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ABSTRACT

Diagnostic pathology and histopathology images play a critical role in the diagnosis and
treatment of carcinomas. In order to achieve satisfactory performance, we usually need
a large amount of labeled data. Annotating a large number of histopathology images for
training machine learning models can be expensive and time-consuming. We explored sev-
eral machine learning approaches in a low-data regime for histopathology images, leading to a
caption generation model for histopathology images [Zhang et al., 2020b], a hyperbolic atten-
tion model for histopathology images |Zhang et al., 2020a], a deep Bayesian active learning
method [Zhang et al., 2023b| to enable efficient selection of training examples that can un-
dergo expensive annotation, and representation learning approach [Zhang et al., 2023a] that
utilize existing coarse-grained labels of whole slide images to improve model performance
on limited fine-grained data. Our experiments demonstrate that these approaches can im-
prove the performances of models in the low-data regime while maintaining high levels of
interpretability, minimizing labeling costs, and showing analytical advantages. The results
of this study provide valuable insights for future research in the area of machine learning in

low-data regimes for histopathology images.
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CHAPTER 1
INTRODUCTION

Machine learning involves the development of algorithms that can learn from and make
decisions or predictions based on data. In recent years, machine learning techniques have
demonstrated remarkable success in various domains, including computer vision, natural
language processing, and computational biology. This dissertation focuses specifically on
the application of machine learning to healthcare, notably in histopathology image analysis.
Histopathology, a crucial branch of pathology, involves the microscopic study of biological
tissues to identify diseases. With advances in medical technology, digital pathology has
come to the forefront. Digital pathology digitizes histopathological slides, enabling easier
examination, storage, and sharing of these critical images, and has greatly enhanced the
medical field.

The advent of digital pathology has introduced an abundance of complex, high-resolution
data, presenting significant analysis and interpretation challenges. The traditional methods
of examining these images, which often depend on the trained eyes of pathologists, are
increasingly strained by the volume and complexity of the data. Machine learning can
potentially facilitate this process by automating the examination of these images, leading
to faster and possibly more precise diagnoses. However, this task is not straightforward; it
demands complex algorithms to analyze the detailed patterns within the images, creating a
computationally challenging process.

In low-data settings, the challenges become even starker due to a scarcity of labeled
data. Supervised machine learning algorithms require training on labeled data, meaning in
this context, histopathology images annotated with correct diagnoses. Collecting such data
requires substantial time, resources, and the expertise of skilled pathologists, making it a
daunting task. This dissertation aims to investigate these challenges and devise new machine

learning strategies to improve the diagnostic efficiency of histopathology image analysis. The
1



objective is not merely about creating better algorithms but making a significant contribu-
tion to the transformation of pathology from a traditional microscope-based discipline to a
digitized, data-driven one. The ultimate goal is to advance healthcare and, potentially, save
lives by improving diagnostic procedures.

The first stage of our research investigates machine learning methodologies that leverage
the structure of histopathology images for predicting captions and bio-markers. By leverag-
ing the power of deep neural networks, coupled with the semantic interpretation capabilities
provided by natural language processing, we aim to design a system capable of automat-
ically generating clinically relevant captions. These captions, derived from the rich visual
information present in histopathology images, provide a concise summary of vital diagnostic
details. However, the scarcity of pre-existing captions and the special hierarchical structure
of histopathology images make the tasks non-trivial. Furthermore, we amalgamate three
core concepts—multi-scale medical image analysis, attention mechanisms, and hyperbolic
embeddings into a cohesive bio-marker prediction framework. This framework underwent a
thorough evaluation of two classification tasks using histopathology image datasets. The out-
comes of our experiments reveal substantial enhancements in the performance of commonly
utilized deep learning models.

In the subsequent stage, we explore the potential of using coarse-grained labels, such
as organ-level annotations, to improve the representation learning and classification perfor-
mance of our models. By leveraging the hierarchical relationships that exist between organs
and their constituent tissues, we aim to provide a broader context for these images. This
involves using labels that denote larger, broader categories (for example, identifying the or-
gan from which a tissue sample originates) to understand finer, more specific details within
histopathology images (such as distinguishing between healthy and diseased cells). This ap-
proach could enhance the precision of classifications at a more granular level within these

complex whole-slide images.



Our research also investigates active learning, an approach that strategically selects the
most informative samples for labeling. Since expert labeling is expensive in terms of time
and resources, integrating active learning techniques into the training process could greatly
reduce the manual effort required in data annotation, thereby improving efficiency. This
approach can be particularly advantageous in the analysis of histopathology images, where
achieving high performance usually requires a large volume of annotated data.

Overall, this dissertation provides an in-depth exploration of various strategies for ap-
plying machine learning to the complex field of histopathology image analysis, especially in
settings where labeled data is scarce. Our goal is to expand the knowledge base and capa-
bilities of machine learning in this domain while also contributing to practical advancements
in medical diagnostics and disease management. Through this research, we aim to demon-
strate the transformative potential of machine learning in healthcare, with the ultimate goal

of enhancing patient care and outcomes.

1.1 Motivation

Learning under the low-data regime in the context of histopathology images presents sev-
eral challenges. Histopathology involves the microscopic examination of tissue samples to
diagnose diseases, such as cancer, based on the appearance of cells and tissues. However,
due to the complex and high-dimensional nature of histopathology images, obtaining large
labeled datasets for training deep learning models can be challenging. Here are some specific

challenges associated with learning under the low-data regime in histopathology:

e Limited availability of labeled data: Collecting labeled histopathology images requires
expert pathologists to annotate and classify each image, which is time-consuming and
expensive. As a result, the number of available labeled images is often limited, making

it difficult to train deep learning models effectively.



e High-dimensional data: Histopathology images are typically high-resolution and con-
tain a large number of pixels. Deep learning models require a substantial amount of
labeled data to learn complex patterns and features from such high-dimensional data.
When the available data is limited, it becomes difficult to extract meaningful and

representative features.

e Annotation variability and subjectivity: Histopathology image interpretation and an-
notation can be subjective, with different pathologists having varying opinions and
expertise. Inconsistencies in annotations can introduce noise and ambiguity in the

training data, making it challenging to train accurate and reliable models.

Mitigating these challenges requires the development of specialized techniques and strate-
gies. Multi-scale models, active learning, and representation learning are some approaches

that can be employed to address the limitations of low-data histopathology image learning.

1.2 Summary of Contributions

The primary contribution of this thesis is to investigate the machine learning methods in
low data regimes for histopathology images and to propose solutions for different appli-
cations including caption generation, whole slide image classification, active learning, and

representation learning with coarse-grained labels.

Multi-scale learning for histopathology images The analysis of histopathology im-
ages poses unique challenges due to their high-dimensional nature and the need for accu-
rate and efficient interpretation. To address these challenges, researchers have been explor-
ing innovative approaches that leverage deep learning techniques. We made two contribu-
tions: the development of caption generation models specifically designed for histopathology

whole-slide images and the integration of hyperbolic attention models into the classification



of histopathology images. These advancements offer novel perspectives and demonstrate

promising results in enhancing the understanding and analysis of histopathology images.

e Caption generation from histopathology images: The automatic generation of captions
from medical images offers an efficient solution for annotating histopathology images,
facilitating image retrieval tasks, and promoting the standardization of clinical ontolo-
gies. In this study, our focus lies on the development and methodical evaluation of
a novel caption generation framework specifically designed for histopathology whole-
slide images. Introducing PathCap, a deep learning multi-scale framework, we leverage
multi-scale views of whole-slide images to predict accurate and informative captions.
Through comprehensive evaluations, we demonstrate the superior performance of our
framework compared to a standard baseline model across a diverse range of human tis-
sues. Furthermore, our approach provides interpretable contextual cues that enhance
the understanding of generated captions. Additionally, we present a novel dataset
of histopathology images with captions sourced from the Genotype-Tissue Expression
(GTEx) project. This dataset serves as a valuable resource for the machine learn-
ing and healthcare community, enabling benchmarking of future caption prediction
and interpretation methods. The reference code for our work is publicly available at

https://github.com/zhangrenyuuchicago/PathCap.

e Hyperbolic attention model for histopathology image classification: Our work in-
tegrates three fundamental concepts—multi-scale medical image analysis, attention
mechanisms, and hyperbolic embeddings—into a unified framework. Notably, the for-
mulation and evaluation of hyperbolic attention models for multi-scale medical image
analysis have remained unexplored until now. In this paper, we present a compre-
hensive evaluation of a hyperbolic attention model on two classification tasks using
histopathology image datasets. Our experiments demonstrate significant improvements

compared to commonly used deep learning models. By directly capturing the multi-
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scale structure of histopathology images, our method effectively highlights one or more
discriminative structures at various scales, facilitated by the inherent nature of the hy-
perbolic attention mechanism. We release the reference code for our approach, which

is available at https://github.com /zhangrenyuuchicago/PathHyperbolic.

Both the caption generation model, PathCap, and the hyperbolic attention model have
demonstrated notable performance improvements and enhanced interpretability in the anal-
ysis of histopathology images. PathCap outperforms standard baseline models in accurately
predicting informative captions, while the hyperbolic attention model effectively highlights
discriminative structures at various scales, leading to significant improvements over com-
monly used deep learning models. These advancements not only contribute to the field
of histopathology image analysis but also provide valuable insights and tools for improved

understanding and interpretation of complex medical image data.

Deep Bayesian active learning approach for data acquirement In the context of
histopathology image analysis, where labeled data is often limited, researchers have been
exploring various methods to enhance model performance. One such method is active learn-
ing, which offers a smarter approach to selecting samples for expert annotation, resulting in
improved performance while minimizing the query cost. Active learning has demonstrated
its data efficiency across numerous fields, including histopathology. Existing active learn-
ing algorithms, especially in the context of batch-mode deep Bayesian active models, rely
heavily on the quality of uncertainty estimations of the model and are often challenging to
scale to large batches. In this paper, we propose Batch-BALANCE, a scalable batch-mode
active learning algorithm, which combines insights from decision-theoretic active learning,
combinatorial information measure, and diversity sampling. At its core, Batch-BALANCE
relies on a novel decision-theoretic acquisition function that facilitates differentiation among

different equivalence classes. Intuitively, each equivalence class consists of hypotheses (e.g.,
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posterior samples of deep neural networks) with similar predictions, and Batch-BALANCE
adaptively adjusts the size of the equivalence classes as learning progresses. To scale up
the computation of queries to large batches, we further propose an efficient batch-mode ac-
quisition procedure, which aims to maximize a novel information measure defined through
the acquisition function. We show that our algorithm can effectively handle realistic multi-
class classification tasks and achieves compelling performance on several benchmark datasets
for active learning under both low- and large-batch regimes. Reference code is released at

https://github.com /zhangrenyuuchicago/BALanCe.

Representation learning with coarse-grained labels for histopathology images
(Classifying clinical properties directly from histopathology images is a vital step toward im-
proving and augmenting processes in clinical and healthcare settings. A large number of
labels for histopathology images are needed for models to get a good performance. To ad-
dress this issue, we introduce a novel representation learning approach designed to leverage
the hierarchical relationship between organs, which bear coarse-grained labels, and tissues,
which carry fine-grained labels. The coarse-grained labels are easier to get than the fine-
grained labels and there are many publicly available coarse-grained labels for histopathology
images. The proposed few-shot algorithm, requiring only a handful of fine-grained anno-
tated samples, learns representations that enable proficient fine-grained label predictions.
Empirical evaluations conducted across diverse histopathology image datasets demonstrate
the algorithm’s efficacy, with the model exhibiting superior performance in comparison to
established pretraining and self-supervised learning techniques. A theoretical analysis of
the algorithm is also presented. These findings suggest that our approach may provide a
promising avenue for the development of efficient learning models for histopathology im-
ages, even in the presence of limited fine-grained data. We released our reference code in

https://github.com/zhangrenyuuchicago/FACILE.
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1.3 Thesis Organization

This thesis is organized into five chapters, each focusing on a specific aspect of machine
learning in the low-data regime for histopathology images. The chapters are structured as

follows:

Chapter 1: Introduction The first chapter provides an introduction to the research
topic, outlining the motivation, objectives, and research questions addressed in the thesis.
It highlights the significance of machine learning in the context of histopathology image

analysis and sets the foundation for the subsequent chapters.

Chapter 2: Background The second chapter presents a comprehensive background on
the relevant theories, methodologies, and techniques in machine learning for histopathology
image analysis. It reviews the existing literature on low-data regime approaches, active learn-
ing, caption generation, and learning with coarse-grained labels. This chapter establishes
the theoretical framework for the subsequent chapters and provides a solid understanding of

the key concepts.

Chapter 3: Caption Generation Chapter 3 delves into the topic of caption genera-
tion for histopathology images. It explores the different approaches, such as deep learning
models and natural language processing techniques, used to generate informative and accu-
rate captions from histopathology images. The chapter discusses the challenges specific to

histopathology images and presents novel methods and algorithms to address them.

Chapter 4: This chapter discusses the integration of deep learning in computer vision,
focusing on histopathology imaging and the limitations of traditional Euclidean embeddings
for complex hierarchical data. It introduces an innovative approach using hyperbolic spaces

to improve the handling and classification of large-scale histopathology images. The text



highlights the potential of this method to enhance histopathology image analysis by effec-

tively combining different magnifications and details within a hyperbolic framework.

Chapter 5: Learning with Coarse-Grained Labels Chapter 5 focuses on learning
with coarse-grained labels in histopathology image analysis. It investigates the use of easily
accessible coarse-grained annotations, such as organ-level labels, to enhance representation
learning and improve the classification and analysis of histopathology images. The chapter
presents novel methodologies that leverage the hierarchical relationships between organs and

tissues to facilitate learning in the low-data regime.

Chapter 6: Active Learning Chapter 6 explores the use of active learning techniques in
histopathology image analysis. It discusses strategies to intelligently select the most informa-
tive samples for annotation, thereby maximizing the effectiveness of the limited labeled data
available. The chapter investigates the integration of active learning with machine learning
models for histopathology image classification and other tasks, highlighting the benefits and

challenges associated with this approach.

Chapter 7: Conclusion and Future Directions Following the main chapters, the
thesis concludes with a summary of the key findings, contributions, and implications of the
research. It also highlights potential avenues for future research in machine learning for

histopathology image analysis in the low-data regime.

1.4 List of Publications

This dissertation is based on materials from our following conference publications:

e Renyu Zhang, Christopher Weber, Robert Grossman, and Aly A Khan. Evaluating
and interpreting caption prediction for histopathology images. In Machine Learning

for Healthcare Conference (MLHC), pages 418-435. PMLR, 2020b.
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e Renyu Zhang, Aly A Khan, and Robert L Grossman. FEvaluation of hyperbolic at-
tention in histopathology images. In 2020 IEEE 20th International Conference on
Bioinformatics and Bioengineering (BIBE), pages 773-776. IEEE, 2020a.

e Renyu Zhang, Aly A Khan, Robert L Grossman, and Yuxin Chen. Scalable batch-
mode deep Bayesian active learning via equivalence class annealing. In The Eleventh

International Conference on Learning Representations (ICLR), 2023.

e Renyu Zhang, Aly A Khan, Yuxin Chen, and Robert L Grossman. Enhancing Instance-
Level Image Classification with Set-Level Labels. In The Twelfth International Con-

ference on Learning Representations (ICLR), 2024.
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CHAPTER 2
BACKGROUND AND RELATED WORKS

2.1 Histopathology Images

We provide an overview of the processes involved in tissue preparation, staining, and digiti-
zation of histological slides. In the typical workflow at a hospital, tumor excisions or biopsies
are performed in the operating room, and the collected material is then sent to the pathology
lab for analysis.

The initial step in the tissue preparation process involves formalin fixation and embedding
in paraffin. The tissue samples are immersed in formalin to ensure preservation and then
embedded in paraffin blocks. To create thin sections for analysis, a microtome, which is
a precise cutting instrument, is used to cut sections with a thickness of 3 — 5um. These
sections are then mounted on glass slides.

Although the structures of interest in the tissue, such as nuclei and cytoplasm, are not
easily visible on the mounted sections, they can be highlighted through staining. The stan-
dard staining protocol involves the use of hematoxylin and eosin (H&E). Despite being in
use for nearly a century, H&E staining remains the primary diagnostic and prognostic pro-
cedure for most patients. Hematoxylin binds to DNA, resulting in a blue/purple coloration
of the nuclei, while eosin binds to proteins, dyeing other structures such as the cytoplasm
and stroma pink.

By employing the H&E staining technique, pathologists can identify and analyze cellular
structures, aiding in the diagnosis and characterization of tissue samples. It serves as a
fundamental step in histopathology analysis, providing valuable information for medical
professionals.

In addition to tissue preparation and staining, digitization of histological slides has

become increasingly important. The process involves capturing high-resolution images of
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stained slides using digital scanners. This digitization allows for convenient storage, sharing,
and analysis of histopathology images, facilitating remote consultations, research collabora-

tions, and computer-aided diagnostic systems.

2.2 Caption Prediction

Early image caption generation focused on detection [Kulkarni et al., 2013| followed by
template filling. Since the rise of deep learning, most caption generation models have adopted
the encoder-and-decoder paradigm [Vinyals et al., 2015b, Xu et al., 2015]. These methods
typically use non-medical images, such as nature scenes found in ImageNet [Russakovsky
et al., 2015b|. Typically, the encoder is a CNN that extracts features from input images, and
the decoder uses an LSTM [Hochreiter and Schmidhuber, 1997] to generate tokens step by
step. Notably, Xu et al. [2015] incorporated the attention mechanism into the encoder-and-
decoder paradigm by feeding an attention-weighted combination of features to the LSTM.
This approach has proven to be very effective in terms of performance and now defines
the standard baseline caption model. However, the visualization and interpretation of the
attention weight on the input images can be very ambiguous and non-specific. Subsequent
work in this field focused on further exploiting attention, e.g., You et al. [2016] plugged the
attention-weighted features over semantic concepts into hidden states of LSTM and words
generation layers, and Liu et al. [2017a| proposed to use instance segmentation to improve
the correctness of attention.

More closely related to medical imaging, Zhang et al. [2017] was aimed at generating semi-
structured pathology descriptions. In order to gain effective gradient flow for training, they
utilized a predefined subset of descriptions extracted from the reports. They demonstrated
slightly better performance in their experiments compared to a standard baseline caption
model. Jing et al. [2017] also adopted an encoder-and-decoder paradigm for X-ray images

and developed a hierarchical LSTM model to specifically overcome the challenges of long
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paragraphs in clinical reports.

Collectively, these methods all require non-trivial changes to adapt to histopathology
images due to the lack of instance segmentation information in routine imaging data and
robust clinical pathology instance detectors. Furthermore, these methods require rescaling
whole-slide images for implementation, causing loss of high-resolution information about the
sample tissue and morphology and thus, limiting their ability to utilize full-resolution data

for generating salient captions.

2.3 Active Learning

Active learning (AL) [Settles, 2012] characterizes a collection of techniques that efficiently
acquire data for training machine learning models. In the pool-based setting, an active
learner selectively queries the labels of data points from a pool of unlabeled examples and
incurs a certain cost for each label obtained. The goal is to minimize the total cost while
achieving a target level of performance. A common practice for AL is to devise efficient
surrogates, also known as acquisition functions, to assess the effectiveness of unlabeled data
points in the pool. In our study, we designed a novel acquisition function to better suit
Bayesian neural networks and data characteristics, leading to more cost-effective learning.
Additionally, the methodologies reviewed here influenced the design of our data selection
strategies.

There has been a vast body of literature and empirical studies [Huang et al., 2010, Houlsby
et al., 2011, Wang and Ye, 2015, Huang et al., 2016, Sener and Savarese, 2017, Ducoffe and
Precioso, 2018, Ash et al., 2019, Liu et al., 2020, Yan et al., 2020] suggesting a variety of
heuristics as potential acquisition functions for AL. Among these methods, Bayesian Active
Learning by Disagreement (BALD) |Houlsby et al., 2011] has attained notable success in
the context of deep Bayesian AL, while maintaining the expressiveness of Bayesian models

[Gal et al., 2017, Janz et al., 2017, Shen et al., 2017]. Concretely, BALD relies on a most
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informative selection (MIS) strategy—a classical heuristic that dates back to Lindley [1956]—
which greedily queries the data point exhibiting the maximal mutual information with the
model parameters at each iteration. Despite the overwhelming popularity of such heuristics
due to the algorithmic simplicity [MacKay, 1992, Chen et al., 2015¢|, the performance of
these AL algorithms unfortunately is sensitive to the quality of uncertainty estimations of
the underlying model, and it remains an open problem in deep AL to accurately quantify
the model uncertainty, due to limited access to training data and the challenge of posterior

estimation.

Bayesian active learning Batch-mode AL has shown promising performance for practi-
cal AL tasks. Recent works, including both Bayesian [Houlsby et al., 2011, Gal et al., 2017,
Kirsch et al., 2019] and non-Bayesian approaches |Sener and Savarese, 2017, Ash et al., 2019,
Citovsky et al., 2021, Kothawade et al., 2021, Hacohen et al., 2022|, have been enormous
and we hardly do it justice here. We mentioned what we believe is the most relevant in the
following. Among the Bayesian algorithms, Gal et al. [2017] choose a batch of samples with
top acquisition functions. These methods can potentially suffer from choosing similar and
redundant samples inside each batch. Kirsch et al. [2019] extended Houlsby et al. [2011]
and proposed a batch-mode deep Bayesian AL algorithm, namely BatchBALD. Chen and
Krause [2013b] formalized a class of interactive optimization problems as adaptive submod-
ular optimization problems and proved a greedy batch-mode approach to these problems is
near-optimal as compared to the optimal batch selection policy. ELR focuses on a Bayesian
estimate of the reduction in classification error and takes a one-step-look-ahead strategy [Roy
and McCallum, 2001]. Inspired by ELR, WMOCU |Zhao et al., 2021] extends MOCU [Yoon
et al., 2013] with a theoretical guarantee of convergence. However, none of these algorithms

extend to the batch setting.
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Non-Bayesian active learning Among the non-Bayesian approaches, Sener and Savarese
[2017] proposed a CoreSet approach to select a subset of representative points as a batch.
BADGE |Ash et al., 2019] selects samples by using the k-MEANS++ seeding algorithm from
the AL pool, which are the gradient embeddings of DNN’s last layer induced by hallucinated
labels. Contemporary works propose AL algorithms that work for different settings including
text classification [Tan et al., 2021|, domain shift and outlier [Kirsch et al., 2021b], low-budget
regime [Hacohen et al., 2022], very large batches (e.g., 100K or 1M) [Citovsky et al., 2021],

rare classes, and OOD data [Kothawade et al., 2021].

2.4 Few-shot Learning

In recent years, few-shot learning (FSL) has gained popularity as a method for adapting
models to new tasks with limited labeled data [Vinyals et al., 2016, Finn et al., 2017, Wang
and Hebert, 2016, Triantafillou et al., 2017, Snell et al., 2017, Sung et al., 2018, Wang
et al., 2018, Oreshkin et al., 2018, Rusu et al., 2018, Ye et al., 2020, Lee et al., 2019b, Li
et al., 2019|. In traditional supervised learning approaches, a large amount of labeled data
is typically required to learn a robust model. However, in real-world scenarios, obtaining
enough labeled data for each task is frequently difficult or impossible. FSL addresses this by
employing techniques that allow a model to generalize from a few data points to new tasks
and classes not seen during training, simulating a more human-like rapid learning ability.

The categorization of FSL methods is often grouped into three main categories based on
their underlying principles and methodologies: metric learning, model-based Learning, and
optimization-based Learning. Each of these categories utilizes different strategies to tackle
the small sample size problem inherent in FSL.

Metric learning methods focus on learning a similarity function that maps inputs to an
embedding space where the distance between similar items is minimized, and the distance

between dissimilar items is maximized. Siamese Networks [Koch et al., 2015] utilize a twin
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network architecture that learns to differentiate between pairs of inputs, training on whether
pairs are similar or not. Prototypical Networks [Snell et al., 2017] learn a metric space in
which classification can be performed by computing distances to prototype representations
of each class that are the mean of the embedded points belonging to that class. Match-
ing Networks [Vinyals et al., 2016] frame the FSL problem as a weighted nearest neighbor
classification, updated by an attention mechanism over a learned embedding.

Model-based methods attempt to learn a predictive model that can quickly adapt to new
tasks with minimal data. Memory-augmented neural networks [Santoro et al., 2016] incorpo-
rate external memory components to rapidly assimilate new data and make predictions with
them, facilitating fast learning and adaptation. Meta Networks [Munkhdalai and Yu, 2017]
implement meta-learning through fast parameterization and slow learning weights, enabling
quick adaptation to new tasks.

Optimization-based learning methods are designed to optimize the model parameters
effectively for fast learning on new tasks, typically through the initialization of model pa-
rameters that are particularly adaptable. Model-Agnostic Meta-Learning (MAML) [Finn
et al., 2017] optimizes a model’s initial parameters so that a small number of gradient up-
dates will lead to good performance on a new task. Reptile [Nichol and Schulman, 2018| is
a simplification of MAML that performs stochastic gradient descent on a small number of
tasks and moves the initialization towards the weights that perform well on these tasks.

Self-supervised learning has recently emerged as a promising approach for FSL by leverag-
ing unlabeled data to learn useful representations without the need for extensively annotated
datasets [Brown et al., 2020, Lu et al., 2022|. This method is especially valuable in scenarios
where labeled data is scarce or costly to acquire. In the realm of image classification, Gidaris
et al. [2019], Mangla et al. [2020], Su et al. [2020] utilize the pretext tasks of self-supervised
learning as an auxiliary loss to enhance the representation learning of supervised pretraining.

However, the performance of these methods significantly degrades without supervision. An-
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other approach involves unsupervised FSL, where Antoniou and Storkey [2019], Hsu et al.
[2018], Khodadadeh et al. [2019, 2020], Lee et al. [2020], Medina et al. [2020], Qin et al.
[2020], Lu et al. [2022] adapt existing supervised meta-learning methods to unsupervised
versions. Additionally, similar efforts in continual [Gallardo et al., 2021] and open-world
learning [Dhamija et al., 2021] also benefit from self-supervised learning to enhance their
performance.

FSL in medical images is still at its early stage [Yang et al., 2022|. Mahajan et al. [2020]
proposed an FSL method named Meta-DermDiagnosis for skin lesion datasets. Chen et al.
[2021¢| used momentum contrastive learning [He et al., 2020] to train an encoder with a large
and publicly available lung dataset and adopt the prototypical network [Snell et al., 2017]
for classification. Medela et al. [2019] proposed to train VGG16 [Simonyan and Zisserman,
2014] with a non-linear version of triplet loss [Schroff et al., 2015] and fine-tune a SVM to
test on new tasks. Sikaroudi et al. [2020] explored the performance of DNN and triplet loss
[Schroff et al., 2015] in the area of representation learning and applied FSL to two publicly
available datasets: The Cancer Genome Atlas (TCGA) and colorectal cancer (CRC) dataset
[Kather et al., 2016]. Teh and Taylor [2020] showed that features learned from weakly
labeled dataset, i.e., KimiaPath24 [Babaie et al., 2017|, are transferable and allow us to
achieve highly competitive path classification results on CRC dataset [Kather et al., 2016]
and PatchCamelyon (PCam) dataset [Veeling et al., 2018] while using an order of magnitude
less labeled data. Sikaroudi et al. [2020] proposed a benchmark for the few-shot classification
of histology images. Yang et al. [2022] conducted investigations on more settings including

generalized few-shot learning and hetero- /homo-geneous few-shot selection.

2.5 Self-supervised Learning

Self-supervised learning (SSL) has emerged as a promising approach in machine learning,

particularly in the field of computer vision, for learning representations without the need
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for explicit labels. We follow the survey of Uelwer et al. [2023] and categorize SSL methods
into five main groups: pretext task methods, information maximization methods, clustering-
based methods, contrastive learning methods, and teacher-student methods. In our research,
we employ and compare with SSL methods, which have proven effective in previous studies
for histopathology images, to train our few-shot learning model [Yang et al., 2022]. This
choice was influenced by their demonstrated ability to enhance feature discriminability with
minimal labeled data. Furthermore, we integrate insights from the latent augmentation
method [Yang et al., 2022] to improve the robustness and generalizability of our model.

Pretext task methods revolve around the idea of creating a supervised learning scenario
wherein the model is trained to predict artificially created labels. Tasks such as predicting
the rotation of an image [Gidaris et al., 2018|, solving jigsaw puzzles, or reconstructing
images |[Le Cun and Fogelman-Soulié, 1987, Vincent et al., 2010, Rifai et al., 2011, Kingma
and Welling, 2013] are typical examples. These tasks encourage the model to focus on
the inherent structure of the data necessary for performing these tasks, thereby learning
useful features for downstream applications. For instance, the Rotation Network encourages
learning features that are orientation-invariant, useful for tasks where orientation changes
but the semantic content does not.

Information maximization methods aim to learn representations that are invariant to
input transformations while maximizing the information content in the learned features.
Approaches like Barlow Twins [Zbontar et al., 2021] and VICReg [Bardes et al., 2021] work
by reducing redundancy among the features, thus preventing the collapse of representations
(where different inputs might produce the same output features). These methods often em-
ploy statistical constraints such as cross-correlation matrices between different augmented
views of the same image to ensure the learned features are both diverse and rich in informa-
tion.

Clustering-based methods, such as DeepCluster [Caron et al., 2018] and SwAV [Caron
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et al., 2020], utilize unsupervised clustering techniques to group the data into clusters, which
are then used as pseudo-labels for training. This approach not only helps in learning features
that are invariant to input modifications (as the same object in different orientations should
ideally belong to the same cluster) but also aligns closely with how humans categorize objects
in the real world—based on their overall similarity rather than specific labels.

