probability, hence the name.

To conduct KL-Divergence-level specialization, we replace Eq. 5.3 with:

D)= [ygy - (Pia)m gy((z)) + Qi () In Qz’(w))] . (5.11)

o= Py(x)
This knowledge specialization alternative reweights the sum while calculating KL-Divergence.

In Fig. 5.8, we present the results of the two alternatives as well as our KAFAL. The ex-
perimental results show that KAFAL outperforms both of the alternative methods. While
probability-level specialization yields an acceptable outcome, KL-Divergence-level special-

ization fails to produce a reasonable result. One possible reason for this difference is that
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the probability-level specialization method, like our KAFAL, uses a moderate level of re-
weighting to adjust the results. In contrast, the KL-Divergence-level specialization method
directly reweights the summation in the KL-Divergence calculation, potentially resulting in
a stronger level of reweighting. Our score-level specialization approach may outperform
probability-level specialization because reweighting the raw logits may not have a natural
interpretation, whereas reweighting normalized results as in our KAFAL can be interpreted as

adjusting the likelihood of the results.

5.4.5.4 Different Non-IID Levels

We further explore federated active learning with the non-IID coefficient « = 0.3 and o = 1
on CIFAR10. The data distributions are shown in Fig. 5.5(b) and (c) respectively. We show the
experiment results in Fig. 5.9. A larger o value provides less non-IID distributions for clients,
i.e., the distributions across different clients are more similar. Unsurprisingly, compared to
our CIFAR10 with o = 0.1 results, the results are overall better for « = 0.3 and o = 1.
Our KAFAL is still state-of-the-art, but the margins between the results of KAFAL and the
rest methods are relatively smaller. This experiment demonstrates that our KAFAL is more
competitive with higher levels of non-IID. It validates that intensifying knowledge-specialized
data in KAFAL can handle the non-IID distributed data in federated active learning. The
margins between Random and other methods become larger with larger «v values, possibly
because the mismatch problem in federated active learning becomes less significant with a
lower level of non-IID in data. And the rest methods can benefit from the actively sampled

data.

5.4.5.5 Different Values of \ For Knowledge-Specialized Intensification

The coefficient A in eq. (5.1)(5.2) controls the knowledge-specialized level in KSAS. With
larger values of A, the clients intensify more on their specialized knowledge in active sampling.
As we stated, we simply use A = 1 in our main experiments. Here we explore more values of
A on CIFAR10 and show the results in Fig. 5.10. For A of values 1, 2, and 3, the difference is

not significant. However, for more extreme A values 0.1 and 10, the results are clearly poorer.
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FIGURE 5.9: Results from using o = 0.3 and o = 1 for the non-IID coeffi-
cient on CIFAR10.

Specifically, A = 0.1 produces the worst results of the five. When the A\ value approaches
zero, the active sampling purely depends on the disagreement between the clients and the
global model. The results gradually approach the results from using vanilla KL-Divergence.
When the A\ value goes to infinity, the active sampling process almost ignores the less frequent
classes and tries to compute the disagreement solely based on the most common class (or

classes) of each client. Therefore, when applying KAFAL, the \ value should be neither too

small nor too large.
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FIGURE 5.10: Results on CIFAR10 from using five different values of \ for
the intensification of specialized knowledge in federated active learning with
non-1ID data.

5.4.5.6 Learning With More Decentralized Clients

In the main experiments, we explored federated active learning with N = 10 clients. To
better analyze the problem, we run experiments on CIFAR10 with N = 20 and N = 100
while keeping the rest setup the same. The labelled data amount still starts with 10% of
each local training set, meaning that with N = 20 the data available for each client is half
of that in the previous experiments, and with NV = 100 the data available for each client is
only % of that in the previous experiments. The results are shown in Fig. 5.11. Compared
with the previous results from using N = 10 clients, results for all methods reduce due to
the smaller local datasets for both N = 20 and N = 100. Our KAFAL still outperforms
the rest methods by a clear margin. This shows the superiority of our method when more
decentralized clients are involved in federated active learning. The result lines are more jiggly
compared with previous results, the possible reason is that the fewer labelled data and the
T = 50 communication rounds may not be enough for the convergence to be achieved. With
N = 100 clients, the margin is less significant compared to using N = 20, this is possibly
due to the extremely small local dataset size. Each local dataset starts with on average 500
images and adds about 250 images at each active round for N = 100. This also explains why
Entropy and BADGE generate similar results compared with Random. The limited training

data lead to poor classification ability and deteriorates the credibility of the model statistics.
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FIGURE 5.11: Results on CIFAR10 from using (a) N = 20 and (b) N = 100
clients in federated active learning with non-IID data.

5.4.5.7 A Smaller Ratio of Clients to Update per Round

We used R = 80% in previous experiments. To test how our KAFAL performs with a smaller
ratio of clients updated in each communication round, we use R = 40% instead and present
the results on CIFAR10 in Fig. 5.12. All the rest setup is kept the same. R = 40% means that
only 40% of the clients are updated in each communication round. Surprisingly, our KAFAL
performs even better using R = 40% compared with using R = 80%, while results from the
rest methods all drop. This is possible because our KAFAL compensates for the knowledge of

clients with the global model using KCFU along with actively sampling data by intensifying
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FIGURE 5.12: Results on CIFAR10 from updating 40% of clients per com-
munication round in federated active learning with non-IID data.

specialized knowledge using KSAS. The two together enable a faster convergence in global
aggregations. Using R = 40% means each client is trained less compared to using R = 80%
when the communication rounds 7' is fixed. The rest methods which still actively sample
harder data that are likely from less frequent classes cannot utilize these data in training with
the smaller R value. Although KCFU is also used for other methods for a fair comparison, it

cannot be fully utilized without the knowledge-specialized intensification of KSAS.

5.4.5.8 Visualizing the Mismatch Problem

Previously, we mentioned that the main challenge of federated active learning is the mismatch
between the active sampling goal of the global model on the server and that of the asyn-
chronous local clients. To demonstrate this problem with an experiment, we actively sample
with the global model and the clients respectively and show the class distributions of the
sampled data in Fig. 5.13. We use the same sampling method Core-set for both the clients and
the global model for a fair comparison. With the bounding boxes, we show the differences
between the sampling results. The original data distributions on clients with o = 0.1 are
shown in Fig. 5.5(a). Also, note that this figure only shows the class distributions. If we
further consider specific data points within each class, the difference in sampled results will

be more significant.
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FIGURE 5.13: An example of the sampling goal mismatch between the global
model and the clients. The green bounding boxes highlight class distributions
that are clearly different for active sampling results using the global model
(red) and active sampling results using the client model (blue).

