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ABSTRACT

Robust Machine Learning Directed Toward Pathology Imaging

Applications with Limited Labeled Data

Neurodegenerative diseases are defined by a progressive loss of selectively vulnerable neuronal

populations. Hence, augmenting the ability of a pathologist/expert for the detection/localization

of specific pathologies with data-driven deep learning (DL) approaches could have a transforma-

tive impact. DL models trained on high-quality annotated datasets can provide a cost-effective

and reliable means for deeper phenotyping of neurodegenerative and neurologic diseases. Lever-

aging digital slide scanners such as the Leica Aperio AT2 and Zeiss Axio Z1, physical tissue

slides can be digitized into gigapixel digital whole slide images (WSIs) containing a rich set of

information, including diverse morphological patterns, cellular features, and tissue architecture.

However, there are severe challenges to fully realize the digitalization and automation of detect-

ing these pathologies and neurodegenerative features. First, the tissue sections can be scanned at

×20 or ×40 objective magnification, resulting in ultra-high resolution WSIs that require a large

amount of memory space for storage and processing. To alleviate this issue, we design a general

patch-based approach and use plaque quantification in grey and white matter as one example.

In this study case, our automated framework can classify, localize, quantify, and visualize the

distribution of each type of plaque in grey and white matter, separately. We have tested it across

different scanners, brain areas, and storage formats to benchmark its generalizability.

Second, although the proposed supervised learning pipelines can achieve promising results,

their performance heavily relies on the quality and quantity of the data and annotations. However,

manual annotation to build comprehensive and well-annotated digital pathology datasets can

be time-consuming and labor-intensive, which is not scalable for diverse pathological tasks.

Therefore, to relieve the heavy reliance on the labeled data, we investigate semi-supervised

learning (SSL) and propose four SSL frameworks to enhance the applicability and deployment

of SSL algorithms. For example, we propose an imbalanced SSL but make no assumption on the

distribution of the unlabeled data; we improve pseudo-labeling and design a deep fusion of SSL

and active learning to further reduce the labeling efforts.

-vii-



Third, besides the annotation cost, data collection can also be expensive and challenging due

to the scarcity of pathology data and the heterogeneity of pathology datasets, which can vary

significantly regarding image resolution, staining techniques, and scanning equipment. Therefore,

to reduce the data collection effort, we study unsupervised domain adaptation (UDA) and efficient

adaptation of large-scale pre-trained vision-language models (VLMs). UDA proposes to reduce

data annotation costs by leveraging a labeled source domain to transfer the knowledge into an

unlabeled target domain. We propose a UDA pipeline to bridge the domain gap and make domain

adaptation data and label-efficient. On the other hand, VLMs have shown promising results in

their transferability across different downstream tasks. However, traditional fine-tuning may

involve billions of parameters to be tuned, which is computation-expensive and has overfitting

issues when the downstream task with limited data availability. We propose a parameter-efficient

pipeline to adapt VLMs to multiple downstream tasks in a scalable way in terms of processing

time and computational cost. In conclusion, our proposed pipelines can potentially achieve data

and label-efficient learning for diverse pathological imaging tasks.
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Chapter 1
Introduction

1.1 Overview
The aging population is increasing all over the world: the population of people aged 60 or

older is over 900 million and expected to be over 1,800 million by 2050 [1]. Alzheimer disease

(AD), one of the neurodegenerative diseases that increase risks with age, resulted in more than

120,000 deaths in 2018, and the number of patients may rise to 13.8 million in the U.S. by the

middle of this century [2]. Thus, understanding the underlying pathological features behind

this disease becomes a critical task. To study the progression of AD, neuropathologists visually

inspect postmortem brain tissue slides and identify subtly differentiated hallmarks that are the

gold standard for the diagnosis of AD [3]. Traditionally, neuropathologists compare these

morphologies by studying brain tissue slides using microscopes. Recently, Whole-slide Imaging

(WSI) has been an increasingly popular method for assessing brain tissues with the help of

a scanner, which scans the tissues into whole slide images (WSIs) of ultra-high resolution to

preserve minimal details [4]. Furthermore, WSIs can be viewed through computer software

(such as Aperio ImageScope and QuPath [5]) so trained personnel can identify and quantify the

morphologies with more computational approaches [6, 7].

There are many pathologies within the brain that define neurodegenerative diseases, such

as AD, and their locations can be essential to gain insights into disease pathophysiology. For

example, one hallmark pathological feature of AD is the presence of extracellular Amyloid-β
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(a) WSI-2 (b) WSI-4

Figure 1.1. WSIs annotated by two trained personnel. (Green and yellow colors denote the two
independent annotations.)

plaques in the human brain [8, 9]. Most plaques are found in grey matter (GM), while some

have also been reported in white matter (WM) [10]. To study the distribution, there are three

tasks: plaque detection, GM/WM region segmentation, and plaque quantification in these two

regions. However, these manual assessments can be highly time-consuming and labor-extensive

considering the wide existence of plaques in brain tissue and the gigapixel resolution of WSIs.

Moreover, manual assessment could be subjective and have inter-rater reliability issues. For

example, Figure 1.1 shows two cases of manually segmenting GM and WM, in each of which

two trained personnel draw considerably different boundaries between GM and WM in the same

brain WSIs. Therefore, to gain more insights into the progress of AD, it is necessary to construct

an end-to-end system that can achieve the following goals with minimal manual efforts: 1)

automatic detection and identification of pathological plaques; 2) segmentation of GM and WM

regions; 3) quantification and visualization of the pathological plaques in GM and WM regions.

There are many proposed methods in both traditional image processing and deep learning

for WSI segmentation. However, these have been applied to the tissue slides primarily from

other parts of the human body (tongue, breast, lymph node, rectum [11], skin [12]), anatomical

brain (instead of tissue level)[13]. Although these methods are helpful in the analysis of WSIs in

various applications, several issues limit the direct applications of these methods to our WSIs for

the analysis of brain tissues.

First, there are unwanted artifacts in WSIs, such as tissue residues, tissue folds, bubbles, and

2



(a) Tissue Residues (Red Circles)

and Dust (Blue Arrows)

(b) Tissue Folds (c) Coverslip Abnormalities (Red

Arrow)

Figure 1.2. Sample Artifacts in WSIs.

dust. A sample of these artifacts is as shown in Figure 1.2. These artifacts can set obstacles for

segmentation methods to separate the background accurately.

Second, our WSIs are scanned at an ultra-high resolution to retain cellular-level medical

details (at 20x or 40x magnification). Thus, the average resolution of these WSIs exceeds

50, 000 by 50, 000 pixels, making the files very large and complex to process in a timely manner.

To address this resolution issue, current methods can be divided into two categories: either

downsample original images of ultra-high resolution or divide original images into small patches

for separate processing [14]. To provide a proof of concept for a workflow for GM/WM

segmentation algorithm and to minimize the need for manual segmentation and tracings, we

utilize 30 WSIs with annotations, far less than previous datasets used in [14]. Besides, the minute

plaques in our WSIs are pathological hallmarks of AD. Plaques and other cellular structures with

sizes ranging from 20× 20 to 100× 100 in WSIs are distinguishable features of GM and WM,

while simple downsampling may make them less apparent or even disappear [15], which results

in their limited performance. We need to preserve the distributions and characteristics of plaques

in WSIs to study AD. Therefore, in this study, we aim to focus on the patch-based approach

instead of downsampling.

Third, due to the gigapixel resolution, the annotation efforts are substantial. The limited

labeled dataset hinders the wide adoption of fully-supervised learning models. For example,

a recent study [16] claimed it requires more than 30,000 labeled tiles from gigapixel WSIs to

3



achieve the well-defined performance of deep learning models, which requires labor-intensive

labeling [14]. Furthermore, the labeling cost could be much higher when experts must do

annotations (in this study, doctors are required for medical problems) [17]. Semi-supervised

learning (SSL) can leverage unlabeled data to reduce the labeling efforts and has shown promising

results in computer vision tasks [17, 18, 19, 20]. However, the efforts to deploy them on gigapixel

pathology tasks remain limited [21, 22, 23, 24]. Therefore, we investigate SSL and propose

deployable SSL frameworks for pathology image analysis.

SSL may still need to collect a large amount of unlabeled data. Building comprehensive and

well-annotated digital pathology datasets can be challenging due to the scarcity of annotated data

and heterogeneity of pathology datasets, which can vary significantly in terms of image resolution,

staining techniques, and scanning equipment [25]. This heterogeneity poses a challenge in the

generalized learning process. Specifically, limited data availability can hinder the intensive

end-to-end training of deep networks, and fine-tuning the traditional models has overfitting

issues, and a large domain gap between the pre-trained data and pathology images impacts

the performance. Also, the requirement of multiple learning tasks for the complete pathology

image analysis is time-consuming and can be resource-hungry. Hence, it is important to develop

deep learning methods that can perform multiple learning tasks and efficiently learn the rich

set of semantic information from WSIs. These automated methods could potentially overcome

the limitations of labor-intensive, qualitative, and descriptive approaches, offering improved

efficiency and accuracy in the analysis of pathology images. In other words, it is impractical if

the deep learning modeling process requires heavy efforts on data collection, data annotation,

and computational resources to perform each specific learning task, considering the diverse

image analysis tasks conducted in the digital pathology domain. Therefore, to further reduce

the data collection effort and alleviate the above issues, we investigate unsupervised domain

adaptation (UDA) and large-scale pre-trained vision-language models (VLMs), which have

shown promising transferability across various downstream tasks.

4



1.2 Contributions
1.2.1 Supervised learning framework for pathology image analysis

In Chapter 2, an automated segmentation pipeline was proposed and evaluated on an Amyloid-β

stained WSI dataset [15, 26]. This pipeline includes a Convolutional Neural Network (CNN)

module for segmenting GM/WM and a post-processing module used for removing artifacts

and generating XML annotations that can be visualized and displayed on original-size WSIs

via Aperio ImageScope. For the GM/WM segmentation module, we proposed ResNet-Patch

that is memory-efficient and can achieve superior Intersection over Union (IoU) compared to

U-Net [27] and FCN [11] in both GM and WM regions. Furthermore, we integrated a neural

condition random field module that incorporates spatial correlations among neighboring patches

into ResNet-Patch [26]. After that, we applied Gradient-weighted Class Activation Mapping

(Grad-CAM) [28] to illustrate what CNN learns and relies on to distinguish GM from WM and

confirm they are explainable from a pathologic perspective by consulting a domain expert.

On the other hand, Tang et al. proposed another CNN architecture and has shown its

promise capability of identifying plaques associated with AD comparable to an expert [16].

However, it required the trained personnel to annotate more than 30,000 images for achieving

such performance. We combined these two pipelines into one pipeline to detect and quantify

the number of each plaque in GM and WM regions separately and visualize their density and

distribution [25, 29].

1.2.2 Enhanced semi-supervised learning for practical scenarios

The proposed supervised learning pipelines help relieve the manual work after the deep learning

model is well-trained. However, one obvious limitation is they still heavily rely on the number

of labeled samples when training a CNN model, which unavoidably involves labor-intensive

annotation costs. Meanwhile, their performances face severe degradation when labeled data

is limited. To further minimize the manual efforts, we turned to semi-supervised learning

(SSL), which leverages unlabeled data to improve the performance of supervised learning

when the amount of labeled data is limited [30]. Consistency loss-based SSL methods involve

pseudo labeling and data augmentation, showing their powerful performance on CIFAR-10 [17].
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However, the applicability of these SSL algorithms in pathology images is still not fully explored.

For example, a recent work [31] challenges the wide adoption of SSL in real-world scenarios,

especially in class-imbalanced datasets [32, 33]. In Chapter 3 - Chapter 6, we propose four

frameworks to enhance the robustness of SSL in various real-world settings.

1.2.2.1 Improve pseudo-labeling for self-training

One drawback of these consistency loss-based SSL methods is the imperfect class distribution

is used to generate pseudo labels, and the over-reliance on pseudo labels makes it difficult to

correctly update the class conditional distribution [34, 35]. For example, a recent study [21]

applied FixMatch [17] and MixMatch [30] to a histology dataset and showed the performance of

these state-of-the-art SSL methods are limited due to the above drawback.

To tackle this issue, inspired by [31], we proposed a novel two-stage SSL, SIM-FixMatch, to

reduce the labeling cost when labeled data is too rare for transfer learning in Chapter 3.1 [36].

Our first stage is to employ self-supervised learning [37] for learning visual representations,

which plays a similar role to pre-training in transfer learning but requires no labels. After the first

stage, a pretrained encoder will be fed into the standard consistency loss-based SSL models. We

first deployed FixMatch [17] to our WSI dataset as the baseline, and then evaluated our proposed

framework on the same dataset: the results outperform FixMatch with the mean IoU score [38]

at around 2% using 6,000 labeled tiles while over 10% by using only 600 labeled tiles from 2

WSIs.

1.2.2.2 Class-imbalance semi-supervised learning

To address the class-imbalanced issue, in Chapter 4, we first proved using smoothed weighting

on the consistency loss is effective in countering the class imbalance problem. We then turned

to the challenge of unknown distribution in unlabeled data. We proposed Smoothed Adaptive

Weighting (SAW) to automatically estimate the class distribution of unlabeled data and assign

weights to the consistency loss per epoch [39]. SAW forces the model to have a rough awareness

of class distribution in unlabeled data and adjust the weights for all classes accordingly based on

the model’s awareness. A more biased pseudo distribution will trigger a more vigorous response

of weights derived from the model’s self-awareness. This self-adjusting scheme could gradually

refine the pseudo labels to move closer to the true distribution of the unlabeled data.
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We demonstrated the compatibility of SAW to any existing pseudo label-based SSL algo-

rithms and the effectiveness of SAW under various imbalanced degrees among the labeled and

unlabeled sets. Our algorithm improves both ReMixMatch [40] and FixMatch [17] by up to

30.0% and 40.5% of absolute geometry mean (GM) gain respectively. Furthermore, our frame-

work outperforms DARP [32] (Distribution Aligning Refinery of Pseudo-label), a recent work

that specifically tackles the class imbalance problem in SSL, by up to 10.9%. To demonstrate

the robustness of our algorithm under different distributions, we also evaluated it on a hold-out

test set with a completely different distribution from the training set and achieve up to 15% of

absolute performance gain over DARP. To the best of our knowledge, our proposed method is the

first work that eliminates the assumption of similar distributions between labeled and unlabeled

data in class-imbalanced SSL [41, 42].

1.2.2.3 Joint semi-supervised and active learning with cost-effective labeling

Although we have proved the effectiveness of our proposed SSL framework in Chapter 3, one

challenge is the selection criterion for labeled data for SSL in pathology images remains unclear.

There are no well-established SSL guidelines on how to determine the amount of labeled data that

is needed. Active learning (AL), on the other hand, aims at maximizing a model’s performance

with minimal labeling efforts [43]. One challenge of AL is the cold start problem. When the

selection of the starting set is insufficient, or the size is not sufficiently large, the models trained

in subsequent cycles can be high-biased, resulting in poor selection again in the following

cycles [44]. Another challenge is the annotation acquisition during the training process may

require substantial rounds of labeling. This issue would notably extend the time needed for the

entire project.

To minimize the labeling efforts, a natural direction is to combine AL and SSL, as both aim

to improve a model’s performance on limited labeled data. More importantly, SSL and AL are

complementary in function: SSL has the potential to leverage the unlabeled data to relieve the

cold start problem of AL; on the other hand, AL can select the most optimal data to label for SSL.

Therefore, in this work, as shown in Chapter 5, we combined SSL and AL to construct a label-

efficient learning framework with a well-defined selection of regions for annotation to construct

a small but effectively labeled dataset. To tackle AL’s “cold-start” issue, we designed a region-
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based selection criterion to expand the diversity and volume of the labeled set effectively [45].

Finally, we evaluated the proposed framework on the same pathology segmentation task. With

only 0.1% regions labeled, our proposed algorithm can reach a competitive IoU score compared

to fully supervised learning and outperform the current state-of-the-art SSL by more than 10%

of IoU score [38] and DICE coefficient [46]. This work is listed in Chapter 5.

1.2.2.4 A Deployable Semi-supervised Learning with Informative Active Annotation for
Pathology Image Classification and Segmentation

Although SSL and AL have a similar goal of reducing labeling costs, only a few studies have

attempted to combine them into a unified framework. In Chapter 6, we introduce Semi-Path,

a practical SSL framework enhanced with active learning (AL) for gigapixel pathology tasks.

Unlike existing methods that treat SSL and AL as independent components where AL incurs

significant computational complexity to SSL, we propose a deep fusion of SSL and AL into a

unified framework. Our framework introduces Informative Active Annotation (IAA) that employs

an inner-outer two-loop structure to effectively extract knowledge from unlabeled pathology

data. This structure significantly minimizes labeling efforts and computational complexity. Then,

we propose Adaptive Pseudo Labeling (APL) to address heterogeneity in class distribution and

prediction difficulty that are often observed in real-world pathology tasks. We evaluate Semi-Path

on pathology image classification and segmentation tasks over three datasets that include WSIs

from breast, colorectal, and brain tissues) and show the consistent superiority of Semi-Path over

state-of-the-art methods.

1.2.3 Unsupervised domain adaptation

Unsupervised domain adaptation (UDA) proposes to reduce data annotation costs by leveraging

a labeled source domain to transfer the knowledge into an unlabeled target domain [47, 48, 49,

50, 51]. Prior UDA works focus on bridging the domain gap between source and target domains

[51, 52, 53, 54], or increasing network capacity [49, 48] by changing a convolutional neural

network (e.g., ResNet [55]) to Vision Transformer (ViT) [56]. All of these past methods are

pre-trained on ImageNet [57], but large-scale pre-training is becoming practical and achieves

superior performance in many fields [58, 59, 60, 61]. In theory, if the pre-trained dataset is large

enough, the domain gap between source and target domains could be bridged by the pre-trained
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dataset itself. Hence, we argue that large-scale pre-training is an important missing part of UDA

in Chapter 7.

We attempt to fine-tune CLIP on the UDA dataset with a lower learning rate and observe

less catastrophic forgetting issues, but the low learning rate prevents CLIP from learning new

knowledge. To solve this problem, we propose to adjust the learning rate with Catastrophic

Forgetting Measurement (CFM, Fig. 7.2) by comparing the original representation (forward

original image on original CLIP) and fine-tuned representations (forward augmented images

on fine-tuned CLIP). CFM is, however, unstable because every image has a different forgetting

rate, so we leverage our observation that CLIP is likely to have similar predictions across all

augmentations when the training example is easy (and large difference for the hard example).

We propose to measure the consistency between weak (translate, flip) and strong augmentation

(perturb visual appearance) as a momentum (Dual Consistency Momentum, DCM) to stabilize

CFM. Our method does not introduce extra overhead: since the augmentation is already a part of

fine-tuning, original prediction can be cached, and we do not need to fine-tune UDA and CLIP

datasets jointly.

We further seek to use CLIP with pseudo-labeling on the target domain, which recently

enjoyed success in UDA [62, 63, 49, 64, 63]. DebiasPL [65] utilized CLIP for pseudo-labeling,

but it was designed for a single domain. After extending to source and target domains (UDA

setting), DebiasPL[65] suffers from catastrophic forgetting issues (accuracy decreases by 21%

on VisDA-2017 after fine-tuning). To solve this problem, we replace the fixed debias factor in

DebiasPL[65] with our CFM, and replace the fixed momentum in DebiasPL with our adaptive

momentum (DCM). We further include a domain name into a prompt (such as: “This is a [sketch]

photo of [car]”). Our method mitigates the catastrophic forgetting issue, and achieves the best

results on DomainNet [66], VisDA-2017 [67], Office-Home [68], Office-31 [69]. To summarize,

our main contributions are:

• We propose to use CLIP in UDA and discover the catastrophic forgetting issue when fine-

tuning CLIP. We propose CFM for CLIP in UDA to mitigate this issue without introducing

extra computational overhead.

• We propose pseudo-labeling for CLIP in UDA by extending DebiasPL to multiple domains,
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and replacing debias factor and momentum with our CFM and DCM. We also introduce a

domain name into a prompt.

• We achieve the best results on four benchmarks on both ResNet and ViT, with a large per-

formance improvement on the large-scale dataset (+18.5% accuracy on DomainNet) [70].

1.2.4 Efficient adaptation of CLIP for data-efficient learning

Deep learning with better network designs and large-scale well-curated datasets has achieved

significant performance improvement in pathology image analysis tasks [29, 36]. However,

collecting high-quality datasets with reliable annotations for each individual vision task may be

time-consuming and labor-intensive [71, 72]. This may prevent the broad adoption of advanced

deep learning techniques. To relieve the reliance on such datasets, pre-training and fine-tuning

methods (TFT) have been studied in vision tasks: pre-train the model on a large-scale dataset and

then fine-tune the model on different downstream tasks [73]. There are several challenges of such

methods: 1) they may still require a large amount (over 10k) of labeled set to avoid the overfitting

issue when fine-tuning the model for the downstream task [74, 75]; 2) the fine-tuning may not

bring satisfactory performance in the target domain due to the existence of a large domain gap

between the pre-trained data and pathology images [76]. Therefore, a natural question is how to

efficiently fit the model to the new task with minimal overfitting when the new dataset is small.

In Chapter 8, we aim to fine-tune CLIP efficiently with light computing resources for

pathology image analysis tasks. There are several challenges in fine-tuning CLIP. First, overfitting

is a severe issue if we adapt CLIP to the downstream tasks directly since CLIP is pre-trained

on a 400M dataset while the new domain dataset can be small [77]. Second, CLIP has shown

its promising zero-shot generalization ability, directly fine-tuning it may lose it and face the

“catastrophic forgetting" issue. In other words, it is unclear how to effectively learn the new

knowledge while retaining the original pre-trained knowledge so that the generalization of CLIP

can be maintained. Third, there are limited studies on benchmarking CLIP’s transferability in

the pathology domain; hence, its applicability remains unclear. To address the above issues,

we first study the applicability of CLIP on two public pathology datasets and benchmark the

zero-shot ability of CLIP on them. Then we did empirical experiments to verify the importance

of the CLIP’s pre-trained knowledge. To address the “catastrophic forgetting" issue, we propose
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Residual Feature Connection (RFC) as a lightweight approach for adapting CLIP to pathology

images. In RFC, we design a self-adaptive module to automatically fuse/balance the original

knowledge from CLIP and the new knowledge learned from the new pathological task with

only a few additional trainable weights instead of optimizing the entire encoders in CLIP. To

further alleviate the overfitting, we also incorporate Hidden Representation Perturbation (HRP)

and Dual-view Vision Contrastive (DVC). Lastly, we build an end-to-end adaptation of CLIP

with a proposed loss, Doublet Multimodal Contrastive Loss (DMCL), to pathology tasks, named

Path-CLIP [78].

We summarize our contributions as follows:

• We explore the applicability of CLIP on pathology images and highlight the catastrophic

forgetting issues when adapting CLIP to downstream pathology tasks

• We propose Path-CLIP to adapt CLIP to pathology tasks with limited data. In Path-CLIP,

we propose Residual Feature Connection (RFC) with Hidden Representation Perturbation

(HRP) and a self-adaptive ratio to alleviate the overfitting and catastrophic forgetting

issues. We also propose Dual-view Vision Contrastive (DVC) and Doublet Multimodal

Contrastive Loss (DMCL) to fine-tune CLIP as an end-to-end pipeline.

• Extensive experiments demonstrate the efficiency and robustness of Path-CLIP. It has the

potential to quickly adapt pre-trained CLIP to multi-tasks with competitive performance

and light computational cost.

1.2.5 List of proposed technical methods

We list the abbreviations and their full names or explanations in Table 1.1.

1.2.6 List of publications

Here are the published first-authored publications.

1. Z. Lai, S. Vesdapunt, N. Zhou, J. Wu, X. Li, C. Huynh, C-N. Chuah, “PADCLIP:

Pseudo-labeling with Adaptive Debiasing in CLIP for Unsupervised Domain Adapta-

tion,” IEEE/CVF International Conference on Computer Vision (ICCV) 2023.
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Table 1.1: List of proposed technical methods in this dissertation.

BrainSec An automated pipeline for grey/white matter segmentation in brain tissue slides

CRF Conditional Random Field

SAW Smoothed Adaptive Weighting

IAA Informative Active Annotation

APL Adaptive Pseudo Labeling

CFM Catastrophic Forgetting Measurement

DCM Dual Consistency Momentum

RFC Residual Feature Connection

HRP Hidden Representation Perturbation

DVC Dual-view Vision COntrastive

DMCL Doublet Multimodal Contrastive Loss

Semi-Path A deployable pipeline for semi-supervised learning in pathology tasks

CLIPath A pipeline to adapt CLIP for pathology images

2. Z. Lai, C. Wang, H. Gunawan, S-C. Cheung, and C-N. Chuah, “Smoothed Adaptive

Weighting for Imbalanced Semi-Supervised Learning: Improve Reliability Against Un-

known Distribution Data,” the 39th International Conference on Machine Learning (ICML)

2022. (Won Participation Grant)

3. Z. Lai, C. Wang, S-C. Cheung, and C-N. Chuah, “SaR: Self-adaptive Refinement on

Pseudo Labels for Multiclass-Imbalanced Semi-supervised Learning,” 2022 CVPR Work-

shop on Learning with Limited Labelled Data for Image and Video Understanding. (Best

Paper Award)

4. Z. Lai, L. Cerny Oliveira, R. Guo, W. Xu, Z. Hu, K. Mifflin, C. DeCarlie, S-C. Cheung,

C-N. Chuah, and B. N. Dugger, “BrainSec: Automated Brain Tissue Segmentation Pipeline
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5. Z. Lai, Z. Li, L. Cerny Oliveira, J. Chauhan, B. Dugger, and C-N. Chuah, “CLIPath: Fine-

tune CLIP with Visual Feature Fusion for Pathology Image Analysis Towards Minimizing

Data Collection Efforts,” 2023 ICCV 2nd Workshop on Computer Vision for Automated
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supervised and Active Learning for Segmentation of Gigapixel Pathology Images with

Cost-Effective Labeling,” 2021 ICCV Workshop on Computational Challenges in Digital
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Learning for Segmentation of Gigapixel Histopathology Images from Brain Tissues,” 43rd
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Machine Learning Algorithms,” 43rd Annual International Conference of the IEEE Engi-

neering in Medicine and Biology Society (EMBC), 2021.
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Chapter 2
BrainSec: Supervised Learning Pipeline for
Pathology Image Analysis

As neurodegenerative disease pathological hallmarks have been reported in both grey matter

(GM) and white matter (WM) with different density distributions, automating the segmentation

process of GM/WM would be extremely advantageous for aiding in neuropathologic deep

phenotyping. Standard segmentation methods typically involve manual annotations, where a

trained researcher traces the delineation of GM/WM in ultra-high-resolution Whole Slide Images

(WSIs). This method can be time-consuming and subjective, preventing a scalable analysis

on pathology images. This paper proposes an automated segmentation pipeline (BrainSec)

combining a Convolutional Neural Network (CNN) module for segmenting GM/WM regions

and a post-processing module to remove artifacts/residues of tissues. The final output generates

XML annotations that can be visualized via Aperio ImageScope. First, we investigate two

baseline models for medical image segmentation: FCN, and U-Net. Then we propose a patch-

based approach, BrainSec, to classify the GM/WM/background regions. We demonstrate

BrainSec is robust and has reliable performance by testing it on over 180 WSIs that incorporate

numerous unique cases as well as distinct neuroanatomic brain regions. We also apply gradient-

weighted class activation mapping (Grad-CAM) to interpret the segmentation masks and provide

relevant explanations and insights. In addition, we have integrated BrainSec with an existing

Amyloid-β pathology classification model into a unified framework (without incurring significant
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computation complexity) to identify pathologies, visualize their distributions, and quantify each

type of pathologies in segmented GM/WM regions, respectively.

In this chapter, we propose an entire pipeline used for segmenting GM/WM regions with a

post-processing module that removes artifacts and unwanted fragments. Finally, the pipeline

generates XML annotations that can be displayed on the original WSIs. This pipeline is also able

to incorporate exterior CNN modules that perform other tasks in the same region. We implement

two baseline CNN models that are widely deployed in medical image segmentation problems,

namely a fully convolutional network (FCN) [79] and a U-Net model [80], to perform pixel-wise

segmentation of GM and WM. Then, we propose BrainSec, a novel mechanism that transforms

the pixel-wise segmentation problem of gigapixel WSIs into a patch-wise classification problem

in the first stage and then subsequently converts it back to the original segmentation task according

to various resolution requirements of outputs. To further enhance the proposed workflow, we

incorporated BrainSec into an existing pipeline that quantified amyloid pathologies in select

brain areas [16]. To alleviate the prediction inconsistency issue in the first stage of BrainSec, we

incorporate BrainSec with a Neural Conditional Random Field (NCRF) module to model the

spatial relationships among neighboring patches, referred to as BrainSec+. BrainSec+ merges

two modules into one by achieving a similar effect of the post-processing module.

Our contributions can be summarized as follows:

• We establish an automated GM/WM segmentation pipeline, BrainSec. To omit the need

for an additional post-processing step, we propose BrainSec+ based on BrainSec.