Contrastive learning methods, like SImCLR, [Chen et al., 2020a,b| and MoCo [He et al.,
2020, Chen et al., 2020c, 2021d|, leverage the contrast between similar (positive) and dissim-
ilar (negative) examples to guide the learning process. By pushing apart dissimilar examples
and pulling together similar ones, these methods encourage the model to learn generalizable
features that robustly categorize the data. The effectiveness of these methods often hinges
on the choice of positive and negative samples, the transformation strategies used to generate
these samples, and the architectural details like the use of projection heads.

Teacher-student methods such as BYOL |Grill et al., 2020] and SimSiam |[Chen and
He, 2021] involve pairs of networks where the ’student’ learns to predict the output of the
‘teacher’. This setup is beneficial as it stabilizes the learning process—the teacher gradu-
ally evolves during training, providing a moving target for the student’s predictions, which
prevents overfitting and helps the student explore a richer set of features. Notably, these
methods do not require negative pairs (common in contrastive learning), simplifying training
and reducing the potential for representational collapse.

These SSL methods have shown impressive performance in learning powerful representa-
tions from unlabeled data. They have been successfully applied to various computer vision
tasks, such as image classification, object detection, and semantic segmentation. The ef-
fectiveness of SSL has opened up new possibilities for learning from unannotated data and

reducing the dependency on large labeled datasets.
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CHAPTER 3
CAPTION GENERATION FOR HISTOPATHOLOGY IMAGES

3.1 Motivation

In the past decades, significant advancements in clinical pathology, such as biospecimen fix-
ation, staining, and digital microscopy, have revolutionized the field by enabling the routine
digitization of histopathology slides [Bera et al., 2019]. Histopathological images contain a
wealth of clinical diagnostic information. For instance, in colonic biopsies, they offer insights
into architectural details, including crypt abnormalities and the distribution of inflamma-
tory cells, which provide valuable insights into disease processes. Anatomic pathologists
have developed specialized language and lexicons to effectively communicate these descrip-
tive findings. However, automatically describing the content of histopathology images poses
a grand challenge in machine learning, as it requires the integration of computer vision
and natural language processing disciplines. Accurate machine learning methods capable of
generating and visualizing captions from histopathology images have the potential to revo-
lutionize various applications. Firstly, they can support pathologists by providing caption
prompts and visual cues to facilitate clinical review. Secondly, they can enable image re-
trieval tasks, such as searching for specific labels or descriptions in archival histopathology
slide images. The development of such methods holds tremendous promise for enhancing the
practice of histopathology and expanding its applications in healthcare.

The precise characterization of fine-grained morphological and pathological features that
distinguish various classifications in histopathology traditionally relies on expert visual as-
sessment, necessitating years of training and honing visual skills [Brugnara et al., 1994].
Surprisingly, the application of machine learning techniques for automatically generating
natural language descriptions from histopathology images has received limited attention, and

the availability of benchmark datasets for histopathology caption prediction tasks remains
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inadequate. Motivated by this gap, our study aims to methodically evaluate the feasibility of
generating short, clinically relevant descriptions (captions) from H&E histopathology whole-
slide images using automated methods. Furthermore, we contribute a benchmark dataset
tailored for the machine learning community, promoting advancements in this domain and
encouraging further research in histopathology caption generation.

Deep neural networks have demonstrated remarkable success in various complex tasks
involving histopathology images, such as tissue classification [Bejnordi et al., 2017], disease
outcome prediction [Mobadersany et al., 2018|, and genetic alteration prediction [Coudray
et al., 2018]. These networks can directly learn fine-grained features from raw images in
supervised learning settings. However, applying standard machine learning techniques to
caption prediction in histopathology faces significant challenges. Firstly, histopathology im-
ages often exceed one billion pixels (gigapixel), posing memory limitations for off-the-shelf
deep neural network models. Rescaling high-resolution images to circumvent memory con-
straints can lead to the loss of crucial contextual and spatial information, hindering the
generation of relevant descriptions from whole-slide histopathology images. Secondly, there
is a need for methods to evaluate and visually interpret the generated captions, enabling their
effective adoption in clinical practice. Consequently, the joint task of predicting and inter-
preting captions in the context of gigapixel-sized images presents a technically demanding
problem that is largely unique to the healthcare domain.

We present PathCap, a novel multi-scale view framework designed for histopathology
whole-slide images. PathCap employs a two-step approach, starting with the clustering of
high-resolution tiles extracted from the images. Subsequently, it combines a single low-
resolution thumbnail view of the whole-slide image with randomly sampled tiles from the
high-resolution clusters. Through our experiments, we demonstrate that PathCap effectively
leverages and integrates information from both high-resolution and low-resolution views. To

evaluate our framework, we conducted tests on data obtained from the Genotype-Tissue
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Expression (GTEx) project [Lonsdale et al., 2013]. Additionally, we collaborated with a
pathologist to evaluate our caption predictions, enabling us to identify both the limitations
and opportunities associated with caption prediction from histopathology images. Parts of

this chapter are replicated from Zhang et al. [2020b] with some modifications.

3.2 Methods

3.2.1 QOwverview

The tissue regions within H&E whole-slide images {sz}f\i 1 are tiled into non-overlapping
sections (1000x1000px) {t; };V:l |- Here M is the number of whole-slide images in the dataset.
The N is the number of tiles that contain tissues and are extracted from slide s?. The tissue
region is deduced by selecting tiles with an average grayscale pixel value in the range [0.2,
0.7]. An autoencoder is trained on tissue containing tiles {t; }j\z 1 using both reconstruction

loss and triplet loss. We cluster the tiles {t; };V_Z | extracted from each slide s' based on the

embeddings {eé- };V:Z 1 learned from the autoencoder. For simplicity, we focus our study on
k-means, but other clustering approaches can be used as well. K-means takes a set of vectors
as input, in our case the embedding produced by an autoencoder, and clusters {eé- ;V:Z | into
K distinct groups {C’]i}le based on a Euclidean distance. Thus, if we fix the cluster number
K as b, the tiles from tissue regions in each histopathology image are clustered into 5 groups.

Next, a rescaled thumbnail b and tiles {t};}i{zl sampled from each cluster {C,i}szl of
a slide s’ are fed into our caption generation model (PathCap) during training and testing.
If the cluster number is set to K = 5, five tiles, 1 from each cluster, are sampled randomly.
The thumbnail b’ is used to initialize the LSTM, and tiles {ti }/ | are fed to the LSTM
step by step. Our attention module is based on the sampled tiles. To enable visualization

of the attention across the whole slide image, we can show the attention weights over all

tiles {t2}§:1 from a given cluster {C’,i}szl. We used PyTorch to implement our model
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Vinodababu [2019].

3.2.2  Metric Learning with Triplet Loss

A key step in PathCap involves clustering semantically similar high-resolution tiles from
histopathology whole-slide images. In order to cluster tiles within a whole-slide image, we
sought to learn embeddings for arbitrary image tiles such that similar tiles have similar
embeddings. To accomplish this we used metric learning, which aims to produce a feature
space F with a certain metric structure, where similarity can be captured by some distance
function, typically the Euclidean distance [Ho et al., 2019]. In the context of deep learn-
ing, classic metric learning uses no additional layers. Several variants have been proposed
[Movshovitz-Attias et al., 2017], [Sohn, 2016|, [Hadsell et al., 2006, and [Chopra et al., 2005];
among which triplet loss [Schroff et al., 2015, [Wang et al., 2014], [Bell and Bala, 2015], and
[Weinberger and Saul, 2009] is the most popular. In practice, triplets make the training dif-
ficult by increasing the sample number cubically. Many methods have sought to accelerate
the training [Wang et al., 2014], [Bell and Bala, 2015|, [Schroff et al., 2015], and [Oh Song
et al., 2016].

An autoencoder is trained on all tissue containing tiles {t;} extracted from all slides
{s’}% | in the dataset. An autoencoder is an unsupervised method that generates a small
compressed feature representation or embedding for each input sample. These features can
capture the variance of the whole dataset while exhibiting a small amount of reconstruction
loss. The large amount of tiles extracted from gigapixel histopathology slides makes it
computationally expensive to process all the tiles from a slide within one single pass. Instead,
we randomly sample a limited number of tiles for each slide.

To learn a more robust embedding, in addition to the reconstruction loss, we use triplet
loss. Specifically, during the training of the autoencoder, the data loader returns a set of

triplet (t;, tl ,tf) tiles from each slide s’ t; is the anchor tile. t}; is a positive example of t;
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Figure 3.1: Example tiles used for triplet loss. (a) is the anchor tile showing colonic mu-
cosa, (b) shows predominantly colonic mucosa, and (c¢) shows mostly smooth muscle (from
muscularis propria). (b) and (c¢) correspond to positive and negative samples respectively
for triplet loss.

Figure 3.2: Example clustering visualization. The box color of each tile represents the
cluster membership (K = 5). The tile cluster colors demonstrate that tiles in a cluster are
semantically coherent across and within pieces.
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Here we define positive examples as an adjacent tile. t% is a negative example of té-, which
means tf is not adjacent to t; Tile examples can be seen in Figure. 3.1. The loss is as

follows:

L(t;, t ,t%) = - max(d(eé-, e};) — d(eé, e%) +m,0) + d(té-, D(eé))

E is encoder and D is decoder. 6; =F (t;) d(-,-) represents the distance. m is the margin
and g is the factor for triplet loss. We use mean squared deviation as the distance.

We train the autoencoder with the Adam method |[Kingma and Ba, 2014]. The autoen-
coder is trained for 4 epochs. After the training of the autoencoder is finished, we use the
autoencoder to obtain representations for all the tiles. For each slide, we perform k-means

clustering for all the tiles in the slide. Clustering example is shown in Figure. 3.2.

3.2.83 Neural Network Architecture

Low-resolution thumbnail images are used to initialize the LSTM [Hochreiter and Schmidhu-
ber, 1997]. An attention mechanism on tiles is adopted for each step of generating captions,
following the approach from Ilse et al. [2018]. Overall, PathCap contains three modules
(Figure. 3.3): the thumbnail encoder, tiles encoder, and decoder.

For the thumbnail encoder part, the standard ResNet-18 [He et al., 2016] extracts the fea-
ture vector from a given input image thumbnail b*. The feature vector is linearly transformed
and then used to initialize LSTM.

The tile encoder contains another ResNet-18 to extract representations from tiles {t}'c}é(:l.
Let H' = {hz}gzl be a bag of K representations of K tiles from different clusters {C,i},ﬁf:l

of a slide s*. The attention-weighted representation z! at step ¢ for a slide st is

K
2= Z ocl];hk
k=1
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Figure 3.3: Overall architecture of PathCap. One ResNet-18 is used to extract visual features
from the thumbnail of a histopathology image and pass it to the LSTM. The other ResNet-18
extracts features from randomly sampled tiles from different clusters of the histopathology
image and passes them to the attention module and LSTM step by step.

where:
exp(w! tanh(V[hy, m'])
Zéil exp(wT tanh(V [hg, mt])

t _
Oék—

m! is the hidden state of LSTM at step ¢, and w and V are parameters of two linear layers.
[-,-] is the concatenation operation.

For the decoder part of PathCap, source and target texts are predefined. For example, if
the image description is “2 pieces, 15% vessel stroma, rep delineated", the source sequence
is a list containing [‘<start>’, ‘2’) ‘pieces’, *,’, * 15%’, ‘vessel’, ‘stroma’; ‘rep’, ‘delineated’|
and the target sequence is a list containing [‘2’, ‘pieces’, ‘,’, ¢ 15%’, ‘vessel’, ‘stroma’, ‘rep’,
‘delineated’, ‘<end>’|. Using these source and target sequences and the feature vector, the
LSTM decoder is trained as a language model conditioned on the image feature vector.
Notably, we can use the attention mechanism to extract features from sampled tiles and

visualize the weights when generating each word of a caption for histology images.
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(a) Slide thumbnail (b) Without triplet loss (c) With triplet loss

Figure 3.4: Example tile clustering (K =5) with triplet loss. (a) is the original slide. (b)
and (c) show the tile clustering after we train the autoencoder without and with triplet loss
respectively. The colors of the boxes show the cluster membership.

3.2.4  Data Augmentation and Hyperparameter Settings

Each training slide contained between 10 to 1000 tiles (median 372). During the autoencoder
and PathCap training, we applied several data augmentation strategies similar to Liu et al.
[2017b] to improve model robustness. First, we randomly applied left-right and top-down
flips. Second, we perturbed color: brightness with a maximum delta of 64/255, saturation
with a maximum delta of 0.25, hue with a maximum delta of 0.04, and contrast with a max-
imum delta of 0.75. The Adam optimizer [Kingma and Ba, 2014| and validation data were
used for parameter learning. Both the ResNet-18 for thumbnails and tiles were fine-tuned
with a learning rate of le-4. The decoder’s learning rate was 4e-4. We decay the learning rate
with factor 0.8 if there is no improvement for 8 consecutive epochs, and terminate training

if there is no improvement for 20 consecutive epochs.

3.2.5 Cohort

We downloaded all clinical slides from the Genotype-Tissue Expression (GTEx) portal.l The
GTEx project aims to provide the scientific community with a common resource with which
to study human gene expression and regulation and its relationship to genetic variation.
Notably, the GTEx Portal also provides open access to histopathology imaging data of

donor tissue and histopathology notes describing the tissue sample quality. An example can

1. http://gtexportal..org/home/histologyPage
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be seen in Figure. 3.5.

Figure 3.5: Example slide and caption from GTEx sample GTEX-131XE-0826: 6 pieces; 4
pieces have full thickness elements with well preserved mucosa; 2 have no mucosa (in this
section,).

After selecting slides with captions and removing slides with sparse tissue content, we cu-
rated 9727 slide-caption pairs spanning 41 different tissue types. These pairs were randomly
split into 7795 training, 948 validation, and 984 sized testing sets.

For the imaging data, we did not use any preprocessing methods on the whole-slide
images. All histopathology slide images were subjected to digital tissue segmentation and
segmented regions were clipped into non-overlapping 1000x1000px sized sections at 20x mag-
nification. We removed tiles with an intensity greater than 0.70 or less than 0.2 to remove
the background. For the caption data, all the captions were converted to lowercase. Tokens
with less than 5 frequency were removed from the captions, resulting in 971 tokens that

cover 95.06% word occurrences in the dataset.
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3.3 Results on Real Data

3.3.1 Results on Caption Generation

We first compared PathCap to a baseline model, which only takes low-resolution thumbnails
as input and uses the Xu et al. [2015] approach in Table 3.1. For each step generating words,
the model follows an attention mechanism and gives a weight for the spatial features extracted
from thumbnails by ResNet-18 [He et al., 2016|. We used the Microsoft COCO [Chen et al.,
2015a] tool to quantitatively compare the performance of models with different inputs. Here
we used beam size = 1 and metrics including BLEU (columns labeled B-1, B-2, B-3, and
B-4) [Papineni et al., 2002], Meteor [Denkowski and Lavie, 2014], Rouge-L [Lin, 2004] and
CIDEr Vedantam et al. [2015]. We also examined a version of PathCap that only used tiles
and without access to a thumbnail view, and found that using tiles alone performed slightly
better than the baseline model. Taken together, PathCap, which combines information from
high-resolution tile and low-resolution thumbnail views performed the best. All the metrics
of PathCap are averaged over 20 rounds of testing.

Table 3.1: Performance on test set

Method B-1 B-2 B-3 B-4 METEOR ROUGE L CIDEr
Baseline | 0.3822 0.2833 0.1996  0.1377 0.1958 0.4282 0.8936
PathCap | 0.4046 0.2986 0.2114 0.1455 0.2059 0.4290 0.9038
Tiles-only | 0.3944  0.2905 0.2040  0.1383 0.2032 0.4312 0.9003

3.3.2  Results on Metric Learning

In order to demonstrate the superiority of triplet loss on tile embeddings, we trained two
autoencoders. One autoencoder was trained only with reconstruction (mean squared error,
MSE) loss. The other autoencoder was trained with reconstruction loss and triplet loss.
The encoder part of the autoencoder was composed of two convolutional layers and two

maxpooling layers. The output of the encoder (embedding) is of length 460. The decoder
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part contained three convolutional layers. The p was set to 0.1, and the margin 0.001. We
trained two separate PathCap models with the clusters using the representations from each
of the two different autoencoders.

We observed that the two different autoencoders produced qualitatively different tile
clusterings (Figure. 3.4). Next, we used the Microsoft COCO [Chen et al., 2015a] tool again
to quantitatively compare the performance of models with different metrics, including BLEU
[Papineni et al., 2002], Meteor [Denkowski and Lavie, 2014], Rouge-L [Lin, 2004] and CIDEr
[Vedantam et al., 2015]. Table 3.2 shows the performance of our models when we used
different metric learning methods for clustering. As above, B-1, B-2, etc. refer to the BLEU
score. Overall, we demonstrate both a qualitative improvement in tile-level clustering and a

quantitative improvement in caption generation using metric learning.

Table 3.2: Influence of triplet loss

Loss B-1 B-2 B-3 B-4 METEOR ROUGE_ L CIDEr
MSE only 0.3944 0.2878 0.2011 0.1381 0.2005 0.4219 0.8703
MSE & triplet loss | 0.4046 0.2986 0.2114 0.1455 0.2059 0.4290 0.9038

3.3.3  Results on Clustering

In order to explore the influence of cluster number K, we trained models with K from
2 to 5. An autoencoder was trained with reconstruction loss and triplet loss to generate
embeddings for tiles extracted from each slide. After training the autoencoders, we generated
representations for all tiles and performed k-means clustering using K from 2 to 5. In order
to generate confidence intervals, we repeated this process 20 rounds.

For each PathCap trained model for each K, we evaluated our prediction on the testing
dataset over 20 rounds. The average metrics over 20 rounds are reported in Table 3.3. The
corresponding 95% confidence interval (CI) for each metric when cluster number = 3 are
B-1]0.3981,0.4111], B-2 [0.2938,0.3035], B-3 [0.2067,0.2162|, B-4 [0.1406,0.1504|, METEOR

[0.2018,0.2100], ROUGE L [0.4232,0.4348| and CIDEr [0.8598,0.9478]. Overall, our analysis
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suggests that PathCap is robust to cluster size changes, and demonstrates stable metrics
across K from 2 to 5.

Table 3.3: Performance of PathCap with different cluster number (K)

K = B-1 B-2 B-3 B-4 METEOR ROUGE L CIDEr
2 0.3797 0.2814 0.1976  0.1334 0.1973 0.4249 0.8627
3 0.4046 0.2986 0.2114 0.1455 0.2059 0.4290 0.9038
4 0.3887  0.2863  0.2003  0.1355 0.1990 0.4280 0.8989
) 0.3885 0.2909 0.2084  0.1447 0.2015 0.4367 0.9621

3.3.4  Results on Visualization

PathCap has the advantage of visualizing the caption prediction based on the attention
weight given to tiles from a cluster. As a reference, visualization using the standard baseline
model [Xu et al., 2015] is depicted in Figure. 3.6. The visualization and interpretation of
the attention weight on the whole-slide images can be very ambiguous and non-specific.

In contrast, with PathCap, an attention mechanism over tile features is deployed for our
models. These tiles are sampled from different clusters. The clustering of tiles based on the
embeddings learned using triplet loss underlies the potential of better separating the whole
slides by small tiles. After the model is trained, weights on different clusters can be shown
on the whole slide in the test dataset when the model predicts each word. We observe the
model attends at word-level to both the inner parts of the tissue or texture and also the
boundaries, depending on the caption context. Examples are shown in the Table 3.4.

Expert evaluation of the examples demonstrates broadly coherent and interpretable re-
sults. In the liver example, the predicted caption and visualization are appropriate for
macrovesicular steatosis. Next, for the Esophagus example, the use of the phrase “good
specimens” in the prediction is highly subjective and likely an atypical way to annotate
specimens. However, the detection of muscularis propria provides improved context relative

to the reference caption. For the skin example, the prediction of “5% dermal fat" is appropri-
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(a) Thumbnail for GTEx-15CHR-0625  (b) Attention weight for word “myometrium”

(¢) Thumbnail for GTEx-Y314-0925 (d) Attention weight for word “muscularis”

Figure 3.6: Example of visualizing caption tokens with a standard baseline model [Xu et al.,
2015]. (a) and (c) are the input thumbnails to the model. (b) and (d) show the attention
weights when the model generates the “myometrium" and “muscularis" tokens respectively.
White/bright indicates more attention weight, black/dark indicates less attention weight.

ate, however, the tile clusters visualized for the “fat" token are instead squamous epithelium.
Finally, for the colon example, the predicted caption and visualization are correct in that the
full thickness section contains about 1 mm thickness of colon, but it is mostly an irrelevant
measure. Notably, the caption neglected to capture autolytic properties from the autopsy

material.

3.4 Discussion

In this work, we present and examine the complex task of generating short, clinically rel-

evant captions from gigapixel whole-slide histopathology images. We show that clustering
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Table 3.4: Visualization of the PathCap method on four test slides from four different tis-
sues. The last column shows some examples of attention weights when the model generates
the corresponding tokens. White/bright indicates more attention weight, and black/dark

indicates less attention weight.

Slide PathCap Prediction Reference Example
4 2 pieces, diffuse | 2 pieces; includes a
Liver macrovesicular steato- | portion of the capsule
o GTEx  sample sis involves 70 % of | ( target is 1 cm below | “macrovesicular"

ID: 13FLV-0326

parenchyma

capsule ), mild steato-
sis, passive congestion,
focal portal chronic in-
flammation

Y ‘

Esophagusb

b. GTEx sample
ID: 13FTW-1926

6 pieces , up to <unk>
; all muscularis , good
specimens

6 pieces ; well trimmed

've
s/

Skin®

c. GTEx sample
ID: 13NYS-0126

6 pieces ; well trimmed
: 5 % dermal fat

6 pieces ; <unk> epi-
dermis ( <unk> ) |
solar elastosis ; well
trimmed , 10 % dermal
fat

d. GTEx sample
ID: 1303P-2326

6 pieces , mucosa up to
Imm , <unk> % thick-
ness

6 pieces ; mucosa au-
tolyzed ; muscularis
preserved

“mucosa
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tiles based on the embeddings learned using triplet loss allows for coherent segmentation
of whole-slide images and results in improved visualization of attention. Thus, our specific
technical contribution of clustering tiles within histopathology images in order to facili-
tate downstream tasks, such as caption generation and interpretation, suggests a promising
strategy for other machine learning tasks in digital pathology. Finally, we demonstrate the
relative effectiveness of PathCap compared to a standard baseline caption prediction ap-
proach and propose the GTEx dataset as a novel benchmark for future caption prediction

and interpretation methods.

Limitations We note some important limitations in our work. First, while PathCap
achieves better performance over the standard baseline caption prediction method, there
is significant room for improvement. Our results confirm that caption generation from
histopathology images is a unique and technically challenging problem. Future work in
caption prediction could benefit from considering this specific problem setting. Second, we
trained and tested our model only on the GTEx data. Due to limitations in publicly avail-
able paired caption and histology images, we were unable to evaluate domain adaptation or
consider other imaging datasets. Future work should consider evaluating PathCap generated
captions on additional datasets as they become available. Third, our captions are short de-
scriptions relating to specimen quality from GTEx (e.g., sample composition). We did not
test our model on text from large reports or clinical notes. We hypothesize that integration
of a hierarchical LSTM model, such as one proposed by Jing et al. [2017], may be useful for

these scenarios.
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CHAPTER 4
HYPERBOLIC ATTENTION MODEL FOR HISTOPATHOLOGY
IMAGES

4.1 Motivation

In the field of computer vision, deep learning methods have made significant strides over
the past decade, achieving remarkable performance in image classification and image re-
trieval tasks. Deep neural networks have demonstrated their ability to learn intricate fea-
tures directly from various biomedical imaging modalities, including X-ray, CT, MRI, and
histopathology images, and have been successfully applied to complex tasks like disease
prediction and outcome analysis |Litjens et al., 2017, Shen et al., 2017|. These networks typ-
ically employ a sequence of convolutional transformations to encode images into embeddings
within Euclidean space. However, emerging evidence suggests that certain types of data,
particularly those exhibiting hierarchical or multi-scale structures, may not be efficiently
represented in Euclidean space [Nickel and Kiela, 2017, Ganea et al., 2018a, Gulcehre et al.,
2018, Chami et al., 2019]. Therefore, there is a growing interest in exploring alternative
spaces, such as hyperbolic geometry, to more effectively capture and model the intrinsic
properties of such data.

Simultaneously, medical images, such as histopathology images, often pose challenges
due to their large size, surpassing the capacity of most modern GPUs and off-the-shelf deep
learning models. Consequently, various approaches have been adopted to handle this issue,
including image rescaling to lower resolutions or segmenting images into smaller tiles that
fit into GPU memory. However, these solutions present trade-offs. Rescaling images can
lead to distortion and the loss of crucial image details, while image segmentation into tiles,
although high-resolution, may sacrifice contextual and spatial information. In this context,

a compelling question arises: Is there a middle ground where we can integrate differently
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Figure 4.1: Example digital hematoxylin and eosin (H&E) stained histopathology slide image
with differently scaled views and the relative hierarchy.

scaled versions of an image to harness both lower-resolution contextual information and
higher-resolution detailed views?

Histopathology images exhibit a hierarchical or multi-scale structure, as they can be
examined at various magnifications or scales. Surprisingly, the exploration of robust ap-
proaches to effectively utilize multi-scaled views in histopathology images remains limited.
In this study, we introduce and evaluate a straightforward hyperbolic modification to exist-
ing deep learning architectures, enabling the integration of information from different scales
Figure. 4.1.

Hyperbolic space, although diffeomorphic to standard FEuclidean space, possesses a con-
stant negative sectional curvature. The Poincaré ball model serves as a valuable representa-
tion of hyperbolic space, wherein the distance from the origin to the boundary exponentially
increases. This property renders Poincaré embeddings akin to continuous analogs of trees
[Nickel and Kiela, 2017]. Consequently, they offer a suitable framework for learning em-
beddings that capture natural hierarchies, such as different magnifications of image sections

|Ganea et al., 2018a]. Our approach draws inspiration from recent advancements that lever-
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age Poincaré embeddings to model hierarchical structures [Gulcehre et al., 2018, Chami et al.,
2019, Khrulkov et al., 2020].

We propose a hyperbolic counterpart to the standard attention-based models commonly
utilized in medical imaging. Through empirical examples, we demonstrate that leveraging
hyperbolic spaces can potentially enhance the performance of tissue classification tasks in
H&E images. Our contributions encompass the following: (1) an extension of previous
research in computer vision |[Khrulkov et al., 2020] by introducing a novel formulation of
hyperbolic attention; (2) compelling evidence showcasing the potential benefits of modeling
multi-scale views of H&E images using hyperbolic spaces. Finally, we conclude the paper
by discussing current challenges and illuminating future opportunities. Parts of this chapter

are replicated from Zhang et al. [2020a] with some modifications.

4.2 Method

We introduce a hyperbolic generalization to traditional CNN architectures in order to extract
visual features from different scales and perform operations in hyperbolic space. Briefly, a
traditional CNN, such as ResNet18 He et al. [2016], can be used to generate feature represen-
tations of tiles extracted from whole-slide H&E images. Next, we define a bijective mapping
of the generated features to hyperbolic space. We then define linear, multinomial regression
and attention layers operating in hyperbolic space. We note the attention layer operates in
hyperbolic space and computes a slide-level representation. Finally, we define classification
using a multinomial regression layer. We derive and present our formal definitions in the
following subsections and adopt notations from Ganea et al. [2018b] and Khrulkov et al.

[2019]. We denote the resulting model as a hyperbolic-attention model.
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4.2.1 Poincaré Ball Model

The Poincaré model (D", ¢P) is defined by the manifold D" = {z € R™ : |z|| < 1}
equipped with Riemannian metric g? = )\%gE where A\, = I_H%”Q g¢ = 1, is the
Euclidean metric tensor. To make use of the Poincaré ball of radius ¢ > 0, we denote
D? = {z e R": le|lz||? < 1}. If ¢ = 0, D} = R™ If ¢ > 0, it is a open ball with radius

1/

4.2.2  Modbius Addition

For a pair of x,y € D!, the Mobius addition is defined as follows

(1+2e(x,y) +cllyl*) x + (L = c|x]*) y

X P =
Y 1+ 2c(x,y) + 2|x| 2]y

(4.1)

With ¢ = 0 we can obtain the Euclidean distance of two vectors in R".

4.2.3  Ezxponential and Logarithmic Maps

In order to do operations in hyperbolic space, bijective maps are defined to map from R to

D7. The exponential map exp§ is a function from R to D

expl (V) = X B¢ (tanh (ﬁAigv”) ﬁlvlvll) (4.2)

The inverse map is defined as

2 —X By
10 ¢ = —— arctanh cl|l—x &P —_— 43

In practice, we use the maps expf and logj for transition between the Euclidean and

Poincar e ball representations of a vector.
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4.2.4  Hyperbolic Linear Layer

Similar to Khrulkov et al. [2019], we define a hyperbolic linear layer a map from D¢ to D2,
For input x € D! to this layer and a trainable matric M of size ny x nq, if Mx # 0, the

output of this layer is

CX':L an Marcan cl|x Mx
() =zt (1 5 anctannvapel ) 1 (1.4)

otherwise M¢(x) := 0. For a bias verctor b € D2, the corresponding linear layer is M¢(x) @,

b.