5.4.6 Demonstration of Knowledge-Specialized KL-Divergence in a Toy

Example with Details

To better visualize how Knowledge-Specialized KL-Divergence intensifies specialized know-
ledge compared to KL-Divergence, we use continuous distributions to simulate model predic-
tions and compute the divergences (Fig. 5.14). Note that the knowledge weight curves serve
as a continuous version of our knowledge weights. In the figure, we present the distribution
curves on the left and the corresponding KL-Divergence and Knowledge-Specialized KL-
Divergence curves on the right, which have been calculated accordingly. The KL-Divergence
curve is formulated as:

p(x) ln@ +q(z) ln@ (5.12)

q(z) p(z)’
where p(z) and ¢(z) are the two distribution functions (presented on the left of Fig. 5.14).

The KL-Divergence value is obtained by integrating this function with respect to x. The

Knowledge-Specialized KL-Divergence curve is formulated as:

Gw ()
puw(x)’

Puw(®)
Gw ()

+ quw(x)In

Puw(x)In (5.13)
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FIGURE 5.14: Illustration of how Knowledge-Specialized KL-Divergence in-
tensifies specialized knowledge compared to standard KL-Divergence. On the
left, we show two distribution curves. On the right, the blue and orange lines
integrate to be KL-Divergence and the knowledge-specialized KL-Divergence
computed from the left distributions. The blue and orange numbers show the
integrated areas of the blue and orange curves in each image, respectively.

w(z)-p(z)

Zp

where p,(z) =

and g, () =

w(z)-q(x)
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22 The normalization constants Z, = [ p(x) -

w(x)dz and Z, = [ ¢(z) - w(z)dz. The weight curve w(x) is shown with green dashed lines

in the figure. The Knowledge-Specialized KL-Divergence value is obtained by integrating

this function with respect to x. The right-hand side of Fig. 5.14 can be viewed as global-local

discrepancies from two different inputs on the same client model since the KL-Divergence

values are different and the knowledge weights are the same. On the left-hand side, distribu-

tions 1 and 2 simulate the outputs of the client model and the global model. Notably, while (a)

has a smaller KL-Divergence, its Knowledge-Specialized KL-Divergence is larger, suggesting



88 5 KNOWLEDGE-AWARE FEDERATED ACTIVE LEARNING WITH NON-IID DATA

it is less likely to be sampled than (b) if KL-Divergence is the sampling criterion. However,
using our proposed Knowledge-Specialized KL-Divergence, (a) is more likely to be sampled
than (b). This difference in sampling results is due to the knowledge weight, which intensifies
the client’s specialized knowledge while dampening the contribution of unfamiliar knowledge.
Importantly, in (a), more of the model difference arises from specialized knowledge (as

indicated by the peak area of the knowledge weight) compared to (b).

5.5 Limitations and Future Work

Our federated active learning paradigm KAFAL includes KSAS, a novel active sampling
method to sample informative data using intensified discrepancies between the server and
clients based on the specialized knowledge of each client, and KCFU, a federated update
method to deal with data heterogeneity by compensating weak classes with the help from the
global model. Although the experimental results demonstrate that KAFAL can perform well
on the federated active learning task, we also want to highlight the potential drawbacks of this
method. In KSAS, the specialized knowledge is extracted based on the class distributions of
labelled local data. We may explore other ways to find a more comprehensive solution to rep-
resent the specialized knowledge, either, possibly not only considering the class distributions
but also taking the training dynamics into account. In KCFU, the compensation is achieved
through sampling the unlabelled data and then weighting them using the class distributions.
Unfortunately, the data from weak classes may not be enough even though we include the
unlabelled data. We may utilize the data generation techniques to generate more weak-class
data for better knowledge compensation in the future. In addition to the potential drawbacks
mentioned, another area for future work is to extend KAFAL to handle the case of long-tailed
distribution in the federated active learning setting. In a long-tailed scenario, the local data
can distribute globally long-tailed with some classes being rare for all clients. To consider
active learning in such a scenario, additional resampling techniques and an improved version
of knowledge-specialized KL-Divergence that takes the long-tailed distribution into account

need to be included.
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5.6 Conclusion

We have introduced a federated active learning paradigm which allows actively selecting
the unlabelled data to efficiently learn a global model given a limited annotation budget in
a decentralized learning process. We revealed that the main challenge in federated active
learning is the mismatch between the active sampling goals of the global model on the server
and each local client due to model differences caused by non-IID data distributions. This
work devised a Knowledge-Aware Federated Active Learning (KAFAL) method for federated
active learning with non-1ID data. KAFAL computes the discrepancies between client-server
models with an intensification on each client’s specialized knowledge. It is worth noting that
the intensifying process is particularly important to achieve a powerful global model in the
non-IID federated learning framework. Moreover, KAFAL also compensates for each client’s
ability in rare classes to handle data heterogeneity caused by non-IID data during federated
updates. Extensive experiments and analyses have validated the superiority of KAFAL over

the state-of-the-art active learning methods under the federated active learning framework.



CHAPTER 6

Active Human-Object Interaction Detection

This chapter will study another special case in insufficiency of training labels where the
labels are in complex forms. In the previous chapters, we only studied problems where
only simple-labelled data are involved, e.g., classification and segmentation. In this chapter,
we propose an active learning method for human-object interaction (HOI) detection which
involves identifying human-object pairs and discerning interaction types within images
featuring multiple interactions and objects across diverse scenes. Annotating all combinations
incurs substantial costs. While active learning presents a promising solution, applying it
for HOI detection is non-trivial due to challenges such as assessing image informativeness
and handling spurious features. To tackle these issues, we propose ActiveHOI, a novel
approach that integrates informativeness measures from various image components (such
as object categories, bounding boxes, and interaction types) while also addressing spurious
background information during the active HOI detection process. Specifically, we develop a
comprehensive metric to quantify the similarity between the original image and its foreground-
masked counterpart, effectively guiding the active sampling process. Through this method, we
aim to enhance the efficiency and effectiveness of HOI detection while reducing annotation
costs. We evaluate ActiveHOI on two popular HOI detection benchmarks, HICO-DET and
V-COCO, and the experimental results demonstrate its effectiveness compared to recent

state-of-the-art active learning methods.

90
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6.1 Introduction

Human-object interaction (HOI) detection is crucial in visual understanding, encompassing
identifying specific interaction types between all possible human-object pairs in images.
Thought recent advancements in HOI detection have been notable [13, 152, 98, 132, 91, 177],
the inherent complexity of such data, rich interactions and diverse scenes, poses significant
challenges, particularly regarding annotation costs. Specifically, the HOI annotation process
typically involves manually annotating images with bounding boxes of humans and objects,
as well as labels of detected objects and interaction labels of human-object pairs. Furthermore,
due to the combinatorial nature, annotating all possible human-object pairs within each image
to construct a large-scale training dataset containing images with multiple humans and objects
in complex scenes becomes labor-intensive. Therefore, identifying cost-effective annotation

strategies is crucial for advancing HOI detection systems.