• We apply Gradient-weighted Class Activation Mapping (Grad-CAM) [28] to confirm what

the model learns is explainable from a pathologic perspective by consulting a domain

expert in neuropathology.

• We demonstrate that BrainSec is consistently performing well over more than 180 WSIs

(visually inspected by trained personnel) for a broader neuroanatomical evaluation.

• We show the compatibility of BrainSec into another neuropathology detection model by in-

corporating BrainSec into an existing pipeline to aid in the quantification of neuroanatomic

specific data on Amyloid-β plaques.
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• After the integration, we propose an entire framework to quantify the number of neu-

ropathological hallmarks and visualize their distribution in GM/WM regions.

2.1 Related work
2.1.1 Image processing-based segmentation

Although many methods [81, 82] have shown their success in Magnetic Resonance Images

(MRIs), they may not be applicable to gigapixel-pixel WSIs considering the distinct imaging

processes and visual differences between MRIs and WSIs [83]. For WSIs, Hiary et al. [84] built

an automatic algorithm based on k-means clustering that worked on pixel intensity and texture

features. Bug et al. [12] applied global thresholding at the mean value of the Gaussian blurred

Laplacian of the greyscale image. In [85], stain concentration and porospity analysis were applied

to the segmentation of H&E stained WSIs. Although these methods are computationally efficient,

the segmentation results are very limited due to inter and intra-variations in staining and color

contrast, resulting in general failure for the above-mentioned methods on hold-out test sets [27].

Additionally, these methods have only been tested on non-brain WSIs like breast, tongue, and

skin, so their applicability and feasibility on our brain WSIs have yet to be determined. In this

work, we first investigated the above methods on our slides, but they may not generalize well on

hold-out test sets and need to be fine-tuned for heterogeneous settings (e.g., different scanners,

different brain regions, etc.). Hence, we turn our attention to deep learning-based methods to

seek a more generalizable approach.

2.1.2 Deep learning-based segmentation

In recent years, deep learning methods have gained vast popularity in image segmentation

problems in pathology involving use of WSIs. In [86], CNNs and Image Processing methods are

compared for segmenting invasive ductal carcinoma in breast tissue slides. Breast tissue WSIs

were also used by [87] to achieve segmentation of tumor tissue through use of DCNNs. In [88],

a ResNet model pretrained on ImageNet was tuned through a Transfer Learning approach to

segment the mitotic cells in pre-processed breast tissue WSIs. Recently, in [89], a pipeline

powered by VGG16 was used to segment cancer tissue in bladder WSIs and grade the severity of

cancerous tissue.
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Besides these CNN methods, FCN [11] and U-Net [27] based architectures are predominant

choices in medical image segmentation problems [80, 90]. The study from [91] is an example

of U-Net being applied for nuclei segmentation from glioma patients’ WSIs. In [92], we see a

modified version of U-Net, Y-Net, achieve state-of-the-art segmentation of whole slide breast

cancer biopsy images. A multi-scale U-Net was also used by [93] to segment whole slide prostate

images in order to identify and grade cancerous tissue. Some studies have used U-Net in medical

image segmentation involving the brain, but using data different than WSI [94, 95, 96]. So

far, only one study has investigated these architectures on GM/WM segmentation in gigapixel

pathology images [97]. However, the study used 49 Tau-stained WSIs, and only FCN architecture

was used. Here, we examined multiple architectures and compared their performance. The

details of how we implement them as benchmarks are as follows.

FCN. Fully convolutional network (FCN), due to its arbitrary input size and better localization

performance [98], was a popular choice in the recent works of medical image segmentation [99].

When applied to tissue segmentation of histopathological WSIs, FCN outperforms traditional

methods and achieves fewer outliers and more stable results [11]. FCN is used for multi-organ

segmentation[100], in both 2D slices of 3D volume [101] and 3D images [102]. Besides regular

FCNs, modified Cascaded FCNs have been deployed in liver segmentation, where the first FCN

performed Region of Interest (ROI) and the second performed the lesion segmentation [103].

Multi-stream FCN can improve accuracy by allowing the system to take multiple forms of the

same organ [104]. Moreover, focal loss is applied to the FCN due to the class imbalances of

training data. The number of false positives can be removed by applying the focal loss on the

FCN network [105, 106].

The most recent FCN model (as shown in Figure 2.1) we explored is based on the architecture

and hyper-parameters in [11]. We used FCN-8s model from the original FCN paper [98], which

combined predictions from the final layer, pool4 layer and pool3 layer at the stride of 8. The FCN

architecture contains 7 convolutional layers. The first two layers have the filter size 5× 5. The

third and fourth layers have filter size 3× 3. The fifth layer has the size of 11× 11. The last two

layers have 1× 1 convolution, which are equivalent to the fully connected layers. The number of

filters at each layer are 16, 32, 64, 64, 1024, 512 and 2 respectively as shown in Figure 2.1. Filter
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size of 2× 2 and stride of 2 are used to all the max pooling layers. The number of max pooling

layers is based on original FCN paper [98], which are inserted after first five convolutional layers

to reduce memory requirements of the network. The batch normalization layer and sigmoid

activation layer are added after every convolutional layer for the regularization and convergence

purposes. Drop out layer with drop out rate of 0.2 is added after every convolutional layer to

reduce the probability of overfitting. The batch size is 128.

Figure 2.1. FCN Architecture.

By benchmarking the results of different loss functions, we chose the combination of the

categorical cross entropy loss and focal loss for FCN [105, 106]. By setting the weight of

different output classes to be one and training FCN on categorical cross-entropy loss and then

on focal loss, the average validation results of three output classes outperformed using either

categorical cross-entropy or focal loss alone (weighted or unweighted).

U-Net. U-Net is one of the state-of-the-art models in medical image segmentation and has

gained great popularity in different medical problems. For example, Dong et al. [107] built a fully

automatic method based on U-Net for brain tumor segmentation of MRI. In [108], Rampun et al.

proposed a 2D fetal brain segmentation of MRI by modifying the U-Net architecture. A major

drawback of U-Net based methods is that they require computationally intensive operations on

GPUs and take a great deal of processing power with very trivial gain in performance [109].

The updated U-Net model we investigated is based on the architecture and hyper-parameters

in [27]. As shown in Figure 2.2, the contracting path of the network has four convolution levels.

Each level consists of two consecutive 5× 5 convolution operations (zero-padded convolutions)
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Figure 2.2. U-Net Architecture.

with Exponential Linear Unit (ELU) [110] activation functions, followed by a 2× 2 max-pooling

operation with stride 2 for down-sampling. At each down-sampling level, the number of feature

channels is doubled (32−64−128−256−512). The expansive part of the network also has four

convolution levels. Each level consists of a 2× 2 transposed convolution that halves the number

of feature channels, a concatenation with the corresponding contracting level output, and two

5× 5 convolutions with ELU activation. To speed up learning and provide some regularization

effect, we used batch normalization [111] after each convolutional layer. We also incorporated

drop-out [112] after the first convolutional layer at each level, both in the contracting and the

expansive path. A final 1× 1 convolution with 3 output channels is then used to map the last

feature map to the class prediction output.

Prior to the training, all convolution kernels were initialized using He’s uniform initialization

[113]. We used the Adam optimizer [114] with an initial learning rate of 0.001. The α parameter

for the ELU activations was set to 1.0, the drop-out rate was 0.2, and the batch size was 16. To

diminish the effect of class-imbalance issue in our dataset, we weighted the categorical cross

entropy loss function by the inverse of class frequencies in the training dataset.
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However, there is another obvious limitation among these deep learning-based methods:

these networks were specifically designed and tested on specific medical applications such as

tumor detection or image modality (MRI that has standard image formats and CT), making it

difficult to generalize existing findings to our human brain tissue WSIs that have no standard

formats [115]. While MRI and CT are representations of a global view of the whole brain, our

WSIs can only capture a local view of one region of brain, unlike semantic objects in natural

images, there are subtle and gradual changes of pathological features rather than the sharp

color edges in clinically meaningful regions. Many CNN models rely heavily on annotations,

indicating the difficulty for them to self-identify residues and artifacts in the tissue slides if the

annotations are not provided. For example, in [15], although the CNN architecture is able to

distinguish GM from WM, it is unable to remove residues and artifacts since the corresponding

annotations were not provided.

2.1.3 Patch-based approach for ultra-high resolution images

Most of these deep learning methods have only been tested on images with low to medium

resolution of up to a few megapixels. Chen et al. [14] regarded images with resolution up to

30 million pixels as ultra-high resolution images. They proposed a method that integrates both

global downsampled images and local patches while they only tested their methods in images

with resolution up to 30 million pixels. However, the average resolution of our WSIs exceeds 2

gigapixels. Downsampling used in [14] cannot be directly transferred to our case as we have only

30 WSIs with expert annotations, which indicates the shortage of training data, while the datasets

used in their experiments consist of more than 2,000 images. Besides, we need to preserve

minute details of pathologies (such as plaques) and cells in our WSIs while downsampling will

unavoidably lose these important features. In [15], the authors conducted their experiments by

introducing downsampling in the training process, which resulted in their limited performance

on final masks.

Because of the ultra-high resolution and details that needs to be preserved, recently many

studies applied patch-based methods to WSIs [116, 117, 118]. They extracted small patches (e.g.

256× 256 pixels) from WSIs and then trained a deep CNN model. Although these studies solved

the resolution issue, most of these applications are classification problems (e.g. breast cancer
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classification [118]) while our problem is a segmentation problem. Besides, as the patches were

extracted and trained independently in these studies, the spatial correlations shared by small

patches and their neighbors may not be modeled explicitly. As a result, the predictions over

neighboring patches may not be consistent and there may exist isolated outliers in the patch-level

probability map during inference time [119, 120]. To incorporate the spatial correlations between

neighboring patches, authors in [119] used Conditional Random Field (CRF) to model spatial

correlations and refine the predicted probability map in the post-processing stage. However,

due to the high computational overhead, the authors can only feed five features from patch

representations into the CRF inference algorithm. In this paper, we propose a pipeline that first

converts the GM/WM segmentation to a patched-based classification problem, and then generates

pixel-level segmentation output based on the classification results. Subsequently, we propose a

one-stage segmentation method that incorporates spatial correlations among neighboring patches

through a Neural Conditional Random Field (NCRF) [121] layer.

2.2 Datasets
2.2.1 30-WSI Dataset

To provide quantitative results and initially test, train, and validate our pipeline, we first evaluated

a 30 Whole Slide Images (WSIs) dataset annotated using QuPath[5]. These WSIs were Amyloid-

β stained [122] and were from formalin-fixed paraffin-embedded 5um sections of the temporal

cortex. Aperio AT2 digitized these WSIs at up to 40× magnification. The resolution is nearly

60, 000 × 50, 000 pixels each on average. These 30 WSIs can be split into two sets: one set

includes 18 cases that had a pathologic diagnosis of AD while the other set (12 cases) lacked

a pathologic diagnosis of AD but may have other diseases, such as vascular disease (Non-

Alzheimer disease, NAD). The ethnoracial makeup of the cohort was 3 Hispanics (10%) , 5

African Americans (17%), and 22 non-Hispanic White (73%) descendants.

These studies utilized tissues only from human post-mortem. Only living subjects are

confirmed as Human Subjects under federal law (45 CFR 46, Protection of Human Subjects). All

participants or legal representative approved informed consent during the life of the participant

as part of the University of California Davis Alzheimer’s disease Center program. The data
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collection process followed current laws, regulations and IRB guidelines. All of these 30 WSIs

had been de-identified, lacking personal health information like names, social security numbers,

addresses, and phone numbers. To further protect data confidentiality, we named the AD cases

as WSI-1 to WSI-18 and NAD cases as WSI-19 to WSI-30.

2.2.2 Training data preparation

To deal with the issue of ultra-high resolution, we use Pyvips Library [123] to set up image

processing pipelines on original-resolution WSIs instead of directly manipulating these slides.

Hence, we avoided loading the entire image into memory at once for processing because Pyvips

can stream the image in parallel from the first step to the last step of pipelines simultaneously.

The proposed approach in [15] manually selected regions from GM, WM, and background and

cropped small tiles from these regions separately. This manual action could result in limited

variety of datasets and involve human interventions. As we have pixel-wise annotations on GM

and WM, we randomly cropped patches 256× 256 from the slides in the training set (20 slides)

and labeled them as follows: each patch was labeled with the category of the central pixel of that

patch tracing back to our pixel-wise ground truth. After this, we obtained around 310k patches

from GM, 100k patches from WM, and 300k patches from background. In our experiments,

20 WSIs (12 AD cases and 8 NAD cases) were randomly selected for training and validation

while the remaining 10 WSIs (6 AD cases and 4 NAD cases) were used for hold-out testing and

inference. The data split was fully random as GM region and WM region are in the same level of

magnitude (the ratio between GM/WM region in one slide ranges from 3:1 to 1:1).

For the annotation process, we first invited one trained personnel (K.M) to draw the boundary

between GM and WM. Then we sent these annotations to an expert (B.D) for checking and

making the final annotation. We use the annotation verified by the expert as ground truth.

2.2.3 130-WSI and 52-Heteroarea Datasets

In order to rigorously test the performance of our segmentation model, two additional datasets

were prepared from available convenience samples. The 130-WSI dataset contained temporal

WSIs from 130 new cases not included in the 30-WSI dataset. This dataset aimed at testing

our model on as many new WSIs as possible to check if performance is affected by applying
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it to an unseen, larger cohort. There were 13 NAD cases and 117 AD cases in this set. The

ethnoracial make up of the cohort was 13 Hispanics (10%) , 15 African Americans (11.5%), 6

Asian Americans (4.6%), 1 Other (0.8%) and 95 non-Hispanic White (73.1%) descendents.

The other additional dataset, 52-Heteroarea, contained 52 new WSIs from two brain areas

not seen by the model: areas from frontal and parietal lobes. The goal of this dataset was to test

our model performance on brain areas different than the temporal region. The 52-Heteroarea

contained 26 cases, with 13 cases featured in the 130-WSI dataset, 2 cases featured in the 30-WSI

dataset and 11 new cases. From each of the 26 cases, 2 WSIs were acquired, one from each

unseen brain area (frontal and parietal cortex sections). The summary of the information on each

of the three datasets used can be seen on Table2.1. For both 130-WSI and 52-Heteroarea datasets

the procedure for staining, scanning, and preprocessing was the same as the 30-WSI dataset. All

protocol regarding de-identification and confidentiality followed by the 30-WSI dataset was also

followed for the additional two datasets. These additional datasets were treated as hold-out sets,

and no ground truth GM/WM annotations were collected. The goal was to perform a proof of

concept by visually inspecting the BrainSec prediction results (background vs. GM vs. WM).

Table 2.1: Summary of the three datasets used in the study

Dataset Number of cases % of NAD cases Brain Areas

30-WSI 30 40.00% Temporal

130-WSI 130 10.00% Temporal

52-Heteroarea 26 15.38% Frontal, Parietal

2.3 Methodology
In this section, we first introduce BrainSec, a GM/WM segmentation pipeline. Then, we present

its integration into a patch-based pathology classification model [16] and propose a framework

to automate the quantification of pathologies in GM/WM regions in a scalable way and visualize

the distributions of each type of pathology, as shown in Figure 2.3. We release our codes on

https://github.com/ucdrubinet/BrainSec.
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(a) Sliding Window to Generate Masks before Post-Processing

(b) GM Mask (c) WM Mask

(d) After Post-Processing (e) Final Output with XML annotations

Figure 2.3. Segmentation pipeline and the output of XML annotations.

2.3.1 BrainSec

BrainSec has two modules: CNN module and post-processing module. CNN module consists of

two stages: transform the problem to patch-based classification and convert back to pixel-wise

segmentation of WSIs.

24



2.3.1.1 Patch-based classification

In this stage, we transform the pixel-level segmentation problem into a patch-based classification

problem. For image classification tasks, a myriad of different CNN architectures have been

proposed, such as AlexNet, VGG, ResNet [124] in the past few years. While design motivations

of each architecture are greatly different, there is increasing evidence showing that the features

extracted from these state-of-the-art architectures are quite akin and their improvements grad-

ually become trivial and start to converge [125]. To produce reasonable results with relatively

minimized complexity, we decide to select a simple architecture to pursue the tradeoff between

complexity and performance. In [55], He et al. showed their ResNet architecture has fewer

filters and lower complexity but achieves similar performance compared to other state-of-the-art

architectures. As such, we selected the ResNet-18 architecture described in [55] as our back-

bone network and the fundamental basis of our methods. We selected 1× 1 convolution skip

connection instead of identity skip connection in our backbone.

We modified ResNet-18 by redefining the last fully connected layer to output three categories:

GM, WM, and the background of tissue slides. As we transform the segmentation problem into

a classification problem in this stage, the function of ResNet-18 here is to extract the features

from each patch and classify its corresponding category. We adapted pre-trained parameters

except for the last layer from ResNet-18 trained on ImageNet because it has already shown the

ability of extracting useful features from natural images. We introduced categorical weights

to the multi-class cross-entropy loss based on the inverse of class frequencies in our training

set. Specifically, as we have around 310k patches from GM, 100k patches from WM, and 300k

patches from background in our training set, the weight ratio of GM:WM:background is 1:3:1

(inverse of class frequencies). We used Adam optimizer [114] and the initial learning rate is

0.001. We adopted the automatic early stopping criteria by saving checkpoints for each epoch

for both training and validation sets, subsequently selecting the well-trained model automatically.

The batch size was set as 16.

2.3.1.2 Pixel-wise segmentation

In this stage, we utilize the results from the classification task to construct pixel-wise segmen-

tation output. In the previous stage, each patch is classified to a corresponding output class
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(GM, WM, or background) using our modified ResNet-18 model. In order to achieve pixel-wise

segmentation results, we use a sliding window approach to extract each patch until the whole

image is fully covered. The resolution of output masks will be decided by the step size. For

example, as shown Figure 2.3a, step size here is set as 128 while the patch size is 256. The

red patch in Figure 2.3a is fed into our modified ResNet-18 first and subsequently receives the

prediction category. After that, if output masks are required to be the same size as original WSIs,

all pixels in the central area (red block) with the size of step_size × step_size (128× 128 here)

will be classified as the same category predicted by the modified ResNet-18 model. Then, we

step forward with the step size to the green patch with a dotted line and repeat the same action

so the green block next to the red block will be labeled with the same category. By repeating

this action, after the sliding window traverses the whole image, we can get segmentation masks

for GM, WM (as shown in Figure 2.3b, c), and background separately. As such, we can see the

accuracy of output masks is determined by step size: if the step size is larger, outputs will be less

accurate around boundaries, but inference complexity will be reduced; if the step size is smaller,

outputs will be more accurate, but inference complexity is also increasing. Hence, BrainSec

provides flexibility to achieve different trade-offs between performance and complexity. On the

other hand, if the goal is to construct a framework for pathology quantification and visualization,

the step size should be correlated with the size of a pathology. We expect the size of a sliding

window to be adequately larger than the size of an Amyloid-β deposit, thus selecting it as 128

to identify and precisely locate each pathology. The step size can be altered for other types of

pathologies.

2.3.1.3 Post-processing

We design a post-processing module to refine our segmentation output masks and remove tissue

residues in our WSIs. The full-resolution predicted outputs are down-sampled by a factor of

16 (1/4 in width and 1/4 in height) to reduce computational complexity. Two consecutive area

openings are applied to remove fuzzy predictions of GM and WM with pixel area < 20, 000, and

an area closing is applied to remove fuzzy prediction of background with pixel area < 12, 500.

Then, small tissue residues with areas smaller than 5% of the WSI area are removed. In the

end, a morphological opening with a disk-shaped kernel with a radius of eight was applied to
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smooth the boundary, and the output was up-sampled back to the original resolution. The kernel

sizes used for morphological opening and the size threshold for pixel areas removed are obtained

empirically. Figure 2.3a, 2.3d is an example showing the difference between before and after

the post-processing method is applied to remove tissue fragments.

In addition to these steps, we generate XML annotation files of GM and WM segmentation

boundaries by finding contours of GM and WM segmentation masks, respectively as shown in

Figure 2.3e. These XML files are in the same format as our ground truth annotations and can

be visualized and displayed on original-size WSIs using Aperio ImageScope. They are also

downsampled by 50× to smooth out the boundary for faster visualization.

2.3.2 BrainSec+

The post-processing module in Section 2.3.1.3 is effective for refining the segmentation output

of BrainSec. However, it still requires parameter tuning, which may prevent it from the wide

adoption of various pathology datasets. In this section, we propose BrainSec+, which is built

upon BrainSec by using a similar mechanism and backbone as BrainSec while integrating a

Neural Conditional Random Field (NCRF) layer that incorporates spatial relationships among

neighboring patches to alleviate the need for a post-processing module. Conditional Random

Field (CRF) BrainSec+ (as shown in Figure 2.4) consists of two components: ResNet-18 compo-

nent is used to extract features and encode each patch as an embedding (a vector representation

with a fixed length) by taking a grid of patches as input; NCRF layer is used to model spatial

correlations among the grid of patches and provide an output of the probability of the central

patch in the grid.

Figure 2.4. NCRF Architecture.
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2.3.2.1 Spatial correlations with NCRF

Given a grid of patches, we define a random field X = {X1, X2, ..., XN} as the random variables

related to each patch, where N is the number of patches in the grid, e.g. 9 for a grid of 3× 3.

Each random variable represents a label from the set of {GM, WM, background}, conditioned on

observations I = {I1, I2, ..., IN}, where I is the embedding of each original patch extracted by

the CNN component. This set of label is defined as x = {x1, x2, ..., xN}. Therefore, different

from the CRF methods for pixel labeling, I is not a set of pixel attributes such as RGB color

values or intensity but a set of patch descriptors: CNN features from each patch. The distribution

of (X, I) can be a CRF if the random variables of set X conditioned on observations I meet the

requirements of Markov property. Hence, the structured prediction can be transformed as:

y∗ = argmax
x∈X

P (X|I) (2.1)

where P (X|I) is defined as a Gibbs distribution:

P (X|I) = 1

Z(I)
exp(−E(X|I)) (2.2)

In a fully-connected CRF [126], the energy of Gibbs can be written as:

E(X|I) =
∑
i

ψu(xi|Ii) +
∑
i<j

ψp(xi, xj|Ii, Ij) (2.3)

where i, j ∈ {1, 2, ..., N}. The energy function E(X|I) is the summation of two terms: a

unary potential ψu(xi|Ii) and the pairwise potential ψp(xi, xj|Ii, Ij). The unary potential can

be considered an initial estimate of the cost of patch i with its label xi given its corresponding

embedding Ii. Similarly, the pairwise potential estimates the joint cost of patch i, j with their

label xi, xj given their corresponding embeddings Ii, Ij . In other words, the pairwise potential is

a measure of relationships between two patches and is defined over every pair of patches in the

grid. In [127], they use the cosine similarity to define the pairwise potential as:

ψp(xi, xj|Ii, Ij) = H(xi = xj) · wi,j

(
1− Ii · Ij
||Ii|| · ||Ij||

)
(2.4)

where H(Ii = Ij) is an indicator function that checks the label compatibility betweenXi, Xj . By

using the cosine similarity, the spatial correlations between a pair of patches can be modelled by
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encouraging lower cost in the case thatXi, Xj are assigned with the same label if the embeddings

Ii, Ij are similar. wi,j is a single, trainable parameter that the authors claimed related to spatial

distance between patches [127].

2.3.2.2 End-to-End back-propagation

To compute the cross-entropy loss with the ground truth labels, we need to get the marginal

distribution of each patch label xi so that the standard back-propagation algorithms can be

applied here to achieve end-to-end training. A mean-field approximation method was proposed

in [128] to approximate maximum posterior marginal inference. As exact marginal inference is

intractable, by using the mean-field approximation, the original CRF distribution P (X) can be

transformed to Q(X), which is obtained by the product of independent marginal distributions, as

shown in (2.5):

P (X) ≈ Q(X) =
N∏
i

Qi(xi) (2.5)

Here Q(X) is a simpler distribution compared to P (X). The KL divergence between Q(X) and

P (X) is shown in (2.6).

KL(Q(X)||P (X)) =
∑
i

Q(xi) log
Q(xi)

P (xi)
(2.6)

The first item is the negative of entropy, while the second item is cross-entropy. Assuming

P̃ (X|I) = exp(−E(X|I)) as the unnormalized CRF distribution, we can derive the cross-

entropy item as shown in (2.7).∑
i

Q(xi) logP (xi) =
∑
i

Q(xi) log
P̃ (xi)

Z

=
∑
i

Q(xi) log P̃ (xi)−
∑

Q(xi) logZ

=
∑
i

Q(xi) log P̃ (xi)− logZ

(2.7)

For minimizing KL divergence, − logZ can be dropped as this is an additive constant. This

leaves us with the following optimization problem:

argminKL(Q(X)||P (X))

= argmin[
∑

Qi(xi) logQi(xi)−
∑

Qi(xi) log P̃ (xi)]

= argmin
∑

Qi(xi)(logQi(xi)− log P̃ (xi))

(2.8)
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As KL divergence cannot be negative, the minimum of Equation 2.8 can be derived as:

logQi(xi) = E−xi
[log P̃ (X)] + const (2.9)

This is the update equation for each marginal distribution Qi(xi), where E−xi
[log P̃ (X)] refers

to the expectation of log P̃ (X) on all x except xi. In summary, our mean-field marginal inference

algorithm is shown in Algorithm 1.

Algorithm 1 Mean-filed Marginal Inference Algorithm
for each i ∈ {1, 2, ..., N} do

calculate ψu(xi|Ii)

initialize Qi(xi)← ψu(xi|Ii)

normalize Qi(xi)

for each j ∈ {1, 2, ..., N} do

calculate ψp(xi, xj|Ii, Ij)

log P̃ (X|I)←
∑

i ψu(xi|Ii) +
∑

i<j ψp(xi, xj|Ii, Ij)

end for

end for

for T iterations do

for each i ∈ {1, 2, ..., N} do

logQi(xi)← E−xi
[log P̃ (X|I)] normalize Qi(xi)

end for

end for

2.3.3 Pathology quantification & visualization with BrainSec

As BrainSec is more computationally efficient, we use this as one example to illustrate its

compatibility with other patch-based pathology models. Based on BrainSec and the pathology

model [16], we propose an entire framework (as shown in Figure 2.5) to quantify each type

of Amyloid-β deposit and visualize distributions in GM/WM regions. We denote BrainSec in

this case as g(·). f(·) [16] was trained over 33,111 tiles at 256× 256 pixel level to distinguish

Amyloid-β in the form of diffuse plaques, cored plaques, and cerebral amyloid angiopathy

(CAA).
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Figure 2.5. Overview of a pathology quantification model and visualization framework from
Tang et al. [16] integrated with BrainSec. Aβ in the figure refers to Amyloid-β.

2.3.3.1 Sliding window for inference

A sliding window method is applied to visualize the distribution and location of Amyloid-β

pathologies from a global view by generating WSI heatmaps of predictions. These heatmaps plot

the location of each plaque predicted by f(·) up to the full WSI view. A stride size of 16 pixels is

used to walk through the WSI using the sliding window, resulting in the confidence heatmaps at

a fraction of the resolution of original WSIs. This is helpful for reproducibility without excessive

loss of information when implemented on modern devices equipped with Graphics Processing

Units (GPUs). For each WSI, it will generate three confidence heatmaps corresponding to cored,

diffuse, and CAA separately. After that, the cleaning and blob labeling is applied to the heatmaps.

Subsequently, specific thresholds are applied to each plaque type, which converts the heatmaps

to binary masks: probabilities below the threshold would be converted to zero, and above would

be one. To study the distribution of different plaque types in GM and WM, g(·) is incorporated

into this framework to generate prediction heatmaps of GM and WM by using the same sliding

window of stride size at 16 pixels to guarantee the output of f(·) is of the same size of the output

of g(·) so that they can be pixel-wise overlapping. The heatmap of GM/WM will be displayed

with the heatmap of plaques as shown in Figure 2.5: we visualize the distribution of each type of
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Algorithm 2 Automated Amyloid-β pathology quantification in GM/WM regions
Initialization: the number of CAA, cored, and diffuse plaques in GM/WM as 0, store these

six items into vector C1×6; stride size w = 16, plaque CNN model f(·), BrainSec g(·)

Input: slides tiled into regions at 1536× 1536 pixels

Output: C1×6

for each region at 1536× 1536 pixels do

the number of steps for running over the region T = 1 + (1536− 256)/w

for i=0 to T do

for i=0 to T do

extract one patch at 256× 256 pixels as P

plaque prediction scores S = f(P )

GM/WM prediction category R = g(P )

based on S,R, get one-hot coding vector I1×6

C1×6 = C1×6 + I1×6

end for

end for

end for

amyloid pathology, separately.

