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Abstract

The test error of deep learning models often follows a power-law decrease with the
increase of training data and model size. A powerful model requires collecting a
significant amount of training data. Data collection, especially the labeled data, is
expensive and labor-intensive. It hinders the application of deep learning models
in many fields, especially those requiring specialized knowledge such as medical and
other research domains. The recent development of pre-training techniques has paved
the way to alleviate this issue. Self-supervised pre-training produces a valuable feature
extractor without any annotations. Subsequently, the pre-trained model is applied to
specific tasks of interest by fine-tuning with labeled data. The pre-training fine-tuning
framework significantly reduces the demand for human annotations and accelerates
model convergence, gradually replacing training from scratch as the main approach
in deep learning training. However, as pre-training cannot leverage unlabeled data
to enhance the task head (such as the classifier head) and the pre-trained features
may differ from those suitable for the target task of interest, simple fine-tuning still
necessitates a considerable amount of labeled data.

To address this issue, we propose to integrate active learning and semi-supervised
learning on top of pre-training. Combining pre-trained models with active learn-
ing introduces challenges such as intensified phase transitions and increased training
costs. The intensified phase transition implies that the types of samples to be se-
lected change rapidly with the alteration of annotation quantity, so existing methods
are effective only within a limited budget range of labeled data. To tackle this, we
introduce a novel active learning strategy, Neural Tangent Kernel Clustering-Pseudo-
Labels (NTKCPL), which allows active learning to directly estimate the model’s
empirical risk in the active learning pool. Additionally, based on the analysis of
estimation errors, we propose a pseudo-label generation method to reduce the es-
timation error. Experimental results demonstrate that our approach outperforms
existing methods and has a wider effective labeling budget range. Furthermore, since
pre-trained models often large scale and require significant time to train, combin-
ing them with active learning significantly increases computational time. Therefore,
we propose a new efficient active learning framework that improves active learning
accuracy by aligning training methods and active learning features. Experiments



Abstract iv

show that our method significantly reduces computation time without increasing the
overall costs (sum of annotation and computational costs) compared to the standard
active learning. Moreover, to further diminish the need for manual annotations, we
introduce Active Self-Semi-Supervised Learning (AS3L). By comprehensively utiliz-
ing pre-training weight initialization, active sample selection, and semi-supervised
learning guided by prior pseudo-labels, we greatly enhance the model performance
when dealing with limited labeled data (an average of 1-4 samples per class).
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If a model works well with few annotations,
it is by standing on the shoulders of pre-training.
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Glossary

Label-efficient learning refers to any training methods aiming at minimizing the
need for human annotations while training a powerful machine learning model.

Phase transition This phenomenon occurs in active learning, where most active
learning strategies that outperform a random baseline with a small number of
labels may become inferior to a random baseline when the total number of labels
is large, and vice versa.

Effective budget range The range of labeled samples over which active learning
strategies outperform a random baseline.

High-budget refers to situations with lots of labeled samples.
Low-budget refers to situations with a limited total number of labeled samples.

Look-ahead strategy refers to active learning strategies that select new samples
based on the outputs of models trained with candidate-labeled samples.



Chapter 1

Introduction

1.1 Motivation

Deep learning models have significantly enhanced machine understanding of vari-
ous types of inputs, including vision (Dosovitskiy et al., 2020; He et al., 2016), lan-
guage (Wolf et al., 2020), speech (Mehrish et al., 2023). However, alongside the
acknowledgment of the capabilities of deep learning models, practitioners have noted
that the performance of these models is closely tied to the scale of training data and
models (Alabdulmohsin et al., 2022; Tay et al., 2021). Specifically, the test error of
the model follows a power-law decrease with respect to the training data and model
size (Hestness et al.; 2017). In contrast to human learners, deep learning models
often require substantial training data to exhibit generalization. The acquisition of
large amounts of data, especially annotated data, is expensive and time-consuming.
In fields such as medicine (Zhang et al., 2022c¢), wildlife (Tuia et al., 2022), or marine
research (Alonso et al., 2019), where annotations often require specialized knowledge,
the cost of labeling is prohibitively high. The scarcity of labeled data restricts the

application of deep learning models in these domains.

To reduce the dependence of deep learning models on human annotations, the research
community has explored various methods, such as pre-training and fine-tuning, ac-

tive learning, and semi-supervised learning. These approaches have demonstrated
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success in reducing the demand for labeled data. However, as the total amount of
annotations decreases, these methods may lead to unstable training or fail to signif-
icantly improve the model’s generalization performance (Kim and Lee, 2022; Mittal
et al., 2019). For example, active learning typically requires a large initial pool of
labeled samples to bootstrap the model, enabling it to generate high-quality feature
representations or uncertainty estimations (Hacohen et al.; 2022; Yuan et al., 2020).
Semi-supervised learning also relies on labeled data to bootstrap, and limited labels
result in noisy pseudo-labels. Training on these inaccurate labels further degrades
model performance. Moreover, pre-training and fine-tuning methods can generate a
valuable feature extractor without the need for labeled data. However, when fine-
tuned for a specific task with limited annotations, the initially well-trained feature
extractor may become distorted, leading to a degradation in the model’s generaliza-

tion performance as the number of annotations decreases.

Individually applying active learning, semi-supervised learning, or pre-training tech-
niques struggles to further reduce the reliance on human annotations for training.
However, these methods exhibit complementary characteristics, suggesting that their
combination holds promise for improving label efficiency. For example, the difficulty
in generating high-quality feature representations and reliable uncertainty estimates
with limited labels is a key limitation of both active learning and semi-supervised
learning. Pre-training, by contrast, can provide high-quality feature representations

without any human annotations, thereby addressing this issue.

Nevertheless, integrating these techniques is far from straightforward (Mittal et al.,
2019). Simple combinations of active learning with pre-trained models or semi-
supervised learning often result in performance degradation (Bengar et al., 2021;
Chan et al., 2021; Hacohen et al., 2022). Combining pre-training and semi-supervised
learning through weight initialization improves final performance when there are an
adequate number of annotations (Kim et al., 2021a). However, as the number of
annotations decreases, it becomes challenging for semi-supervised learning to benefit
from pre-training weight initialization (Wen et al., 2025). In other words, while these

methods intuitively complement each other and have the potential to further reduce
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the need for annotations through integration, this combination introduces unique

challenges that are worthy of further exploration.

Motivated by this, this thesis aims to address the unique challenges that arise during
the integration of these methods, ensuring that the combined approach benefits from
pre-trained models, active learning, and semi-supervised learning. Consequently, we
show that leveraging both annotated and unlabeled data improves the model’s per-

formance under the scenario of limited labeled data.

Self-supervised pre-training can generate valuable feature representations without re-
lying on labeled data. These representations provide a rich feature space that can
complement active learning and semi-supervised learning, particularly when labeled
data is scarce. As a result, self-supervised pre-trained models serve as a strong foun-
dation for integration. In this thesis, we propose active learning strategies and an
efficient active learning framework built on pre-trained models. Furthermore, we ex-
plore the integration of semi-supervised learning to enhance model performance under

conditions of extremely limited labeled data.

1.2 Problem Statement

The thriving development of self-supervised pre-training technology is steering label-
efficient learning away from the traditional training-from-scratch approach, moving
towards training on pre-trained models (Cai et al., 2021; Liith et al., 2023; Munjal
et al., 2022). This paradigm shift presents several advantages:

1. Effectiveness: Recent research has revealed that self-supervised pre-training mod-
els, followed by fine-tuning using labeled data, can yield faster training and higher
accuracy compared to training from scratch with labeled data (Feichtenhofer et al.,

2022).

2. Convenience: The combination of other label-efficient methods (active learning
and semi-supervised learning) and self-supervised pre-trained models is technically

straightforward. Through weight initialization, other methods can directly benefit
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from the pre-training. Moreover, various pre-trained feature extractors are readily

accessible (You et al., 2022) for practitioners to download and employ.

In this context, this thesis explores the unique challenges and suitable methods of
conducting label-efficient learning on top of pre-trained models. The key insight is
that different label-efficient learning methods help reduce the demand for annotation
from different and complementary perspectives. As illustrated in fig. 1.1, active learn-
ing explores the construction of informative labeled datasets but overlooks leveraging
unlabeled data for training. On the other hand, semi-supervised training and pre-
training fine-tuning focus on utilizing unlabeled data to enhance models but neglect
the selection of valuable labeled data. Integrating the strengths of these methods has

the potential to further reduce the demand for human annotations.

Furthermore, self-supervised pre-training can produce a valuable feature extractor
without any human labels. It serves as the cornerstone for other label-efficient meth-
ods such as active learning and semi-supervised learning. Thus, this thesis mainly

explores label-efficient learning methods on top of self-supervised pre-trained models.

Random init. Pre-trained init.
< < R < ey e Y <o
Self—s_up. --| Random Unlabeled |4-| Random Unlabeled | AL | Informative
Pre-training
labeled set set labeled set set labeled set
Fine = tuning Semi-sup.| training Supervised
training
Head Head Head
Feature Feature Feature
extractor extractor extractor
(a) Pre-train fine-tuning (b) Semi-supervised learning (c) Active learning

Figure 1.1 — The concept maps of the main label-efficient learning methods that
have appeared in the literature. (a) Self-supervised pre-training fine-tuning, where
the feature extractor is initially trained on all data, followed by fine-tuning the
entire model with labeled data. (b) Semi-supervised learning, involving training
the model from scratch using both unlabeled and randomly selected labeled data.
(c) Active learning, where the model is trained from scratch using actively selected
labeled data.
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1.3 Contributions

Given the rapid advancement of pre-training techniques and the abundance of avail-
able pre-trained models (which serve as feature extractors), utilizing pre-trained mod-
els has become an indispensable cornerstone for reducing the demands of human an-
notations and enabling the application of deep learning models in domains where
labeled data is expensive. To this end, this thesis focuses on conducting active learn-
ing and semi-supervised learning on top of self-supervised pre-trained models. The
overview of the thesis is shown in fig. 1.2. This thesis extensively investigates the new
challenges that arise in the integration of pre-trained models with active learning and
semi-supervised learning. These challenges include the narrowing effective budget
range in active learning, increased computational costs in active learning, and the
difficulty of effectively utilizing pre-training information in semi-supervised learning.

In response, the thesis proposes novel solutions tailored to address these challenges.

Ch.3&Ch.4!'Ch.5
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extractor Training Hoad
Prior ! Semi-sup. .
: learning  using all | Feafure
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Learning Iabelvlad set

Figure 1.2 — The overview of label-efficient learning on top of self-supervised pre-
trained models. Chapter 3 delves into the effectiveness of active learning when
employed with pre-trained models. Chapter 4 investigates the efficiency of active
learning in this context. Chapter 5 aims to enhance model performance by lever-
aging the advantages of pre-trained models, active learning, and semi-supervised
learning.

The main contributions are summarized as follows:

Effective active learning on top of self-supervised models (Chapter 3)

e We observe that the effective budget range of existing active learning strategies

significantly shortens when combined with self-supervised pre-training models.
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In other words, practitioners are unable to determine, for an unseen dataset,
which active learning strategy to choose to gain benefits (outperforming a ran-
dom baseline) for their annotation budget. We argue that this is due to the
inability of current active learning strategies to estimate the model’s empirical

risk in the active learning pool.

e We propose a novel active learning strategy with a wider effective budget range,
termed Neural Tangent Kernel Clustering-Pseudo-Labels (NTKCPL). This ap-
proach estimates empirical risk on the whole active learning pool using pseudo-
labels and NTK. To further reduce the estimation error of empirical risk in
NTKCPL, we conduct a thorough analysis of the approximation error and in-
troduce a pseudo-label generation method to mitigate it. Extensive experi-
ments demonstrate that our approach outperforms state-of-the-art active learn-

ing methods and exhibits a wider effective budget range.
Cost-aware efficient active learning (Chapter 4)

e To more accurately reflect the cost considerations in the practical use of active
learning, we propose a comprehensive evaluation metric. Specifically, we intro-
duce the sample saving ratio to indicate how many annotated samples an active
learning method can save compared to a random baseline. Building upon this,
we calculate the total cost, encompassing both the annotation costs and the

computational costs.

e We investigate existing efficient active learning frameworks that may lead to
performance degradation, leaving practitioners facing a dilemma between com-
putational efficiency and total cost. Through empirical analysis, we argue that
the issue might stem from the disparity between pre-training features and ac-
tive learning features. Consequently, we propose a novel efficient active learning
approach, aligned selection via proxy (ASVP). Experiments show that our pro-
posed ASVP saves similar or greater total costs in most cases compared to
standard active learning while having similar running time to efficient active

learning methods.
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Active self-semi-supervised learning (Chapter 5)

e We observe that when only limited labels are available, weight initialization
cannot effectively transfer self-supervised pre-training information to the semi-
supervised model, resulting in a sharp decline in the performance of semi-
supervised learning as the annotations decrease. Therefore, we propose a simple
yet effective semi-supervised training method that generates prior pseudo-labels,
PPL, through label propagation on pre-trained features. The PPL serves as an
intermediary to assist the semi-supervised model in inheriting valuable infor-

mation from self-supervised pre-training.

e To further improve the performance of the model in the context of extremely
limited annotations, we propose a new active learning strategy to improve the
accuracy of PPL. As a result, through the combination of active learning strat-
egy, PPL-guided semi-supervised learning, and weight initialization, we signifi-
cantly improve the model’s performance in scenarios with extremely few labeled

samples.

1.4 Outline

Chapter 2 introduces the research background and related works of this thesis, in-
cluding the self-supervised pre-training fine-tuning framework, active learning strate-
gies, semi-supervised training methods, and various combined approaches, such as
active semi-supervised learning, self-supervised semi-supervised learning. In addi-

tion, we have summarized the shortcomings of existing methods.

Chapter 3 explores the challenge of a shortened effective budget range in active
learning on top of pre-training models. We propose explicitly estimating the model’s
empirical risk in the active learning pool through NTK and clustering pseudo-labels,

significantly expanding the effective budget range of active learning.

Chapter 4 focuses on the challenge of efficiently conducting active learning on top

of pre-trained models. We propose a practical evaluation metric for efficient active
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learning: total cost. Furthermore, we analyze the reasons behind the inefficacy of
existing efficient active learning methods and propose a novel efficient active learning

method based on this analysis.

Chapter 5 focuses on the effective utilization of pre-trained models in semi-supervised
learning under conditions of extremely limited labeled data. We propose a new semi-
supervised learning framework that integrates the advantages of active learning, sig-

nificantly improving performance under conditions of extremely limited labeled data.

Chapter 6 concludes this thesis and delves into potential future research directions

aimed at bridging the gap between label-efficient research and practical applications.



Chapter 2

Background and Related Works

2.1 Background

The remarkable progress in deep learning owes much to the abundance of data. In
its early stages, deep learning primarily relied on supervised learning, necessitating
the use of human annotations for model training. However, acquiring large amounts
of annotated data is often expensive and labor-intensive. To address this issue, the
research community has extensively explored approaches aiming to achieve label-

efficient learning.

In this chapter, we provide an overview of key methods that reduce the demands on
manual annotation. In practice, acquiring unlabeled data is significantly more con-
venient and cost-effective than obtaining annotated data. Consequently, the scale of
unlabeled data surpasses that of annotated counterparts by a considerable margin.
Addressing the utilization of unlabeled data emerges as an intriguing and significant
challenge. In section 2.2, we introduce the pre-training and fine-tuning framework.
This approach explores the utilization of vast amounts of unlabeled data to gener-
ate a valuable feature extractor. Subsequently, fine-tuning with a small amount of

annotated data could produce high-performance models.

Moving on to section 2.3, we introduce the second category of methods, active learn-
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ing. Active learning suggests that not all annotated samples have an equal impact on
the model. Rather than randomly selecting samples, it proposes iteratively training
the model and selecting samples to build a superior labeled dataset. This helps a

system build a better model using less annotation effort.

Next, in Section 2.4, we delve into semi-supervised learning. Similar to the pre-
training and fine-tuning framework, semi-supervised learning also focuses on lever-
aging large amounts of unlabeled data. The distinction lies in the fact that the pre-
training and fine-tuning framework focuses solely on improving the feature extractor
with unlabeled data, whereas semi-supervised learning directly enhances the model’s
performance on specific tasks of interest (such as image classification, detection, and

segmentation) using a small amount of labeled data and lots of unlabeled data.

Finally, in section 2.5, we provide a summary of the limitations of existing methods

and identify research gaps in the field.

2.2 Pre-training: Self-supervised Learning

2.2.1 Problem Setting

In the real world, the high cost of data labeling implies that the scale of labeled
data available is significantly smaller than the pool of unlabeled data. Consequently,
effectively harnessing a vast amount of unlabeled data U for model training has
garnered considerable attention from researchers and practitioners. Self-supervised
training stands out as a crucial approach for leveraging unlabeled data. It trains a
feature extractor f(-;6) by utilizing inherent knowledge within the data to construct
a self-supervised signal. The objective of this model is to generate valuable feature
representations. Building upon this model, practitioners can readily transfer it to
various downstream tasks, such as classification, detection, and segmentation, with
minimal annotated data. In this thesis, we focus on visual self-supervised representa-

tion learning methods. In sec. 2.2.2 and sec. 2.2.3, we provide an overview of existing
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self-supervised training methods, and in sec. 2.2.4, we elaborate on the techniques for

fine-tuning pre-trained models.

2.2.2 Pretext task

In the realm of self-supervised representation learning, a substantial body of research
has been dedicated to exploring suitable pretext tasks. Pretext tasks refer to training
objectives that are unrelated to the ultimate task of interest, such as image classifica-
tion or detection. Importantly, these tasks do not need additional human annotations

and can be employed for representation learning.

Figure 2.1 — Conceptual diagram of the context prediction pretext task: random sam-
pling of two patches from input images and training the model to predict the spatial
relationship between these patches. The image is from Context Prediction (Doer-
sch et al., 2015).

Some studies constructed pretext tasks based on the characteristics of images. For
example, some tasks involve predicting rotations (Gidaris et al., 2018) or coloriza-
tion (Larsson et al., 2016). Predicting rotations entails randomly rotating input
images and tasking the model with predicting the rotation status. Moreover, col-
orization tasks involve inputting grayscale images and predicting their colors. Other
approaches leverage the spatial relationships among patches within an image to for-
mulate pretext tasks. The Jigsaw Puzzle task extracts multiple patches from an image

and shuffles their positions (Noroozi and Favaro, 2016). Then the model is used to
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rearrange these patches. In the Context Prediction task (Doersch et al.; 2015), two
patches are randomly sampled, and the model is tasked with predicting their spatial

relationship as shown in fig. 2.1.

Image reconstruction stands out as a classic category of pretext tasks, extensively
explored within the research community. By incorporating methods such as net-
work architecture design (e.g., autoencoders (Goodfellow et al., 2016)), task design
(inpainting (Pathak et al., 2016), denoising autoencoders (Vincent et al., 2008)),
and loss design (e.g., variational autoencoders (Kingma and Welling, 2013), beta-
VAE (Kingma and Welling, 2013)), these tasks aim to enable the model to learn
valuable representations while reconstructing input images. Despite a period dur-
ing which reconstruction-based self-supervised learning exhibited weaker performance
compared to methods based on invariant feature learning (introduced in sec. 2.2.3),
recent studies have significantly improved the effectiveness of self-supervised training
by introducing more challenging reconstruction tasks (Assran et al., 2022; Chen et al.,

2024; He et al., 2022; Xie et al., 2022).
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Figure 2.2 — The framework of the masked autoencoder involves dividing input images
into small patches and randomly masking out 75% of them. Subsequently, the
model is trained to reconstruct the entire image. The image is from MAE (He
et al., 2022).

The Masked Autoencoder (MAE) suggests that visual inputs contain abundant redun-
dant information (He et al., 2022). Consequently, to acquire valuable representations,

it is essential to intensify the difficulty of the reconstruction task. Specifically, MAE
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randomly masks out a substantial number of patches from input images (75% mask-
ing ratio) as depicted in fig. 2.2. Building on this argument, Evolved MAE actively
selects patches to mask out during the training process (Feng and Zhang, 2023). As
training progresses, it progressively masks out regions with richer information content,

creating more challenging reconstruction tasks.

2.2.3 Invariant feature learning

Another category of self-supervised representation learning methods is achieved through
invariant feature learning. The primary assumption is that when applying data trans-
formations to input images, the model’s output features should remain similar to
those of the original images. These data transformations typically include random
flips, color distortions, and so on (Chen et al., 2020a). The usual framework for such
methods involves pairing the original image with its transformed counterpart as in-
puts to the model. Subsequently, a loss function is constructed to compel the model

to produce similar features for paired inputs.

1st view

el m—w feature1
m Share [weights similarity
\ﬂ—m feature2

2nd view

Figure 2.3 — The framework of self-supervised learning, where both the original image
and its augmented version serve as inputs to the feature encoder. The loss function
aims to encourage the similarity of features extracted from these two views.

However, research has uncovered that simple execution of this training process may
lead to the model converging to a trivial solution, mapping all inputs to the same
feature. To address this issue, methods based on contrastive learning, clustering,

distillation, and redundancy reduction have been proposed.

Constrastive learning compels positive pairs of features to become more similar
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and, simultaneously, encourages the features of positive and negative pairs to differ.
In this context, positive pairs consist of the original input image and its transformed
counterpart, while negative pairs involve randomly selected other images. SimCLR
(simple framework for contrastive learning) employs other images from the same batch
as negative samples (Chen et al., 2020a), necessitating a relatively large batch size
for effective self-supervised training. CPC (contrastive predictive coding) samples
different patches from an image to construct positive and negative pairs (Oord et al.,
2018). In this context, patches that are close in distance within the original image
are more likely to contain similar content and are considered positive pairs, while
distant patches are considered negative pairs. Some methods tackle this challenge by
implementing a memory bank to store representations of the entire dataset (Misra
and Maaten, 2020; Wu et al., 2018). In each training iteration, parts of this memory
bank are sampled as negative examples. However, maintaining a large memory bank
requires substantial memory. To address this concern, the momentum-updated en-
coder is introduced (He et al., 2020) and used in other methods (Chen et al., 2020b,c).
This encoder is used to generate and maintain a set of negative samples. This ap-
proach enables the use of a large number of negative samples in an online manner,
addressing the memory constraints associated with maintaining a massive memory
bank. However, it requires the maintenance of an additional momentum encoder and

needs additional forward computations.

Clustering serves as another effective method to avoid trivial solutions. Unlike
contrastive learning, which functions at the image level, clustering methods initially
organize images into distinct clusters. Subsequently, these clusters are employed to
assign pseudo-labels, facilitating the joint learning of features and clustering. Deep
Clustering involves iterative processes of feature extraction, label updates, and model
training (Caron et al., 2018), preventing it from being executed online. This may

potentially contribute to training instability.

To address this issue, Online Deep Clustering has been proposed (Zhan et al., 2020),
akin to the wisdom in contrastive learning methods (Misra and Maaten, 2020; Wu

et al., 2018). This method avoids disjointed labels and model updates by construct-
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ing a sample memory bank and a cluster center memory bank. Similarly, SwAV
(Swapping Assignments between multiple Views of the same image) adopts an online
clustering approach, enhancing self-supervised training effectiveness by incorporating

a dual-perspective swapped prediction (Caron et al., 2020).

Self-distillation This category of methods, compared to the aforementioned positive-
negative contrastive learning approaches, is more straightforward. These approaches
do not necessitate negative sample pairs and instead employ self-distillation tech-
niques to avoid trivial solutions. Both BYOL (Bootstrap Your Own Latent) (Grill
et al., 2020) and DINO (Self-distillation with no labels) (Caron et al., 2021; Oquab
et al., 2024) maintain a moving-average model as a teacher and an online model as
a student. The original image and its transformed counterpart are fed into both the
student and teacher models. Subsequently, the output representations are encouraged
to be similar. SimSiam (Simple Siamese Representation Learning) further simplifies
this by identifying key operations that effectively prevent trivial solutions (Chen and
He, 2021). It suggests removing the moving-average model, just stopping the gradient

backward-propagation in the branch serving as the teacher model.

Redundancy Reduction Some researchers, inspired by the principle of reducing
redundancy in neuroscience (Barlow et al., 1961), propose the design of loss functions
to encourage models to learn features with low redundancy (where the dimensions of
the features are mutually independent) (Bardes et al., 2022a,b; Zbontar et al., 2021).
This approach naturally avoids the collapsed features during self-supervised training
while eliminating the need for complex training techniques and architectural designs

employed by previous methods.

The aforementioned self-supervised learning methods effectively avoid the issue of
trivial solutions (i.e., outputting the same features for any input). However, most
methods require positive pairs that are semantically similar but visually different,
and the generation of such samples is quite limited, often achieved through data aug-
mentation. This makes it challenging for pre-trained models to acquire rich positive

sample information beyond the level of a single image.
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2.2.4 Transfer to downstream tasks

Self-supervised pre-training yields a feature extractor capable of generating valuable
feature representations. The subsequent step involves transferring this feature extrac-
tor to tasks of practical interest to practitioners. Typically, this is achieved through
training with a small amount of annotated data. The most common training ap-
proaches are linear probing and fine-tuning (Chen et al., 2020b; He et al., 2022).
Linear probing involves freezing the weights of the pre-trained feature extractor dur-
ing training and updating only the task-specific head, such as the classifier head for
image classification. This method is a parameter-efficient approach, where different
downstream tasks only require training and saving simple task heads, without the

need to separately store the feature extractor.