4.2.5  Klein Model

In order to define the hyperbolic attention model, we will make use of the Klein model and
hyperbolic averaging. Similar to Poincaré model, it is defined in K" = {x € R" : ||x|| < 1}.
Let x2 and xX denote the coordinates of the same point in the Poincaré and Klein models.

We use the following formulas to map from each other.

K
xD = x (4.5)

11 XK

K 2XD

= —1+CHXDH2 (4.6)

4.2.6  Hyperbolic Attention

Given a set of V]ZD € D", the corresponding coordinates in Klein model are V]ZK, we define the

attention weights «; as follows.

a; = (v7) (4.7)
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The function f(-) is a hyperbolic neural network followed by softmax or sigmoid. The outputs

mX for the hyperbolic attention module are as follows.

(67381 (V}ZK> V]iK

¥ ({a} {vF}) =20 (45)
T 20 (Vl )
where the ~ (VZK> are the Lorentz factors,
1
7 (vE) = ; (4.9)
1—c ‘ V]Z.K

After we get the hyperbolic attention output m]ZD of the Klein model, we can map it to the

Poincaré model.

4.2.7T  Multiclass Logistic Regression

The resulting formula for hyperbolic multiclass logistic regression for K classes is written

below; here py € DY and aj, € Tp, D?\{0} are learnable parameters.

2§ |la 2 _
p(y = k|x) < exp M arcsinh Ve =Pk S X;ak> (4.10)
ve (1 - cll=pr @cxI?) llay
4.3 Results

We compare the performance of our hyperbolic-attention model with a baseline model and
the Deep MIL attention-based model on simple tissue classification tasks using two well-
known public datasets. We provide a thorough description of each experiment in the following

subsections.
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4.3.1 Camelyonl6

The Camelyonl6 challenge Litjens et al. [2018] was organized by the IEEE International
Symposium on Biomedical Imaging. It evaluated various machine learning models to detect
cancer metastasis. There are 159 slides with normal tissue class labels and 111 slides with
tumor tissue class labels in the training set. The test data set contains 80 slides with normal
tissue and 50 slides with tumor tissue. In this work, we evaluate our model on classifications
based on slide-level annotations. We perform minimal data pre-processing. Tile sizes of
500x500 pixels (500px) and 1000x1000 pixels (1000px) are extracted without overlap, and
2000x2000 pixels (2000px) tiles are extracted with step size 1000. In order to filter out non-
tissue containing or background tiles, we only keep those tiles with average intensity less
than 0.85 and greater than 0.2.

We implemented a baseline approach similar to Coudray et al. [2018]. We used ResNet18
He et al. [2016] pretrained on ImageNet Russakovsky et al. [2015a]. We fine-tuned the model
by updating all layers to classify tiles extracted from H&E slides. Tiles of different sizes were
re-scaled to the default ResNet18 input layer size and generated embeddings of length 10.
We labeled all tiles with the same label as the slide from which they were extracted. During
validation or testing, the model aggregated all the tile predictions of a slide by taking the
average and using this average as a slide-level prediction.

We implemented the Deep MIL attention-model by randomly sampling 5 tiles as input for
each slide. We used ResNet18 pretrained on ImageNet as a feature extractor. We again fine-
tuned the model by updating all layers to classify tiles extracted from H&E slides. Similarly,
tiles of different sizes were re-scaled to the default ResNet18 input layer size and generated
embeddings of length 10. We performed test-time augmentation for each slide in the test
data set, where the model generated a prediction for each test slide 10 times and randomly
sampled 5 tiles each time. We calculated the average of all the 10 predictions as the final

output.
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We sought to compare performance between the baseline model and the Deep MIL
attention-based model using tiles from a single fixed scale view. We independently eval-
uated performance on 3 different scales (Table I). The models were tested in a 5-fold cross-
validation manner. We choose 4 folds as training and 1 fold as a validation data set for each
assignment. We trained the models 4 times for each assignment. Both models were trained
with the Adam optimization method with learning rate=1e-4, g1 = 0.9, S = 0.999, and
e=1e-8. To ensure numerical stability, clipping by norm, similar to Khrulkov et al. [2019], is
performed. For all the 20 checkpoints of each model, we tested the performance on the test
dataset and the mean AUC and confidence interval (CI) are reported in Table 4.1. We can
see that for the baseline model, the best tile size is 1000. Deep MIL performs similarly for

the 3 scales and demonstrates it is always better than the baseline model.

Table 4.1: Performance of single scale models

Scale Baseline model Deep MIL

Mean AUC | CI(0.95) | Mean AUC | CI(0.95)
500px 0.569 [0.474,0.663] 0.619 [0.524,0.714]
1000px 0.597 [0.467,0.726] 0.602 [0.505,0.700]
2000px 0.583 [0.460,0.706] 0.613 [0.540,0.687]

Next, we sought to compare the performance between the Deep MIL attention-model
and our hyperbolic attention model in a multi-scale setting. We combined and used 15
tiles, 5 tiles from each of the previous 3 scales, to train and evaluate slide-level classification
accuracy. We also examined the effect of different embedding lengths, by setting lengths
to 5, 10, and 100. The results are reported in Table 4.2. By combining tiles from different
scales, the Deep MIL model does not outperform a single scale. However, the hyperbolic
attention model is better than Deep MIL when using multi-scale views. This suggests that

our hyperbolic attention model can learn better multi-scale embeddings.
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Table 4.2: Performance of multiple scale models

Embed Deep MIL Hyperbolic attention
size | Mean AUC | CI(0.95) | Mean AUC | CI(0.95)
D 0.602 [0.513,0.690] 0.623 [0.536,0.710]
10 0.606 [0.519,0.693] 0.615 [0.537,0.692]
100 0.592 [0.491,0.694] 0.637 [0.574,0.700]
432 TCGA

We consider a second general tissue classification task involving normal and lung cancer
subtypes (LUAD and LUSC) as presented in Coudray et al. [2018]. We downloaded H&E
lung slides from the TCGA Genomic Data Commons Grossman et al. [2016]. There were
811 LUAD slides, 745 LUSC slides, and 585 adjacent normal slides. We processed all tiles
in the same way as we did for the Camelyonl6 data set.

We evaluated our model with the baseline model and the Deep MIL model on the lung
classification task. All slides were again split into 5-fold and we tested all models on the
lung data set in a 5-fold cross-validation manner. The models were trained 4 times with the
same settings as with the Camelyon16 dataset. The mean Macro-average AUC and CI(0.95)
of 20 checkpoints are reported in Table 4.3 and Table 4.4.

Table IIT shows the performance of baseline models and Deep MIL models trained on 3

different scales. We find that the Deep MIL models produce slightly better results.

Table 4.3: Performance of single scale models

Scale Baseline model Deep MIL

Mean AUC | CI(0.95) | Mean AUC | CI(0.95)
500px 0.969 [0.954,0.985] 0.973 [0.957,0.989]
1000px 0.971 [0.955,0.986] 0.972 [0.954,0.990]
2000px 0.966 [0.945,0.987] 0.967 [0.949,0.985]

Table 4.4 shows the performance of Deep MIL and our hyperbolic attention model when
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we combine tiles from 3 scales. Note that in this example, single-scale and multiple-scale Deep
MIL produce comparable results. Our model’s performance is better when the embedding

size is 5 or 10. When the embedding size is 100, the performances of the two models are

comparable.

better multi-scale embeddings.

Overall, this again suggests that our hyperbolic attention model can learn

Table 4.4: Performance of multiple scale models

Embed Deep MIL Hyperbolic attention
size | Mean AUC | CI(0.95) | Mean AUC | CI(0.95)
5 0.967 [0.952,0.983] 0.971 [0.958,0.985]
10 0.970 [0.948,0.992] 0.974 [0.961,0.988]
100 0.973 [0.958,0.988] 0.972 [0.958,0.986]

4.4 Discussion and conclusion

In this paper, we develop a hyperbolic-attention model using a Poincaré ball and Klein
model to classify histopathology slide images. Our results suggest that our hyperbolic atten-
tion model can efficiently learn multi-scale embeddings. However, we note some important
limitations in our work and plan to explore these in future work. First, while our hyperbolic-
attention model achieves better performance over the standard baseline and the Deep MIL
model, there is still room for improvement, especially when the slide number is limited. Sec-
ond, we did not explore an integrative interpretation of hyperbolic space geometry and the
use of attention to identify salient structures and scales that are associated with improved
model performance. Third, while we evaluated our model on two independent datasets, we
think future work should also examine additional datasets and data types, such as X-ray

images.
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CHAPTER 5
ENHANCING INSTANCE-LEVEL IMAGE CLASSIFICATION
WITH SET-LEVEL LABELS

5.1 Motivation

A large amount of labeled data from the source domain is typically required in traditional
machine learning approaches, e.g., few-shot learning (FSL) and transfer learning (TL), to
learn a robust model. However, procuring sufficient labeled data for each task is often
challenging or infeasible in real-world scenarios. In this paper, we consider a novel problem
setting where similar to FSL, we have a limited number of fine-grained labels in the target
domain. In the source domain, though, we have a large amount of coarse-grained set-level
labels, which are easier to obtain and relevant to fine-grained labels. For example, in a
digital library, there are coarse-grained set-level labels indicating the general content of
photo albums, such as “beach vacation”, “nature landscapes”, or “picnic”. However, within
each of these albums, there are numerous individual images, each with its own unique details
and characteristics that are not explicitly labeled. In the downstream task, for instance, we
care about the object classification such as “tree”; “beach”, or “mountain”. Similarly, in the
medical domain, it is often useful to predict fine-grained labels of tissues, while only set-level
annotations of histopathology slides are available for training at scale. We seek to enhance
the downstream classification tasks with the coarse-grained set-level labels.

An effective approach to addressing the overreliance on abundant training data is FSL—a
paradigm that has gained significant attention in recent years [Vinyals et al., 2016, Wang
and Hebert, 2016, Triantafillou et al., 2017, Finn et al., 2017, Snell et al., 2017, Sung et al.,
2018, Wang et al., 2018, Oreshkin et al., 2018, Rusu et al., 2018, Ye et al., 2018, Lee et al.,
2019b, Li et al., 2019]. FSL pretrains a model that can quickly adapt to new tasks using only

a few labeled examples. Recent studies [Chen et al., 2019, Tian et al., 2020b, Shakeri et al.,
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2022, Yang et al., 2022| have shown that pretraining, coupled with fine-tuning on a new task,
outperforms more sophisticated episodic training methods. This involves initially training a
base model on a diverse set of tasks using abundant labeled data from a source domain, and
subsequently fine-tuning the model using only a small number of labeled examples specific to
the target task. Despite their promising performance, existing FSL models typically depend
on finely labeled source data for predicting fine-grained labels.

As an illustrative example, we consider histopathology image classification where ac-
quiring a substantial number of fine-grained labels for individual patches (e.g., tissue labels
shown in the lower row of Figure. 5.1a) is challenging. Conversely, a wealth of coarse-grained
labels (e.g. the site of origin of the tumors associated with whole slide images (WSIs) from
TCGA shown on the left-hand side of the upper row of Figure. 5.1a) are easily available.
This motivates us to leverage these abundant and cost-efficient coarse-grained labels and hi-
erarchical relationships, such as between organs and tissues (as depicted in Figure. 5.1b), to
enhance representation learning. Tissues consist of cellular assemblies with shared function-
alities, while organs are comprised of multiple tissues. This hierarchical relationship serves
as a conceptual foundation for our representation learning and provides significant contex-
tual information for facilitating representation learning. By using coarse-grained information
within this hierarchy, our goal is to learn efficiently fine-grained tissue representations within
WSIs. Another example is shown in the upper row of Figure. 5.1a. We emulate a program-
matic labeler that uses heuristics such as keywords, regular expressions, or knowledge bases
to solicit sets of images. The coarse-grained labels, e.g., the most frequent superclass of im-
ages in the set, can be used to facilitate representation learning for downstream tasks such
as instance-level image classification.

In this chapter, we introduce Fine-grAined representation learning from Coarse-gralned
LabEls (FACILE), a novel generic representation learning framework that uses easily acces-

sible coarse-grained annotations to quickly adapt to new fine-grained tasks. Distinct from
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Figure 5.1: (a) A collection of image sets sampled from CIFAR-100 are in the upper row.
The coarse-grained label of a set is the most frequent superclass of images inside the set. WSI
examples from TCGA and patches from NCT dataset are in the lower row. (b) Hierarchy of
coarse- and fine-grained labels for histopathology images.

existing practices in FSL and TL, our approach utilizes coarse-grained labels in the source
domain. This sets our methodology apart from conventional FSL and TL techniques, which
typically rely on meticulously labeled source data to train models. Parts of this chapter are
replicated from Zhang et al. [2023a] with some modifications.

We provide an initial theoretical analysis to motivate the empirical success of FACILE
and examine the convergence rate for the excess risk of downstream tasks under a novel
Lipschitzness condition on the loss function concerning the fine-grained labels. Our study
reveals that the availability of coarse-grained labels can lead to a substantial acceleration in
the excess risk rate for fine-grained label prediction tasks, achieving a fast rate of O(1/n),
where n represents the number of fine-grained data points. This analysis highlights the
significant potential for leveraging coarse-grained labels to enhance the learning process in
fine-grained label prediction tasks.

In our experiments, we thoroughly investigate the effectiveness of FACILE through a
series of extensive experiments on natural image datasets and histopathology image datasets.
For natural image datasets, we sample input sets from training data from CIFAR-100 and
use the unique superclass number and most frequent superclass as coarse-grained labels. The

generated datasets are used to evaluate different models. We also evaluate models by fine-
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tuning the fully connected layer appended to ViT-B/16 [Dosovitskiy et al., 2020| of CLIP
[Radford et al., 2021] in an anomaly detection dataset based on CUB200 [He and Peng, 2019].
For histopathology applications, we leverage two large datasets with coarse-grained labels to
pretrain our models. Subsequently, we evaluate the performance of these trained models on
a diverse collection of histopathology datasets. Our algorithm achieves strong performance
on 4 downstream datasets. Notably, when tested on LC25000 [Borkowski et al., 2021], our
model achieves roughly 90% average ACC with 1,000 randomly sampled tasks which only
have 5 fine-grained labeled data points for each of the 5 classes, outperforms the strongest
baseline by roughly 13% with logistic regression fine-grained classifier. We further evaluate
various models by fine-tuning the fully connected layer appended to ViT-B/14 [Dosovitskiy
et al., 2020] of DINO V2 [Oquab et al., 2023]. These models can leverage the capability of
“foundation” models and enhance the model performance on target tasks. Our experiments
provide compelling evidence of the efficacy and generalizability of FACILE across various

datasets, highlighting its potential as a robust representation learning framework.

5.2 Fine-Grained Representation Learning from Coarse-Grained

Labels

Notations Our model pretrains on a collection of samples, denoted by {(s;,w;)}i" ;. Each
s; is a set of instances {xj}?zl, where a is the set size that can very. {w;} are the coarse-
grained labels. The space of all instances is X and the space of all instance labels, which
we call fine-grained labels, is J. The space of pretraining data is & x W, where § =
{{z1,...,wa} 1 zj € XforVj € [a]}. We receive (X,Y) from product space X x Y and
corresponding (S, W) from product space S x W. The goal is to predict the strong labels
y €)Y from the instance features x €X'. The model could benefit from the information on

the coarse-grained labels.
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Figure 5.2: Schema of the FACILE model. The dotted lines represent the flow of fine-grained
data, and the solid lines denote the flow of coarse-grained labels.

5.2.1 The FACILE Algorithm

We study the model in a FSL setting where we have three datasets: (1) pretraining coarse-
grained datasets Dy = {(sj,w;) }i%, sampled iid. from Pgy (2) fine-grained support
dataset Dflg = {(z4,y;)}j=, sampled iid., from Pxy, and (3) query set DY, The
support set Dflg contains c¢ classes and k samples x in each class (i.e., n = kc¢). We assume
a latent space Z for embedding Z. We define instance feature maps &€ = {e : X — Z},
set-input functions G = {g : M — W} where M = {{z1,..., 2} : z; € Zforj € [a]},
and fine-grained label predictors F = {f : Z — Y}. The corresponding set-input feature
map of an instance feature map e is defined as ¢¢ : § — M. We assume the class of f is
parameterized and identify f with parameter vectors for theoretical analysis. We then learn
feature map e, fine-grained label predictor f, and predict fine-grained label with f oe. The
schema of our model is illustrated in Figure. 5.2.

We assume two loss functions: ¢%8 : Y x Y — R for fine-grained label prediction and
(°8 . W x W — R for coarse-grained label prediction. (8 measures the loss of the fine-
grained label predictor. We assume this loss is differentiable in its first argument. ¢¢8
measures the loss of pretraining with coarse-grained labels. For theoretical analysis, we are

interested in two particular cases of £°8: i) (°8(w,w') = 1 {w # w'} where W is a categorical
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Algorithm 1 FACILE algorithm

Input: loss functions ¢, ¢°¢, predictors &, G, F, datasets Do and Dflg
obtain feature map é « A((¢, Dy, E)

create dataset fo;’aug ={(2;,yi) : zi = é(x;), (z;,vy;) € Dflg}?zl

obtain fine-grained label predictor foé, where f + A(f8, D%’a“g, F)
Return: foé

space; and ii) (°8(w,w’) = ||w — w'|| (for some norm |[|-| on W) where W is a continuous
space. We can also measure the loss of a feature map e by £c8 = (°8(ge o ¢°(s), w), where
ge € argmin, EPSWECg(g o ¢¢(S), W). We assume there is an unknown “good” embedding
M = ¢0(S) € M, by which a set-input function ge, can determine W, i.e., geo(M) =
Geg © 9°0(S) = W. The strict assumption of equality can be relaxed by incorporating an
additive error term into our risk bounds of ge, o ¢0.

Our primary goal is to learn an instance label predictor or fine-grained label predictor

f o é that achieves low risk Ep, [f8(f 0 é(X),Y)] and we can bound the excess risk:
Epyy [(5(f 0 6(X),Y) = £8(f* 0 e*(X),Y)] (5.1)

where e* € argmin,cg Epswagg(s, W) and f* € argmingsc r Epxy [fe(f o e*(X),Y)].

The pseudocode for FACILE is provided in algorithm 1, and we further illustrate the
FACILE algorithm in Figure. 5.3. Given an input set s; comprising instances x1, ..., zq,
the feature map e is employed to extract instance-level features for all the instances within
the input set. Subsequently, a set-input model g is utilized to generate set-level features
based on the instance-level features. Our FACILE framework is designed to be a generic
algorithm that is compatible with any supervised learning method in its pretraining stage.
We chose SupCon (Supervised Contrastive Learning) [Khosla et al., 2020] and FSP as they
are representative of the two main approaches within supervised learning: contrastive and
non-contrastive (traditional supervised) learning, respectively. During testing, we extract

the pretrained feature map é and fine-tune a classifier f using the generated embeddings
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(a) Pretraining FACILE w/ coarse-grained labels (b) Testing FACILE with fine-grained labels
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Figure 5.3: An overview of the FACILE algorithm. (a) Pretraining step of FACILE with
coarse-grained labels. The input is a set of images and the target is set-level coarse-grained
label. e is an instance feature map and ¢° is the corresponding set-input feature map. g
is the set-input model. We can instantiate the A(¢°8, D2, £) with any supervised learning
algorithms, e.g., fully supervised pretraining (FSP) with cross-entropy loss and the SupCon
model. (b) Fine-grained learning of FACILE with fine-grained labels. The learned instance
feature map é extracts instance-level features from patches of the support set and query set.
f is the fine-grained label predictor.
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from é and the fine-grained labels of the support set. The performance of the classifier f
is then reported for the query set. Note that Algorithm 1 is generic since the two learning

steps can use any supervised learning algorithm.

5.2.2  Theoretical Analysis

We denote the underlying distribution of D;% as Pg y and the underlying distribution of Dflg
as Py y. We assume the joint distribution of Z and Y is Pz y. After we learn the feature map
é, we can define a new distribution PZ,Y = P(Z,Y)1{Z = é(X)}, where 1 is the indicator
function. The D%g’aug isi.i.d. samples from ]ADZ’y. In order to include the underlying distribu-
tion of D,%, and Dflg into analysis, with a slight abuse of notation we use A, (€8, Pgyy, €)
to denote A((°8, D, E) and use An(ﬁfg,ﬁZY’]-“) to denote A(ﬂfg,DZg’a“g,}“). The two

learning algorithms are described as follows.

Definition 1. (Coarse-grained learning; pretraining) Let Raten, (€6, Pg y, £;6) (abbreviated

to Raten (€, Py, E)) be the rate of Am((°8, Pgyy,E) which takes (8, € and m i.i.d.
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observations from Psyy as input, and return a feature map € € £ such that
C
Epgy, £;° (S, W) < Raten, (£, Psyy, €;6)

with probability at least 1 — 9.

Definition 2. (Fine-grained learning; downstream task learning) Let Raten(éfg, Pyzy,F;6)
(abbreviated to Raten(ﬁfg,PZ’y,f)) be the excess risk rate of An(ﬁfg,Pz,y,]:) which take
Efg, F, and n i.i.d. observations from a distribution Pyy as input, and returns a fine-
grained predictor f € F such that Ep,y E%(Z, Y) —E%(Z, Y)| < Raten ({8, Pzy, F;0)
with probability at least 1 — 9.

Next, we introduce our relative Lipschitz assumption and the central condition for quan-
tifying task relatedness. The Lipschitz property requires that small perturbations to the

feature map e that do not harm the pretraining task, do not affect the loss of downstream

task much either.

Definition 3. We say that f is L-Lipschitz relative to € if for alls € S, x € s, y € Y, and
e,e €&,

8(f 0 e(w), y) = (5B (f o ¢/ (a), y)| < LEE(ge 0 6°(s), ger © 6° (5))
The function class F 1s L-Lipschitz relative to &, if every f € F is L-Lipschitz relative to €.

Definition 3 generalizes the definition of L-Lipschitzness in Robinson et al. [2020] to
bound the downstream loss deviation through the loss of the set label predictions. In the
special case where s = {z}, and ¢ is a classifier for the pretraining labels, our Lipschitz
condition reduces to the Lipschitzness definition of Robinson et al. [2020].

The central condition is well-known to yield fast rates for supervised learning [Van Erven
et al., 2015|. Please refer to Definition 6 for the definition of central condition. We show

that our surrogate problem (ﬁfg, pZ’y, F) satisfies a central condition in Proposition 7.
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Theorem 4. Suppose that (Efg,Pz,y,]-") satisfies the central condition, F is L-Lipschitz
relative to &, 08 is bounded by B > 0, F is L'-Lipschitz in its d-dimensional parameters
in the lg norm, F is contained in the Fuclidean ball of radius R, and Y is compact. We
also assume that Raten, ((°®, Pgyy,€) = O (1/m®). Then when Ap (12, pz,y, F) is ERM we

obtain excess risk Ep,, . {ﬁf}g (X)Y) — K%OQ*(X, Y)| bound with probability at least 1 —0 by
’ oe

n

/ 1
o (daﬁlogRL ntlogs | Bnt%L) if m=Q(n”) and (°8(w,w') = 1{w # w'}.

For a typical scenario where Ratey, ({6, Py, £) = O(1/4/m), we can obtain fast rates
with m = Q(n?). Similarly, in the scenario where A, (£, Psy,€) achieves fast rate, i.e.,
Rate, ((°8, Py, &) = O(1/m), one can obtains fast rates when m = Q(n). More generally,
if a8 > 1, we observe fast rates.

We prove our theorem by first showing that the excess risk of f o ¢ can be bounded
by 2LRaten, ({8, Pgy,E) + Raten(éfg,]sz’y,]—") in Proposition 5. Then, we show that
(ﬁfg, PA’Z’y, F) also satisfies the weak central condition in Proposition 7. Thus, Raten(ﬁfg, PA’Z’y, F)
is also bounded by Proposition 8. We refer interested readers to §A.8 for full details of the
proof.

In the next section, we first aim to empirically study the relationship between general-
ization error, coarse-grained dataset size, and fine-grained dataset size that our theoretical
analysis predicts in §5.3.3 and §5.3.5. We also demonstrate the exceptional efficacy of the
proposed algorithm compared to baseline models on natural image datasets and histopathol-

ogy image datasets.

5.3 Results

5.3.1 Baseline Models and Algorithm Instantiation

We consider two sets of baseline models: self-supervised models [Bachman et al., 2019, He

et al., 2020, Chen et al., 2020a, Caron et al., 2020, Grill et al., 2020, Chen and He, 2021] and
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weakly supervised models [Donahue et al., 2014, Sun et al., 2017, Zeiler and Fergus, 2014,
Robinson et al., 2020].

Self-supervised models Given pretraining data (.S, W), self-supervised learning models
ignore the labels W and learn é from S. Then, we can test é with a new task, which consists
of a support set and a query set. A new model that leverages the learned é is fine-tuned
on the support set and tested on the query set. We performed two self-supervised learning
models in two categories, e.g., SimCLR [Chen et al., 2020a] for contrastive learning and
SimSiam [Chen and He, 2021] for non-contrastive learning. Details of these self-supervised
learning algorithms can be found in §A.7.

Weakly supervised models We assign each instance, from the pretraining dataset, a
label of the input set to which it belongs. We train feature map é appended with a linear
classifier on the pretraining dataset. We call this model FSP-Patch, where FSP stands for
fully supervised pretraining and the model is trained with the assigned instance-level labels.
For a new task with a support set and a query set, we use the é to extract features for both
sets, train a classifier on the support set features, and test the classifier on the query set
features.

Following previous work in FSL [Tian et al., 2020b, Chen et al., 2019], we use lo-
normalized features for downstream tasks. Unless otherwise specified, we evaluate methods
with 1,000 randomly sampled meta-tasks from each dataset. All meta-tasks use 15 sam-
ples per class as the query set. The average F1/ACC and 95% confidence interval (CI) are
reported. We follow the test setting of Yang et al. [2022] and use NearestCentroid (NC),

LogisticRegression (LR), and RidgeClassifier (RC).

5.3.2  Pretrain with Unique Class Number of Input Sets

In order to show the advantages of using the coarse-grained labels, we introduce a new task

of pretraining with the unique class number of input sets. Inspired by Lee et al. [2019a),
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we use the CIFAR-100 [Krizhevsky et al., 2009] dataset, which contains 100 classes grouped
into 20 superclasses. We generate input sets by sampling between 6 and 10 images from
CIFAR-100 training data. The targets of the input sets are the unique superclass number of
the input sets. In our downstream tasks, we perform few-shot classifications of fine-grained
classes. Despite being distinct from the downstream fine-grained labels, the coarse-grained

labels offer useful information for learning useful representations for downstream tasks.

pretraining method - unique sup?gass number re e most frequilg superclass Re
SimCLR 76.07+£097 7588+£1.01 7550+1.02 | 75.914+1.00 75.82=£1.01 75.91+1.02
SimSiam 78154093 79.44+£0.92 79.03+£0.95 | 78804+0.93 79.44£0.95 79.43+0.93
FSP-Patch N/A N/A N/A 73.21+097 73.92£0.98 73.40+0.98
FACILE-SupCon N/A N/A N/A 79.54+0.92 79.54£0.96 79.124+0.95
FACILE-FSP 86.25+0.79 85.42+0.82 8584+081)|8204+084 81.70+0.91 81.75+0.90

Table 5.1: Pretraining on input sets from CIFAR-100. Testing with 5-shot 5-way meta-test
sets; average F1 and CI are reported.

The ResNet18 [He et al., 2016]| is used as feature maps é. For FACILE-FSP, we pretrain
the feature map é from these input sets and targets with ¢1 loss. The features of CIFAR-100
test images are extracted with é. Training settings of SimSiam, SimCLR, and FACILE-FSP
can be found in §A.1.1. We then test € in a few-shot manner. We random sample 5 classes,
5 examples from each class, for each meta-test dataset. The fine-grained label predictor f is
trained on the support examples and tested on the query examples. The performance of these
models is reported in Table 5.1. We can see that FACILE-FSP outperforms self-supervised

learning models by a large margin.

5.3.83  Pretrain with Most Frequent Class Label

We sample input sets randomly from training data of CIFAR-100. The targets are the most
frequent superclass of the input sets. If there is a tie in an input set, we choose a random
top frequent superclass as the target of the input set. Training settings are similar to §5.3.2

and can be found in §A.1.1. The performances of all models are reported in Table 5.1. We
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can see that FACILE-FSP obtains better results compared to other models.

Note that the excess risk bound of the form b = C/n7 implies a log-linear relationship
logh = logC' — vlogn between the error and the number of fine-grained labels. We can
visually interpret the learning rate . We study two cases: when the number of coarse-
grained labels m grows linearly with the number of fine-grained labels, and when the number
of coarse-grained labels m grows quadratically with the number of fine-grained labels. In
order to show the generalization error rate of FACILE-FSP w.r.t. fine-grained label number
on the CIFAR-100 test dataset, we randomly sample 5 classes (i.e., 5-way testing) for each
task. We then sample n/5 fine-grained examples in each class for the support set and sample
15 examples for each class for the query set. The curves are shown in Figure. 5.4. The figure
shows the log-linear relationship of FACILE-FSP’s generalization error on downstream tasks
w.r.t. fine-grained label number. This visualization effectively captures how coarse-grained

label number m impacts the model’s generalization capabilities.