2.3.3.2 Plaque quantification

The plaque quantification algorithm is summarized in Algorithm 2. A zero vector P with the

shape of 1× 6 is set up to record the number of each type of plaque (CAA, cored, diffuse) in

GM and WM regions separately as the initialization. Then each WSI is normalized and tiled

into 1536 × 1536 pixel images. After that, the sliding window is applied to extract a patch P

at 256 × 256 pixels in an order from left to right, top to bottom. The patch will be the input

of f(·) and g(·) to output the predictions in terms of both the type of deposit and the category

of the region. These predictions are converted into a temporary one-hot vector I , added to C

until the sliding window walks over the entire WSI. The final output is the vector C containing

all quantification information of each type of plaques in GM and WM. All hyper-parameters

involved in this component strictly follow the settings of the pathology detection model [16] as

32



our goal is to show the distribution of pathologies in GM and WM.

2.4 Experiments
2.4.1 Quantitative results

Since our goal is pixel-level GM/WM segmentation, we used three standard segmentation

metrics — IoU score [38], DICE coefficient [129] and F1-score [130] to comprehensively

compare segmentation masks from different methods.

Table 2.2: Pixel-wise IoU comparison for AD, NAD, and overall hold-out test set

FCN U-Net BrainSec
BrainSec+

Model Post Model Post Model Post

AD Back 75.46 ± 11.0 81.13 ± 9.17 97.32 ± 0.61 96.80 ± 1.48 96.79 ± 0.67 96.64 ± 1.51 96.03 ± 2.31

AD GM 71.22 ± 11.7 76.07 ± 8.91 89.01 ± 4.92 89.58 ± 5.12 91.10 ± 2.65 91.84 ± 2.64 92.28 ± 2.44

AD WM 54.69 ± 16.0 62.23 ± 14.0 79.42 ± 7.98 82.53 ± 7.70 82.81 ± 4.44 85.43 ± 3.65 84.97 ± 4.55

AD Mean 67.12 ± 12.0 73.14 ± 9.66 88.58 ± 4.24 89.64 ± 4.35 90.23 ± 2.29 91.31 ± 2.14 91.09 ± 2.91

AD F_W 70.48 ± 9.68 76.27 ± 7.03 90.91 ± 2.52 91.44 ± 2.88 91.92 ± 2.32 92.58 ± 2.52 92.45 ± 2.74

NAD Back 78.63 ± 3.01 88.42 ± 1.55 97.15 ± 3.30 97.36 ± 3.15 97.47 ± 1.39 97.46 ± 1.98 97.08 ± 1.42

NAD GM 72.47 ± 2.91 79.37 ± 2.95 93.75 ± 3.71 94.42 ± 3.30 94.35 ± 1.97 97.79 ± 1.25 94.24 ± 1.85

NAD WM 40.70 ± 13.3 49.89 ± 12.8 78.68 ± 8.61 81.25 ± 9.53 79.19 ± 6.69 81.36 ± 6.94 83.23 ± 7.91

NAD Mean 63.93 ± 3.54 72.56 ± 3.97 89.86 ± 3.15 91.01 ± 3.36 90.34 ± 2.21 91.34 ± 1.92 91.52 ± 2.15

NAD F_W 73.05 ± 2.65 81.36 ± 3.97 94.31 ± 3.72 94.98 ± 3.29 94.63 ± 2.40 95.27 ± 1.90 95.11 ± 2.20

Test Back 76.73 ± 8.57 84.05 ± 9.17 97.25 ± 1.96 97.02 ± 2.15 97.06 ± 1.01 97.10 ± 1.46 96.45 ± 1.95

Test GM 71.72 ± 8.93 77.39 ± 7.06 90.91 ± 4.90 91.52 ± 4.94 92.40 ± 2.83 93.06 ± 2.71 93.06 ± 2.20

Test WM 49.09 ± 15.9 57.29 ± 14.3 79.12 ± 7.76 82.02 ± 7.98 81.36 ± 5.42 83.80 ± 5.28 84.27 ± 5.89

Test Mean 65.85 ± 9.33 72.91 ± 7.56 89.09 ± 3.71 90.19 ± 3.84 90.27 ± 2.13 91.32 ± 1.94 91.26 ± 1.99

Test F_W 71.51 ± 7.58 78.31 ± 6.06 92.27 ± 3.35 92.86 ± 3.40 93.00 ± 2.62 93.65 ± 2.58 93.55 ± 2.68

Model is the inference output. Post is the inference output after post-processing. The results include: IoU

scores and STD (Standard Deviation). AD is the average results on the 6 Alzheimer disease cases in test set.

NAD is the average results on the 4 non-Alzheimer disease cases in test set. Test is the average results on all

10 WSIs. F_W is the frequency weighted IoU for three categories.

IoU score. IoU score [38], as shown in (2.10) is to measure the overlapping amount between
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the ground truth mask and the predicted mask.

IoU =
Area of Overlap

Area of Union
. (2.10)

The slides shown in Figure 2.3 and Figure 2.7 clearly indicate the inherent heterogeneity

of brain tissues among different WSIs, where GM/WM regions have a great variety of sizes

and shapes. Considering its variety of shapes, we also select standard deviation (STD) to

quantify how consistent and robust our methods are on different hold-out WSIs. Larger standard

deviations indicate more performance inconsistency among heterogeneous slides. FCN achieves

inferior performance compared to U-Net (its mean IoU is more than 20% lower than BrainSec

and U-Net), which is similar to the results reported in [131, 132]. Hence, we will only compare

BrainSec/BrainSec+ with U-Net in the subsequent sections.

From Table 2.2, BrainSec/BrainSec+ achieved the highest IoU and lowest standard deviation

in the majority of indexes, which indicated that BrainSec/BrainSec+ was more stable and robust

to a new hold-out test set compared to FCN and U-Net. Specifically, the mean IoU of BrainSec

achieved more consistent segmentation results (less uncertainty) for both AD and NAD cases,

since the difference between that of AD and that of NAD is only around 0.1% while there was

more disparity in the confidence interval for AD vs. NAD cases for U-Net. The increased

uncertainty in the segmentation results for AD compared to NAD is expected due to the existence

of large amounts of plaques in AD cases.

Table 2.2 shows that BrainSec achieved 1.6% higher than U-Net in the mean IoU of AD

cases, with smaller confidence intervals. Both BrainSec and U-Net achieved compatible IoU for

NAD cases, but there was less uncertainty (smaller confidence interval) for BrainSec. Therefore,

we can conclude that BrainSec shows stronger distinguishing ability in GM and WM among

AD cases where boundaries may be more difficult to distinguish due to disease processes.

BrainSec+ further improves BrainSec’s ability in WM among NAD cases and removes the need

for post-processing.

DICE coefficient. Besides the IoU score [38], we selected DICE coefficient [129], another

popular metric used in segmentation problems, to further evaluate the performance of BrainSec

and BrainSec+. DICE coefficient [129], as shown in (2.11), is calculated by doubling the

overlapping areas and dividing it by the total number of pixels in both areas.
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Table 2.3: DICE coefficient comparison on the hold-out test set.

Region FCN [11] U-Net [27] BrainSec BrainSec+

GM 83.21 95.17 96.03 96.18

WM 66.08 88.15 89.63 90.25

DICE =
2× Area of Overlap

Total Sum of Pixels in All Areas
(2.11)

The results are summarized in Table 2.3. BrainSec/BrainSec+ was consistently superior to

both FCN [11] and U-Net [27].

F1-score. In addition to the IoU score [38] and DICE coefficient [129], we also select

F1-score as a third metric to compare the quantitative results. The results are summarized in

Table 2.4. BrainSec/BrainSec+ can perform better performance, especially in WM, compared to

FCN [11] and U-Net [27].

Table 2.4: F1-score comparison on the hold-out test set.

Region FCN [11] U-Net [27] BrainSec BrainSec+

GM 85.43 95.24 96.21 96.99

WM 69.21 88.98 90.01 91.31

2.4.2 Training convergence of BrainSec

To compare the robustness of BrainSec/BrainSec+ with U-Net, we also analyzed the characteris-

tics of training process of BrainSec/BrainSec+ and U-Net as shown in Figure 2.6. During our

experiments, we found the epoch loss of U-Net on the validation set tended to oscillate with the

epoch numbers while the loss on the training set strictly decreased (Figure 2.6a). However, the

validation loss of BrainSec/BrainSec+ has a similar tendency compared to its training loss (both

of them are strictly decreasing).

To further analyze the oscillation issue of U-Net and compare it with BrainSec/BrainSec+,

we selected mean IoU of training and validating as performance metric as U-Net is a pixel-level

architecture that outputs pixel-wise masks for GM and WM. Figure 2.6b shows its mean IoU
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(a) Training/validating loss comparison

(b) U-Net mean IoU (c) BrainSec/BrainSec+ patch accuracy

Figure 2.6. Training process comparison: visualization of the trends of training and validation
comparing BrainSec/BrainSec+ with U-Net.

results on the validation set tend to oscillate across the number of trained epochs while the results

on the training set strictly increase (Figure 2.6b). Besides, the mean IoU of training was over 0.9

while it could be 0.55 in the validation set at 9th epoch of training. Therefore, we performed

five-fold cross-validation on the training and validation set to determine an optimal early stopping

point for the number of training epochs. Then we trained the model for that number of epochs

on the combined training-validation set and evaluated on the test set. The number of training

epochs we obtained is 5 for U-Net.

On the other hand, BrainSec/BrainSec+ is a patch-level classification problem, so we chose

patch-level accuracy to examine the training/validating process. Figure 2.6c shows the classifica-
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tion accuracy of BrainSec/BrainSec+ continues to increase for both training and validation sets.

Both achieve 0.96 accuracy or above after 6 epochs, indicating that their results are very close

without any oscillations or instability.

2.4.3 Computation complexity

For our pathology quantification framework, we have two components. The pathology identifi-

cation component [16] includes three major steps: tiling the slide into regions, deep learning

model’s inference on these regions, and generating the heatmap for the entire slide. The advan-

tage of BrainSec/BrainSec+ is that they can directly use the tile from the first step above, which

saves data pre-processing time. As shown in Algorithm 2, we only needed to do tiling once

for two models (pathology detection model and BrainSec/BrainSec+). However, FCN [98] and

U-Net [27] require different data pre-processing steps, which can cause additional computation

complexity for generating the distribution maps of each type of pathology. On the other hand,

in terms of the computation complexity of the training and inference processes, FCN [98] and

U-Net [27] require a much larger GPU memory ( 11.9 GB), but BrainSec/BrainSec+ only use

around 700 MB. Hence, we believe BrainSec and BrainSec+ are more applicable on the edge

where the devices do not have a large memory. Therefore, from this perspective, we conclude

BrainSec and BrainSec+ are more deployable at the edge (where the hardware resources are

limited) compared to FCN [98] and U-Net [27] when we need to integrate it into a pathology

related task.

2.4.4 Segmentation visualization

Figure 2.7 shows the segmentation visualization of FCN, U-Net, BrainSec and BrainSec+ on

hold-out AD and NAD cases separately. WSI-16 is a AD case while WSI-30 is a NAD case. In

Figure 2.7, our methods segment the whole WSIs into three areas: GM, WM, and background,

which are indicated by cyan, yellow, and black, respectively. The mask of FCN (Figure 2.7c, h)

indicates FCN is not able to distinguish the tissue from background well (as shown in the top and

bottom portions of the image where FCN detects GM when no tissue is present) while U-Net

(Figure 2.7b, g), BrainSec (Figure 2.7d, i), and BrainSec+ (Figure 2.7e, j) can easily segment

the tissue from background. The segmentation masks of U-Net, BrainSec, and BrainSec+ are
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visually close to the ground-truth annotations generated by trained personnel.

(a) Ground Truth (b) U-Net (c) FCN (d) BrainSec (e) BrainSec+

(f) Ground Truth (g) U-Net (h) FCN (i) BrainSec (j) BrainSec+

Figure 2.7. Segmentation masks visualization: WSI-16 is an AD case (top panels) and WSI-30
is a NAD case (bottom panels). GM, WM, and background are indicated by cyan, yellow, and
black, respectively. The red box displays areas where U-Net struggled to correctly segment
tissue. In the top WSI, U-Net has trouble differentiating between WM/GM. In the bottom WSI,
U-Net has trouble segmenting tissue from the background.

2.4.5 BrainSec vs. BrainSec+

From the above sections, we show both BrainSec and BrainSec+ are able to produce consistent

results. Although BrainSec requires less computation cost, its post-processing module refining

the predicted masks still involves parameter tuning, which indicates we may need to tune this

module manually on new datasets. To alleviate the need for such a module, we propose BrainSec+

to further automate the whole process by integrating a Neural Conditional Random Field layer

into the neural networks. This additional layer could introduce computation costs but alleviate the

need for a post-processing module. Hence, BrainSec+ has the potential to be deployed directly

on other pathology tasks without further manual tuning. On the other hand, although BrainSec+

can eliminate the need for a post-processing module, the computation cost can potentially be a

limitation. In our dataset, considering BrainSec+ only achieves trivial improvements in terms of

performance but introduces heavy computation cost, we decided to use BrainSec in our Amyloid-

β plaque quantification framework. However, if the computational resources are ample and there

is a need to deploy the framework to heterogeneous settings (e.g., slides from different brain
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regions, scanners, or have different magnitudes) without manual post-processing, BrainSec+ will

have the advantage.

2.4.6 Pathology quantification with BrainSec

To investigate the compatibility of BrainSec with other pathology models, we integrated BrainSec

into a recent plaque identification model [16] for quantitative pathological studies. Figure 2.8

shows one example of the output from the proposed framework: the distribution of each type

of pathology can be visualized in GM and WM regions clearly. After we applied the proposed

Algorithm 2, our framework detected 567 and 69 Amyloid-β cored in GM and WM, respectively.

It also detected 1358 and 114 Amyloid-β diffuse in GM and WM, respectively. For this case,

CAA was not detected. This is extremely advantageous for researchers to study the disease in a

scalable way by automating this quantification process to relieve the manual quantification on

gigapixel images. In Figure 2.8c, d, we can clearly observe that majority of pathologies appear in

GM but also appear to a much lesser extent in WM, which is consistent with the findings in [10].

(a) Original WSI (b) Output of BrainSec (c) Distribution of cored in

GM/WM

(d) Distribution of diffuse in

GM/WM

Figure 2.8. With the integration of BrainSec into the plaque identification model [16], the
distribution of plaques (denoting in orange in c-d) in GM/WM can be visualized and quantified.

2.4.7 Grad-CAM interpretation

ResNet-Patch. To investigate the differential morphologies corresponding to GM and WM

separately, we used Gradient-weighted Class Activation Mapping (Grad-CAM) [28] to generate

a coarse localization map where the relevant regions for predicting the concept are highlighted.

Figure 2.9 provides visual explanations of what features BrainSec are deemed important for

differentiating GM and WM for both AD and NAD cases, respectively. Grad-CAM [28] is meant

for visual explanation of the deep learning models and provide a way for experts to check that
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(a) AD GM (b) AD WM

(c) NAD GM (d) NAD WM

Figure 2.9. Grad-CAM on selected patches from both AD and NAD cases.

the model is learning from the right sets of features to perform the segmentation or classification

tasks.

From Figure 2.9, we can see the energy around Amyloid-β plaques (brown pixels in Fig-

ure 2.9a) and cells is relatively lower, while the highest energy is focusing on the textures of brain

tissue. Based on pathology differences between GM and WM, one hypothesize is the BrainSec

gravitates towards selecting areas that are composed of more randomly associated fibers (i.e.

neuropil consisting of dendrites in GM, and more organized myelinated axons in WM). This is

interesting as GM is also comprised of a more heterogeneous cell population (i.e. neurons and

glial cells) while the predominate cell type in WM is oligodendrocytes. As a result, BrainSec

not only seems to ignore pathological hallmarks of AD, such as Amyloid-β plaques, but also

other cellular components like neuronal and glial cells. Other abnormalities such as perivascular

spaces, or artifacts are also avoided. The results have the potential to prove that our CNN feature

extractor is relying on the differential textures from GM and WM rather than pathologies to

determine the category of the patch, additional works with greater diversity (including other

areas and stains) are needed. Therefore, our feature extractor is robust to datasets from both AD

40



cases and NAD cases, which is clinically reliable and reasonable.

2.4.8 Evaluation on broader neuroanatomical areas

Figure 2.10. Results from running BrainSec on Frontal (top) and Parietal (bottom) WSIs.

Achieving good metrics on a medical image dataset through deep learning can sometimes be

misleading. A successful model may display weak performance on similar tasks it was originally

trained on if the setup or population is changed[133], which means testing BrainSec/BrainSec+

on a small dataset that contains only a single region of the brain would not guarantee us the model

will perform well in all real-life scenarios. A convenience sample was prepared by selected

182 slides from three different brain regions: frontal, parietal and temporal from one institution

(UC Davis), with one type of stain (4G8). This convenience sample also introduced 141 WSIs

unseen by the model. Due to the large amount of data and the resource-intensive annotation

process, no pixel-wise ground-truth was generated for the 182 WSIs. Meaning DICE scores

and IoU metrics will not be available for this experiment. A successful prediction result would

entail a well defined background/tissue boundary that visually matches the boundary observed
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on the WSI, as well as not presenting any errors on WM/GM segmentation when seen from 20x

magnification (two examples of successful prediction results can be seen on Figure 2.10. A table

comparing the original dataset with the two datasets generated by the convenience samples can

be seen on (see Table 2.1).

We invited two trained personnel to visually inspect the results for our model. The results of

applying BrainSec/BrainSec+ to two new neuroanatomic areas (Parietal and Frontal) showed

its tendency to display stable performance when facing heterogeneous scenarios. The results

displayed WM/GM segmentation that would fit the expected areas from each class upon visual

inspection (as seen in Figure 2.10), even with BrainSec/BrainSec+ never seeing any tissue from

the Frontal or Parietal regions in training. We also tested BrainSec/BrainSec+ on 130 Temporal

WSIs. Out of these slide, 122 WSIs - 94.23% of the dataset - displayed WM/GM segmentation

that accurately match the expected areas from each region after inspection.

2.5 Discussion
In this chapter, we propose an automated GM/WM segmentation pipeline, named BrainSec,

for gigapixel pathology images. BrainSec consists of an interpretable CNN module and a post-

processing module for reducing artifacts and residues existing in WSIs as well as generate XML

annotations that are helpful for neuropathologists. The final output of XML annotations can

be displayed on the original-size WSIs for neuropathological studies. We show BrainSec can

consistently perform well on over more than 200 slides.

We demonstrate the easy compatibility of BrainSec into other pathology models to construct

quantitative pathological studies. Specifically, we integrate it into a plaque detection model [16]

and construct a framework to quantify the number and density of plaques in GM/WM regions.

We show BrainSec is advantageous with quantitative pathological studies in a scalable way.

Currently, our study has the limitation of needing significant computing power and time to

process each WSI. Using a NVIDIA Tesla T4 GPU, it takes us about 6 hours to generate the

prediction maps for WM/GM and for the Amyloid-β plaques for a gigapixel-level WSI.

Although the existing image processing methods may not require GPU support, they cannot

achieve consistent performance on the hold-out test sets (as discussed in Section 2.1.1). Our
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framework is more generalizable on the hold-out cases in real-world scenarios. GPUs are

required for general deep learning methods, which could be a shortcoming. On the other hand,

the advantages of deep learning methods include the generalizability of the model for a scalable

analysis and consistent performance, as well as reduced manual labeling efforts. After we weigh

these advantages and the shortcomings, we conclude that the deep learning framework holds a

lot of potential for digital pathological analysis in the future.

In the future, we plan to implement BrainSec on many different setups to continue to test its

generalizability. We aim to test BrainSec on different file formats used in WSI scanning and also

aim to employ BrainSec on even more neuroanatomical areas. We also must investigate how

much performance metrics can be improved if our training set contains more areas than just the

Temporal region. Furthermore, the assessment of GM thickness in pathology images remains an

area of ongoing research. Nonetheless, GM thickness constitutes a crucial parameter for tissue

analysis. Consequently, our intention is to collaborate closely with neuropathologists to gain a

comprehensive understanding of this metric’s definition. Subsequently, we aim to develop and

propose our approach for GM thickness measurement, supported by a substantiated conceptual

framework.
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Chapter 3
Enhanced Semi-supervised Learning to
Improve Self-training

In Chapter 2, we prove the promising performance of different CNNs through supervised

learning, which heavily relies on a large labeled dataset. For example, in Alzheimer disease

(AD) research, neuropathologists usually assess histopathology by detecting and identifying

extracellular Amyloid-β plaques [134]. This is one of the hallmarks associated with AD [135,

136]. A recent work [16] claimed that more than 30,000 patches from gigapixel WSIs need to be

annotated by neuropathology researchers to train a deep learning model to detect the Amyloid-β

plaques with acceptable accuracy. The labeling cost could be much higher in this case since

medical experts must do the annotations. Hence the requirement of large amounts of curated data

that involves substantial labeling cost may limit the wide adoption of supervised deep learning

methods in real-world medical problems [31, 137].

Semi-supervised learning (SSL) is one that train models without requiring heavy annotations

combining a small set of labeled samples with a large amount of unlabeled samples [30].

Consistency loss-based SSL methods involve both pseudo labels and data augmentation, showing

their powerful performance on CIFAR-10 [17]. One drawback of these consistency loss-based

SSL methods is that the imperfect class conditional distribution is used to generate pseudo labels

and the over-reliance on pseudo labels make it difficult to correctly update the class conditional

distribution [34]. In other words, incorrect pseudo labels during training may cause further
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misclassifications in subsequent epochs, resulting in a feedback cycle of self-reinforcing errors

that ultimately yields a poor-accuracy classifier [35]. A recent study [21] applied FixMatch [17]

and MixMatch [30] to a histology dataset and showed that the performance of these state-of-the-

art SSL methods are limited due to the above drawback.

3.1 Methodology
To deal with the above issue, inspired by [31] who claims that pre-training a classifier and then

transferring it has the potential to outperform SSL in some settings (using 4000 labeled labeled

points from CIFAR-10), we design a novel two-stage SSL, SIM-FixMatch, to further reduce

the labeling cost when labeled data is too rare for transfer learning. Our first stage is to employ

self-supervised learning [37] for learning visual representations, which plays a similar role to

pre-training in transfer learning but requires no labels. After the first stage, a pretrained encoder

will be fed into the standard consistency loss-based SSL models. We employ our proposed

scheme to segment GM and WM in Amyloid-β stained histopathology images. To our best

knowledge, our work is the first to tackle this task with minimal labeling cost and our proposed

method outperforms FixMatch [17] when the amount of labeled data is much reduced (e.g., to

0.1% of total tiles from WSIs). In this section, we will introduce SIM-FixMatch, a two-stage

SSL approach [36]. In the first stage, we utilize the self-supervised module to pretrain an encoder

that learns the visual representations from unlabeled set. Then, we use this encoder as the input

into a standard consistency loss-based SSL to leverage the information from both labeled and

unlabeled set. Figure3.1 shows the overall architecture.

3.1.1 First stage: self-supervised pre-training

SimCLR [37] is a simple self-supervised framework for contrastive learning of visual representa-

tions on unlabeled images. As shown in Figure3.1, an unlabeled image undergoes two random

data augmentation operations t and t′ and produces outputs hi and hj after going through the

encoder network f(·). g(·) is a projection head (multilayer perceptron with one hidden layer) to

get zi = g(hi). f(·) and g(·) are trained to maximize the agreement using the contrastive loss

function

li,j = − log
exp(sim(zi, zj)/τ)∑2N

k=1 I[k ̸=i] exp(sim(zi, zk)/τ)
,
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Figure 3.1. Two-stage Sim-FixMatch pipeline where encoder f in the 2nd stage is self-trained
using the 1st stage.

where N is the size of a batch (two separate augmentation operators result in 2N data points),

I[k ̸=i] is an indicator function, which is 1 if k ̸= i, sim(·, ·) is cosine similarity, and τ is a

temperature parameter. The eventual goal for this stage is to train the encoder f(·) for learning

visual representations from unlabeled dataset. In our experiment, we use ResNet [55] for the

encoder.

3.1.2 Second stage: standard FixMatch

In this study, we mainly adopt FixMatch [17], which combines pseudo-labeling and consistency

regularization. Specifically, the pseudo label is generated based on a weakly-augmented unlabeled

image (weak), which will be the target to compare with the output of the model on a strong-

augmented version of the same unlabeled image (strong) as shown in Figure3.1. As pseudo-

labels generated here could be hurt by the imperfect class conditional distribution, we use

the encoder f(·) pretrained on unlabeled data from the first stage to provide an initialization

for FixMatch. For the optimizer, instead of using standard SGD reported to have the best

performance in [17], our experiments show Adam [138] performs better for our WSI dataset.
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The “strong” augmentation operations include RandAugment and CTAugment [17] while the

“weak” includes standard flip-and-shift augmentation.

3.2 Experiments
3.2.1 Data preparation

As downsampling [14] may lose medical features, we follow a patch-based method in [15]

to divide WSIs into 256 × 256 patches to cope with the ultra-high resolution. In this paper,

20 WSIs (12 AD cases and 8 NAD cases) were randomly selected for training and validation

while the remaining 10 WSIs (6 AD cases and 4 NAD cases) were used for hold-out testing

and inference. From the 20 WSIs, we selected one AD case and NAD case that have highest

inter-rater agreement as the source of labeled patches while we kept the remaining 18 WSIs for

generating unlabeled patches (around 600,000 patches). In our setting, we first generated 6,000

labeled patches (nearly 1% proportion of all patches) from 2 labeled WSIs, then we generated

6,00 labeled patches (nearly 0.1%) to further verify the effectiveness of our proposed method.

3.2.2 Effectiveness of the first stage

(a) 600 Labeled Patches (b) 6000 Labeled Patches

Figure 3.2. Trends of training and validation during the training process of FixMatch with or
without the 1st stage.

To verify the effectiveness of our first stage, which is to learn visual representations on the

unlabeled set and provide an encoder for the second stage, we visualized the training process of

the second stage by using our method and baseline FixMatch. We trained both of them over 40

epochs and found that they converged quickly within 15 epochs. As shown in Figure3.2, with
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the first stage, the model will be well-trained after only 3 epochs in the second stage, while it

takes almost 20 epochs without the first stage. Besides, our proposed method starts from nearly

50% higher accuracy after the first epoch compared with original FixMatch, which shows the

effectiveness of our proposed first stage on learning the representations via contrastive learning.

3.2.3 Numerical results

Table 3.1: Pixel-wise IoU Scores for AD, NAD, and overall test set

2 Labeled WSIs 0.1% Labeled 1% Labeled

FCN U-Net FixMatch Proposed FixMatch Proposed

AD Back 61.04 ± 5.44 59.74 ± 13.9 93.15 ± 2.41 94.10 ± 2.21 96.59 ± 1.04 96.33 ± 1.05

AD GM 46.98 ± 2.78 37.16 ± 9.93 78.57 ± 3.87 84.59 ± 3.27 87.12 ± 3.46 88.21 ± 3.84

AD WM 27.75 ± 5.50 7.57 ± 6.02 56.66 ± 16.4 74.31 ± 3.36 73.94 ± 6.89 76.33 ± 4.77

AD Mean 45.26 ± 3.55 35.40 ± 7.12 76.13 ± 5.89 84.34 ± 1.88 85.88 ± 3.09 86.95 ± 2.72

NAD Back 66.66 ± 5.17 78.46 ± 18.5 97.07 ± 0.31 96.70 ± 0.73 97.71 ± 0.86 97.63 ± 0.88

NAD GM 50.15 ± 0.49 59.59 ± 13.6 83.97 ± 7.76 86.58 ± 5.44 90.01 ± 4.02 90.93 ± 4.12

NAD WM 19.72 ± 13.6 3.02 ± 3.09 22.72 ± 19.0 62.17 ± 7.04 59.71 ± 9.99 68.79 ± 7.22

NAD Mean 45.51 ± 3.29 47.02 ± 10.9 67.92 ± 6.53 81.82 ± 2.15 82.47 ± 2.59 85.78 ± 2.00

Test Back 63.29 ± 5.81 68.28 ± 17.2 94.72 ± 2.71 95.14 ± 2.17 97.04 ± 1.08 96.85 ± 1.15

Test GM 48.25 ± 2.66 46.13 ± 15.8 80.73 ± 6.01 85.39 ± 4.10 88.27 ± 3.78 89.30 ± 3.98

Test WM 24.54 ± 9.80 5.75 ± 5.37 43.08 ± 24.0 69.45 ± 7.88 68.25 ± 10.7 73.31 ± 6.72

Test Mean 45.36 ± 3.26 40.05 ± 10.2 72.84 ± 7.18 83.33 ± 2.28 84.52 ± 3.26 86.48 ± 2.41

AD is the average results on the 6 Alzheimer’s disease cases in hold-out test set. NAD is the average

results on the 4 non-Alzheimer’s disease cases in test set. Test is the average results on all 10 WSIs.

IoU. The results of IoU scores are summarized in Table 3.1. We selected the most updated

version of FCN [11] and U-Net [27] as the supervised learning (SL) baselines for our comparison.