However, as the tasks in self-supervised training may differ from the downstream
tasks of interest, the feature extractor obtained from self-supervised pre-training may
not perform well for downstream tasks, especially when there is a shift in the data do-
main. In such cases, fine-tuning becomes a more appropriate method. The strengths
and weaknesses of fine-tuning and linear probing are complementary. While fine-
tuning incurs higher training costs and lacks parameter efficiency, it exhibits better
adaptability to downstream tasks. The specific procedure for fine-tuning involves ini-
tializing the network with pre-trained weights and subsequently fine-tuning all model

weights using annotated data from the downstream task.

Moreover, recent research indicates that fine-tuning often sacrifices valuable pre-
training information while fitting annotated data (Kumar et al., 2022; Ren et al.,
2022). In other words, its performance surpasses that of linear probing on in-distribution
data but deteriorates on out-of-distribution data. To address this, a two-stage train-
ing approach has been proposed, involving linear probing followed by fine-tuning.
For this method, the number of training iterations for linear probing significantly

influences the final performance, but configuration methods remain under-explored.
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2.3 Active Learning

2.3.1 Problem Setting

Active learning is a methodology designed to improve label efficiency by leveraging the
assumption that different samples have varying contributions to the model’s perfor-
mance. Under this premise, active learning, in contrast to random selection, attempts
to identify and annotate the most valuable samples. As a result, it achieves compa-

rable accuracy with fewer annotations compared to random selection (Ren et al.,

2021).

The goal of active learning can be formulated as eq. 2.1. Here, active learning tries to
find a labeled subset L from the active learning pool D = {(z;,y;)},, such that the
model trained on L minimizes the empirical risk over the entire active learning pool
D, where 6* refers to the model parameters trained with L. In this thesis, we focus
on a neural network model, f(x;6), where 6 represents its parameters. This model

maps input x to the label space of K, classes.

. 1 .
mmLeDN Z Loss(f(z;0%),y)
(z,y)eD

1
st. 0 € argming— Z Loss(f(x;0),y) (2.1)

|L| (z,y)eL
2.3.2 Active Learning Strategies

Most active learning strategies operate within a framework of multiple iterative rounds
as shown in fig. 2.4. In each iteration of active learning, the model is trained using the
annotated samples. Subsequently, the next batch of samples is selected for annotation
by the oracle based on the model trained in this iteration. After multiple rounds,
active learning ceases when the model performance reaches a satisfactory level or

when the annotation budget is exhausted.
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Figure 2.4 — The framework of active learning, where the model re-training and the
sample selection are repeatedly performed until the annotation budget is exhausted
or the model performance reaches satisfactory levels.

Since active learning is employed to select suitable samples for annotation, during the
active learning process, the labels of the active learning pool are unknown. Therefore,
the active learning objective, as represented in eq. 2.1, cannot be directly solved.
Existing methods mostly rely on various heuristic principles or approximate upper

bounds to accomplish sample selection, as elaborated below.
Uncertainty Sampling

Most uncertainty-based active learning methods are heuristic strategies, selecting
new samples for annotation based on the assumption that samples with uncertain
predictions from the current model have higher values. Specifically, based on the
model’s output f(x;6*), assuming that the output has already been normalized into
probability form through softmax, then the samples with the smallest margin, least
confidence, and largest entropy are selected and annotated, where these metrics are
defined as follows, where the sec,,q.(+) returns the second-largest value of its inputs

and the fi(x;0*) denotes the i output of the f(z;0*).

margin := max(f(x;0%)) — secma(f(x;0%)) (2.2)

confidence := max(f(x;0")) (2.3)
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entropy := = _(f'(x:0") log(f'(x:0"))) (2.4)
However, Yarin Gal, et al., argued that these metrics based on model predictions
would inadvertently include uncertainty originating from the data itself (aleatoric
uncertainty) rather than solely reflecting the uncertainty of model parameters (epis-
temic uncertainty) (Gal et al., 2017). In this context, samples with high model uncer-
tainty imply that selecting and annotating such samples holds promise for enhancing
the model. On the other hand, samples with high data uncertainty indicate inher-
ent difficulty, making it challenging for model adjustments to significantly reduce the
predictive uncertainty for these samples. Therefore, in the context of active learn-
ing, the more meaningful consideration is the model uncertainty. This objective is
defined as eq. 2.5, where H denotes the entropy and f(z) is the output of the model.
The computational cost for solving this objective is prohibitively high, rendering it
impractical for real-world applications. Fortunately, it is the mutual information be-
tween the model output f(x) and the model parameters §. Thus, this objective can

be rearranged as eq. 2.6.

argmazy(H(0|D) = Ef(w)~p(f(@)e,0)H (Ol2, f(2), D)) (2.5)

argmaz,(H(f(x)|x, D) — Eopop)H(f(2)|,0)) (2.6)

To address this objective, the key lies in sampling from the model parameter space and
computing the term on the right of eq. 2.6. Recent research has achieved this sampling
by incorporating dropout layers within neural networks. During this process, there is
no need to train multiple neural networks; rather, it performs multiple forward passes
on the trained network. This enables the computation of model uncertainty with a

relatively modest computational cost.

As mentioned before, however, active learning involves multiple rounds of iterations.

In practical applications, considering the computational cost of training neural net-
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works, it is common to select a batch of samples in each iteration of active learning.
However, for active learning strategies based on uncertainty sampling, batch selec-
tion often leads to redundant samples. This is because, in each iteration, the model
is likely to exhibit high uncertainty for the same types of samples. Improving the
model’s predictions for this type doesn’t necessarily require selecting all instances of
it; often, selecting a small subset is sufficient for improvement. Consequently, the

primary drawback of such active learning strategies is the lack of diversity.

Some advanced uncertainty metrics are proposed to improve this issue. For exam-
ple, batchBALD suggests addressing the issue through the union of mutual infor-
mation (Kirsch et al., 2019). Nevertheless, these approaches introduce high com-
putational complexity. Consequently, to tackle the problem of sample redundancy,

alternative avenues are explored, namely diversity-based active learning methods.
Diversity Sampling

Diversity-based strategies aim to thoroughly explore the entire active learning pool
by selecting samples different from the current annotated dataset. Following this
principle, K-medoids clusters samples in the feature space and selects points close
to the cluster centers (Kang et al., 2004). Moreover, VAAL (Variational Adversarial
Active Learning) leverages the discriminator in adversarial training to aid in selecting

samples that are more dissimilar to the annotated ones (Sinha et al., 2019).

oS Loss(f(:6%).0) < 0(6) +0() %) 21)
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Another branch of methods provides theoretical analysis demonstrating that the cov-
ering radius 0, (i.e., the farthest distance between labeled samples and the remaining
unlabeled samples) is related to the upper bound of the active learning empirical risk.
as eq. 2.7, where D denotes active learning pool, N is the number of samples within
the D, f(x;0*) is the neural networks trained on labeled set, and d is coverage ra-

dius (Sener and Savarese, 2018). Based on this formulation, selecting diverse samples
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can reduce the coverage radius d,, thereby reducing the upper bound of the model’s

empirical risk on the active learning pool.

However, these methods are susceptible to selecting outlier points. To address this
issue, CoreGCN employs graph neural networks, taking advantage of their inherent
characteristics, which include smoothness in nodes’ neighborhoods (Caramalau et al.,
2021). This inherent smoothness property makes graph neural networks less suscep-
tible to the influence of outliers. Additionally, leveraging the Wasserstein distance,
which measures the distance of transport between two distributions, naturally avoids
the influence of outliers (Shui et al., 2020). As a result, within the framework of
Coreset, Mahmood et al. propose an upper bound based on the Wasserstein dis-

tance (Mahmood et al., 2022).

In summary, diversity sampling avoids the issue of selecting redundant samples, which
is beneficial for batch sample selection. However, the selected samples may be less
informative, meaning that the impact of selected samples on model performance may

be inconsequential.
Combination of Diversity and Uncertainty

To overcome the limitations of relying solely on uncertainty or diversity, a good ap-
proach is to design hybrid strategies that combine both uncertainty and diversity
for sample selection. Some studies achieve this target by designing sample selection
methods or metrics manually. Lin Yang et al. introduced the suggestive annotation
algorithm, initially identifying the most uncertain samples as candidates and subse-
quently selecting diverse samples from this subset (Yang et al., 2017). Here, the selec-
tion of diverse samples is achieved by choosing samples with the maximum distance
from the features of the existing annotated samples. BADGE (Batch Active Learn-
ing by Diverse, Uncertain Gradient) employs diversity sampling using k-means—+-+
on gradient embeddings (Ash et al., 2020). The gradient embeddings facilitate the

selection of uncertain samples.

Additionally, some learning-based methods are used to combine uncertainty and di-

versity. SRAAL (State-Relabeling Adversarial Active Learning) adopts an adversar-
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ial training approach to formulate a hybrid method by incorporating an uncertainty
indicator module (Zhang et al., 2020). This integration ensures that the selected sam-
ples benefit from both diversity and uncertainty considerations. WAAL (Wasserstein
Adversarial Active Learning) calculates the Wasserstein-1 distance between anno-
tated samples and the entire active learning pool through adversarial training (Shui
et al., 2020). Subsequently, sample selection is accomplished by minimizing both
the Wasserstein-1 distance and an agnostic-label upper bound loss (indicating un-
certainty). Although these methods can select diverse and uncertain samples, they
cannot determine whether the model predictions will change after adding these sam-
ples. In other words, they still cannot directly estimate the model’s empirical risk on

the active learning pool.
Expected Model Change

The underlying principle of such active learning strategies is to select samples that
induce the maximum change in the model’s output (Roy and McCallum, 2001). Di-
rectly training the model to determine how the model’s output changes when new
samples are added is impractical due to the high cost of training neural networks.
Therefore, most of these methods choose samples that result in the maximum loss
or gradient norm change in the model. For instance, the learning loss approach con-
structs an auxiliary network module to predict the model’s loss for each sample and
subsequently utilizes this module to select samples with the highest loss (Yoo and
Kweon, 2019). Meanwhile, Rasha et al. employ traditional machine learning meth-
ods to generate pseudo-labels for unlabeled samples and then select samples with the

highest gradient norm (Sheikh et al., 2020).

However, similar to uncertainty-based methods, these active learning approaches face
the issue of selecting redundant samples during batch selection. LookAhead (Mo-
hamadi et al., 2022) addresses this problem by leveraging Neural Tangents Kernel
(NTK). NTK provides a good approximation of neural network outputs (Jacot et al.,
2018; Lee et al., 2019), and after completing the NTK kernel computation, the compu-
tational cost for predicting the model’s output changes after annotating new samples

is marginal. Thus, based on NTK, LookAhead efficiently calculates the changes in
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model predictions after adding newly labeled samples. However, computing the ex-
pected model changes relies on using the model’s predictions as pseudo-labels, which
are often inaccurate. Consequently, the samples selected may not necessarily induce

the maximum change in the model.
Generative Active Learning

Several active learning algorithms have explored the integration of generative models
such as Variational Autoencoders (VAE) (Kingma and Welling, 2013) or Generative
Adversarial Networks (GAN) (Goodfellow et al., 2020) to generate supplementary
samples, enhancing the overall model performance. A pioneering contribution in this
realm was GAAL (Generative Adversarial Active Learning) (Zhu and Bento, 2017).
GAAL leverages the distance between synthetic samples and the decision boundary
of the classifier to assess the value of generated samples. Subsequently, the algorithm
selects the most valuable synthetic samples for labeling. Notably, this approach aban-
dons existing training samples, rendering the model’s performance entirely reliant on

the authenticity and diversity of samples generated by the generative model.

To merge real training samples with generated ones, Toan et al. proposed a method
that identifies the most uncertain samples using the BALD uncertainty criteria (Tran
et al., 2019). Subsequently, an encoder is employed to extract features from these
samples, and the Auxiliary Classifier GAN (ACGAN) (Odena et al., 2017) is utilized
to generate informative samples. This approach ensures the generation of informa-
tive samples. However, a drawback lies in the similarity between samples generated

through this method and the selected labeled samples, resulting in redundancy.

The primary advantage of incorporating generative models lies in the ability to acquire
additional labeled samples without incurring the cost of manual labeling. Neverthe-
less, the authenticity of generated images remains a concern, and the training cost of

the generative model is notably high.



2.3 Active Learning 24

2.3.3 Low-Budget Strategy and Phase Transition

Most of the aforementioned active learning strategies require a large initial labeled
dataset to effectively carry out active learning (Chandra et al., 2021; Mittal et al.,
2019). For instance, uncertainty sampling calculates uncertainty based on model pre-
dictions, while diversity-based active learning relies on the model to generate sample
features. A small labeled set may result in a model being unable to capture un-
certainty effectively or generate high-quality features, leading to poor performance
in active learning. This phenomenon is commonly referred to as the “cold start”
problem (Zhu et al., 2019). In practical scenarios, there exist some applications with
limited labeled data (termed as low-budget regimes), such as domains with high anno-
tation costs like medical images (Budd et al., 2021; Zhang et al., 2022¢) or specialized

animal research (Norouzzadeh et al., 2021).

To improve the effectiveness of active learning in low-budget regimes, Guy et al.
first proposed that different types of samples are often required in low-budget and
high-budget regimes, leading to the application of distinct active learning strate-
gies (Hacohen et al., 2022). When the total labeled quantity is limited, selecting
typical samples is advisable, while in situations with abundant annotations, choos-
ing non-typical samples is preferred. This phenomenon is referred to as a “phase
transition”. Active learning strategies inclined towards selecting typical samples of-
ten outperform random baselines when the total labeled quantity is low, but they
become inferior as the total labeled quantity increases, which is categorized as a low-
budget strategy. Conversely, strategies favoring non-typical samples are labeled as
high-budget strategies. Building upon this analysis, TypiClust is introduced to en-
hance the performance of active learning in low-budget regimes by selecting typical
samples (Hacohen et al., 2022). Specifically, TypiClust argues that samples in high-
density regions are more likely to be typical and estimates density by calculating the
average distance to k-nearest neighbors. To ensure diverse selection, TypiClust ini-
tially clusters samples and then chooses samples in high-density regions within each
cluster. However, the clustering operation in TypiClust does not always guarantee

diverse sample selection. To address the occurrence of small clusters, TypiClust sets



2.3 Active Learning 25

a maximum cluster number. When the required labeled quantity surpasses this limit,
inevitable selection of multiple typical samples within the same cluster may lead to
redundancy and a decrease in active learning performance. Probcover effectively ad-
dresses this issue by representing the distance between samples as a graph, iterative
choosing samples with the maximum degree (i.e., having the most neighbors), and
removing the selected node and its connected edges until the labeled data selection

is complete (Yehuda et al., 2022).

Furthermore, Wasserstein distance, reflecting transport distance between two distri-
butions, inherently tends to select representative samples, making it an effective ac-
tive learning strategy in low-budget regimes. Exploiting this, Mahmood et al. choose
samples that minimize the Wasserstein distance between the labeled and unlabeled
sets (Mahmood et al., 2022). However, this method has a very high computational
complexity, making it suitable only for selecting a small number of annotated sam-
ples. To address this issue, ActiveFT designs a parameterized model to efficiently

minimize the Wasserstein distance, facilitating sample selection (Xie et al., 2023).

In summary, while existing low-budget active learning strategies have significantly
improved the performance of active learning in low-budget regimes, they gradually
become ineffective as the number of annotations increases, performing worse than
random baselines (Hacohen and Weinshall, 2024). Moreover, due to the difficulty in
determining the number of annotations at which low-budget active learning strategies

become ineffective (Wen et al., 2023), practitioners still find it challenging to use them.

2.3.4 Sampling Efficiency

Most active learning methods operate in a multi-round mode, iteratively training
models and selecting samples to label. This mode entails significant training time
and costs. In the context of active fine-tuning, this phenomenon becomes more pro-
nounced, as larger models are better equipped to effectively leverage data in unsu-

pervised pre-training (Chen et al., 2020b; Oquab et al., 2024).

Increasing the active learning batch size, which refers to the number of samples se-
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lected per active learning iteration (Citovsky et al., 2021; Zhang et al., 2022b), is one
solution to enhance computational efficiency. However, it weakens the performance
of active learning. Moreover, even when increasing the active learning batch size,
there remains the considerable computational cost associated with training the entire
network multiple times. Therefore, recent research has explored single-shot active
learning based on pre-trained features (Xie et al., 2023). However, as the number of
labels increases, the effectiveness of this method gradually diminishes in comparison

to other standard active learning strategies.

Another solution to boost active learning efficiency is to use less computationally
intensive models or training methods as proxy tasks for sample selection, known
as Selection via Proxy (SVP) (Coleman et al., 2019). Typical proxy tasks include
reducing model complexity, such as using models like ResNet8 or ResNet14, early
stopping, or training linear classifiers or MLPs based on pre-trained features (Zhang
et al., 2024). However, these proxy tasks often have an impact on active learning
performance and may result in savings in computation costs not outweighing the
increase in annotation costs. As a result, practitioners are often faced with a trade-

off between computational efficiency and the overall cost.

2.4 Semi-supervised Learning

2.4.1 Problem Setting

Similar to self-supervised pre-training, semi-supervised training focuses on leveraging
a large amount of unlabeled data to enhance model performance. However, there is
a key distinction. In self-supervised pre-training, a feature extractor is trained on
a pretext task different from the final task of interest. Subsequently, the model is
fine-tuned using target-task labeled data. In other words, the unlabeled data has
not been directly applied to improve the performance of models on the target tasks.
When there is a significant difference between the feature representations required for

pre-training tasks and those needed for the target tasks, the ultimate performance
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may fall short of expectations.

Semi-supervised training adopts a pseudo-labeling approach, directly treating un-
labeled data as if it were labeled. This enables unlabeled data to simultaneously
improve both the feature extractor and the task head. The feature representation

obtained through this approach is more closely aligned with the final task of interest.

2.4.2 Semi-Supervised Learning from Scratch

Semi-supervised training commonly leverages unlabeled samples through pseudo-
labeling techniques (Lee et al., 2013; Rizve et al., 2021) and consistency regular-
ization methods (Berthelot et al., 2019, 2020; Verma et al., 2022; Xie et al., 2020).
These approaches compel the model to provide consistent predictions across various

augmented samples.

Pseudo-labels is based on the clustering assumption, which suggests that the de-
cision boundary of model predictions should be located in the low-density regions of
the sample space. The most popular approach in practical use is to use the model’s
predictions on unlabeled samples as pseudo-labels for training (Lee et al., 2013).
However, model predictions often contain a significant number of errors, and directly
using all model predictions as pseudo-labels for training may lead to over-fitting to
these errors. To address this, recent studies have employed methods such as uncer-
tainty filtering to exclude unreliable pseudo-labels (Rizve et al., 2021) and the use of

curriculum pseudo-labels (Cascante-Bonilla et al., 2021).

Some methods employ a distinct module for generating pseudo-labels. For example,
Dengyong et al. adopted label propagation methods (Zhou et al., 2003) to generate
pseudo-labels (Iscen et al., 2019). Specifically, for every T training iterations, the
neural network outputs sample features. Based on these features, label propagation
is performed to generate pseudo-labels, which are subsequently utilized for model
training. To enhance the accuracy of pseudo-labels, researchers propose employing

graph neural networks to generate and select reliable pseudo-labels (Yang et al., 2020).
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The re-selection of pseudo samples after numerous training iterations results in incor-
rect pseudo-labels having a more pronounced impact on the model, ultimately leading

to sub-optimal performance.

Consistency-regularization is grounded on the insight that model predictions
should remain consistent when a small perturbation is added to inputs. The per-
turbation can arise from various sources, including data augmentation (Xie et al.,
2020), dropout layers (Laine and Aila, 2016), or adversarial training (Miyato et al.,
2018; Tarvainen and Valpola, 2017). Subsequently, a perturbed version of the output
is generated, and metrics such as mean square error (MSE), cross-entropy, or KL

divergence are employed as regularization terms in the loss function.

The pi-model achieves consistency in predictions by feeding the same input sample
through a network with different data augmentations, incorporating dropout lay-
ers (Laine and Aila, 2016). Subsequently, the model is encouraged to provide consis-
tent predictions for perturbed samples using Mean Squared Error (MSE) loss. In this
setup, the network requires two forward passes for the same sample to compute the
consistency loss. To enhance computational efficiency, temporal ensembling is intro-
duced, employing a moving average to replace one of the perturbed predictions (Laine
and Aila, 2016). This compels the model’s predictions of the moving average and the
perturbed sample to align. Subsequently, UDA investigated the effectiveness of lever-
aging a substantial variety of strong data augmentations to enhance the performance

of semi-supervised learning (Xie et al., 2020).

Combination of pseudo-labels and consistency-regularization Mixmatch uni-
fies pseudo-labeling and consistency regularization techniques by introducing a sharp-
ening operation (Berthelot et al., 2019). The primary purpose of pseudo-labeling is
essentially to encourage the model to make high-confidence predictions on unlabeled
samples, known as entropy minimization (Grandvalet and Bengio, 2004; Lee et al.,
2013). Inspired by this concept, Mixmatch utilizes a sharpening function to reduce
the entropy of the target predictions in the consistency regularization term, thereby
achieving the effect of pseudo-labeling, where the target prediction is obtained by

averaging multiple model predictions. To improve the accuracy of target predictions



2.4 Semi-supervised Learning 29

for unlabeled samples, ReMixmatch introduces the concept of augmentation anchor-
ing (Berthelot et al., 2020). Considering that the model’s accuracy in predicting weak
data augmentations (such as image flips) is higher than for strong data augmenta-
tions, the former is utilized as the target prediction for unlabeled samples. FixMatch
further integrates pseudo-labeling and consistency regularization by transforming the
model’s target predictions for unlabeled samples into pseudo-labels and then directly
calculating the loss using cross-entropy (Sohn et al., 2020). Additionally, to reduce
the interference of incorrect pseudo-labels, only samples with high prediction confi-
dence are used to compute the consistency loss. While these algorithms achieve good
performance, they often face challenges in terms of convergence. To tackle this issue,
Alphamatch proposes an EM-like optimization framework (Gong et al., 2021). Addi-
tionally, Flexmatch introduces a curriculum pseudo-labeling strategy (Zhang et al.,

2021).

Recent research has explored the impact of erroneous pseudo-labels on semi-supervised
training through various approaches, including modeling the classification head as a
Gaussian distribution (Tang et al., 2022), using a confidence estimation blocks (Kim
et al., 2022), incorporating counterfactual reasoning techniques (Wang et al., 2022b),
and optimizing for worst-case scenarios (Chen et al., 2022). Moreover, other research
explored the utilization of reliable low- to mid-confidence unlabeled samples (Deng

et al., 2024; Tang and Jia, 2022)

In semi-supervised learning, training the model with pseudo-labels generated from
model predictions can lead to over-fitting to its errors. Therefore, successful semi-
supervised learning often relies on a sufficient number of labeled samples to gradually
correct erroneous pseudo-labels. As the number of labeled samples decreases, the
performance of semi-supervised learning experiences a sharp decline due to the lack of
an adequate supervisory signal. Also, the issue of limited labels often leads to training
instability, which often results in the optimal checkpoint being distant from the final
training iteration. A new metric is designed to select high-performing checkpoints, to
mitigate the challenge posed by the instability in semi-supervised training (Kim and

Lee, 2022).
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2.4.3 Semi-Supervised Learning with Self-Supervision

Integrating self-supervised training is a promising choice to improve the performance
of semi-supervised training with limited annotations. This is because self-supervised
training can provide valuable pre-trained features or self-supervised losses without the
need for labeled data. There are three primary categories of methods to leverage self-
supervised training. The first and most straightforward way is to propagate labels on
self-supervised features directly (Bai et al., 2021). However, self-supervised features
are not perfect for a specific task so simple label propagation based on this feature

does not produce ideal results.

The second category of methods uses both semi-supervised loss and self-supervised
loss to train the model. S4L trains a model with self-supervised loss (predict rota-
tion (Gidaris et al., 2018)) and semi-supervised loss, then re-trains the model with the
model’s prediction (Zhai et al., 2019). CoMatch adds a low-dimensional embedding
for self-supervised loss (Li et al., 2021). Other methods like LESS (Lucas et al., 2022)
incorporate self-supervised signals into the semi-supervised training process through
online clustering (Gui et al., 2022; Nassar et al., 2023). These methods improve the
performance of semi-supervised training when dealing with extremely limited labeled
samples. However, when the number of labels is limited, the poor pseudo-labels
may affect the representation generated by the model, thereby hindering the effective
utilization of self-supervision loss. Moreover, these methods still fail to address the
challenge of effectively transferring knowledge from existing pre-trained models to

semi-supervised models.

The third category of methods transfers information obtained from self-supervised
training primarily relying on weight initialization. After initializing the network
with self-supervised training weights, as demonstrated in SelfMatch, the model is
trained with conventional semi-supervised methods (Kim et al., 2021a; Xu et al.,
2023). EMAN proposes the use of exponential moving averages, including model pa-
rameters and batch normalization parameters, as a teacher model (Cai et al., 2021).
This improves the performance of semi-supervised training by slowing down the rate

at which self-supervised pre-training weights are altered. While self-supervised train-
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ing provides commendable initial values for the weights of the backbone, it does not
give initial values for classifiers due to the different loss and network architecture. In
scenarios with limited labeled samples, poor pseudo-labels at the beginning of semi-
supervised training can rapidly disrupt the good initial weights established through
self-supervised learning. Therefore, this thesis (Chapter 5) introduces a framework
designed to facilitate the effective transfer of knowledge acquired during the self-

supervised stage.