5.3.4  Fine-tune CLIP Model with Anomaly Detection Dataset

In this experiment, we sought to enhance model performance with coarse-grained labels of
the anomaly detection datasets [Zaheer et al., 2017, Lee et al., 2019a]. A total of 11,788
input sets of size 10 are constructed from the CUB200 [He and Peng, 2019] training dataset
by including one example that lacks an attribute common to the other examples in the
input set. The coarse-grained labels are the positions of the anomalies. This setup creates
a challenging scenario for models, as they must identify the outlier among otherwise similar
instances. In downstream tasks, we evaluate the fine-tuned feature encoder composed of the
fixed CLIP [Radford et al., 2021] image encoder ViT-B/16 and appended a fully connected
layer on the classification of species of the CUB200 test dataset. The batch normalization
[Ioffe and Szegedy, 2015] and ReLU are applied to the fully-connected layer.

Following this experiment setup, the rationale behind utilizing coarse-grained labels is
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grounded in their potential to enhance model discernment in downstream tasks. By training
the model to identify anomalies in sets where one item diverges from the rest, we essentially
teach it to focus on subtle differences and critical attribute features. This enhanced focus is
particularly beneficial for fine-grained classification tasks in the CUB200 test dataset, where
distinguishing between closely related species requires the model to recognize and prioritize
minute, yet significant, differences.

The model training approach in this experiment

centered around the CLIP image encoder, enhanced

with an additional fully connected layer. FACILE-
FSP and FACILE-SupCon incorporate this setup, uti-
lizing the CLIP-based feature encoder and focusing

on finetuning the fully connected layer through the

FACILE pretraining step. In contrast, the SimSiam 50 150 L T

num fine-grained labels

approach leverages the CLIP image encoder as a back-

b hile £ . I . d di Figure 5.4:  Generalization error
one while ninetuning the projector and predictor (with two growth rates) of FACILE-

components. Similarly, the SimCLR method also uses FSP on CIFAR-100 test dataset as
a function of the number of coarse-

the CLIP encoder as its foundation but focuses solely grained labels m.
on finetuning the projector. These varied strategies
reflect our efforts to optimize the feature encoder for accurately identifying anomalies and
improving classification performance in related tasks. The training details can be found in
§A.1.2.

Note that Table 5.2 clearly demonstrates that all models tested benefit from incorporating
data from the target domain. Notably, both FACILE-SupCon and FACILE-FSP exhibit
superior performance compared to other baseline models. This observation underscores the

effectiveness of our models in leveraging coarse-grained labels to enhance their anomaly

detection capabilities.

57



pretraining method NC LR RC
CLIP (ViT-B/16) | 83.84+1.10 | 81.01+1.23 | 82.75+1.17
SimCLR 84.03+£1.08 | 83.49+1.14 | 86.30+1.03
SimSiam 84.02£1.10 | 83.90£1.13 | 85.68 +1.07
FACILE-SupCon | 87.494+0.99 | 86.57+1.07 | 88.01 £0.99
FACILE-FSP 88.74+0.94 | 88.45+0.96 | 88.36 + 0.95

Table 5.2: Pretraining on input sets from CUB200. Testing with 5-shot 20-way meta-test
sets; average F1 and CI are reported.

5.3.5  Evaluation on Histopathology Images

Datasets and data extraction We pretrain our models using two independent sources
of WSIs. First, we downloaded data from The Cancer Genome Atlas (TCGA) from the NCI
Genomic Data Commons (GDC) [Heath et al., 2021]. Two collections of non-overlapping
patches with different patch sizes, i.e., 224 x 224 and 1,000 x 1,000 at 20X magnification.
Background patches with high or low intensity were removed. Because the number of patches
generated with size 224 x 224 at 20X magnification is very large, at most 1,000 randomly
selected patches are kept for each slide. The names of the tumors/organs, from which slides
are collected, are used as coarse-grained labels. Second, we downloaded all clinical slides from
the Genotype-Tissue Expression (GTEx) project [Lonsdale et al., 2013|, which provides a
resource for studying human gene expression and regulation in relation to genetic variation.
We extracted non-overlapping patches with size 1,000 x 1,000 at 20X magnification and
patches with intensity larger than 0.1 and smaller than 0.85 are kept. For these slides, we
used the organs from which the tissues were extracted as coarse-grained labels. Examples
and class distributions for the two datasets can be found in §A.3.

We test models on 3 public datasets: LC [Borkowski et al., 2021]|, PAIP [Kim et al.,
2021], NCT [Kather et al., 2018] and 1 private dataset PDAC. Details of these datasets
are deferred to §A.3. Note that the TCGA and GTEx have meticulously categorized an
extensive array of cancer types and organs, covering a diverse range of tissues as outlined in

the LC, PAIP, and NCT. The strategic use of WSI-level labels is rooted in their potential
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to enrich tissue-level classification. While these labels may appear broad, they encapsulate
a wealth of underlying heterogeneity inherent to different cancer regions and tissue types.

Pretrain ResNetl1l8 on TCGA with patch size 224 x 224 We first train models on
TCGA patches with size 224 x 224 at 20X magnification. After the models are trained, we
test the feature map in these models on LC, PAIP, and NCT. Full details about FACILE-
FSP, FACILE-SupCon, and baseline models’ training settings can be found in §A.1.3. Latent
augmentation (LA) has been shown to improve FSL performance for histopathology images
[Yang et al., 2022]. We use faiss [Johnson et al., 2019] to perform k-means clustering.
Following the setting of Yang et al. [2022], the number of prototypes in the base dictionary
is 16. Each sample is augmented 100 times by LA. We refer readers to §A.5 for details of
LA.

The test result is shown in Table 5.3. In order
to show the performance improvement over models

pretrained on natural image datasets, we report the “F*

performance of the FSP model pretrained on Ima-

geNet. We can see from Table 5.3 that our model
FACILE-FSP performs the best, with a large margin

compared to other models. The contrastive learning is Z N

model SimCLR performs worse than non-contrastive

. C ) Figure 5.5: Generalization error on
learning model SimSiam. A possible reason could be NCT dataset. The FACILE-FSP

trains on TCGA dataset with m
coarse-grained labels. We show the
maintains high performance even with small batch error curve with two growth rates of

the small batch size we used for SimCLR. SimSiam
sizes. FSP-Patch achieves better performance com- -

pared to self-supervised learning models and the Im-

ageNet pretrained model, which shows the usefulness of the coarse-grained labels for down-

stream tasks. More experiment results about test ACC on LC, PAIP, and NCT datasets
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can be found in §A.2.1. Test result with larger shot number is in §A.2.1. We further pre-
train models on GTEx and TCGA with patch size 1,000 x 1,000 and test the models on
our private dataset PDAC. We refer readers to §A.2.3 for experiment results on the PDAC
dataset.

We show the generalization error of FACILE-FSP w.r.t. fine-grained label number in
Figure. 5.5. The figure reveals a pronounced log-linear relationship. A larger growth rate of
coarse-grained labels implies a faster rate of excess risk.

Benefits of pretraining on Large Pathology Datasets In order to show the benefits
of pretraining on large pathology datasets, we pretrain different models on the NCT training
dataset and test the performance on the LC dataset, following the setting of Yang et al.
[2022]. Instead of separating the mixture-domain and out-domain tasks, we directly report
the average F1 and CI of LR models over all 5 classes of the LC dataset. Training details of
the models can be found in §A.2.2. The test result on the LC dataset is shown in Table 5.4.

We can see from Table 5.4 the best model pretrained on NCT, i.e., FSP with strong
augmentation, performs worse than our model FACILE-FSP in Table 5.3. Our method
gets roughly 13% improvement compared to Yang et al. [2022] on the LC dataset. The
large margin between the two best models pretrained on two different datasets shows the
importance of pretraining with a large number of coarse-grained labels. More results on LC
and PAIP can be found in Figure. A.3. Note that SimSiam model, trained with a batch size
of 55, maintains competitive performance to MoCo v3 which needs a large batch size.

More experiments and ablation study We refer interested readers to §A.6 for ab-
lation studies about set size, training procedures, and set-input models. These experiments
extend our analysis to specialized tasks, showcasing the adaptability of FACILE to founda-

tion models.
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5.3.6  Fine-tune ViT-B/1j of DINO V2 on TCGA Dataset

Similar to §5.3.4, we fine-tune a fully connected layer that is appended after DINO V2 Oquab
et al. [2023] ViT-B/14. This methodology is applied across various models to assess their
performance on histopathology image datasets. By adopting the DINO V2 trained models,
known for their robustness and effectiveness in visual representation learning, we aim to
harness their potential for the specialized domain of histopathology. We refer interested
readers to §A.1.4 for details of pretraining.

Notably, our methods, FACILE-SupCon and FACILE-FSP, demonstrated markedly su-
perior results in comparison to other baseline models when applied to histopathology image
datasets as shown in Table 5.5. This outcome highlights the effectiveness of these meth-
ods in leveraging coarse-grained labels specific to histopathology, thereby greatly enhancing
the model performance of downstream tasks. Another critical insight emerged from our re-
search: the current foundation model, DINO V2, exhibits limitations in its generalization
performance on histopathology images. This suggests that while DINO V2 provides a strong
starting point due to its robust visual representation capabilities, there is a clear need for
further finetuning or prompt learning to optimize its performance for the unique challenges
presented by histopathology datasets. This finding underscores the importance of specialized

adaptation in the application of foundation models to specific domains like medical imaging.

5.4 Related Work

Weakly supervised learning The concept of weakly supervised learning is introduced as
a means to alleviate the annotation bottleneck in the training of machine learning models.
There has been a large body of existing work in learning with only weak labels. A com-
prehensive survey about weakly supervised learning is provided in Zhou [2018], Zhang et al.
[2022]. We study a novel form of weak supervision which is provided by set-level coarse-

grained labels. Among weakly supervised learning methods, Robinson et al. [2020] studied
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the generalization properties of weakly supervised learning and proposed a generic learning
algorithm that can learn from weak and strong labels and can be proved to achieve a fast
rate. The authors consider a different setting where each instance has a weak label and
a strong label, and the strong label predictor learns to predict the strong labels from the
instances and their corresponding embeddings learned with weak labels. We consider the
setting where we have some coarse-grained labels of some sets, rather than instances and the
downstream classifiers only use the learned embeddings to train and test on the downstream
tasks.

Multiple-instance learning for WSIs WSI classification and regression are formulated
based on multiple-instance learning (MIL) [Campanella et al., 2019, Xu et al., 2022, Ilse
et al., 2018, Sharma et al., 2021, Hashimoto et al., 2020, Shao et al., 2021, Yao et al.,
2020, Lu et al., 2021b,a, Chen et al., 2021b, Li et al., 2021, Chen et al., 2021a, Myronenko
et al., 2021, Xiang and Zhang, 2022, Javed et al., 2022]. These MIL models employ two
procedures: i) feature extraction for patches cropped from a WSI and ii) aggregation of
features from the same WSI. ImageNet pretrained backbones, self-supervised backbones
pretrained on histopathology images, or backbones fine-tuned during training are used to
extract features from patches. Deep attention pooling, graph neural networks, or sequence
models, adapted for WSIs, are used for feature aggregation. In this paper, we consider a
different problem setting where we enhance patch-level classification with related set-level
labels. In the application of histopathology images, line 2 of our generic algorithm can be
instantiated with any MIL models that have the backbones with trainable modules to extract
patch-level features, e.g., Ilse et al. [2018]. A complete comparison of MIL models for WSIs
is out of the scope of this paper.

Learning from coarsely-labeled data Another related line of research is Wu et al.
[2018a], Phoo and Hariharan [2021], where the authors assume a taxonomy of classes with

two levels, i.e., a set of fine-grained classes that are more challenging to annotate and a
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set of coarse-grained classes that are easier to annotate. In our paper, we do not assume
a taxonomy of classes for the coarse-grained and fine-grained labels. The coarse-grained
and fine-grained labels are closely related via a hierarchy. Also, the inputs that are fed to
models to predict the coarse-grained or fine-grained labels are different, i.e., set input for

coarse-grained labels and instances for fine-grained labels.

5.5 Conclusion and Discussion

Summary We introduce FACILE, a representation learning framework that leverages coarse-
grained labels for model training and enhances model performance for downstream tasks.
Our theoretical analysis highlights the significant potential of leveraging set-level labels to
benefit the learning process of fine-grained label prediction tasks. To demonstrate the ef-
fectiveness of FACILE, we conduct pretraining on CIFAR-100-based datasets and two large
public histopathology datasets using coarse-grained labels and evaluate our model on a di-
verse collection of datasets with fine-grained labels.

Limitation and future work In this paper, we consider a novel problem setting where
we enhance downstream fine-grained label classification with easily available coarse-grained
labels and propose a generic algorithm that contains two supervised learning steps. It is
important to note that the separate utilization of loosely related coarse-grained labels and
fine-grained labels can be expensive. Specifically, the pretraining of our proposed algorithm
could be expensive given large amounts of coarse-grained data and the nature of the set-input
data. For this reason, we are investigating methods of selecting a subset of the coarse-grained

dataset to accelerate pretraining.
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pretraining method ‘ NC ‘ LR ‘ RC ‘ LR+LA ‘ RC+LA
1-shot 5-way test on LC dataset
ImageNet (FSP) 63.26 £1.46 | 63.134+1.41 | 63.24+1.40 | 64.51 +1.41 | 64.95+ 1.39
SimSiam 65.83+1.32 | 66.52+1.31 | 66.24+1.32 | 67.214+1.29 | 67.83+1.33
SimCLR 64.57+£1.36 | 63.85+1.37 | 64.16£1.37 | 65.78 =1.33 | 66.81 + 1.40
FSP-Patch 66.73+£1.29 | 66.254+1.29 | 66.59+1.28 | 68.01 +£1.24 | 68.28 +1.26
FACILE-SupCon | 74.914+1.25 | 76.23+1.16 | 75.01 £1.19 | 75.60+1.19 | 75.64 +1.18
FACILE-FSP 7739+1.21 | 76.14+1.25 | 75.18+1.30 | 77.55 £1.17 | 73.72+1.34
5-shot 5-way test on LC dataset
ImageNet (FSP) 82.82+0.75 | 80.134+0.82 | 80.23+0.83 | 84.70 +0.70 | 84.42+0.74
SimSiam 85.12+£0.68 | 82.69+0.75 | 82.80£0.76 | 87.45+0.63 | 87.50 + 0.66
SimCLR 83.45+0.77 | 81.934+0.83 | 81.40+£0.89 | 85.69+0.73 | 84.93+0.79
FSP-Patch 84.96 £0.64 | 84.104+0.69 | 84.45+0.68 | 86.31 +0.65 | 86.29 + 0.68
FACILE-SupCon | 91.09 +£0.47 | 90.34 +0.48 | 90.254+0.48 | 91.32+0.47 | 90.94 + 0.50
FACILE-FSP 91.67 +£0.45 | 90.64 +0.50 | 90.52 + 0.52 | 92.07 +0.48 | 89.81 + 0.61
1-shot 3-way test on PAIP dataset
ImageNet (FSP) 45.96 £1.22 | 47824129 | 47.43+£1.29 | 46.38+1.24 | 44.90+1.24
SimSiam 46.43 £1.21 | 47934+1.24 | 47.74+1.23 | 4720+ 1.21 | 46.31 +1.22
SimCLR 4451+ 1.16 | 46.444+1.14 | 4559+ 1.15 | 45404+1.14 | 45.04 +1.16
FSP-Patch 48.85+1.21 | 4944 +1.26 | 50.27 +1.22 | 49.76 + 1.20 | 48.44 + 1.21
FACILE-SupCon | 46.60+1.20 | 48.63 +£1.22 | 48464+ 1.21 | 47.13+1.20 | 47.87+1.22
FACILE-FSP 45404+ 1.24 | 46.714+1.20 | 46.60+1.21 | 46.36 +=1.22 | 45.49+1.20
5-shot 3-way test on PAIP dataset
ImageNet (FSP) 60.73+£1.02 | 61.214+1.12 | 61.04+£1.11 | 61.66+0.91 | 59.30 +0.93
SimSiam 62.88+0.97 | 62.594+1.08 | 63.48+1.04 | 65.01 +£0.88 | 63.22+ 0.89
SimCLR 60.99+0.93 | 61.384+1.00 | 61.62+1.02 | 62.394+0.91 | 61.29+ 0.90
FSP-Patch 64.45+0.92 | 64.604+0.98 | 64.49+0.99 | 64.084+0.89 | 62.79 + 0.89
FACILE-SupCon | 64.74 £0.91 | 65.63 £ 0.97 | 65.93 +0.97 | 66.68 +£0.86 | 66.48 +0.82
FACILE-FSP 63.90£0.94 | 64.594+0.96 | 65.43+0.96 | 66.77 +0.86 | 66.34 + 0.85
1-shot 9-way test on NCT dataset
ImageNet (FSP) 57.35+1.68 | 56.39 +£1.64 | 56.08+1.64 | 57.78 £1.66 | 55.85 + 1.64
SimSiam 63.60 £1.62 | 64.434+1.54 | 64.79+1.53 | 65.26 +1.56 | 65.39 + 1.53
SimCLR 59.73 +1.57 | 59.61 £ 1.57 | 59.34 +1.56 | 60.57 £ 1.57 | 60.99 4+ 1.53
FSP-Patch 60.08£1.46 | 61.554+1.50 | 62.32+£1.50 | 61.99+1.42 | 60.62+ 1.38
FACILE-SupCon | 68.10 +1.29 | 69.63 +1.25 | 69.81 +1.24 | 69.54 +1.25 | 69.77 £ 1.22
FACILE-FSP 66.38 £ 1.38 | 67.03+1.34 | 67.56 £1.32 | 68.35+1.33 | 69.77+1.30
5-shot 9-way test on NCT dataset
ImageNet (FSP) 7459+ 1.11 | 73.21 £1.13 | 74.60+1.07 | 76.68 £1.04 | 74.39 4+ 1.09
SimSiam 79.97+1.05 | 79.81 £1.03 | 80.84 +0.98 | 83.45+0.92 | 83.61 +0.90
SimCLR 76.80 +£1.09 | 76.95+1.07 | 78.25+1.03 | 80.54£0.97 | 81.13+0.95
FSP-Patch 79.50+0.94 | 79.54£0.95 | 81.00+0.88 | 82.42+0.81 | 81.33+0.79
FACILE-SupCon | 86.79+0.61 | 87.89 £ 0.58 | 89.10 + 0.52 | 89.53 £ 0.52 | 88.58 + 0.54
FACILE-FSP 84.68+£0.74 | 85.474+0.72 | 87.44+0.64 | 88.004+0.63 | 87.51 + 0.66

Table 5.3: Test result on LC, PAIP, and NCT dataset; average F1 and CI are reported.
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pretraining method NC LR RC LR+LA RC+LA
SimSiam 76.21 £0.87 | 74.054+1.10 | 74.59+1.10 | 77.87£0.87 | 76.03 £0.94
MoCo v3 ([Yang et al., 2022]) 72.824+1.25 | 70.294+1.43 | 71.314+£1.40 | 78.72+£1.00 | 79.71£0.95
FSP (simple aug; [Yang et al., 2022|) | 56.44+1.50 | 52.27+£1.81 | 55.62+£1.74 | 63.47£1.37 | 63.47 £ 1.46
FSP (strong aug) 83.53+0.79 | 80.81 £1.01 | 80.27 £1.08 | 85.57 +0.77 | 84.06 = 0.89
SupCon 81.51+0.85 | 78.77+1.03 | 78.65+1.08 | 83.51+0.84 | 83.31+£0.91

Table 5.4: Pretraining on NCT and 5-shot 5-way testing on LC dataset; average F1 and CI

are reported.
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pretraining method ‘ NC LR RC LR+LA RC+LA
1-shot 5-way test on LC dataset
DINO V2 (ViT-B/14) | 44.824+1.41 | 4751 £1.39 | 47.63+1.38 | 47.36 +1.39 | 48.88 +£1.44
SimSiam 48.79+1.37 | 4943 4+1.35 | 48.43+1.36 | 49.38+1.34 | 49.50 + 1.34
SimCLR 50.47+1.31 | 50.52+£1.33 | 50.44+1.32 | 51.66£1.32 | 51.78 +1.38
FSP-Patch 49.73£1.41 | 53.59+1.38 | 53.07+£1.41 | 51.794+1.40 | 51.27+1.43
FACILE-SupCon 56.24+1.43 | 56.51 +1.41 | 55.95+1.42 | 56.29 £1.43 | 54.07 + 1.44
FACILE-FSP 55.67+1.40 | 56.26 £1.36 | 55.83+1.35 | 56.01 £1.38 | 55.35 +1.40
5-shot 5-way test on LC dataset
DINO V2 (ViT-B/14) | 66.124+0.98 | 64.71 £1.12 | 66.36 £1.10 | 72.954+0.93 | 75.11 +£0.91
SimSiam 67.51+0.96 | 64.99+£1.05 | 65.39+1.05 | 70.30£0.93 | 71.194+0.93
SimCLR 70.10+0.92 | 69.28£0.96 | 69.18+0.97 | 72.99+£0.92 | 72.91+0.94
FSP-Patch 71.97+0.96 | 71.11£1.04 | 71.194+1.03 | 73.96£0.94 | 73.204+0.96
FACILE-SupCon 75.58 £0.88 | 74.264+0.94 | 73.20+£0.95 | 75.81+£0.90 | 74.34 +0.96
FACILE-FSP 75.86 +0.86 | 74.64+0.89 | 74.124+0.93 | 76.17+0.88 | 75.08 +0.95
1-shot 3-way test on PAIP dataset
DINO V2 (ViT-B/14) | 41.51 £1.27 | 4437 +£1.26 | 44.28 +1.25 | 4243 +£1.27 | 42,78 £ 1.27
SimSiam 49.42 +£1.28 | 48.07+1.35 | 48.44+1.36 | 48.76 +1.33 | 46.48 £1.37
SimCLR 48.60 £ 1.19 | 4876 £1.25 | 47.98 +£1.26 | 48.944+1.23 | 47.20 £+ 1.26
FSP-Patch 46.09+1.17 | 47444+1.18 | 48.09+1.19 | 46.76 +1.18 | 43.68 +1.22
FACILE-SupCon 51.97+1.18 | 52.25+1.22 | 51.80+1.22 | 51.36 £1.22 | 50.24 +1.23
FACILE-FSP 51.34+1.16 | 51.18 £ 1.19 | 51.51+£1.19 | 51.50+1.16 | 49.77 £1.22
5-shot 3-way test on PAIP dataset
DINO V2 (ViT-B/14) | 57.59 +1.07 | 58.19£1.10 | 59.37 +1.07 | 61.84 £0.85 | 60.81 £+ 0.86
SimSiam 61.56 +0.97 | 62.52+1.01 | 62.81+1.01 | 64.40+0.86 | 62.44 +0.93
SimCLR 62.20+0.93 | 61.78 £0.99 | 63.20+£0.97 | 63.38£0.86 | 63.03 & 0.88
FSP-Patch 63.77+0.88 | 63.85£0.94 | 63.85+0.93 | 63.61 £0.85 | 60.91+0.87
FACILE-SupCon 67.16 +0.84 | 67.29+0.89 | 66.88+0.90 | 67.61 +0.85 | 66.34 - 0.84
FACILE-FSP 67.14+0.85 | 67.671+0.84 | 67.54+0.86 | 67.12+£0.81 | 66.05+0.83
1-shot 9-way test on NCT dataset
DINO V2 (ViT-B/14) | 56.03+1.62 | 59.11 +£1.57 | 60.13+1.55 | 58.71 £1.57 | 59.06 & 1.55
SimSiam 62.60+1.45 | 61.89£1.50 | 61.90+1.51 | 62.27+1.47 | 61.05+ 1.44
SimCLR 6543+ 143 | 64.18+£1.44 | 64.15+1.46 | 64.83+1.43 | 62.69 + 1.38
FSP-Patch 65.22+1.49 | 65.93+ 141 65.94+1.40 | 65.26+1.45 | 62.66 £ 1.46
FACILE-SupCon 71.55+1.36 | 70.36 £1.37 | 70.52+1.35 | 71.05+£1.35 | 68.85+1.40
FACILE-FSP 72.05+1.34 | 70.70+1.35 | 70.77+1.34 | 71.14+1.34 | 68.03 £ 1.40
5-shot 9-way test on NCT dataset
DINO V2 (ViT-B/14) | 76.854+0.98 | 76.51 £1.02 | 78.67+0.94 | 82.204+0.82 | 82.75+£0.83
SimSiam 80.81 +0.85 | 80.06 £0.87 | 81.55+0.85 | 83.18 £0.80 | 82.39 +0.83
SimCLR 82.87+0.80 | 81.91£0.82 | 82.86+0.80 | 83.92+£0.77 | 82.89 +0.79
FSP-Patch 83.63+0.83 | 83.49+0.80 | 84.34 +£0.78 | 85.32+0.75 | 83.03+0.79
FACILE-SupCon 87.74+0.64 | 87.00+0.64 | 87.38 £0.62 | 87.82+0.63 | 86.15 % 0.69
FACILE-FSP 87.93+0.65 | 87.52+0.65 | 87.72+ 0.62 | 88.01 + 0.64 | 86.46 + 0.70

Table 5.5: Test result on LC, PAIP, and NCT dataset with ViT-B/14 from DINO V2; average
F1 and CI are reported.
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CHAPTER 6
DEEP BAYESIAN ACTIVE LEARNING

6.1 Motivation

Active learning (AL) [Settles, 2012] characterizes a collection of techniques that efficiently
select data for training machine learning models. In the pool-based setting, an active learner
selectively queries the labels of data points from a pool of unlabeled examples and incurs a
certain cost for each label obtained. The goal is to minimize the total cost while achieving a
target level of performance. A common practice for AL is to devise efficient surrogates, aka
acquisition functions, to assess the effectiveness of unlabeled data points in the pool.

There has been a vast body of literature and empirical studies [Huang et al., 2010,
Houlsby et al., 2011, Wang and Ye, 2015, Hsu and Lin, 2015, Huang et al., 2016, Sener and
Savarese, 2017, Ducoffe and Precioso, 2018, Ash et al., 2019, Liu et al., 2020, Yan et al.,
2020] suggesting a variety of heuristics as potential acquisition functions for AL. Among
these methods, Bayesian Active Learning by Disagreement (BALD) [Houlsby et al., 2011]
has attained notable success in the context of deep Bayesian AL, while maintaining the
expressiveness of Bayesian models [Gal et al., 2017, Janz et al., 2017, Shen et al., 2017|.
Concretely, BALD relies on a most informative selection (MIS) strategy—a classical heuristic
that dates back to Lindley [1956]—which greedily queries the data point exhibiting the
maximal mutual information with the model parameters at each iteration. Despite the
overwhelming popularity of such heuristics due to the algorithmic simplicity [MacKay, 1992,
Chen et al., 2015b, Gal and Ghahramani, 2016|, the performance of these AL algorithms,
unfortunately, is sensitive to the quality of uncertainty estimations of the underlying model,
and it remains an open problem in deep AL to accurately quantify the model uncertainty,
due to limited access to training data and the challenge of posterior estimation.

In Figure. 6.1, we demonstrate the potential issues of MIS-based strategies introduced
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Figure 6.1: (a) The embeddings are generated by applying t-SNE on the hypotheses’ predic-
tions on a random hold-out dataset. The colorbar indicates the (approximate) test accuracy
of the sampled neural networks on the MNIST dataset. See §B.1 for details of the exper-
imental setup. (b) Probability mass (y-axis) of equivalence classes (sorted by the average
accuracy of the enclosed hypotheses as the x-axis).

by inaccurate posterior samples from a Bayesian Neural Network (BNN) on a multi-class
classification dataset. Here, the samples (i.e. hypotheses) from the model posterior are
grouped into equivalence classes (ECs) |[Golovin et al., 2010] according to the Hamming
distance between their predictions as shown in Figure. 6.1a. Informally, an equivalence
class contains hypotheses that are close in their predictions for a randomly selected set of
examples. We note from Figure. 6.1a that the probability mass of the models sampled from
the BNN is centered around the mode of the approximate posterior distribution, while little
coverage is seen on models of higher accuracy. Consequently, MIS tends to select data points
that reveal the maximal information w.r.t. the sampled distribution, rather than guiding the
active learner towards learning high accuracy models.

In addition to the robustness concern, another challenge for deep AL is the scalability to
large batches of queries. In many real-world applications, fully sequential data acquisition
algorithms are often undesirable especially for large models, as model retraining becomes

the bottleneck of the learning system [Mittal et al., 2019, Ostapuk et al., 2019]. Due to
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such concerns, batch-mode algorithms are designed to reduce the computational time spent
on model retraining and increase labeling efficiency. Unfortunately, for most acquisition
functions, computing the optimal batch of queries function is NP-hard [Chen and Krause,
2013a|; when the evaluation of the acquisition function is expensive or the pool of candidate
queries is large, it is even computationally challenging to construct a batch greedily [Gal
et al., 2017, Kirsch et al., 2019, Ash et al., 2019]. Recently, efforts in scaling up batch-
mode AL algorithms often involve diversity sampling strategies [Sener and Savarese, 2017,
Ash et al., 2019, Citovsky et al., 2021, Kirsch et al., 2021a|. Unfortunately, these diversity
selection strategies either ignore the downstream learning objective (e.g., using clustering as
by [Citovsky et al., 2021]) or inherit the limitations of the sequential acquisition functions
(e.g., sensitivity to uncertainty estimate as elaborated in Figure. 6.1 [Kirsch et al., 2021a]).

Motivated by these two challenges, this chapter aims to simultaneously (1) mitigate the
limitations of uncertainty-based deep AL heuristics due to inaccurate uncertainty estimation,
and (2) enable efficient computation of batches of queries at scale. Parts of this chapter are
replicated from Zhang et al. [2023b] with some modifications.