Both of them are trained on only 2 labeled slides (1 AD case + 1 NAD case). Compared to

the results reported in [26] that are trained on 20 labeled slides, their performance drastically

deteriorates with reduced labeled WSIs from 20 to 2. The mean IoU scores for these two

methods are only around 40%. FixMatch and our proposed method are trained on labeled patches

(600 and 6000) from the same 2 labeled WSIs while the unlabeled patches are from other 18
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unlabeled WSIs. For 6000 labeled patches setting, the labeled ratio is only 1%. FixMatch could

achieve 84.52% of mean IoU while our proposed SIM-FixMatch is around 2% higher and has

better performance in almost all classes, especially for the WM region in NAD cases (9.08% of

improvement). Besides, our proposed method achieves 2.28% lower in terms of STD compared

to original FixMatch. To further stress-test of our proposed method, we consider an extreme

situation by using only 600 labeled patches (the labeled ratio is down to 0.1%). The improvement

of SIM-FixMatch is significant, almost 40% of increase in terms of the WM region in NAD

cases and 10.49% of increase in the mean IoU while the STD is still close to original FixMatch.

DICE coefficient. Besides IoU, we also use DICE coefficient [129] to further evaluate the

proposed methods. When only 600 patches are labeled, the DICE coefficient of WM increases

from 61.32% (FixMatch) to 82.67% (proposed). And when 6000 patches are labeled, it also

gains 3% of improvement in WM.

3.2.4 Segmentation visualization

Ground Truth U-Net FCN FixMatch Proposed

Figure 3.3. Segmentation mask visualization by only using 0.1% labeled patches from one AD
case (top) and one NAD case (bottom). Both are from hold-out test set. Here GM, WM, and
background are indicated by cyan, yellow, and black, respectively.

Figure 3.3 shows the segmentation visualization of SL methods (FCN [11], U-Net [27])

trained on the same 2 labeled WSIs and SSL methods ( original FixMatch [17] and our proposed

method) trained using 600 labeled patches from the same two labeled slides and unlabeled

patches from the other 18 WSIs (the labeled ratio is only 0.1%). The masks of U-Net (Figure 3.3
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the 2nd column) indicates that U-Net is unable to distinguish the WM from the GM; the masks

of FCN (Figure 3.3 the 3rd column) have better visualization than U-Net but there are still many

incorrectly labeled regions. FixMatch (Figure 3.3 the 4th column) is able to find the rough

boundary between GM and WM but there are noisy pixels within WM, indicating it wrongly

predicts some WM pixels as GM in the WM region. Our proposed method (Figure 3.3 the 5th

column) could provide more distinguishable boundary for each region and the masks are the

closest to the ground truth masks.

3.3 Discussion
In this chapter, we investigate the applicability of state-of-the-art semi-supervised learning in

histology images and propose a two-stage approach to further improve the performance of SSL

methods on Amyloid-β stained WSIs at gigapixel level with the minimal labeling efforts. In our

two-stage method, we verify the effectiveness of the first stage (self-supervised pretraining) by

providing an encoder that has learned adequate visual representations among unlabeled data. Our

proposed method outperformed the original FixMatch, especially in the case where labeled tiles

are extremely rare (0.1%). While we showed promising results by running our experiments using

randomly selected two WSIs, we will evaluate the selection criteria of WSIs more systematically

in our future work.

These techniques have the potential to be applied to other classification and segmentation

problems in medical images to minimize the expensive labeling cost. In addition, it takes nearly

3 days for SimCLR to train a good representation. Consequently, our future direction involves

developing a task-based architecture to accelerate this process.
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Chapter 4
Class-Imbalanced Semi-supervised
Learning

Although deep neural networks have repeatedly achieved promising performance on various

real-world tasks [55, 14, 139], their success heavily relies on the accessibility of large annotated

datasets that typically involve labor-intensive labeling. The labeling cost could be even higher

when specific domain knowledge such as in medical applications is required [139]. Semi-

supervised learning (SSL) is one of the promising methods to reduce the labeling cost by

leveraging unlabeled data. It has shown good results on standard image classification benchmarks

using a very small labeled dataset [30, 17, 40]. To leverage unlabeled data effectively, the recent

state-of-the-art SSL algorithms produce pseudo labels on unlabeled data, and then train the model

by iteratively optimizing consistency loss as a regularization via these pseudo labels [140, 141].

These SSL methods [30, 17, 40, 140, 141] typically assume that labeled and unlabeled data

are balanced (i.e., equal representation from different classes). One challenge for the wide-

adoption of SSL in real-world tasks is that the performance may suffer from imbalanced training

set [32, 142, 21], such as a long-tailed dataset from CIFAR-10 shown in Figure 4.1(a) [143].

Specifically, the model’s predictions can be biased towards the majority classes and away from mi-

nority classes that have few samples [144]. This affects the quality of pseudo labels, which could

subsequently make the model even more biased. Consider the examples shown in Figure 4.1:

using a popular SSL method FixMatch [17] on the long-tailed CIFAR-10 dataset, Figure 4.1(b)
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(a) (b) (c)

Figure 4.1. Experimental results on CIFAR-10 under the imbalanced ratio γ = 100. (a) Class
distribution of labeled and unlabeled data. (b) Estimated distribution of the minority class after
training 10 epochs. (c) Estimated distribution of the minority class after training 200 epochs.

shows that the numbers of pseudo labels for the minority classes 7-10 are significantly smaller

than the true distribution after training for 10 epochs. In fact, the smallest class receives no

pseudo labels at all. The number of minority classes’ pseudo labels increases but Figure 4.1(c)

shows that they are still smaller than the true distribution after 200 epochs. The bias in the

pseudo label distribution has prolonged the training and affected the classification performance.

A few recent studies [32, 145, 146, 33] try to tackle this problem, but all of these methods

have made assumptions about the distribution of the unlabeled data. For example, CReST [33]

assumes that unlabeled data have almost the same distribution as labeled data. DARP [32]

utilizes the confusion matrix from labeled data to estimate unlabeled data distribution. These

may not be applicable to real-world settings where the small labeled dataset is not representative

of the population and there is no prior information about the unlabeled data, including its class

distribution. This is the second challenge SSL faces for the wide-adoption in realistic tasks.

Therefore, it remains an open problem to develop an effective class-imbalanced SSL algorithm

without any assumptions about the distribution of unlabeled data.

To address the class-imbalanced issue, we assume labeled and unlabeled data share similar

distribution [33] and focus on the first challenge of mitigating the impact of class imbalance on

SSL. Based on the assumption, we show that using smoothed weighting on the consistency loss

is effective in countering the class imbalance problem. We then turn to the second challenge

of unknown distribution of unlabeled data and propose Smoothed Adaptive Weighting (SAW)

that can automatically estimate the class distribution of unlabeled data and assign weights to
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the consistency loss per epoch. As shown in Figure 4.1(b) and (c), SAW forces the model to

have a rough awareness of class distribution in unlabeled data, and adjust the weights for all

classes accordingly based on the model’s awareness. More biased pseudo distribution will trigger

a stronger response of weights derived from the model’s self-awareness. This self-adjusting

scheme could gradually refine the pseudo labels to move closer to the true distribution of the

unlabeled data [39].

4.1 Related work
Semi-supervised learning. Semi-supervised learning (SSL) is a learning method that aims to

improve the performance of supervised learning by leveraging unlabeled data. One commonly-

used SSL approach is to rely on pseudo-labeling, where a model trained with labeled data and

possibly unlabeled data with previously generated pseudo-labels is used to generate pseudo labels

for each unlabeled sample [30, 17, 40, 141, 147]. These pseudo labels are then combined with

labeled data to train the final model. Temperature scaling is applied to generate a soft pseudo

label based on the model’s predictive probability [30, 40, 148, 149]. To promote consistency

across predictions over unlabeled samples, consistency regularization can be applied across

different augmented views of the same unlabeled training samples [140, 150, 151]. Recent

state-of-the-art SSL algorithms such as FixMatch [17] and ReMixMatch [40] combine both

pseudo labels and consistency regularization. However, all of these aforementioned methods

assume balanced class distribution in both labeled and unlabeled data and may face performance

degradation in real-world imbalanced datasets [142, 21].

Imbalanced supervised learning. Real-world datasets are typically of “long-tailed” dis-

tribution [152, 153, 154, 155, 156]. Supervised learning on imbalanced distribution has been

widely studied. Popular methods to re-balance the class distributions include re-sampling the

data [157, 158, 159] and re-weighting the loss function [160, 161, 162, 163]. However, simple re-

balancing may lead to over-fitting to the minority classes. To address this issue, [164] proposed

“effective number of samples” to measure the real volume of each class. Another direction is to

transfer and distill the knowledge from majority classes to minority [152, 155, 165]. Although

these methods perform effectively on supervised learning, they require labels for all classes in
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the entire dataset while labeled dataset is small in SSL framework. Therefore, the applicability

of these methods to SSL is unclear.

Imbalanced semi-supervised learning. A recent study shows that class-imbalance problem

can be greatly benefited from unlabeled data, sometimes even more so than labeled data, by either

using pseudo-labeling in SSL or without any labels in self-supervised learning [145]. Similarly,

[33] proposes a class-rebalancing self-training framework named CReST to expand the labeled

data by adding pseudo-labeled samples. One obvious drawback of these approaches is that they

ignore the impact on the quality of the pseudo labels due to the difference in class distributions

between the labeled and unlabeled data: different distributions may bias the model and generate

biased pseudo labels. DARP [32] introduces distribution aligning refinery of pseudo-label to

softly refine the pseudo labels from the model. However, DARP also assumes that labeled and

unlabeled data can be sampled from similar input distribution: they approximate the confusion

matrix of unlabeled data by directly using that of labeled data. Another limitation of these

methods is that they only report the results on a balanced test set [32, 33]. The effectiveness of

their algorithms need to be tested against realistic class-imbalanced scenarios where training and

testing set may have totally different distributions.

4.2 Methodology
4.2.1 Preliminaries

We first give a brief review on semi-supervised learning (SSL). Consider a classification problem

with C classes. An input vector and corresponding one-hot label are denoted x ∈ Rd and

y ∈ {0, 1}C , respectively. Here d is the dimension of the input. The training data contains

m labeled instances D(l) =
{
(x

(l)
i , y

(l)
i )

}m

i=1
and n unlabeled instances D(u) =

{
x
(u)
j

}n

j=1
,

with m ≪ n. The number of training labeled instances in D(l) of class k is denoted as mk,

i.e.,
∑C

k=1mk = m. Similarly, we have nk for unlabeled instances in D(u) of class k with∑C
k=1 nk = n. In general, the distribution of unlabeled data {nk}Ck=1 is unknown. Without loss

of generality, we assume {mk} and {nk} are sorted by cardinality in descending order, i.e.,

m1 ≥ m2 ≥ · · · ≥ mC , and n1 ≥ n2 ≥ · · · ≥ nC . In a class-imbalanced dataset, the class

distribution is skewed, i.e., m1 ≫ mC or n1 ≫ nC . Here we define γl = m1

mC
and γu = n1

nC
to
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measure the degree of class imbalance in labeled and unlabeled data, respectively.

The goal of SSL is to train a classifier h(x; θ) : Rd → [0, 1]K using the above training

data. Here h(x; θ) is parameterized by θ ∈ Θ and its k-component h(x; θ)k ∈ [0, 1] is the

predictive probability for the k-th class given an input x. The training process is to minimize the

generalization loss in both labeled and unlabeled data

min
θ∈Θ

m∑
i=1

Ll(x
(l)
i , y

(l)
i ; θ) +

n∑
j=1

Ω(x
(u)
j ; θ), (4.1)

where Ll is the per-sample supervised loss (e.g., cross-entropy) for labeled data and Ω is the

per-sample regularization for unlabeled data. Note that some SSL algorithms (e.g., FixMatch

[17]) include both labeled and unlabeled data in the regularization term, where we can simply

replace the second term of (4.1) by
∑n+m

j=1 Ω(xj; θ), for xj ∈ D(l) ∪ D(u). One of the widely

used regularization is consistency loss [140, 17, 151]. This kind of regularization forces SSL

to predict consistency on different views of the same sample. To utilize D(u) effectively, many

SSL algorithms infer their labels by some pseudo labeling scheme p defined as
{
p(x

(u)
j ; θ) ∈

[0, 1]C
∣∣∣ ∑C

k=1 p(x
(u)
j ; θ)k = 1

}n

j=1
. Then, we can formulate the consistency loss as follow:

Lc(x; θ) :=
C∑

k=1

p(x; θ)k · log(h(pertub(x); θ)k). (4.2)

Here pertub(x) defines the specific augmentation scheme. In VAT [151], this operator is an

adversarial perturbation that disregards the input class distribution. FixMatch [17] adopts strong

and weak augmentation as perturbations in pertub(x) and p(x; θ), respectively. Note that other

consistency loss like the mean-square error can also be used: ∥p(x; θ) − h(pertub(x); θ)∥22.

For simplicity, in the following content, we will only consider consistency loss (4.2) as the

regularization term, i.e., Ω = Lc.

4.2.2 A closer look at the weight in consistency loss

In this subsection, we investigate the impact of weighted consistency loss for class-imbalanced

SSL. As the imbalanced class distribution tilts towards the majority classes, previous works

in supervised learning [160, 161, 162, 163] realign the distribution by different re-weighting

strategies. In SSL, efforts on re-weighting schemes remain limited. Here we define a weighting
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Figure 4.2. Empirical illustration of the performance impact of weighting functions with
different β using CIFAR10-LT under the imbalance ratio γ = 100. (a) The normalized weights
with different values of β. (b) Accuracy performance measured bACC and GM (with standard
deviation) of FixMatch [17] under class-rebalanced weighting scheme [166] with different β.

consistency loss in the cross entropy format as:

Lcw(x;w, θ) :=
C∑

k=1

wk · p(x; θ)k · log(h(pertub(x); θ)k), (4.3)

where wk is the weight for the k-th class. We use the standard cross-entropy loss with uniform

weights as Ll. A long-tailed version of the CIFAR10 with a class-imbalanced ratio γ := γl =

γu = 100 is studied. We test FixMatch [17] with its consistency loss replaced by Lcw. Following

the class re-balanced weighting scheme in [164], we set the weight to be inversely proportional

to the effective number of samples for each class, i.e.,

wk ∝ 1/Ek, where Ek = (1− βnk)/(1− β). (4.4)

We normalize wk such that
∑C

k=1wk = C. The degree of smoothing is determined by the value

of β as β = 0 leads to uniform weights. When β goes to 1, Ek → nk, which corresponds to the

weight by strictly inverse class frequency. The normalized weights with different values of β are

shown in Figure 4.2(a). The performance is evaluated by balanced accuracy (bACC) [156, 167]

and geometric mean scores (GM) [168, 169]. In Figure 4.2, we observe that selecting weights by

either strictly inverse class frequency or uniform weight produce the worst results while smoothed

versions of weights show some improvements. This observation indicates the importance of the

smoothness for the weight in consistency loss. Additionally, the value of β in [164] corresponds
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to (N − 1)/N , where N is a hyper-parameter representing the volume of each class. An

interesting observation is that the optimal value of β in our experiments corresponds to the N

being the average of {mk + nk} over all k’s.

4.2.3 SAW: Smoothed adaptive weighting scheme

Smoothed weighting. Based on the above observation, we propose a smoothed weighting

scheme for SSL. We first start with the same case that the unlabeled data D(u) shares the same

class distribution as the labeled data D(l), i.e. n1

m1
= n2

m2
= · · · = nC

mC
. Therefore, we can keep the

same weight in consistency loss and supervised loss, i.e., w(l) = w(u). The loss function becomes

minθ∈Θ
∑m

i=1 Llw(x
(l)
i , y

(l)
i ;w, θ) +

∑n
j=1 Lcw(x

(u)
j ;w, θ), where Llw(x, y;w, θ) =

∑C
k=1wk ·

yk · log(h(x; θ)k) is a weighted supervised loss and Lcw is defined in (4.3). Many re-weighting

schemes for supervised learning add weights outside each per-sample loss while our weight w is

inside the loss. These two are equivalent for Llw as there is only one non-zero term. However,

for Lcw, when the pseudo label is not a one-hot vector, we cannot add the weight outside the

per-sample consistency loss.

Figure 4.3. Illustration of the SAW framework.

Adaptive weighting. In real-world scenarios, the class distribution in the unlabeled data is

unknown. The weight in consistency loss therefore cannot be directly inferred from labeled data.
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In [32], the distribution is estimated from the confusion matrix of a subset of labeled dataset. This

estimation is limited as it assumes that confusion matrices of labeled and unlabeled datasets are

similar. Besides, when labeled data is scarce, the confusion matrix of a subset of labeled dataset

may fail to represent the whole dataset. Alternatively, the pseudo labels can be used to estimate

the class distributions of the unlabeled data. However, Figure 4.1 shows that the distribution of

the minority classes obtained from pseudo labels by FixMatch is significantly underestimated,

especially in the first few epochs. Thus, our aim is to re-balance this pseudo labels’ distribution

by using them to adaptively adjust a smoothed weight term w(u) for consistency loss, which in

turn leads to an improved estimation of the pseudo labels in the next epoch. In general, we utilize

gradient descent methods or its variants, such as Adam [138], to update the θ in the training

process, i.e., θ ← θ − η · ∇L(θ, w(u)), where η is the learning rate and L is the loss function:

L(θ, w(u)) =
∑m

i=1 Llw(x
(l)
i , y

(l)
i ;w(l), θ) +

∑n
j=1 Lcw(x

(u)
j ;w(u), θ). The weight w(l) is fixed

based on the distribution of the labeled data, while the weight w(u) is initialized to be uniform.

After training for one epoch, we compute the one-hot pseudo label p(x, θ) via the updated

θ. Then class distributions can be estimated by nk =
∑n

j=1 p(xj, θ)k, for k = 1, . . . , C. As

motivated in Section 4.2.2, the weight should be proportional to (1−β)/(1−βnk), but singularity

may rise when estimated nk = 0. Here we adjust the nk by n̂k = max(nk, 1). Following the

observation in Section 4.2.2, we update β = (N − 1)/N , where N =
∑C

k=1(mk + n̂k)/C. With

the normalization, the weight w(u) is updated as

w
(u)
k = C/

C∑
t=1

1− βn̂k

1− βn̂t
, for k = 1, . . . , C. (4.5)

During the training process, improved quality of pseudo labels could result in a better estimation

of class distributions. We call this proposed algorithm as smoothed adaptive weighting (SAW),

which is summarized in Algorithm 3 and Figure 4.3.

4.2.4 SaR: Self-adaptive refinement on soft labels

We first set up the problem in class-imbalanced semi-supervised learning (SSL). In an C-class

classification task, an input vector and its corresponding one-hot label are denoted as x ∈ Rd

and y ∈ {0, 1}C , respectively. Here d is the dimension of the input. There are a labeled set

Dl =
{
(x

(l)
i , y

(l)
i )

}m

i=1
and an unlabeled set Du =

{
x
(u)
j

}n

j=1
, with m ≪ n. Let mk be the
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Algorithm 3 The SAW Framework
Data: Labeled data {(xi, yi)}mi=1, unlabeled data {xj}nj=1, weight in supervised loss w(l),

number of classes C, learning rate η, max epoch T

Initialize uniform weights in consistency loss w(u) and model parameter θ

while t < T do

for 1, . . . K do

Sample batches label data {x, y}

Sample batches unlabeled data {x}

Update θ ← θ − η · ∇L(θ, w(u))

end for

Compute pseudo labels p(x; θ) and estimate distribution (n1, n2, . . . , nC)

Adjust the distribution (n̂1, n̂2, . . . , n̂C)

Update weight w(u) based on (4.5)

end while

Return: θ

number of training labeled instances in Dl of class k, i.e.,
∑C

k=1mk = m. Similarly, nk is

for unlabeled instances in Du of class k with
∑C

k=1 nk = n where nk is unknown. Without

loss of generality, we assume {mk} and {nk} are sorted by cardinality in descending order,

i.e., m1 ≥ m2 ≥ · · · ≥ mC , and n1 ≥ n2 ≥ · · · ≥ nC . Here the skewed class distribution is

considered, i.e., m1 ≫ mC or n1 ≫ nC . The fraction γl = m1

mC
and γu = n1

nC
measure the degree

of class imbalance in labeled and unlabeled data, respectively.

SSL aims to train a classifier h(x; θ) : Rd → [0, 1]C using the above training data. Here the

k-component h(x; θ)k ∈ [0, 1] is the predictive probability for the k-th class given an input x.

To utilize Du effectively, many state-of-the-art SSL algorithms infer their labels using pseudo

labeling schemes denoted by

{
ŷ(u) ∈ [0, 1]C

∣∣∣ C∑
k=1

ŷ(u)(k) = 1
}n

j=1
.

Pseudo labels are generated based on the classifier h(x; θ) with a stochastic data augmentation
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function α. Specifically, one can obtain a one-hot vector as pseudo label by

ŷ(u)(k) = δ(h(α(x(u)); θ)k), k = 1, · · ·C, (4.6)

where δ is an operator to transform a soft label h(α(x(u)); θ) into a one-hot vector. With these

pseudo labels, the training process is to minimize the loss in both labeled and unlabeled data

min
θ∈Θ

m∑
i=1

L(h(x(l)i ; θ), y
(l)
i ) +

n∑
j=1

L̂(h(α̂(x(u)j ); θ), ŷ
(u)
j ), (4.7)

where L and L̂ are the per-sample losses (e.g., cross-entropy). The first term works as a

supervised loss function for labeled data while the latter one is a regularization term. Note

that some SSL algorithms use different distance-based loss function for labeled and unlabeled

data. One of the widely used regularization is consistency loss [140, 17, 151]. This type of

regularization forces SSL to predict consistency on different views of the same sample. Here α̂

refers to another augmentation different from α in (4.6). For simplicity, in the following content,

we will only consider consistency loss as the regularization term.

Self-adaptive refinement on soft labels Although traditional reweighting [170, 164, 160,

161, 171] and resampling [172, 173, 157, 174] are popular techniques dealing with imbalanced

datasets and show their effectiveness on supervised learning (SL), they cannot be directly

applicable to SSL since the majority of samples are unlabeled. Instead, we focus on the

threshold-moving method [175] to improve the quality of pseudo labels in class-imbalanced SSL.

One drawback of consistency loss-based SSL methods is that the imperfect class distribution

is used to generate pseudo labels and the over-reliance on pseudo labels makes it difficult to

correctly update the class distribution. It motivates us to take one step back and focus on refining

the soft labels and adjusting the thresholds for pseudo label generation. Threshold-moving

is a classical method for the binary-classification tasks. It has been extended to multi-class

problems for supervised learning. For example, Zhou et al. [175] adjusted the output of neural

network to move the output threshold toward classes with higher misclassification costs. This

is very different from re-sampling [172, 173, 158, 159, 174] as it relies on the manipulation of

the outputs of the classifier instead of re-balancing training data. Threshold-moving is more

applicable to SSL than traditional re-sampling or re-weighting schemes since it does not rely on

the pre-defined distribution of the unlabeled data.
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Here we refine the pseudo labels (4.6) as

ŷ(u)(k) = δ(sk · h(α(x(u)); θ)k), k = 1, · · · , C. (4.8)

where s = [sk, k = 1, · · · , C] is a positive scaling vector to mitigate the confirmation bias [141].

We refer to this vector as Mitigating Vector and will describe how it is calculated in the next

subsection. Note that some SSL algorithms directly use soft labels as pseudo labels. In that

circumstance, (4.8) becomes

ŷ(u)(k) =
sk · h(α(x(u)); θ)k∑C
j=1 sj · h(α(x(u)); θ)j

, (4.9)

with the normalization.
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Figure 4.4. Confirmation bias on CIFAR10-LT under imbalanced ratio γ = 100: (a) the
estimated distribution of majority classes; (b) the estimated distribution of minority classes.

Mitigating Vector. Inspired by the cost-sensitive classification [175], we turn our attention

to the learning effect of unlabeled data during the training process. Consider a long-tailed version

of the CIFAR-10 with the imbalance ratio (the ratio between the number of samples of the most

frequent class and that of the least frequent class) as γ := γl = γu = 100. In the same figure,

we see that pseudo labels generated from FixMatch [17] are highly biased towards the majority

classes. The original imbalance ratio can be further accentuated from 100 to 1000 [32]. To

address this issue, we propose Self-adaptive Refinement (SaR) to take the confirmation bias

of each class in SSL into account. Specifically, we adjust the soft labels so as to re-balance

the contributions of samples from both the majority and the minority classes. To achieve this,
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Figure 4.5. Illustration of the SaR framework.

one can make the value of sk proportional to the biased degree. In [18], the degree of bias is

estimated by counting the number of samples n̂k whose predictions fall into class k and above

the threshold, i.e.,

n̂k =
n∑

j=1

1(h(α(x
(u)
j ); θ)k > τ) · 1(argmax(ŷ

(u)
j ) = k), (4.10)

where τ is pre-defined threshold and 1(·) is the indicated function. In other words, the class that

has more samples with prediction confidence exceeds τ is considered to exhibit a lower bias [18].

Hence we can design our Mitigating Vector as follows:

sk = b(n̂k), k = 1, · · · , C. (4.11)

Here b(·) is a monotone decreasing function. Unlike the FlexMatch [18], we fix the threshold τ

during the training and focus on refining the soft labels. Besides, blindly matching the distribution

of the pseudo labels to the true distribution could bias the classifier [32]. We design a mitigating

vector to smooth the distribution of the pseudo labels by balancing the needs of representing the

true distribution and emphasizing the minority classes. Specifically, we use the function b, which

is inspired by the effective samples [164] proposed for SL, i.e.,

b(n̂k) = (1− β)/(1− βn̂k). (4.12)

The degree of flattening is determined by the value of β ∈ (0, 1). Here β = 0 nullifies the

impact on the sample counts n̂k making all sk’s equal to 1. When β goes to 1, b(n̂k) returns a
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Algorithm 4 The SaR Framework

Data: Labeled data {(x(l)i , y
(l)
i )}mi=1, unlabeled data {x(u)j }nj=1, number of classes C, learning

rate η, max epoch T

Initialize model parameter θ, Mitigating Vector s

while t < T do

for 1, . . . K do

Sample batches label data {x(l), y(l)}

Sample batches unlabeled data {x(u)}

Refine the soft labels from unlabeled data with s

Compute pseudo labels p(x(u); θ) and save them

Update θ by stochastic gradient decent with fixed s

end for

Estimate (n̂1, . . . , n̂C) based on (4.10)

Update sk = b(n̂k), k = 1, · · · , C

end while

Return: θ

larger value for a smaller n̂k, thereby putting more emphasis on the minority classes. We select

β as 0.999 and fix it as suggested by [164]. After we refine the soft labels, we will generate

a new set of pseudo labels that alleviate the confirmation bias. The entire SaR framework is

summarized in Figure 4.5 and algorithm 4.

4.3 Experiments
In this section, we evaluate the efficacy of our proposed algorithm on various class-imbalanced

scenarios for semi-supervised learning in classification problems, including CIFAR-10, CIFAR-

100 [143], and STL-10 [176]. The evaluation criteria on these imbalanced classification problems

include balanced accuracy (bACC) [167, 156] and geometric mean scores (GM) [168, 169].

Each algorithm is run three times to report the mean value and standard deviation under each

setting. All experiments use the same encoder (Wide ResNet-28-2 [31]) and batch size (64)

under the same number of training iterations (around 2.5× 105). More details are in Section A
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of the supplementary material.

4.3.1 CIFAR10-LT

Setup. We first evaluate our approach on a “synthetically long-tailed” variant of CIFAR-10

(CIFAR10-LT) introduced in [32, 164, 170]. In the training set, all images are randomly sampled

based on the pre-defined imbalance ratios: γl is for labeled data while γu is for unlabeled data.

As denoted in Section 4.2.1, we set m1 = 1500 and n1 = 3000, then have mk = m1 · γϵkl
and nk = n1 · γϵkl , where ϵk = − k−1

C−1
. After that, we vary γl and γu to construct multiple

CIFAR10-LT to mimic different imbalanced scenarios. The hold-out test set remains untouched

and balanced [32]. The results for unbalanced test set are reported in Section 4.3.3.

Main results under γl = γu. First, we evaluate our framework assuming that labeled and

unlabeled sets are sampled from almost the same distributions by setting γ at 50, 100, 150,

respectively [32]. To verify the effectiveness of our framework, we apply it to the recent state-

of-the-art SSL algorithms: ReMixMatch [40] and FixMatch [17]. We compare our framework

with state-of-the-art imbalanced SSL algorithm, DARP [32]. The results are summarized in

Table 4.1. Our proposed framework consistently improves both FixMatch and ReMixMatch on

bACC and GM for all evaluated settings. Specifically, SAW improves the bACC of FixMatch up

to 6% absolute bACC gain and achieves up to 9.8% absolute GM gain compared to the original

FixMatch. Besides, it also improves up to 4.8%/6.5% at absolute bACC/GM gain compared to

the original ReMixMatch. And our framework consistently outperforms the recent imbalanced

algorithm (DARP) for both bACC and GM in all settings.

Main results under γl ̸= γu. In real-world scenarios, it is natural that unlabeled data

have different distributions, i.e., γl ̸= γu. Table 4.2 summarizes the performance of different

algorithms under unknown distributions of unlabeled data. Our proposed framework shows

its superiority when unlabeled data have different imbalanced ratio compared to labeled data,

especially when unlabeled data are also severely imbalanced (such as γu = 50/150). In these

settings, SAW can improve original ReMixMatch up to 5.2% of bACC and 7.7% of GM.