2.4.4 Active Semi-Supervised Learning

As discussed in sections 2.3.1 and 2.4.1, active learning and semi-supervised learning
represent distinct approaches to optimizing the utilization of unlabeled data, aiming
to achieve superior model performance within limited labeling costs. Researchers
have naturally endeavored to combine these two paradigms to minimize the demands
of labels. Unfortunately, extensive experiments (Mittal et al., 2019) reveal that the
deteriorated performance is obtained by combining various existing active learning
methods with semi-supervised learning. In some cases, the results are comparable
to, or even worse than, that of the semi-supervised learning with randomly selected
samples. Furthermore, the strong data augmentations typical in semi-supervised
learning, such as rand-augmentation, tend to undermine the effectiveness of existing
active learning methods (Kim et al., 2021b; Munjal et al., 2022). This implies that
achieving effective cooperation between active learning and semi-supervised learning

demands additional exploration.

To bridge this gap, new active learning strategies have been devised. ARAL (Adver-
sarial Representation Active Learning) integrates tightly active and semi-supervised
learning (Mottaghi and Yeung, 2019). Its architecture, akin to VAAL (Sinha et al.,
2019), utilizes a conditional GAN (cGAN) (Mirza and Osindero, 2014) as a genera-
tor, enabling direct use of the auxiliary classifier as the final classification model. It
is not just an active learning strategy but rather an active semi-supervised learning

framework, where it benefits from labeled, unlabeled, and generated samples. How-
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ever, challenges arise in integrating it with existing state-of-the-art consistency-based

semi-supervised learning frameworks, leading to subpar performance.

To address this issue, new active strategies are designed to integrate with existing
semi-supervised learning frameworks. Consistency-based methods advocate selecting
samples challenging for semi-supervised models, i.e., those with inconsistent predic-
tions, for data augmentation (Gao et al., 2020). Results confirm that combining active
learning and semi-supervised learning further diminishes sample labeling costs. How-
ever, from the wisdom of active learning, some samples chosen in this way may be
considered redundant. Jiannan et al. proposes combining adversarial training and
graph-based label propagation to select samples near cluster boundaries with high
uncertainty (Guo et al., 2021). Additionally, Oriane et al. introduce a novel strat-
egy, joint label propagation, to integrate with semi-supervised learning based on label
propagation (Siméoni et al., 2021). This strategy targets unlabeled samples less in-
fluenced by existing labeled samples under the semi-supervised learning setting. Nev-
ertheless, experimental results indicate that active semi-supervised learning based on
this standard performs weaker than random selection. Subsequent efforts introduce
a sample selection strategy based on sample summary (Borsos et al.; 2020). This ac-
tive semi-supervised learning is formulated as a bi-level optimization problem (Borsos
et al., 2021), optimizing the selection of labeled samples to ensure the model trained
with the chosen samples minimizes generalization loss across all training samples. Ex-
periments reveal that this strategy, when combined with the semi-supervised learning
algorithm Mixmatch (Berthelot et al., 2019), yields significantly better results than
random selection and consistency-based strategies. However, the bi-level optimiza-
tion formulation doesn’t align well with the fundamental nature of semi-supervised

learning, which involves using unlabeled samples for training.

Furthermore, these strategies entail multi-round approaches, incurring an unbear-
able computational burden in semi-supervised learning scenarios. The considerable
training cost associated with multi-round active semi-supervised learning contradicts
the overarching goal of minimizing costs in training a powerful model. In contrast,

single-shot active learning strategies request all labels at once, providing the poten-
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tial benefits of active learning with minimal additional computational burden. This
field has received limited attention until now. Several innovative active learning
approaches have emerged, focusing on selecting labeled samples based on represen-
tations obtained from self-supervised training (Hacohen et al., 2022; Wang et al.,
2022a). These approaches select all labeled samples in a single shot, making them
easily adaptable to semi-supervised learning contexts. For instance, Xudong et al.
propose a diversity-based sampling strategy that selects samples in the self-supervised
feature space (Wang et al., 2022a). However, these methods often face challenges re-

lated to low accuracy in pseudo-labeling when labeled samples are limited.

2.5 Summary

This chapter discusses the existing methods developed for reducing the need for hu-
man annotation: active learning, self-supervised learning fine-tuning framework, and
semi-supervised learning. These methods explore the problem from different per-
spectives, inspiring the idea of combining them pairwise or even integrating all three
categories to further minimize the demand for annotations. For example, employ-
ing a feature extractor obtained through self-supervised pre-training, applying active
learning strategies to select and construct labeled sets, and subsequently fine-tuning
the pre-trained model using semi-supervised training techniques. This collaborative
approach holds a promise to reduce the need for manual annotation further, benefit-
ing the real-world application of deep learning models, especially in domains where

manual annotation is costly.

However, the integration of these methods is not as seamless as anticipated. Recent
research has demonstrated that simply combining active learning strategies with self-
supervised pre-training or semi-supervised training may not yield benefits and could
be detrimental. Active learning strategies face the challenge of phase transition,
making it difficult to guarantee gains when the total annotation quantity changes. The
combination of self-supervised pre-training and semi-supervised training is relatively

natural, but challenges emerge when the benefits of self-supervised pre-training fail to
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transfer effectively to the semi-supervised model as the annotation quantity decreases.
Therefore, a careful analysis of the unique challenges in combining these techniques
and the development of appropriate, effective integration frameworks is worth further

exploration.

Additionally, although these three methods explore the problem from different angles,
their common foundation is utilizing additional computation to reduce the need for
manual annotation. As these technologies progress, it is worthwhile to re-examine
whether the cost savings from reduced human annotation still outweigh the signifi-

cantly increased computational cost.



Chapter 3

NTKCPL: Active Learning on Top
of the Self-Supervised Model

3.1 Introduction

Active learning is a path to alleviate the labeling cost by selecting informative subsets
of samples to annotate. However, the benefits of active learning have been increasingly
questioned in recent years (Mittal et al., 2019; Munjal et al., 2022). One of the main
concerns is that training a model initialized by self-supervised learning with randomly
selected labeled samples often yields results far beyond those obtained by existing
active learning with supervised training (randomly initialized or initialized by the last
round of the active learning model) (Chan et al., 2021; Chen et al., 2020a,b; Chen
and He, 2021; Grill et al., 2020). Because training on top of the self-supervised model
utilizes the information from lots of unlabeled data while training from scratch only
accesses labeled data. Therefore, a more practical approach involves implementing

active learning on top of the self-supervised models.

However, combining active learning with self-supervised models is non-trivial. Several
studies have highlighted that numerous established active learning methods struggle
to outperform the random baseline when combining with self-supervised models (Ben-

gar et al., 2021; Hacohen et al., 2022; Yehuda et al., 2022). Recent research attributes
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this issue to budget range (Hacohen et al., 2022). A peculiar phenomenon termed
phase transition in active learning has been observed: active learning strategies that
beat the random baseline with a high number of samples (high-budget) tend to do

worse when labels are limited (low-budget), and vice versa as shown in fig. 3.1a.

In high-budget regimes, effective active learning strategies often prioritize harder sam-
ples, such as those with features most dissimilar to the labeled set, as exemplified by
Coreset (Sener and Savarese, 2018). Conversely, in low-budget regimes, selecting eas-
ier and more representative samples can yield greater active learning gains, as seen
in methods like TypiClust (Hacohen et al., 2022). These methods rely on predefined
heuristic rules to select samples but fail to account for the influence of labeling bud-
gets on their effectiveness. This oversight limits the transferability of active learning
strategies designed for supervised learning settings (high-budget scenarios) to con-

texts involving self-supervised models (low-budget scenarios).

Most active learning methods are developed and validated in supervised training
contexts, where high-budget scenarios dominate. In contrast, self-supervised models
achieve strong performance with significantly fewer labeled samples, shifting the focus
to low-budget active learning. Motivated by this shift, recent studies have proposed

strategies tailored for low-budget scenarios (Hacohen et al., 2022; Yehuda et al., 2022).

However, we discovered that it’s not straightforward to categorize scenarios involving
self-supervised models as low-budget settings. When training on top of self-supervised
models, the phase transition point (where the low-budget active learning strategies
cannot outperform random baseline) emerges much earlier than in supervised training
scenarios. As illustrated in fig. 3.1, in the training-from-scratch scenario, the phase
transition point occurs at approximately 5000 labeled instances, whereas in the self-
supervised model scenario, it appears at around 1600 labeled instances. What compli-
cates matters further is that the location of this phase transition point is influenced
by various factors, exhibiting significant variations across different datasets (Haco-
hen and Weinshall, 2024). For new datasets, determining the phase transition point
becomes challenging, making it difficult to select effective active learning strategies.

Motivated by this observation, we propose an active learning strategy with a wider
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Figure 3.1 — Active learning gain of TypiClust (Hacohen et al., 2022) (designed for the
low-budget regime) and BADGE (Ash et al., 2020) (designed for the high-budget
regime) on CIFAR-100, both trained with and without self-supervised models. The
active learning gain denotes the accuracy difference between the active learning
strategy and the random baseline. The shaded area represents standard deviation
The training details are shown in sec. 3.5.3.

effective budget range.

We initiated our analysis by exploring the potential reason for the narrow effective
budget range within existing low-budget active learning strategies in sec. 3.2, sug-
gesting that this limitation might arise from their inability to precisely estimate the
empirical risk of the model of the active learning pool. We then propose improving
this problem by explicitly estimating the empirical risk within the active learning
pool. We propose a novel active learning strategy, Neural Tangent Kernel Clustering-
Pseudo-Labels (NTKCPL), which uses the NTK (Lee et al., 2019; Mohamadi et al.,
2023) and CPL to approximate empirical risk on active learning pool in sec. 3.4.1.
And we analyze which factor affects approximation error in sec. 3.4.2. Based on this
analysis, we design a CPL generation method in sec. 3.4.3. Extensive experimental re-
sults in sec. 3.5 demonstrate that our method outperforms state-of-the-art approaches
in most cases and has a wider effective budget range. As part of the results (sec. 3.5)

we also show our method is effective for self-supervised features of different quality.

Our contribution is summarized as follows: (1) We propose a novel active learning
strategy, NTKCPL, by estimating empirical risk on the whole active learning pool

based on pseudo-labels. (2) We analyze the approximation error of the empirical risk
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in the active learning pool when NTK and CPL are used to approximate networks and
true labels. (3) Our method outperforms both low- and high-budget active learning
strategies within a range of annotation quantities one order of magnitude larger than
traditional low-budget active learning experiments. This means that our approach
can be used more confidently for active learning on top of self-supervised models than

existing low-budget strategies.

3.2 Insight

The goal of active learning is to identify an unlabeled subset from the active learning
pool D = {(z;)}Y¥, that leads to the minimized empirical risk over the entire pool
when trained with the labels provided by the oracle, as illustrated in eq. 3.1, where
0* refers to the model parameters trained with labeled set L. This chapter focuses
on a neural network model, f(z;0), where 6 represents its parameters. This model

maps input x to the label space of K, classes.

. 1 ¥
mmchN Z Loss(f(a:;@ )7y)
(z,y)eD

s.t. 9*:argmin9% Z Loss(f(x;0),y) (3.1)
(z,y)eL

Unfortunately, calculating this loss is infeasible since labels of the active learning pool
are unavailable during active learning. To address this problem, Coreset transforms
empirical risk minimization into feature space coverage based on Lipschitz continu-
ity (Sener and Savarese, 2018). A recent active learning method, Probcover, under
the assumption of a 1-nearest neighbor classifier and 0-1 loss, further decomposes the
approximation error into uncovered error C'(d5) and impurity error 7(ds) as shown in
eq. 3.2 (Yehuda et al., 2022). Here, C'(d,) refers to the error incurred due to unlabeled
data being at a distance greater than d, from any labeled sample. 7(ds) accounts for

the error arising from the proximity of unlabeled samples to labeled samples (within a
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distance of d,) but belonging to different categories. As d increases, C'(d5) decreases,

while 7(d,) increases.

v X Loss(f(z:60),9)| < C(5) + () (32)
(z,y)eD

Then, these active learning methods minimize the upper bound in eq. 3.2 to minimize
empirical risk, thereby selecting samples. To avoid trivial upper bounds, it becomes
essential to strike a balance between C(6,) and 7(d5). Recent research suggests adopt-
ing different sample selection strategies based on annotation quantities (Yehuda et al.,
2022). In the high-budget regime, assuming full coverage, i.e., C'(d;) = 0, then sam-
ples are selected by minimizing 0, (as depicted in fig. 3.2a). Applying a high-budget
active learning strategy with few labeled samples means that ensuring full coverage
requires a very large coverage radius d,. This means that a large number of samples
belonging to different classes will be covered by the same labeled sample, resulting in
significant impurity error 7(ds). Conversely, in scenarios with limited labeled samples,
where uncovered error C(ds) cannot be ignored, a small d is set to ensure a small
impurity error 7(ds). Subsequently, samples are selected by minimizing the uncovered

error (as shown in fig. 3.2b).

Remark In this framework, ensuring the effectiveness of active learning requires
adjusting &, as the number of samples changes. However, the approach to finding
a proper J, remains uncertain. Furthermore, distance-based active learning meth-
ods struggle to precisely estimate empirical risk. For instance, Coreset (Sener and
Savarese, 2018) directly minimizes J; without determining the accurate variations in
empirical risk. Probcover (Yehuda et al., 2022) assumes minimal loss for unlabeled
samples within a distance of d, from labeled samples, while the loss for the remaining

samples is unknown.

To address this issue, we propose using NTK (Neural Tangents Kernel) and pseudo-
labels to directly estimate empirical risk, rather than relying on distance-based bounds.

Consequently, there is no need to adjust &, to strike a balance between uncovered er-
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(c) NTKCPL (d) Neural Network

Figure 3.2 — Visualizing Coverage: The data points are generated through T-SNE
of CIFAR-10 self-supervised features (simsiam (Chen and He, 2021)). Each color
represents a different category, and labeled samples are marked with a red star. In
distance-based active learning strategies like Coreset (Sener and Savarese, 2018)
and Probcover (Yehuda et al., 2022), the coverage of unlabeled samples implies
that their distance to labeled samples is less than §; shown within blue circles.
For our approach, NTKCPL, and a real neural network, the coverage indicates
that the model’s loss for the unlabeled samples is 0. These covered samples are
depicted in black. Remarkably, compared to distance-based active learning strate-
gies, NTKCPL’s coverage estimation aligns more closely with the true coverage of
the neural network.
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ror and impurity error. Moreover, our approach allows for a more accurate estimation
of empirical risk. As illustrated in fig. 3.2, our method exhibits a higher similarity
between regions where the estimated loss is zero and the actual regions with zero loss.

The specific details of our method are introduced in sec. 3.4.

3.3 Preliminaries

Neural Tangent Kernel (NTK) is a powerful tool to analyze the training dynamics of
neural networks. The neural network is equivalent to the kernel regression with NTK
when the network is infinitely wide and its weights are initialized properly (Arora
et al., 2019; Jacot et al., 2018). Subsequently, this equivalence has been extended to
finite-width networks, in which case the NTK is referred to as the empirical NTK (Lee
et al., 2019). The empirical NTK, K, is shown in eq. 3.3, where the f denotes a neural
network with parameters # and X denotes training samples. In the following text,
unless otherwise specified, the empirical NTK will be abbreviated as NTK. When
training with the MSE loss, the neural network’s prediction for any test sample z in
the limit of infinite iterations can be expressed using the NTK as shown in eq. 3.4,
where Y denotes labels of trainset, fy denotes the output of network with initialized

weights and f (x) denotes the output calculated based on NTK.

Additionally, for active learning scenarios, Mohamad proposes the computation time
of using NTK can be further reduced by considering the block structure of the ma-
trix (Mohamadi et al., 2022, 2023), which means that look ahead type active learning
strategies can be implemented in a reasonable amount of time. For example, if we
want to use the look-ahead active learning strategy, each active learning cycle takes 3
hours to train the entire network of 15 epochs on the MNIST dataset, while it takes
only 3 minutes to use NTK with a block structure (Mohamadi et al., 2022).

K(X,X) = Vof(X)Vaf(X)" (33)
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F(@) = fo(z) + K(z, X) K(X, X) 1Y = fo(X)) (3.4)

3.4 Method

3.4.1 Framework
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Figure 3.3 — The framework of NTKCPL. Before starting active learning, we perform
self-supervised pre-training using all unlabeled data to obtain pre-trained features
fself- Subsequently, pseudo-labels are generated through clustering. After the
first round of active learning, the pseudo-labels are refined using model predictions
(sec. 3.4.3). We then combine the pseudo-labels with NTK to select samples that
minimize the empirical risk of the model in the active learning pool (alg. 1). Finally,
samples selected by the oracle are annotated and used for model training.

We propose a look ahead strategy, NTKCPL, to approximate the empirical risk on
the whole active learning pool directly. The framework is shown in fig. 3.3. There
are two challenges: (1) estimate empirical risk without true labels and (2) estimate
predictions of models trained with a large amount of possible candidate sets efficiently

and accurately.

For the first challenge, clusters on self-supervised features provide good pseudo-labels.

Because most samples in the same cluster have the same label (Wen et al., 2025). And
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when the number of clusters is increased, it can improve the purity of clusters, where
purity refers to the probability that the sample has the same label within the same

cluster. We refer to these K, clusters as clustering-pseudo-labels (CPL), denoted as

Yepl-

For the second challenge, as introduced in sec. 3.3, NTK approximates the network
well for random initialization and the computation time is acceptable. However, the
study has shown that the quality of NTK approximation for finite-width neural net-
works depends on factors such as the depth-to-width ratio and the standard deviation
of parameter initialization. It further indicates that NTK provides a good approxi-
mation primarily for wide and shallow networks or for deep networks in the ordered
phase (Seleznova and Kutyniok, 2022). Moreover, recent research demonstrates that
using a shallow MLP classifier as a proxy model, with pre-trained features as input,
can achieve active learning performance comparable to that of sample selection based
on fully fine-tuned models (Zhang et al., 2024). Based on these insights, we utilize
NTK to approximate the shallow MLP classifier instead of the entire pre-trained
model. Specifically, the inputs of NTK are self-supervised features, feassqy¢, i.e.,
the output of the backbone initialized with the self-supervised weights. This ensures
both a reliable NTK approximation and reduced computation time for NTK. Accord-
ingly, we choose a training method following (Mahmood et al., 2022) that freezes the
encoder initialized by self-supervised learning and trains only the MLP as a classi-
fier. That training method achieves better or equal performance than fine-tuning the
whole network in the low-budget case as shown in sec. 3.5.5 while its prediction is
more consistent with the results of NTK. We denote the prediction of sample = by
the NTK using CPL, Yy, as fcpl($; L). For simplicity, we will omit L in the following

text. Now, the active learning goal in eq. 3.1 is approximated as eq. 3.5.

mz‘nLeDi > L055( fopi (), Yept) (3.5)

(z,y)eD

The algorithm is shown in Alg. 1. For computational simplicity and without loss of

generality, we use 0-1 loss to calculate empirical risk in eq. 3.5. In each round of active
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learning, after computation of NTK based on eq. 3.3 and generation of CPL based
on the method introduced in sec. 3.4.3, the sample that minimizes the empirical risk

on the whole active learning pool after adding labeled set is selected.

Algorithm 1 NTKCPL

1: Input: self-supervised feature feasseiy, active learning feature feasy labeled set L, unlabeled

set U, budget b, initial cluster number Cy, maximum cluster number C,,., neural network’s

prediction f(x) at the last active learning round

2: Output: new labeled set L

3: Ney = min{b/2,Crax}

4: yepr < CPL generation(feasq, f(z), Co, New, L) based on Alg. 2
5: Initialize CPL labeled set Lep = {(x, yepi)|z € L}

6: for itr =1to b do

7. Emp_risk =]

8  for (z;,Ycpii) in U do

9: Compute NTK prediction on U, fcpl(U), based on eq. 3.4
10: Emp_risk +=[0-1L088(fepi(U), Yepi]

11:  end for

12: & = argminEmp_risk

13: Lepi = Lept U (@4, Yopriv ), U = U=

14: end for

15: Query label y;« of selected batch samples z;« from oracle

16: return L = LU (x;~, y;*)

3.4.2 Approximation Error

In this section, we analyze what affects the accuracy of NTKCPL estimates of empir-
ical risk on the whole active learning pool. The approximation error is the difference
between the true empirical risk and the estimated empirical risk using NTK and CPL.

The approximation error is given by:

v 2 [Boss(F(e), ) — Loss(Fop(e) yep)
(z.y)€D
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1

< v X (|Loss(f(2),y) - Loss(f,(x), )|
(z,y)€D
+ [Loss(fy(@).y) — Loss(fop(a), yen) (3.6)

As shown in eq. 3.6, it is bounded by the sum of NTK and CPL error, where the
NTK error represents the first term on the right-hand side of eq. 3.6, corresponding
to the difference between the predictions of the NTK model using true labels, fy(a:),
and the neural network, f(z). The CPL error refers to the second term on the right-
hand side of eq. 3.6, which is the difference caused by CPL during NTK estimation,
where fcpl(x) denotes the predictions of NTK with the CPL. For the NTK error, as
we mentioned in sec. 3.4.1, NTK is used to approximate the classifier only to obtain

better consistency.

When the NTKCPL method adopts the 0-1 loss, the approximation error from CPL,
previously defined in eq. 3.6, can be further expressed as eq. 3.7 by substituting
the indicator function I into the prior equation. It only takes non-zero values in
two scenarios. First, when argmax fy(a:) = y and argmax fcpl(x) # Yepi, denoting
the probability of this occurrence as Py,s. Second, when argmaz fy(:c) # y and
argmazx fcpl () = Yep, denoting the probability of this event as P, ;. Thus, CPL
error expands to eq. 3.8. To shed light on the circumstances giving rise to P,¢; or
Py s, we elucidate the relationship between NTK predictions when using CPL and

those when using true labels in the following proposition.

errorcpr = — 3 ‘H(a'r’gma:z: fu(@) =) — L(argmaz fo(z) = ycpl)‘ (3.7)
(z,y)eD

errorcpr, = Pogs + Prngs (3.8)

Proposition If the true labels of labeled samples are the dominant labels in their
corresponding CPL clusters, fy(x) = g( fcpl(x)), where g is the label mapping function,

defined as follows.
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Definition Label mapping function, g, converts NTK’s predictions about CPL
classes, fcpl(x), into predictions about true classes based on dominant labels within
the corresponding CPL clusters as shown in eq. 3.9, where chpl and g(f.(x))? denote
the 7™ outputs of fcpl and g, respectively, and K, is the total number of categories
in the CPL. The dominant class of cluster k refers to the category of the true label

that has the most count among the samples within cluster k.

chl

9 fe(@)) = > Lifl(2) (3.9)

k=1

1, 7 is dominant class of k
Lix = (3.10)
0, otherwise

Proof of Proposition When the training samples is X', the prediction of NTK for
the test sample z, f (x),is as in eq. 3.11. Here, ) represents the true labels of training
samples in one-hot encoding form, and the i row of ) corresponds to the one-hot
form true label of the i training sample. We denote K(z, X)KC(X, X)~! as weight

vector W.

= fo(z) + K(z, X) K(X,X) "1 (Y — fo(X))
= fo(z) =W fo(X) + WY (3.11)

~»

—~
8

S~—

The difference between NTK predictions with true labels, fy(x), and predictions
with CPL transformed to true label classes through a label mapping function g,
g( fcpl(:x)), is shown in eq. 3.12, where ), denotes CPL of training samples with
one-hot form. We write the product of the row vector W and the labels as the
element-wise multiplication, where w; represents the i*" element of W, y; and Yepl,i
are the '™ rows of the label matrix Y and the )., respectively. By the definition

of label mapping function, g, when true labels of labeled samples are the dominant
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classes in their corresponding CPL clusters, y; = ¢(yepi.i), the result of eq. 3.12 is zero,

ie., fy(z) = g(fou()).

A

fy(x) _g(prl(x)) = Wy—g(Wycpl>
= > (wiyi) = > _(wig(Yepi,i))

ieL ieL
= > wiyi — 9(Yepi)) (3.12)
ieL

Explanation of Impurity Error and Over-clustering Error According to the
proposition, we argue argmaxfy(x) is most likely to be equal to g(onehot(argmaxfcpl(x))),
i.e., the prediction of NTK model with the true labels is most likely equal to the corre-
sponding dominant class of the prediction of the NTK model with CPL. The empirical

evidence is shown in sec. 3.5.5.

For the case of Pj,f, as derived in eq. 3.13, the true label y is the dominant class
of the CPL cluster argmax fcpl(x), where the first equality is obtained based on the
definition of Pf,s and the second equality is derived from the argument based on
the proposition. Also, according to the definition of Prn¢, Yo # argmaz fcpl(x),
indicating that this true label class consists of at least two different CPL clusters,

namely y.,; and argmax fcpl(:v). In other words, this true class has been over-clustered.

y = argmaa:fy (z)

= g(onehot(argmaa:(fcpl(x)))) (3.13)

For the case of P, s, as shown in eq. 3.14, the true label y is not the dominant class
of the y.,, where the first equality is obtained based on the definition of P, s¢, the
second equality is derived from the argument based on the proposition, and the third
equality is obtained based on the definition of P, ;. Thus, the true label y is not the

dominant class of y.,. This implies that the samples within this CPL cluster include
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at least two different true labels, namely y and the dominant class of y.,. In other

words, this CPL cluster is impure.

y # argma:vfy(x)
= g(onehot(aTgman(fcpl(33))))
— o) (3.14)

3.4.3 Clustering Pseudo-Label

As deduced from the previous analysis, the effect of CPL on the approximation error
comes from the purity of the clusters and over-clustering. To improve clustering
purity, we take two approaches: (1) clustering on the active learning feature, feas,,
i.e., the output of the penultimate layer of the classifier, and (2) increasing the number
of clusters. However, increasing the number of clusters may cause the labeled samples
not to cover all classes of the CPL (under-coverage) and also increase the risk of over-

clustering error.