Active learning efficiently manages data annotation costs by identifying high-priority in-
formative instances from the pool of unlabeled data [42, 185, 148, 192, 5]. Consequently,
models trained with limited annotation budgets are expected to perform comparably to those
trained with annotation on the entire dataset. Existing active learning methods fall into three
categories: 1) model uncertainty-based [42, 185, 148, 192, 5, 128, 170, 75, 34]; 2) model
discrepancy-based [141, 39, 22, 116, 27, 26]; and 3) data diversity-based [140, 3]. However,
applying active learning techniques to HOI detection is non-trivial due to the following
challenges. Specifically, active image classification, a common application of active learning,
typically deals with images containing a single prominent item positioned centrally, reflecting
the nature of classification tasks. In contrast, HOI detection involves analyzing images with
complex scenes, where multiple objects or humans are dispersed across varying sizes and
locations within the image. A similar task to refer to would be the active object detection prob-
lem since it also involves image data with complex scenes. While several existing works [20,
190, 117] in the literature address the data complexity by considering both the bounding box
prediction and object classification in active sampling, these techniques are insufficient for

active HOI detection as they do not account for the interactions within the images.
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(a) (b)

FIGURE 6.1: Illustration of background elements and their impact on active
HOI detection. Panels (a) and (b) depict two images, with foreground objects
and humans masked in the left counterparts, while the original images are
displayed in the right counterparts. Despite foreground items being masked
in (a), the contextual clues still allow one to infer that the image illustrates a
baseball game. Conversely, in (b), identifying the image’s topic is challenging,
as the absence of foreground items makes it difficult to recognize the person
riding a motorcycle in the air.

One significant challenge is the presence of spurious background information within HOI
images, hindering effective active sampling and resulting in suboptimal data selection. Spe-
cifically, while background features can contribute to the overall scene context, they can
also be detrimental, leading to shortcut learning by the HOI detection model. For example,
many previous works have highlighted the detrimental effects of such spurious features [121,
120, 118, 176, 46]. These investigations have demonstrated how misleading background
elements can lead the model to learn shortcuts or erroneous associations, rather than focusing
on genuine interaction concepts. In certain instances, the model may rely on these spurious
features to make predictions, rather than accurately analyzing the human-object pair itself.
This phenomenon underscores the importance of robust and effective data selection strategies,
especially in the context of active HOI detection. Actively sampling images with signific-
ant spurious features can introduce bias and compromise model performance. Therefore,
developing an active HOI detection method capable of effectively disregarding spurious
background information and prioritizing the sampling of images with informative foreground

human-object pairs is crucial.
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Fig. 6.1 illustrates background elements and their impact on active HOI detection. For the
two images (a) and (b) we provide the original image on the right and the counterpart with
foreground items masked. In (a), the baseball bat is not quite visible due to motion blur
and the humans are subject to occlusion, whereas in (b), the humans and objects are all
clearly presented. Therefore, image (a) contains more image complexity as stated in the first
challenge. In this case, image (a) should be sampled due to its difficulty. However, upon
examining the masked counterparts of the images, it becomes evident that the background of
(a) already provides sufficient information to infer a baseball match, while the background
in (b) offers little insight into motorcycle riding. Despite the blurry and occluded objects
and humans in image (a), it may not necessarily be more informative for active sampling
compared to image (b) due to the spurious features in the background. Therefore, to conduct

effective active HOI detection, all elements in the image should be taken into consideration.

To effectively capture complex image scenes while simultaneously addressing the mentioned
spurious background features, we propose ActiveHOI, a novel active sampling strategy
specially designed for active HOI detection. Specifically, we first employ a foreground
masking technique to bypass data with significant spurious features during active sampling.
By comparing predictions from original and masked images, ActiveHOI identifies images with
substantial background spurious features. The similarity between predictions from the original
and masked images is measured with a newly devised comprehensive score, considering
multiple image components, bounding box overlappings, and prediction confidences of object
and interaction labels, providing a thorough understanding of the HOI image data. Then, we
incorporate a diversity-aware sampling strategy to mitigate the selection of similar images
during batch active sampling. With the proposed ActiveHOI, we aim to train HOI detection
systems with limited annotation budgets while maintaining desirable detection performance.

The main contributions of this paper are as follows:

e We investigate the annotation problem in HOI detection, driven by the critical need
to efficiently scale up the annotation of rich interaction data within limited budgets,

advancing HOI detection research.
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e We propose to explore active learning for HOI detection, referred to as ActiveHOI,
aiming to maximize the performance of HOI detection models despite limited
annotation budgets.

e We conduct extensive experiments to evaluate ActiveHOI and comprehensively

analyze the efficacy of each component or technique.

6.2 Related Works

Active Learning. As introduced in previous chapters, existing active learning methods
mainly fall in three categories, uncertainty-based [42, 185, 148, 192, 5, 128, 170, 75, 34],
disagreement-based [141, 39, 22, 116, 27, 26], and diversity-based [140, 3]. Aside from the
conventional active learning methods that are usually evaluated with the image classification
task, there are also active learning methods that are specifically designed for other computer
vision applications such as semantic segmentation [145, 180, 125], tracking [191], and object
detection [20, 190, 175, 117]. Siddiqui et al. [145] proposed to consider active learning for
semantic segmentation in a multi-view setting by measuring the inconsistency of predictions
across views as the model uncertainty. The work of Yuan et al. [191] introduced a novel
active learning method for object tracking in videos. The method integrates the temporal
relationship of the moving object in the video sequence for active sampling. To consider both
the localization and the classification information in active object detection, Choi et al. [20]
combined the aleatoric and epistemic uncertainties. The former measures the intrinsic noise
in images and the latter computes the lack of knowledge in the model. Active teacher [117]
proposed by Mi et al. dealt with the object detection problem via pseudo-labelling using an
exponential mean average teacher. The sampling metric includes both the uncertainty of the
box prediction and that of the object classification. Active object detection is closely related to
our active HOI detection since it also needs to consider multiple components, box coordinates
and object categories, in images during sampling. However, active object detection does
not require the prediction of interactions across instances within the image like active HOI

detection. To consider such visual understanding in active sampling, we propose ActiveHOI
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FIGURE 6.2: An overview of the active HOI detection framework is illustrated
in the upper part. Our ActiveHOI is shown in the lower part.

which comprehensively fuses uncertainties from multiple components while simultaneously

avoiding the spurious features.