Meanwhile, it improves original FixMatch up to 15% of bACC and 40.5% of GM. Even

compared to DARP, SAW outperforms up to 4.2% of bACC and 5.9% of GM. Although the

performance of SAW on balanced unlabeled data is slightly lower than DARP, it still improves
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Table 4.1: Comparison of classification performance on CIFAR10-LT under γ = γl = γu

(hold-out test set is balanced). The evaluation criterion is bACC/GM. The best results are in

bold.

Algorithm SSL RB γ = 50 γ = 100 γ = 150

Wide ResNet-28-2 [31] - - 65.2±0.05 / 61.1±0.09 58.8±0.13 / 51.0±0.11 55.6±0.43 / 44.0±0.98

Re-sampling [177] - ✓ 64.3±0.48 / 60.6±0.67 55.8±0.47 / 45.1±0.30 52.2±0.05 / 38.2±1.49

LDAM-DRW [161] - ✓ 68.9±0.07 / 67.0±0.08 62.8±0.17 / 58.9±0.60 57.9±0.20 / 50.4±0.30

cRT [172] - ✓ 67.8±0.13 / 66.3±0.15 63.2±0.45 / 59.9±0.40 59.3±0.10 / 54.6±0.72

ReMixMatch [40] ✓ - 81.5±0.26 / 80.2±0.32 73.8±0.38 / 69.5±0.84 69.9±0.47 / 62.5±0.35

ReMixMatch + cRT [174] ✓ ✓ 86.8±0.50 / 86.5±0.49 81.4±0.41 / 80.7±0.45 78.9±0.84 / 77.8±0.94

ReMixMatch + DARP [32] ✓ - 82.1±0.14 / 80.8±0.09 75.8±0.09 / 72.6±0.24 71.0±0.27 / 64.5±0.68

ReMixMatch + DARP + cRT [32] ✓ ✓ 87.3±0.61 / 87.0±0.11 83.5±0.07 / 83.1±0.09 79.7±0.54 / 78.9±0.49

ReMixMatch + CReST [33] ✓ ✓ 85.2±0.19 / 84.9±0.25 76.2±0.31 / 75.1±0.28 71.4±0.23 / 67.5±0.40

ReMixMatch + SaR [42] ✓ - 85.1±0.25 / 84.6±0.37 77.2±0.71 / 75.5±0.30 72.9±0.45 / 69.1±0.23

ReMixMatch + SAW ✓ - 86.3±0.61 / 86.1±0.64 77.0±0.59 / 76.0±0.42 71.5±0.30 / 68.9±0.26

ReMixMatch + SAW + cRT [174] ✓ ✓ 87.6±0.21 / 87.4±0.26 85.4±0.32 / 83.9±0.21 79.9±0.15 / 79.9±0.12

FixMatch [17] ✓ - 79.2±0.33 / 77.8±0.36 71.5±0.72 / 66.8±1.51 68.4±0.15 / 59.9±0.43

FixMatch + DARP [32] ✓ - 81.8±0.24 / 80.9±0.28 75.5±0.05 / 73.0±0.09 70.4±0.25 / 64.9±0.17

FixMatch + CReST [33] ✓ ✓ 83.0±0.39 / 81.5±0.17 75.7±0.38 / 72.7±0.85 70.8±0.25 / 64.5±0.31

FixMatch + CReST + & LA [33] ✓ ✓ 85.6±0.36 / 81.9±0.45 81.2±0.70 / 74.5±0.99 71.9±2.24 / 64.4±1.75

FixMatch + SaR [42] ✓ - 83.9±0.09 / 82.9±0.15 77.6±0.42 / 75.9±0.76 71.5±0.23 / 66.9±0.25

FixMatch + SAW ✓ - 84.0±0.10 / 83.6±0.12 77.5±0.63 / 76.3±0.80 71.6±0.35 / 69.7±0.46

FixMatch + SAW + & LA [171] ✓ ✓ 86.2±0.15 / 83.9±0.35 80.7±0.15 / 77.5±0.21 73.7±0.06 / 71.2±0.17
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Table 4.2: Comparison of classification performance on CIFAR10-LT under γl = 100, γu ̸= γl

(hold-out test set is balanced). The evaluation criterion is bACC/GM. The best results are in

bold.

CIFAR10-LT (γl = 100)

Algorithm γu = 1 γu = 50 γu = 150

ReMixMatch [40] 48.3±0.14 / 19.5±0.85 75.1±0.43 / 71.9±0.77 72.5±0.10 / 68.2±0.32

ReMixMatch∗ 85.0±1.35 / 84.3±1.55 77.0±0.12 / 74.7±0.04 72.8±0.10 / 68.8±0.21

ReMixMatch∗ + DARP [32] 89.7±0.15 / 89.4±0.17 77.4±0.22 / 75.0±0.25 73.2±0.11 / 69.2±0.31

ReMixMatch∗ + SAW 88.3±0.15 / 88.9±0.10 80.3±0.36 / 79.6±0.40 74.0±0.94 / 72.4±0.94

FixMatch [17] 68.9±1.95 / 42.8±8.11 73.9±0.25 / 70.5±0.52 69.6±0.60 / 62.6±1.11

FixMatch + DARP [32] 85.4±0.55 / 85.0±0.65 77.3±0.17 / 75.5±0.21 72.9±0.24 / 69.5±0.18

FixMatch + SAW 83.9±0.44 / 83.3±0.47 81.5±2.25 / 80.9±2.30 76.8±0.31 / 75.4±0.37

original FixMatch and ReMixMatch significantly. Unlike DARP [32], SAW does not require any

prior information from unlabeled data, and our experiments show that SAW can be applied in a

broader range of imbalanced scenarios.

4.3.2 CIFAR100-LT and STL-10

Setup. Besides CIFAR10-LT, we also evaluate our framework on CIFAR-100 [143] and STL-

10 [176]. For CIFAR-100, we follow the process outlined in Section 4.3.1 to set γ and prepare a

long-tailed training set as CIFAR100-LT, where we set m1 = 150 and n1 = 300. For STL-10,

we set m1 as 450 and construct a similar “synthetically long-tailed” version of labeled data; all

unlabeled data are used since their class distribution is unknown. Hence the imbalanced ratio of

labeled data can be different from that of unlabeled data (γl ̸= γu).

Main results. The results on CIFAR10-LT and STL-10 are summarized in Table 4.3. Note

that the gain of SAW is significant under γl = 20 in STL-10: 19.1%/30.0% of improvements at

bACC/GM for ReMixMatch, 18.5%/16.4% of improvements at bACC/GM for FixMatch. When

we compare it with DARP, it still outperforms DARP up to 8.3%/10.9% on ReMixMatch. This is
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Table 4.3: Comparison of classification performance on CIFAR100-LT under γ = γl = γu, and

STL-10 where the distribution of unlabeled data is unknown. Hold-out test set is balanced. The

evaluation criterion is bACC/GM. The best results are in bold.

CIFAR100-LT (γ = γl = γu) STL-10

Algorithm γ = 10 γ = 20 γl = 10 γl = 20

ReMixMatch [40] 59.2±0.03 / 52.1±0.13 53.5±0.03 / 42.3±0.13 67.8±0.45 / 61.1±0.92 60.1±1.18 / 44.9±1.52

ReMixMatch∗ + DARP 59.8±0.20 / 52.9±0.41 54.4±0.07 / 44.2±0.07 79.4±0.07 / 78.2±0.10 70.9±0.44 / 67.0±1.62

ReMixMatch∗ + SAW 61.8±0.06 / 56.9±0.40 55.3±0.26 / 46.3±0.65 82.0±0.55 / 81.0±0.64 79.2±0.44 / 77.9±0.52

FixMatch [17] 60.1±0.05 / 54.4±0.11 54.0±0.04 / 44.4±0.17 72.9±0.09 / 69.6±0.01 63.4±0.21 / 52.6±0.09

FixMatch + DARP 61.1±0.23 / 56.4±0.28 54.9±0.05 / 46.4±0.41 77.8±0.33 / 76.5±0.40 69.9±1.77 / 65.4±3.07

FixMatch + SAW 62.1±0.25 / 58.0±0.20 55.7±0.10 / 49.4±0.40 78.3±0.25 / 77.0±0.19 71.9±0.81 / 69.0±0.81

due to the vast mismatch between the distribution of labeled data and that of unlabeled data. It is

noticeable that SAW achieves significant improvements on STL-10 that has a tailored unlabeled

set for SSL, which indicates there is no prior information on the unlabeled data of STL-10.

Therefore, the results here prove the superiority of SAW for both matching and non-matching

distributions between the labeled and unlabeled data.

4.3.3 Empirical analysis

Stress-test. The previous sections report the results on a balanced test set. In reality, if the

training set is severely imbalanced, the hold-out test set can also be imbalanced, and even follow

a totally different distribution compared to the training set. To further evaluate the robustness

of SAW, we add a stress-test: re-sample the original balanced hold-out test set based on the

flipped distribution of the long-tail unlabeled data. Hence the stress-test set has totally reversed

distributions compared to unlabeled training data. Table 4.4 summarizes the results on the

situations where labeled and unlabeled data are sampled from the same distribution. Our SAW

greatly improves both original SSL algorithms and outperforms DARP [32]. SAW improves

ReMixMatch up to 30% in terms of bACC and 2.6% at GM. Similarly, SAW also improves

original FixMatch up to 19% at bACC and 7.1% at GM. We also find that DARP may degrade
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Table 4.4: Comparison of classification performance on CIFAR10-LT under γ = γl = γu

(hold-out test set is of reversed distribution). The evaluation criterion is bACC/GM. The best

results are in bold.

CIFAR-10

Algorithm γ = 50 γ = 100 γ = 150

ReMixMatch [40] 71.0±0.55 / 83.5±0.29 54.7±0.51 / 74.4±0.47 41.5±1.69 / 66.4±1.22

ReMixMatch + DARP [32] 66.9±0.75 / 80.5±0.46 49.7±1.55 / 70.5±0.90 35.8±1.81 / 60.9±2.42

ReMixMatch + SAW 86.3±0.61 / 86.1±0.64 77.0±0.59 / 76.0±0.42 71.5±0.30 / 68.9±0.26

FixMatch [17] 70.5±0.26 / 82.2±0.31 51.0±1.65 / 71.5±1.24 38.5±1.15 / 63.4±0.31

FixMatch + DARP [32] 72.2±0.62 / 82.8±0.17 57.6±0.36 / 74.8±0.48 46.5±1.26 / 68.1±0.10

FixMatch + SAW 78.7±0.77 / 84.2±0.36 64.3±1.96 / 76.4±0.88 57.5±2.83 / 70.5±1.50

the performance of original ReMixMatch while SAW consistently outperforms both DARP and

baselines.

We also conduct stress-test experiments under the settings of γl ̸= γu on the test set of

reversed distributions. The results are summarized in Table 4.5. SAW achieves significant

improvements in all settings where the distribution of unlabeled data is different from that of

labeled data. Specifically, SAW improves original FixMatch by up to 15.4% of bACC and 35.1%

of GM; SAW also improves original ReMixMatch by up to 14.0% of bACC and 35.4% of GM.

SAW also shows its superiority compared to DARP, especially considering SAW does not require

any prior information from the unlabeled data.

Per-class performance. To show the source of our absolute performance gain, we present

per-class F1 score [178] on the balanced test set of CIFAR10-LT with γl = γu = 100 as shown

in Figure 4.6(a). Note that SAW improves the F1 score for almost every class, especially for

minority classes (index as 8,9,10). Specifically, SAW provides gain on the precision of majority

classes and the recall of minority classes without much penalty on other metrics. This explains

again why SAW achieves significant gain in Table 4.4 where the distribution of hold-out test set
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Table 4.5: Comparison of classification performance on CIFAR10-LT under γl = 100, γu ̸= γl

(hold-out test set is of reversed distributions). The evaluation criterion is bACC/GM. The best

results are in bold.

CIFAR-10 (γl = 100)

Algorithm γu = 1 γu = 50 γu = 150

ReMixMatch [40] 70.0±1.39 / 48.3±0.53 61.4±0.21 / 77.3±0.41 48.6±1.62 / 71.3±0.67

ReMixMatch∗ + DARP [32] 67.3±1.63 / 49.5±2.01 54.5±1.30 / 72.6±0.58 44.6±1.69 / 67.7±1.16

ReMixMatch∗ + SAW 84.0±0.05 / 83.7±0.42 72.7±0.56 / 79.6±1.11 59.8±1.03 / 73.6±1.19

FixMatch [17] 70.0±1.39 / 48.3±0.53 61.0±1.61 / 76.4±0.52 48.0±2.26 / 70.4±0.88

FixMatch + DARP [32] 68.1±0.37 / 48.5±1.46 59.5±1.41 / 75.2±1.08 55.1±1.31 / 73.8±0.43

FixMatch + SAW 84.0±0.39 / 83.4±0.42 76.4±6.71 / 81.5±1.97 63.3±0.37 / 75.4±1.23
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Figure 4.6. Per-class results on the balanced test set of CIFAR-10 under the imbalanced ratio
γ = 100. (a) F1 score for each class. (b) Confusion matrix of original FixMatch. (c) Confusion
matrix of FixMatch with SAW.

is flipped based on unlabeled data’ distribution (the minority class in the training set becomes

the majority class in the test set). Figure 4.6 also shows the comparison of the confusion matrix

of original FixMatch (Figure 4.6(b)) and SAW (Figure 4.6(c)) on the hold-out test set. Similar to

the estimated distributions shown in Figure 4.1(b) and (c), we find that SAW provides robust

re-weighting on both the minority and majority classes due to our smoothed weighting scheme,

which is easily transferred to better generalization on a test set of totally different distributions.
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We also compare the per-class performance during the training process between original

FixMatch [17] and SAW. As shown in Figure 4.7, we plot the confusion matrix after training

100, 200, and 300 epochs, respectively. SAW improves the performance of minority classes

quickly, even 100 epochs make a difference compared to the original FixMatch.

After 100 Epochs After 200 Epochs After 300 Epochs

Figure 4.7. The confusion matrix comparison between original FixMatch [17] and FixMatch +
SAW during the training progress. The top row is from original FixMatch while the bottom
row denotes FixMatch + SAW.

Effect of the parameter β. As discussed in Section 4.2, we heuristically select β =

Table 4.6: Comparison of classification performance on CIFAR10-LT under γ = 100 (hold-

out test set is of balanced) with a fixed β = 0.99, 0.999, 0.9999. The evaluation criterion is

bACC/GM. The best results are in bold.

Algorithm β = 0.99 β = 0.999 β = 0.9999

FixMatch + SW 75.0±0.67 / 73.0±0.58 77.5±0.98 / 76.3±1.21 72.4±1.69 / 70.7±2.16

FixMatch + SAW 77.3±0.67 / 75.4±0.88 77.4±0.30 / 76.2±0.40 73.7±0.63 / 72.3±0.93
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(N−1)/N , whereN is updated after each epoch viaN =
∑C

k=1(mk+ n̂k)/C. Here a sensitivity

analysis on the parameter β is provided. Similarly, we consider CIFAR10-LT under γ = 100,

and test both SW and SAW with a fixed β ∈ {0.99, 0.999, 0.9999} in the training process. Table

4.6 shows that the trend is similar to the weighting function of ν, indicating the effectiveness of

smoothed weighting in SSL. Moreover, SAW is less sensitive to the value of β. Therefore, there

is no need to specifically tune the parameter β for each setting. The heuristic selection in SAW

already brings the optimal result among these trials.

1 2 3 4 5 6 7 8 9 10
Class Index

0.0

0.5

1.0

1.5

2.0

2.5

No
rm

al
ize

d 
W

ei
gh

ts

ν= 20
ν= 40
ν= 80
ν= 100

0 20 40 60 80 100
ν

68

70

72

74

76

78

Pe
rfo

rm
an
ce

bACC
GM

(a) (b)

Figure 4.8. Alternative for weighting function in SAW. (a) The normalized weights with
different values of ν. (b) bACC and GM of FixMatch-SAW in the alternative weighting
function.

Alternative for smoothed weighting function and degree of smoothing. While it is key

that the weights in SSL should be smoothed, it is feasible that other smoothed weighting schemes

may also work. Here we show an alternate instantiation of weighting function to gain more

insights. Instead of choosing weights based on the effective samples (4.4), we define another

smoothed weighting function:

wk ∝
n

n+ ν · n̂k

, for k = 1, . . . , C. (4.13)

where ν determines the degree of smoothing. Note that ν = 0 refers uniform weights while

ν →∞ corresponds to the weight by strictly inverse class frequency. Compared to (4.4), this

function provides wider range to re-tune the smoothing degree. We set the imbalance ratio of

CIFAR10-LT as γl = γu = 100 and test ν between 0 to 100. Figure 4.8 shows the performance

with different value of ν. to decrease the ratio between the weight of minority class and that of
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Figure 4.9. Performance comparison with the value of ν in the alternative smoothed weighting
function. (a) without normalized weights tested on a balanced test set, (b) without normalized
weights tested on a reversed test set, (c) with normalized weights tested on a balanced test set,
(d) with normalized weights tested on a reversed test set.

majority class from 100 : 1 (original frequency ratio) to 50 : 1 until 1 : 1 (uniform weights, same

as the original FixMatch). Based on our observations, the degree of smoothing is not sensitive

to the performance, while ν ∈ [10, 40] could achieve optimal results, which are compatible to

the results in the weighting function (4.4). This proves the advantages of smoothing weights in

imbalanced SSL.

To comprehensively analyze where the model achieves the optimal performance, we test it

on two test sets of different distributions: balanced distribution and reversed distribution. We

conclude that ν ∈ [10, 40] could achieve the optimal results. Another observation we have is

the effect of normalization on smoothed weights: without normalization, the performance could

drastically degrade with a very large ν. This is because the loss function of SSL is made up of
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both labeled loss and unlabeled loss, unnormalized weights could re-balance the importance

between labeled loss and unlabeled loss. To keep these two loss items balanced as the same

setting of SSL models, we adopt the normalized weights in our proposed framework.

Effect of adaptive updating. The distribution of unlabeled data are usually unavailable,

which poses a challenge to define the effective sample and weight for each imbalanced class.

SAW alternatively estimate class distribution directly from unlabeled data and update class

weights. To investigate the effect of adaptive updating, we conduct a sanity test: provide the true

class distribution to the model by replacing the estimated distribution with the true distribution.

Table 4.7: Comparison of classification performance on CIFAR10-LT under γ = γl = γu

(hold-out test set is balanced). The evaluation criterion is bACC. The best results are in bold.

CIFAR10-LT

Algorithm γ = 50 γ = 100 γ = 150

FixMatch [17] 79.2±0.33 71.5±0.72 68.4±0.15

FixMatch + DARP [32] 81.8±0.24 75.5±0.05 70.4±0.25

FixMatch + CReST [33] 83.0±0.39 75.7±0.38 70.8±0.25

FixMatch + CReST+ [33] 83.9±0.14 77.4±0.36 72.8±0.58

FixMatch + SW 82.7±0.58 76.2±0.06 70.8±0.26

FixMatch + SAW 84.0±0.10 77.5±0.63 71.6±0.35

Here we test the CIFAR10-LT where the labeled and unlabeled data share the same distri-

bution. The true distribution of unlabeled data can be directly estimated from labeled data. To

distinguish from SAW, we call this smoothed weighting without the adaptive scheme as SW.

The results are summarized in Table 4.7. With the true distribution for estimating β, our SW

improves FixMatch up to 4.7% on bACC when γ = 100. With the adaptive weighting scheme,

our algorithm SAW further improves the performance, which proves the advantage of the adap-

tive weighting. SAW even achieves better performance compared to CReST+ [33] considering

they have a strong pre-assumption that unlabeled data are sample from the same distributions

as labeled data while SAW does not require any prior information from unlabeled data. Our

adaptive scheme shows almost equivalent performance, and even improves the non-adaptive
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scheme up to 1.3% (see in the supplementary material) of absolute performance gain, which

means our estimated distribution and adaptive updating is helpful for the training process. This

proves the superiority of SAW in real-world scenarios where the distributions of unlabeled data

are unknown a prior.

Effect of weights on supervised loss. The motivation on adding the weight in consistency

loss is to alleviate the bias in pseudo labels during the class-imbalanced training. We have

studied the function of weighting in both supervised loss and consistency loss. We conclude that

applying smoothed weights to both loss items can result in the best performance based on our

experiments. Table 4.8 summarizes the results: the weights on consistency loss are important,

which is expected considering the fact that the majority samples are unlabeled in SSL settings.

We also find that applying weights to the supervised loss can further improve the performance.

Thus we decide to apply smoothed weights to both loss items, which is SAW.

Table 4.8: Comparison of classification performance on CIFAR10-LT under γ = γl = γu (hold-out test set is

balanced). The evaluation criterion is bACC. SL_W denotes only applying smoothed weights to the supervised loss

on labeled data, CL_W denotes only applying smoothed weights to the consistency loss.

CIFAR10-LT

Algorithm γ = 50 γ = 100 γ = 150

FixMatch [17] 79.2±0.33 71.5±0.72 68.4±0.15

FixMatch + SL_W 79.9±0.05 72.2±0.89 68.9±0.33

FixMatch + CL_W 82.5±0.30 76.3±0.21 70.4±0.19

FixMatch + SAW 84.0±0.10 77.5±0.63 71.6±0.35
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4.4 Discussion
In this chapter, we have presented the effectiveness of smoothed adaptive weighting scheme

(SAW) on imbalanced semi-supervised learning via various imbalanced scenarios using several

public datasets. Our main idea is to progressively adapt the weights for the consistency loss

based on the class distribution of pseudo labels, which can overcome the challenge of unknown

distribution in unlabeled data. We have demonstrated that the smoothing weights are important

for imbalanced SSL because they will force the model to focus more on minority classes by

introducing moderate penalty. When combined with two leading SSL methods FixMatch and

ReMixMatch, SAW shows consistent improvements over the baselines and those augmented

with DARP in almost all experiment settings. The two main advantages of SAW are: first, it does

not require any knowledge of the class distribution of the unlabeled data and work well even

in the case when the labeled data, unlabeled data and testing data all assume vastly different

distributions; second, it can be easily integrated with any SSL algorithms that use consistency

loss.
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Chapter 5
Joint Semi-supervised and Active Learning
Framework

We have proved the effectiveness of semi-supervised learning in Chapter 3. However, the

selection criterion for labeled data in pathology images remains unclear. There are no well-

established SSL guidelines on how to determine the amount of labeled data that is needed for the

specific task.

Active learning (AL), on the other hand, aims at maximizing a model’s performance with

minimal labeling efforts [43]. One challenge of AL is the cold start problem: when the selection

of starting set is poor or the size is not sufficiently large, the models trained in subsequent

cycles can be high-biased, resulting in poor selection again in the following cycles [179, 44].

Another challenge is that the annotation acquisition during the training process may require

substantial rounds of labeling, while at the same time, the annotators cannot guarantee unlimited

availability during the whole process. This would notably extend the time needed for the

entire project. To reduce the number of rounds needed, batch-mode AL methods are proposed

[180, 181, 182, 183, 184, 185] to select a batch of data to be labeled at once. However, these

methods still require many rounds of labeling and have not been evaluated on histology images.

Therefore, to minimize the labeling efforts, a natural direction is to combine AL and SSL as

both of them aim to improve a model’s performance on limited labeled data. More importantly,

SSL and AL are complementary in function: SSL has the potential to leverage the unlabeled
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data to relieve the cold start problem of AL; on the other hand, AL can select the most optimal

data to label for SSL. In this paper, we propose a SSL framework with AL-driven region-based

labeled data selection [45]. We evaluate our framework on an Amyloid-β stained neuropathology

images at gigapixel level to separate grey matter (GM) and white matter (WM), which is an

important task for analyzing density and distribution of Amyloid-β plaques in the brain. Although

supervised learning methods [15, 26] have already shown promising results, their performances

face a severe degradation when labeled data is limited (as shown in Table 5.2).

The contributions of this section can be summarized as follows:

• We combine SSL and AL to construct a label-efficient learning framework with well-

defined selection of regions for annotation to construct a small but effectively labeled

dataset.

• To tackle the “cold-start” issue of AL, we design a region-based selection criterion to

expand the diversity and volume of the labeled set effectively.

• We evaluate the proposed framework on a pathology segmentation task and it outperforms

the state-of-the-art SSL (FixMatch [17]) by more than 10% of IoU score and DICE

coefficient [46].

5.1 Related work
Semi-supervised learning. Semi-supervised learning (SSL) leverages unlabeled data to im-

prove the performance of supervised learning when the amount of labeled data is limited [186].

Classical SSL approaches generate pseudo-labels for each unlabeled sample based on model’s

prediction, and use them to train the model via pseudo-labeling [147, 141], consistency regu-

larization [151, 140], and the combination of them [30, 40, 187, 17]. Recent state-of-the-art

SSL algorithms such as FixMatch [17] apply regularization consistency on different augmented

views of the same unlabeled data, while generating pseudo labels accordingly during the training

process. Although these SSL methods achieve promising results, their applicability on histology

images is still under study [21]. There are two challenges for these SSL approaches: 1) pseudo

labels, generated based on a poorly estimated class distribution of limited labeled data, increases
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the difficulty in updating the true distribution of unlabeled data. [34]; 2) another natural question

is how to determine the most valuable samples and the size of the samples to be labeled and

added to the labeled set.

Active learning. Active learning (AL) aims to maximize the performance gain of learning

by selecting the fewest possible samples and sending them to annotators for labeling [188, 189].

Recent AL approaches include uncertainty-based, diversity-based, and model performance

change-based. The uncertainty-based AL approaches use max entropy and max margin [190]

as the selection criteria due to simplicity. Earlier methods [191, 192, 193, 194, 195, 196, 197]

worked on the setting that only one sample is selected for labeling in each cycle of AL. Batch-

mode AL methods [180, 181, 182, 183, 184, 185] were proposed later to select a batch of samples

at once. However, all of these methods rely on a sufficiently large and representative labeled set

as the starting set, otherwise the cold-start problem would appear and hurt the performance by

biasing the model.

Semi-supervised active learning. Although both SSL and AL share a similar goal for

minimizing labeling efforts, only a few works have considered combining them. In [198], they

combine SSL and AL for speech understanding to reduce significant errors with limited speech

data. Rhee et al. built a semi-supervised AL system in the pedestrian detection task [199]. Sener

et al. redefined AL as core-set selection and considered SSL during AL cycles [181]. However,

all of these treated SSL and AL independently without considering their mutual impact on each

other [200]. In addition, none of them have been evaluated on the histology images, hence their

applicability is still questionable.

5.2 Methodology
5.2.1 Problem setup

We first set up the GM and WM segmentation problem on gigapixel histopathology images. A

recent work [201] revealed that per-pixel classification is not all one needs to tackle a semantic

segmentation problem. Lai et al. [15] transforms this problem into a patch-based classification

problem, where one WSI is tiled into a group of patches (more details can be found in Chapter 2).

Here, we follow their approach and apply semi-supervised learning to classify each patch into
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three categories, i.e., WM, GM, and background. The training data D contains a labeled set X =

{(xi, yi)}, and an unlabeled dataset U = {xj} where xi ∈ Rd×d is the i-th patch and yi ∈ {0, 1}3

is the corresponding one-hot label. Our goal is to train a classifier h(x, θ) : Rd×d → [0, 1]3,

where θ is the CNN parameter and the k-th component of h(x, θ) is the predictive probability of

the k-th class for an input x. θ is trained by minimizing an objective loss function:

min
θ∈Θ

L(X , θ) + Ω(D, θ), (5.1)

where L(X , θ) :=
∑

(x,y)∈X l(x, y, θ) and Ω(D, θ) :=
∑

x∈D ω(x, θ). We denote the per-sample

supervised loss and regularization as l and ω, respectively. We mainly adopt FixMatch [17],

which generates artificial labels using both pseudo-labeling and consistency regularization.

Specifically, the pseudo label is generated based on a weakly-augmented unlabeled image

(weak), which will be the target to be compared with the output of the model on a strongly-

augmented version of the same unlabeled image (strong). One example of weak and strong

augmentation operations is shown in Figure 5.1: weak augmentations include random flip and

rotations while strong augmentation include RandAugment [202] and CTAugment [40].

(a) Original patch (b) Weakly augmented (c) Strongly augmented

Figure 5.1. An example of weak/strong augmentation.

5.2.2 Semi-supervised active learning

One of the critical issues in applying SSL is the selection of the labeled data X . In this subsection,

we aim for an efficient selection of the labeled data by combining SSL and AL. The selection

criteria of traditional AL [191, 193, 197] were designed based on only one sample in each cycle
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Figure 5.2. Overview of the proposed semi-supervised active learning framework for gigapixel
pathology images.

of AL. Here one sample corresponds to one patch in our pathology images. However, one patch

may not contain sufficient features for GM/WM and the criterion focusing on only one patch

can lead to a haphazard selection for labeling query. Therefore, instead of patch-based selection,

we propose a region-based selection criterion to not only reduce the number of labeling queries,

but also to provide more “informative” data (details as shown in Session 5.2.3). Here a region

R ∈ Rnd×nd can be tiled into n2 patches. With the region-based selection, the labeled data set

can be quickly expanded as

X = X ∪ (W , J(W)),

whereW represents a set of patches from R. J(x) is the assigned label for x, J(W) is a set

of labels {J(x)}x∈W . The proposed framework is shown in Figure 5.2: starting from all WSIs,

we deploy our proposed region-based selection criterion (details as shown in Session 5.2.3) to

choose regions for annotation query. Then these regions would be added into X , subsequently

the updated X and U are used for semi-supervised training to optimize the encoder.