To improve the under-coverage, we set the number of clusters to half of the total
number of labels, i.e., each cluster includes two labeled samples on average. To im-
prove the over-clustering, we design a clustering-splitting approach instead of directly
increasing the number of clusters. It splits the low-purity clusters and keeps the high-
purity ones to reduce the extra over-clustering errors within samples located in the
high-purity clusters. Specifically, we use the prediction of the neural network in each
round of active learning to estimate the number of confusing samples within each
cluster, i.e., the number of samples from classes that are different from the dominant
class. The clusters that contain the largest number of confusing samples are split
sequentially until a predefined number of clusters is reached. The cluster splitting
algorithm is shown in Alg. 2, where we adopt the constrained K-Means (Wagstaff

et al., 2001) to improve the clusters from labeled sample constraints.
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Algorithm 2 CPL generation

1: Input: active learning feature feasy;, neural network predictions f(z), initial cluster number

Co, maximum cluster number C,..., labeled set L

Output: CPL y.p

Initialize Clus with Cy clusters on feas,; using Constrained K-means

for i =1 to Cyae — Cp do
Find the cluster, Clus;, that contains the most confusing samples
Split Clus; into two using K-means, resulting in new clusters Clus,1, Clus,z
Replace Clus; with Clus,1, Clus,s

end for

return y., < Clus

3.4.4 Computational Complexity

The computational complexity of our algorithm can be broken down into two main
components. The first component is the generation of CPL as described in Algorithm
2 of this chapter and the second component involves the utilization of NTK approxi-
mations. Let’s denote the size of the labeled dataset as L, the size of the unlabeled
dataset as U, the budget for selecting labeled samples per active learning round as b,
and the number of parameters in the model as P (in our case, the parameters of the

MLP classifier used in NTK computation).

Referring to (Mohamadi et al., 2022), we can write that the complexity of computing
the NTK kernel is O(LUP + L>P + L?). The time complexity for making predictions
using the NTK for a single sample is O(UL?). Consequently, the time complexity
for computing the NTK kernel and selecting b samples is approximately O(b(LU P +
L?P + L + UL?)).

Regarding the CPL computation, the primary computational complexity arises from
the execution of k-means clustering (Cya. — Cp) times, where we split the most
impure cluster into two, resulting in & = 2. Here, (), represents the maximum
number of clusters, Cy is the initial number of clusters, the maximum number of
iterations for k-means is denoted as I, and the feature dimension used for clustering

is represented by d. As shown in Algorithm 1, each active learning round involves
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generating CPL once and the selection of b samples, resulting in an overall time
complexity of O(b(LU P+ L?P+L*+UL?)4+UdI). In our scenario, the dominant term
is O(bLU P), which is the same as the NTK-based LookAhead framework (Mohamadi
et al., 2022).

3.5 Results

Our approach is validated on five datasets with various qualities of self-supervised
features. Datasets with good self-supervised features, such as CIFAR-10 (Krizhevsky
et al., 2009), CIFAR-100 (Krizhevsky et al., 2009), and ImageNet-100 (a subset of
ImageNet (Deng et al., 2009), following splitting in (Van Gansbeke et al., 2020)),
are included. SVHN (Netzer et al., 2011) with poor self-supervised features is also
included. Additionally, we consider practical scenarios where the total number of
samples in the trainset is insufficient to support effective self-supervised training,
such as Oxford-IIIT Pet dataset (Parkhi et al., 2012). In this case, we evaluated
the effectiveness of our method based on the model pre-trained on ImageNet (Deng
et al., 2009). To further demonstrate the effectiveness of our method with different
features for generating CPL, we report results based on both pre-trained features and
the penultimate layer outputs of a trained classifier, denoted as NTKCPL(self) and
NTKCPL(al), respectively. Detailed analyses can be found in Sec. 3.5.5.

3.5.1 Datasets

CIFAR-10 and CIFAR-100 datasets (Krizhevsky et al., 2009) both consist of 50,000
training samples and 10,000 testing samples, with a resolution of 32x32. CIFAR-10
is composed of 10 classes, while CIFAR-100 consists of 100 classes. Similarly, SVHN
dataset (Netzer et al., 2011) also contains 10 classes, with 73,257 training samples
and 26,032 testing samples. Its resolution is 32x32. ImageNet-100 is a subset of
the ImageNet dataset, following splitting in (Van Gansbeke et al., 2020), comprising
100 classes, with 128,545 training samples and 5,000 testing samples. Oxford-IIIT
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Pet (Parkhi et al., 2012) dataset includes 37 classes, with 3,680 training samples
and 3,669 testing samples. For both ImageNet-100 and Oxford-IIIT Pet dataset,

all samples were resized to a resolution of 224x224 following the method described

in (Grill et al., 2020).

3.5.2 Baseline

We compare our proposed method with representative active learning strategies: (1)
Random, (2) Entropy (uncertainty sampling, maximum entropy of output) (Lewis
and Catlett, 1994), (3) Coreset (diversity active learning strategy, greedy solution of
minimum coverage radius) (Sener and Savarese, 2018), (4) BADGE (combination of
uncertainty and diversity, kmeans+-+ sampling on grad embedding) (Ash et al., 2020),
where the scalable version (Citovsky et al., 2021; Emam et al., 2021), badge partition,
is used in ImageNet-100, CIFAR-100 and Oxford-IIIT Pet because the huge dimension
of grad embedding, (5) Typiclust (Hacohen et al.,; 2022) and Probcover (Yehuda et al.,
2022) (designed for low-budget case), (6) Lookahead (maximum output change based
on NTK) (Mohamadi et al., 2022).

3.5.3 Implementations

As our method focuses on the low-budget regime, we followed the training method
in (Mahmood et al., 2022), freezing weights of the backbone initialized with self-
supervised learning and then training a MLP as the classifier. The hyper-parameters
for training are set following (Hacohen et al., 2022) and are shown in table 3.1. For the
self-supervised model, we adopt simsiam (Chen and He, 2021) for CIFAR-10, CIFAR-
100 and SVHN and BYOL (Grill et al., 2020) for ImageNet-100 and Oxford-IIIT Pet.
Resnet-18 (He et al., 2016) is used in CIFAR-10 and SVHN, WRN28-8 (Zagoruyko
and Komodakis, 2016) is used in CIFAR-100 and Resnet-50 (He et al., 2016) is used
in ImageNet-100 and Oxford-IIIT Pet.

We roughly set the maximum number of clusters C,,., to be around 3-5 times the

number of classes of the dataset. For datasets with a larger number of samples per
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Table 3.1 — Hyperparameters

Dataset Backbone  Classifier Learning Momentum Weight Batch
Rate Decay  Size
CIFAR-10 Resnt18 MLP64 0.3 0.9 0.0003 100
CIFAR-100 WRN-28-8 MLP512 0.3 0.9 0.0003 100
SVHN Resnt18 MLP512 0.3 0.9 0.0003 100
ImageNet-100 Resnet50 MLP4096 0.1 0.9 0 512
Oxford-IIIT Pet Resnet50  MLP512 0.1 0.9 0 128

class (CIFAR-10 and SVHN have thousands of samples per class), we increase Cy,q,
to around 10 times the number of classes in the dataset. Specifically, for CIFAR-10,
CIFAR-100, ImageNet-100, SVHN, and Oxford-IIIT Pet, the maximum number of
clusters is 100, 500, 300, 100, and 150, respectively. We followed (Mohamadi et al.,
2022) to sample a subset of the unlabeled set as the candidate set to select samples

and estimate coverage. The candidate set includes 10,000 samples.

For the query step, we set 500 for CIFAR-100, 20 for SVHN, and 40 for Oxford-IIIT
Pet. The varying query step is set for CIFAR-10 and ImageNet-100. Specifically, for
CIFAR-10, 20 samples are queried before 100 labels are available, 100 samples are
queried before 500 labels and 500 labels are queried before 2000 labels. For ImageNet-
100, 200 samples are selected before 1000 labels are available and 500 samples are
queried before 2000 labels.

Classifier is a 2-layer MLP with the architecture: Linear + BatchNorm + ReLU +
Linear. The dimension of the output of the first linear layer is shown in table 3.1.
Total number of training epochs is 100. Data augmentation includes random crops
and horizontal flips. The remaining hyper-parameters are shown in table 3.1. The

data, training method, and model architecture used for pre-training the model are

detailed in table 3.2.

3.5.4 Main Experiment Results

All experiments were run 5 times and the average value and standard deviation are

reported. Considering that the experiments are conducted for the scenario with a low
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Table 3.2 — The data, training method, and model architecture used for pre-training

the model.

Dataset Backbone  Pre-train Pre-train
dataset method
CIFAR-10 Resnt18 CIFAR-10  Simsiam
CIFAR-100 WRN-28-8 CIFAR-100 Simsiam
SVHN Resnt18 SVHN Simsiam
ImageNet-100 Resnet50 ImageNet BYOL
Oxford-ITIT Pet Resnetb0 ImageNet BYOL

annotation budget, it is not practical to construct a validation set to select the best

checkpoints (the benefits of constructing a validation set are much less than using

these labeled samples as training samples). Therefore, we report the final checkpoint

accuracy, not the accuracy of the checkpoints determined by the validation set. The

results are shown in fig. 3.4 and table 3.3.
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40 57.5243.34 51.1044.21 36.6746.20 54.9943.43 66.1842.45 58554271 68.6042.50 63.5542.89
60  65.88+3.07 64.46+£3.42 46.30+7.41 65.23+1.40 72.93+1.77 66.96£2.90 75.0041.60 72.22+2.11
80 69.35+3.31 70.49+3.05 58.96+6.15 70.76+1.86 76.98+1.04 T2.71£1.94 78514161 75.32-40.92
100 7411£1.16 74.34+1.92 62.64+5.07 75.4040.99 78.24+1.28 75.97+2.04 80.30+£1.17 78.45+1.19
200 80.90+0.90 79.86+1.77 76.93+3.56 82.20+1.14 83.16+0.61 81.89+1.31 83.77+1.04 81.87+1.02
300 82.80+0.93 8143+2.23 82.64+142 84.53+0.46 84.16+£0.25 83.2040.89 85.00+0.54 83.78+1.05
400 84.04+0.49 83.37+1.31 84.56+1.15 84.75+0.40 85.13+£0.27 84.50+0.59 85.64-+0.38 84.73+0.85
500 84.97+0.78 84.24+0.89 85.23+0.59 85.57+0.51 85.37+0.15 85.314£0.12 85.7240.22 85.48+0.65
1000 86.26+0.38 84.94+048 86.75-£0.36 86.06-0.31 86.07+0.14 85.69+0.47 86.83+0.33 87.15+0.57
1500  86.95+0.27 85.85+0.30 87.03+0.13 87.0520.36 86.37+0.11 86.82+£0.23 87.18+0.41 87.58+0.29
2000 87.30+0.37 86.92+0.15 87.34+0.27 87.314047 86.55+£0.21 87.16+0.19 87.34+0.41 87.87-0.39

Table 3.3 — Comparison

of accuracy of different active learning strategies on CIFAR-
10. All results are averages over 5 runs. The best results are shown in red and the
second-best results are shown in blue.

NTKCPL outperforms SOTA. As shown in table 3.3, fig. 3.4. In most cases,

our proposed method outperforms the baseline methods. For the few cases with only

a small number of labels, our method shows comparable performance with the low-
budget strategy, TypiClust, such as in CIFAR-100 with 500 and 1000 labeled samples,
and Oxford-IIIT Pet with 80 and 100 labeled samples.
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Figure 3.4 — Performance of different active learning strategies. The shaded area
represents standard deviation.

NTKCPL still shows good performance when the self-supervised features
do not correspond well to the label classes. Since the loss of self-supervised
training is different from that of classification, self-supervised features do not always
align well with label classes. In the SVHN dataset, self-supervised features of different
classes are mixed because the images include some irrelevant digits on both sides of
the digit of interest (Netzer et al., 2011). In this case, our method is similar to other
baseline strategies at the beginning of active learning, but it shows better results than

baselines after several active learning rounds as shown in fig. 3.4c.

Another common scenario is the lack of sufficient samples to support effective self-
supervised training. To evaluate in this context, we choose the Oxford-IIIT Pet

dataset with the self-supervised model trained on ImageNet. The result is shown in



3.5 Results 55

fig. 3.4d. Our method has similar accuracy in the first three rounds as the TypiClust

and outperforms all baseline methods afterward.
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Figure 3.5 — Active learning gain of different active learning strategies. The shaded
area represents the standard deviation.

NTKCPL has a wider effective budget range than SOTA. Active learning
based on self-supervised models exhibits an intensified phase transition phenomenon,
where low-budget strategies underperform the random baseline when annotation
quantities are limited. We plot the active learning gain of our method and baselines
on different datasets in fig. 3.5. The average accuracy of our method, NTKCPL(al),
outperforms the random baseline at all quantities of labels. In contrast, both the
typical high-budget strategy, BADGE, and low-budget strategy, TypiClust, appear

to be worse than the random baseline over a range of annotation quantities.
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3.5.5 Detailed Study

In this section, we conduct a comprehensive investigation of the NTKCPL method,
encompassing the accuracy of NTKCPL in estimating true coverage, the impact of
CPL’s quality, and the impact of maximum cluster quantity C,,, on performance.
Also, we compare the effect of generating CPL on self-supervised features as well as
on the active learning feature on the performance of NTKCPL and the practicality

of training methods.

Empirical Risk Estimation To evaluate the effectiveness of our proposed method,
NTKCPL, in estimating the empirical risk on the entire active learning pool, exper-
iments were conducted on CIFAR-100. The empirical risk was computed using 0-1
loss. As shown in fig. 3.6, when there are few labeled samples, the inaccurate CPL
may lead to a large estimation error for empirical risk error. However, after reaching
about 1500 labels, our approach accurately estimates the empirical risk over the entire

active learning pool.
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Figure 3.6 — Estimation of empirical risk on the whole active learning pool for CIFAR-
100, where the NN using true labels represents the ground truth.

Ablation Study To investigate the contributions of each component in the NTKCPL
method, we conducted ablation experiments on the ImageNet-100 dataset. Specif-

ically, we compared the performance when using linear regression versus NTK to
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approximate outputs of multi-layer neural networks, and when employing simple K-
Means clustering versus CPL as pseudo-labels to guide active learning sample selec-

tion. The results are presented in fig. 3.7.

Whether CPL or K-Means is used as pseudo-labels, NTK consistently leads to sig-
nificant performance improvements over linear regression. This suggests that NTK’s
ability better to approximate the outputs of a multi-layer neural network is crucial
for look-ahead active learning. Moreover, CPL exhibits notable performance gains
over K-Means only when paired with the NTK model. This indicates that the ben-
efits of pseudo-labels rely on the NTK’s capability to approximate neural network
outputs effectively. Additionally, as the number of labeled samples increases, the
advantage of NTKCPL over the NTK using K-Means for pseudo-labeling becomes
increasingly evident. This observation aligns with our analysis in sec. 3.4.2, which
shows that using K-Means clusters as pseudo-labels struggles to balance impure er-
rors and over-clustering errors, thereby reducing its effectiveness in approximating
the true empirical risk. In contrast, our proposed CPL method effectively mitigates

these issues, resulting in superior performance.
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Figure 3.7 — The ablation study on ImageNet-100.

The Impact of the CPL To gauge the influence of CPL quality, we conducted ex-
periments replacing CPL with the true labels. The outcomes are detailed in table 3.4
and table 3.5. There’s still room for enhancing CPL quality, especially when working
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with a limited number of labels. As the label count grows, NTKCPL progressively

converges towards that of NTK using true labels.

Table 3.4 — Accuracy of NTK with true label on CIFAR-100

#Label NTK with true label NTKCPL(self) NTKCPL(al)
500 55.04+0.42 48.87+0.33 49.20+0.66
1000 57.99£0.27 54.08+0.23 53.99£0.27
1500 59.48+0.51 56.61£0.48 56.5240.24
2000 60.42+0.26 07.95£0.35 57.80£0.49
2500 60.66+0.30 58.5210.50 59.00£0.56
3000 61.16+0.22 59.46+0.32 59.924+0.57
3500 61.70£0.11 60.27£0.33 60.53£0.42
4000 62.01£0.24 60.831+0.35 61.16£0.34

Table 3.5 — Accuracy of NTK with true label on ImageNet-100

#Label NTK with true label NTKCPL(self) NTKCPL(al)
200 74.59+1.12 63.98+1.39 65.88+1.00
400 78.13£0.68 69.69£0.78 72.18+1.36
600 80.70+0.27 77.03£0.77 76.84+0.72
800 81.38+0.56 78.28+0.58 78.81+0.71
1000 82.09+0.32 79.34£0.44 80.17%0.64
1500 83.19£0.23 81.41+0.31 81.8440.40
2000 83.67£0.30 82.42+0.56 82.77£0.21

Effect of the Maximum Number of CPL The ablation experiments are con-

ducted on CIFAR-10. We plot the accuracy when the number of annotations selected

by active learning is greater than 400 as shown in fig. 3.8. In this range, the number

of classes of CPL is fixed at 10, 50, 100, and 200, respectively. The results support our

analysis in sec. 3.4.2 that too many or too few clusters will increase the approximation

error, which affects the performance of active learning.

Effect of self-supervised feature-based and active learning feature-based
clustering-pseudo-labels on NTKCPL. We denote NTKCPL based on active
learning features as NTKCPL(al) and NTKCPL based on self-supervised learning
features as NTKCPL(self). The results are shown in table 3.3 and fig. 3.4. From
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Figure 3.8 — Effect of the maximum number of clusters C,q, on active learning per-
formance on CIFAR-10.

these experiments, we found that clustering on active learning features yields better
results except for the case where the number of annotations is very small. Also,
NTKCPL(self) is better than NTKCPL(al) in a wide range of annotation quantities
(no more than 500), when self-supervised features are good such as experiment in the
CIFAR-10. The possible reason is the dimension of active learning features is smaller

than that of the self-supervised features.

Effect of Pre-training Methods on NTKCPL To demonstrate the impact of
different pre-training methods on NTKCPL, we conducted experiments using Sim-
CLR, SimSiam, and CLIP pre-trained models on CIFAR-10. The details of the pre-
training are provided in table 3.6. The active learning accuracy results are shown in
fig. 3.9. NTKCPL exhibits strong performance using various pre-trained models. In
the low-budget regime, it outperforms typical low-budget strategies such as TypiClust
and ProbCover. Furthermore, compared to baseline methods, NTKCPL consistently

outperforms the random baseline across a wider range of labeling budgets.

Table 3.6 — The details of pre-training methods.

Pre-training Method Pre-training Data Model
Simsiam (Chen and He, 2021) CIFAR-10 ResNet-18
SimCLR (Chen et al., 2020a)  CIFAR-10 ResNet-18

CLIP (Radford et al., 2021) WeblmageText ViT-B/32
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Figure 3.9 — Performance of different active learning strategies. The shaded area
represents standard deviation.

Choice of the Training Method In existing low-budget active learning litera-
ture, a common setting involves freezing the self-supervised backbone weights and
only training the classification head (also the method employed in this chapter’s ex-
periments). Fine-tuning stands as another widely adopted training technique utilizing
self-supervised models. We assessed the effectiveness of these two training methods
within the low-budget scope, with randomly selected labeled samples. As depicted
in table 3.7, table 3.8, and table 3.9, within the realm of low-budget, freezing the
self-supervised weights and training only the classification head yields superior per-

formance.

3.5.6 Running Time

We compare the computation time of our method with that of LookAhead (Mo-
hamadi et al., 2022) (an active learning method based on NTK) as shown in fig. 3.10.
The computational platform used for the experiments in this chapter consisted of an
RTX 3090 (24GB) GPU paired with 15 Intel(R) Xeon(R) Platinum 8358P CPUs @
2.60GHz. The code for this chapter was implemented using the PyTorch framework,
with NTK calculations conducted using the Jax framework. Our method demon-
strates a comparable sample selection time to LookAhead. When the dataset has
few classes, our method takes slightly longer than LookAhead. Conversely, when the
dataset has many classes, our method takes slightly less time than LookAhead.
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Table 3.7 — Accuracy comparisons between the MLP-head probing (freezing the self-
supervised backbone and training the MLP classifier head) and the fine-tuning on
CIFAR-10. All results are averages over 5 runs. The best results are shown in red.

#Label only MLP classifier Fine-tuning
20 41.80+3.82 34.5942.86
40 57.52+3.34 47.21+3.68
60 65.88+3.07 56.1945.17
80 69.35+3.31 60.844+4.39
100 74.114+1.16 66.084+2.86
200 80.90+0.90 78.00+1.00
300 82.80+0.93 81.76+0.54
400 84.0440.49 83.26+£0.97
500 84.97+0.78 84.624+0.91
1000 86.26+0.38 86.70+0.27
1500 86.95+0.27 87.93+0.23
2000 87.30£0.37 88.47+0.25

Table 3.8 — Accuracy comparisons between the MLP-head probing (freezing the self-
supervised backbone and training the MLP classifier head) and the fine-tuning on
CIFAR-100. All results are averages over 5 runs. The best results are shown in

red.
#Label only MLP classifier Fine-tuning
500 44.76+0.77 36.52+0.78
1000 52.51+0.36 48.85+0.83
1500 55.70+0.51 53.584+0.39
2000 57.12+0.62 56.784+0.28
2500 58.34+0.42 59.06£0.37
3000 59.22+0.38 61.061+0.70
3500 59.97+0.30 62.1440.49
4000 60.70+£0.25 62.86+0.53

3.5.7 Empirical Evidence for Approximation Analysis

Empirical Evidence of Argument Based on proposition, f,(z) = g(fuu(x)), we
argue argmaz f,(z) is most likely equal to g(onehot(argmaz( fcpl(x))). We validate
this claim on the CIFAR-10 and CIFAR-100 datasets. The validity of this claim at
different numbers of annotations is shown in fig. 3.11. This claim is valid in most

cases, especially when the dataset has few classes.
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Table 3.9 — Accuracy comparisons between the MLP-head probing (freezing the self-
supervised backbone and training the MLP classifier head) and the fine-tuning on
ImageNet-100. All results are averages over 5 runs. The best results are shown in

red.
#Label only MLP classifier Fine-tuning
200 50.89+3.33 46.47+1.54
400 62.98+1.81 60.34+0.89
600 74.304+1.09 68.06+0.50
800 76.1740.68 71.47+0.46
1000 77.56+0.59 73.16+£0.28
1500 80.78+0.16 76.29+0.36
2000 81.98+0.28 78.02+0.44
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Empirical Evidence The analysis of over-clustering error and impurity error is
validated on the CIFAR-10 and CIFAR-100 datasets. Specifically, we examined the
proportion of impure samples in the P,y samples, as shown in fig. 3.12. Additionally,
we also examined the proportion of over-clustering samples in the Pf,; samples, as

shown in fig. 3.13. The experimental results show that impurity and over-clustering

explain most of the approximation errors.
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Figure 3.12 — Proportion of approximation error caused by impure samples within

CPL to the P,¢s term on (a) CIFAR-10 and (b) CIFAR-100. The shaded area
represents standard deviation.
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3.6 Limitations and Discussions

Due to the limited approximate effectiveness of NTK in fine-tuning pre-trained mod-
els, our approach is limited to the fixed training approach, i.e., training the classifier
on top of a frozen self-supervised training encoder, which is suitable for the low-
budget scenario because the fine-tuning training approach provides higher accuracy
in the high-budget case. Therefore, (1) how to accurately approximate the fine-tuning
model initialized with self-supervised weights using NTK and (2) whether the samples
selected by our current method have good transferability for the fine-tuning would be

interesting future directions.

3.7 Summary

In this chapter, we study active learning on top of self-supervised models. Our ob-
servations reveal significantly earlier emergence of phase transition points and these
points vary notably across different datasets. Consequently, selecting existing low-
budget active learning strategies becomes an unreliable choice. To improve this issue,
we proposed a novel active learning strategy, NTKCPL, expanding the effective bud-
get range by directly approximating empirical risk across the entire active learning
pool. Moreover, we conduct an analysis of the approximation error, devising a CPL
generation method based on this analysis to mitigate the approximation error. Our
method outperforms SOTA in most cases and has a wider effective budget range. The
comprehensive experiments show that our method can work well on self-supervised

features with different qualities.



Chapter 4

Efficient Active Learning with a

Large Pre-trained Model

4.1 Introduction

Training effective deep neural networks typically requires large-scale data (Deng et al.,
2009; He et al., 2016; Liu et al., 2021). However, the high cost of acquiring data,
especially annotated data, poses a significant challenge for practitioners (Budd et al.,
2021; Norouzzadeh et al., 2021). Active learning and the pre-training fine-tuning
paradigm are widely adopted strategies to address this challenge. Active learning
reduces the demand for extensive annotation by iteratively selecting and labeling
the most informative samples (Ren et al., 2021). Additionally, the pre-training fine-
tuning method leverages large-scale unsupervised pre-training to create a powerful
foundational model, enabling exceptional performance on downstream tasks with only
a limited amount of labeled data (Caron et al., 2021; Chen et al.;, 2020a; Grill et al.,
2020; He et al., 2022). To further minimize labels’ demands, researchers have turned
their attention to active fine-tuning, which fine-tunes the pre-training model with
labeled samples selected by active learning strategies (Bengar et al., 2021; Chan et al.,
2021; Xie et al., 2023). However, as the scale of pre-training models continues to grow,

the sample selection time of active learning, which often is overlooked in traditional
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active learning, becomes a challenge (Coleman et al., 2019). As illustrated in fig. 4.1,

larger pre-training models lead to higher accuracy, but also significantly increase the

time required for active learning sample selection.
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Figure 4.1 — Comparing sample selection time and accuracy in active learning (margin
sampling) with different scale models. The active learning included a total of 16
iterations, selecting a total of 400k samples on the ImageNet dataset. All models
are pre-trained using BYOL-EMAN (Cai et al., 2021).
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Figure 4.2 — Comparison of the labeling and training costs across random sampling,
the standard active learning pipeline, the efficient active learning method (SVPp),
and our method (ASVP), using margin sampling to achieve the same accuracy as
randomly selecting 400k samples on the ImageNet dataset. We used a ResNet-50
model, and the training cost was priced based on AWS EC2 P3 instances (following

existing paper (Zhang et al., 2024)), while annotation costs were estimated using
AWS Mechanical Turk! with triple reviews.
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To address this issue, recent research has introduced an efficient active learning frame-
work known as Selection via Proxy based on pre-trained features (SVPp) (Zhang
et al., 2024). To avoid conceptual confusion, in this chapter, we use “effectiveness”
to refer to the performance gain brought by active learning compared to the random
baseline, and “efficiency” to refer to the time required for active learning to select sam-
ples. SVPp begins by forwarding the entire dataset through a pre-trained model once,
recording pre-trained features for all samples. Subsequently, in multiple iterations of
active learning, a simple MLP classifier is trained using the pre-computed features

for sample selection. After the sample selection, the entire model is fine-tuned once.