Human-Object Interaction Detection. HOI detection was first proposed in [13]. A typical
way to solve HOI detection is to use two-stage strategies [13, 131, 47, 53, 98, 205, 106,
43, 113] that separate the instance detection stage and the interaction recognition stage. Li
et al. [98] proposed an interactiveness network that measures the interactiveness between
each human-object pair. A pose estimator is employed for the network. More recently,
one-stage HOI detection methods [152, 15, 74, 208, 132] have been proposed and becoming
popular in the field. Tamura et al. [152] proposed QPIC, a query-based HOI detector that
simultaneously predicts the bounding boxes, object categories and interaction classes. Qu
et al. [132] proposed to improve QPIC by distilling from groundtruth oracle queries instead
of using zero vectors. However, the costly annotation has always been an obstacle to HOI
detection since complicated visual understanding is required to annotate for such a task. The

weakly-supervised learning [92, 162, 158] framework for HOI detection was proposed as a
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solution to the problem. This task dismisses the need for bounding box annotations in HOI
detection. Unal and Kovashka [158] and Wan et al. [162] proposed to exploit the knowledge
from pretrained models. However, this framework still requires extensive annotation of data
even with bounding box annotations omitted. Our active HOI detection framework offers an

alternative approach to mitigating the annotation costs associated with HOI detection.

6.3 Method

In this section, we begin by offering an overview of the proposed active HOI detection
framework. Subsequently, we delve into three key components: the foreground masking

strategy, the foreground masked similarity, and the diversity-driven sampling process.

6.3.1 Overview

Fig. 6.2 illustrates the main ActiveHOI framework for active HOI detection. Let D;, =
{XL, Y1} denote a labelled data pool and Dy = { Ay} denote an unlabelled data pool, where
X, and Xy denote the labelled and unlabelled images and )/, denotes the HOI annotations for
images in X7. Active HOI detection aims to develop a sampling criterion that can identify a
subset of data from &7, with a fixed budget b to be annotated with an oracle and added to Dy,
such that the HOI detection model trained with data in the updated labelled pool can achieve
the most desired performance. Given a labelled image © € R***W in X where H is the
height and 1V the width, one or more HOI pairs can exist and be annotated. The annotation of
each HOI pair is composed of a normalized human bounding box b € [0, 1]*, a normalized
object bounding box b(® € [0, 1]*, a one-hot object category label ¢ € {0, 1}, and the
interaction label v € {0, 1}Na“, where the boxes are normalized based on H and W, N,
denotes the number of possible object categories, and N, denotes the number of possible
interaction categories. For simplicity, we adopt the widely used HOI detector QPIC [152] as
our baseline model f(-). It is worth noting that the proposed ActiveHOI framework makes no

assumptions about HOI detectors and can be easily generalized to other HOI detectors.
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6.3.2 Foreground Masking

As depicted in Fig. 6.1, the HOI detection process may inadvertently rely on spurious
background features rather than focusing on the relevant humans and objects. This dependence
on spurious background elements can introduce noise and inefficiency into the active sampling
process. To mitigate this issue, we propose a novel approach involving the masking of
foreground boxes. foreground masking involves masking out the detected objects and humans
within an image, preserving the surrounding background. By concealing the foreground
objects and humans, we can produce HOI detection results that are solely based on the
background features. By computing the similarity between predictions from the original
image and the masked image, we estimate the impact of background features in the HOI
detection process. In the active sampling process, we aim to avoid selecting images that

contain spurious backgrounds for HOI detection.

With an image x as input, the output predictions can be generated by the HOI detection
model f(-) as f(x) = {b(h , 50)7 é;,a;}N, where b(h) and b °) are predicted normalized
bounding boxes, &; € [0,1]* is the predicted object category, a@; € [0, 1]* is the predicted
interaction label, and NN, stands for the number of proposed HOI pairs. We can mask the
foreground objects and humans in & based on the predicted boxes th) and IA)EO). The masking
strategy is inspired by HaS [147]. For each predicted bounding box b, we first divide it into
patches of size S x S where S is a predefined positive value. We randomly apply a mask
M € {m,1}3>**Wto 2 with a probability p to mask each patch. Note that the mask value
does not differ across channels, therefore we merge the channels and get M € {m, 1}>*H>W,
Also, m stands for the masking coefficient which is a fixed value in the range of [0, 1), where
a smaller m indicates a stronger masking effect. p is a fixed probability hyperparameter The
masking process can be summarized as & = x HNt M M °) , where M, (") and M stand
for the masks generated from the human box and the object box of the :-th HOI pair. While
previous image masking works [147, 16, 28] typically utilize a solid mask with m = 0, we opt
for transparent masks with m > 0. The rationale behind this choice stems from the existence
of outlier boxes that fail to accurately localize any object or human. Solid masks would treat

the outliers and the appropriate predicted boxes equally by masking out the selected patches
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FIGURE 6.3: Illustration of the proposed foreground masking technique. (a)
shows one predicted bounding box. (b) shows how box masking is conducted
on the predicted box in (a). (c) shows multiple predicted bounding boxes in
the image. And (d) shows the result of a complete box masking effect with
overlapped masks from multiple predicted boxes.

with the probability p. Recall that we conduct box-level masking and the HOI detection
models commonly generate numerous (tens or hundreds of) bounding boxes that overlap with
each other within one image. Outliers have a lower chance of overlapping with each other.
Therefore, the transparent masking strategy provides more robustness against outlier boxes
by masking out more of the overlapped areas. We illustrate the box masking technique in
Fig. 6.3 with m = 0.5. From the figure, it could be noticed that although each masked patch
may not eliminate a significant amount of information from the original image, the multitude

of overlapping bounding boxes contributes to creating a compelling masked image.

With the masked image x prepared, we can proceed to compute the similarity between the
predictions from the original image  and that from the masked image « to avoid including
too much spurious background information in active sampling. The underlying assumption
is that if an image yields comparable HOI detection predictions with or without foreground
objects and humans masked, it indicates a heavy reliance on background features for the
prediction. Consequently, during active sampling, our focus is on selecting images where
applying foreground masking leads to lower prediction similarity, indicating less reliance
on background features. The computational methodology for prediction similarity will be

elucidated in the subsequent subsection.
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6.3.3 Foreground Masked Similarity