We propose Batch-BALANCE—an efficient batch-mode deep Bayesian AL framework—
which employs a decision-theoretic acquisition function inspired by Golovin et al. [2010],
Chen et al. [2016]. Concretely, Batch-BALANCE utilizes BNNs as the underlying hypotheses
and uses Monte Carlo (MC) dropout |Gal and Ghahramani, 2016, Kingma et al., 2015] or
Stochastic gradient Markov Chain Monte Carlo (SG-MCMC) [Welling and Teh, 2011, Chen
et al., 2014, Ding et al., 2014, Li et al., 2016a] to estimate the model posterior. It then selects
points that can most effectively tell apart hypotheses from different equivalence classes (as
illustrated in Figure. 6.1). Intuitively, such disagreement structure is induced by the pool of
unlabeled data points; therefore our selection criterion takes into account the informativeness
of a query with respect to the target models (as done in BALD) while putting less focus

on differentiating models with little disagreement on target data distribution. As learning

69



progresses, Batch-BALANCE adaptively anneals the radii of the equivalence classes, resulting
in selecting more “difficult examples” that distinguish more similar hypotheses as the model
accuracy improves.

When computing queries in small batches, Batch-BALANCE employs an importance sam-
pling strategy to efficiently compute the expected gain in differentiating equivalence classes
for a batch of examples and chooses samples within a batch in a greedy manner. To scale
up the computation of queries to large batches, we further propose an efficient batch-mode
acquisition procedure, which aims to maximize a novel combinatorial information measure
[Kothawade et al., 2021| defined through our novel acquisition function. The resulting al-
gorithm can efficiently scale to realistic batched learning tasks with reasonably large batch
sizes.

Finally, we demonstrate the effectiveness of variants of Batch-BALANCE via an extensive
empirical study, and show that they achieve compelling performance—sometimes by a large

margin—on several benchmark datasets.

6.2 Problem Setup

6.2.1 Problem Statement

Notations We consider pool-based Bayesian AL, where we are given an unlabelled dataset
Dol drawn i.i.d. from some underlying data distribution. Further, assume a labeled dataset
Dirain and a set of hypotheses H = {hy,...,hy}. We would like to distinguish a set of
(unknown) target hypotheses among the ground set of hypotheses H. Let H denote the
random variable that represents the target hypotheses. Let p(H) be a prior distribution over

the hypotheses. In this paper, we resort to BNN with parameters w ~ p(w | Dirain) -

1. We use the conventional notation w to represent the parameters of a BNN and use w and h inter-
changeably to denote a hypothesis.
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Problem Statement An AL algorithm will select samples from D)y, and query labels
from experts. The experts will provide label y for given query @ € D}, We assume labeling
each query zx incurs a unit cost.

Our goal is to find an adaptive policy for selecting samples that allows us to find a
hypothesis with a target error rate o € [0, 1] while minimizing the total cost of the queries.

Formally, a policy 7 is a mapping 7 from the labeled dataset Dypaiy to samples in Do)

7T .
train’

We use DT . to denote the set of examples chosen by w. Given the labeled dataset D

train

we define pgrp (7) as the expected error probability w.r.t. the posterior p(w | DT . ). Let the

train

™

train}’ i.e., the maximum number of queries made by

cost of a policy 7 be cost(m) £ max |D
policy 7 over all possible realizations of the target hypothesis H € H. Given a tolerance pa-
rameter o € [0, 1], we seek a policy with minimal cost, such that upon termination, it will get

an expected error probability less than o. Formally, we seek arg min, cost(w), s.t.pprr(7) <

g.

6.2.2 Most Informative Selection Criterion

BALD uses mutual information between the model prediction for each sample and the
parameters of the model as the acquisition function. It captures the reduction of model
uncertainty by receiving a label y of a data point x:

I(y5w | 7, Digain) = H(y | 7, Disain) — Epuoipys) H (Y | 7,0, Dirgin)] where H denotes
the Shannon entropy [Shannon, 1948|. Kirsch et al. [2019] further proposed BatchBALD as
an extension of BALD whereby the mutual information between a joint of multiple data

points and the model parameters is estimated as

ABatchBALD (T1:p | Dtrain) £ H(yl:bSW ’ 71> Dirain)-
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Limitation of the BALD algorithm BALD can be ineffective when the hypothesis
samples are heavily biased and cluttered towards sub-optimal hypotheses. Below, we provide

a concrete example where such selection criteria may be undesirable.

[ ] (] o - %O.

N
hl h2 h3 h/n— 1 hn

Figure 6.2: A stylized example where the most informative selection criterion underperforms
the equivalence-class-based criterion.

Consider the problem shown in Figure. 6.2. The hypothesis class H = {hq,...,hy} is

structured such that
ol—i _ol=J if i < j,
du(hi, hj) =
ol=J —2l=0 o.w.
where dy(h;, hj) denotes the fraction of labels h; and h; disagree upon when making predic-
tions on ¢.i.d. samples of data points. We further assume that for any subset of hypotheses
S C H, there exists a data point whose label they agree upon.

Assume each hypothesis h; has an equal probability and the target error rate is . On
the one hand, note that BALD does not consider dg(h;, hj), and therefore on average it
requires logn examples to identify any target hypothesis. On the other hand, to achieve a
target error rate of o, one only needs to differentiate all pairs of hypotheses h;, h; of distance
dy(hi, hj) > o (i.e., by selecting training examples to rule out at least one of h;, h;).
Therefore, a “smarter” AL policy could query examples to sequentially check the consistency
of hi, ha, ..., hy until all remaining hypotheses are within distance o. It is easy to check that
this requires log(1/0) examples before reaching the error rate o. The gap between BALD

and the above policy IO;O(% could be large as n increases.
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6.2.3 FEquiwalence-class-based Selection Criterion

As alluded in §6.1 and Figure. 6.1, the MIS strategy can be ineffective when the samples
from the model posterior are heavily biased and cluttered toward sub-optimal hypotheses.
A “smarter” strategy would instead leverage the structure of the hypothesis space induced
by the underlying (unlabeled) pool of data points. In fact, this idea connects to an important
problem for approximate AL, which is often cast as learning equivalence classes |Golovin

et al., 2010]:

Definition 1 (Equivalence Class). Let (H,d) be a metric space where H is a hypothesis
class and d is a metric. For a given set V C H and centers S = {s1,...,s.} C V of size k,
let 1° :V — [k] be a partition function over V and D; := {h € V | rS(h) = i}, such that
Vi, j € [k],rS(s;) =i and Vh € Dy, d(h, s;) < d(h, s;). Each D; CV is called an equivalence

class induced by s; € S.

Consider a pool-based AL problem with hypothesis space H, a sampled set V C H,
and an unlabeled dataset ﬁpool which is drawn i.i.d. from the underlying data distribution.
Each hypothesis h € H can be represented by a vector vy, indicating the predictions of all
samples in @pool- We can construct equivalence classes with the Hamming distance, which
is denoted as dg(h,h’), and equivalence class number k on sampled hypotheses V. Let
dﬂ(V) = MAXG, ey S ()= (1) dy(h, k') be the maximal diameter of equivalence classes
induced by S.

Therefore, the error rates of any unordered pair of hypotheses {h,h’} that lie in the
same equivalence class are at most dﬂ(V) away from each other. If we construct the k
equivalence-class-inducing centers (as in Definition 1) as the solution of the max-diameter
clustering problem: C = argmin g, dﬂ(V), we can obtain the minimal worst-case relative
error (i.e. difference in error rate) between hypotheses pair {h,h’} that lie in the same

equivalence class.
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We denote & = {{h,h'} : rC€(h) # rC(I')} as the set of all (unordered) pairs of hypotheses

(i.e. undirected edges) corresponding to different equivalence classes with centers in C.

Equivalence class edge cutting Consider the problem statement in §6.2.1. If 0 = 0
and tests are noise-free, this problem can be solved near-optimally by the equivalence class
edge cutting (EC2) algorithm |Golovin et al., 2010]. EC? employs an edge-cutting strategy
based on a weighted graph G = (H,£), where vertices represent hypotheses and edges link
hypotheses that we want to distinguish between. Here & £ {{h, h'} : r(h) # r(h’)} contains
all pairs of hypotheses that have different equivalence classes. We define a weight function
W : & — Rsg by W({h,h'}) = p(h) - p(h'). A sample z with label y is said to "cut" an
edge if at least one hypothesis is inconsistent with 3. Denote &(z,y) = {{h,h'} € £ : p(y |
z,h) =0V p(y | z,h') = 0} as the set of edges cut by labeling z as y. The EC? objective
is then defined as the total weight of edges cut by the current Dypain: fpe2 (Dirain) =
w (U($7y)eptrain & (x,y)) EC? algorithm greedily maximizes this objective per iteration.

The acquisition function for EC? is

AECQ (I | Dtrain) £ Ey [f (Dtrain U {(I, y)}) - f(Dtrain) ‘ Dtrain] . (6’1>

The equivalence class edge discounting algorithm In the noisy setting, the acquisi-
tion function of Equivalence Class Edge Discounting algorithm (ECED) [Chen et al., 2016]

takes undesired contribution by noise into account. Given a data point and its label (z,y),

p(ylh.z)

ECED discounts all model parameters by their likelihood ratio: Ap , = ) p(y 1R
y )

After we get Diyain, the value of assigning label y to a data point z is defined as the total
amount of edge weight discounted: §(z,y | Diyain) = Z{h,h’}eé‘ p(h, Digain)P(R', Dirain) - (1 —
Ay y)s where € = {{h, h'} = 7(h) # r(h')} consists of all unordered pairs of hypothesis
corresponding to different equivalence classes. Further, ECED augments the above value

function 6 with an offset value such that the value of a non-informative test is 0. The offset
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value of labeling  as label y is defined as: v(z,y | Diyain) = Z{h,h’}eg P(h, Dirain) PN, Dirain )

(1 — maxy, )\% y) The overall acquisition function of ECED is:

AECED (l’ ‘ Dtrain) = ]Ey [(5(I,y | Dtrain) - V(%?J | Dtrain)] . (6-2>

Limitation of existing EC-based algorithms Existing EC-based AL algorithms (e.g.,
EC2 [Golovin et al., 2010] and ECED [Chen et al., 2016]) are not directly applicable to
deep Bayesian AL tasks. This is because computing the acquisition function (i.e., Eq. (6.1)
and Eq. (6.2)) needs to integrate over the hypotheses space, which is intractable for large
models (such as deep BNN). Moreover, it is nontrivial to extend to batch-mode setting
since the number of possible candidate batches and the number of label configurations for
the candidate batch grows exponentially with the batch size. Therefore, we need efficient
approaches to approximate the ECED acquisition function when dealing with BNNs in both

fully sequential setting and batch-mode setting.

6.3 Owur Approach

We first introduce our acquisition function for the sequential setting, namely BALANCE
(as in Bayesian Active Learning via Equivalence Class Annealing), and then present the

batch-mode extension under both small and large batch-mode AL settings.

6.3.1 The BALanCe Acquisition Function

We resort to the Monte Carlo method to estimate the acquisition function. Given all available
labeled samples Dy, ,i, at each iteration, hypotheses w are sampled from the BNN posterior.
We instantiate our methods with two different BNN posterior sampling approaches: MC
dropout [Gal and Ghahramani, 2016] and ¢SG-MCMC |Zhang et al., 2019]. MC dropout is

easy to implement and scales well to large models and datasets very efficiently [Kirsch et al.,
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2019, Gal and Ghahramani, 2016, Gal et al., 2017]. However, it is often poorly calibrated
[Foong et al., 2020, Fortuin et al., 2021]. ¢SG-MCMC is more practical and indeed has
high-fidelity to the true posterior [Zhang et al., 2019, Fortuin et al., 2021, Wenzel et al.,
2020].

In order to determine if there is an edge {@w, @'} that connects a pair of sampled hypotheses
@, (i.e., if they are in different equivalence classes), we calculate the Hamming distance
dpi (@, &) between the predictions of &, &' on the unlabeled dataset Dy If the distance is
greater than some threshold 7, we consider the edge {&, &'} € E ; otherwise not. We define

the acquisition function of BALANCE for a set @1, = {1, ..., 73} as:

ABALANCE(@ 1 | Dirain) = By By ol op(w|Dysasn) L (o) >7 (1 - AW,yl;bAw’,y1:b> (6.3)

where Ay g, £ PWLblwT1h) 4 the likelihood ratio? [Chen et al., 2016], and 1, (

maxyll (Y. plw,1:p) W@}, )>T

is the indicator function. We can adaptively anneal 7 by setting 7 proportional to BNN’s
validation error rate ¢ in each AL iteration.

In practice, we cannot directly compute Eq. (6.3); instead we estimate it with sampled
BNN posteriors: We first acquire K pairs of BNN posterior samples {&,&'}. The Hamming
distances dp(w, ") between these pairs of BNN posterior samples are computed. Next, we
calculate the weight discount factor 1 — Ay, o b>‘o/ AL for each possible label y and each

pair {@, @'} where dy(@,&") > 7. At last, we take the expectation of the discounted weight

over all y;.; configurations. In summary, Agap,anCe(21.p) is approximated as
K
K2 Z Z P | )+ plyrs | &) Z H(Wk @), (1 - /\@k7y1:b/\@;€aylzb> - (64)

Y1:p k=1 k=1

Dirain 1s omitted for simplicity of notations. Note that in our algorithms we never

2. The likelihood ratio is used here (instead of the likelihood) so that the contribution of “non-informative
examples” (e.g., p(y., | w,x14) = const Vyi,,,w) is zeroed out.
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explicitly construct equivalence classes on BNN posterior samples, due to the fact that (1)
it is intractable to find the exact solution for the max-diameter clustering problem and (2)

an explicit partitioning of the hypotheses samples tends to introduce “unnecessary”

edges
where the incident hypotheses are closeby (e.g., if a pair of hypotheses lie on the adjacent
edge between two hypothesis partitions), and therefore may overly estimate the utility of
a query. Nevertheless, we conducted an empirical study of a variant of BALANCE with

explicit partitioning (which underperforms BALANCE). We defer detailed discussion on

this approach, as well as empirical study, to the

Algorithm 2 Active selection w/ Batch-BALANCE

1: input: Dj401,Dpool, aquisition batch size B, coldness parameter (3, threshold 7, and
downsampling subset size |C|.

2: draw K random pairs of BNN posterior samples {wy, @;c}i(:l

3. if B is sufficiently small (see §6.4.2) then

4. Ap « GreedySelection(Dp 01, Dpool; {c&k,@;ﬁ}?:l, 7, B) {see §6.3.2}

5: else

6:  downsample subset C C Dy, With p(z) ~ ABALANCE(iU)ﬁ

7. S1.p, 1.5 < BALANCE-Clustering(C, Dpool, {@k. W} Ho 1,7, 8, B) {see §6.3.3}
8  Ap <« p1.p

9: output: Ap

In the fully sequential setting, we choose one sample x with top Agar,ancg(2) in each
AL iteration. In the batch-mode setting, we consider two strategies for selecting samples
within a batch: greedy selection strategy for small batches and acquisition-function-driven
clustering strategy for large batches. We refer to our full algorithm as Batch-BALANCE

(algorithm 2) and expand on the batch-mode extensions in the following two subsections.

6.3.2 Greedy Selection Strategy

To avoid the combinatorial explosion of possible batch number, the greedy selection strat-
egy selects sample « with maximum Agapance(Z1:.5—1 U {x}) in the b-th step of a batch.
However, the configuration yy.; of a subset 1., expands exponentially with subset size b. In

7



order to efficiently estimate Agar,anCe(Z1.5), we employ an importance sampling method.
The current M configuration samples of y;.; are drawn by concatenating previous drawn M
samples of y1.,_1 and M samples of y;, (samples drawn from proposal distribution). The

pseudocode for the greedy selection strategy is provided in algorithm 3.

Algorithm 3 Greedy selection

1: input: a set of samples D, @pool, {@k,@]’g}szl, threshold 7, and B
2: Ag =10
3: for b € [B] do
4:  for all x € D\ Ay_; do
5: sz < AALance(Ap—1 U{z})
6: x4 arg maXy cp\ 4,_; Sz
Ap = Ap—1 U{zp}
output: batch Ag = {z1,...,2p}

=

*®

Importance sampling of configurations When b becomes large, it is infeasible to enu-
merate all label configurations y;.,. We use M MC samples of y;.;, to estimate the acquisition
function and importance sampling to further reduce the computational time3. Given that
p(y1.p | w) can be factorized as p(y1.5—1 | w) - p(yp | w), the acquisition function can be

written as:

ABatch—BALANCE(Z1:5 | Drain)
A
:Eylcb [Ep(w|ptrain)ldH(wk;W;C)>7 <1 o )‘w7y1:b>‘w’,y1:b>]
=B (o[ Dyrain) Ep (1 51) [EW,W’NP(wmmain)ldH(wk,w;)>T (1 - )‘w7y1:b>‘w’7y1;b>}

=K (o[ Dyrain) Ep (1.6 116) Ep(ys]) [Ew,wwp(wmtmm)ﬂdek,wg)w (1 - vaylzb%cylzb)]

3. A similar importance sampling procedure was proposed in Kirsch et al. [2019] to estimate the mutual
information. Here, we show how one can adapt the strategy to enable efficient estimation of Agateh—BALANCE-
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Suppose we have M samples of y;.;_1 from p(y1.p_1), we perform importance sampling using

p(y1.p—1) to estimate the acquisition function:

ABatch—BALANCE(T1:5 | Dirain)

B pWip—1 | w)
=E (| Divain) Ep(151) p(Y1p_1) Ep(yplw) [Eww’fvp(wlptram)ﬂdH(w,w’)>T (1 - vaylzb)‘wﬁym)}

p(ylzb—l | w)
)Ep( —

:]E ( P W‘Dtrain)]Ep(wa) p(yl :b— 1)

P(Y1:6-1 [vaw/’vp(w|ptrain)ﬂdH(Wawl)>7' (1 - )‘Myl:b)‘bu’,ykbﬂ

1 Z ZKZk 1 P(G1—1 [ @p)p (G | @) + (-1 | @) )p(e | &)

p(J1:-1)

Z/lb 1 Y

K

1

I Z ﬂdH(wk,w;)>T <1 - Ac&kﬁh:b)‘%,?h:b)
k=1

T ~ - / /
:(lﬂd . ) 1_P1:bjl®Pb®Pb1®P
K du(@p,wp)>7 Ayy All‘b

T ® OIT !
1 Pl P+ Py (P

M I (plzbfl + Pl b 1)

(6.5)

Here we save p(§1.5—1 | @) and p(gyp—1 | @) for M samples in Pyy_1 and P1 p—1- The
shape of pl:b—l and P 1.p—1 18 K X M. © is element-wise matrix multiplication and ® is
the outer-product operator along first dimension. After the outer product operation, we can
reshape the matrix by flattening all the dimensions after the 1st dimension. 1 is a matrix of
1s with shape K x 1. P1 e 1Pb and P{Tb 1P’ are of shape M x C and their sum is reshape
to 1 x MC after divided by 17 (Plzb,l + P 1)

Efficient implementation for greedy selection In algorithm 3, we can store p(9;1.5—1 |
&) in a matrix Pyy_q and p(gq.p_1 | @) in matrix Py for iteration b — 1. The shape of

Py_; and p{:b—l is K x C'~1. p(g | &) can be stored in Py, and p(j | @) in Pb' The
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shape of ﬁb and Pé is K x C. Then, we compute probability of p(7y.;) as follows:

p(¥1:p) = Zp (15 | @) + 001 | )
k 1
1 K
=5 2 PG1-1 | @)p(y | &%) + P11 | )G | &)
k=1
1

/T o
2K<P1 w10y + Ply_1 D).

The 131T bflpb and P1 b 1Pl can be flattened to shape 1 x C? after matrix multiplication.

~ A . . 1 ~f AL e .
We store maxg , | p(¥1:p—1 | @p) in a matrix Aq,_q and maxg (9141 | @) in & matrix

A1 .p—1- The shape of Ay p—1 and Al p—1 18 K x1. We can compute A\; inside edge weight

W, Y1:p

discount expression by

A=Ay 10 max Dby
i

P | Wx) = 2(U1:—1 | @k)p(@p | ©F) = Pry—1 @ Dy;

N - Pl @) P 1®Pb
WY1 maxg , p(Y1:p | W) Al b

©® is element-wise matrix multiplication and ® is the outer-product operator along the
first dimension. After the outer product operation, we can reshape the matrix by flattening
all the dimensions after 1st dimension to maintain consistency. Similarly, we can compute

All:b’ (Y1 | wk) and Ay with matrix operations. The indicator function 1 (

Y1 (W@, ) >T

can be stored in a matrix with shape K x 1. The acquisition function can be computed with

all matrix operations as follows:
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ABautcthALANCE(xlzb ’ Dirain)

=B (o[ Dirain) Ep(y1 51) [Ew,wwp(wmmm)ﬂdH<w,w'>>r (1 - Aw,ylzb&uayl:b)}

K K
1 N - . ~l 1
~ | 5ge 2o P [ on) + 2 | 91) | | 7o D2 La(ona))>r <1 - Awk,@l:bkw;,ylﬂ

Yi:b k=1 k=l

T > A D/ o)

1 Prpa®@by Py @B\ [ 1 o1 5 a7 5

B (fﬂD(@k%)W) (1 T AL O oic Pro1 o+ Piy1B)
: 1:b

T

Algorithm 4 BALANCE-Clustering

1: input: C C D)l Z_)pool? {cbk,djfﬂ}f:l, threshold 7, coldness parameter /3, and cluster
number B

2: sample initial centroids O = {uj}le C C with p(z) ~ AgALance(@)?

3: while O not converged do

4: for all z € C do

5: az < argmax; Iag . o (T, 1)

6: Sj+{re€C:ag=7j}

7. for all j € [B] do

Sy aramanyes; s, Tapanac, (7:0)

9: output: Sy.p, /1.

6.3.3 Stochastic Selection with Power Sampling and BA LanCe-Clustering

A simple approach to apply our new acquisition function to a large batch is stochastic batch
selection [Kirsch et al., 2021al, where we randomly select a batch with power distribution
p(z) ~ Aparance(®)?. We call this algorithm PowerBALANCE.

Next, we sought to further improve PowerBALANCE through a novel acquisition-function-

driven clustering procedure. Inspired by Kothawade et al. [2021], we define a novel infor-
81



mation measure Ix g ALANCE(x7 y) for any two data samples = and y based on our acquisition

function:

IAgALAncs (T3 Y) = ABALANCE(T) + ABALANCE(Y) — ABALANcE({Z:Y})  (6.6)

Intuitively, Ing o1 o, (%, y) captures the amount of overlap between z and y w.r.t. ABALANCE-
Therefore, it is natural to use it as a similarity measure for clustering and use the cluster
centroids as candidate queries. The BALANCE-Clustering algorithm is illustrated in algo-
rithm 4.

Concretely, we first sample a subset C C D01 With p(z) ~ Agar, anCg ()P similar to
[Kirsch et al., 2021al. The BALANCE-Clustering then runs an Lloyd’s algorithm (with a
non-Euclidean metric) to find B cluster centroids (see Line 3-8 in algorithm 4): it takes the
subset C, {&p, (I}k}szl, threshold 7, coldness parameter 3, and cluster number B as input. It
first samples initial centroids @ with p(z) ~ AgaLance(@)?. Then, it iterates the process
of adjusting the clusters and centroids until convergence and outputs B cluster centroids as

candidate queries.

6.4 Experiments

In this section, we sought to show the efficacy of Batch-BALANCE on several diverse

datasets, under both small batch setting and large batch setting.

6.4.1 Datasets

In the main paper, we consider four datasets (i.e. MNIST [LeCun et al., 1998|, Repeated-
MNIST [Kirsch et al., 2019, Fashion-MNIST [Xiao et al., 2017] and EMNIST [Cohen et al.,
2017]) as benchmarks for the small-batch setting, and two datasets (i.e. SVHN [Netzer

et al., 2011], CIFAR |Krizhevsky et al., 2009]) as benchmarks for the large-batch setting.
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The reason for making the splits is that for the more challenging classification tasks on SVHN
and CIFAR-10, the performance improvement for all baseline algorithms from a small batch
(e.g., with batch size < 50) is hardly visible. We split each dataset into unlabeled AL
pool Dpool initial training dataset Diy,in, validation dataset Dy, test dataset Diegt, and
unlabeled dataset ﬁpool' @pool is only used for calculating the Hamming distance between

hypotheses and is never used for training BNNs.

MNIST. We randomly split the MNIST training dataset into D, with 10,000 samples,
ijool with 10,000 samples, and Dy, with the rest. The initial training dataset contains 20
samples with 2 samples in each class chosen from the AL pool. The BNN model architecture
is similar to Kirsch et al. [2019]. It consists of two blocks of [convolution, dropout, max-

pooling, relu| followed by a two-layer MLP that a two-layer MLP and one dropout between

the two layers. The dropout probability is 0.5 in the dropout layers.

Repeated-MNIST. Kirsch et al. [2019] show that applying BALD to a dataset that
contains many (near) replicated data points leads to poor performance. We again randomly
split the MNIST training dataset similar to the settings used on the MNIST dataset. We
replicate all the samples in the AL pool two times and add isotropic Gaussian noise with a
standard deviation of 0.1 after normalizing the dataset. The BNN architecture is the same

as the one used on the MNIST dataset.

EMNIST. We further consider the EMNIST dataset under 3 different settings: EMNIST-
Balanced, EMNIST-ByClass, and EMNIST-ByMerge. The EMNIST-Balanced contains 47
classes with balanced digits and letters. EMNIST-ByMerge includes digits and letters for
a total of 47 unbalanced classes. EMNIST-ByClass represents the most useful organization
for classification as it contains the segmented digits and characters for 62 classes comprising

[0-9],|a-z], and [A-Z]. We randomly split the training set into Dy, with 18,800 images, T)pool
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with 18,800 images, and D, with the rest of the samples. Similar to Kirsch et al. [2019],
we do not use an initial dataset and instead perform the initial acquisition step with the
randomly initialized model. The model architecture contains three blocks of [convolution,
dropout, max-pooling, relu|, with 32, 64, and 128 3x3 convolution filters and 2x2 max
pooling. We add a two-layer MLP following the three blocks. 4 dropout layers in total are

in each block and MLP with a dropout probability of 0.5.

Fashion-MNIST Fashion-MNIST is a dataset of Zalando’s article images that consists
of a training set of 60,000 examples and a test set of 10,000 examples. Each example is
a 28x28 grayscale image, associated with a label from 10 classes. We randomly split the
Fashion-MNIST training dataset into Dy, with 10,000 samples, ﬁpool with 10,000 samples,
and Dy, with the rest of the samples. We obtain the initial training dataset that contains
20 samples with 2 samples in each class randomly chosen from the AL pool. The model
architecture is similar to the one used on the EMNIST dataset with 10 units in the last

MLP.

SVHN We randomly select initial training dataset with 5,000 samples, Z_)pool with 2,000

samples, and validation dataset D, with 5,000 samples. Similarly for CIFAR-10 dataset,

CIFAR we random select initial training dataset with 5,000 samples, ﬁpool with 5,000

samples, and validation dataset D, with 5,000 samples.

6.4.2 FEzxperimental Setup

BNN models At each AL iteration, we sample BNN posteriors given the acquired training
dataset and select samples from D1 to query labels according to the acquisition function
of a chosen algorithm. To avoid overfitting, we train the BNNs with MC dropout at each
iteration with early stopping. for MNIST, Repeated-MNIST, EMNIST, and FashionMNIST,
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we terminate the training of BNNs with a patience of 3 epochs. For SVHN and CIFAR-10,
we terminate the training of BNNs with a patience of 20 epochs. The BNN with the highest
validation accuracy is picked and used to calculate the acquisition functions. Additionally,
we use weighted cross-entropy loss for training the BNN to mitigate the bias introduced by
imbalanced training data. The BNN models are reinitialized in each AL iteration similar
to Gal et al. [2017], Kirsch et al. [2019]. It decorrelates subsequent acquisitions as the final
model performance is dependent on a particular initialization. We use Adam optimizer
[Kingma and Ba, 2017| for all the models in the experiments.

For ¢SG-MCMC, we use ResNet-18 [He et al., 2016] and run 400 epochs in each AL
iteration. We set the number of cycles to 8 and the initial step size to 0.5. 3 samples are

collected in each cycle.

Acquisition criterion for Batch-BALANCE under different bach sizes For small
AL batch with B < 50, Batch-BALANCE takes the greedy selection approach. For large
AL batch with B > 50, BALANCE takes the clustering approach described in §6.3.3. In the
small batch-mode setting, if b < 4, Batch-BALANCE enumerates all y;., configurations to
compute the acquisition function A(Batch—)B ALanCg according to Eq. (6.4); otherwise, it
uses M = 10,000 MC samples of y;.;, and importance sampling to estimate Agatch—BALANCE
according to Eq. (6.5). All our results report the median of 6 trials, with lower and upper

quartiles.