However, since the proxy model uses pre-trained features as input, it is equivalent to
freezing the pre-trained backbone and training only a simple classifier, it has limited
feature learning capacity. In contrast, fine-tuning the entire model enables stronger
feature learning. As the number of labeled samples increases, the fine-tuned model
progressively learns features more aligned with the labeled data. This growing dis-
crepancy between the predictions of the fine-tuned model and those of the proxy model

based on pre-trained features can ultimately degrade the performance of SVPp.

We observe that, in comparison to the standard active learning method (fine-
tuning the whole pre-trained model in each active learning iteration), SVPp may
compromise the effectiveness of active learning, resulting in additional annotation
costs. As depicted in fig. 4.2, we noticed that while SVPp significantly reduces active
learning time (training costs), its decline in active learning performance leads to a
notable increase in annotation costs. Practitioners therefore have to face the dilemma
of weighing computational efficiency against overall cost (the sum of labeling cost and

the training cost).

In light of this challenge, in this chapter, we analyze the factors contributing to the
decline in active learning performance when using SVPp in sec. 4.3. Beyond the
intuition-aligned reason for SVPp active learning performance decline: fine-tuned
features being more capable of distinguishing sample categories than pre-trained fea-
tures, leading to the selection of redundant samples (i.e., samples the fine-tuned

model can already predict correctly), our analysis reveals an intriguing discovery:
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when pre-trained features are of comparable quality to fine-tuned features, not all
sample selection differences result in a decline in SVPp performance. Moreover, some
performance drops are due to samples selected by SVPp causing substantial modifi-

cations to the pre-trained model during fine-tuning.

Based on these insights, we propose an aligned selection via proxy strategy, ASVP,
to enhance the performance of efficient active learning in sec. 4.4. First, we align
the pre-computed features used by the proxy model with the one used in standard
active learning. Specifically, we update the pre-computed features based on the fine-
tuned model when the pre-trained features’ ability to distinguish sample categories
significantly lags behind the fine-tuned features. In addition, we switch the training
method between linear-probing then fine-tuning (LP-FT) (Kumar et al., 2022) and
fine-tuning (FT) to mitigate the impact of samples selected by the proxy model on

the model’s performance.

Extensive experimental validation shows that our method clearly improves the ef-
fectiveness of efficient active learning, achieving similar or better total cost savings
compared to those of standard active learning, while still maintaining computational

efficiency.

The contributions of this chapter can be summarized as follows: (1) We empirically
analyze the factors contributing to the performance drop when employing SVPp.
The proxy model picks redundant samples where fine-tuned features outperform pre-
trained ones. Also, it overlooks samples that are crucial to retain valuable pre-trained
model information. (2) We propose a novel efficient active learning approach, aligned
selection via proxy (ASVP), based on the above analysis. It improves the performance
of efficient active learning while incurring a marginal amount of computation time. (3)
We introduce a novel and practical evaluation metric for efficient active learning: the
sample saving ratio. This metric directly quantifies the savings in annotation achieved
by employing active learning strategies compared with the random baseline. It also
facilitates the estimation of overall savings, including savings in both computational
and labeling costs, thereby assisting practitioners in making a decision on whether to

use efficient active learning strategies.
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4.2 Preliminaries

4.2.1 Selection via Proxy
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Figure 4.3 — The Selection via Proxy based on pre-trained features (SVPp) Framework.
Stage 1: pre-computing features. Stage 2: sample selection based on the proxy
model (a simple classifier) with pre-computed features as input. Stage 3: Fine-
tuning the pre-trained model using labeled samples.

We briefly review the Selection via Proxy flramework based on pre-computed features,
SVPp, as shown in fig. 4.3. We denote the labeled set as L, the unlabeled set as U.
The pre-trained neural network backbone is defined as f(+;6,) : X — R? where 6,
represents weights of the pre-trained model, X is the data space and R? is normalized
feature space. And we define the predictor as h(+;6) : R? — R, where 0, is weights
of the predictor and R€¢ is the output space. SVPp follows a three-step process. First,
all samples are forward-passed through f(-;6,), and the pre-trained features are saved.
Subsequently, the proxy model is trained, and samples are selected iteratively based
on the active learning strategy. In this process, the predictor h(-;0p) serves as the
proxy model, utilizing pre-computed features as its input. The final step is fine-tuning

the pre-trained model h(f(-;6,);0,) based on the obtained labels.
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4.2.2 LogME-PED

In practice, there are numerous models generated through various pre-trained meth-
ods. Conducting fine-tuning and testing for each pre-trained model to select the best
one would incur substantial computational costs. To address this issue, LogME-PED

is proposed for efficient pre-trained model selection (Li et al., 2023b; You et al., 2021).

The performance of linear-probing is often correlated with fine-tuning performance.
Therefore, training a linear classifier on top of the pre-trained backbone serves as an
indicator of the quality of the pre-trained model. However, research has shown that
likelihood is prone to over-fitting and is not a reliable indicator (You et al., 2021).
Therefore, LogME proposes using evidence as a metric, as shown in equation 4.1,
where F' denotes the pre-trained features of the labeled set and w denotes the param-
eters of the linear classifier. LogME assumes that these two probability terms follow
Gaussian distributions, allowing for the efficient analytical calculation of equation 4.1.

For specific calculation methods, refer to (You et al., 2021).

pIF) = [ plw)p(yle, F)dw (4.1

LogME can effectively assess the quality of pre-trained features. However, due to its
inability to evaluate the changes in sample features caused by fine-tuning, LogME
does not provide a comprehensive evaluation of the performance of the fine-tuned

model.

PED is a physically inspired model, that simulates feature learning dynamics through
multiple iterations (Li et al., 2023b). The approach draws an analogy between the op-
timization objective during fine-tuning and the concept of potential energy in physics.
In fine-tuning, adjusting the model parameters forces the features of different classes
to be distinguished, akin to the movement of objects influenced by forces in physics.
Following this intuition, PED models the features of different classes as separate small
balls, where the mean and standard deviation of each class’s features correspond to
the position and radius of the ball, respectively. The force between balls is propor-

tional to their overlapping length. In this physical model, the positions and forces of
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the objects are updated iteratively until convergence. Finally, the updated features
are regarded as the features after fine-tuning the pre-trained model. Then, LogME is
computed based on these updated features to assess the performance of the fine-tuned

model.

4.3 Observations and Analysis

Since practitioners utilizing proxy models for efficient active learning aim to reduce
sample selection time while minimizing the loss of active learning gains (between
standard active learning based on fine-tuned models and SVPp), the exact overlap
between samples selected by the proxy model and those selected by the fine-tuned
model is not their primary concern. Therefore, in this section, we first investigate
which differences in sample selection lead to the degradation of SVPp

active learning performance.

4.3.1 Impact of Sample Selection Differences on SVPp Per-

formance

We categorize the samples selected by both the proxy model and the fine-tuned model
into different regions based on whether the models can correctly predict the samples
and the active learning metrics (such as margin (Scheffer et al., 2001), entropy (Lewis
and Catlett, 1994), etc.). As shown in fig. 4.4, the x and y axes represent whether
the proxy model and the fine-tuned model can correctly predict the samples, respec-
tively. The closer a sample is to the origin, the more likely it is to be selected in active
learning. For uncertainty-based active learning strategies (e.g., margin, entropy, con-
fidence (Wang and Shang, 2014)) and strategies combining uncertainty and diversity
(e.g., BADGE (Ash et al., 2020)), a smaller distance from the origin indicates higher
uncertainty, such as a smaller margin predicted by the model. For distance-based
active learning strategies (e.g., coreset (Sener and Savarese, 2018)), a smaller dis-

tance from the origin indicates a greater distance between the sample and the labeled
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set. Most effective active learning strategies for fine-tuning pre-trained models are
uncertainty-based or combine uncertainty with diversity (where the latter extends the
former by selecting diverse samples from the uncertainty candidates) (Emam et al.,
2021; Zhang et al., 2024), this paper will use uncertainty-based active learning as an

example for analysis.

Standard active learning based on the fine-tuned model selects samples from regions
O, A, and B, while efficient active learning based on the proxy model selects samples
from regions O, C, and D. In other words, compared to the fine-tuned model, the
proxy model misses samples from regions Al, A2, Bl, and B2 while additionally

selecting samples from regions C and D.

Fine-tuned
Model

Proxy
Al A2 Model

Model Predict correctly
¥ Model Predict incorrectly

O mB WD

A Cc

X

Figure 4.4 — Sample Selection Discrepancy: Proxy vs. Fine-tuned Models. The two
axes represent the confidence of predictions for the proxy model and the fine-tuned
model, with the positive half-axis indicating correct predictions and the negative
half-axis indicating incorrect predictions. Uncertainty-based active learning selects
samples with the lowest prediction confidence, meaning the proxy model chooses
samples from regions O, C, and D, while the fine-tuned model selects samples
from regions O, A, and B. The regions O and A, B, C, D are non-overlapping.
All regions depicted here are conceptual illustrations, indicating whether they are
selected and correctly predicted by the proxy model or fine-tuned model. Their
width and shape do not represent the specific number of selected samples. For
convenience in further analysis, we denote the incorrect predictions made by the
proxy model in region B as B1, and the correct predictions as B2. Both the proxy
model and the fine-tuned model confidently predict the remaining white regions,
hence they do not select samples from them.
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Empirical Evidence We conducted replacement experiments to demonstrate the
impact of missing samples from regions Al, A2, B1, and B2 on SVPp active learning
performance. In this section, we used one of the state-of-the-art strategies, margin
sampling, with fine-tuned pre-trained models. A total of 400k samples were selected
over 16 rounds, with the first 10k samples selected randomly. The experiments were

conducted on ImageNet, with detailed settings provided in sec. 4.5.1.
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Figure 4.5 — The impact of different regions on SVPp active learning performance.
Replacing samples selected by the proxy model with those from regions Al, A2,
B1, B2. The active learning gain refers to the difference in accuracy between active
learning and the random baseline.

Specifically, during each round of sample selection, we replaced the tail samples se-
lected by the proxy model (i.e., those with the largest margins) with samples from
regions Al, A2, B1, and B2. As shown in fig. 4.5, we observed that not all differences
in sample selection caused performance degradation in SVPp active learning. Re-
placing samples with those from regions A2 and B2 improved SVPp active learning
performance, replacing samples from region Al had no effect, while replacing sam-
ples from region B1 decreased performance. Based on these observations, to improve
the performance of SVPp active learning, we should focus on the sample selection

differences from regions A2 and B2.

To investigate why samples from regions Al and Bl fail to improve SVPp perfor-
mance, we analyzed the difficulty of samples across different regions. Recent studies

suggest that hard-to-learn samples are likely to undermine active learning perfor-
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mance (Karamcheti et al., 2021). Al and B1 regions, compared to A2 and B2,
likely contain a higher proportion of difficult samples. This is because the fine-tuned
model’s predictions on these samples show high uncertainty, while the proxy model’s
predictions on them are wrong. To validate this hypothesis, we utilized Dataset
Maps (Swayamdipta et al., 2020) to assess sample difficulty. Dataset Maps depict
sample learnability by analyzing training dynamics from models trained on the entire
dataset, using metrics such as average confidence for the correct class and prediction
accuracy across training epochs to quantify difficulty. Following Karamcheti et al.
(2021), we categorized sample difficulty based on mean confidence levels: very hard
(<0.25), hard (>=0.25 and <0.5), medium (>=0.5 and <0.75), and easy (>=0.75).
As illustrated in fig. 4.6, regions A1l and B1 indeed contain a higher proportion of

very hard samples.
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Figure 4.6 — Difficulty distribution of samples from different regions.

4.3.2 Role of Region A2 and B2 in Improving SVPp Perfor-

mance

Those missed samples (Region A2, B2) that can improve SVPp performance share
a common characteristic: the proxy model can confidently predict them correctly,
while the fine-tuned model shows high uncertainty in its predictions. This indicates
that these samples are well-distinguished using pre-trained features, whereas they
are harder to differentiate in the fine-tuned features. Including these samples in
the next round of active learning will help the fine-tuned model distinguish them.
A question arises: are the pre-trained feature manifold and the fine-tuned

feature manifold (training with samples from regions A2 and B2) similar?
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Empirical Evidence To answer this question, we conducted a backbone exchange
experiment to compare the similarity between the fine-tuned and pre-trained features.
We put the linear classifier of the fine-tuned model on top of the pre-trained backbone
and evaluated its accuracy loss on the test set. The greater the accuracy drop after
exchanging the backbone, the more dissimilar the fine-tuned features are from the

pre-trained features.

We created five sets of training samples by replacing 0% (w/o replacing), 5%, 10%,
15%, and 20% of the samples selected by the proxy model with the samples from
regions A2 and B2 that had the smallest margins. After training on these sets, the
accuracy loss is evaluated by putting the fine-tuned model’s linear classifier on top of
the pre-trained backbone. As shown in fig. 4.7, the accuracy drop decreased as more
samples from A2 and B2 were included in the train set, indicating that incorporating

these samples helps maintain the feature manifold similar to the pre-trained model.
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Figure 4.7 — The influence of samples from regions A2 and B2 on the similarity between
fine-tuned and pre-trained features. Exchange-backbone accuracy loss refers to the
accuracy difference between the fine-tuned model’s linear classifier placed on the
pre-trained backbone and the fine-tuned model.

Based on this observation, another intriguing question arises: can directly main-
taining the similarity between fine-tuned and pre-trained features mitigate
the performance drop caused by the proxy model missing samples from

regions A2 and B2?
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Empirical Evidence To explore this, we employed two training methods: fine-
tuning and LP-FT (Linear Probing and then Fine-Tuning), to compare the perfor-
mance differences between SVPp (sample selection via proxy model and evaluation
via fine-tuning or LP-FT) and standard active learning (both sample selection and
evaluation via fine-tuning or LP-FT). In LP-FT, linear probing is followed by fine-

tuning to preserve the similarity between the fine-tuned features and the pre-trained

features.
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Figure 4.8 — Comparison of active learning performance based on the fine-tuned model
(standard active learning) and proxy model when employing different training
methods. The active learning gain refers to the difference in accuracy between
active learning and the random baseline (using fine-tuning).

As shown in fig. 4.8, after applying LP-FT, the active learning performance based
on the proxy model was almost identical to that based on the LP-FT model. This
suggests that samples from regions A2 and B2 enhance active learning performance
by preserving the similarity between the fine-tuned and pre-trained feature manifold.
Therefore, directly preserving this similarity compensates for the decrease in active

learning performance caused by the proxy model’s omission of samples from regions

A2 and B2.
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4.3.3 Discussions

The previous section discussed that not all differences in sample selection between
SVPp and standard active learning result in performance differences (only those from
regions A2 and B2 do). Moreover, when using LP-FT to train the model, the sample
selection differences from regions A2 and B2 do not cause a decline in SVPp active

learning performance. Next, we discuss the limitations of the above analysis.

Firstly, given the training samples, we always aim to choose the training method
that achieves the highest accuracy. Therefore, it is only meaningful to use LP-FT to
compensate for the proxy model missing samples from regions A2 and B2 if LP-FT
can achieve accuracy that is at least as good as fine-tuning. Secondly, as the number
of selected samples increases, the performance gap between the fine-tuned model
and the proxy model may widen (Cai et al., 2021). This could reduce the active
learning gain of SVPp, thus affecting the previous conclusion about the impact of
missed regions (A1, A2, B2, B2) by the proxy model on active learning performance.
Therefore, we further analyzed the proportion of samples from regions C and D, as

well as their impact on active learning gain.
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Figure 4.9 — Observations on region C and D: (a) the proportion of region C and D,
(b) comparison of active learning gain when selecting only samples from region C
or D. The active learning gain refers to the difference in accuracy between active
learning and the random baseline.

As shown in fig. 4.9a, with more samples selected during active learning, the pro-

portion of samples from region C selected by the proxy model increases, while the
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proportion from region D decreases. This aligns with intuition: as the number of
annotations increases, the features of the fine-tuned model become better at distin-
guishing between sample categories than those of the proxy model, increasing cor-
rectly predicted samples (samples from region C). Additionally, as shown in fig. 4.9b,
selecting samples from region C results in an active learning gain of less than 0, mean-
ing it performs worse than random selection. These two observations imply that as
more samples are selected during active learning, the proxy model selects more sam-
ples from region C, causing its active learning performance to decline. As the proxy
model’s active learning performance declines, it may lead to all missed regions (Al,
A2, B1, B2) contributing to performance differences between SVPp and standard

active learning.

In summary, when LP-FT training achieves performance comparable to fine-tuning
and the proportion of samples from region C is small, using LP-FT can prevent
the decline in active learning gains caused by SVPp. The next section discusses
how to adjust proxy model-based active learning to build an efficient active learning

framework when these conditions are not met.

4.4 Method

4.4.1 Aligned Selection via Proxy

This section first addresses the issue of the increasing proportion of region C sam-
ples, which makes LP-FT insufficient to prevent the decline in SVPp active learning
performance. Region C refers to samples that the fine-tuned model can predict cor-
rectly with high confidence, while the proxy model struggles to differentiate them
(high uncertainty). This indicates that the fine-tuned model’s features are more suit-
able for distinguishing these samples. To address this, we recommend fine-tuning the
pre-trained model as the number of region C samples increases. Updating the pre-
computed features enhances the proxy model’s discriminative capacity, thereby reduc-

ing the proportion of region C samples. Additionally, when updating pre-computed
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features, we switch the model training method from LP-FT to fine-tuning. Contin-
uing with LP-FT when fine-tuned features outperform pre-trained features can lead

to suboptimal results by hindering necessary modifications to the pre-trained model.

The ASVP framework is divided into three stages: pre-computation of features, data
selection, and final model training. The data selection stage of our method is illus-
trated in fig. 4.10. During the data selection stage, the proxy model uses pre-computed
features (pre-computed features refer to pre-trained features when feature updating
is not triggered) as input and performs multiple rounds of active learning (alternating
between sample selection and proxy model training). At each iteration, we check if an
update to the pre-computed features is needed. If the annotation budget is exhausted
without triggering a feature update, LP-FT is used to train the final model. If an
update is detected, fine-tuning is performed to generate new pre-computed features
for the following rounds of sample selection. After the sample selection, the final

model is trained using fine-tuning.
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Figure 4.10 — The Data Selection Pipeline in our approach, Aligned Selection via
Proxy (ASVP). After acquiring new labels from the oracle, we assess the necessity
of updating the pre-computed features. If required, the pre-trained model is fine-
tuned, and the pre-computed features are subsequently updated.

Next, we explain when it becomes necessary to update the pre-computed features. As
discussed in sec. 4.3, as the number of annotations increases, the quality of fine-tuned
features improves gradually, resulting in a higher proportion of samples selected by

the proxy model from the redundant region. Also, including the samples from the
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redundant region rarely improves the performance of the fine-tuned model. Hence,
we assess the ratio of redundant region samples by evaluating the changes in the
performance of the fine-tuned model after adding more annotated samples. To assess
the changes in the fine-tuned model’s performance, we employ LogME-PED (Li et al.,
2023b; You et al., 2021) as an indicator.

Specifically, in every active learning iteration, we first compute the PED component.
If convergence is achieved within a single iteration, we infer that the fine-tuned fea-
tures will maintain similarity to the pre-trained features. So, there is no need to
calculate the LogME metric and update the pre-computed features. However, if the
PED component converges with more than one iteration, we proceed to compute
the LogME metric. When the difference between the current LogME score and that
from the previous active learning iteration is below a predefined threshold, we deduce
that the fixed pre-trained features pose a significant obstacle to the performance im-
provement of the proxy model, prompting us to fine-tune the model and update the

pre-computed features. The algorithm is shown in Alg. 3.

4.4.2 Computational Complexity

We define the average training time for the fine-tuned and the proxy models in each
active learning iteration as Ti, fuu and Tiy prozy, respectively. The time for processing
all unlabeled samples through the whole pre-trained model and the proxy model to
compute active learning metrics and select samples is denoted as T, ru and T progy,
respectively. The time spent on forwarding all samples through the model to record
features is represented by 7},.. The number of active learning iteration is given by N,;.
The total active learning time for standard active learning, T ruu, i Na X (Tyr, pun +
Tt ran). The total time for SVPp, Ty supps 18 Nar X (Tirprozy + T prozy) + Tpre. For
ASVP, the initial pre-computed features are obtained from a pre-trained model. When
updating these pre-computed features is necessary, the model is fine-tuned on labeled
data, and the pre-computed features are refreshed accordingly. Let N,,. denote the

number of times the ASVP features are pre-computed, then, the time required for
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Algorithm 3 ASVP

1: Input: Pre-trained backbone f(-;6,), budget B, threshold 7, initial labeled set
Lo = {(x;,y;)} Y, initial unlabled set Uy = {(x;)}4,

2: Output: Trained final model h(f(-)), updated labeled set Ly

Use pre-trained model f(-;6,) to pre-compute features for all samples in the

dataset Lo U U.

Set Ly = {(f(2i10,),y:) |wi € Lo}ily, Uy = {(f (i 0p)) |2 € Uo}iLy

fort=0to T —1do
Train proxy model h(-) using L;.
Select a batch of samples S; from Uy based on the proxy model A(-).
Annotate samples in S; and update labeled set Ly = L; U S;, unlabeled set
Ur=Uy\ S

9:  Compute PED (Li et al., 2023b)

10:  if PED converges in one iteration then

w

11: Skip LogME computation and continue.

12: else

13: Compute LogME score ¢; (You et al., 2021).

14: if |0y — ;1| < 7 then

15: Fine-tune h(f(-;6,)) to update pre-computed features.
16: end if

17:  end if

18: end for

19: Set L = {(zi, ) |f(w:) € Ly}4ET

20: if Pre-computed features are updated then

21:  Train h(f(-;6,)) using Fine-tuning with L.

22: else

23:  Train h(f(-;0,)) using LP-FT with L.

24: end if

25: Return: Trained final model h(f(+)), updated labeled set L

pre-computing features is Ny,e X Tpre + (Npre — 1) X Ty g The total time required by
ASVP7 denoted as Ts,asvp; is Nal X (Er,proxy—i_Tf,promy) +Np7"e X Tpre + (Npre - 1) X 7jtr,full-

4.5 Results

Our method is validated on four datasets: ImageNet-1k (Deng et al., 2009), CIFAR-
10 (Krizhevsky et al., 2009), CIFAR-100 (Krizhevsky et al., 2009) and Oxford-IIIT
Pet dataset (Parkhi et al., 2012) with five typical active learning strategies. The
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experiment setup is clarified in sec. 4.5.1. We propose the new efficient active learning
evaluation metric in sec. 4.5.2. The results are shown in sec. 4.5.3 and sec. 4.5.4. The
ablation study is shown in sec. 4.5.5. The detailed study of the impact of the position
of updating features is shown in sec. 4.5.5. Additionally, given the efficiency of our
framework, decreasing the amount of sample selected in each active learning iteration
to alleviate the redundant problem of batch active learning strategy is feasible. The

results are shown in sec 4.5.6.

4.5.1 Experiment Setup

Active learning strategies. To evaluate the compatibility of our proposed ASVP
with existing active learning strategies, four typical active learning strategies are
included: (1) Margin: uncertainty-based sampling, one of the SOTA in the context
of fine-tuning pre-trained models (Scheffer et al., 2001), (2) Confidence: uncertainty-
based sampling (Wang and Shang, 2014), (3) Coreset: diversity-based sampling (Sener
and Savarese, 2018), (4) BADGE: combination of uncertainty and diversity (Ash
et al., 2020), (5) ActiveF'T(al), feature space coverage with features from fine-tuned
model (Xie et al., 2023).

Baseline. (1) Standard active learning: training the whole model with fine-tuning
(F'T) or linear-probing then fine-tuning (LP-FT) (Kumar et al., 2022) in each active it-
eration, (2) SVPp (Zhang et al., 2024): selecting samples via MLP proxy model based
on pre-trained features and training the final model with FT, (3) ActiveFT(pre) (Xie
et al., 2023): a single-shot active learning strategy that selects all sample in single

iteration based on pre-trained features.