We evaluate the similarity between the predictions from the original image « and that from
the foreground masked image & as follows. Initially, the predictions f(x) can be treated as
pseudo annotations. Given that the HOI detection model f(-) generates in total 2 - N; human
and object boxes in total, redundancy reduction is crucial. Thus, we filter the predictions,
retaining only the confident ones. To conduct filtering, we break each predicted HOI pair
{th), BEO), é;, a;} into N, HOI relationships {th), BEO), i, };V:“{ where a;; is a scalar score
that stands for the prediction score of interaction j in the ¢-th predicted HOI pair. We keep
only the top- K confident HOI relationships for the pseudo annotations, where K is predefined.
The confidence score is computed as y;; = max{¢; }a,;, where max{¢;} finds the largest
predicted object score. Since the interaction score is split into individuals during this filtering
process, there will be /V; - N, confidence scores computed. If an HOI relationship in the
1-th HOI pair is among the top- K’ confident relationships, we keep its index in a filtered set
F;. Then we need to match the masked bounding boxes, b € [0,1]* and b® € [0,1]*,
generated via f (&), to the pseudo boxes b© and b™ after filtering. We compute the pairwise
generalized IOU of boxes in f(&) and boxes in f(x) and denote with GIoU(-, -). The box
matching score for the i-th pseudo HOI relationship and the e-th masked HOI relationship is
computed as:

aie. = 0(GloU (", b™) - GIoU(b”), b)), 6.1)

where 6(q) = ¢ - 1,>,, represents a filtering function that eliminates the box matching scores
for box pairs that have GloU scores lower than a threshold g,. The object similarity score is
computed as:

ohny = max{é&;}1 { (6.2)

arg max{e, }—arg max{é.} |’
where ¢, stands for the category scores computed for the object in the e-th masked HOI pair,
and ¢; is the category scores for the object in the i-th pseudo HOI pair. It represents the object
prediction confidence. The similarity computation for the interactions is more complex since
each HOI pair can represent multiple interactions. We compute N,, = ||F;|| which is the
number of HOI relationships kept for the ¢-th HOI pair. We then compute the interactions

of the top-N,,, interaction scores in a. and keep the indices in F.. The interaction similarity
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Algorithm 5 Greedy k-Center in ActiveHOI
Data: datasets D;, and Dy,
Hyperparameter: the budget b, the diversity coefficient 9
Model: feature extractor ¢(-) of the HOI detection model
Function: the Euclidean distance function d(-)
Find r = arg maxy,cp, Ming, cp, d(d(x:), d(xy))
Initialize and update the unlabelled subset Dj, = {x,.}
while || D} || <0 -bdo
Find r = arg maxg,ep,, /p;, Ming, ep, up;, d(¢(x1), (k)
Update the unlabelled subset D, = Dj, U {x, }
end while
: Return the unlabelled subset Dy;

NN R

score is computed as:

ie 1 ~
Ooe =7 D GioLgery (6.3)

@i geF;

To better explain this function, we provide a numerical toy example. Suppose in the -th
pseudo HOI pair, 5 HOI relationships with relatively high prediction confidence are kept in ;.
We then find the interactions in the e-th masked HOI pair that have the top-5 scores. We keep
the matched interactions and compute the weighted average with the pseudo HOI interaction
scores as weights to include the prediction confidence. The similarity score o for the i-th

pseudo HOI pair in f(x) and the e-th masked HOI pair in f(&) is computed as:

0" = oy (0ohy + 00 (6.4)

For each masked HOI pair, we find the largest matching score 0¢ = max;{c%}. The image

e - N
similarity between x and & is computedas o = ) .| 0°.

6.3.4 Diversity-Driven Sampling

To maintain diversity within the selected images, we introduce a diversity-driven sampling
process as follows. With the similarity score o computed for all unlabeled data in Dy, we
can directly select images that produce the b smallest similarity scores. However, in the
batch active sampling setting, sampling based on per-image informativeness may lead to
informative but redundant unlabeled images being selected. To avoid this, we can introduce

data diversity during sampling. A simple solution is to sample from a random subset of the
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Algorithm 6 ActiveHOI

Data: datasets D, and Dy

Hyperparameters: the diversity coefficient 9, the budget b, the number of active cycles

Nctive, the number of proposed HOI pairs V;
Model: the HOI detection model f(-)

1: for active round 1 to N,give dO

2:  Train the HOI detection model f(-) with labelled data in Dy,
3:  Find an unlabelled subset Dy, of size ¢ - b to ensure data diversity.
4. for each unlabelled image x € Dy; do
5: Predict psuedo HOI pairs f(z) = {b| (h, b§0 | &;,a; 2, for the original .
6: Mask x according to foreground masklng 1n Subsec. 6.3.2 to get &
7 Predict masked HOI pairs f (&) = {b(h : Z °) &, @}V, for the masked &
8 for Masked HOI pair e = 1 to V; do
9: for Pseudo HOI pair 7 = 1 to /V; do
10: Find F; according to Subsec. 6.3.3
11 if || F;|| > O then
12: Compute the box matching score o€ using Eq. (6.1)
13: Compute the object similarity score aobJ using Eq. (6.2)
14: Compute the interaction similarity o5, using Eq. (6.3)
15: Compute the overall similarity score 0% using Eq. (6.4)
16: end if
17: end for
18: Find the similarity score 0¢ = max;{c%} between masked pair ¢ and the most
matched pseudo pair.
19: end for
20: Compute the image similarity o = ZNtl o¢ between x and x for sampling
21:  end for
22:  Send b unlabelled images with the smallest ¢ to the oracle for annotation
23:  Remove the annotated data from D;; and add to Dy,
24: end for

25: Return updated D, and Dy,

unlabelled pool [5, 185], denoted as Dy;. The size of the unlabelled subset is ¢ - b, where ¢

represents an integer-valued diversity coefficient and 0 is the sampling budget as mentioned

above. Alternatively, we can also find the unlabelled subset Dj; using a greedy k-center

algorithm [dasgupta2004analysis, 140] to improve the sampling diversity. The steps are

summarized in Alg 5. The complete sampling process is summarized in Alg. 6. The image

similarity score not only shows the latent spurious features carried in an image but also

integrates the uncertainty of predictions.
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6.4 Experiments

6.4.1 Implementation Details

We conducted comprehensive experiments on the HICO-DET dataset [13] and the V-COCO
dataset [52, 101], following the standard evaluation protocol. HICO-DET comprises 38, 118
images for training and 9, 658 images for testing. Each image is annotated with labels from
Nopj = 80 object classes and N, = 117 interaction classes. For the active sampling setting,
we initially start with 1, 000 labelled images. The budget b is also set to 1,000. We repeat
the active sampling process until the labelled pool reaches 5,000 (Nyeive = 5). V-COCO
comprises 5, 400 images for training and 4, 946 images for testing. Each image is annotated
with labels from Ny, = 80 object classes and N, = 26 interaction classes. For the active
sampling setting, we initially start with 250 labelled images. The budget b is also set to 250.

We repeat the active sampling process until the labelled pool reaches 1,250 (Nycive = D).