Baselines For the small-batch setting, we compare Batch-BALANCE with Random, Varia-
tion Ratio [Freeman and Freeman, 1965|, Mean STD |[Kendall et al., 2015] and BatchBALD.
To the best of the authors’ knowledge, Batch-BALD still achieves state-of-the-art perfor-
mance for deep Bayesian AL with small batches. For large-batch setting, it is no longer
feasible to run BatchBALD |[Citovsky et al., 2021]; we consider other baseline models both

in Bayesian setting, e.g., PowerBALD, and Non-Bayesian setting, e.g., CoreSet and BADGE.
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AL algorithms Complexity

Mean STD O (|Dpool| (CK +log B))
Variation Ratio (@] (|Dpool|(CK +log B))
PowerBALD (@] (|Dp001|(CK + log B))
BatchBALD O (|Dpool| BMK)
CoreSet (2-approx) O(|Dpool | HB)
BADGE O(|Ppool| HC B?)
PowerBALANCE O (|Dpool|(C - 2K +log B))

Batch-BALANCE

(GreedySelection)

Batch-BALANCE
(BALANCE-Clustering)

O (\Dp001| BM - 2K)

O(|Dpool|C - 2K +|C|*(C? - 2K + T))

Table 6.1: Computational complexity of AL algorithms.

6.4.3 Computational Complexity Analysis

Table 6.1 shows the computational complexity of the batch-mode AL algorithms evaluated
in this paper. Here, C' denotes the number of classes, B denotes the acquisition size, K is
the pair number of posterior samples and M is the sample number for y;.; configurations.
We assume the number of the hidden units is H. T is # iterations for BALANCE-Clustering
to converge and is usually less than 5. In Figure. 6.3 we plot the computation time for
a single batch (in seconds) by different algorithms. As the batch size increases, variants
of Batch-BALANCE (including Batch-BALANCE and PowerBALANCE as its special case)
both outperform CoreSet in run time. In later subsections, we will demonstrate that this

gain in computational efficiency does not come at a cost of performance.

6.4.4 Batch-mode Deep Bayesian AL with Small Batch Size

We compare 5 different models with acquisition sizes B = 1, B = 3, and B = 10 on the
MNIST dataset. K = 100 for all the methods. The threshold 7 for Batch-BALANCE is
annealed by setting 7 to £/2 in each AL loop. Note that when B = 3, we can compute the

acquisition function with all y.; configurations for b = 1,2,3. When b > 4, we approximate
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Figure 6.3: Run time vs. batch size.

the acquisition function with importance sampling. Figure. 6.4 (a)-(c) show that Batch-
BALANCE are consistently better than other baseline methods for the MNIST dataset.

We then compare Batch-BALANCE with other baseline methods on three datasets with
balanced classes—Repeated-MNIST, Fashion-MNIST, and EMNIST-Balanced. The acqui-
sition size B for Repeated-MNIST and Fashion-MNIST is 10 and is 5 for the EMNIST-
Balanced dataset. The threshold 7 of Batch-BALANCE is annealed by setting 7 = £/4%.
The learning curves of accuracy are shown in Figure. 6.4 (d)-(f). For the Repeated-MNIST
dataset, BALD performs poorly and is worse than random selection. BatchBALD is able
to cope with the replication after a certain number of AL loops, which is aligned with the
result shown in Kirsch et al. [2019]. Batch-BALANCE is able to beat all the other methods
on this dataset.

For the Fashion-MNIST dataset, Batch-BALANCE outperforms random selection but
the other methods fail. For the EMNIST dataset, Batch-BALANCE is slightly better than
BatchBALD.

4. Empirically we find that 7 € [¢/8, /2] works generally well for all datasets.
87



(a) MNIST (b) MNIST (c) MNIST (d) Repeated-MNIST
3, K =100 B=1

B=1, K =100 B

0, K = 100 B=10,K =100

(e) Fashion-MNIST  (f) EMNIST-Balanced () (h) EMNIST-ByClass

B =10, K =100 B=5 K=10 EMNIST-ByMerge B=5 K=10
B=5 K=10

Figure 6.4: Experimental results on MNIST, Repeated-MNIST, Fashion-MNIST, EMNIST-
Balanced, EMNIST-ByClass, and EMNIST-ByMerge datasets in the small-batch regime.
For all plots, the y-axis represents accuracy and z-axis represents the number of queried
examples.

We further compare different algorithms with two unbalanced datasets: EMNIST-ByMerge
and EMNIST-ByClass. The 7 for Batch-BALANCE is set £/4 in each AL loop. B = 5 and
K =10 for all the methods. As pointed out by Kirsch et al. [2019], BatchBALD performs
poorly in unbalanced dataset settings. BALANCE and Batch-BALANCE can cope with the

unbalanced data settings. The result is shown in Figure. 6.4 (g) and (h).

6.4.5 FEffect of Different Choices of Hyperparameters

We compare BALD and BALANCE with batch size B = 1 and different K’s on an imbalanced
MNIST dataset which is created by removing a random portion of images for each class in

the training dataset. Figure. 6.5 (a) shows that BALANCE performs the best with a large
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margin to the curve of BALD. Note that BALANCE with K = 50 is also better than BALD
with K = 100.
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(a) ACC vs. # samples for different K’s. (b) ACC vs. # samples for different 7’s.

Figure 6.5: Learning curves of different K and 7 for BALANCE.

We also study the influence of 7 for BALANCE on the MNIST dataset. Denote the
validation error rate of the BNN model by e. BALANCE with fixed 7 = 0.05,0.15,0.3 and
annealing 7 = £/2,¢/4,¢/8 are run on MNIST dataset and the learning curves are shown in
Figure. 6.5 (b). The BALANCE is robust to 7. However, when 7 is set to 0.3 and the test
accuracy gets around 0.88, the accuracy improvement becomes slow. The reason for this
slow improvement is that the threshold 7 is too large and all the pairs of posterior samples
are treated as in the same equivalence class and the acquisition functions for all the samples
in the AL pool are zeros. In other words, the BALANCE degrades to random selection when
T is too large.

We further pick a data point from this imbalanced MNIST dataset and gradually increase
the posterior sample number K to estimate the acquisition function value Agat,ance for

this data point. For each posterior sample number K, we estimate the acquisition function
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Figure 6.6: Estimated acquisition function values Agar,ancg of BALANCE vs. posterior
sample number K

Aparance 10 times with 10 sets of posterior sample pairs. The mean and std for this K

are calculated and shown in Figure. 6.6.

6.4.6  Experiments on Tabular Datasets

We compare different AL algorithms on tabular datasets including Human Activity Recog-
nition Using Smartphones Data Set [Anguita et al., 2013] (HAR), Gas Sensor Array Drift
[Vergara et al., 2012] (DRIFT), and Dry Bean Dataset [Koklu and Ozkan, 2020], as well as
a more difficult dataset CINIC-10 |Darlow et al., 2018].

HAR, DRIFT and Dry Bean Dataset We run 6 AL trials for each dataset and algo-
rithm. In each iteration, the BNNs are trained with a learning rate of 0.01 and patience
equal to 3 epochs. The BNNs all contain three-layer MLP with ReLU activation and dropout
layers in between. The datasets are all split into a starting training set, validation set, testing

set, and AL pool. The AL pool is also used as @pool' The 7 for Batch-BALANCE is set /4
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in each AL loop. See Table 6.2 for more experiment details of these 3 datasets.

dataset  val set size test set size hidden unit # sample # per epoch K B

HAR 2K 2,947 (64,64) 4,096 20 10
DRIFT 2K 2K (32,32) 4,096 20 10
Dry Bean 2K 2K (8,8) 8,192 20 10

Table 6.2: Experment details for HAR, DRIFT and Dry Bean Dataset

The learning curves of all 5 algorithms on these 3 tabular datasets are shown in Fig-
ure. 6.7. Batch-BALANCE outperforms all the other algorithms for these 3 datasets. For
the HAR dataset, both Batch-BALANCE and BatchBALD work better than random selec-
tion. In Figure. 6.7 (b) and (c), Mean STD, Variation Ratio, and BatchBALD perform worse

than random selection. We find a similar effect for some other imbalanced datasets.

g ,\\/

—— Random 0.65

—— BatchBALD

aria
—— Batch-BALANCE

50 7100 125 150 175 200 2 50 100 125 200 25 50 75100 125 150 175 200
number of labeled samples number of labeled samples number of labeled samples

(a) ACC, HAR dataset (b) ACC, DRIFT dataset  (c) ACC, Dry Bean Dataset

Figure 6.7: Experimental results on 3 tabular datasets. For all plots, the y-axis represents
accuracy and x-axis represents the number of queried examples.

CINIC-10 CINIC-10 is a large dataset with 270K images from two sources: CIFAR-10
[Krizhevsky et al., 2009] and ImageNet [Rasmus et al., 2015]. The training set is split into an
AL pool with 120K samples, 40K @pool samples, 20K validation samples, and 200 starting
training samples with 20 samples in each class. We use VGG-11 as the BNN. The number
of sampled MC dropout pairs is 50 and the acquisition size is 10. We run 6 trials for this

experiment. The learning curves of 5 algorithms are shown in Figure. 6.8. We can see from
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Figure. 6.8 that Batch-BALANCE performs better than all the other algorithms by a large

margin in this setting.
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—— Batch-BALANCE
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number of labeled samples

Figure 6.8: ACC vs. # samples on the CINIC-10 dataset.

Repeated-MNIST with different amounts of repetitions In order to show the effect
of redundant data points on BathBALD and Batch-BALANCE, we ran experiments on
Repeated-MNIST with an increasing number of repetitions. The learning curves of accuracy
for Repeated-MNIST with different repetition numbers can be seen in Figure. 6.9. A detailed
model accuracy on the test dataset when the acquired training dataset size is 130 is shown in
Table 6.3. Even though Batch-BALANCE can improve data efficiency [Kirsch et al., 2019],
there are still large gaps between the learning curves of Batch-BALD and Batch-BALANCE
and the gaps become larger when the number of repetitions increases.

In order to compare our algorithms with other AL algorithms in this small batch size
regime, we further run PowerBALANCE, PowerBALD, BADGE, and CoreSet on the Repeated-
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Figure 6.9: Performance of Random selection, BatchBALD, and Batch-BALANCE on

Repeated-MNIST for an increasing number of repetitions.

For all plots, the y-axis rep-

resents accuracy and the x-axis represents the number of queried examples. We can see that
BatchBALD also performs worse as the number of repetitions is increased. Batch-BALANCE
outperforms BatchBALD with large margins and remains similar performance across differ-

ent numbers of repetitions.

MNIST with repeat number 3. As shown in Figure. 6.10, Batch-BALANCE achieves the best

performance. Note that both PowerBALD and PowerBALANCE are efficient in selecting AL

batch and show similar performance compared to the BADGE algorithm.
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Figure 6.10: ACC vs. # samples on RepeatedMNIST dataset with repeat number 3.

CIFAR-100 For CIFAR-100, we use 100 fine-grained labels. The dataset is split into
an initial training dataset with 5,000 samples, T)pool with 5,000 samples, and a validation
dataset Dy, with 5,000 samples. The experiment is conducted with batch size B = 5,000
and a budget of 25,000. The ¢SG-MCMC is used for BNN with epoch number 200, initial
step size 0.5, and cycle number 4. We can see in Figure. 6.11 that both PowerBALANCE

and Batch-BALANCE perform well in this dataset.

6.4.7 Additional Evaluation Metrics

Besides accuracy, we compared macro-average AUC, macro-average F1, and NLL for 5 dif-
ferent methods on EMNIST-Balanced and EMNIST-ByMerge datasets in Figure. 6.12. The
acquisition size for all the AL algorithms is 5. Batch-BALANCE is annealed by setting

T = ¢/4. A macro-average AUC computes the AUC independently for each class and then
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Figure 6.11: ACC vs. # samples, cSG-MCMC, CIFAR-100

takes the average. Both macro-average AUC and macro-average F1 take class imbalance into
account. As shown in Figure. 6.12, Batch-BALANCE attains better data efficiency compared
with baseline models on both balanced and imbalanced datasets.

We also evaluated the negative log-likelihood (NLL) for different AL algorithms. NLL
is a popular metric for evaluating predictive uncertainty |Quinonero-Candela et al., 2005].
As shown in Figure. 6.12, Batch-BALANCE maintains a better or comparable quality of

predictive uncertainty over test data.

6.4.8 BALanCe via Explicit Partitioning over the Hypothesis Posterior

Samples

Another way of estimating the acquisition function is to construct the equivalence classes

explicitly first (e.g. by partitioning the hypothesis spaces into k Voronoi cells via max-

95



EMNIST-Balanced

&)
)
g
=
=
o
=
2
Z.
=
(a) Macro-average (b) Macro-average F1 (c) NLL
AUC

Figure 6.12: Compare different metrics for EMNIST-Balanced and EMNIST-Bymerge

diameter clustering and calculate the weight discounts of edges that connect different equiv-
alence classes. Intuitively, explicitly constructing equivalence classes may introduce unnec-
essary edges as two closeby hypotheses can be partitioned into different equivalence classes;
therefore leading to an overestimate of the edge weight discounted. We call this algorithm
BALANCE-Partition.

In order to compare with BALANCE and Batch-BALANCE, we sampled K pairs of
MC dropouts to estimate the acquisition function of BALANCE-Partition. All the repre-
sentations of 2K MC dropouts on Z_)pool are generated. We run FFT |Gonzalez, 1985] with
Hamming distances and threshold 7 on these representations to get approximated ECs. Each
data point has at most 7 Hamming distance to the corresponding cluster center. FFT is a
2-approx algorithm and the optimal solution with the same cluster number has cluster diam-
eter > §. After equivalence classes are returned, BALANCE-Partition calculates the edges

discounts of all edges that connect different equivalence classes and estimates the acquisition
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function values of each data sample in the AL pool.

Although a faster method that utilizes complete homogeneous symmetric polynomials
[Javdani et al., 2014] can be implemented to estimate the acquisition function values for
BALANCE-Partition, experiments in Figure. 6.13 show that BALANCE-Partition can not
achieve better performance than BALANCE and increasing the MC dropout number does

not improve performance significantly.
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Figure 6.13: ACC vs. # samples for BALANCE-Partition and BALANCE.

Method repeat 1 time repeat 2 times repeat 3 times repeat 4 times
Random 0.887 +0.017 0.8834+0.012 0.881 £0.013  0.895 £ 0.009
BatchBALD 0.917 +0.005 0.892+0.023 0.883 £0.025 0.881+0.014
Batch-BALANCE 0.926 +£0.008 0.923 +0.008  0.929 +0.004 0.927 +0.010

Table 6.3: Mean£STD of test accuracies when acquired training set size is 130

6.4.9 Batch-mode Deep Bayesian AL with Large Batch Size

Batch-BALANCE with MC dropout We test different AL models on two larger datasets

with larger batch sizes. The acquisition batch size B is set to 1,000 and 7 = ¢/8. We use
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Figure 6.14: Performance on SVHN and CIFAR-10 datasets in the large-batch regime.

VGG-11 as the BNN and train it on all the labeled data with patience equal to 20 epochs in
each AL iteration. The VGG-11 is trained using SGD with a fixed learning rate of 0.001 and
momentum of 0.9. The size of C for Batch-BALANCE is set to 2B. Similar to PowerBALD
[Kirsch et al., 2021a|, we also find that PowerBALanCe and BatchBALanCe are insensitive
to f and B = 1 works generally well. We thus set the coldness parameter § = 1 for all
algorithms.

The performance of different AL models on these two datasets is shown in Figure. 6.14
(a) and (b). PowerBALD, PowerBALANCE, BADGE, and BatchBALANCE get similar per-
formance on SVHN dataset. For the CIFAR-10 dataset, BatchBALANCE shows compelling

performance. Note that PowerBALANCE also performs well compared to other methods.

Batch-BALANCE with ¢cSG-MCMC We test different AL models with ¢cSG-MCMC
on CIFAR-10. The acquisition batch size B is 5,000. The size of C for Batch-BALANCE is
set to 3B. In order to apply the CoreSet algorithm to BNN, we use the average activations of
all posterior samples’ final fully-connected layers as the representations. For BADGE, we use
the label with maximum average predictive probability as the hallucinated label and use the

average loss gradient of the last layer induced by the hallucinated label as the representation.
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Figure 6.15: ACC vs. # samples, multi-chain ¢SG-MCMC, CIFAR-10

We can see from Figure. 6.14 (c) that Batch-BALANCE achieves the best performance.

6.4.10 Batch-BALanCE with Multi-chain ¢SG-MCMC

c¢SG-MCMC can be improved by sampling with multiple chains [Zhang et al., 2019]. In
order to evaluate different AL algorithms with this improved parallel ¢cSG-MCMC method,
we conduct experiment on the CIFAR-10 dataset with batch size B = 5,000. We sample
posteriors with 3 chains. Each chain trains the model 200 epochs. The cycle number for
each chain is 4 and 3 posterior samples are collected in each cycle. The result is shown in

Figure. 6.15, Batch-BALANCE achieves better performance than BADGE.
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6.5 Conclusion

We have proposed a scalable batch-mode deep Bayesian active learning framework, which
leverages the hypothesis structure captured by equivalence classes without explicitly con-
structing them. Batch-BALANCE selects a batch of samples at each iteration, which can
reduce the overhead of retraining the model and save labeling effort. By combining in-
sights from decision-theoretic active learning and diversity sampling, the proposed algo-
rithms achieve compelling performance efficiently on active learning benchmarks both in
small batch- and large batch-mode settings. Given the promising empirical results on the
standard benchmark datasets explored in this paper, we are further interested in under-
standing the theoretical properties of the equivalence annealing algorithm under controlled

studies as future work.
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CHAPTER 7
CONCLUSION AND OUTLOOK

7.1 Conclusion and Discussion

This dissertation has made several significant contributions to the field of machine learning
with a focus on the analysis of histopathology images in low-data regimes. The primary goal
was to develop and evaluate methods that enhance the efficiency and effectiveness of machine
learning applications from caption generation and image classification to active learning
strategies and representation learning. Each of these contributions not only addresses specific
challenges within the field but also opens up new avenues for research and application.

The introduction of the PathCap and PathHyperbolic models represents a foundational
advancement in the use of deep learning for interpreting complex medical images. The Path-
Cap model leverages multi-scale views to generate accurate, informative captions for whole-
slide histopathology images, significantly outperforming baseline models. This not only aids
in standardizing clinical ontologies but also improves the accessibility and annotation quality
of medical images, which is critical for both educational and diagnostic purposes in medi-
cal fields. Similarly, the PathHyperbolic model integrates hyperbolic spaces with attention
mechanisms to enhance image classification tasks. This novel approach has shown superior
performance by effectively highlighting discriminative structures across various scales, thus
providing a more nuanced analysis than traditional models. The success of these models
demonstrates the potential of advanced machine learning techniques in transforming med-
ical image analysis, offering more precise and interpretable results that can greatly benefit
clinical practices.

The development of the Batch-BALANCE algorithm underlines the effectiveness of using
deep Bayesian active learning frameworks to manage the scarcity of labeled data in medical

imaging fields. By innovatively applying decision-theoretic principles and combinatorial
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optimization, this approach not only refines the model’s learning process but also significantly
reduces the cost and effort required in data annotation. Batch-BALANCE’s capability to
efficiently select informative samples from large datasets without compromising performance
is a critical enhancement that promises to streamline workflows in clinical image analysis.

The exploration of representation learning using coarse-grained labels has set a new
precedent in the utilization of available data. By focusing on the hierarchical relationships
between different data granularities, the proposed few-shot learning algorithm efficiently
predicts fine-grained labels even from limited data. This approach not only circumvents the
challenge of acquiring extensive fine-grained annotations but also maximizes the predictive
performance using minimal resources, showcasing the feasibility of sophisticated machine
learning models in resource-constrained settings.

In conclusion, this dissertation represents a significant leap forward in applying machine
learning to enhance histopathology image analysis in scenarios characterized by data scarcity.
By introducing groundbreaking models like PathCap and PathHyperbolic, and by advancing
active learning strategies through the Batch-BALANCE algorithm, this work has effectively
pushed the boundaries of what is achievable in medical image analysis. Furthermore, the
innovative use of representation learning with coarse-grained labels exemplifies a smart ap-
proach to overcoming common data limitations in medical settings. These contributions not
only fulfill the dissertation’s primary goals but also establish a solid foundation for future
research, offering promising pathways for both academic exploration and practical imple-
mentation in medical diagnostics and education. The techniques developed here hold the
potential to significantly influence clinical practices and patient outcomes by enhancing the

accuracy and efficiency of medical diagnostics through advanced machine learning.
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Future Directions

We require an efficient and precise analysis system for histopathology images. The devel-
opment of such systems requires collaborative, interdisciplinary approaches that translate
diverse sources of raw information into accessible scientific insight. To this end, more re-
search can be done to expand upon a strong foundation built by our past and current
research. Furthermore, some efficient strategies can be designed to use available data and

make effective use of data from more recent technologies.

Active Data Acquisition and Subset Selection from Source Domain

Transfer learning/broad transfer [[lharco et al., 2022] offers great potential to adapt founda-
tion models to specialized domains. However, the domain shift poses intertwined challenges
for active data acquisition and (robust) subset selection from the source domain. The goal
is to optimize the transfer learning/broad transfer process by judiciously utilizing data from
related but distinct source domains. This involves identifying and leveraging subsets of
source domain data that are most beneficial for specific downstream tasks. The core chal-
lenge in both tasks lies in establishing robust methodologies to determine the relevance and

adaptability of source data.

Active data acquisition from source domain By actively acquiring data from loosely
related source domains, we could leverage the lower cost of annotation in these domains
to bolster the performance on more complex downstream tasks. The strategic selection of
subsets from the source domain, which offer gradients aligned with the downstream task,
could optimize the transfer learning process. This approach hinges on developing robust
methods for identifying which source domain data will produce gradient alignment, thereby
facilitating more efficient and effective learning. Further exploration into this area may also

involve understanding the limits of domain adaptability and the extent to which data from
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the source domain can be used. Such advancements could significantly reduce the need for
expensive labeling efforts in specialized domains and enhance the practicality of machine

learning models in various applications.

(Robust) subset selection from source domain Understanding and quantifying the
relationship between source and target domains in transfer learning and few-shot learning can
be challenging, especially when they are not closely related. The research should aim to tackle
this by considering various degrees of relatedness and types of data representation. More
research is needed to establish criteria and develop algorithms to assess the “transferability”
of source data based on how well it aligns with the gradient directions beneficial for the
target task. This may include creating metrics for gradient alignment which quantify the

relevance of source domain data to the target task’s learning process.

Integration with Vision-Language Models and Prompt Learning

Classifying WSIs presents significant challenges due to the vast number of unlabeled patches
within each slide, compounded by the availability of only slide-level labels. This scarcity
of detailed labels poses substantial hurdles for both the performance and interpretability
of models in histopathology. To address these issues, advanced foundation models can be
leveraged with the goal of enhancing both the performance and interpretability of models
in analyzing histopathology images. This direction aims to provide a more nuanced under-
standing and precise classification of WSIs, bridging the gap between abundant data and

limited labeling.

Improve model performance with prompt learning Future research may explore
the potential of integrating prompt learning with vision-language models to enhance whole
slide image classification, particularly in few-shot learning scenarios. The proposed direction

involves developing a prompt-guided pooling mechanism that leverages the Transformer ar-
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chitecture’s ability to capture complex dependencies. This method could potentially allow
for the prioritization and effective integration of patch-level information, aiming to extract
more robust slide-level features. Such an approach might address the challenges inherent in
the vast and complex nature of pathological slides, where each patch’s relevance can vary
dramatically and important diagnostic features may be sparsely distributed. If successful,
this strategy could not only improve the model’s discriminatory power but also contribute
to more nuanced and interpretable Al-driven diagnostics. Furthermore, the adaptability of
prompt learning might enable customizable tuning of the model to specific types of pathol-
ogy, potentially obviating the need for extensive retraining or new data collection, thus

positioning it as a candidate for rapid, efficient, and scalable deployment in clinical settings.

Enhance visualization with prompt learning Foundation models hold promise for en-
hancing the interpretability and visualization of histopathology image models. A potential
research direction involves the integration of additive multiple instance learning [Javed et al.,
2022] with foundation models. Additive multiple-instance learning provides a framework
that not only boosts model performance but also enhances interpretability. By attributing
explicit spatial credit, this approach enables a more detailed understanding of model deci-
sions, which closely aligns with the diagnostic regions identified by pathologists and offers
clearer and more relevant insights than traditional attention mechanisms. The envisioned re-
search path could include merging additive multiple-instance learning with prompt learning
to further enhance the model’s visualization and interpretative capabilities. This combined
approach is anticipated to leverage the strengths of both methodologies, potentially pro-
viding deep insights into machine learning-driven diagnostics, especially useful in few-shot

learning scenarios where data scarcity poses significant challenges.
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Integration with Next-generation Molecular Profiling Technology

The intricate spatial geometry of tissue biopsies, which is indicative of complex cellular in-
teractions, represents a rich dataset for advancing representation learning in computational
biology. The emergence of spatial transcriptomics (ST) [Stahl et al., 2016] techniques has
significantly enhanced our ability to measure RNA expressions within these cellular microen-
vironments, offering a novel perspective for enriching the data fidelity of single-cell RNA
sequencing (scRNA-seq) and histopathology image analysis. However, current images pro-
duced by ST are often of low magnification, and the RNA expression data they yield can be
marred by high levels of noise. This poses a significant hurdle in accurately interpreting the
complex interplay of cellular activities and understanding the nuanced spatial relationships
within tissues. Overcoming these limitations requires developing computational methods
capable of extracting meaningful insights from noisy expression data and low-magnification
images, thereby unlocking the full potential of ST for revolutionizing our understanding of

cellular mechanisms and disease pathology.

Improve identification of spatially varying genes and cell types The potential
refinement of integrating ST data with H&E stained images could be explored through
automated region alignment and simulation of gene expression across these aligned regions
within a unified algorithmic framework. This approach aims to automate the intricate process
of identifying and characterizing inflammatory conditions, such as those seen in inflammatory
bowel disease (IBD), across the intestinal walls. Such integration could potentially enhance
the precision and efficiency of disease characterization by augmenting pathologists’ expertise
with machine learning capabilities. This could contribute significantly to the development
of targeted therapies. Moreover, this strategy may represent a step toward automated,
scalable analysis of histopathological data, potentially facilitating rapid and informed clinical

decision-making.
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Improve representation learning with ST Future research might capitalize on the dual
perspectives provided by ST microscope imaging and single-cell RNA sequencing (scRNA-
seq) data. This could be achieved by employing contrastive learning or multi-view learning
paradigms to refine representation learning models. Such approaches have the potential
to create more nuanced and informative representations that more accurately capture the
biological complexity of tissue samples. The prospect of these enhanced representations rev-
olutionizing the understanding of cellular mechanisms is considerable. Additionally, quanti-
tatively evaluating the improvements in representations for scRNA-seq and histopathology
images could establish measurable benchmarks for progress in this field. This direction could
potentially pave the way for novel diagnostic and therapeutic strategies that are informed

by deeper, data-driven insights.
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APPENDIX A
APPENDIX FOR ENHANCING INSTANCE-LEVEL IMAGE
CLASSIFICATION WITH SET-LEVEL LABELS

A.1 Training Details

A.1.1  Pretrain with Unique Class Number and Most Frequent Class of Input

Sets

In our study, an epoch refers to going through all the input sets in the dataset once. SimSiam
is trained for 2,000 epochs using a batch size of 512. SGD is employed with a learning rate
of 0.1, weight decay of le-4, and momentum of 0.9. The training process incorporates a
cosine scheduler. Similarly, SiImCLR is trained for 2,000 epochs with a batch size of 256 and
a temperature of 0.07. SGD is used with a learning rate of 0.05, weight decay of le-4, and
momentum of 0.9. The training also utilizes a cosine scheduler.

We train FSP-Patch for 800 epochs with a batch size of 256. The SGD is used with a
weight decay of le-4, momentum of 0.9, and cosine scheduler.

FACILE-FSP is trained for 800 epochs with a batch size of 64. SGD is used with a
learning rate of 0.0125, weight decay of le-4, and momentum of 0.9. ¢; loss is optimized
for pretraining with unique class numbers of input sets. For FACILE-SupCon, we train the
model with 2,000 epochs and a batch size of 256. An additional temperature parameter is set
to 0.07. The SGD is used with a learning rate of 0.05, weight decay of 1le-4, and momentum
of 0.9.

A.1.2  Fine-tune ViT-B/16 of CLIP with CUB200

SimSiam is trained for 400 epochs using a batch size of 64. SGD is used with an initial

learning rate of 0.0125, weight decay of 1le-4, and momentum of 0.9. The cosine scheduler is
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used for the optimizer. SimCLR is also trained for 400 epochs with a batch size of 64. An
additional temperature parameter is set to 0.07. SGD is used with a learning rate of 0.0125,
weight decay of le-4, and momentum of 0.9. The training also uses a cosine scheduler.
FACILE-FSP is trained for 200 epochs with a batch size of 64. SGD is used with a
learning rate of 0.0125, weight decay of le-4, and momentum of 0.9. For FACILE-SupCon,
we train the model with 800 epochs and a batch size of 64. An additional temperature
parameter is set to 0.07. The SGD is used with an initial learning rate of 0.0125, weight
decay of le-4, and momentum of 0.9. Both models’ training utilized a cosine annealing

scheduler.

A.1.8 Pretrain ResNet18 with TCGA and GTEx Dataset

In SimSiam, SimCLR, and FSP-Patch models, the data loader samples one patch for each
slide. In FACILE-FSP and FACILE-SupCon, the data loader samples a set of a patches for
each slide.

SimSiam is trained for 5,000 epochs using a batch size of 55. SGD is employed with
a learning rate of 0.01, weight decay of le-4, and momentum of 0.9. The training process
incorporates a cosine scheduler. Similarly, SimCLR is trained for 5,000 epochs with a batch
size of 32. An additional temperature parameter is set to 0.07. SGD is used with a learning
rate of 0.006, weight decay of 1e-4, and momentum of 0.9. The training also utilizes a cosine
scheduler.