Implementations. We utilized the ResNet-50 model (He et al., 2016), pre-trained
on ImageNet using the BYOL-EMAN (Cai et al., 2021) method in all our exper-
iments. For the baseline method (SVPp) and our method (ASVP), we employed
2-layer MLPs as proxy models, where its architecture is Linear + BatchNorm +
ReLU + Linear. The hidden layer width matched the input feature dimensions. We

performed multiple active learning iterations until the model performance approached
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that of training on the entire dataset (upper bound). Specifically, for the ImageNet,
CIFAR-10, CIFAR-100, and Pets datasets, we conducted 16, 18, 22, and 10 active
learning iterations, respectively. The query step was set to 200 samples per iteration
for the Pets dataset. For ImageNet, CIFAR-10, and CIFAR-100, we used varying
query steps: for ImageNet, we queried 10,000 samples per iteration until reaching
100,000 samples, after which we queried 50,000 samples per iteration. For CIFAR-10,
we queried 200 samples per iteration until reaching 2,000 samples, then increased to
500 samples per iteration. For CIFAR-100, we queried 400 samples per iteration until
reaching 6,000 labeled samples, then switched to 2,000 samples per iteration. The
difference in LogME-PED scores between consecutive active learning iterations is set

as 1 for the threshold of updating pre-computed features.

Fine-tuning, linear probing then fine-tuning (LP-FT), and proxy model training all
utilized the SGD with momentum optimizer, with a momentum value of 0.9. For
fine-tuning and LP-F'T, the batch size in the training stage is 128 and the batch size

in the sample selection stage of the active learning is 512.

The hyper-parameters of fine-tuning are shown in table 4.1. For ImageNet, we
adopted the fine-tuning parameters following the prior work Cai et al. (2021). Setting
the learning rates separately for the classifier head and the backbone. For CIFAR-10,
CIFAR-100, and Pets, we followed prior work Cai et al. (2021) to set the learning rate
of the classifier as 0.1 and to search other hyper-parameters. The hyper-parameters
are detailed in table 4.1. The learning rate of the backbone was searched from (0.01,
0.05, 0.1 0.3) and the weight decay from (0, 0.0001). Additionally, to maintain con-
sistency in training iterations between fine-tuning and LP-FT, we set the number
of fine-tuning epochs as the sum of linear probing and fine-tuning epochs in LP-FT

training.

For the LP-FT hyper-parameters, we conducted a search within the following ranges:
(0.01, 0.1) for the classifier’s learning rate, (0.01, 0.05, 0.1, 0.3) for the backbone’s
learning rate, (0.05,0.1,0.5) for learning rate in linear-probing (LP) stage, and (0,
0.0001) for weight decay. Fine-tuning (FT) training epochs were set at 120. For

ImageNet, linear probing (LP) training epochs were searched from (5, 10), while for
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Dataset Learning Rate Training Weight

Classifier Backbone Epochs  Decay

ImageNet 0.1 0.01 50 0.0001
CIFAR-10 0.1 0.1 130 0
CIFAR-100 0.1 0.05 150 0
Pets 0.1 0.1 140 0

Table 4.1 — The hyper-parameters of the fine-tuning.

other datasets, LP training epochs were explored from (5, 10, 20, 30). Given the
numerous hyper-parameters in LP-FT, we sequentially search the backbone learning
rate, classifier learning rate, weight decay, and LP training epochs. The final hyper-
parameters are shown in table 4.2, where the weight decay is 0 and the learning rate

in the LP stage is 0.5 across all datasets.

Dataset Learning Rate Training Epochs
Classifier Backbone Linear-probing Fint-tuning
ImageNet 0.01 0.01 5 45
CIFAR-10 0.1 0.01 10 120
CIFAR-100 0.1 0.01 30 120
Pets 0.1 0.1 20 120

Table 4.2 — The hyper-parameters of the linear-probing then fine-tuning.

The proxy model was trained 50 epochs with a learning rate of 0.01 and the weight
decay of 0. During the training stage, the batch size is 2048 and in the active learning
stage, the batch size is 16384.

4.5.2 Metric

Efficient active learning methods often exhibit a lower accuracy compared to standard
active learning approaches. Understanding the additional annotation costs needed to
compensate for the accuracy gap caused by efficient active learning allows practi-
tioners to weigh the computational cost savings against increased labeling expenses,

aiding their decision to utilize these methods.
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To this end, we propose a new evaluation metric: equivalent saving amount. Let NV,
represent the number of samples selected by the active learning strategy, and let A be
the accuracy achieved by a model trained with these N; labeled samples. We utilize
interpolation to estimate the number of samples, N, required to achieve accuracy
A for a random baseline. We refer to Ny as the equivalent number of non-AL
labels in the subsequent discussions. The number of saved samples is No — N; and
sample saving ratio is NQN;QNI Subsequently, we compute the average sample
saving ratio across all iterations of active learning to assess the performance of the
active learning strategy. Furthermore, the overall cost of active learning, including

annotation and training costs, equals N; x P, + C},., where P, denotes the unit price

of annotation and C, represents the training cost of active learning.

In this chapter, we primarily present the average sample savings ratio, overall costs,
and computational time. Additionally, detailed accuracy and the corresponding sav-

ings in sample count in each active learning iteration are provided.

4.5.3 Experiment Results

The average sample savings ratios are presented in table 4.3, with each experimental
setting repeated three times to report both the average and standard deviation. The
table also illustrates the total cost required for active learning to reach the accuracy
achieved by the random baseline at the last active learning iteration (i.e., the accuracy
achieved when randomly selecting 400k, 6000, 20000, and 2000 samples from Ima-
geNet, CIFAR-10, CIFAR-100, and Pets datasets, respectively). The training cost is
assessed based on AWS EC2 P3 instances (Zhang et al., 2024), while the annotation
cost is evaluated using AWS Mechanical Turk, with three annotations per sample to
ensure labeling quality. Additionally, the accuracy and corresponding saving in label
counts on ImageNet are shown in fig. 4.11 and fig. 4.12. The other results are shown
in fig. 4.13-fig. 4.18. In fig. 4.19-fig. 4.22, we illustrate the overall costs (the labeling
cost and the active learning training cost) and computational efficiency achieved by

the standard active learning method, SVPp, and our proposed ASVP across different
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datasets.

Selection Training AL ImageNet CIFAR-10 CIFAR-100 Pets Cost
. , o Avg. Sample  Cost | Avg. Sample Cost | Avg. Sample Cost | Avg. Sample Cost | Saving
Method  Method Stratesy | Guving Ratio  ($) | Saving Ratio  (§) | Saving Ratio  ($) | Saving Ratio  ($) | Ratio
Standard FT Random | 0% 14400 | 0% 216 | 0% 720 | 0% 72| 100%
Margin 30.30£1.09 8752 | 40.23£0.51 134 | 14544246 578 | 31.67£2.30 49| 68%

BADGE 21.33+0.38 10018 | 36.1840.34 128 | 13.73£2.07 580 | 33.0143.17 47| 69%

Standard FT Confidence 23424075 9619 | 24.99+1.37 142 | 4234234 567 | 27.2443.28 50 | 70%
Coreset - - 12444242 192 | -13.9042.31 722 | -4.054231 74| 97%

ActiveFT(al) - - | 12.3943.26 186 |  3.03+1.17 798| -5.2042.28 97| 111%

Margin 32224027 9884 | 37.394£1.28 139 | 22.314+1.83 509 6.97+2.55 73| 76%

BADGE 24.1240.54 11901 | 29.5440.70 136 | 19.81+1.28 528 6.74+3.84 68| T78%

Standard LP-FT Confidence 0.11£1.51 10125 | 20.10+4.01 138 | 13.4942.90 510 9.58+3.41 73| 7%
Coreset - - | -4.6044.09 244 | -16.76+1.78 769 | -36.93+4.53 110 | 124%

ActiveFT(al) - - -2134011 249 | 6.38+1.35 755 | -29.33+10.58 104 | 122%

Sinele shot FT ActiveFT(pre) - - 1.4041.50 235 | -0.21+1.41 822 | -11.9241.26 118 | 129%
MEESIOt ppFT cuvettipre - S| 5024402 238 | 8924234 742 | -38.1042.61 235 | 180%
Margin 25164147 9094 | 19.86+2.53 184 | 3.51£0.77 654 | 23484409 50| 77%

BADGE 16.1741.84 11374 | 19.35+3.66 156 | 0.51+£0.74 657 | -7.784242 85| 90%

SVPp FT Confidence -8.564+2.88 9678 1.53+1.82 171 | -7.93+1.85 644 2404725 66| 82%
Coreset - - | -54.7848.88 1355 | -56.53+3.12 903 | -38.63+11.64 87 | 291%

ActiveFT(al) - - 3794431 192 | -0.50+142 713 | -11.63+6.85 319 | 210%

Margin 34.38+1.57 8690 | 32.45+1.13 127 | 12.8241.40 590 | 21.98+0.50 47| 67%

BADGE 25.57+2.54 10305 | 32.8740.84 137 | 10.11£1.13 577 6.10£5.59 55| 73%

ASVP  FT/LP-FT  Confidence 5.8840.66 9479 | 25.674248 167 | 2754117 616 | 14.81£3.17 50 | 75%
Coreset - S| 11114174 192 | -26.16£1.76 767 | -46.3£10.26 91| 107%

ActiveFT(al) - .| 26.6740.66 155 | 6.81+1.70 775 | -7.74+4.81 47| 82%

Table 4.3 — Average sample savings ratios, with each configuration repeated three times
to calculate the average and standard deviation. The training method indicates
how the final model is trained, and the selection method indicates the model used
for sample selection. The cost refers to the total cost required for active learning
to achieve the accuracy achieved by the random baseline in the last active learning
iteration. The cost-saving ratio refers to the average ratio of the cost of active
learning to the cost of the random baseline. The best results are shown in red and
the second-best results are in blue.
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Figure 4.11 — The accuracy of the standard method, SVPp, and our method ASVP
on the ImageNet using (a) Margin, (b) BADGE, and (c) Confidence sampling.

Our method consistently outperforms the efficient active learning method, SVPp, in

terms of sample saving ratio and overall cost reduction. It surpasses the single-shot
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Figure 4.12 — The equivalent number of non-active learning label amounts comparison
of the standard method, SVPp, and our method ASVP on ImageNet using (a)
Margin, (b) BADGE and (c) Confidence sampling. The equivalent non-active
learning label amount refers to the number of samples selected by a random baseline
to achieve the same accuracy as active learning.
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Figure 4.13 — The accuracy of the standard method, SVPp, and our method ASVP on

the CIFAR-10 using (a) Margin, (b) BADGE, (c) Confidence and (d) ActiveFT(al)
sampling.

active learning strategy, ActiveFT(pre), when combined with most active learning

strategies. In most cases, our approach offers similar or greater overall cost savings
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Figure 4.14 — The equivalent number of non-active learning label amounts comparison
of the standard method, SVPp, and our method ASVP on the CIFAR-10 using
(a) Margin, (b) BADGE, (c) Confidence and (d) ActiveFT(al) sampling. The
equivalent non-active learning label amount refers to the number of samples selected
by a random baseline to achieve the same accuracy as active learning.

compared to standard active learning. This alleviates practitioners’ concerns about
overall costs when using efficient active learning. Additionally, in standard active
learning methods, the lack of a clear criterion for choosing the proper training method
may lead to suboptimal results. Specifically, the standard active learning with FT
outperforms the standard active learning with LP-FT on CIFAR-10 and Pets, while
on ImageNet and CIFAR-100, the standard (LP-FT) method demonstrates better
performance. In contrast, our approach, by switching training methods, ensures a

relatively favorable performance in practical applications.

Compared to the single-shot active learning method ActiveFT(pre), our approach
is compatible with various existing active learning strategies and exhibits lower de-

pendence on the quality of pre-trained features. The reliance of ActiveFT(pre) on
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Figure 4.15 — The accuracy of the standard method, SVPp, and our method ASVP on

the CIFAR-100 using (a) Margin, (b) BADGE, (c) Confidence and (d) ActiveFT(al)
sampling.

the quality of pre-trained features leads to suboptimal results. This is particularly

evident in datasets like Pets, where the pre-trained feature quality is low.

4.5.4 Running Time

Tpre(hrs)  Na x Ty(hrs) Na % Ty(hrs)  Ts(hrs)
Standard - 16.36 80.97 97.33
SVPp 0.92 0.10 0.46 1.48
ASVP 8.60 0.10 0.46 9.16

Table 4.4 — Computation time comparison of various active learning sample selection
methods on ImageNet using single V100 GPU.

The computation time of standard active learning, SVPp, and ASVP on ImageNet

is presented in table 4.4. The results on other datasets are shown in appendix 4.5.
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Figure 4.16 — The equivalent number of non-active learning label amounts comparison
of the standard method, SVPp, and our method ASVP on the CIFAR-100 using
(a) Margin, (b) BADGE, (c) Confidence and (d) ActiveFT(al) sampling. The
equivalent non-active learning label amount refers to the number of samples selected
by a random baseline to achieve the same accuracy as active learning.

The time for ASVP mainly arises from updating pre-computed features, as the com-
putation time for the proxy model, an MLP, is significantly lower than that of the
fine-tuned model. This means that increasing the number of active learning iterations
N, has a marginal impact on ASVP’s total time. Therefore, this opens up the poten-
tial to improve the diversity of selected samples by reducing the number of samples

chosen in each active learning iteration.

4.5.5 Detailed Study

Ablation Study

The ablation study was conducted on CIFAR-10, CIFAR-100, and Pets and the results
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Figure 4.17 — The accuracy of the standard method, SVPp, and our method ASVP
on the Pets using (a) Margin, (b) BADGE, (c¢) Confidence and (d) ActiveFT(al)

sampling.
CIFAR-10 (hrs) CIFAR-100 (hrs) Pets (hrs)
Standard 6.94 20.96 1.50
SVPp 0.22 0.13 0.03
ASVP 0.85 1.10 0.05

Table 4.5 — Sample selection time of standard active learning methods, SVPp, and
our proposed method ASVP on CIFAR-10, CIFAR-100, and Pets. Experiments
conducted on single V100 GPU.

are presented in table 4.6. Across all three datasets, updating pre-computed features
(feature alignment) consistently led to a noticeable performance boost. Meanwhile,
switching training methods (training alignment) improved performance on all datasets
except for the Pets dataset, suggesting that our method may not precisely determine
the optimal point for switching training methods. However, considering the practical

scenario where we cannot pre-determine whether using F'T or LP-FT for training is



4.5 Results

—— Standard (FT) Standard (LP-FT) —— SVPp —— ASVP
3500 4 3500
2 2
S 3000 © 3000
E E
T 2500 T 2500
2 2
& 2000 5 2000
g1500 E1500
£ £
=3 =3
Z 1000 Z 1000
> >
8 i
500 500
500 750 1000 1250 1500 1750 2000 500 750 1000 1250 1500 1750 2000
Number of Labels Number of Labels
(a) Margin (b) BADGE
“ 4 3500
2 2
3 © 3000
- -
EY < 2500
c c
2 2
= 5 2000
5 ngOO
£ £
p=} p=}
z Z 1000
> >
i i
500
500 750 1000 1250 1500 1750 2000 500 750 1000 1250 1500 1750 2000

Number of Labels

(c) Confidence

Number of Labels

(d) ActiveFT(al)

Figure 4.18 — The equivalent number of non-active learning label amounts comparison
of the standard method, SVPp, and our method ASVP on the Pets using (a) Mar-
gin, (b) BADGE, (c) Confidence and (d) ActiveFT(al) sampling. The equivalent
non-active learning label amount refers to the number of samples selected by a
random baseline to achieve the same accuracy as active learning.
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Figure 4.19 — Computation efficiency and overall cost comparison of the standard

active learning method, SVPp,

and our method ASVP on ImageNet using (a)

Margin, (b) BADGE, and (c¢) Confidence sampling.

better, our approach still aids in selecting a preferable training method.

Influence from Position of Updating Features

We examined the impact of the position of updating pre-computed features on CIFAR-
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Figure 4.20 — Computation efficiency and overall cost comparison of the standard

active learning method, SVPp, and our method ASVP on CIFAR-10 using (a)
Margin, (b) BADGE and (c) Confidence sampling.
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Figure 4.21 — Computation efficiency and overall cost comparison of the standard

active learning method, SVPp, and our method ASVP on CIFAR-100 using (a)
Margin, (b) BADGE and (c) Confidence sampling.
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Figure 4.22 — Computation efficiency and overall cost comparison of the standard

active learning method, SVPp, and our method ASVP on Pets using (a) Margin,
(b) BADGE and (c) Confidence sampling.

10. The number of saved samples throughout the entire active learning iteration
process is depicted in fig. 4.23, with the average savings ratio presented in table 4.10.
The choice of updating pre-computed features does indeed affect the final performance
of ASVP. Nevertheless, across the six different positions explored in the experiments,

ASVP consistently outperforms the method relying solely on pre-training features
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Feature Training  CIFAR-10 CIFAR-100 Pets
alignment alignment
No No 23.63+4.01 1.36+1.45 23.484+4.09
No Yes 24.96+£2.74 7.69+1.56 18.45+3.89
Yes No 31.4242.65 6.98+2.03 27.014+0.51
Yes Yes 35.03+1.89 13.31+1.86 21.9840.50

Table 4.6 — Ablation Study. Comparison of the average sample saving ratio of solely
updating pre-computed features (training the final model using fine-tuning), solely
switching training methods (using pre-trained features), and the complete ASVP
approach (both updating pre-computed features and switching training methods)
under different datasets with margin sampling.

Feature Training  CIFAR-10 CIFAR-100 Pets
alignment alignment
No No 14.96+5.89 -2.11+£0.85 -7.78+2.42
No Yes 18.3£4.68  3.81+0.44 -15.61£1.93
Yes No 30.34£2.06 2.254+2.25  13.93£5.21
Yes Yes 33.67£0.84 8.164+1.98 6.1£5.59

Table 4.7 — Ablation Study: Comparing the average sample saving ratio using the
active learning strategy BADGE.

Feature Training  CIFAR-10 CIFAR-100 Pets
alignment alignment
No No -11.5442.3  -14.43+2.49  2.4+47.25
No Yes -9.61+1.43 -7.86+£2.16 -0.83+7.34
Yes No 21.9943.32 -7.1941.69 18.05£2.92
Yes Yes 23.9245.16 -0.62+1.43 14.81£3.17

Table 4.8 — Ablation Study: Comparing the average sample saving ratio using the
active learning strategy confidence.

(SVPp). Furthermore, our proposed method for determining the update location
based on LogME-PED proves to be effective. On CIFAR-10, this method selects the
update of pre-computed features at 600 labels, ranking as the second-best among the

six experimental positions, as shown in table 4.10.

The ASVP method uses the difference in LogME-PED scores between consecutive

active learning iterations to decide if updating pre-computed features is required.
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Feature Training  CIFAR-10 CIFAR-100 Pets
alignment alignment

No No -4.72+5.78  0.25£0.92  -11.634+6.85
No Yes -1.89£6.12  5.66+£0.97 -14.76+6.74
Yes No 24.62£1.31 5.86+2.24 -4.61£4.97
Yes Yes 27.45£1.42 11.28£2.01 -7.74£4.81

Table 4.9 — Ablation Study: Comparing the average sample saving ratio using the
active learning strategy ActiveFT(al).

Change Saving Change Saving
at Ratio at Ratio

w/o  23.63+4.01

200  33.13£2.32 800  36.03+1.48
400 32.13£4.60 1000  32.75+1.91
600  35.03+£1.89 1200  31.33+1.87

Table 4.10 — The influence of the position of updating pre-computed feature on average

sample savings ratios on CIFAR-10. The best results are shown in red and the
second-best results are in blue.
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Figure 4.23 — The impact of the position of updating pre-computed features on the
savings of label amounts in CIFAR-10 across each active learning iteration. The
equivalent non-active learning label amount refers to the number of samples selected
by a random baseline to achieve the same accuracy as active learning

The absolute differences in LogME-PED scores are illustrated in fig. 4.24, fig. 4.25,
fig. 4.26. When the threshold is defined as 1, the updating positions are detailed in
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table 4.11.

Updating Features Position

ImageNet No > 100k
CIFAR-10 Yes 600
CIFAR-100 Yes 2000
Pets Yes 800

Table 4.11 — Positions of updating pre-computed features. The number of the PED
convergence iterations is used to determine if updating pre-computed features is
required. The positions are estimated by the absolute difference in LogME-PED
scores between consecutive active learning iterations, where a difference smaller
than 1 indicates an update.
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Figure 4.24 — The absolute differences in LogME-PED scores between consecutive
active learning iterations on CIFAR-10.
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Figure 4.25 — The absolute differences in LogME-PED scores between consecutive
active learning iterations on CIFAR-100.
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Figure 4.26 — The absolute differences in LogME-PED scores between consecutive
active learning iterations on Pets.

4.5.6 Improvement from Small Batchsize

Training deep learning models takes much longer than traditional machine learning
models like SVM (Support Vector Machine). When applying active learning, multiple
rounds of training deep learning models imply long computation times. As a result,
existing methods mostly compromise between active learning performance and sample
selection time by selecting a large batch of samples Citovsky et al. (2021); Gal et al.
(2017). However, batch selection often leads to the selection of similar samples,
weakening active learning performance as mentioned in Chapter 2.3.2. To address
this issue, different active learning strategies have been developed to improve the

diversity of selected samples Ash et al. (2020); Shui et al. (2020).

This problem can also be addressed through efficient active learning. ASVP trains a
simple proxy model during the sample selection stage, resulting in a short computa-
tion time. This means that ASVP can select diverse samples by increasing the number
of active learning iterations. To demonstrate the effectiveness of ASVP in this re-
gard, we conducted small-batch experiments. Specifically, we conducted experiments
on ImageNet, randomly selecting an initial pool of 10,000 samples. Subsequently,
we performed 9, 45, 180, and 900 active learning iterations using margin sampling,
selecting a total of 100,000 samples. The accuracy of the final model and the total
sample selection time for both FT and LP-FT training are presented in table 4.12.
The results show a general improvement in active learning performance with an in-

crease in the number of iterations. However, beyond 180 iterations, the performance
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improvement diminishes, indicating a limit to the benefits of increasing the number

of active learning iterations.

Additionally, the accuracy of SVPp (final model is fine-tuned) with more active learn-
ing iterations remains lower than that of the standard active learning pipeline. How-
ever, when using LP-FT for final model training and increasing the iteration count

to 45 or more, ASVP surpassed the standard active learning method in terms of

accuracy.
# AL Training Method Sampling
iterations FT LP-FT Time (hrs)

9 16.64+2.06 30.2241.85 1.1

45 17.66+1.37 31.20%0.40 1.5

180 19.43+0.86 32.00£0.46 3.7

900 18.21+0.67 31.644+0.24 15.8

Table 4.12 — The influence of the number of active learning iterations on average
sample savings ratios and sampling time on ImageNet.

4.6 Limitations and Discussions

Due to limited computational resources, this paper evaluates efficient active learn-
ing methods’ labeling and training costs using a ResNet-50 model with a specific
pre-training method, BYOL-EMAN (Cai et al., 2021; Grill et al., 2020). Although
ResNet-50 serves as a practical choice for our experiments and provides a reliable
baseline, larger models achieve higher accuracy and are often more helpful in practi-
cal applications (Zhai et al., 2022). Existing research shows that larger models exhibit
better label efficiency, requiring fewer labeled samples to reach the same accuracy as
smaller models (Chen et al., 2020b). This implies that in active learning, using larger
models may reduce labeling costs while increasing training costs. Therefore, the to-
tal cost savings achieved by both standard and efficient active learning methods are
closely tied to model size. Evaluating the impact of model size on total cost savings,

and exploring efficient active learning methods that can effectively reduce sample
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selection time and total cost (labeling and training costs) in the context of larger

models, are important directions for future research.

Furthermore, when transferring to downstream datasets (used for active learning),
different pre-trained models exhibit varying performance gaps between fine-tuning
and linear probing. A smaller gap suggests higher-quality pre-trained features, making
it easier for proxy models based on these features to select samples similar to those
chosen by fine-tuned models. This means that proxy model-based active learning may
compromise less on performance compared to standard active learning. Therefore,
exploring how to select suitable pre-trained models is another interesting direction

for future research.

4.7 Summary

Active learning on pre-trained models shows label efficiency but demands significant
computational time, whereas current efficient active learning methods tend to compro-
mise a notable fraction of active learning performance, resulting in increased overall
costs. To address this challenge, this chapter attributes the reduced performance of
SVPp to (1) the absence of samples necessary for preserving valuable pre-trained infor-
mation and (2) an increased selection of redundant samples due to fine-tuned features
becoming better than pre-trained features as the annotation increases. Building upon
this analysis, we propose ASVP, a two-fold alignment approach to improve the effec-
tiveness of the efficient active learning method with similar or marginally increased
computational time. Additionally, we introduce the sample savings ratio as a met-
ric to assess the effectiveness of efficient active learning, providing a straightforward
measure for labeling cost savings. Experiments show that our proposed ASVP saves
similar or greater total costs in most cases, while still maintaining computational

efficiency.



Chapter 5

Training from a Better Start Point:
Active Self-Semi-Supevivsed

Learning

5.1 Introduction

Part of the success of deep learning models arises from large amounts of labeled
data (Deng et al., 2009; He et al., 2016; Liu et al., 2021). However, the high cost
associated with acquiring large numbers of labels hinders the widespread application
of deep learning models. This challenge is particularly pronounced in domains that
demand expert annotations, such as medical images (Yang et al., 2017; Zhang et al.,
2022¢), or biology images (Alonso et al., 2019; Bewley et al., 2015). In response,
researchers have dedicated considerable effort to exploring semi-supervised learning.
Recent works (Sohn et al.; 2020; Zhang et al., 2021) have shown that these techniques

can achieve similar accuracy to supervised learning with fewer annotations.