QPIC [152] is adopted for the HOI detection model f(-). The model undergoes pretraining
using images sourced from the COCO dataset [101]. The pretraining is conducted separately
for HICO-DET and V-COCO, ensuring that there is no overlap between the images used
for pretraining and those used for HOI detection. We use ResNet-50 [56] as the backbone
model. The model is trained for 100 epochs with batch size 8 on 4 NVIDIA Tesla V100 GPUs.
The number of predicted HOI pairs follows QPIC to be N; = 100. The hyperparameters for
box masking are set to m = 0.9, p = 0.1, and S = 20. To filter out the less confident HOI
relationships, we set ' = 100 and ¢y = 0.5. For diversity in sampling, we set the diversity

coefficient as 6 = 10.

6.4.2 Results

We compare our ActiveHOI with 5 other active sampling strategies and show the results in
Table 6.1. The training process remains the same for all strategies. (I) Random sampling
is just randomly sampling from the unlabelled data pool for annotation. (II) Margin [5],

Entropy [142], and LL4AL [185] fall into the uncertainty-based active learning category.
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TABLE 6.1: Comparing results from ActiveHOI with the results from previous
active learning baselines. N, = ||D|| represents the number of data points
in the labelled pool. The best result numbers are in bold and the second best
result numbers are underlined.

HICO-DET
Methods Ny =1,000| N, = 2,000 | N, = 3,000 | N, = 4,000 | N, = 5,000
Random 13.32 15.66 16.82 18.21
Margin [5] 13.02 14.60 15.71 17.18
Entropy [142] 12.70 14.89 16.59 16.93
LL4AL [185] 11.33 13.16 16.03 17.19 18.42
CoreSet [140] 14.01 16.38 17.33 18.52
ActiveHOI 13.95 16.42 17.75 19.21
ActiveHOI-diverse 14.96 16.92 18.26 20.17
V-COCO
Methods N, =250 | N, =500 | N, =750 |N,=1,000|N,=1,250
Random 18.48 20.47 23.69 30.18
Margin [5] 20.42 21.28 26.99 33.55
Entropy [142] 20.97 22.12 27.27 34.61
LL4AL [185] 15.15 16.37 17.46 24.48 30.36
CoreSet [140] 16.45 18.4 22.50 30.72
ActiveHOI 22.74 24.60 28.73 35.14
ActiveHOI-diverse 16.33 20.11 26.41 32.3

Margin means to actively sample data that generate small margin scores. The margin score for
one object box in each image is computed as the highest object prediction score subtracting
the second-highest one. The margin scores for all object boxes are averaged to become
the image margin score for sampling. Smaller margin scores indicate lower confidence and
higher uncertainty in predictions. The entropy score is similarly averaged but higher values
are favoured instead. Note that the predicted interaction scores cannot be used to compute
uncertainty since one pair of a human and an object can have multiple interactions involved.
To sample with entropy scores, we select images that produce high entropy scores which
indicate high uncertainties. LLL4AL is a special type of uncertainty-based active learning
method that predicts the training loss of each image with an extra module. (III) CoreSet [140]
is a diversity-based active learning method that selects data with features spanning over the
space. For our approach, we present two sets of results, *ActiveHOI’ denotes the outcomes

obtained by randomly selecting the unlabelled subset Dj,, while * ActiveHOI-diverse’ signifies
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the results achieved by incorporating additional diversity through sampling the unlabelled

subset Dj; using a greedy k-center algorithm. Further details can be found in Subsec. 6.3.4.

According to the HICO-DET results presented in Table 6.1, our ActiveHOI-diverse outper-
forms all other baselines, including our own ActiveHOI, except for CoreSet with N, = 2, 000.
Our ActiveHOI falls short only in comparison to CoreSet at this specific label pool size.
The reason for this discrepancy may lie in the relative importance of data diversity when
the labeled data pool is smaller. It is noteworthy that conventional uncertainty-based meth-
ods, such as margin and entropy scores, fail to produce satisfactory results, especially when
compared to random sampling. This inadequacy could stem from their inability to consider
data diversity effectively. Margin scores and entropy scores may tend to favor certain objects
without adequately considering similarities among images. Moreover, solely relying on object
prediction scores may not fully capture the informativeness of complex images containing
humans, interactions, and surrounding scenes. Consequently, margin scores and entropy
scores might select data that lack both individual informativeness and collective diversity. In
contrast, LL4AL achieves superior results by incorporating multiple components of the image

in the loss prediction process.

The results for V-COCO are also depicted in Table 6.1. In contrast to the HICO-DET findings,
ActiveHOI outperforms all other methods, while ActiveHOI-diverse does not perform as
well. Interestingly, conventional uncertainty-based methods yield competitive results in
this context. Conversely, LL4AL, CoreSet, and our ActiveHOI-diverse exhibit suboptimal
performance. These discrepancies may arise from the differing characteristics of the datasets.
HICO-DET boasts a significantly larger training data size compared to V-COCO (38k vs.
5k), indicating that V-COCO places less emphasis on data diversity during active sampling.
Moreover, LL4AL, CoreSet, and our ActiveHOI-diverse are all heavily reliant on the feature
extractor of the HICO detection model. LL4AAL predicts loss using the extracted features,
while CoreSet and ActiveHOI-diverse compute Euclidean distances for data diversity based
on the extracted image features. This suggests that the feature extractor trained with V-COCO
may not perform as effectively as that trained with HICO-DET. In other words, classifiers for

V-COCO play a more crucial role in HOI detection, possibly because the object classifier for
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V-COCO is easier to train with a smaller label space. Additionally, the smaller pretraining set
for V-COCO, resulting from the exclusion of overlapping images, could also contribute to

these disparities.

6.4.3 Ablation Studies

To evaluate our proposed methods, we conduct ablation studies on HICO-DET to validate the
design of each component. To better analyze each module, we conduct all but one ablation

experiment with ActiveHOI. We analyze the diversity coefficient § with ActiveHOI-diverse.

TABLE 6.2: Ablation studies on ActiveHOI by using different masking strategies.

Masking Strategy Ny, =1,000| Ny, =2,000| N, =3,000| N, =4,000 | Ny, = 5,000
Random full 13.90 15.58 16.46 17.49
Random box 11.33 13.23 15.57 17.13 18.47
Foreground box (ours) 13.95 16.42 17.75 19.21

Masking strategy. ActiveHOI adopts a unique foreground masking technique which masks
repeatedly according to the pseudo bounding boxes and achieves satisfying experiment results.
However, could the performance gain be coming from the noise caused by masking instead of
from the deliberate removal of foreground instances? Hence we design this experiment which
replaces the foreground masking strategy with two random masking strategies. ’Random
full’ represents the masking strategy where we mask randomly on the whole image instead
of within boxes. "Random box’ stands for another masking strategy where we mask within
randomly located boxes. We still use the sizes of the pseudo boxes to retain the intensity of
masking. But we randomly change the location of the masks so that they do not deliberately
mask the foreground instances. The results are shown in Table 6.2. Our foreground masking
strategy outperforms the two random masking strategies with a clear margin. Furthermore,
random box masking outperforms random full masking, possibly because of the retained

masking intensity, demonstrating the reasonability of our masking strategy.