For a well-defined initialization, we also adopt a pre-training process by using a self-

supervised module to pretrain the encoder on the unlabeled set U . SimCLR [37] is a simple

self-supervised framework that applies contrastive learning to capture visual representations on
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Figure 5.3. Illustration of the proposed region-based selection criterion: a sliding window is
used to traverse the whole slide with semi-supervised learning model to produce patch-level
prediction matrix M , which is then convoluted with kernel H to transform it into M̂ that
contains region-level metrics.

unlabeled set. We adapt SimCLR [37] to train the encoder f . Then we select several diverse

regions among WSIs for annotation query and fine-tune h = f ◦ g, where g is the last layer for

the classifier h as the initialization of our AL cycles.

5.2.3 Region-based selection criterion

In this subsection, we propose a region-based selection criterion for our AL framework.

We hypothesize that labeling samples with high entropy in the prediction should be valuable.

However, traditional uncertainty-based methods focus on each individual sample, which may

result in haphazard and the “overconfident” issue [200]. This may lead the model to select less

valuable samples. Therefore, to enhance the robustness of the uncertainty criterion, we propose a

region-based selection criterion to focus on a region consisting of a batch of neighboring samples

together instead of on only one sample at once. The regions where the majority of samples have

high uncertainty would be selected for annotation query. The details of this process is shown in

Figure 5.3.

Specifically, the proposed metric quantifies the accumulative entropy of predictions over

a whole region: for each patch in the region, the value of the most confident class would be
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Algorithm 5 Region-based semi-supervised active learning for gigapixel histology images
Input: training dataset D, the total number of steps and cycles S, T , a kernel H , the number

of regions selected in one cycle m

Pre-training: obtain f via SimCLR [37] among D

Initialize: randomly select two regions for pixel-wise labeling query and tile them into patches

to formulate a labeled datset X0

Set an unlabeled data by U0 = D/X0

Fine-tuning: θ0 = argminθ∈Θ L(X0, θ) + Ω(D, θ)

while t < T do

for s = 0, . . . , S − 1 do

Patch prediction on Ut
Generate M̂s with the i-th entry being

max{(h(xi)1, h(xi)2, h(xi)3}

Set those entries in Ms corresponding to regions from Xt as infinity

M̂s =Ms ∗H

Select the regions {Ri}mi=1 corresponding to the m lowest value of entries in M̂s

Split {Ri}ri=1 into a group of patchesWs

Xt = Xt ∪ (Ws, J(Ws))

Ut = Ut/Ws

end for

Update θ : θt+1 = argminθ∈Θ L(Xt, θ) + Ω(D, θ)

t = t+ 1

end while

selected. Then we can generate a matrix M where the i-th entry is

mi = max{(h(xi)1, h(xi)2, h(xi)3}, (5.2)

As the classifier h is at the patch level, we need to transform the metric from the patch level into

the region level. By introducing a kernel H , we process a convolution between M and H , i.e., as

M̂ =M ∗H. Here H ∈ Rq×q could be a mean filter with all the entries being 1/q2 to collect the
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statistic information in each region. The dimension of H is determined based on the original

resolution of the histology images: the size of H should be large enough to contain more areas

with sufficient information from each class. In our case, as the boundaries of GM and WM form

gradual changes across hundreds of pixels and the size of one patch is set as 256× 256, we set

the dimension of H as 5× 5, which represents a corresponding region of 1280× 1280 pixels to

include multiple classes in one region. Based on our hypothesis, we will select m regions with m

lowest values (regions with most uncertainty) among entries of M̂ . To avoid redundant selection,

the value of entries selected in the previous iterations will be set as infinity. We summarize the

whole process in Algorithm 5.

5.3 Preliminary results
5.3.1 Training setup

We used the ResNet-18 [55] as the encoder for all experiments. The batch size is 32 for

both labeled and unlabeled data. For the training optimizer, we use Adam with β1 = 0.9

and β2 = 0.999 in our experiments. The learning rate is 0.001. All computations were run

on an Intel Xeon W-2102 CPU (4 cores / 4 threads) and a NVIDIA Titan Xp GPU with 12

GB of VRAM. Other hyper-parameters used in FixMatch are summarized in Table 5.1. As

downsampling [14] would lose minute pathological features, we follow a previously published

patch based method [15] to tile WSIs into 256× 256 patches. 20 WSIs (12 AD cases and 8 NAD

cases) are selected for the training process inclusive of the training and validation set while 10

WSIs (6 AD cases and 4 NAD cases) are remained as the hold-out test set. We report the results

of the hold-out test set in the following sections.

Table 5.1: FixMatch settings.

Hyper-parameter Value

Confidence threshold τ 0.95

Unlabeled loss weight λu 1

Ratio of unlabeled data in each mini-batch µ 2
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Table 5.2: Pixel-wise IoU Scores for AD, NAD, and overall test set

Method FCN [17] U-Net [27] FixMatch [17] Proposed AL-600/AL-400

Labeled data 2 WSIs All WSIs 2 WSIs All WSIs 0.1% 0.1% 0.07%

AD Back 61.04 ± 5.44 81.13 ± 9.17 59.74 ± 13.9 96.80 ± 1.48 93.15 ± 2.41 95.01 ± 1.17 96.40 ± 0.95

AD GM 46.98 ± 2.78 76.07 ± 8.91 37.16 ± 9.93 89.58 ± 5.12 78.57 ± 3.87 88.80 ± 3.92 89.71 ± 3.34

AD WM 27.75 ± 5.50 62.23 ± 14.0 7.57 ± 6.02 82.53 ± 7.70 56.66 ± 16.4 81.83 ± 5.53 82.19 ± 3.77

AD Mean 45.26 ± 3.55 73.14 ± 9.66 35.40 ± 7.12 89.64 ± 4.35 76.13 ± 5.89 88.55 ± 3.27 89.44 ± 2.50

NAD Back 66.66 ± 5.17 88.42 ± 1.55 78.46 ± 18.5 97.36 ± 3.15 97.07 ± 0.31 97.26 ± 0.52 97.33 ± 1.05

NAD GM 50.15 ± 0.49 79.37 ± 2.95 59.59 ± 13.6 94.42 ± 3.30 83.97 ± 7.76 93.47 ± 1.60 92.25 ± 2.36

NAD WM 19.72 ± 13.6 49.89 ± 12.8 3.02 ± 3.09 81.25 ± 9.53 22.72 ± 19.0 75.85 ± 11.4 71.90 ± 11.2

NAD Mean 45.51 ± 3.29 72.56 ± 3.97 47.02 ± 10.9 91.01 ± 3.36 67.92 ± 6.53 88.86 ± 3.38 87.16 ± 2.86

Test Back 63.29 ± 5.81 84.05 ± 9.17 68.28 ± 17.2 97.02 ± 2.15 94.72 ± 2.71 95.91 ± 1.48 96.77 ± 1.05

Test GM 48.25 ± 2.66 77.39 ± 7.06 46.13 ± 15.8 91.52 ± 4.94 80.73 ± 6.01 90.67 ± 3.90 90.73 ± 3.13

Test WM 24.54 ± 9.80 57.29 ± 14.3 5.75 ± 5.37 82.02 ± 7.98 43.08 ± 24.0 79.44 ± 8.34 78.07 ± 8.81

Test Mean 45.36 ± 3.26 72.91 ± 7.56 40.05 ± 10.2 90.19 ± 3.84 72.84 ± 7.18 88.67 ± 3.12 88.53 ± 2.75

Rows marked AD contain results on the 6 Alzheimer’s disease cases in hold-out test set. Rows marked NAD

contain results on the 4 non-Alzheimer’s disease cases in test set. Rows marked Test contain results on all 10

WSIs. 2 WSIs refers to 2 WSIs are labeled, equivalent to 10% regions of all WSIs; all WSIs refers to all WSIs are

labeled. 0.1% refers to 0.1% regions of all WSIs are labeled, which can be tiled into 600 patches; so as 0.07%

which can be tiled into 400 patches.

5.3.2 Quantitative comparison

Since our target task is GM/WM segmentation, we choose two standard segmentation metrics

— IoU score [38] and DICE coefficient [46] to compare the generated masks from different

approaches with the ground truth masks.
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IoU score. IoU score (as shown in (5.3)) measures the amount of overlap present in two

different measurements of area generated as masks of the WSIs.

IoU =
Area of Overlap

Area of Union
. (5.3)

Although IoU is the ideal metric for evaluating the success of the segmentation, average IoUs

cannot account for the variability that occur between different methods. This variability is

important to account for as the different Temporal Gyri WSIs contain noticeable differences

due to the heterogeneous nature of the human brain. Hence, we choose to also report standard

deviation (STD) in Table 5.2 to measure the stability and consistency of different methods across

multiple WSIs in the hold-out test set. We generate the masks of GM, WM, and background per

WSI from the trained model and overlap them on pixel-wise ground truth masks. The comparison

of IoU scores and STD are summarized in Table 5.2.

As shown in Table 5.2, if FCN [11] and U-Net [27] are trained on all WSIs with annotations

in the training set via fully-supervised learning, they are able to achieve the mean IoU score

at nearly 72.91% and 90.19%, respectively. 90.19% would be approximately regarded as an

upper bound performance of supervised learning (SL) in this dataset. However, if they are only

trained on two annotated WSIs (one AD and one NAD) with SL, the performance has a severe

degradation.

After we obtain the benchmark of SL algorithms, we first deploy the current state-of-the-art

SSL algorithm, FixMatch [17], on our dataset with the same two WSIs annotated in pixel level.

As it shows its advantages on very scarce limited data, e.g. 40 labeled in CIFAR-10, equivalent

to nearly 0.1% of all samples in CIFAR-10 [17], we follow their way to set 0.1% of labeled

data as the objective. In our case, 0.1% area of 20 WSIs is about 600 patches, equivalent to 24

regions at 1280× 1280 pixels. We first adopt a randomly uniform selection to select 600 patches

from two WSIs (300 patches per WSI, and 100 patches per class). The remaining patches and 18

slides keep as the unlabeled set. It achieves 72.84% of mean IoU score on the hold-out test set,

which is superior to FCN/U-Net’s performance when trained only on two WSIs (limited labeled

data). However, its performance on the WM of NAD cases remains limited and far from SL’s.

Then we evaluate our proposed framework with region-based selection cycles. To obtain

0.1% area (or 24 regions tiled into 600 patches), we use AL-400 to refer to our proposed method
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that selects 16 regions at 1280× 1280 pixels in two rounds to generate 400 patches in total for

preparing the labeled set of FixMatch [17]. While AL-600 refers to selection of 24 regions

in three rounds to generate 600 patches in total for labeling. AL-400 is able to reach almost

89.44% of mean IoU in AD cases, which is very close to the upper bound of SL when trained

on all labeled WSI data. However, there is an notable gap between its IoU score on NAD cases

compared to U-Net, especially in WM where the gap is almost 10%. After an addition round for

region selection and annotation query, AL-600 improves its performance on NAD cases with

nearly 4% of increase on the IoU score of WM. One noticeable issue is that the STD values of

WM on NAD cases are relatively larger than the values on other regions, which indicates that the

model still has difficulty in predicting WM in NAD slides. This may be caused by the imbalance

between WM and GM in NAD cases: the size of WM regions is relatively smaller than that of

GM regions. Overall, both AL-400 and AL-600 have potential to get closer to the bound of SL.

DICE coefficient. Besides the IoU score, we also use DICE coefficient [129] to further

compare our proposed approach with baseline FixMatch [17]. DICE is one of the most common

methods of evaluating image segmentation success in medical imaging [46]. The value is

calculated as shown in (5.3): double the overlapping areas and divide it by the total number of

pixels in all areas. As shown in Figure 5.4a, the proposed methods outperform significantly on

WM regions on DICE coefficient and also slightly outperform on GM regions compared to the

baseline FixMatch [17] with random selection for labeling query.

DICE =
2× Area of Overlap

Total Sum of Pixels in All Areas
. (5.4)

5.3.3 Segmentation visualization

Figure 5.5 display the ground truth masks and the predictive masks using different methods. The

top two rows are the masks for AD cases while the bottom two rows are for NAD cases from

the hold-out test set. The masks of U-Net(in the second column) indicate that SL is able to get

well-defined performance as long as the variety and volume of labeled data are sufficiently large,

but the performance could be degraded severely if the variety and volume of labeled data are

limited (as shown in the third column). Baseline FixMatch with random selection for the labeled

set (in the fourth column) is able to locate the rough boundaries between GM and WM but the
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(a) DICE coefficient (b) Pixel-wise classification comparison

Figure 5.4. DICE coefficient and pixel-wise classification comparison via each AL cycle)

shape of WM is far wary from the ground truth masks. There are also considerable amounts

of noisy pixels within WM, which means it wrongly classifies some WM regions as GM. Our

proposed method with AL selection (in the fifth column) is able to provide more distinguishable

boundaries for GM and WM regions. The generated masks are also the closest to our ground

truth masks. However, for the second row, the masks of both FixMatch and ours are different

from the ground truth masks, which indicates that SSL still requires more labeled data for in

order to fully capture the representations of gigapixel histology images.

5.3.4 A deeper look into AL cycles

To further analyze the effect of AL cycles on FixMatch [17], the differences of IoU scores in

each round are trivial. Therefore, we also select Accuracy, Recall (Sensitivity), Specificity, and

Precision to have a deeper look into the AL’s effectiveness. These metrics are defined as follow:

Accuracy =
TP + TN

TP + TN+ FP + FN
,

Recall =
TP

TP + FN
,

Specificity =
TN

TN + FP
,

Precision =
TP

TP + FP
.

(5.5)

Take GM as the example of how to calculate them: the True Positive (TP) of GM is all GM

pixels that are classified as GM; the True Negative (TN) of GM is all non-GM pixels that are

not classified as GM; the False Positive (FP) is all non-GM pixels that are classified as GM; the
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Ground Truth
SL (U-Net [27]) SSL (FixMatch)

All WSIs Labeled 2 WSIs Labeled Uniform Selection Proposed AL-600

Figure 5.5. Segmentation masks visualization: GM, WM, and background are indicated by
cyan, yellow, and black, respectively. The top two rows are AD cases and the bottom two rows
are NAD cases. Both SSL results are only using 0.1% area of 20 WSIs in the training set.

False Negative (FN) is all GM pixels that are not classified as GM. The results for each AL cycle

on the hold-out test set are summarized in Figure 5.4b. Our proposed framework shows higher

precision and specificity in GM regions compared to original FixMatch [17]. It is obvious that

WM’s recall of FixMatch [17] is the lowest score among all indices. This indicates our proposed

framework is able to improve the performance on WM regions.

When we take a deeper look into the performance via AL cycles, from AL-200, AL-400, to

AL-600, the model improves its performance on WM regions, such as recall. This fits our design

objective: our framework always queries the annotations on difficult regions.
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5.3.5 Analysis on number of regions selected

As stated in Algorithm 5, m is the number of regions selected for annotation query in one round

of AL. In Section 5.3.2 and 5.3.3, we use three rounds to obtain 24 labeled regions, which are

tiled into 600 patches in total. To further reduce the number of cycles, we also try to obtain the

same number of regions at once based on f at once. We achieve nearly 87% of mean IoU score,

which is only around 2% lower than AL-600 using three rounds of labeling query. This shows a

promising direction on further studying the number rounds of labeling query that is requires in

the histology images.

5.4 Discussion
In this section, we investigate the applicability of supervised and semi-supervised learning

state-of-the-art algorithms in histology images with limited labeled data. We propose a semi-

supervised active learning framework with a region-based selection criteria to effectively select

regions for labeling query. For our specific dataset, the region-based criterion is more robust

than patch-based criterion in seeking the uncertainty regions for labeling and is able to quickly

expand the diversity of the labeled set. We evaluate our framework on Amyloid-β stained

neuropathology images: our proposed algorithm outperforms the state-of-the-art models with

more than 10% of IoU score and DICE coefficient, especially for the WM.

As part of our future work, we plan to test our framework on external datasets, as well as

other ultra-resolution histology problems with scarce labeled data and comprehensively measure

how much manual annotation efforts can be saved. Besides, considering the fact that we only

explore one selection criterion for one specific WSI dataset, we plan to comprehensively study

the selection criteria for determining a general rule for pathology images about which regions

should be labeled first and how many data are sufficient for labeling. On the other hand, our active

learning module assumes that we can interact with annotators on time. This can be impractical in

real-world settings. Furthermore, even when we have such online annotators, the active learning

module still requires many rounds of labeling queries, which is time-consuming [203]. As such,

one-round or few-round active learning can be a boost in pathology image analysis. A recent

study [203] proposed DULO to try to tackle the one-round issue based on data utility function
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maximization. However, its applicability and adaptation on pathology images are still under

study. This will be one of our future directions.
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Chapter 6
A Deployable Semi-supervised Learning
with Informative Active Annotation for
Pathology Image Classification and
Segmentation

Image analysis in digital pathology presents significant challenges for AI-driven classification,

segmentation, and object detection due to the heterogeneity and ultra-high-resolution characteris-

tics of pathology images. Manual annotation of these gigapixel-level images is time-consuming

and labor-intensive. Semi-supervised learning (SSL) has emerged as a promising approach

that leverages unlabeled data to reduce labeling efforts. In this work, we introduce Semi-Path,

a practical SSL framework enhanced with active learning (AL) for gigapixel pathology tasks.

Unlike existing methods that treat SSL and AL as independent components where AL incurs

significant computational complexity to SSL, we propose a deep fusion of SSL and AL into a uni-

fied framework. Our framework introduces Informative Active Annotation (IAA) that employs

an inner-outer two-loop structure to effectively extract knowledge from unlabeled pathology

data. This structure significantly minimizes labeling efforts and computational complexity. Then,

we propose Adaptive Pseudo Labeling (APL) to address heterogeneity in class distribution and

prediction difficulty that are often observed in real-world pathology tasks. We evaluate Semi-Path

on pathology image classification and segmentation tasks over three datasets that include WSIs

91



from breast, colorectal, and brain tissues) and show the consistent superiority of Semi-Path over

state-of-the-art methods.

6.1 Introduction
Deep learning frameworks have shown exceptional performance on diverse imaging modalities

in pathology [204, 205, 206]. For example, ResNet-based [55] networks can achieve superior

results in pathology classification problems [15] while FCN [11] and U-Net [27] are two popular

deep-learning frameworks that produce excellent segmentation results of pathology images.

However, the performance of these supervised deep learning methods heavily rely on a large-

scale and well-curated labeled dataset [204, 205, 206]. Annotating such a dataset can be a

labor-intensive and time-consuming task considering the heterogeneous nature of pathology

images and their ultra-high spatial resolutions (often up to 60, 000× 50, 000 pixels [72]).

Semi-supervised learning (SSL) can leverage unlabeled data to reduce the labeling efforts

and has shown promising results in computer vision tasks [17, 18, 19, 20]. However, the efforts

to deploy them on gigapixel pathology tasks remain limited [21, 22, 23, 24]. For example, a

recent work [21] found the performance of FixMatch [17] on a pathology dataset is unsatisfactory

and sensitive to patient diversity. There are two possible reasons why current SSL methods

are ineffective. The first reason is that unlabeled data may not be fully utilized by the learning

algorithms: pathology images of ultra-high resolution can be highly similar at the pixel level [71],

making them hard to distinguish, even by trained researchers. This challenging characteristic

harms the performance of the recent SSL algorithms from computer vision tasks in the early

stage of the training process. Second, these SSL algorithms may miss informative samples: the

samples not selected for pseudo-labeling (whose prediction confidence is below the pre-defined

threshold [17, 148]) may have extra information useful for learning, e.g., uncertain samples.

Based on these two reasons, we propose building an interactive SSL framework to deeply and

efficiently excavate relevant information from unlabeled data for gigapixel pathology image

tasks.

To deeply exploit the informativeness of the unlabeled data, we propose class-aware Adaptive

Pseudo Labeling (APL) to dynamically select the samples of the unlabeled pool for pseudo-
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Figure 6.1. The difference between Semi-Path and existing methods that combine SSL and
AL: instead of treating them as independent components, we propose deep fusing them with
an inner-outer two-loop structure. APL is proposed to exploit the unlabeled data during SSL
training further.

labeling based on the learning status of each class in the SSL training process. In addition, we

incorporate active learning (AL) to select the informative samples to construct the labeled set for

SSL training. As shown in Fig. 6.1b, existing works [72, 200] that combine SSL and AL treat

SSL and AL as separate and independent steps, which will incur heavy computational complexity

from AL on gigapixel pathology images. Different from these methods, we deeply delve into SSL

training and propose a deep fusion of SSL and AL to avoid additional computational complexity

incurred by AL. To achieve such a deep fusion, we propose an inner-outer two-loop structure

to exploit the relationship between SSL and AL. We show that the SSL training can serve a

similar function to the inference process in AL so we adapt SSL training as the inner-loop

selection to identify a candidate pool for AL without incurring extra computational cost. Our
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main contributions are summarized as follows.

• We explore the applicability of SSL on gigapixel-level pathology images and propose

Semi-Path to minimize the labeling efforts.

• To effectively excavate the unlabeled data, we propose class-aware Adaptive Pseudo

Labeling (APL) to mitigate the heterogeneity issue of pathology slides.

• We propose Informative Active Annotation (IAA) to enhance SSL with AL in a deep

fusion achieved by the proposed inner-outer two-loop structure.

• We show that Semi-Path achieves consistently superior performance over state-of-the-art

SSL approaches across three datasets and two learning tasks.

6.2 Related work
Semi-supervised learning (SSL). Recent SSL methods utilize pseudo labeling, consistency

regularization, and/or a combination of them [72, 207] to train deep neural networks with both

labeled and unlabeled data. Pseudo-labeling methods [147, 141] use the intermediate models

to produce pseudo labels for some of the unlabeled data, which are then combined with the

labeled set to train the model further. Consistency-based methods [151, 140] regularize the model

training by encouraging consistent predictions on the same sample under various perturbations.

Recent works [17, 18, 19, 20] combine these two approaches and achieve better performance.

Although these SSL algorithms have shown promising results in computer vision tasks, their

applicability on gigapixel pathology tasks has not been sufficiently explored and verified: Pulido

et al. [21] found that the performance of SSL methods can be adversely affected by patient

diversity; recent works [207, 208, 209] also observed that there is still a significant performance

gap between fully-supervised learning and SSL. Specifically, there are two challenges for these

SSL methods: 1) poor-quality pseudo labels may result in self-reinforcing errors during the

training process [34]; 2) insufficiency in mining the potential of unlabeled data [72].

Active learning (AL). Most AL methods choose informative samples by optimizing an

acquisition function, which can be defined based on uncertainty, diversity, change in model per-

formance, or a combination of these metrics. The uncertainty-based AL methods use max entropy
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or max margin [190] as the selection criteria due to their simplicity and effectiveness [188]. To

reduce the number of AL cycles, batch-mode AL methods [181, 182, 183, 185] were proposed

to select a batch of data at once instead of a single data point for labeling. All these AL methods

need to perform, for each AL cycle, inference on each unlabeled sample and optimization of the

target acquisition function, which can be computationally intensive [210]. The computational

challenge can be greatly exacerbated when applied to gigapixel pathological images. For ex-

ample, it took over one hour with one Nvidia Titan Xp to make the inference on one gigapixel

WSI [72].

Semi-supervised active learning (SSAL). Although SSL and AL have a similar goal of

reducing labeling costs, only a few studies have attempted to combine them into a unified

framework. Drugman et al. combined SSL and AL for speech understanding under limited

speech data [198]. Rhee et al. combined SSL and AL for a pedestrian detection task [199].

Mahapatra et al. [211] combined SSL and AL for segmenting MR images. Although these

methods attempt to combine SSL and AL, their selection procedures in AL cycles are independent

of the model training. Specifically, SSL training and AL selection are two separate steps in

the above methods. In addition, none of them have been evaluated on the gigapixel pathology

settings.

6.3 Methodology
Before presenting our framework, we first introduce the basic notions and terminologies. In semi-

supervision settings, the training set includes a labeled data pool X with the corresponding labels

Y and an unlabeled data pool U . The goal is to use both X and U to train the model in a semi-

supervised manner. We denote the predictive probability from the model as h(x; θ), where θ refers

to the model. We use Nl as the number of images in the labeled pool X . Given labeled data X =

{xi|Nl
i=1} and their labels Y = {yi|

Nl
i=1}, we apply weak augmentations denoted as Aw(.) (using

only flip-and-shift) and minimize the cross-entropy loss through supervised label information

as L(x, y, θ) = Dce(y, h(Aw(x); θ)), where Dce(·, ·) denotes the cross-entropy between the

predictive output and the label. Similar to many recent state-of-the-art SSL algorithms [17, 19,

20], we have supervised and unsupervised loss together to train the model θ via the following
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optimization:

min
θ∈Θ

Ω(U , θ) + α

Nl

∑
x∈X
y∈Y

L(x, y, θ), (6.1)

where α is a hyperparameter that balances the supervised and consistency loss, and Ω refers to

the unsupervised loss on the unlabeled data (see in the next section).

6.3.1 Class-aware Adaptive Pseudo Labeling (APL)

The pseudo label of an unlabeled image is generated based on the model’s prediction on the

weakly-augmented version of the image when its confidence exceeds a pre-defined threshold [17].

The success of the pseudo-labeling with a fixed threshold relies on a necessary assumption that

labeled and unlabeled data have similar distributions [212, 41]. This assumption often does not

hold in real-life applications, especially in the pathology domain [21], and thus it could hurt the

original model’s performance [31]. As a result, if the model generates the wrong pseudo labels

due to the domain and distribution shift, and utilizes them as the supervision, the model will be

biased and have the prediction error reinforced during the self-training process.

In this work, we propose an adaptive threshold τt based on learning status and learning

difficulty to address mismatched distributions in real-life applications. The criteria for selecting

an unlabeled sample x for pseudo-labeling is as follows:

max
k
h(Aw(x); θ)k > τt (6.2)

The pseudo-label is then defined as a one-hot vector p(x) = argmaxk h(Aw(x); θ)k if x satisfies

the above criterion. The adaptive selection is critical in the semi-supervised settings: if τt is

too high, we may miss some informative samples from the unlabeled data for the supervision;

if τt is too low, we may incorporate many low-quality pseudo labels that may hurt the model’s

performance. On the other hand, the learning status is also different in each training iteration.

Hence we propose to design a dynamic threshold for each class based on its learning effect.

A recent SSL work [18] argued the learning status of the SSL model could be reflected by the

number of unlabeled samples with predictions above the threshold. Based on this observation,
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we design τt per epoch as:

τt =


τ ·min{1, N t

u/N
t−1
u }, if 1 < t ≤ Tmax

τ, otherwise
(6.3)

where t indicates the epoch number and N t
u =

∑
x∈U 1(maxk h(Aw(x); θ)k > τt−1), with 1(·)

being the indicator function, is to quantify the number of pseudo labels from last epoch. We

follow FixMatch [17] to set the initial τ0 as 0.95: when there are more samples selected out for

pseudo-labeling, τt will remain at a high level to reserve the most confident samples; otherwise, τt

can be lower to incorporate more samples for pseudo-labeling to encourage the better utilization

of unlabeled data until it reaches the maximum iterations. This dynamic mechanism can adjust

the potential bias from the distribution shift: a potential distribution shift may result in the

model’s over-confidence in the majority class and thus the pseudo labels on the minority classes

can be under-estimated. With the class-aware self-adaptive pseudo-labeling, the model will

balance its learning status and generate less-biased pseudo labels.

We now define the unsupervised loss in (6.1). It is the augmentation-aware consistency

loss [17], where the model is trained to enforce the consistency between the predictions on

the strongly-augmented unlabeled image As(x) and the pseudo labels p(x) derived from the

weakly-augmented version via a cross-entropy loss:

Ω(U , θ) = 1

N t
u

∑
x∈U

1(max
k
h(Aw(x); θ)k > τt−1)

·Dce(p(x), h(As(x), θ)). (6.4)

6.3.2 Informative Active Annotation (IAA): Deep fusion of SSL and AL

Existing SSAL methods [72, 210, 200] utilized AL as an independent step and incurred extra

computational cost. This makes it difficult to be deployed widely in pathology domains for

two reasons: first, the computational burden can be extremely heavy when the acquisition

function is complicated, e.g. non-linear optimization objective [213, 214, 215]; second, even

with computationally-efficient acquisition functions, the gigapixel size of WSIs still poses a

formidable computational challenge [216] to make AL inference on them. To deal with these

challenges, we propose a novel method called Informative Active Annotation (IAA) to deeply
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Figure 6.2. Architecture of the proposed Informative Active Annotation (IAA) module. SSL
training performs the inner-loop pruning of the candidate pool for the outer loop, then the outer
loop utilizes AL’s acquisition function to select the samples for labeling.

fuse SSL and AL. Fig. 6.2 illustrates the overall framework of our proposed IAA module.