However, existing semi-supervised learning techniques face bottlenecks in reducing
labeled samples (Kim and Lee, 2022). This is due to the common practice of employ-

ing model predictions as pseudo-labels for unlabeled samples, which are not always
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accurate. Training with these noisy pseudo-labels boosts the model’s confidence in
incorrect predictions, inducing the model to resist the correct information, and con-
sequently compromising the performance of semi-supervised training. This issue is
commonly referred to as confirmation bias (Arazo et al., 2020). To unlock the full po-
tential of semi-supervised learning, many current techniques still rely on a substantial
number of annotations to rectify these incorrect pseudo-labels. For instance, prevalent
benchmarks in semi-supervised learning typically opt for 25, 100, and 400 annotations
per class (Berthelot et al., 2019, 2020; Rizve et al., 2021; Xie et al., 2020), with some
recent studies gradually reducing to 4 annotations per class (Li et al.,; 2021; Zhang
et al., 2021). As the number of annotations decreases, the semi-supervised learning
struggles to figs/correct erroneous pseudo-labels, resulting in a significant decline in

its performance, as illustrated in Fig. 5.1.
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Figure 5.1 — Steep performance drops when reducing annotations. Accuracy trained
with state-of-the-art semi-supervised learning algorithm, Flexmatch (Zhang et al.,
2021), with different numbers of annotations. Experiments were performed on
CIFAR-10. The network architecture adopts WRN-28-2, the details of semi-
supervised learning settings follow (Zhang et al., 2021).

Conducting semi-supervised training on top of self-supervised models holds great
promise in improving this issue. Self-supervised training yields valuable represen-
tations for downstream tasks without any labels (Cai et al., 2021; Caron et al.,
2020). Initializing with a self-supervised model allows the semi-supervised model to

swiftly generate accurate pseudo-labels and reduce the influence of erroneous pseudo-



5.1 Introduction 102

labels (Kim et al., 2021a), thereby enhancing final performance. However, with lim-
ited labeled samples, the semi-supervised model may not rapidly generate accurate
pseudo-labels. The noisy pseudo-labels disrupt valuable information obtained from
self-supervised learning (Sec. 5.2), consequently diminishing the performance gains
achieved through the initialization with self-supervised learning. In some cases, this

initialization might not yield any performance improvements.

Motivated by this observation, we propose a more explicit method to transfer valuable
information from the self-supervised model to the semi-supervised model. Specially,
we propose Active Self-Semi-Supervised Learning (AS3L) to guide semi-supervised
learning using Prior Pseudo-Labels (PPL), which are obtained through label
propagation on self-supervised representations (Sec. 5.3.3). To differentiate these
from pseudo-labels generated by model predictions during semi-supervised training,
we term the ones obtained before such semi-supervised training as PPL. Also, we
employ a switching mechanism to integrate PPL and model predictions early in semi-
supervised training and remove the PPL later in training (Sec. 5.3.2). This serves
both to give the semi-supervised model a good starting point and to prevent PPL from
hindering the continuous updating of the pseudo-labels during the semi-supervised

training process.

Moreover, given that the accuracy of PPL relies not only on feature quality but also
on labeled sample selection, especially when annotations are limited, we propose an
active learning strategy. This strategy aims to leverage self-supervised representations

to generate as accurate PPL as possible by selecting labeled samples (Sec. 5.3.4).

Validated across four image classification datasets, our AS3L outperforms the state-
of-the-art in most cases, particularly in scenarios with limited labels, and showcases

accelerated convergence (Sec. 5.4).
The contributions of our work are summarized as follows:

1) In scenarios with scarce labeled data, our observation reveals that semi-supervised
learning cannot effectively harness valuable information obtained from self-supervised

training by weight initialization.
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2) Motivated by the observation, we propose the AS3L framework, a novel approach
to bootstrap semi-supervised training from a good initial point consisting of accurate
PPL, actively selected labeled samples, and weights initialization from self-supervised
training. This method readily integrates with existing semi-supervised learning ap-
proaches to extend the success of semi-supervised learning to scenarios with even
fewer labeled data. Our proposed method outperforms SOTA algorithms in most

cases with limited annotations.

3) We develop an active learning strategy that is tightly coupled to the AS3L frame-
work, which can greatly improve the accuracy of PPL when there are few labeled

samples, thereby helping AS3L work well with limited labels.

5.2 Observations

This section explores whether semi-supervised training can effectively harness valu-
able information acquired from self-supervised pre-training through weight initial-
ization. Here, the framework of fine-tuning self-supervised pre-trained models using
semi-supervised training methods is also referred to as SelfMatch (Kim et al., 2021a).
Specifically, we initialize a semi-supervised model using weights pre-trained with the
self-supervised method, Simsiam (Chen and He, 2021). Subsequently, we conduct
semi-supervised training using FlexMatch (Zhang et al., 2021), one of the state-of-
the-art semi-supervised learning algorithms. The semi-supervised training is executed
on CIFAR-10 (Krizhevsky et al., 2009) with 10 and 40 labeled samples respectively,
and on CIFAR-100 (Krizhevsky et al., 2009) with 200 and 400 labeled samples, where
all the labeled samples are selected randomly. The network architecture and hyper-

parameters for semi-supervised training align with the prior work (Zhang et al., 2021).

Self-supervised pre-training weight initialization allows downstream tasks to start
training in a well-established pre-trained feature space (Chen et al., 2020a; Grill et al.,
2020), thereby improving the performance of downstream tasks. Therefore, the qual-

ity of features is a crucial indicator to assess whether semi-supervised training retains
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Figure 5.2 — In the CIFAR-100 dataset, consistency of sample labels with neighboring
sample labels in self-supervised and semi-supervised feature spaces. The model was

initialized with the self-supervised pre-training weights and then further trained
using FlexMatch with 200 and 400 labels, respectively.
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Figure 5.3 — In the CIFAR-10 dataset, consistency of sample labels with neighboring
sample labels in self-supervised and semi-supervised feature spaces. The model was
initialized with the self-supervised pre-training weights and then further trained
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using FlexMatch with 10 and 40 labels, respectively.

valuable information obtained from self-supervised training. Following (Van Gans-

beke et al., 2020), we compute the degree of consistency between the label of the sam-

ple and the label of its nearest neighbors within the feature space. For the CIFAR-100

dataset, with few labeled samples, semi-supervised training undermines the valuable

information obtained from self-supervised pre-training. As depicted in Fig. 5.2, the



5.2 Observations 105

label consistency between samples and their nearest neighbor samples in the semi-

supervised feature space notably declines compared to that in the self-supervised

feature space.
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Figure 5.4 — Test Accuracy of the semi-supervised models initialized with self-
supervised pre-training and random initialization. Specifically, semi-supervised

training utilizing 10 labeled samples on CIFAR-10. Semi-supervised training
method employed: FlexMatch.

For the simpler dataset, CIFAR-10, semi-supervised learning can generate features
superior to those from self-supervised pre-training, as shown in Fig. 5.3. Yet, in
scenarios with fewer annotations (10 labeled samples), semi-supervised training rarely
benefits from self-supervised initialization. As illustrated in Fig. 5.4, during the initial
phase of semi-supervised training (approximately the first 200 epochs), self-supervised
initialization enhances the performance of the semi-supervised model. However, as
semi-supervised training progresses, the test accuracy of models initialized randomly
and those using self-supervised pre-training initialization becomes nearly identical.

Table 5.1 — Impact of self-supervised pre-training weight initialization on semi-

supervised performance. The experiments adopted the semi-supervised training
method, FlexMatch.

Self-sup. CIFAR-10 CIFAR-100
Initialization | 10 labels 40 labels 200 labels 400 labels
None 59.06+19.80 94.8640.05 | 30.59+1.69 46.11+2.83
Simsiam 57.03+14.86 94.6340.34 | 28.63+4.13 51.244+1.02




5.3 Method 106

Additionally, we demonstrated the impact of initializing with self-supervised pre-
training weights on semi-supervised training performance, as shown in Table 5.1,
indicating that it does not improve performance when labeled data is limited. In
conclusion, weight initialization struggles to effectively transmit valuable information
obtained from self-supervised training to the semi-supervised model. To address
this issue, we propose to construct PPL, serving as an intermediary to facilitate
semi-supervised models in fully leveraging the valuable information acquired from

self-supervised pre-training.

5.3 Method

In this section, we begin by framing the problem and introducing the basic framework
of semi-supervised learning in section 5.3.1. Subsequently, in sec. 5.3.2, we elaborate
on leveraging PPL as an intermediary to facilitate the transfer of valuable information
from self-supervised pre-training models to semi-supervised models. And sec. 5.3.3
details the generation of PPL through label propagation on the self-supervised fea-
tures, fsqp. Finally, in sec. 5.3.4, we propose an active learning strategy aimed at

improving the accuracy of PPL.

5.3.1 Preliminaries on Semi-Supervised Training

Semi-supervised learning trains a model, denoted as M(-), which comprises a feature
extractor and a classification head. This training process leverages both a labeled
dataset, D; = {(z;,4:)}, and an unlabeled dataset, D, = {(z;)} %% . The ob-
jective is to achieve superior performance compared to training exclusively on the
labeled dataset. Typically, Ny > N;. The loss function for semi-supervised train-
ing, as depicted in Eq. (5.1), consists of two components: the cross-entropy loss on
labeled samples, L;, and the consistency loss on unlabeled samples, L,,. The hyper-
parameter A governs the trade-off between these two losses. The L;, as illustrated in

Eq. (5.2), represents the cross-entropy loss, CE, on weakly augmented labeled sam-
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ples, where weak augmentation, A,, follows the definition in previous research (Sohn

et al., 2020), incorporating operations such as image flipping.

L =L+ ALu, (5.1)

Ly = CE(M(Ay (), ) (5.2)

The basic consistency loss, L,,, serves two purposes: using high-confidence model
predictions as pseudo-labels to train unlabeled data and encouraging consistent pre-
dictions for inputs subjected to perturbations (image augmentations). As formu-
lated in Eq. (5.3), it involves performing both weak augmentation, A,, and strong
augmentation, Ay, on unlabeled samples. Then, the model predicts unlabeled sam-
ples with weak augmentation and strong augmentation as yprew = M(Ay(2,)) and
Ypre,s = M(As(xy)), respectively. Here, p is a ratio of the number of unlabeled sam-
ples and labeled samples in each training batch, and B is batch size. I is an indicator
function used to identify reliable predictions. When the confidence of its input sur-
passes the specified threshold 7, the I returns 1; otherwise, it outputs 0. Additionally,
the definition of Ay aligns with that in prior research (Zhang et al., 2021), including

techniques such as cutout.

1 4B

Lyn = E Z H(max(ypre,w))CE(ypms» argmax(ypre,w)) (5-3)
b=1

5.3.2 Active Self-Semi-Supervised Learning Framework

Existing methods typically initialize the model using weights pre-trained through
self-supervised learning and then proceed with semi-supervised training to enhance
performance. However, as demonstrated in sec. 5.2, as the number of labeled samples
diminishes, semi-supervised training quickly disrupts valuable information from self-

supervised training, resulting in inferior quality of semi-supervised features (as shown
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Figure 5.5 — The framework of our Active Self-Semi-Supervised learning(AS3L).
AS3L consists of four components: (1) Obtaining self-supervised feature fs¢;¢ fol-
lows (Chen and He, 2021); (2) Selecting labeled samples based on fgei (Sec. 5.3.4);
(3) Label Propagation based on clusters to get PPL ypior (Sec. 5.3.3); (4) Semi-
supervised training guided by yprior (Sec. 5.3.2).

fig. 5.2). To better utilize self-supervised pre-training information and improve model
performance, we propose extracting and transferring information from pre-trained
features to semi-supervised training through pseudo-labels. This approach ensures
that valuable information obtained from pre-training is preserved and effectively used,

even as the model undergoes weight updates.

As depicted in Fig. 5.5, our framework leverages various techniques. Initially, the en-
tire dataset D = D;U D, undergoes self-supervised training to generate feature repre-
sentations fy.r. Our active learning strategy then selects samples and queries their la-
bels to construct the labeled dataset D; based on f,. ;. After that, we propagate labels
in the pre-trained feature space to obtain a group of pseudo-labels. These pseudo-
labels serve as intermediaries to transfer valuable information from self-supervised
pre-training to semi-supervised models. Given that these pseudo-labels are obtained
before semi-supervised training, we refer to them as prior pseudo-labels (PPL), de-

noted as Yprior- The PPL is used for the unlabeled dataset D, = {(z;, yprio,,,i)}ﬁvzﬁfvfl.
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Finally, a semi-supervised model is trained by combining these PPL with the model

predictions, resulting in enhanced overall performance.

1 KB

Lun = ,UB Z ]1 max yPOSt))CE(ypre s argmax(ypost)) (54)

normalize(Yprior + Yprew) < T
Ypost = g P (55)
Ypre,w t>T

Semi-Supervised Training Guided by PPL: Assuming we have obtained prior
pseudo-labels, y,ior, through label propagation on fss (which will be discussed in
the next section), we integrate y,,;, into the existing semi-supervised training frame-
work by re-formulating the consistency loss as Eq. (5.4). Instead of using the model
prediction, ¥, ., as the target for training unlabeled data, we combine Yo, With
Ypre.w tO generate a new training target, y,ost, as given in Eq. (5.5). Since this target is
derived from both the semi-supervised model and the prior pseudo-labels, we slightly

abuse the term and refer to it as posterior pseudo-labels.

In Eq. (5.5), T denotes a pre-defined switching point. This adjustment ensures that,
during the early stages of semi-supervised training (i.e., before T" training iterations)
when the model prediction is less accurate, Y, helps to guide the semi-supervised
training. As the model predictions become more accurate than y,,., the framework
uses model predictions as pseudo-labels, resembling a conventional semi-supervised
training approach. This transition helps mitigate the impact of PPL inaccuracies on
the semi-supervised training. We empirically found that setting a rough switching

point T yields favorable results, as discussed in sec. 5.4.3.

5.3.3 Prior Pseudo-label Generation

We generate PPL y,,.,» by applying label propagation based on clusters. Instead of
using traditional K-means, we employ constrained seed K-Means (Basu et al., 2002)

to leverage labeled sample constraints, which enhances the quality of clustering. The
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labels of the labeled samples are propagated to all unlabeled samples within the same

cluster and then normalized to derive PPL.
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(a) Semi-Supervised feature fsemi (b) Self-Supervised feature fqeif

Figure 5.6 — T-SNE visualization of semi-supervised and self-supervised features,
where semi-supervised features are trained with 40 labels on CIFAR-10 followed
our method. Self-supervised features seem to be more loosely clustered, and the
boundaries between clusters are not as well defined. (a) Semi-Supervised feature
fsemi- (b) Self-Supervised feature fyef.

It is worth noting that as the number of clusters K increases, the likelihood of samples
within the same cluster sharing the same label also increases. Therefore, to improve
the accuracy of PPL, it is advisable to increase K. However, as K rises, the number of
samples per cluster decreases, leading to an increase in the number of clusters devoid
of any labeled samples. This is particularly evident when K surpasses the number
of labeled samples, resulting in a larger proportion of unlabeled samples not being
associated with any labels. As a trade-off, we adopt a strategy of using different values
of K for a total of C' clustering iterations. This approach ensures that the majority of
unlabeled samples are encompassed by labeled samples, while those situated farther

away from any labeled samples exhibit lower confidence levels.

5.3.4 Single-shot Active Labeled Sample Selection

Our active learning strategy primarily focuses on improving the accuracy of PPL,

which facilitates the transfer of valuable information from a self-supervised model to
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a semi-supervised model. For this purpose, existing active learning methods based on
uncertainty and diversity principles are not suitable, as they tend to select challenging
samples that exhibit high uncertainty (Gao et al., 2020) or are distant from the feature
space of labeled samples (Sener and Savarese, 2018). These challenging samples often
imply difficulty in differentiation within the self-supervised features, fs¢. In other
words, these samples are likely to have different labels from their neighbors (samples
with similar features), leading to lower PPL accuracy when using these samples for

label propagation.

In contrast, selecting representative samples (Settles, 2009) is more appropriate for
our scenario. Since our PPL is derived through clustering-based label propagation,
in scenarios with limited annotations, the PPL for all samples within a cluster is de-
termined by the labeled samples within the same cluster. In other words, a relatively
small number of labeled samples play a crucial role in determining the PPL for the
entire cluster. Therefore, we aim to select labeled samples that well represent the
majority of samples within their cluster, ensuring that the selected labeled samples

have consistent labels with most samples in their cluster.

Building upon the observations (Sec. 5.4.3) that within the self-supervised feature
space, fseif, samples located in the same cluster tend to have similar labels, and those
near the center of the cluster are more likely to share the same label as the majority
of samples in that cluster. Consequently, our active strategy selects samples close to

the center of the cluster to query labels.

Fine-tuning features

While self-supervised training has been established as effective in producing high-
quality features, fsir, with excellent performance in linear evaluation (Chen et al.,
2020a; Chen and He, 2021), we experimentally find that clustering directly on fyey
is not a good choice. One potential reason is that self-supervised features exhibit
a distinct distribution compared to features trained with labeled data, as shown in

fig. 5.6. Self-supervised features tend to scatter due to their training on finer-grained
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proxy tasks, resulting in a larger distance between features of the same class and a
smaller distance between features of different classes. This characteristic can impact
the performance of the clustering algorithm and, potentially, the accuracy of our
pseudo-labels. To achieve a more suitable feature space, we fine-tune these features

based on multiple clusters before selecting samples for labeling.

To bring samples within the same cluster closer together, the mean squared error
(MSE) loss is employed to force samples in the same cluster to be close to their
centers. Also, to improve robustness, we perform C' iterations of K-means on fsy,
with the final loss as defined by eq. 5.6, where N is the number of samples within the

whole dataset, ffie; is i

sample’s fine-tuned feature, feepsers; denotes the cluster
center assigned to " sample during the j** clustering run, where j refers to the
specific iteration out of a total of C' runs of K-means clustering. During the fine-
tuning process, as the loss is defined based on C times clustering with randomness,
those samples that are stable within the same cluster become closer, while those
attracted by different cluster centers do not approach any specific center, thereby

enhancing the clustering results.

1
L - ine,i — Jcenteri,j 5 5.6
ON;;nff i = feenterasll3 (5.6)

Additionally, considering the computational cost while still aiming to retain the ap-
proximate self-supervised feature structure, we add a single linear layer to the self-
supervised trained encoder. During training, the encoder weights are frozen and only
the weights of the newly added linear layer are updated. To reduce the computational
cost, we pre-compute the self-supervised features for all samples. This allows us to
directly use the fys as input during the training of the new linear layer, eliminating
the need to forward-pass through the backbone in each training iteration. Finally,
we select labeled samples and generate PPL based on the output of the linear layer,

denoted as ffine.
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Select Labeled Set Based on Multiple Clusters

To improve robustness, conduct C' rounds of K-means clustering on ffin.. Subse-
quently, identify samples consistently assigned to the same class across all C' clus-
tering rounds. Calculate the mean of the features for these samples to represent the
center of that class. Then, select and annotate as the labeled set the samples that

are closest to these K class centers.

5.4 Results

5.4.1 Results on CIFAR-10, CIFAR-100 and STL-10

Our method is first evaluated on the common benchmark for semi-supervised learn-
ing: CIFAR-10 (Krizhevsky et al., 2009), CIFAR-~100 (Krizhevsky et al., 2009), STL-
10 (Coates et al., 2011). Both CIFAR-10 and CIFAR-100 contain 50,000 training
samples and 10,000 test samples, all with image size of 32x32. STL-10 contains
5,000 labeled training samples, 100,000 unlabeled training samples and 8,000 test
samples. The resolution of all samples is 96x96. We experimented with labeled sam-
ple sets of various sizes, especially with fewer annotation samples than in previous
papers (10 labeled samples for CIFAR-10, 200 labeled samples for CIFAR-100, and
20 labeled samples for STL-10).

Baseline Methods

We compare our method with (1) Semi-supervised learning from scratch algorithms:
Fixmatch (Sohn et al., 2020), Flexmatch (Zhang et al., 2021) and CoMatch (Li et al.,
2021). (2) Semi-supervised learning initialized with the self-supervised model: Self-
Match (Kim et al., 2021a). SelfMatch refers to a training framework that utilizes
standard semi-supervised training methods to fine-tune models initialized with self-
supervised pre-training weights. This framework applies to various self-supervised

pre-training and semi-supervised training methods. To set a fair baseline, we employ
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identical semi-supervised (FlexMatch) and self-supervised training (SimSiam (Chen
and He, 2021)) methods for SelfMatch as those utilized in our framework. (3) Plug-in
model selection method, Sel (Kim and Lee, 2022), that is specially optimized for semi-
supervised training with few annotations. (4) Constructing self-supervised signals to
enhance semi-supervised training in scenarios with limited annotations, Less (Lu-
cas et al., 2022). The annotated samples for the aforementioned baseline methods
were randomly selected. (5) Active semi-supervised learning method: USL (Wang
et al., 2022a) conducts semi-supervised training by actively selecting labeled samples.
To establish a fair baseline, we utilize the same self-supervised pre-training weight

initialization for our method, SelfMatch, and USL.

Implemention details

Many existing semi-supervised learning methods involve the use of pseudo-labeling
techniques. Our method readily integrates with these techniques. In our imple-
mentation, we conduct experiments with Flexmatch, one of the state-of-the-art semi-
supervised approaches. For the self-supervised pre-training, any self-supervised method
can be employed. For this study, we chose SimSiam (Chen and He, 2021), a state-
of-the-art self-supervised method, using the same backbone as in the semi-supervised
learning stage. We adhere to the hyper-parameter settings proposed by SimSiam (Chen
and He, 2021). The network weights obtained from self-supervised learning serve as

the initialization for the backbone of the semi-supervised model.

We set network architectures following previous work (Zhang et al., 2021): WRN-
28-2 (Zagoruyko and Komodakis, 2016) for CIFAR-10, WRN-28-8 for CIFAR-100
and WRN-37-2 for STL-10. For CIFAR-10, CIFAR-100 and STL-10. We set hyper-
parameters following TorchSSL (Zhang et al., 2021): SGD with momentum 0.9, initial
learning rate 0.03, X is 1, u is 7, the batch size is 64, total training iterations is

1024 x 1024 and a cosine annealing learning rate scheduler.

The hyper-parameters involved in the active learning and label propagation in this

chapter include the number of times clustering was performed, C, and the number
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of classes in each clustering, K. Specifically, clustering is performed 6 times (C' is
set to 6) in both the active sampling strategy and label propagation. For active
sampling, the number of classes in each clustering, K, is equal to the number of
selected samples. In label propagation, clustering is accomplished using Constrained
Seed K-Means (Basu et al., 2002). The minimum value of K is set to match the
number of categories in the dataset. For CIFAR-10 and STL-10, K takes values of
10, 20, 30, 40, 50, and 60. For CIFAR-100, K is set to 100, 200, 300, 400, 500, and
600, respectively. The linear layer mentioned in Sec. 5.3.4 has the same dimension
as the final layer of the backbone, and fine-tuning features are trained for 40 epochs.
Additionally, the T" for switching from PPL-guided pseudo-labels to regular pseudo-

labels during semi-supervised training is set to the 60th epoch.

Results

The experimental results are shown in Table 5.2. Given the lack of labeled data
for semi-supervised training, selecting the best model by validation set is infeasible.
Following previous work (Kim and Lee, 2022), we report the median accuracy for the
last 20 checkpoints. Notably, “Sel” denotes the use of the metric proposed by Kim
et al. (Kim and Lee, 2022) to select the final model for evaluation. Our results are
presented in 2 ways: first, the median accuracy of the last 20 models as “Ours” and
second, the accuracy of the models selected using “Sel” (Kim and Lee, 2022) as “Ours-
Sel”, where the total training iteration is 1024x1024. Additionally, to demonstrate
the accelerated convergence of our method, we report the accuracy achieved with only

1/4 of the total training iterations, termed as “Ours-Early-Sel”.

Effectiveness: Our approach demonstrates significant improvements over most base-
lines, except for LESS, which shows similar performance under some experimental
setups. Notably, the results with LESS were obtained under somewhat unfair con-
ditions. LESS selects labeled samples through random stratified sampling (i.e., ran-
domly selecting an equal number of samples per class), ensuring that all classes are
covered even with limited annotations, which requires additional knowledge about

the dataset. In contrast, our method selects samples without prior knowledge of the
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Table 5.2 — Comparison of accuracy on CIFAR-10, CIFAR-100 and STL-10. All results
are averaged over 3 runs. The best results are shown in red and the second best
results are shown in blue.

Active Self-sup. CIFAR-10 CIFAR-100 STL-10

Learning Initialization | 10 labels 40 labels 200 labels 400 labels | 20 labels 40 labels
Fully-Supervised - - 95.38 80.70 -
FixMatch No None 60.01+£7.41  85.57+5.21 | 35.83+1.63  46.04+1.41 | 43.24+6.32  60.92+5.60
FixMatch-Sel No None 65.73+10.32 89.87+4.96 | 35.78+1.58  46.05+1.28 | 45.45+3.24  63.93+£9.65
FlexMatch No None 59.06+£19.80 94.86+0.05 | 30.59+1.69  46.11+2.83 | 38.31+16.69 54.90+8.06
CoMatch No None 65.10+7.81  92.16+4.97 | 32.51+1.15  41.724+2.04 | - -
LESS No None 64.40+10.90 93.20+2.10 | 42.504+3.20  51.3042.40 | 48.98+5.19  64.20£5.10
SelfMatch (w FlexMatch) No Simsiam 57.03+14.86 94.63+0.34 | 28.63+4.13  51.2441.02 | 44.78+£1.98  57.06£5.99
SelfMatch-Sel(w FlexMatch) No Simsiam 59.13£15.43  94.79£0.07 | 36.58+3.31  53.05+1.85 | 45.73+4.11  63.14£9.47
USL-Sel (w FlexMatch) Yes Simsiam 55.76+6.45  89.2240.79 | 25.31+10.32 29.73+4.77 | 55.90+£1.33  61.94+5.14
Ours (w FlexMatch) Yes Simsiam 69.084+5.32  94.35£0.20 | 46.87£2.47  47.3746.66 | 49.57£9.32  57.57£9.55
Ours-Sel (w FlexMatch) Yes Simsiam 83.80+10.57 94.324+0.09 | 48.404+5.78  59.16+2.37 | 51.11+£6.88  61.89+7.73
Ours-Early-Sel (w FlexMatch) | Yes Simsiam 82.17+11.09 93.724+0.22 | 44.804+5.07  61.504+2.00 | 46.32£7.77  65.15+2.44

dataset’s classes, contributing to the similar results observed between LESS and our

method.