FSP-Patch is trained for 1,000 epochs with a batch size of 64. We employ SGD with
a learning rate of 0.05, weight decay of le-4, and momentum of 0.9. The training process
includes the utilization of a cosine scheduler.

FACILE-FSP is trained for 3,000 epochs with batch size 32. The input set size is 5 by
default. We employ SGD with a learning rate of 0.0125, weight decay of 1le-4, and momentum

of 0.9. The training process includes the utilization of a cosine scheduler. Set Transformer
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with 3 inducing points and 4 attention heads is used for the set-input model g. Similarly,
for our FACILE-SupCon model, we use the same input set size and set-input model. The
training process is configured with a batch size of 32 and extends over 3,000 epochs. An
additional temperature parameter is set to 0.07. We use SGD with a learning rate of 0.00625,
weight decay of le-4, and momentum of 0.9. We use an MLP as a projection head with two

fc layers, a hidden dimension of 512, and an output dimension of 512.

A.1.4 Fine-tune ViT-B/14 of DINO V2 with TCGA

SimSiam is trained for 400 epochs with a batch size of 64, utilizing Stochastic Gradient
Descent (SGD) with an initial learning rate of 0.0125, a weight decay of le-4, and a mo-
mentum of 0.9. A cosine scheduler was employed. SimCLR underwent a similar training
regimen for 400 epochs and a batch size of 64, with an additional temperature parameter set
at 0.07 and identical SGD parameters, including the use of a cosine scheduler for learning
rate adjustments.

FSP-Patch also completed 400 epochs of training with a batch size of 64. The model
employed SGD with a learning rate of 0.0125, a weight decay of le-4, and a momentum of
0.9, along with a cosine scheduler to modulate the learning rate.

For FACILE-FSP, training spanned 200 epochs with a batch size of 64, using SGD with
the same learning rate, weight decay, and momentum settings. FACILE-SupCon extended
its training to 800 epochs with a batch size of 64, including an additional temperature setting
of 0.07 and the same SGD configuration. Both FACILE-FSP and FACILE-SupCon models

utilized a cosine annealing scheduler.
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A.2 Additional Result

A.2.1 Pretrain ResNet18 on TCGA with Patch Size 22/X22)

ACC on LC, PAIP, and NCT Datasets

We pretrain the models on TCGA datasets with patches size 224 x 224 at 20X magnification.
Then, these pretrained models are tested on LC, PAIP, and NCT datasets. The average ACC
and CI on the LC, PAIP, and NCT datasets are shown in Table A.1.

Test with Large Shot Number

We further test the trained models with a larger shot number k. The result is shown in

Table A.2

A.2.2  Benefits of Pretraining on Large Pathology Datasets

In order to demonstrate the advantages of pretraining on large pathology datasets, we com-
pare the performance of models pretrained on TCGA datasets with those pretrained on NCT
dataset, which are also studied in Yang et al. [2022].

The SimSiam model is trained for 100 epochs. SGD optimizer is used with a learning
rate of 0.01, weight decay of 0.0001, momentum of 0.9, and cosine learning rate decay. The
batch size is 55.

For MoCo v3, similar to [Chen et al., 2021d, Yang et al., 2022|, LARS optimizer [You
et al., 2017] was used with an initial learning rate of 0.3, weight decay of 1.5e — 6, the
momentum of 0.9, and cosine decay schedule. MoCo v3 was trained with a batch size of 256
for 200 epochs.

The FSP model with simple augmentation follows the setting of Yang et al. [2022]. SGD

optimizer with a learning rate of 0.5, momentum of 0.9, and weight decay of 0 are used. A
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pretraining method ‘ NC ‘ LR ‘ RC ‘ LR+LA ‘ RC+LA
1-shot 5-way test on LC dataset
ImageNet (FSP) 65.64 +0.49 | 66.06+0.46 | 65.924+0.48 | 66.60+0.48 | 67.09 £ 0.47
SimSiam 68.88 = 0.51 | 68.53 £0.48 | 68.27+0.48 | 68.81 £0.49 | 70.24 £0.47
SimCLR 66.41 £0.48 | 66.52+0.46 | 66.10£0.46 | 67.70 £0.45 | 68.71 +0.46
FSP-Patch 68.56 £ 0.46 | 68.51+0.45 | 68.68£0.46 | 69.38 £0.46 | 69.63 + 0.46
FACILE-SupCon | 76.64+0.50 | 77.88+0.47 | 76.77+£0.47 | 77.15+0.48 | 77.16 £ 0.48
FACILE-FSP 79.01+£049 | 78.16+0.48 | 77.43+0.50 | 79.15+0.47 | 75.81 +£0.48
5-shot 5-way test on LC dataset
ImageNet (FSP) 82.79+0.32 | 81.314+0.31 | 81.134+0.30 | 84.50+0.30 | 84.73 £0.28
SimSiam 85.124+0.30 | 83.39+0.32 | 83.85+£0.30 | 87.74+0.27 | 87.90+0.26
SimCLR 83.75+0.30 | 82.38+0.30 | 82.32+£0.31 | 86.12+0.28 | 85.40+0.30
FSP-Patch 85.15+0.29 | 84.38+0.31 | 85.014+0.29 | 86.71 +£0.28 | 86.24 £0.27
FACILE-SupCon 91.16 £0.24 | 90.484+0.24 | 90.404+0.24 | 91.394+0.24 | 91.03 £ 0.22
FACILE-FSP 91.77+0.21 | 90.85+0.23 | 90.77 £ 0.24 | 92.19 £ 0.22 | 90.02 +0.24
pretraining method NC LR RC LR+LA RC+LA
1-shot 3-way test on PAIP dataset
ImageNet (FSP) 48.44+0.65 | 50.34 £0.65 | 50.21£0.62 | 48.90+0.62 | 47.51 £ 0.59
SimSiam 49.424+0.65 | 50.25+£0.65 | 49.76 £0.65 | 49.51 +0.62 | 49.09 £ 0.63
SimCLR 47.394+0.59 | 48.35+0.59 | 47.97+0.58 | 47.77+0.59 | 47.65+ 0.60
FSP-Patch 51.61 +0.68 | 51.61 £0.67 | 52.06 = 0.67 | 51.74 £ 0.66 | 51.38 - 0.66
FACILE-SupCon | 49.65+0.61 | 51.32+0.66 | 51.16 £0.63 | 50.00 £0.62 | 50.81 +0.65
FACILE-FSP 48914+ 0.61 | 49.57+£0.63 | 49.68 £0.63 | 49.424+0.65 | 48.60 £ 0.64
5-shot 3-way test on PAIP dataset
ImageNet (FSP) 62.46 +=0.52 | 6248 +£0.48 | 63.144+0.50 | 62.11+0.51 | 60.52£0.49
SimSiam 63.05 £0.52 | 64.444+0.49 | 64.66 = 0.50 | 65.44 +0.53 | 64.64 = 0.55
SimCLR 61.48+0.52 | 61.84+0.53 | 62.75+0.51 | 63.03+0.52 | 61.70 +0.52
FSP-Patch 65.20+0.49 | 65.81+0.51 | 65.984+0.48 | 65.70 £ 0.50 | 64.01 £0.52
FACILE-SupCon | 65.44 +0.51 | 66.75 £0.52 | 67.11 £ 0.51 | 67.244+0.53 | 67.06 + 0.52
FACILE-FSP 64.68 =0.53 | 65.75£0.49 | 66.58 =0.51 | 67.42+0.53 | 67.06 + 0.53
pretraining method NC LR RC LR+LA RC+LA
1-shot 9-way test on NCT dataset
ImageNet (FSP) 58.75+0.35 | 58.66+0.36 | 58.48 £0.34 | 58.83 +£0.36 | 57.32£0.36
SimSiam 64.76 £0.40 | 66.09+0.39 | 66.09£0.39 | 66.54£0.40 | 67.05+0.41
SimCLR 60.47 +0.41 | 61.17+£0.38 | 61.434+0.39 | 61.65+0.40 | 62.48£0.38
FSP-Patch 61.03+0.42 | 63.53+£0.40 | 63.264+0.42 | 62.75+0.43 | 61.57+£0.42
FACILE-SupCon | 68.99+0.45 | 70.76 £ 0.40 | 70.89 £ 0.41 | 70.45+0.45 | 70.63 +0.44
FACILE-FSP 67.43 £ 0.44 68.45+ 0.4 68.97+0.42 | 69.534+0.43 | 70.89 £+ 0.42
5-shot 9-way test on NCT dataset
ImageNet (FSP) 74.82+0.26 | 74.354+0.26 | 75.204+0.26 | 77.11+0.23 | 74.89 £0.26
SimSiam 80.59 +0.23 | 80.51£0.23 | 81.544+0.21 | 83.68 +0.22 | 83.85£0.22
SimCLR 77.30+£0.25 | 77.64£0.24 | 79.174+0.24 | 80.99+0.24 | 81.71£0.23
FSP-Patch 79.61 +0.25 | 79.89+£0.24 | 81.714+0.23 | 82.92+0.24 | 81.67+0.24
FACILE-SupCon | 86.89 +0.22 | 88.06 £ 0.20 | 89.26 £ 0.19 | 89.62 +0.19 | 88.67 £ 0.21
FACILE-FSP 84.83+£0.24 | 85.78 +£0.23 | 87.68£0.20 | 88.16 £0.20 | 87.67+0.20

Table A.1: Models tested on LC, PAIP, and NCT dataset; average ACC and CI are reported.
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pretraining method | NC LR | RC LR+LA RC+LA
10-shot 5-way on LC
ImageNet (FSP) 7876 £0.94 | 78.92£0.92 | 80.45£0.87 | 82.25+0.83 | 80.20 £+ 0.89
SimSiam 88.52 £ 0.55 | 87.20+0.58 | 87.73+0.56 | 91.62+0.46 | 91.88 +0.47
SimCLR 87.02+0.64 | 86.26 £0.64 | 85.61+0.72 | 90.28 =0.52 | 89.60 + 0.58
FSP-Patch 88.41+0.53 | 88.644+0.52 | 89.154+0.51 | 90.49+0.50 | 89.88 +0.54
FACILE-SupCon | 92.84 +£0.39 | 92.87+0.38 | 93.21£0.37 | 94.25+0.36 | 93.72+0.39
FACILE-FSP 93.10+£0.39 | 93.11 £ 0.38 | 93.63 £ 0.37 | 94.52+0.35 | 93.07+£0.45
10-shot 3-way on PAIP
ImageNet (FSP) 65.36 £0.91 | 65.17+1.00 | 65.40+0.99 | 66.52+0.81 | 64.45+0.81
SimSiam 67.194+0.88 | 67.35+0.98 | 68.55+0.94 | 70.88+0.77 | 70.62 +0.77
SimCLR 65.77+£0.85 | 66.70+£0.91 | 67.014+0.91 | 68.414+0.79 | 66.96 + 0.82
FSP-Patch 68.50 £0.82 | 69.124+0.85 | 69.394+0.85 | 70.13+0.75 | 68.25+0.76
FACILE-SupCon | 70.03+0.81 | 71.24 +£0.84 | 72.174+0.83 | 73.31 £0.71 | 72.50 £ 0.71
FACILE-FSP 69.194+0.82 | 71.134+0.82 | 71.78 £0.81 | 73.224+0.73 | 72.78 £0.71
10-shot 9-way on NCT
ImageNet (FSP) 7876 £0.94 | 7892+£0.92 | 80.45+0.87 | 82.25+0.83 | 80.20 £+ 0.89
SimSiam 82.924+0.91 | 83.424+0.89 | 84.76+0.81 | 87.66 +0.72 | 88.12+0.69
SimCLR 80.34 £0.96 | 81.674+0.90 | 83.094+0.84 | 85.96 +0.76 | 86.82+0.72
FSP-Patch 83.36 £0.77 | 84.05+0.74 | 85.93+0.65 | 87.15+0.62 | 86.05+0.63
FACILE-SupCon | 89.57 +0.49 | 91.11 +0.45 | 92.20 +0.41 | 92.88 +0.39 | 92.02 +0.41
FACILE-FSP 87.54+£0.61 | 89.25+0.56 | 90.77+£0.49 | 91.63+0.48 | 91.23+0.50

Table A.2: Test result on LC, PAIP, and NCT dataset with shot number 10; average F1 and

CI are reported.

large batch size is used 512. The model is trained for 100 epochs with “step decay” schedule.

The learning rate multiplied by 0.1 at 30, 60, and 90 epochs respectively. The FSP model

with strong augmentation was trained for 50 epochs. The batch size is set to 64. The SGD

is used with a learning rate of 0.03, momentum of 0.9, weight decay of 0.0001, and the cosine

schedule. The model is trained for 50 epochs.

The SupCon model is trained with trained for 100 epochs. The batch size is set to 64.

The SGD optimizer is used with a learning rate of 0.01, momentum of 0.9, weight decay of

0.0001, and the cosine schedule.

Table A.3 shows the performance of the pretrained models on the LC and PAIP datasets

with shot numbers 1 or 5. Notably, the best-performing models on the two test datasets

exhibit a significant performance gap compared to the best models pretrained on TCGA

datasets as depicted in Table 5.3.

136



pretraining method NC ‘ LR ‘ RC ‘ LR+LA ‘ RC+LA
1-shot 5-way test on LC dataset
SimSiam 59.30 +1.31 | 58.67£1.41 | 5858 +£1.40 | 59.66 +1.35 | 59.85 +1.35
MoCo v3 ([Yang et al., 2022]) 59.38 £1.62 | 59.39 £1.68 | 59.46+1.68 | 60.15+1.59 | 60.54 £ 1.58
FSP (simple aug; [Yang et al., 2022]) | 51.42+1.59 | 46.06 £1.88 | 46.33 £1.86 | 50.53 £1.65 | 51.00 & 1.65
FSP (strong aug) 68.00+1.29 | 66.17+1.41 | 66.18 £1.46 | 68.39 +1.34 | 68.02 +1.40
SupCon 64.48 +1.33 | 63.52+£1.42 | 63.84+1.40 | 65.43+1.33 | 65.98 +£1.38
5-shot 5-way test on LC dataset
SimSiam 76.21 £0.87 | 74.05+1.10 | 74.594+1.10 | 77.87£0.87 | 76.03 +0.94
MoCo v3 ([Yang et al., 2022]) 72.82+£1.25 | 70.29+1.43 | 71.314+1.40 | 78.72+£1.00 | 79.71 +0.95
FSP (simple aug; [Yang et al., 2022]) | 56.44 +£1.50 | 52.27 £1.81 | 55.62+1.74 | 63.47£1.37 | 63.47 £ 1.46
FSP (strong aug) 83.53+0.79 | 80.81 £1.01 | 80.27 +£1.08 | 85.57 +0.77 | 84.06 + 0.89
SupCon 81.51+0.85 | 78.77+£1.03 | 78.65+1.08 | 83.51+0.84 | 83.31 £0.91
1-shot 3-way test on PAIP dataset
SimSiam 3713+1.14 | 3826+1.13 | 3793 +£1.15 | 38.00+1.12 | 38.67£1.12
MoCo v3 ([Yang et al., 2022]) 43.17+1.26 | 4248 £1.30 | 43.02+1.31 | 43.55+1.28 | 44.57 £ 1.28
FSP (simple aug; [Yang et al., 2022]) | 37.15+1.07 | 36.69+1.13 | 37.39+1.08 | 37.40 +1.07 | 35.28 +£1.09
FSP (strong aug) 4767+ 1.18 | 48.44+1.19 | 48.16 £1.21 | 48.27+1.17 | 49.38 +1.19
SupCon 4845+ 1.19 | 49.29 +£1.20 | 48.97+1.22 | 4947 +£1.20 | 48.53 £1.20
5-shot 3-way test on PAIP dataset
SimSiam 47524+ 1.00 | 48.12+1.10 | 47.04 £ 1.11 | 52.70+0.95 | 54.51 £1.00
MoCo v3 ([Yang et al., 2022]) 55.43 +£1.00 | 54.23£1.09 | 54.05+1.09 | 56.07+0.92 | 55.73 £0.93
FSP (simple aug; [Yang et al., 2022]) | 44.98 £0.95 | 45.13+£0.96 | 45.30+£0.96 | 44.34 £0.87 | 44.03 +£0.88
FSP (strong aug) 62.00 = 0.88 | 62.48£0.97 | 62.04 £0.98 | 64.82+0.86 | 64.60 + 0.87
SupCon 63.621+0.91 | 64.38+0.96 | 63.61 £1.00 | 64.37£0.87 | 64.28 £0.88

Table A.3: pretraining on NCT dataset and testing on LC and PAIP dataset; average F1

and CI are reported.

A.2.8 Pretrain on TCGA and GTEx with Patch Size 1,000X1,000

We train the models using TCGA patches of size 1,000 x 1,000, which are extracted from 20X
magnification and resized to 224 x 224. Subsequently, the pretrained models are evaluated
on PDAC datasets, and the corresponding test performance is presented in Figure A.4.
Notably, for shot numbers of 1 and 5, our model significantly outperforms other models,
demonstrating a substantial performance margin.

Similarly, we train the models using GTEx patches with dimensions of 1,000 x 1,000.
The patches are extracted from 20X magnification and resized to 224 x 224. The pretrained

models are tested on PDAC datasets, revealing similar outcomes, as illustrated in Table A.5.
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pretraining method | NC LR | RC | LR+LA | RC+LA
1-shot 5-way test
ImageNet (FSP) 2957 £1.07 | 31.32£1.09 | 31.16 £1.07 | 30.88+1.08 | 30.14 +£1.08
SimSiam 3048 £1.08 | 30.18+1.12 | 30.19+£1.13 | 3041 +£1.08 | 31.13+£1.10
SimCLR 30.79£1.08 | 30.93+£1.13 | 30.78 £1.12 | 31.33+£1.08 | 31.22£1.07
FSP-Patch 34.04£1.16 | 33.99+£1.20 | 33.69£1.20 | 3429+1.15 | 3499+1.16
FACILE-SupCon 3544 +1.17 | 34944+£1.20 | 34584122 | 35.68+1.16 | 35.27 £ 1.17
FACILE-FSP 3736 +£1.16 | 36.07+1.23 | 36.93+£1.21 | 36.79+1.19 | 36.81 £1.18
5-shot 5-way test
ImageNet (FSP) 41.83£0.96 | 41.30+1.10 | 41.08£1.08 | 42.38+0.94 | 41.29+0.93
SimSiam 40.15£1.03 | 37.29+£1.21 | 3743 £1.21 | 41.87+1.00 | 42.70£1.01
SimCLR 40.30£1.04 | 38.74+1.19 | 39.02+£1.16 | 40.98+0.96 | 40.90 £ 0.98
FSP-Patch 4426 £1.10 | 4299+1.20 | 43.69+£1.12 | 46.32+0.97 | 46.69 £ 0.96
FACILE-SupCon 4583 £1.09 | 45.07+1.18 | 45.93£1.13 | 47.72+0.95 | 47.00+0.95
FACILE-FSP 4821 +1.04 | 4762+ 1.12 | 4794+ 1.08 | 48.84 :-0.95 | 48.37 £0.95

Table A.4: Models pretrained on TCGA and tested on PDAC dataset; average F1 and CI
are reported.

A.3 Datasets

A.8.1 GTEx Dataset

The Genotype-Tissue Expression (GTEx) project is a pioneering initiative aimed at con-
structing an extensive public repository to investigate tissue-specific gene expression and
regulation. The GTEx project collected samples from 54 non-diseased tissue sites across
nearly 1000 individuals, with an emphasis on molecular assays such as Whole Genome
Sequencing (WGS), Whole Exome Sequencing (WES), and RNA-sequencing. Addition-
ally, the GTEx Biobank contains a plethora of unutilized samples. The GTEx portal
(https://gtexportal.org/home/) provides unrestricted access to a plethora of data,
including gene expression levels, quantitative trait loci (QTLs), and histology images, to aid
the research community in advancing our understanding of human gene expression and its
regulation.

We downloaded all the slides from the GTEx portal. The organs from which the slides are

extracted are used for coarse-grained labels. We extract all the non-overlapping patches with

size 1,000 x 1,000 and only keep those with intensity in [0.1,0.85] to filter out backgrounds.
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pretraining method ‘ NC ‘ LR ‘ RC ‘ LR+LA ‘ RC+LA
1-shot 5-way test
SimSiam 3478+ 1.18 | 3457+1.25 | 3530+£1.25 | 3513+£1.19 | 3527+ 1.19
SimCLR 33.68+1.14 | 33.74+1.18 | 33.69+1.17 | 34.28+1.14 | 33.84 +1.12
FSP-Patch 31.87+1.09 | 3290+ 1.13 | 32.53+1.11 | 32.55+1.09 | 32.10+1.07
FACILE-SupCon | 3436 £1.06 | 34.35+£1.13 | 34.39+1.14 | 34.70 £1.07 | 34.35 £1.07
FACILE-FSP 35.62+1.10 | 35.51+1.15 | 3540+ 1.13 | 35.87 +£1.10 | 36.16 £ 1.09
5-shot 5-way test
SimSiam 46.00 £1.10 | 43.26 £1.30 | 44.19+1.26 | 47.24+£1.00 | 47.85+ 1.00
SimCLR 44.44+1.08 | 43.40£1.19 | 43.58 £1.15 | 44.60£0.98 | 44.17+0.96
FSP-Patch 42.09£0.99 | 40.15+£1.15 | 40.69£1.09 | 42.71£0.92 | 42.66 £+ 0.90
FACILE-SupCon | 44.854+1.02 | 43.65+1.15 | 44.01 +1.13 | 46.37+£0.93 | 45.10 +0.92
FACILE-FSP 46.91+0.97 | 46.32+1.07 | 47.10+1.02 | 48.01 =£0.90 | 47.70 + 0.89

Table A.5: Models pretrained on GTEx and tested on PDAC dataset; average F1 and CI
are reported.

The number of slides from each organ for GTEx can be found in Figure. A.1. Thumbnails

of WSI examples from the GTEx dataset can be found in Figure. A.2.
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Figure A.1: Slide number for each organ in GTEx

A.3.2 TCGA Dataset

The Cancer Genome Atlas (TCGA; https://www.cancer.gov/ccg/research/genome-s
equencing/tcga) is a project that aims to comprehensively characterize genetic mutations
responsible for cancer using genome sequencing and bioinformatics. The TCGA dataset con-

sists of 10,825 patient samples, including gene expression, DNA methylation, copy number
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Figure A.2: Randomly deleted examples from GTEx dataset
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variation, and mutation data, histopathology data, among others [source sites: Duke Uni-
versity Medical School McLendon Roger 1 Friedman Allan 2 Bigner Darrell 1 et al., 2008, 13
et al., 2012]. This large-scale dataset has enabled researchers to identify numerous genomic
alterations associated with cancer and has contributed to the development of new diagnostic
and therapeutic approaches.

We downloaded all the diagnostic slides from the GDC portal https://portal.gdc.c
ancer.gov/. The project names of the slides are used for coarse-grained labels. We extract
patches at two different scales, i.e., 224 x 224 and 1,000 x 1,000 at 20X magnification, from
all the slides.

The number of slides from each project for TCGA can be found in Figure. A.3. Thumb-
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Figure A.3: Slide number for each tumor in TCGA

nails of WSI examples from TCGA dataset can be found in Figure. A.4.

A.3.3 PDAC Dataset

To address the presence of multiple tissues within certain patches, we employ a labeling

strategy that involves identifying and labeling the centered tissues within these patches. To
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Figure A.4: Randomly selected examples from TCGA dataset

142



ensure annotation accuracy, each patch undergoes labeling by a minimum of two patholo-
gists, thereby maintaining the quality of the annotations. For the specific patch numbers
corresponding to each tissue in the PDAC dataset, please refer to Figure A.5. Furthermore,
examples of patches from the PDAC dataset are provided in Figure A.6, offering visual

illustrations of the dataset.
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Figure A.5: Patch number for each tissue for PDAC

Coarse-Grained Dataset | Data type and annotation | WSI number | Extracted patch number
GTEx slides; organs 25,501 9,465,689
10,321,273

(11,588,226 w/ size 224)

Fine-Grained Dataset | Data type and annotation | WSI number | Extracted patch number

TCGA slides; tumors 11,638

PDAC patches; tissues 194 12,250
LC25000 patches; tissues 1,250 25,000
PAIP19 patches; tissues 60 75,000

NCT-CRC-HE-100K patches; tissues 86 100,000

Table A.6: Dataset statistics

In order to validate our model on a real-world dataset, we generated WSIs of Pancre-

atic Ductal Adenocarcinoma (PDAC)l. PDAC, a particularly aggressive and lethal form of

1. We will make data publicly available upon acceptance of our paper
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Figure A.6: Randomly selected examples from each class of PDAC dataset.
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cancer originating in the pancreatic duct cells, presents various subtypes, each with distinct
morphological characteristics. These variations underscore the need for advanced automated
tools to accurately characterize and differentiate between these subtypes, thereby aiding dis-
ease studies and potentially informing treatment strategies. Examples of PDAC and class
distribution are detailed in §A.3. There are in total 12,250 annotated patches extracted from
194 slides. The patch size used for this analysis is 1,000 x 1,000 at a 20X magnification.
Each patch was annotated into one of 5 classes (i.e., Stroma, Normal Acini, Normal Duct,

Tumor, and Islet) and confirmed by at least two pathologists.

A.3.4 NCT, PAIP, and LC

We test our models on 4 datasets with fine-grained labels. These datasets are from diverse
body sites. Statistics of these datasets can be found in Table A.6.

NCT-CRC-HE-100K (NCT) is collected from colon [Kather et al., 2018]. It consists of
9 classes with 100K non-overlapping patches. The patch size is 224 x 224. LC25000 (LC)
is collected from lung and colon sites |[Borkowski et al., 2021]. It has 5 classes and each
class has 5,000 patches. The patch size is 768 x 768. We resize the patches to 224 x 224.
PAIP19 (PAIP) is collected from liver site [Kim et al., 2021|. There are in total 50 WSIs.
The WSIs are cropped into patches with size 224 x 224. We only keep those patches with
masks and assign labels with majority voting similar to Yang et al. [2022]. We downsample

these patches to 75K patches, with 25K in each class.

A.4 Data Augmentation

Two data augmentation strategies are used in this paper.

Simple augmentation Following Yang et al. [2022], we also used a simple augmenta-

tion policy which includes random resized cropping and horizontal flipping. In our paper,
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this simple augmentation policy is only used for FSP-Patch model pretraining on the NCT

dataset.

Strong augmentation Following previous work |Grill et al., 2020, Chen et al., 2021d,
Yang et al., 2022|, for SImCLR and SupCon models, we used similar strong data augmenta-
tion which contains random resized cropping, horizontal flipping, horizontal flipping, color
jittering [Wu et al., 2018b| with (brightness=0.8, contrast=0.8, saturation=0.8, hue=0.2,
probability=0.8), grayscale conversion [Wu et al., 2018b] with (probability=0.2), Gaussian
blurring [Chen et al., 2020a] with (kernel size=5, min=0.1, max=2.0, probability=0.5), and
polarization |Grill et al., 2020] with (threshold=128, probability=0.2).

In implementing the SimSiam model, we adopted a comparable augmentation strategy,
utilizing robust data augmentation techniques. Specifically, we fine-tuned parameters for
color jittering, setting brightness, contrast, and saturation adjustments to 0.4, and hue to
0.1. These modifications were applied with a probability of 0.8, as informed by Chen and
He [2021].

A.5 Latent Augmentation

Latent augmentation (LA) was originally proposed in Yang et al. [2022] to improve the
performance of the few-shot learning system in a simple unsupervised way. The pretrained
feature extractor can only transfer parts of available knowledge in the pretraining datasets
by the learned weights of the feature extractor. More transferable knowledge is inherent in
the pretraining data representations.

In order to fully exploit the pretraining data, possible semantic shifts of clustered rep-
resentations of the pretraining dataset are transferred to downstream tasks besides the pre-
trained feature extractor weights. The k-means clustering method is performed on the rep-

resentations of pretraining datasets, which are generated by the pretrained feature extractor
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é. Assume we obtain C' clusters after clustering. The base dictionary B = {(¢;, Ei)}zczl is
constructed, where ¢; is the i-th cluster prototype, i.e., mean representation of all samples in
the cluster and 3; is the covariance matrix of the cluster. During downstream task testing,
LA uses the original representation z to select the closest prototype from B. We can get
additive augmentation Z = z 4 ¢, where ¢ is sampled from AN(0,3;+) and ¢* is the index of
closest prototype of z. The classifier of the downstream tasks is then trained on both the

original representations and the augmented representations.

A.6 Ablation Study

A.6.1 Set-input Models

Pooling architectures have been used in various set-input problems, e.g, 3D shape recognition
[Shi et al., 2015, Su et al., 2015], learning the statistics of a set [Edwards and Storkey, 2016].
Vinyals et al. [2015a], Ilse et al. [2018] pool elements in a set by a weighted average with
weights computed by the attention module. [Zaheer et al., 2017, Edwards and Storkey,
2016] proposed to aggregate embeddings of instances, extracted using a neural network, with
pooling operations (e.g., mean, sum, max). This simple method satisfies the permutation
invariant property and can work with any set size. Santoro et al. [2017] used a relational
network to model all pairwise interactions of elements in a given set. Lee et al. [2019a]
proposed to use the Transformer [Vaswani et al., 2017| to explicitly model higher-order
interactions among the instances in a set.