We design an inner-outer two-loop structure specifically to fuse SSL and AL to construct an

informative labeled set without incurring additional heavy computational costs.

6.3.2.1 Inner-loop construction of candidate pool

Since the inference stage for the entire unlabeled set in AL involves extensive computations,

especially in the gigapixel-resolution pathology domain, it is essential to explore the potential

methods for reducing the dataset size for such inference.

The key objective for AL is to determine which samples with high uncertainty so that

acquiring their labels can improve the model training process. In SSL, we can identify uncertain

samples if we are unable to assign pseudo-labels to them. In other words, the samples with a

maximum predictive probability below the threshold τT , which is self-adapted in the last epoch of

this round of SSL training, will remain in the candidate pool Cr. We define Cr−1 as the candidate

pool from last round of IAA with C0 = U as the initial candidate pool. For each round of IAA,

we can get

Cr = {x ∈ Cr−1 : max
k
h(Aw(x); θ)k) > τT}. (6.5)

Consequently, the pseudo-labeling process employed in SSL training can serve as an ac-
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quisition function in AL. The most commonly used acquisition function is the entropy of the

predictive probability [217, 218]. As such, it is important to show that uncertain samples se-

lected with entropy will not be pruned away during inner-loop selection using pseudo-labeling.

Focusing on binary classification, we prove that minimizing the inner-loop function is equivalent

to maximizing the entropy thus our inner-loop pruning will not prune uncertain and informative

samples.

Overall, our proposed SSL module segregates the confident samples and reconstructs the

candidate pool of samples not selected for pseudo-labeling. Then the AL inference can be

performed solely on this pruned candidate pool, saving computation time and resources by

avoiding inference on the entire unlabeled set.

6.3.2.2 Outer-loop AL selection

We have shown SSL training process can serve as AL inference. After the pruning of the

candidate pool, we step into the outer-loop of IAA, as shown in Fig. 6.2. Acquisition functions

from AL are introduced in this step to rank samples to fit the labeling budget. If the labeling

budget is larger than the size of the candidate pool, we will skip the outer-loop selection but

annotate all samples in the pool with the labeling budget. If the labeling budget is smaller than

the candidate pool, we will enter outer-loop AL selection: for each cycle, we annotate a subset

of the pool until we reach the labeling effort. First, we calculate the score for each sample in the

candidate pool and save them in a vector v ∈ Rn, where n is the size of the candidate pool. Based

on the labeling budget, we then select m samples with the lowest confidence among entries of v.

However, it is important to define an AL selection criterion for selecting the most informative

samples. One of the widely-used selection criteria is based on the degree of uncertainty the

current model has on each unlabeled sample.

The gigapixel size of pathology images introduces further challenges in using the traditional

AL methods. AL process itself requires high-end computational resources to finish the task.

When these methods are used for high-resolution pathology images, it may add more complexity

to the model and time delays to the pathology image analysis task. In addition, the slow

training due to high computational complexity may lead to additional delays in synchronizing

the annotator availability after each AL iteration. Considering the gigapixel resolution of
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pathology images, we evaluate two computationally efficient yet effective methods in IAA:

Max-Entropy [218] and Variation-Ratios [217, 218]. For Max-Entropy [218], samples with

high entropy are considered informative and selected for labeling as higher entropy indicates

higher uncertainty [219]. For Variation-Ratios [217, 218], we select the highest probability

maxk{h(x, θ)k} as the acquisition function in each patch’s soft label. This value can describe

the degree of confidence and uncertainty.

6.3.3 Extension to gigapixel-level segmentation tasks

As pathology images are typically at the gigapixel level, annotating the entire WSIs can be more

labor-intensive and time-consuming for the segmentation tasks. Here we show the capability

of extending Semi-Path to weakly-supervised pathology image segmentation tasks: instead of

requesting pixel-level annotation of an entire WSI, we focus on seeking the most informative

regions within the WSI for the annotation. In [72], they verified a small set of “difficult” regions

may be sufficient to improve the model’s performance since the visual representations can be

similar in gigapixel slides. Therefore, we aim to seek those informative regions to further reduce

the labeling efforts by avoiding labeling the whole slide in a weakly-supervised manner.

To enhance the robustness of the uncertainty criterion, we follow [72] to integrate a region-

based selection criterion. Instead of focusing on only one sample at a time, it focuses on a region

consisting of a batch of neighboring samples that capture more neighboring information. The

regions where the majority of samples have high uncertainty would be selected for annotation

queries. Here a regionR ∈ Rnd×nd can be tiled into n2 patches. With the region-based selection,

the labeled data set can be quickly expanded as

X = X ∪ (W × J(W)), (6.6)

whereW represents a set of patches fromR. J(x) is the assigned label for x, J(W) is a set of

labels {J(x)}x∈W . In the outer-loop of Fig. 6.2, we illustrate the region selection process.

6.4 Experiments
Datasets and training setup. To show the generalizability of our framework under various

pathology image settings, we tested Semi-Path on two commonly-used staining techniques
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(H&E and Amyloid-β), three tissue regions (breast, colorectal, and brain cortex), collected

by three scanners (Pannoramic, NanoZoomer-XR, and Leica Aperio AT2), and three scanning

magnifications (10X, 20X, and 40X). We use ResNet-18 [55] as the backbone encoder for all

experiments. This framework also works with Transformer architectures in a plug-and-play

setting. We select the recent SSL algorithm, FixMatch [17], as our framework’s main baseline and

example. We follow the hyper-parameter settings in [17] and keep them consistent throughout all

of our experiments: the initial confidence threshold τ is set as 0.95, the unlabeled loss weight λu

as 1, and the ratio of unlabeled data in each mini-batch µ as 2. The hyper-parameters are tuned

based on the validation set in the above three learning tasks. We set batch size as 32 for both

labeled and unlabeled data. We use Adam [220] with β1 = 0.9 and β2 = 0.999 as our optimizer

in all settings. The learning rate is set as 0.001. For comparison, all computations are conducted

on a single GPU (NVIDIA Titan Xp with 12 GB of VRAM).

6.4.1 Main results on pathology image classification and segmentation
tasks

We first evaluate Semi-Path on two pathology classification tasks: tumor classification in breast

(PCam [221]) and colorectal polyp classification (MHIST [222]). We refer to supervised ResNet-

18 [55] as SL. As these are classification problems, we select Accuracy, Precision, Recall,

F1-score, and AUC as the measuring metrics for the comparison. We implement recent popular

SSL algorithms as baselines for comparison: Pseudo-Label [147], Mean Teacher [140], Mix-

Match [30], FixMatch [17], Dash [212], and FlexMatch [18]. We also include a self-supervised

learning algorithm, SimCLR [37], to compare with SSL.

Tumor classification. We first set the total labeling budget of PCam [221] as 1,000 images

(around 0.5% of the entire training set); thus the rest of images are put into the unlabeled set. To

reach the labeling budget, we set the number of IAA cycles as 2. The results are summarized

in Table 6.1. We can find the performance of SL is sensitive to the amount of labeled data: the

performance degrades significantly when we only use 0.5% labeled data. Then we fine-tune

the self-supervised pre-trained model [37] and find the performance is still far from satisfactory

due to the large gap between the new pathology task and the pre-trained domain. For SSL,

the methods [17, 18, 212] that combine pseudo labeling and consistency regularization can
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Table 6.1: Quantitative comparison on PCam. All scores refer to the macro-averaged values.

Learning Manner Labeled Ratio Algorithm Accuracy Precision Recall F1-score AUC

Semi-supervised

100% (Full) ResNet-18 [55] 92.8 ± 0.30 92.9 ± 0.20 92.6 ± 0.21 92.8 ± 0.20 0.95 ± 0.01

1.5% (Full) ResNet-18 [55] 62.8 ± 1.31 69.5 ± 0.67 54.1 ± 2.27 60.8 ± 1.68 0.63 ± 0.02

0.5% (Full) ResNet-18 [55] 45.1 ± 2.27 42.0 ± 2.14 33.6 ± 3.30 37.3 ± 2.86 0.51 ± 0.01

Self-supervised
1.5% SimCLR [37] 64.9 ± 1.02 65.2 ± 1.45 60.1 ± 1.70 62.5 ± 1.05 0.64 ± 0.03

0.5% SimCLR [37] 60.4 ± 1.45 63.3 ± 1.90 58.5 ± 2.01 60.8 ± 1.20 0.61 ± 0.04

Semi-supervised 1.5%

Pseudo-Label [147] 67.9 ± 1.85 70.5 ± 1.90 62.2 ± 1.76 66.1 ± 1.42 0.67 ± 0.04

Mean Teacher [140] 68.8 ± 1.05 69.6 ± 1.21 62.2 ± 1.50 65.7 ± 1.05 0.66 ± 0.02

MixMatch [30] 78.9 ± 0.67 78.4 ± 0.99 76.5 ± 0.50 77.4 ± 0.65 0.82 ± 0.03

FixMatch [17] 83.9 ± 1.29 85.1 ± 0.85 84.1 ± 0.95 84.6 ± 0.90 0.87 ± 0.01

Dash [212] 82.8 ± 1.09 83.0 ± 0.55 81.2 ± 0.60 82.1 ± 0.78 0.85 ± 0.03

FlexMatch [18] 84.1 ± 1.02 84.9 ± 0.75 84.4 ± 0.80 84.6 ± 0.75 0.86 ± 0.04

Semi-Path 89.5 ± 1.05 89.9 ± 0.70 89.7 ± 1.02 89.8 ± 0.78 0.92 ± 0.03

Semi-supervised 0.5%

Pseudo-Label [147] 55.7 ± 2.05 59.2 ± 2.23 54.5 ± 1.97 56.8 ± 1.55 0.58 ± 0.03

Mean Teacher [140] 62.3 ± 1.87 63.9 ± 2.92 57.2 ± 2.22 60.3 ± 2.49 0.61 ± 0.05

MixMatch [30] 65.6 ± 0.34 70.2 ± 1.20 69.0 ± 1.45 69.6 ± 0.95 0.75 ± 0.06

FixMatch [17] 73.2 ± 0.76 77.5 ± 0.50 73.7 ± 0.25 75.6 ± 0.37 0.84 ± 0.04

Dash [212] 71.0 ± 0.98 75.3 ± 0.78 70.2 ± 0.45 72.7 ± 0.50 0.82 ± 0.02

FlexMatch [18] 74.0 ± 0.80 78.1 ± 1.15 73.0 ± 0.90 75.5 ± 0.84 0.85 ± 0.03

Semi-Path 81.2 ± 0.98 81.5 ± 0.99 79.9 ± 0.86 80.7 ± 0.93 0.89 ± 0.04

bring more benefits compared to SL. Semi-Path can consistently outperform the recent SSL

algorithms [147, 140, 30, 17, 212, 18], with 8% improvement over FixMatch [17] and 7.2% over

FlexMatch [18] in terms of accuracy. We observe similar results when we set the labeling budget

as 1.5%. This shows a better utilization of the unlabeled data by Semi-Path.

Colorectal polyp classification. To further stress-test the applicability of Semi-Path, we

select (MHIST [222]) as a more challenging learning task that suffers from inter-rater disagree-

ment. This dataset only consists 3,152 patches but involves 328 slides. Hence the variation of

feature representations from each data point in the same class can be amplified [76]. We first

set 60 labeled patches (around 3% of the training set) as the total labeling budget. The results

are summarized in Table 6.2. We find Semi-Path can significantly improve the performance

of SSL under this challenging dataset. The performance gain is larger than 4% in all metrics.

Then we increase the labeling budget to 200 images (10% of the training set) and achieve similar
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Table 6.2: Quantitative comparison on MHIST. All scores refer to the macro-averaged values.

Learning Manner Labeled Ratio Algorithm Accuracy Precision Recall F1-score AUC

Supervised 100% (Full) ResNet-18 [55] 86.0 ± 0.36 84.8 ± 0.61 83.5 ± 0.55 84.1 ± 0.58 0.89 ± 0.01

Self-supervised
10% SimCLR [37] 63.2 ± 0.95 63.8 ± 1.20 62.2 ± 1.70 63.0 ± 0.85 0.66 ± 0.04

3% SimCLR [37] 58.6 ± 0.20 60.0 ± 0.55 58.5 ± 0.87 59.2 ± 1.20 0.63 ± 0.03

Semi-supervised 10%

Pseudo-Label [147] 65.4 ± 1.04 66.5 ± 0.98 65.9 ± 0.85 66.2 ± 1.42 0.75 ± 0.03

Mean Teacher [140] 70.1 ± 0.80 71.3 ± 1.05 69.9 ± 0.98 70.6 ± 0.58 0.80 ± 0.02

MixMatch [30] 74.1 ± 0.47 75.0 ± 0.75 74.3 ± 0.50 74.6 ± 0.97 0.83 ± 0.03

FixMatch [17] 70.5 ± 1.55 68.8 ± 2.76 69.5 ± 2.97 69.1 ± 2.86 0.79 ± 0.02

Dash [212] 70.2 ± 1.21 70.0 ± 0.85 71.3 ± 0.69 70.6 ± 1.48 0.81 ± 0.04

FlexMatch [18] 73.1 ± 0.84 74.6 ± 1.05 75.1 ± 0.90 74.8 ± 0.89 0.82 ± 0.03

Semi-Path 81.1 ± 0.89 81.0 ± 0.78 81.2 ± 0.90 81.1 ± 0.62 0.87 ± 0.04

Semi-supervised 3%

Pseudo-Label [147] 61.2 ± 1.55 61.3 ± 2.00 62.1 ± 1.94 61.7 ± 1.67 0.68 ± 0.02

Mean Teacher [140] 62.3 ± 1.87 63.9 ± 2.92 57.2 ± 2.22 60.3 ± 2.49 0.66 ± 0.05

MixMatch [30] 66.8 ± 1.04 68.2 ± 0.99 67.9 ± 1.20 68.7 ± 0.45 0.76 ± 0.03

FixMatch [17] 62.6 ± 1.35 63.8 ± 1.15 65.6 ± 1.35 64.7 ± 1.25 0.73 ± 0.03

Dash [212] 64.8 ± 0.65 68.3 ± 0.45 67.9 ± 0.67 68.1 ± 0.98 0.76 ± 0.02

FlexMatch [18] 63.0 ± 1.20 65.8 ± 1.45 64.5 ± 0.96 65.1 ± 0.56 0.73 ± 0.01

Semi-Path 76.1 ± 0.90 75.9 ± 1.23 75.9 ± 1.09 75.9 ± 0.99 0.84 ± 0.02

performance gain. These promising results show Semi-Path effectively leverages the unlabeled

data under this small-scale setting.

GM/WM segmentation. Then, we evaluate Semi-Path on a gigapixel-level segmentation

task. We report IoU score [38] and DICE coefficient [46] as the metrics and implement U-

Net [27] as the SL baseline for segmentation problems. Semi-Path significantly outperforms

FixMatch[17]: especially it almost doubles the performance in WM predictions, which is the

minority class in the segmentation task. Semi-Path’s segmentation performance is also superior to

SSAL [72], but the computational complexity is significantly reduced in Semi-Path compared to

SSAL [72], where the framework considers the SSL and AL components as independent modules.

Specifically, Semi-Path saves almost 80% of inference time in each IAA round compared to

SSAL [72]. The masks can be visualized in Fig. 6.3. Hence Semi-Path is a computation-efficient

framework where SSL and AL are deeply fused and share mutual information with each other.
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Table 6.3: Pixel-wise IoU Scores for AD, NAD, and overall test set

Method SL (FCN [11]) SL (U-Net [27]) FixMatch [17] ICCVW [72] Semi-Path

Labeled data 2 WSIs All WSIs 2 WSIs All WSIs 0.1% 0.1% 0.1%

AD Back 61.04 ± 5.44 81.13 ± 9.17 59.74 ± 13.9 96.80 ± 1.48 93.15 ± 2.41 95.01 ± 1.17 95.09 ± 1.21

AD GM 46.98 ± 2.78 76.07 ± 8.91 37.16 ± 9.93 89.58 ± 5.12 78.57 ± 3.87 88.80 ± 3.92 88.91 ± 4.05

AD WM 27.75 ± 5.50 62.23 ± 14.0 7.57 ± 6.02 82.53 ± 7.70 56.66 ± 16.4 81.83 ± 5.53 81.95 ± 4.58

NAD Back 66.66 ± 5.17 88.42 ± 1.55 78.46 ± 18.5 97.36 ± 3.15 97.07 ± 0.31 97.26 ± 0.52 97.33 ± 0.78

NAD GM 50.15 ± 0.49 79.37 ± 2.95 59.59 ± 13.6 94.42 ± 3.30 83.97 ± 7.76 93.47 ± 1.60 93.59 ± 1.55

NAD WM 19.72 ± 13.6 49.89 ± 12.8 3.02 ± 3.09 81.25 ± 9.53 22.72 ± 19.0 75.85 ± 11.4 77.95 ± 10.9

Background 63.29 ± 5.81 84.05 ± 9.17 68.28 ± 17.2 97.02 ± 2.15 94.72 ± 2.71 95.91 ± 1.48 95.99 ± 1.33

GM 48.25 ± 2.66 77.39 ± 7.06 46.13 ± 15.8 91.52 ± 4.94 80.73 ± 6.01 90.67 ± 3.90 90.78 ± 3.34

WM 24.54 ± 9.80 57.29 ± 14.3 5.75 ± 5.37 82.02 ± 7.98 43.08 ± 24.0 79.44 ± 8.34 80.35 ± 8.67

Mean 45.36 ± 3.26 72.91 ± 7.56 40.05 ± 10.2 90.19 ± 3.84 72.84 ± 7.18 88.67 ± 3.12 89.04 ± 2.99

The results are from the hold-out test set. AD refers to Alzheimer’s disease cases while NAD refers to Non-Alzheimer’s disease cases. 2

WSIs refers to 2 WSIs are labeled, equivalent to 10% regions of all WSIs; all WSIs refers to all WSIs are labeled. 0.1% refers to 0.1%

regions of all WSIs are labeled, which can be tiled into 600 patches; so as 0.07% which can be tiled into 400 patches.

6.4.2 Empirical analysis on Semi-Path
6.4.2.1 Ablation Studies of Informative Active Annotation (IAA)

For this ablation study, we disable the Adaptive Pseudo Labeling (APL) module and test the

module IAA on FixMatch [17]. The comparison is between the original FixMatch [17] and the

combination of FixMatch [17] and IAA.

Ground Truth
SL (U-Net [27]) SSL

All WSIs Labeled 2 WSIs Labeled FixMatch [17] Semi-Path

Figure 6.3. Visualization of segmentation masks: GM, WM, and background are indicated by
cyan, yellow, and black, respectively.
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Effect of the rounds of IAA on eventual results. We use a two-round IAA and show

its promising improvements. In this subsection, we further study the effect of IAA rounds on

eventual performance. To have a fair comparison, we set 0.5% of patches in PCam [221] as the

total labeling budget. The results are summarized in Table 6.4: when we use only one-round IAA

to reach the labeling budget, the improvement can be trivial; however, when we use more than

four rounds to reach the budget, the performance gain is also limited. Considering the fact each

AL round will inevitably incur computation costs and expert interactions, we choose two-round

IAA in our study for the trade-off between the performance and clinical interactions.

Table 6.4: Effect of IAA rounds on PCam using 0.5% data with annotations. Precision, Recall,

and F1-score refer to the macro-averaged values from all classes

Rounds Accuracy Precision Recall F1-score

Original 73.2 ± 0.76 77.5 ± 0.50 73.7 ± 0.25 75.6 ± 0.37

1 75.8 ± 1.04 79.1 ± 1.01 75.3 ± 0.94 77.2 ± 0.99

2 80.9 ± 0.86 81.0 ± 0.84 79.5 ± 0.45 80.2 ± 0.63

3 81.2 ± 0.45 81.1 ± 0.21 79.9 ± 0.23 80.5 ± 0.34

4 81.2 ± 0.23 81.2 ± 0.12 80.0 ± 0.21 80.6 ± 0.19

5 81.3 ± 0.27 81.1 ± 0.21 79.8 ± 0.45 80.4 ± 0.37

Compatibility of IAA with different SSL algorithms.

To further prove the general benefits of IAA in SSL settings, we also apply IAA to recent

popular SSL algorithms to prove its general use and compatibility in SSL settings. The SSL

algorithms here include Mean Teacher [140], ReMixMatch [40], and FixMatch. We summarize

the results in Table 6.5. When we only set 0.5% images as the labeling budget, our proposed

IAA module is able to find the informative samples for labeling and boost the performance of

these original SSL algorithms consistently.
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Table 6.5: Compatibility with different SSL algorithms on PCam using 0.5% data with annota-

tions. Precision, Recall, and F1-score refer to the macro-averaged values from all classes

SSL Algorithm Selection Accuracy Precision Recall F1-score

Mean Teacher [140]
Random 62.3 ± 1.87 63.9 ± 2.92 57.2 ± 2.22 60.3 ± 2.49

IAA 68.9 ± 1.50 75.8 ± 1.46 71.8 ± 1.61 73.8 ± 1.54

ReMixMatch [40]
Random 70.1 ± 2.69 73.7 ± 2.13 70.7 ± 2.03 72.2 ± 2.05

IAA 78.7 ± 0.95 79.2 ± 0.66 78.4 ± 0.44 78.8 ± 0.55

FixMatch [17]
Random 73.2 ± 0.76 77.5 ± 0.50 73.7 ± 0.25 75.6 ± 0.37

IAA 80.9 ± 0.86 81.0 ± 0.84 79.5 ± 0.45 80.2 ± 0.63

6.4.2.2 Computational efficiency of IAA in Semi-Path

Previous AL systems involve an inference stage where the trained model will traverse all unla-

beled data and apply the acquisition function for ranking [188]. The computational complexity

can be heavy even if we use the simplistic acquisition functions given that the WSIs in pathology

are at gigapixel level, which is much larger than other natural images. To reduce computation

cost, the IAA module in Semi-Path has a two-loop selection process: fuse SSL and AL so that

the training information from SSL training can be used to construct a much smaller but more

effective candidate pool for labeling. Hence Semi-Path can avoid making inferences over the

entire unlabeled data but focus on a much smaller pool. We save almost 80%, 70%, and 80%

of inference time in PCam [221], MHIST [222], and GM/WM dataset [72], respectively. In

GM/WM dataset, the original inference time for WSIs can be nearly 20.7 hours [72] on a single

GPU (Nvidia Titan Xp), whereas Semi-Path only needs 3.8 hours (as shown in Table 6.6), which

saves over 80% of computation time compared to [72]. Therefore, we believe this is one of the

advantages of IAA in Semi-Path because its inner-outer selection structure can effectively avoid

unnecessary inference on those confident samples.

6.4.2.3 Max-Entropy vs. Variation-Ratios

We have provided the proof on the equivalence of Max-Entropy [218] and Variation-Ratios [217]

under binary classification problems. We report their performance comparison in the GM/WM
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segmentation dataset with three AL cycles. As shown in Table 6.6: both acquisition criteria used

in IAA achieve similar performance and significantly reduce the AL inference time.

Table 6.6: Performance comparison between two uncertainty-based criteria on GM/WM task [72]

with 0.1% labeled regions by FixMatch [17] and three-round AL

Methods
IoU score DICE

AL Inference Time
GM WM GM WM

FixMatch [17] 80.73 43.08 91.02 63.19 -

ICCVW [72] 90.67 79.44 95.19 88.53 20.7 hours

Max-Entropy [218] 90.81 80.41 96.12 89.94 4.90 hours

Variation-Ratios [217] 90.78 80.35 96.04 90.01 3.80 hours

6.4.2.4 Data imbalance scenario

To explore the source of performance gain, we take a deeper look into per class’s performance.

As we achieve more than 10% of improvement on MHIST [222], we report the performance

from each IAA round to visualize the benefits for each class. MHIST [222] is a challenging

dataset due to its limited amount and data imbalance issue [76]. As shown in Figure 6.4, our

framework improves the performance (in terms of Recall and Precision) on sessile serrated

adenomas (SSA), which demonstrates its effectiveness in classifying the minor class in this

dataset. Recent theoretical works [32, 41] found the generated pseudo labels from minor classes

during SSL training can be significantly underestimated, which subsequently biases the model

towards the significant classes and degrades the performance. In other words, more minority

samples have never been assigned pseudo labels during the training process. These samples

will be split into the candidate pool in our two-loop structure of IAA. Subsequently, query for

annotations and enter the labeled set. Therefore, our framework has the potential to realign the

underlying data imbalance in the unlabeled pool and boost the applicability of SSL in real-world

applications.
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Figure 6.4. Comparison on per class’s performance in MHIST [222] under the labeling budget
as only 60 labeled images. IAA-0: the starting stage (20 labeled images ), IAA-1: Semi-Path
after 1 IAA round (40 labeled dat); IAA-2: Semi-Path after 2 IAA rounds (60 labeled images).

6.5 Discussion
We propose Semi-Path, a deployable and active semi-supervised learning framework for reliev-

ing labor efforts for gigapixel-resolution pathology applications. We first design class-aware

Adaptive Pseudo Labeling (APL) with dynamic thresholds to select the unlabeled samples for

pseudo-labeling based on the learning status of SSL and class difficulty. Then we design and

incorporate Informative Active Annotation (IAA) in our SSL framework to further exploit the

informativeness in the unlabeled pool. We evaluate Semi-Path on three pathology datasets and

show its consistent improvement over other SSL algorithms. Additionally, Semi-Path reduces

computational complexity for the AL rounds since SSL and AL are integrated into a unified

framework with IAA. We believe Semi-Path has the potential to enhance the applicability of SSL

in pathology image applications. The limitation of Semi-Path is that we assume the unlabeled

pool has the same classes as the labeled set.
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Chapter 7
PADCLIP: Pseudo-labeling with Adaptive
Debiasing in CLIP for Unsupervised
Domain Adaptation

Traditional Unsupervised Domain Adaptation (UDA) leverages the labeled source domain to

tackle the learning tasks on the unlabeled target domain. It can be more challenging when a large

domain gap exists between the source and the target domain. A more practical setting is to utilize

a large-scale pre-trained model to fill the domain gap. For example, CLIP shows promising

zero-shot generalizability to bridge the gap. However, after applying traditional fine-tuning to

specifically adjust CLIP on a target domain, CLIP suffers from catastrophic forgetting issues

where the new domain knowledge can quickly override CLIP’s pre-trained knowledge and

decrease the accuracy by half. We propose Catastrophic Forgetting Measurement (CFM) to

adjust the learning rate to avoid excessive training (thus mitigating the catastrophic forgetting

issue). We then utilize CLIP’s zero-shot prediction to formulate a Pseudo-labeling setting with

Adaptive Debiasing in CLIP (PADCLIP) by adjusting causal inference with our momentum and

CFM. Our PADCLIP allows end-to-end training on source and target domains without extra

overhead. We achieved the best results on four public datasets, with a significant improvement

(+18.5% accuracy) on DomainNet.
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7.1 Introduction
Unsupervised Domain Adaptation (UDA) proposes to reduce data annotation costs by leveraging

a labeled source domain to transfer the knowledge into an unlabeled target domain [47, 48, 49,

50, 51]. Prior UDA works focus on bridging the domain gap between source and target domains

[51, 52, 53, 54], or increasing network capacity [49, 48] by changing a convolutional neural

network (e.g., ResNet [55]) to Vision Transformer (ViT) [56]. All of these past methods are

pre-trained on ImageNet [57], but large-scale pre-training is becoming practical and achieves

superior performance in many fields [58, 59, 60, 61]. In theory, if the pre-trained dataset is large

enough, the domain gap between source and target domains could be bridged by the pre-trained

dataset itself. Hence, we argue that large-scale pre-training is an important missing part of UDA.

We choose CLIP [59], a vision-language model pre-trained on 400 million image-text pairs.

Without fine-tuning, CLIP outperforms SSRT [48], a state-of-the-art UDA method on DomainNet

[66]. This is thanks to the large-scale training set, which allows CLIP to disentangle object class

from object domain (e.g., “a photo of a dog" vs “a sketch of a dog"): the language supervision

in the form of a sentence used by CLIP is more descriptive than a single class label. However,

on VisDA-2017, CLIP without fine-tuning underperforms previous work, SDAT [223]. This is

because the synthetic data generated from the real-world domain do not exist in CLIP’s training

set, so we still need to fine-tune CLIP to adapt it for a specific domain task.

We first adopt the traditional approach to fine-tune CLIP on VisDA-2017 [67] but found

that CLIP suffers from catastrophic forgetting issues. As shown in Fig.7.1: before fine-tuning,

CLIP has a strong representation power that can achieve 67% top-1 ImageNet accuracy, while

dropping to 22% after fine-tuning on VisDA-2017. The loss of CLIP’s representation power

causes the accuracy degradation on VisDA-2017. To counter this, it is possible to preserve

CLIP’s representation power by fine-tuning both CLIP and VisDA-2017 datasets jointly, but

CLIP requires several weeks to train a single setting (DomainNet has 30 settings, so it takes a

year for a single experiment). Moreover, we anticipate the data imbalance issue during joint

training since CLIP’s training set is 142 times larger than VisDA-2017. We seek a more practical

solution for catastrophic forgetting issues without adding extra overheads.