Components in ¢ computation. We analyze the components in computing the similarity

score o and show the results in Table 6.3. We progressively remove opox, Tobj, and o
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TABLE 6.3: Ablation studies on ActiveHOI by removing components in the
similarity score computation.
Obox | Tobj | Tact | Nz, = 1,000 | Ny, = 2,000 | N, = 3,000 | Nz, = 4,000 | N;, = 5,000
v 13.41 15.56 16.92 18.45
v 11.33 13.47 15.77 17.10 18.56
v | Vv ) 13.52 15.97 17.03 18.89
v I V|V 13.95 16.42 17.75 19.21

to assess their individual contributions. Starting from the bottom of the table and moving
upwards, removing oy,x means that we no longer favour larger overlaps while matching
the masked HOI pairs to the pseudo HOI pairs. Additionally, box overlaps are disregarded
during active sampling. Results show that o0, is indispensable. Without o, and oy
respectively, the performance also dropped. Removing o, incurred a more significant
degradation in performance compared to removing o, possibly because o, computes from
multiple predictions of interactions and contains more useful information than o,,;. This
experimentation underscores the necessity of each component in the design of o computation.

TABLE 6.4: Ablation studies on ActiveHOI by using a simple similarity computation.

Masking Strategy | N, = 1,000 | N, = 2,000 | N, = 3,000 | N = 4,000 | Ny = 5,000
Feature-wise 11.33 13.52 15.78 17.01 18.57
ActiveHOI (ours) ) 13.95 16.42 17.75 19.21

Similarity computation.

We also experiment by replacing the similarity o computation

with a simpler similarity computation where we simply compute the Euclidean distance
between features extracted from the original image and the masked image. The results are
shown in Table 6.4. Our ActiveHOI with a comprehensive similarity outperforms the simple
feature-wise similarity. The results further verify that the similarity computation should
include multiple components, bounding boxes, object labels, and interaction labels, in images.
Extracted image features do not carry enough information for effective active sampling.

TABLE 6.5: Ablation studies on the diversity coefficient 6 for ActiveHOI-diverse.

Diversity | N;, = 1,000 | N, = 2,000 | Nz, = 3,000 | N, = 4,000 | N, = 5,000
e 15.01 17.06 18.89 19.71
0=10 11.33 14.96 16.92 18.26 20.17
0=15 14.11 16.49 18.12 19.70
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TABLE 6.6: Results on HICO-DET from using different values of the masking
coefficient m and the masking probability p. ActiveHOI is used for the

experiments.
m | p | Np =1,000 | N =2,000 | Ny =3,000 | N, =4,000 | N =5,000
0.1 0.1 12.68 15.32 17.69 17.78
0.1]0.5 12.81 16.02 16.99 18.45
0.10.9 13.34 15.22 16.60 18.75
051 0.1 12.94 15.18 17.31 18.88
05105 11.33 12.86 15.57 17.11 18.30
05109 13.18 15.73 16.76 18.44
091 0.1 13.95 16.42 17.75 19.21
09105 13.13 16.26 17.34 18.95
0909 12.59 15.37 16.14 18.22

Diversity coefficient. We analyze ActiveHOI-diverse by conducting experiments with
various values of the diversity coefficient 6. Our findings indicate that using 6 = 5 and
0 = 10 yields better results compared to using 6 = 15. A smaller ¢ value imposes a stronger
constraint on data diversity during sampling, while larger § values ease this constraint. There
is a trade-off between the sampled data diversity and the individual informativeness of each

sampled data point. Given its superior performance with N, = 5,000, we opt for 6 = 10.

Masking Intensity. While conducting our foreground masking, the values of the masking
coefficient m, how much information in each patch is kept, and the masking probability p,
the probability of a patch within a bounding box being masked, should be carefully chosen.
With the value of m increasing, more information is kept after each masking. With the
value of p increasing, more patches are masked for each bounding box. After conducting the
experiments with 9 pairs of m and p values, with results shown in Table 6.6, we found that
m = 0.9 and p = 0.1 can produce the most satisfying results. m = 0.9 and p = 0.5 ranks the
second in performance. The underlying reason could be that using smaller values of m might
reduce the robustness of the method. Outlier boxes could affect the masking when m adopts
smaller values. For example, to reduce the information in a pixel to 10% of the original one,

m = 0.1 takes only one mask, m = 0.5 takes 4 masks, and m = 0.9 takes 22 masks. The
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TABLE 6.7: Results on HICO-DET from using different values of the masking
grid size S. ActiveHOI is used for the experiments.

S | N, =1,000 | N, =2,000 | N, =3,000 | N, =4,000 | N, =5,000
10 13.87 16.29 17.91 19.02
20 13.95 16.42 17.75 19.21
30 11.33 13.67 16.34 17.23 18.98
40 13.25 15.83 16.89 18.74
50 13.52 15.76 17.08 18.81

TABLE 6.8: Results on HICO-DET from using different values of K for
keeping the top-K pseudo HOI relationships. ActiveHOI is used for the

experiments.

K | N, =1,000 | N, =2,000 | N, = 3,000 | N, =4,000 | N, = 5,000
50 14.03 16.10 17.21 18.79
100 13.95 16.42 17.75 19.21
200 H.33 13.47 16.24 17.51 19.03

00 13.11 15.98 17.22 18.45

value of p also controls the intensity of masking, similar effects apply. Therefore, we choose
m = 0.9 and p = 0.1 for our ActiveHOI.

Masking Grid Size. Another topic to be studied is the grid size used for masking. The
grid size also affects the masking intensity. A larger grid size implies more intensity in
masking because larger grids make it harder to discern the masked patches from neighbouring
patches, despite maintaining the overall masked area constant regardless of the grid size. We
conduct experiments for 5 different choices of the grid size S and show the results in Table 6.7.
Generally, using smaller grid sizes leads to better experiment results. Consequently, based on

these results, we select S = 20 for our ActiveHOI based on the results.

Top- K Confident for Filtering. We also investigate the impact of selecting different values
for K when constructing each filtered set /. Specifically, we experiment with top-50, top-100,
and top-200 confident pseudo HOI relationships in filtering. Additionally, we explore the

scenario with no filtering, denoted by K = oo, as shown in Table 6.8. The results show
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TABLE 6.9: Results on HICO-DET from using different filtering techniques.
ActiveHOI is used for the experiments.