A comparison between FlexMatch and SelfMatch (with FlexMatch) indicates that
solely relying on self-supervised pre-training initialization does not significantly im-
prove the performance of semi-supervised training in nearly half of the experiments.
In contrast, our method, incorporating initialization, PPL, and annotated sample
selection, enables a more comprehensive utilization of valuable information from self-

supervised pre-training, resulting in superior overall performance.

Fast convergence: Our method demonstrates accelerated convergence by explic-
itly employing PPL to initiate semi-supervised training. As shown in Table 5.2, our
method (Ours-Early-Sel) achieves about 97% accuracy with only 1/4 of the training
iterations. It also outperforms baseline methods in most cases with just 1/4 of the
training iterations. Additionally, we compared the computational time required for
our method to reach the final accuracy of SelfMatch (w FlexMatch), which is initial-
ized with self-supervised pre-trained weights. As illustrated in Table 5.3, our method

achieves the final accuracy of SelfMatch in approximately 1/3 of the training time.

5.4.2 Results on ImageNet

We conducted experiments on the large-scale dataset, ImageNet-1k (Deng et al.,

2009), which has 1.28 million training images and 50,000 validation images. Following
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Table 5.3 — Comparison of practical running time on a single RTX 3090 GPU. Self-
Match time refers to the total runtime of complete semi-supervised training, while
our method’s time indicates the duration required to reach SelfMatch’s final accu-

racy.
Dataset CIFAR-10 CIFAR-100
SelfMatch (w FlexMatch) | 98.82 (hrs) 353.69 (hrs)
Ours (w FlexMatch) 35.21 (hrs) 121.04 (hrs)

previous works (Wang et al., 2022b; Zhang et al., 2021), we adopted ResNet-50 (He
et al., 2016) as backbone. Due to computational resource limitations, we set hyper-
parameters following the method of training based on self-supervised pre-training
weights (Cai et al., 2021; Wang et al., 2022b) instead of the original FlexMatch (Zhang
et al., 2021). The total training epoch is 50, with a change point T" at the 4th epoch.

FlexMatch and SelfMatch served as our baseline methods. We implemented two
versions of the SelfMatch, employing different semi-supervised training approaches:
FlexMatch and FixMatch. For FixMatch, we employed a variant known as FixMatch-
EMAN, where EMAN (Cai et al., 2021) is utilized to enhance both pre-training and
semi-supervised training effectiveness. To ensure fairness, both SelfMatch and our
method are initialized with the same pre-trained weights, as shown in Table 5.4. They
are respectively pre-trained using BYOL (Grill et al., 2020) and BYOL-EMAN (Cai
et al., 2021). The annotated samples for baseline methods were randomly selected,
with a difference from existing semi-supervised learning experimental setups. In con-
trast to the common practice of randomly selecting N labeled samples per class, our
experiments were conducted in a more realistic setting. Specifically, we randomly

selected annotated samples from the entire dataset.

The same trend is observed in experiments on ImageNet, as detailed in Table 5.4. Our
method outperforms SelfMatch significantly, especially when labeled data is limited.
This suggests that our method can more effectively leverage pre-trained models to
enhance semi-supervised learning performance. Additionally, this improvement is
consistent across different semi-supervised training methods, including FlexMatch

and FixMatch-EMAN.
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Table 5.4 — Comparison of accuracy on ImageNet. The best results are shown in red
and the second best results are shown in blue.

Semi-Supervised Self-Supervised 0.2% labels 1% labels
Method Initialization =~ Top-1 Top-5 Top-1 Top-5
Fine-tune BYOL 26.0 48.7 53.2 68.8
FlexMatch None 3.9 9.6 19.6 379
SelfMatch (w FlexMatch) BYOL 30.3 488 57.3 80.1
SelfMatch (w FixMatch-EMAN) BYOL-EMAN 327 527 59.6 81.6
Ours (w FlexMatch) BYOL 373 559 583 799
Ours (w FixMatch-EMAN) BYOL-EMAN 404  60.7 604 81.5

5.4.3 Model Detailed Analysis

We further analyze our approach from six aspects: ablation studies for the whole
framework, influence of switching point, comparisons of active learning strategies,
ablation studies for our active sampling strategy, and the detailed analysis of pseudo-

label propagation and clustering results on self-supervised features.

Ablation Experiment of Framework

Ablation experiments were performed in the CIFAR-10 with 10 labels. We main-
tained the same hyper-parameters, except for reducing the total training iterations to
112x2304, equivalent to 2304 epochs. Two components of our method are evaluated:
active labeled set selection and PPL. The results are shown in Table 5.5. (1) When
working with a limited number of labels, the active learning component yields more
stable and accurate results in semi-supervised training. (2) Whether for randomly
selected or actively chosen annotated samples, the use of PPL significantly improves

the performance of semi-supervised learning.

Influence of switching point

To assess the impact of the PPL switch point, T', on semi-supervised training, we

conducted four experiments on the CIFAR-10 dataset with 10 and 40 labeled samples,
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Table 5.5 — Ablation Study on CIFAR-10. Accuracy is the average over 3 runs.

Ablation Accuracy(avg. + std.)
Random 58.17 £+ 13.01
Random + PPL 68.01 4+ 15.96

Active 76.65 + 5.29

Active + PPL  84.43 £ 5.45

respectively. The experiments included: (1) Without PPL, (2) Employing PPL as in

eq. 5.5 with T" set to 5 epochs, (3) T set to 60 epochs, and (4) Direct PPL, ie., T

equal to the total number of training iterations. The results are depicted in fig. 5.7

and fig. 5.8.
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Figure 5.7 — Test accuracy of semi-supervised training in CIFAR-10 with 10 labels.
In all experiments, the same self-supervised pre-training weight initialization is
applied. Without PPL indicates the absence of PPL. Change at 5 epoch and
change at 60 epoch refer to the utilization of PPL according to eq. 5.5, with T" as
5 epoch and 60 epoch, respectively. Direct PPL signifies using PPL in all training

iterations.

PPL enhances semi-supervised training accuracy in the early stages, but continuous

use of PPL (experiment setting (4)) hinders the sustained update of pseudo-labels,

thereby impacting the final semi-supervised performance. For instance, in fig. 5.8,

the semi-supervised training accuracy of experiment setting (1) surpasses that with

continuous PPL (setting (4)) after training epochs exceed about 70. Hence, a switch-

ing mechanism, as represented by eq. 5.5, is necessary for guiding the semi-supervised
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Figure 5.8 — Test accuracy of semi-supervised training in CIFAR-10 with 40 labels.
In all experiments, the same self-supervised pre-training weight initialization is
applied. Without PPL indicates the absence of PPL. Change at 5 epoch and
change at 60 epoch refer to the utilization of PPL according to eq. 5.5, with T" as
5 epoch and 60 epoch, respectively. Direct PPL signifies using PPL in all training
iterations.

training process.

The specific placement of the switch point minimally affects the ultimate perfor-
mance of semi-supervised training. Although setting a larger T' (i.e., using PPL in
more training iterations) yields higher accuracy in the early stages of semi-supervised
training with limited labeled data as shown in fig. 5.7, and setting a smaller 7" helps
avoid the constraint imposed by fixed PPL on the process of updating pseudo-labels
in scenarios with more labeled data as shown in fig. 5.8, after the switch at point
T, the semi-supervised training accuracy becomes consistent quickly for different T’
settings. Therefore, the impact of setting a roughly appropriate switch point on the

final performance of semi-supervised training is minimal.

Ablation Study of Our Active Sampling Strategy

We conducted ablation experiments to compare the effects of various components
in our proposed active learning strategy on CIFAR-10. In these experiments, K-
medoids’ refers to clustering only once, while 'multi-clustering’ involves clustering 6

times, as described in Sec. 5.4.1.
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As shown in Table 5.6, fine-tuning the features results in significant improvements,
providing better class coverage and more accurate pseudo-labels. Especially for the
case with fewer annotations, where multi-clustering and fine-tuning features yield

greater benefits.

Table 5.6 — Ablation study of proposed active learning strategy on CIFAR-10. Accu-
racy reported is the average over 3 runs.

Accuracy of Yprior Class Coverage
# Labels 10 40 10 40

K-medoids on fyef 44.90+1.88 69.62+£0.83 7.2+1.4 10.0+0.0
Multi-cluster on fsop 61.9445.42 72.54+1.42 9.0£0.7 10.0£0.0
K-medoids on ffine 64.70+£6.27 72.72£2.77 9.24£0.8 10.0+0.0
Multi-cluster on fpi,e 71.4144.10 74.91+£1.66 9.5£0.5 10.0£0.0

We investigated the impact of setting different clustering times, C, on the samples
selected by our proposed active learning strategy. The experiment is implemented on
CIFAR-10 with 10 labels. As shown in fig. 5.9 and fig. 5.10, we note that our strategy
is robust to the number of clustering C. Across different values of C, our active
learning strategy consistently selects samples that comprehensively cover all classes,
even in scenarios with very few annotations. The choice of C' primarily influences the
accuracy of the PPL. The larger C' is, the smaller the variance, and the accuracy of

pseudo-labels can be slightly improved.

Influence of Active Sampling Strategy

We compare different active learning strategies on CIFAR-10, CIFAR-100, and STL-
10, with all hyper-parameters consistent with those mentioned in Sec. 5.4.1, except
for the training iterations. In these experiments, all models are trained for 112x2304
iterations. Many active learning strategies involve multiple rounds of iteration for
selecting annotated samples, often resulting in high training costs, contradicting the
fundamental goal of active semi-supervised learning, which aims to reduce the over-
all cost. Therefore, we choose active learning methods that allow for the selection

of annotated samples in a single iteration as our baseline. Specially, random, K-
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Figure 5.9 — The impact of the number of clusters C' in an active learning strategy on
the accuracy of the prior pseudo-label.
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Figure 5.10 — The impact of the number of clusters C' in an active learning strategy
on the class coverage.

medoids (Sener and Savarese, 2018) and Coreset-greedy (Sener and Savarese, 2018)
are selected. As shown in tab. 5.7, our method consistently outperforms other active
learning strategies. K-medoids outperforms random sampling in most cases, whereas
Coreset often performs worse. This discrepancy arises because Coreset selects samples
that are least similar to the features of the existing labeled samples, while K-medoids
selects samples closest to the cluster centers. Consequently, Coreset is more likely
to select outliers, which decreases the performance of semi-supervised training. This

observation aligns with previous work Mittal et al. (2019), which found that some
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active learning strategies can have adverse effects when the number of labeled samples
is limited.
Table 5.7 — Comparison of active sampling strategies. The accuracy reported is the

average over 3 runs. The best results are shown in red and the second best results
are shown in blue.

Dataset CIFAR-10 CIFAR-100 STL-10

Size of Labeled Set 10 40 200 400 20 40
Random 58.17£13.01 82.81+8.10 |38.84+3.09 58.424+2.37|51.14+6.79 63.33+£5.97
K-medoids 47.264+6.62 87.42+5.42 |43.394+4.00 59.10+0.36/51.03+4.89 68.2942.93
Coreset 31.9243.14 86.19410.78|27.594+4.63 47.77+3.22|45.754+3.95 51.414+3.74
Proposed 84.434+5.19 94.2540.43 {51.2243.06 61.0740.12(61.39+5.43 70.26+3.60

Prior Pseudo-label Propagation

For PPL generation, we compare our method with LLGC (Zhou et al., 2003), which
is a typical baseline for label spreading, with the hyper-parameters of LLGC follow-
ing (Iscen et al., 2019). Additionally, we investigate the impact of selecting labeled
samples using different active learning methods on the accuracy of pseudo-labels, as
presented in Table 5.8. The results confirm that the choice of labeled sample selection
strategy has a large impact on the accuracy of pseudo-labels. Samples selected by
our active learning strategy result in more accurate pseudo-labels across different la-
bel propagation methods. Our pseudo-label propagation method outperforms LLGC
when the number of labeled samples is close to the number of true classes, but shows

slightly weaker performance than LLGC when more labels are available.

Furthermore, we investigate the impact of the number of classes in clustering, K,
in our label propagation. The experiments include three settings with different sizes
of K, as summarized in Table 5.9. Expected calibration error (ECE) (Naeini et al.,
2015) is employed to assess how well y,,;.- is calibrated to the true accuracy, where
smaller values indicate less miscalibration. The results confirm that using different

K in label propagation is a good compromise between accuracy and calibration.
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Table 5.8 — Accuracy of prior pseudo-label comparison of different active strategies
and label propagation methods. The accuracy reported is the average over 3 runs.

The best results are shown in red and the second best results are shown in blue.

Dataset CIFAR-10
# Labels 10 20 40
Propagation Sampling
LLGC Random |53.4245.36 59.91+2.58 69.59+2.35
LLGC Coreset | 31.57+6.31 56.06+3.35 74.47+5.17
LLGC K-medoids | 45.53+2.96 62.2845.39 71.51+1.36
LLGC USL 53.904+0.56 63.47+£3.19 70.82+1.76
LLGC Proposed |62.9443.47 71.61£1.64 75.50+1.40
Proposed Random |52.12+9.10 60.32+4.67 69.40+2.49
Proposed Coreset | 37.434+3.24 59.564+3.30 73.8243.01
Proposed K-medoids | 44.90+1.88 62.124+6.97 69.62+0.83
Proposed USL 54.20+0.43 57.62+5.10 67.61+1.86
Proposed  Proposed | 71.41+4.10 72.63+0.96 74.914+1.66

Table 5.9 — Ablation study of K on CIFAR-10, accuracy of yprior and Expected cali-
bration error (ECE) reported is the average over 3 runs.

# Labels

10

ECE

20

40

10

Accuracy of yprior

20

K=[10,10,10,10,10,10]
K=[10,20,30,40,50,60]
K=[10,60,60,60,60,60]

0.27840.039 0.166£0.038 0.11240.021
0.237+0.041 0.087£0.014 0.067+0.013
0.233£0.040 0.133+£0.037 0.082£0.011

70.50+4.13

70.66+4.05 70.81+2.13
71.41£4.10 72.63+0.96 74.91+1.66
70.53£4.09 70.46+2.82 73.67+1.67

Clustering Results on Self-Supervised Features

We analyzed clustering results in self-supervised feature space, as shown in Fig. 5.11

and Fig. 5.12. The self-supervised features were clustered five times, with the number

of clusters equal to the actual number of classes in the datasets. The samples were

divided into 10 bins based on the distance between the sample features and the cluster

centers. The proportion of sample labels in each bin matching the dominant labels

in the clusters was then calculated. The result shows that samples near the center

of the cluster are more likely to share the same label as the dominant label in the

cluster.
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Figure 5.11 — The relationship between distance and dominant labels in self-supervised
feature space on CIFAR-10, where the model is self-supervised training by Sim-
siam (Chen and He, 2021).
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Figure 5.12 — The relationship between distance and dominant labels in self-supervised
feature space on CIFAR-100, where the model is self-supervised training by Sim-
siam (Chen and He, 2021).

5.5 Limitations

Our method primarily relies on prior pseudo-labels generated through clustering on
pre-trained features to enhance semi-supervised training performance. This approach
faces limitations in scenarios where clustering cannot effectively distinguish between
different classes, such as in multi-label learning where a single image contains multi-

ple objects. Additionally, the fixed pseudo-label switching time 7" may hinder perfor-
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mance in nonstationary environments, such as stream learning.

5.6 Summary

In this chapter, we observed that in scenarios with limited labeled samples, semi-
supervised training often quickly compromises the well-established feature represen-
tations obtained through self-supervised training. Weight initialization, in such cases,
fails to effectively transfer valuable information from self-supervised pre-training to
the semi-supervised model, resulting in a reduction of the benefits gained from com-
bining self-supervised and semi-supervised training. Motivated by this observation,
we propose using PPL as an intermediate step to assist semi-supervised training
in acquiring valuable information from self-supervised pre-training. Additionally, to
more fully exploit self-supervised pre-training information, we introduce a novel active
learning strategy to enhance the accuracy of PPL. By combining weight initializa-
tion, PPL, and the active learning strategy, our framework provides a more effective
starting point for semi-supervised training. Experimental validation demonstrates
the effectiveness of our approach in enhancing the performance of semi-supervised
learning under limited labeled data conditions. Furthermore, our method readily inte-
grates with existing semi-supervised learning approaches that include pseudo-labeling

techniques, showcasing its broad applicability.



Chapter 6

Conclusion

6.1 Summary

The abundance of data is crucial for the success of deep learning models (Sorscher
et al., 2022; Tay et al., 2021), but acquiring a large amount of data, especially an-
notated data, can be costly and slow. This impedes the application of deep learning
models in many fields (Alonso et al., 2019; Budd et al., 2021; Norouzzadeh et al.,
2021). Recently, the development of self-supervised pre-training techniques provided
a new cornerstone for reducing the need for human annotations (Feichtenhofer et al.,
2022; Oquab et al., 2024; Radford et al., 2021). This development transforms the
common practice of training deep learning models from scratch to pre-training with

unlabeled data, followed by fine-tuning with a small amount of labeled data.

In this thesis, we recognize the unique and complementary contributions of pre-
training methods, active learning, and semi-supervised learning to the enhancement
of label efficiency. Building upon this recognition, we proposed novel strategies for
active learning and semi-supervised learning, tailored for scenario training on top of
pre-trained models. The goal is to alleviate the dependency on human annotations

and subsequently reduce overall costs.

In Chapter 3, we focus on the effectiveness of active learning strategies when training
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on top of pre-trained models. The utilization of pre-trained models significantly
reduces the demands of labeled data, pushing active learning into a low-budget regime.
However, within this range, the types of samples that can enhance model performance
differ significantly from those selected by most existing high-budget active learning
strategies. Also, we observe an intensified phase transition phenomenon, indicating
that the effective range of existing low-budget active learning strategies is too narrow
for practical use. We argue that this issue is attributed to the upper bound of the
empirical risk in the active learning pool. To address this, we propose using NTK
and CPL to directly estimate the empirical risk. Experimental results show that our
proposed active learning strategy, NTKCPL, outperforms existing methods and has a
wider effective budget range. The introduction of this strategy enables practitioners

to benefit from the combination of pre-training and active learning.

In Chapter 4, we delve into the efficiency and overall costs (labeling cost and training
cost) of active learning when training on top of pre-trained models. Since pre-trained
models are often large-scale models, the training costs are significantly higher than
those of small models typically used in traditional active learning. Active learning
requires multiple training iterations to select labeled samples, indicating that compu-
tational time and costs cannot be overlooked when employing active learning on top of
pre-trained models. We observe that existing efficient active learning methods reduce
active learning time but increase overall costs (primarily from the additional training
costs). This dilemma forces practitioners to navigate between computational effi-
ciency and overall costs. To address this challenge, we propose a novel efficient active
learning framework that enhances the accuracy of efficient active learning by updat-
ing pre-trained features and adopting appropriate training methods. This framework
alleviates the dilemma faced by practitioners, significantly reducing the time required

for standard active learning without increasing overall costs.

In the aforementioned two chapters, we investigated active learning on top of pre-
trained models, where unlabeled data is utilized in the pre-training phase with a
pretext task. Subsequently, in the active learning phase, only labeled data is employed

to train the target task head and fine-tune the feature extractor. When the pre-trained
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features fall short of meeting the requirements of the target task, more adjustments

to the feature extractor are often necessary.

However, a small amount of labeled data is insufficient for effective tuning of the fea-
ture extractor, which may lead to a decrease in model generalization ability. There-
fore, we attempt to introduce semi-supervised learning to fine-tune the feature ex-

tractor using unlabeled data in Chapter 5.

The challenge lies in the low accuracy of pseudo-labels during the initial stage of
semi-supervised learning, particularly in scenarios with limited annotations. Con-
sequently, there is a difficulty in effectively transferring valuable pre-training infor-
mation through weight initialization. The combination of self-supervised and semi-
supervised learning fails to yield performance gains. To address this, we propose using
prior pseudo-labels as intermediaries to transfer information. Initially, we cluster on
pre-trained features to generate prior pseudo-labels, which are then used to guide
the initial stage of semi-supervised learning. Additionally, considering the impact
of labeled data selection on the accuracy of prior pseudo-labels, we introduce a new
active learning strategy to improve the accuracy of prior pseudo-labels. Ultimately,
through a combination of weight initialization, prior pseudo-labels, and actively la-
beled data, we significantly improve the model’s performance in scenarios with very

few annotations.

In this thesis, we introduce novel active learning strategies, an efficient active learn-
ing framework, and active semi-supervised learning methods. These contributions
empower practitioners to derive benefits from pre-trained models and various label-
efficient learning methods, thereby further reducing the required amount of labeled
data and overall costs for model training. We believe that these advancements can ex-
tend the benefits of deep learning to more domains sensitive to annotation costs. We
anticipate that future research in the following directions will contribute to enhancing

the practical applicability of label-efficient training methods.
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6.2 Future Work

6.2.1 Cost-aware Learning

With the advancement of pre-training methods, various label-efficient learning ap-
proaches (Cai et al., 2021; Emam et al., 2021; Wang et al., 2022b) have increasingly
integrated pre-trained models. While this integration improves label efficiency, it sig-
nificantly raises computational costs. Recent studies have shown that larger models
are particularly effective at leveraging unlabeled data (Chen et al., 2020b; He et al.,
2022), further emphasizing the computational burden. As a result, the earlier as-
sumption that savings in annotation costs would substantially outweigh the increased

computational costs in label-efficient learning is no longer reasonable.

To address this, future research should prioritize cost-aware learning, focusing on
developing methods that train effective models while minimizing total costs. This en-
tails not only designing cost-efficient algorithms but also establishing suitable metrics

to evaluate overall cost savings comprehensively.

Additionally, exploring tools to approximate the effects of incorporating additional
labeled data or extending training is a promising direction. Methods that can predict
how neural network outputs change after such updates—particularly in practical set-
tings like pre-trained model fine-tuning or semi-supervised learning—can be highly
valuable. For instance, reliable estimates of these changes could guide practitioners
in deciding whether to continue semi-supervised training or allocate resources to ac-
tive learning for additional annotations. Advancements in this area will significantly

contribute to the development of cost-aware learning strategies.
6.2.2 Trustworthy Label-Efficient Learning for Scientific Re-

search

Label-efficient learning serves as a critical tool for deploying deep learning models in

domains where annotation is expensive, a common occurrence in scientific research
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fields where data labeling often requires specialized domain knowledge (Alonso et al.,
2019; Tuia et al., 2022). However, when extending label-efficient learning methods
to scientific research fields, it is essential not only to consider improving label effi-
ciency but also to ensure that these methods do not introduce biases affecting the
reliability of model predictions (Li et al., 2023a). Currently, the majority of label-
efficient learning methods rely on the exploitation of deep learning models, such as
active learning leveraging model predictions to identify informative samples and semi-
supervised learning using noisy model predictions as pseudo-labels for training. These
approaches contribute to the accumulation of biases (Chen et al., 2022; Farquhar et al.,

2020), diminishing the trustworthiness of the final model.

Therefore, conducting a comprehensive assessment of the impact of label-efficient
learning methods on the trustworthiness of model predictions, and designing novel
approaches that improve label efficiency while ensuring model trustworthiness, merits

further research.

6.2.3 Multi-Modal Pre-training for Label-Efficient Learning

Recently, multi-modal pre-training (Radford et al., 2021) has attracted extensive at-
tention. In contrast to models pre-trained on images, multi-modal pre-training, par-
ticularly for visual-language models, naturally embeds images with similar semantics
into proximity within the feature space, significantly improving the performance of
deep learning models across tasks such as zero-shot learning (Zheng et al., 2021),
few-shot learning (Zhang et al., 2022a), and open-set learning (Zhu et al., 2023). Of
course, challenges persist, including semantic misalignment between the pre-trained
model’s semantics and those of the target tasks and inconsistencies in data distribu-
tion. Therefore, fine-tuning (Wei et al., 2023) or prompting (Lu et al., 2022; Zhou
et al., 2022) the multi-modal pre-training models using labeled data is still neces-
sary. However, the differences between multi-modal pre-training models and visual
pre-training models introduce new challenges for label-efficient learning. These in-

clude identifying and correcting inaccurate semantics correspondences within the pre-
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trained models (Wang et al., 2024), determining the form of additional annotations,
and efficiently embedding existing knowledge in a label-efficient and training-efficient

manner.

6.2.4 Life-long Learning

The label-efficient learning methods discussed in this thesis assume a scenario where
no models trained for similar tasks are already available. Therefore, practitioners
have to train models from scratch, involving the selection of new labeled data in active
learning and fine-tuning a pre-trained model (on a different task) using task-relevant
labels in semi-supervised learning. This stands in contrast to the current reality,
where the prolific development of deep learning has resulted in numerous models
trained for various tasks. With the increasing availability of models trained from
similar tasks, the challenge lies in efficiently utilizing a small number of new labels to
select the most suitable existing models. Moreover, exploring the adaptation of these
models to new target tasks (Mundt et al., 2023) and novel datasets is worth further

investigation.
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