We evaluate three set-input models for the FACILE-FSP model: attention-based MIL
pooling [Ilse et al., 2018|, Deep Set |Zaheer et al., 2017|, and Set Transformer [Lee et al.,
2019a]. Attention-based MIL pooling uses a weighted average of instance embeddings from
a set where weights are determined by a neural network. The attention-based MIL pooling

corresponds to a version of attention |Lin et al., 2017, Raffel and Ellis, 2015|. It has been
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adapted by Zhang et al. [2020b,a|, Pal et al. [2021] in the context of H&E images. It uses a
single fully connected layer and softmax with batch normalization and ReLU activation to
predict the attention weights for instances. In the Deep Set model, each instance in a set is
independently fed into a neural network that takes fixed-sized inputs. The extracted features
are then aggregated using a pooling operation (i.e., mean, sum, or max). The final output is
obtained by further non-linear operations. The simple architecture satisfies the permutation
invariant property and can work with any set size. Set Transformer adapted the Transformer
model for set data. It leverages the attention mechanism [Vaswani et al., 2017| to capture
interactions between instances of the input set. It applies the idea of inducing points from
the sparse Gaussian process literature to reduce quadratic complexity to linear in the size of
the input set.

We train FACILE-FSP with three set-input models. The set size a is set to 5. In the
attention-based MIL pooling model, we implemented the simple version, and use the single
fc layer with softmax to predict attention weights from ResNet18 extracted features. For the
Deep Set model, we use two fc layers with ReLLU activation functions in between to extract
instance features before set pooling. In the Set Transformer, we use 4 attention heads and
3 inducing points.

From Table A.7, we conclude that none of the 3 set-input models used in FACILE-FSP
is consistently better than the other set-input models. The Deep Set model achieves the

highest average F'1 score with more tasks.

A.6.2 Learning Curve

To validate the adequacy of training for all models, we assess the intermediate checkpoints
of each pretraining model on the LC dataset. The learning curves and confidence intervals
(CI) of FACILE-FSP, FSP-Patch, and SimSiam are displayed in Figure. A.7. Upon careful

examination of the learning curves in Figure. A.7, we observe conclusive evidence of complete
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set-input model NC ‘ LR ‘ RC ‘ LR+LA ‘ RC+LA
1-shot, 5-way test on LC dataset
Attention-based MIL pooling | 70.53 £1.32 | 69.86 +£1.39 | 69.75+1.37 | 71.15+£1.31 | 70.31+1.34
Deep Set 77.84+1.16 | 7756 +1.16 | 77.56 +1.17 | 79.16 £1.09 | 77.38 = 1.18
Set Transformer 75.09+1.30 | 73.57+1.29 | 73.16+1.33 | 74.03+1.28 | 72.88+1.34
5-shot 5-way test on LC dataset
Attention-based MIL pooling | 88.12+0.59 | 81.60+1.04 | 82.51 +£0.97 | 89.18 £ 0.57 | 88.15+0.65
Deep Set 90.35+0.50 | 90.91 £0.47 | 91.54 £ 0.46 | 91.68 £ 0.50 | 90.97 £+ 0.54
Set Transformer 90.67 £0.54 | 89.18+0.61 | 89.024+0.63 | 90.03+0.59 | 88.71+0.67
1-shot 3-way test on PAIP dataset
Attention-based MIL pooling | 50.98 £1.37 | 51.93+1.35 | 51.91+1.36 | 51.98 +1.36 | 52.39 +1.35
Deep Set 52.04+1.25 | 53.27+1.25 | 54.19+1.26 | 52.66 + 1.25 | 52.79 + 1.23
Set Transformer 48.81 +£1.21 | 50.08£1.24 | 50.75£1.23 | 50.03 +1.23 | 49.41 £1.20
5-shot 3-way test on PAIP dataset
Attention-based MIL pooling | 67.04 £1.00 | 66.06 +1.17 | 66.61 +1.10 | 70.19 + 0.87 | 70.54 + 0.81
Deep Set 69.42 +£0.85 | 69.93+£0.92 | 70.52+0.87 | 69.964+0.84 | 68.394+0.84
Set Transformer 66.61 £0.91 | 67.57£0.95 | 67.78 +0.95 | 68.24+0.85 | 67.20 £ 0.86
1-shot 9-way test on NCT dataset
Attention-based MIL pooling | 60.04 £1.40 | 64.53+1.29 | 64.81 £1.31 | 64.00£1.34 | 66.66 &+ 1.32
Deep Set 68.21+1.30| 68.17+1.31 | 68.69+1.30 | 69.24 +1.28 | 68.18 £1.33
Set Transformer 67.76 +1.31 | 68.524+1.30 | 68.55+1.28 | 68.33+1.28 | 67.72+1.28
5-shot 9-way test on NCT dataset
Attention-based MIL pooling | 81.94 £0.75 | 82.40+0.72 | 84.46 +0.65 | 86.49+0.62 | 87.66 + 0.59
Deep Set 85.18 £ 0.60 | 85.87£0.60 | 87.11+£0.56 | 87.06 £0.61 | 85.81 £0.66
Set Transformer 86.45+0.62 | 87.74+0.59 | 87.97 £ 0.58 | 88.00 £ 0.59 | 86.92+0.61

Table A.7: Performance of FACIEL-FSP with three different set-input models; average F1

and CI are reported.

88

86

84

82

test f1

80

78

— LR
— RC
LR+LA
—— RC+LA

test f1

88

86

84

82

80

78

76

74

400 600 800 1000

number of epochs

(b) FSP-Patch model

200 400 600 200

number of epochs

(a) FACILE-FSP model

1000 2000 3000

number of epochs

4000 5000

(c) SimSiam model

Figure A.7: Learning curves of FACILE-FSP model, FSP-Patch model, and SimSiam. The
mean F1 score and CI of 5 few-shot models tested on the LC dataset with 5-shot are shown
with curves.

training for all models, as they have reached convergence.
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A.6.3 Input Set Size

To examine the impact of input set size on downstream tasks, we conduct pretraining ex-
periments using FACILE-FSP on the TCGA dataset with varying input set sizes. The
resulting feature map e from the trained FACILE-FSP is then evaluated on LC, PAIP, and
NCT datasets with shot numbers 1 and 5. The corresponding performances are reported in
Table A.8.

Observing Table A.8, we find that models with an input set size of 5 consistently demon-
strate superior performance for LC and PAIP datasets. While slight improvements are ob-
served for larger input set sizes, they are not substantial. Conversely, for the NCT dataset,

as presented in Table A.8, the best performance is attained when the input set size is 10.

A.7 Contrastive and Non-contrastive Learning Models

Self-supervised learning achieves promising results on multiple visual tasks [Bachman et al.,
2019, He et al., 2020, Chen et al., 2020a, Grill et al., 2020, Caron et al., 2020, Chen and
He, 2021]. Contrastive learning method avoid collapse by encouraging the representations
to be far apart for views from different images. Henaff [2020], He et al. [2020], Misra and
Maaten [2020], Chen et al. [2020a] implemented instance discrimination, in which a pair of
augmented views from the same image are positive and others are negative. Caron et al.
[2020, 2018] contrasted different cluster of positives. Non-contrastive models [Grill et al.,
2020, Richemond et al., 2020, Chen and He, 2021| removed the reliance on negatives. These
non-contrastive models achieved strong results in the ImageNet [Deng et al., 2009| pretraining
setting. SimSiam [Chen and He, 2021] works with typical batches and does not rely on
large-batch training, which makes it preferable for academics and practitioners with low
computation resources.

In this section, some contrastive learning and non-contrastive learning models, e.g., Sim-

CLR, SupCon, and SimSiam, that are used in this paper are explained. Details of implemen-
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tation are provided. There are three main components in SimCLR and SupCon framework.

We follow the notation of Khosla et al. [2020] in this section to explain SimCLR and SupCon.

e Data augmentation Aug(-). For each input sample z, the augmentation module gen-
erates two random augmented views, i.e., £ ~ Aug(z). The augmentation schedules

used in this paper are explained in §A 4.

e Encoder Enc(-). The encoder extracts a representation vector r = Enc(Z). The pair
of augmented views are separately fed to the same encoder and generate a pair of

representations. The r is normalized to the unit hypersphere.

e Projection head Proj(-). It maps r to a vector z = Proj(r). We instantiate Proj(-)
as a multi-layer perceptron (MLP) with a single hidden layer of size 512 and output

vector size of 512. We also normalize the output to the unit hypersphere.

For a set of N randomly sampled sample/label pairs, {(z}, yk)}kazl. The corresponding
batch used for training consists of 2N pairs, {(a}l,gl)}lzfl, where Z9._1 and g are two

random augmented views of x;. and ¥or_1 = Yor. = Y.

A.7.1 SimCLR

Let : € I = {1...2N} be the index of an arbitrary augmented sample and let j(i) be
the index of the other augmented sample originating from the same source sample. The
abstraction of SImCLR structure can be found in Figure. A.8. In SimCLR, the loss takes

the following form.

Eself _ Z[’?elf _ Zlog oXp (Zi . ZJ(i)/T> (A.l)

o i Laean) P (i 2a/7)
where 7 is the temperature parameter. A(:) = I\{i}. The denominator has a total of

2N — 1 terms.
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Backbone > Projection head

Backbone > Projection head

Figure A.8: Abstraction of SImCLR structure

In this paper, the 7 is always set to 0.07. The patches are augmented randomly by the
augmentation module described in §A.4. We use an MLP as a projection head with two

fully-connected layers, a hidden dimension of 512, and an output dimension of 512.

A.7.2 SupCon

For supervised learning, the contrastive loss in Eq. (A.1) cannot handle class discrimination
[Khosla et al., 2020]. Khosla et al. [2020] proposed two straightforward ways, as shown in

Eq. (A.2) and Eq. (A.3), to generalize Eq. (A.1) to incorporate supervison.

[5UP sup exp( Z“ZID/T)
= a2 oy PR e B

el

sup Zﬁsup _ Z . log % Z exp( Zp/T) (A.S)

— mn,i e (Z)| peP) ZaGA(i) exp (Zl Za/T)

Here P(i) = {p € A(?) : Jp = y;} is the set of indices of all positives in the batch distinct
from 7. The authors showed that LSUp < Eiﬁﬁ’ and Eolfllg is the superior supervised loss

function. Thus, we use SupCon with Eq. (A.2) as the default loss. The 7 is also set to 0.07.

In our model FACILE-SupCon, the input sample is a set of randomly sampled patches and
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labels are slide properties, i.e., organs or TCGA projects. Each patch is augmented randomly
by the augmentation module described in §A.4. The feature map e and set function g work
as the encoder Enc(-). We also use an MLP as a projection head with two fully-connected
layers, a hidden dimension of 512, and an output dimension of 512.

When employing set-input data with the SupCon method, the standard practice of aug-
menting each instance within a set poses significant challenges for the training of SupCon
models. These challenges stem from two main aspects: 1) Complexity in maximizing agree-
ment with set-input data: SupCon is traditionally trained to maximize agreement between
differently augmented views of the same data point using labeled data. In our application,
using set-input data means that we apply conventional data augmentation methods to each
instance within a set. This results in an independently augmented set of images, as opposed
to augmenting a single instance. This complexity makes it more challenging to achieve the
desired maximization of agreement. 2) Constraints on batch sizes due to set inputs: Set-
input models take a batch of sets as input instead of a batch of instances. It requires us
to use relatively smaller batch sizes when using the same hardware configuration because
of the set input. It’s important to emphasize that the batch size is a critical factor for the
effectiveness of the SupCon model.

We have observed that despite these challenges, the performance of FACILE-SupCon is
commendable in contexts involving smaller datasets or less complex models, i.e., CIFAR-100
in §5.3.2 and §5.3.3 or smaller trainable models as discussed in Appendices B.1 and B.3. We
believe that our approach, with its nuanced application of SupCon in a set-input context,

offers a valuable contribution to the field and shows the versatility of the FACILE algorithm.

A.7.8  SimSiam

Non-contrastive models, e.g., SimSiam and BY OL, achieve strong results in typical ImageNet

[Deng et al., 2009| pretraining setting [Chen and He, 2021, Grill et al., 2020, Li et al., 2022].
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Backbone »> Projection MLP »> Prediction MLP

Stop-grad

Backbone B> Projection MLP

Figure A.9: Abstraction of SimSiam structure

Among the non-contrastive models, SimSiam removes the negatives and uses stop-grad to
avoid collapse. Besides, it trains faster, requires less GPU memory, and works well with
small batch size [Chen and He, 2021, Li et al., 2022|, which makes it extremely appealing to
academics.

The abstraction of SimSiam structure is shown in Figure. A.9. Given two augmented
views T1 and Z9 of the same image x, SimSiam learns to use Z; to predict the representation
of Z9. Specifically, 21 is passed into the online backbone network on the upper. The z9 is
passed into the target backbone network on the lower. The outputs of the two backbone
networks are passed to the projection MLPs and then a prediction MLP is used to predict
the projected representation of T9 from the projected representation of z1. SimSiam uses
the same network for the online and target backbone and projection networks.

In our paper, the projection MLP has 3 fully-connected layers with a hidden dimension
of 512 and an output dimension of 512. It has batch normalization (BN) applied to each
fully-connected layer including its output fully-connected layer. The prediction MLP also
has BN applied to its hidden fully-connected layer. Its output fully-connected layer does not
have BN or ReLU. The prediction MLP has 2 layers.
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A.7.4 DINO and DINO V2

In the realm of self-supervised learning, Caron et al. [2021] introduced a novel approach that
effectively utilizes concepts from knowledge distillation without the need for labels. Their
proposed framework, DINO, streamlines the learning process by employing a momentum
encoder within the teacher network and simplifies output prediction using standard cross-
entropy loss. This method primarily depends on the centering and sharpening of outputs
from the teacher network to preclude feature collapse. It notably sidelines the necessity for
additional components such as predictors [Grill et al., 2020], advanced normalization tech-
niques [Caron et al., 2020], or contrastive losses [He et al., 2020], which have been shown to
contribute minimally to either stability or performance enhancements. Crucially, the DINO
framework boasts flexibility, functioning effectively across both convolutional networks and
Vision Transformers (ViTs) without the need for architectural modifications or specialized
internal normalization adjustments [Richemond et al., 2020].

The operational mechanics of the model involve processing two distinct random trans-
formations of a single input image through parallel student and teacher networks, which
share the same architecture but differ in parameters. The output from the teacher net-
work is first centered using the mean of the batch, and then both networks generate a
K-dimensional feature vector. These vectors are normalized across the feature dimension
using a temperature-controlled softmax function. The similarity between these normalized
vectors is quantified using a cross-entropy loss function. To optimize learning, a stop-gradient
(sg) operator is applied to the teacher network, allowing gradients to propagate exclusively
through the student network. This method ensures that the teacher’s parameters are gradu-
ally updated, reflecting an exponential moving average (EMA) of the student’s parameters,
thereby enhancing the overall learning efficacy and stability of the model.

Oquab et al. [2023] revisited and refined existing self-supervised pretraining methodolo-

gies, demonstrating that these approaches can generate versatile, all-purpose features when
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trained on sufficiently large and diverse curated datasets. Their study enhanced pretraining
scalability in terms of both data volume and model size, focusing on maximizing efficiency
and stability during training. They developed an automated pipeline for assembling a ded-
icated, diverse, and curated image dataset, which contrasts with the typically uncurated
data used in self-supervised learning. Additionally, the authors trained a ViT model with
one billion parameters and successfully distilled this into smaller models that outperformed
the current leading all-purpose features from OpenCLIP [Ilharco et al., 2021| across various
benchmarks at both the image and pixel levels.

Oquab et al. [2023] adapted discriminative self-supervised approaches that learn features
at the image and patch levels, such as those pioneered by iBOT [Zhou et al., 2021]. By
reevaluating these methods with a larger dataset, they identified and implemented technical
enhancements aimed at stabilizing and accelerating the learning process. These advance-
ments not only improved the speed but also reduced the memory requirements compared
to similar methods, enabling more extended training periods and larger batch sizes. This
methodological evolution marks a significant step forward in developing efficient and robust

models capable of handling expansive and intricate datasets in self-supervised learning.

A.8 Excess Risk Bound of FACILE

Our proof framework follows closely the work of Robinson et al. [2020]. We consider the
setting where we have some coarse-grained labels of some sets, rather than instances and the
downstream classifiers only use the learned embeddings to train and test on the downstream
tasks. /Robinson et al. [2020] considers a different setting where each instance has a weak
label and a strong label, and the strong label predictor learns to predict the strong labels from
the instances and their corresponding embeddings learned with weak labels. The diagram
of only using trained embeddings for downstream tasks is more often used in self-supervised

learning and representation learning for FSL literature [Du et al., 2020, Yang et al., 2021,
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Bachman et al., 2019, He et al., 2020, Chen et al., 2020a, Grill et al., 2020, Caron et al.,
2020, Chen and He, 2021]. The coarse-grained data contains useful information, which is
characterized by our defined Lipschitzness, to pretrain a instance feature map that can be
leveraged for downstream FSL. We include the full proof of our key result as follows.

In order to prove Theorem 4, we first split the excess risk by the following proposition.

Proposition 5. Suppose that f* is L-Lipschitz relative to £. The excess risk

E (% (X,v)- 8

foe froe* (X’ Y)

15 bounded by,
2LRatem(€Cg, PS7W7 (9) + Raten(gfg> PZ7Y7 ‘F)

Proof. We split the excess risk into three parts

f f
Epy [efg (XY) =05 (X ,Y)}
—Epy {eiﬂg (X,Y) =08 (X, Y)} +Epyy [ (X Y) =0 (XY)
i
FBpyy [, (X Y) = (X, Y)]

For the second term and third term, relative Lipschitzness of f* to £ delivers

g fg
Epyy f*oe(X Y)- £ froco (XY)| =Epyyow f*oe(X Y) _ﬁf*on(X’ Y)
< LEpy y o0 0 (9 0 €(5), gey © €0(5))

= LE pg ;£ (g2 © €(5), gey © €0(5)) ,
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[*oe 0f

[*oeqp
S LEPX,K&Wgcg (.geo o BO(S), ge* © 6*(3))

= LEPS’chg <g€0 © 60(5)7 ge* © 6* (S>>

(X,Y) - (X,Y)

f*oe*

XY = L(XY)

]EPX,Y froe*

- EPX,Y,S,W

Since e* attains minimal risk and W = ge, 0 €9(5), the sum of the two terms can be

bounded by,

LEPS’Wgcg (92 © &(5); geq © €0(5)) + LEPS,Wgcg (9eq © €0(S), gex © €*(5))

S2L]EPS,Wecg (gé © é(S>7 W) < QLR‘atem(gcgv PS,W7 5)

By combining the bounds on the three terms we can get the claim.

The central condition is well-known to yield fast rates for supervised learning [Van Erven
et al., 2015]. It directly implies that we could learn a map Z — Y with O(1/n) excess
risk. The difficulty is that at test time we would need access to latent value Z = e(X). To
circumnavigate this hurdle, we replace eg with é and solve the supervised learning problem
((8, Pyy, F).

It is not clear whether this surrogate problem satisfies the central condition. We show
that (ffg, vay’ F) indeed satisfies a weak central condition and shows weak central condition
still enables strong excess risk guarantees.

Following Robinson et al. [2020], Van Erven et al. [2015], we define the central condition

on F.

Definition 6. (The central condition). A learning problem ({8, Pyy,F) on Z x Y is said
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to satisfy the e-weak n-central condition if there exists an f* € F such that

fg fg
IGAVASELIVAS) I
Bizy)ypzy €7 ! <e

for all f € F. The 0-weak central condition is known as the strong central condition.

Capturing relatedness of pretraining and downstream task with the central con-
dition. Intuitively, the strong central condition requires that the minimal risk model f*
attains a higher loss than f € F on a set of Z,Y with an exponentially small probability.
This is likely to happen when Z is highly predictive of Y so that the probability of P(Y'|Z)
concentrates in a single location for most Z. If f* in F such that f*(Z) maps into this
concentration, Egcg*(Z, Y') will be close to zero most of the time.

We assume that the strong central condition holds for the learning problem (ffg, Pzy,F)
where Z = eg(X). Similar to Robinson et al. [2020], we split the learning procedure into
two supervised tasks as depicted in algorithm 1. In the algorithm, we replace (Efg, Pyy,F)
with (¢%8, Py y, F).

We will show that (£8, ]5273/, F) satisfies the weak central condition.

Proposition 7. Assume that (°8(w,w') = 1 {w + w’} and that ('8 is bounded by B > 0,
F is L-Lipschitz relative to &£, and that (ffg,PZ’y,]-") satisfies e-weak central condition.
Then (Efg,szy,]:) satisfies the € + O (%@Ratem (5,P57W)>—weak central condition

with probability at least 1 — 6.

Proof. Note that

fg ffg

1 . 1 fg fg
p log EPZ,Y exp (n(éf* f )> = logEp, | exp (n(ﬁf*oé —/

)

To prove that (ffg , ]3Z7y,]-" ) satisfies the central condition we therefore need to bound
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1 f f,
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7
1 f;
= 08Epy o o0, — (£ )G 0 6(5) = W) +
1 f
S 1O8ERy g [ — C )G 0 2(5) £ )]
1 f f .
= 08By [P0, = (g )10 0 6(8) =W | +

. 4

ﬁrst:erm
1
ElogEPX,Y,S,W [GXP( (07 froe

N

— (8 )G 0 é(S) # W]

second term

The third line follows from the fact that for any f in the event {gs o é(S) = W} we have

fg _ fe
£og = Lrogy
.. f f A
This is because Mﬁoé(X, Y) —éﬁon(X, Y)| < LE%(gs0é(S), gey 0 €0(S)) = LLE(W, W) =
0.

f f;
We get %log Epyysw [exp( (Ef*oeo - Efgoe

is bounded by e with the weak central condition. The second term is bounded by

))| after we drop the 1{gs o é(S) = W}. It
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The first inequality uses the fact that ¢f8 is bounded by B. The forth line is because that
logx < x. By combining this bound with € bound on the first term we can get the claimed
result of Proposition 7.

The proof of the main theorem further relies on a proposition provided by Robinson et al.

[2020], as we show below:

Proposition 8. Robinson et al. [2020] Suppose (Efg,Qz,y,]:) satisfies the e-weak central
condition, 08 is bounded by B > 0, F is L'-Lipschitz in its d-dimensional parameters in
the lo norm, F is contained in Euclidean ball of radius R, and Y is compact. Then when
f*

An(ffg7 Qzy,F) is ERM, the excess risk Ezy g, [6?’(2, Y) — 8 (Z, Y)] is bounded by,

n

dlog BL. 4 1og 1
0<v %8 T8 Ly

with probability at least 1 — , where V = B + €.

Proof of the main theorem: If m = Q(n?), the Rate, ((°6, Pgw,&) = O(#) =
O<T£ﬁ) Proposition 7 concludes that (¢f¢, FA’Z’y, F) satisfies the O(m%ﬁ)—weak central con-

dition with probability at least 1—3. Thus by Proposition 8, we can get Ratey, (¢18, pZ’y, F) =
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set size | 2 5 10 15
1-shot 5-way test on LC dataset
NC 75.294+133 | 77.84+1.16 | 7488+ 1.36 | 75.25 £ 1.29
LR 73.72+ 133 | 77.56 +1.16 | 73.84 +1.29 | 74.00 £ 1.27
RC 7410+ 134 | 77.56 +1.17 | 73.42+1.31 | 73.42+1.29
LR+LA | 75.27+1.28 | 79.16 =1.09 | 7441 +£1.31 | 74.92+1.26
RC+LA | 7436 £1.33 | 77.38 £1.18 | 72.60 £1.34 | 73.16 +1.32
5-shot 5-way test on LC dataset
NC 90.62 +0.56 | 90.35+0.50 | 90.62 + 0.57 | 90.83 + 0.55
LR 89.41 £0.63 | 90.91 +£0.47 | 89.80 +0.59 | 89.63 £ 0.60
RC 89.11£0.63 | 91.54+0.46 | 89.26 +0.61 | 89.25+ 0.60
LR+LA | 90.46 £ 0.58 | 91.68 = 0.50 | 90.29 + 0.57 | 90.46 £+ 0.56
RC+LA | 89.64 £0.63 | 90.97 +0.54 | 88.52+£0.66 | 89.00 + 0.64
NC 48.95+1.24 | 52.044+1.25 | 51.72+1.22 | 52.46 + 1.20
LR 50.55 +1.22 | 53.27T+1.25 | 52.33+1.25 | 53.38 +1.23
RC 50.144+1.25 | 54.19+1.26 | 53.04+1.24 | 52.68 &+ 1.25
LR+LA | 50.12+1.22 | 52.66 +£1.25 | 52.96 +£1.21 | 53.41 +1.21
RC+LA | 4991 +1.22 | 52.79+1.23 | 51.67+1.17 | 51.51+1.20
5-shot 3-way test on PAIP dataset
NC 66.99 +0.93 | 69.42 £ 0.85 | 69.10+0.91 | 69.08 + 0.87
LR 68.11£0.94 | 69.934+0.92 | 70.30 £0.90 | 69.28 £ 0.90
RC 68.63 £0.91 | 70.52 +0.87 | 70.45+0.87 | 70.12 £ 0.90
LR+LA | 69.03+0.83 | 69.96 +0.84 | 70.25+0.81 | 70.00 &+ 0.81
RC+LA | 67.32+£0.83 | 68.39+0.84 | 68.35+0.83 | 67.70 £ 0.81
NC 66.31 £1.36 | 68.21+1.30 | 7244 +1.25 | 72.05 £ 1.27
LR 68.55+1.32 | 68.174+1.31 | 72.62+1.25 | 72.14+1.27
RC 68.58 £ 1.32 | 68.69+1.30 | 72.60 £1.25 | 72.04 +1.27
LR+LA | 67.42+1.33 | 69.244+1.28 | 72.18 £1.26 | 71.92 +1.27
RC+LA | 65.87+1.36 | 68.18+1.33 | 69.98 +1.31 | 69.88 + 1.28
5-shot 9-way test on NCT dataset
NC 85.28 +0.72 | 85.18+0.60 | 88.25 +0.56 | 88.22 +0.57
LR 86.39 £ 0.69 | 85.87+0.60 | 88.80+0.55 | 88.55+0.55
RC 87.03£0.66 | 87.114+0.56 | 89.25+0.52 | 89.02 +0.54
LR+LA | 86.85+0.65 | 87.06 +0.61 | 88.52+0.59 | 88.93 £ 0.55
RC+LA | 85.60 £0.70 | 85.81 £0.66 | 87.40+0.63 | 87.74 +0.59

Table A.8: Abation on set size; models tested on LC, PAIP, and NCT dataset; average F1

and CI are reported.
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APPENDIX B
APPENDIX FOR DEEP BAYESIAN ACTIVE LEARNING

B.1 Implementation Details on the Empirical Example in

Figure. 6.1

We show an empirical example in Figure. 6.1 to provide some intuition as to why BALANCE
and Batch-BALANCE are effective in practice. We train a BNN with an imbalanced MNIST
training subset that contains 28 images for each digit in [1-8] and 1 image for digits 0 and
9. The cross-entropy loss is reweighted to balance the training dataset during training. We
obtain 200 posterior samples of BNN and use them to get the predictions on Z_)pool' We com-
pute the Hamming distances for predictions of all sample pairs and use these precomputed
distances to plot the predictions with t-SNE [Van der Maaten and Hinton, 2008|. The equiv-
alence classes are approximated by the farthest-first traversal algorithm (FFT) [Gonzalez,
1985].

In Figure. 6.1, the equivalence classes are highly imbalanced. The ground truth Z_DPOO]
dataset labels represent the target hypotheses embedding. This figure highlights the scenario
where the equivalence class-based methods, e.g. ECED and BALANCE are better than

BALD.

B.2 Coefficient of Variation

To gain more insight into why BALANCE and Batch-BALANCE work consistently better
than BALD and BatchBALD, we further investigate the dispersion of the estimated acqui-
sition function values for those methods. Since Batch-BALANCE and BatchBALD extend
their fully sequential algorithms similarly in a greedy manner, we only compare the acquisi-

tion functions of BALANCE and BALD.
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The coefficient of variation (CV) is chosen for the comparison of dispersion. It is de-
fined as the ratio of the standard deviation to the mean. CV is a standardized measure of
the dispersion of a probability distribution or frequency distribution. The value of CV is
independent of the unit in which it is taken.

We conduct the experiment on the imbalanced MNIST dataset in the setting of ap-
pendix B.1. We estimate the acquisition function values of BALANCE and BALD 5 times
with 5 sets of K MC dropouts for each sample in the AL pool. Then, the CVs are calculated
for these estimations. In Figure. B.1, we show histograms of CVs for both methods. The
estimated acquisition function values of BALANCE are less dispersed, which shows potential

for better performance.
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Figure B.1: Histograms for coefficient of variation.

B.3 Predictive Variance

In order to directly compare the accuracy improvement of batches selected by different
algorithms, instead of along the course of an AL trial, we conduct experiments with training

sets of various sizes and compare the accuracy improvement of batches selected by AL
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algorithms with the same training set. The initial training set has 10 sampled randomly
from Repeated-MNIST. In each step, we select 10 random samples and add them to the
training set. Hypotheses are drawn from BNN posterior given the current training set. We
perform different AL algorithms and select batches with batch size 20. After each batch is
added to the training set, we can estimate the accuracy improvement of the batch. In each
step, we perform each AL algorithm 20 times and estimate the mean and std of accuracy
improvement. The mean and std of BNNs’ accuracy are shown in Figure. B.2. We can

see in Figure. B.2 that our algorithms consistently select batches that have high accuracy

improvement and low variance.
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Figure B.2: We empirically show AL algorithms’ predictive variance.
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