Filtering | Ny = 1,000 | Ny = 2,000 | Np = 3,000 | N =4,000 | Ny = 5,000

NMS 1133 13.34 15.81 17.23 18.36
Confidence ' 13.95 16.42 17.75 19.21

that smaller K values can lead to better performance when the labelled pool is relatively
small, and larger K values perform better with larger labelled pools. It is not difficult to
infer that when the model is not powerful enough, the confidence in prediction is low, hence
a smaller K is favoured. Similarly, with a more powerful model, a larger K is preferred.
Furthermore, eliminating the filtering process does not yield satisfactory results, likely due to
the introduction of noise from predictions with low confidence. Based on these insights, we

select X = 100 for our ActiveHOI method.

Non-Maximum Suppression for Filtering. In addition to our confidence-based filtering
technique, we can also employ non-maximum suppression (NMS) to filter the pseudo HOI
pairs. To conduct NMS, we iteratively remove HOI pairs that overlap with others and exhibit
lower confidence in prediction. Overlapping is determined by a generalized IoU threshold
of greater than 0.5 for both the human and object boxes compared to another pair. And the
confidence is represented by the largest object classification score for each object box. The
results are shown in Table 6.9. Our confidence-based filtering outperforms NMS. The possible
reason is that our confidence score considers both the interaction prediction score and the

object classification score.

6.5 Future Work

This work opens up several promising avenues for future research. One direction involves
extending the proposed method to video-based HOI detection, where temporal dynamics play
a crucial role. Incorporating temporal factors into the active sampling process could enhance
the model’s performance in capturing dynamic interactions over time while still controlling

annotation costs. Additionally, the integration of our active HOI detection approach with
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weakly-supervised learning techniques presents another promising area for exploration. By
leveraging weakly-supervised annotations alongside active learning, we could further reduce
annotation costs while maintaining satisfying performance. This integration between active
and weakly-supervised learning methodologies could offer substantial benefits in real-world

applications of HOI detection.

6.6 Conclusion

In this work, we delved into the active Human-Object Interaction (HOI) detection problem,
which endeavours to enhance HOI detection models by selecting informative unlabeled data
for annotation. This task involves actively annotating informative unlabelled data to improve
localizing and recognizing human-object pairs within images, presenting significant chal-
lenges due to the diverse components and complex scenes depicted in the imagery. To address
these challenges, we employed a foreground masking technique to avoid spurious features
alongside a comprehensive similarity computation approach for sampling. Our experimental
evaluation was carried out on two widely recognized HOI detection benchmarks, where we
compared the performance of our proposed approach against state-of-the-art active learning
methods. Through extensive experimentation and analyses, we demonstrated the effectiveness
and superiority of our method. Our study contributes novel insights and methodologies to
active HOI detection, offering practical solutions to address the challenges posed by complex

images.



CHAPTER 7

Conclusion

7.1 Summary

The thesis delved into the multifaceted challenges posed by data insufficiency in various
learning tasks within the realm of deep learning. Through a comprehensive exploration of
attribute-based person search, privacy-preserving active learning methodologies, and active
HOI detection, we have contributed novel insights and methodologies to address these pressing

iSsues.

The thesis first proposed SAL for attribute-based person search. SAL preserves finely-grained
discriminative information and generates more reliable synthetic features to augment the
common embedding space. SAL effectively synthesizes visual representations of unseen
classes, making it more robust in zero-shot retrieval scenarios commonly encountered in
real-world person search tasks. Additionally, SAM, an extension of SAL, was proposed to

enrich the sparse feature space and to bridge the semantic gap between modalities.

Furthermore, the thesis introduced the Peer Study Learning (PSL) framework for responsible
active learning, which simultaneously prioritizes data privacy preservation and model stability.
By employing a teacher-student architecture and a novel learning paradigm, PSL achieves
superior results over existing active learning methods across both sensitive protection settings
and standard benchmarks. The thesis also provided another aspect in addressing efficient
active sampling together with data privacy preserving. We proposed the Knowledge-Aware
Federated Active Learning (KAFAL) method to address the federated active learning problem.

KAFAL effectively mitigates discrepancies arising from non-IID data distributions among
111
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client-server models, thus ensuring the robustness and performance of global models in

decentralized learning scenarios.

The thesis also explored active learning in special applications. We introduced the active
Human-Object Interaction (HOI) detection problem, which endeavours to enhance HOI
detection models by selecting informative unlabeled data for annotation. This task involves
actively annotating informative unlabelled data to improve localizing and recognizing human-
object pairs within images, presenting significant challenges due to the diverse components
and complex scenes depicted in the imagery. To address these challenges, we employed a
foreground masking technique to avoid spurious features alongside a comprehensive similarity

computation approach for sampling.

In conclusion, the thesis explored and addressed the data insufficiency problem in deep
learning from mainly two streams. One is via data augmentation to tackle the unseen possible
data. Another is to optimally use the limited annotation budgets to tackle the insufficiency of

data labels.

7.2 Future Studies

The issue of data insufficiency in deep learning has long been a focal point of study, and
while this thesis has addressed a subset of this vast topic, there remains ample room for future

exploration.

With the emergence of high-quality image generation models like those discussed in recent
literature [136], there arises an intriguing shift in perspective. Rather than solely focusing on
how to generate unseen data, it may be prudent to consider what to generate. This opens the
door to innovative approaches that combine active learning techniques with the generation
of novel data. Future investigations could delve into the challenge of generating informative

data with specific annotations, presenting an exciting avenue for further research.

Moreover, the evaluation of active learning methods poses a persistent challenge within the

research community. Presently, researchers often devise their own data splits for training,
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sampling, and evaluation, leading to inconsistencies and inefficiencies in comparison across
studies. Addressing this issue is crucial for advancing the field in a more streamlined and
environmentally sustainable manner. Future studies could explore novel approaches to
standardize and streamline the evaluation process, facilitating fair and efficient comparisons
between different methodologies. This would not only save time and resources but also foster

greater progress within the research community.

Another promising avenue for future research lies in establishing upper bounds for the
performance of active learning across different benchmarks. While it’s widely acknowledged
that active learning provides benefits over passive learning strategies, the extent to which
active learning can improve performance varies depending on the dataset characteristics.
Future work could seek to determine the maximum potential improvement that active learning
can offer for datasets with varying distributions. For instance, in datasets with more uniformly
distributed samples, the utility of active learning may diminish compared to datasets with
highly imbalanced distributions. The label space of different datasets may also affect the
performance upper bound, even with the same images. Finding a way to quantify the potential
for active learning in different datasets could be helpful. This understanding can inform the
development of more tailored and effective active learning strategies, particularly for datasets

where the benefits of active learning are less pronounced.
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