We attempt to fine-tune CLIP on the UDA dataset with a lower learning rate and observe
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Figure 7.1. Catastrophic Forgetting. We naively fine-tune CLIP (ResNet-101) on VisDA-2017
source domain training set, and test it on validation sets of VisDA-2017 target domain and
ImageNet-1K. CLIP forgets pre-trained knowledge (ImageNet accuracy -45%), resulting in
-27% VisDA-2017 accuracy. Our PADCLIP mitigates catastrophic forgetting issues to achieve
+6% VisDA-2017 accuracy.

less catastrophic forgetting issues, but the low learning rate prevents CLIP from learning new

knowledge. To solve this problem, we propose to adjust the learning rate with Catastrophic

Forgetting Measurement (CFM, Fig. 7.2) by comparing the original representation (forward

original image on original CLIP) and fine-tuned representations (forward augmented images

on fine-tuned CLIP). CFM is, however, unstable because every image has a different forgetting

rate, so we leverage our observation that CLIP is likely to have similar predictions across all

augmentations when the training example is easy (and large difference for the hard example).

We propose to measure the consistency between weak (translate, flip) and strong augmentation

(perturb visual appearance) as a momentum (Dual Consistency Momentum, DCM) to stabilize

CFM. Our method does not introduce extra overhead: since the augmentation is already a part of

fine-tuning, original prediction can be cached, and we do not need to fine-tune UDA and CLIP

datasets jointly.

We further seek to use CLIP with pseudo-labeling on the target domain, which recently

enjoyed success in UDA [62, 63, 49, 64, 63]. DebiasPL [65] utilized CLIP for pseudo-labeling,

but it was designed for a single domain. After extending to source and target domains (UDA

setting), DebiasPL[65] suffers from catastrophic forgetting issues (accuracy decreases by 21%
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on VisDA-2017 after fine-tuning). To solve this problem, we replace the fixed debias factor in

DebiasPL[65] with our CFM, and replace the fixed momentum in DebiasPL with our adaptive

momentum (DCM). We further include a domain name into a prompt (such as: “This is a [sketch]

photo of [car]"). Our method mitigates the catastrophic forgetting issue, and achieves the best

results on DomainNet [66], VisDA-2017 [67], Office-Home [68], Office-31 [69]. To summarize,

our main contributions are:

• We propose to use CLIP in UDA and discover the catastrophic forgetting issue when fine-

tuning CLIP. We propose CFM for CLIP in UDA to mitigate this issue without introducing

extra computational overhead.

• We propose pseudo-labeling for CLIP in UDA by extending DebiasPL to multiple domains,

and replacing debias factor and momentum with our CFM and DCM. We also introduce a

domain name into a prompt.

• We achieve the best results on four benchmarks on both ResNet and ViT, with a large

performance improvement on the large-scale dataset (+18.5% accuracy on DomainNet).

7.2 Related works
Unsupervised Domain Adaptation (UDA) adapts a model trained on a source domain with

annotated datasets to an unlabeled target domain. Discrepancy-based methods [224, 225, 226,

227] learn domain-invariant features via minimizing the discrepancy between source and target

domains, or applying adversarial learning [224, 225, 226, 228, 223, 229] to obtain domain-

invariant representations. DANN [47] and CDAN [228] use a domain discriminator to classify

source and target samples while the feature extractor tries to fool the domain discriminator

with generated domain-invariant features. AaD [230] proposes prediction consistency on the

neighboring features, while CPR [231] uses prototypes instead. In theory, our improvement is

orthogonal to these methods, and they could complement each other. Recent works found that

the cross-attention in Vision Transformer (ViT) [56] is advantageous to feature alignment, and it

is more robust to the noisy samples compared to CNN, which is the key to the UDA task [49].

Hence recent works [49, 48, 223, 232] use ViT as the backbone and achieve better performance

than CNNs. We also leverage ViT.
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Pseudo-labeling in UDA aims to leverage unlabeled target domain data [62, 63, 49, 48, 233,

234]. Specifically, the model will generate pseudo labels on the unlabeled data during the training

process and use them as the supervision in the following training loop. Consistency regularization

is also applied to different disturbed views of the same samples [17, 18, 235] to promote the

prediction consistency on the unlabeled data. However, these methods are built on the assumption

that the unlabeled data share similar distributions as the labeled data [41, 65, 233, 236], which is

usually not true since the source and target are in different domains. Such distribution mismatch

may generate low-quality and biased pseudo labels [41], resulting in a poor-performance classifier

during the self-training process. Therefore, to relieve the noise and bias, we focus on generating

less-biased pseudo labels during the UDA training in this work.

Vision-Language Models have shown promising results in learning generic visual repre-

sentations [59, 237, 238, 239]. Recent models gain their advancement via text representation

learning with Transformers [240], contrastive representation learning, and web-scale training

datasets [241]. For example, CLIP [59] was trained on 400 million image-text pairs and achieved

state-of-the-art performance in many fields [58, 59, 60, 61]. However, the best way to adapt CLIP

for downstream tasks is still under study. For example, DebiasPL [65] found that CLIP [59]

produces imbalanced prediction and proposes to adaptively debias pseudo-label for a single

domain. We extend DebiasPL [65] from a single domain to multiple domains in the UDA setting,

and address the domain gap problem by mitigating catastrophic forgetting issues, introducing

domain name into the prompt, and dynamically adjusting debias strength and momentum.

Causal Inference has been introduced in computer vision tasks to alleviate the dataset bias in

domain-specific applications [242, 243, 244, 245, 246, 247, 248]. These methods successfully

improve performance in many fields such as image classification [249, 250], semantic segmen-

tation [251], visual representation learning [252] and image captioning [253]. Counterfactual

inference is a popular method that was used to capture the bias as the direct causal effect [254],

eliminate the confounding effect [243], and disentangle the desired direct effect [255]. Our

method is built on top of these works to debias pseudo-labels in our setting.
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Figure 7.2. Overview. For the source domain, we convert the label and domain name into a
prompt, and obtain text and image representations to train CLIP in a supervised manner. We use
CLIP’s original representation, and weak/strong augmented representations to measure CFM to
adjust the learning rate for mitigating catastrophic forgetting issues. For the target domain, we
use zero-shot prediction in CLIP to obtain pseudo-labels and adaptively debias them with CFM
(adjust debias factor) and DCM (adjust momentum) for unsupervised learning. *Pseudo-label
is converted into a prompt to obtain text representation.

7.3 Methodology
Given a labeled source domain Ds = {(xs

i , y
s
i )}Ns

i=1 and an unlabeled target domain Dt =

{(xt
i)}Nt

i=1, we aim to optimize a model from the labeled source domain to the unlabeled target

domain. Ns and Nt denote the size of the source and target datasets respectively.

7.3.1 CLIP in UDA

We first modify CLIP to be suitable for UDA tasks. CLIP [59] is composed of a vision encoder f

(maps image into low dimensional image representations), and a text encoder g (maps sentence

into text representations). CLIP requires image-text pairs to jointly train f and g with symmetric

cross-entropy loss [256] between the image and text representations. We follow prompt engi-

neering [59] to prepare image-text pairs in UDA datasets. Our label ysz denotes a sentence in

the format of “a [DOMAIN] photo of a [CLASS]”, where [CLASS] is a classification class

name and [DOMAIN] is a domain name in UDA tasks (e.g., a synthetic photo of a person).

During testing, we follow CLIP zero-shot inference by comparing image representations with

the classification weights generated by the text encoder, denoted as {θz}Kz=1. By forwarding K

descriptions corresponding to K classes, we can calculate the probability that a training image
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Table 7.1: Baseline. We fine-tune CLIP (ResNet-101) on VisDA-2017 source domain training

set, and test on VisDA-2017 target domain validation set. “No fine-tuning" is the best baseline

because catastrophic forgetting issues are so severe such that any fine-tuning will cause accuracy

drops.

# Configuration Accuracy

1 No fine-tuning 82.3%

2 Fine-tune 30 epoch 55.6%

3 Early stop (fine-tune 1 epoch) 73.2%

4 Lower learning rate 50x on #2 75.8%

belongs to the k-th category.

p̈k = P (ŷtz = k|xt) =
exp(cos(θk, f(x

t)/T )∑K
z=1 exp(cos(θz, f(xt)/T )

(7.1)

where T is the temperature parameter learned by CLIP, cos refers to cosine similarity [59], and

we denote a vector of p̈k as p (probability of a sample in a minibatch).

7.3.2 Catastrophic Forgetting Measurement

After formulating CLIP for UDA and attempting to fine-tune CLIP on UDA datasets, we found

that CLIP suffers from catastrophic forgetting issues (Fig. 7.1). We explored baselines in Tab.

7.1 and found that the original CLIP (no fine-tuning) performs the best (any fine-tuning will

cause performance degradation), but the degradation can be mitigated by lowering the learning

rate. We propose to decrease the learning rate according to the difference between the original

CLIP (o) and fine-tuned CLIP (f )’s representations. Large differences indicate that CLIP forgets

the pre-trained knowledge (resulting in a new representation). The original CLIP’s representation

can be cached by running CLIP on the original image (no augmentation) before fine-tuning, and

we seek a meaningful augmentation during fine-tuning.

We follow CLSA [257] to introduce “weak" (no appearance change: translate, flip) and

“strong" augmentation (perturb appearance: CTAugment [40], RandAugment [202]), and propose

to measure the distance between representations from both augmentations. We lower the learning

rate when the difference is large because we observe more mistakes from “strong" (s(xs)) than

“weak" (w(xs)) augmentation predictions when CLIP struggles with the hard training example
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(leads to more forgetting). Combining both of our proposals, we formulate a triplet of original

CLIP’s representations from the original image (o(xs)), fine-tuned CLIP’s representations for

“weak" (f(w(xs))) and “strong" (f(s(xs))) augmentation. We use Euclidean Distance to measure

the similarity of each pair, and we sum all pairs into our triplet distance (λs). We flip the sign to

lower the learning rate when the difference of each pair is large.

λs = 1− 1

6B

B∑
i=1

(||f̃(w(xsi ))− õ(xsi )||2+

||f̃(s(xsi ))− õ(xsi )||2 + ||f̃(w(xsi ))− f̃(s(xsi ))||2)

(7.2)

where ∼ denotes representation normalization with L2 norm (e.g., õ(xs) = o(xs)/||o(xs)||2) to

cap each representation between [-1, 1]. The summation of all terms is in the range of [0, 6], so

we divide the summation by 6 to cap λs range to [0, 1], and average distances over the batch size

(B). λs is, however, unstable because the input (xs) changes every iteration, so the learning rate

will constantly be adjusted (resulting in unstable training). To solve this problem, we propose a

momentum to slow down the change of λs. We measure the consistency between “weak" and

“strong" representations to use as Dual Consistency Momentum (DCM, ms).

ms =
1

B

B∑
i=1

cos(f(w(xsi )), f(s(x
s
i ))) (7.3)

where cos is a cosine similarity. We use low momentum (small ms, slow λs changes) when the

consistency is low (indicating a hard training example). We combine triplet distance with DCM

to define Catastrophic Forgetting Measurement (CFM, λsz) for each iteration (z) with λs0 = 0.

λsz ← msλsz + (1−ms)λsz−1 (7.4)

7.3.3 Pseudo-labeling and inter-class bias

Pseudo-labeling in CLIP. Pseudo-labeling [17, 18] enjoyed success in UDA by leveraging

the unlabeled target domain data, but past methods [62, 63, 49, 48] were not designed for CLIP.

DebiasPL [65] supports pseudo-labeling for CLIP, but was designed for a single domain. We first

follow DebiasPL to generate a soft label on “weak" augmented samples from the target domain

as q = p(y|w(xt)), convert a soft label into a hard label by a one-hot encoder (1), and use a
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Table 7.2: Our improvements on DebiasPL. We fine-tune DebiasPL (ResNet-101) on VisDA-

2017 source domain training set, and test on VisDA-2017 target domain validation set. Our

improvement mitigates catastrophic forgetting issues, and improve pseudo-label quality.

# Configuration Accuracy

1 DebiasPL [65] 64.4%

2 Add CFM to supervised loss (Lsup, Eq. 7.12) on #1 85.9%

3 Add domain name to prompt on #2 86.5%

4 Add CFM to pseudo-label (Eq. 7.10) on #3 87.8%

5 Add DCM to pseudo-label (Eq. 7.9) on #4 88.5%

fixed threshold (τ = 0.4) to select high confident pseudo-labels. We formulate a consistency

loss (Lcp) by using a cross-entropy loss (H) to push the prediction from “strong" augmentation

(p(y|s(xt))) to be closed to pseudo-label from “weak" augmentation.

Lcp =
1

B

B∑
i=1

1[max(qi) ≥ τ ] ·H(p(yi|s(xt
i)), qi) (7.5)

Inter-class Bias in Pseudo-labeling is caused by the reliance on a trained model to generate

pseudo-labels. If multiple classes have similar appearances (e.g., dog vs. wolf), the model tends

to have prediction errors, which will generate incorrect pseudo-labels. As the training goes

on, these incorrect pseudo-labels will further increase the existing bias and eventually lead to a

significant accuracy drop. Past pseudo-labeling debiased methods [65, 41] perform reasonably

well in a generic setting, but the bias in the UDA setting is more severe due to the domain

gap between source and target domains. We analyze the pseudo-label quality in Fig. 7.3 and

observe the co-existence effect [258] where many samples in the confusing classes tend to be

misclassified into other similar classes (e.g., “bus”, “car”, and “truck” are all belong to “vehicle”).

We seek to simultaneously mitigate inter-class bias while combating catastrophic forgetting.

7.3.4 Pseudo-labeling with Adaptive Debiasing

Causal Inference. We follow DebiasPL [65] to use causal inference to mitigate inter-class bias

in pseudo-labels. Given the causal graph in Fig. 7.4, debiasing of predictions can be delineated as
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the direct causal effect along xti → p, defined as Controlled Direct Effect (CDE) [259, 258, 65].

CDE(pi) = [pi|do(xti), do(D)]− [pi|do(x̂t), do(D)] (7.6)

where do(·) denotes the causal intervention [260] that removes the model bias (M ) from xt,

and x̂t = {xt1, ..., xtn}. It is, however, computationally expensive to visit all training samples to

measure the counterfactual outcome.
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Figure 7.3. Debiased Pseudo-labeling. Inter-class bias degrades pseudo-label quality and
reduces the recall of classes with similar appearance (e.g., bus, car, truck). Our debiased method
can mitigate such issues and improve recall.

Debiasing by DebiasPL [65]. We follow DebiasPL [65] to use Approximated Controlled

Direct Effect (ACDE) by assuming the model bias is not drastically changed. This assumption

holds true in our settings as we aim to fine-tune CLIP and keep the original knowledge. We

approximate the first term ([pi|do(xti), do(M)]) in Eq. 7.6 as

p′i ← m̈p′i + (1− m̈)
1

B

B∑
i=1

pi (7.7)

where pi is the vector of prediction from Eq. 7.1, p′ is the debiased prediction, and m̈ is a fixed

momentum. Then the debiased pseudo-label can be formulated as

q′i = qi − µ log p′i (7.8)

where µ is a fixed debias factor, q is a soft label from Eq. 7.5, and q′ is the debiased soft label.

Debiasing by CFM. DebiasPL [65] was designed for a single domain (DebiasPL’s setting splits

a single dataset (such as CIFAR-10) into labeled (source) and unlabelled (target) data). Hence,
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Figure 7.4. Causal graph via counterfactual reasoning for debiasing model predictions for
pseudo-labels.

Figure 7.5. The confusion matrix on VisDA-2017 shows the effect of pseudo-label and the
pseudo-label with adaptive debiasing (PAD). Diagonal values are true positive (darker = better)
and other values are errors (brighter = better).

it suffers from severe bias due to the domain gap in UDA (Tab. 7.2). We identify the debias

factor (µ, Eq. 7.8) as one of the root cause because µ is sensitive (small µ does not eliminate

bias, and large µ prevents the model from learning new knowledge [65, 258]). Moreover, µ is

set to a fixed value, but the bias is dependent on the domain setting (e.g., real-world vs. synthetic

will likely have a higher bias than sketch vs. quick draw), so we propose to adaptively adjust

µ. We incorporate catastrophic forgetting information by replacing µ with CFM (λtz) to adjust

µ adaptively, and replace the fix momentum (m̈, Eq. 7.7) with DCM (mt) to also adjust m̈

adaptively. Both CFM and DCM for debiasing are computed on target domain input (xt).

p′i ← mtp′i + (1−mt)
1

B

B∑
i=1

pi (7.9)

q′i = qi − λtz log p′i (7.10)

Finally, the debiased consistency loss (Ldcp) is formulated by replacing q with q′ on the consis-

119



tency loss (Eq. 7.5).

Ldcp =
1

B

B∑
i=1

1[max(q′i) ≥ τ ] ·H(p(yi|s(xt
i)), q

′
i) (7.11)

7.3.5 End-to-end trainable pipeline

Fig. 7.2 shows the pipeline. We use symmetric contrastive loss [59] (Lsup) and debiased

consistency loss (Ldcp).

L = λszLsup(Ds) + ΛLdcp(Dt) (7.12)

where Λ = 0.5 is a constant term for adjusting Ldcp. We use CFM (λtz, Eq. 7.2) to adjust Lsup

to mitigate catastrophic forgetting issues. Our loss formulation allows end-to-end training to

simultaneously preserve CLIP knowledge, supervised fine-tuning on the source domain, and

fine-tuning with debias pseudo-labels on the target domain.

7.4 Experimental setup
Dataset. We evaluate our proposed methods on four popular UDA datasets. VisDA-2017 [67]

contains 152k synthetic images and 55k real object images of 12 categories sampled from

Microsoft COCO. Office-Home [68] has 15.5k images of 65 categories from 4 domains: Art

(Ar), Clipart (Cl), Product (Pr), and Real-world (Rw). Office-31 [69] includes 31 classes and

4.6k images from 3 domains: Amazon (A), DSLR (D), and Webcam (W). DomainNet [66] is the

most challenging dataset that contains 0.6 million images of 345 classes from 6 domains: Clipart

(clp), Infograph (inf), Painting (pnt), Quickdraw (qdr), Real-world (rel), and Sketch (skt). We

strictly follow the protocol of previous works [48, 49, 223]. On VisDA-2017, we use synthetic as

the source domain and the real object as the target domain; on the other three datasets, we select

one domain as the source and another domain as the target. We have 12, 6, and 30 source-target

combinations on Office-Home, Office-31, and DomainNet, respectively.

Training Configuration. We experiment on both ViT-B [56] (patch size 16× 16, batch size

16) and ResNet [55] (batch size 32) as the vision encoder in CLIP [59]. The learning rate is set

to 1e−6 on all datasets, except 1e−7 on VisDA-2017 because training on VisDA-2017’s synthetic

data is not stable and the training may diverge. We freeze the text encoder and only train the

vision encoder in the CLIP framework. We follow the training process in CLIP to use Adam
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Figure 7.6. We use cosine scheduler with base learning rate (base LR) 1e−6 (except VISDA
2017 (1e−7)) and warm up for 1 epoch. CFM (λs

z) is the loss weight for the source domain
(Lsup) and CFM will adjust the gradient together with the learning rate (λs

z ∗ LR). Low CFM
(high catastrophic forgetting) will decrease the gradient, and we further smooth CFM with
momentum (DCM).

optimizer with decoupled weight decay regularization [261] incorporated into all weights that

are not gains or biases. Cosine schedule [262] is used to decay the learning rate and we train

every setting for 30 epochs.

7.5 Results
7.5.1 Ablation studies

Importance of Pretrained Data. Since CLIP is data-hungry [59, 237, 238, 239], we first

study the sensitivity of CLIP in the UDA setting. We compare public models from CLIP [59]

(trained on 400 million image-text pairs) with OpenCLIP [263] (trained on Conceptual Captions

dataset [264], 3 million image-text pairs). Tab. 7.3 shows the accuracy drops from 82% to

59% when the pre-trained dataset is reduced. Therefore, although CLIP has a strong zero-shot

generalization, such capability is learned through large-scale data. In contrast, a small dataset

is likely to lack enough samples to disentangle the domain and class. We conclude that a large

pre-trained dataset is important, but we keep both datasets throughout our ablation studies to

show that our improvement holds true even with small pre-trained data.
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Table 7.3: Ablation study. We fine-tune CLIP (ResNet-101) on VisDA-2017 source domain

training set, and test on VisDA-2017 target domain validation set. CLIP, trained on 400M,

ourperforms 3M (row: 1,6). Finetune CLIP on a source domain leads to catastrophic forgetting

and CFM can mitigate it (row: 6-8). Pseudo-label (PL) with Adaptive Debiasing (PAD) further

improves accuracy (row: 8-10).

# Pretrain CLIP Source CFM PL PAD Accuracy

1 3 M ✓ ✗ ✗ ✗ ✗ 59.1%

2 3 M ✓ ✓ ✗ ✗ ✗ 44.3%

3 3 M ✓ ✓ ✓ ✗ ✗ 62.9%

4 3 M ✓ ✓ ✓ ✓ ✗ 65.7%

5 3 M ✓ ✓ ✓ ✓ ✓ 67.1%

6 400 M ✓ ✗ ✗ ✗ ✗ 82.3%

7 400 M ✓ ✓ ✗ ✗ ✗ 55.6%

8 400 M ✓ ✓ ✓ ✗ ✗ 83.9%

9 400 M ✓ ✓ ✓ ✓ ✗ 86.0%

10 400 M ✓ ✓ ✓ ✓ ✓ 88.5%

Importance of CFM. CLIP suffers from catastrophic forgetting issues (Fig. 7.1), so we use

Catastrophic Forgetting Measurement (CFM) to compare representations from the fine-tuned

CLIP against the original CLIP. CFM adjusts the learning rate to slow down the forgetting process

while accumulating new knowledge from the UDA dataset (Fig. 7.6). Tab. 7.3 shows that CFM

can recover from -26% accuracy drops to improve accuracy by +1.6% (row: 6-8). Fig. 7.7 further

shows that the improvement from CFM is consistent across all classes on multiple datasets.

Importance of Adaptive Debiasing. Pseudo-labeling improves our method by +2% (Tab. 7.3,

row: 8,9), and we enhance the pseudo-labeling process with adaptive debiasing (PAD) by our

CFM and DCM on top of DebiasPL [65] (row: 9, 10). To further verify the effectiveness of our
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Figure 7.7. Our improvement compared to the original CLIP [59]: the score is averaged over
all tasks using each domain as the target domain. “-B" refers to ViT-B [56].

debias method, we summarize the confusion matrix in Fig. 7.5 and compute precision/recall

in Fig. 7.3 to show improvement in inter-class confusion (“car”, “bus” and “truck” belong to

“vehicle” category).

7.5.2 External comparison

We achieved state-of-the-art results on four public datasets using ViT-B backbone, and we test

multiple convolutional backbones for a fair comparison.

VisDA-2017. We first use ResNet-101 (RN-101) as the baseline model to perform fair com-

parisons with recent methods [54, 265, 266, 267, 268, 223]. Tab. 7.4 shows that our method

consistently improves almost all classes, and improves 4.2% on the average accuracy compared

to the previous best method, SDAT [223]. We then follow ViT-based methods [49, 223, 48] to

use ViT-B (denote as “-B") and achieve superior performance compared to the state-of-the-art

methods. We also observe a significant accuracy increase on “truck”, thanks to our adaptive

debiasing module that makes “truck” more discriminate from “car”.

Office-Home/31. For Office-Home [68], we first use ResNet-50 (RN-50) to fairly compare

with recent methods [266, 223, 54, 53]. Tab. 7.5 shows a +2.7% increase from the previous best

method, KUDA [236]. We then follow ViT-based methods [223, 48, 232, 49] to use ViT-B, and

observe consistent improvement across almost all settings. For office-31 [69], we have a similar

observation on consistent improvement compared to the recent methods (Tab. 7.7).

DomainNet. Previous improvement (SSRT [48] vs SDAT [223]) only achieves +3.1% accuracy

on DomainNet [66] because this is the largest dataset, several domains have completely different
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Table 7.4: Accuracies (%) on VisDA-2017. ∗CDTrans uses DeiT-base backbone. “-B" indicates

ViT-B backbone.

Method plane bcycl bus car horse knife mcycl person plant sktbrd train truck Avg.

RN-101 [55] 55.1 53.3 61.9 59.1 80.6 17.9 79.7 31.2 81.0 26.5 73.5 8.5 52.4

DANN [47] 81.9 77.7 82.8 44.3 81.2 29.5 65.1 28.6 51.9 54.6 82.8 7.8 57.4

CDAN [228] 85.2 66.9 83.0 50.8 84.2 74.9 88.1 74.5 83.4 76.0 81.9 38.0 73.9

SAFN [269] 93.6 61.3 84.1 70.6 94.1 79.0 91.8 79.6 89.9 55.6 89.0 24.4 76.1

SWD [270] 90.8 82.5 81.7 70.5 91.7 69.5 86.3 77.5 87.4 63.6 85.6 29.2 76.4

CaCo [267] 90.4 80.7 78.8 57.0 88.9 87.0 81.3 79.4 88.7 88.1 86.8 63.9 80.9

SUDA [268] 91.5 79.7 71.9 66.5 88.5 81.1 85.6 79.5 86.2 86.5 79.9 74.3 80.9

DTA [229] 93.7 82.2 85.6 83.8 93.0 81.0 90.7 82.0 95.1 78.1 86.4 32.1 81.5

CGDM [265] 93.4 82.7 73.2 68.4 92.9 94.5 88.7 82.1 93.4 82.5 86.8 49.2 82.3

SHOT [51] 94.3 88.5 80.1 57.3 93.1 94.9 80.7 80.3 91.5 89.1 86.3 58.2 82.9

NWD [54] 96.1 82.7 76.8 71.4 92.5 96.8 88.2 81.3 92.2 88.7 84.1 53.7 83.7

SDAT [223] 95.8 85.5 76.9 69.0 93.5 97.4 88.5 78.2 93.1 91.6 86.3 55.3 84.3

MSGD [266] 97.5 83.4 84.4 69.4 95.9 94.1 90.9 75.5 95.5 94.6 88.1 44.9 84.6

CAN [227] 97.0 87.2 82.5 74.3 97.8 96.2 90.8 80.7 96.6 96.3 87.5 59.9 87.2

AaD [230] 97.4 90.5 80.8 76.2 97.3 96.1 89.8 82.9 95.5 93.0 92.0 64.7 88.0

Ours-RN 96.7 88.8 87.0 82.8 97.1 93.0 91.3 83.0 95.5 91.8 91.5 63.0 88.5

ViT-B [56] 99.1 60.7 70.6 82.7 96.5 73.1 97.1 19.7 64.5 94.7 97.2 15.4 72.6

TVT-B [232] 92.9 85.6 77.5 60.5 93.6 98.2 89.4 76.4 93.6 92.0 91.7 55.7 83.9

SHOT-B [49] 97.9 90.3 86.0 73.4 96.9 98.8 94.3 54.8 95.4 87.1 93.4 62.7 85.9

CDTrans∗[49] 97.1 90.5 82.4 77.5 96.6 96.1 93.6 88.6 97.9 86.9 90.3 62.8 88.4

SSRT-B [48] 98.9 87.6 89.1 84.8 98.3 98.7 96.3 81.1 94.9 97.9 94.5 43.1 88.8

SDAT-B [223] 98.4 90.9 85.4 82.1 98.5 97.6 96.3 86.1 96.2 96.7 92.9 56.8 89.8

PMTrans [271] 98.9 93.7 84.5 73.3 99.0 98.0 96.2 67.8 94.2 98.4 96.6 49.0 87.5

Ours-B 98.1 93.8 87.1 85.5 98.0 96.0 94.4 86.0 94.9 93.3 93.5 70.2 90.9

appearances (e.g., infographic vs quickdraw), and the distributions among different domains

are imbalanced. Our method, however, achieves +18.5% improvement over the previous best

method, SSRT, thanks to our proposed CFM for preserving the original CLIP’s pre-trained

knowledge, and our pseudo-label with adaptive debiasing for improving the pseudo-label quality.

7.5.3 Generalization of our method

Applications. We observe catastrophic forgetting issue in CLIP across multiple applications

where the accuracy decreases when fine-tuning CLIP in Incremental Learning (-9.9%), and

Domain Generalization (-14.0%) and CFM can increase the accuracy +5.3%, +2.4% respectively.

For few-shot learning, our method outperforms Tip-Adapter-F [274] by 0.5%.
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Table 7.5: Accuracies (%) on Office-Home. ∗CDTrans uses DeiT-Base backbone. “-B" indicates

ViT-B backbone.

Method Ar�Cl Ar�Pr Ar�Rw Cl�Ar Cl�Pr Cl�Rw Pr�Ar Pr�Cl Pr�Rw Rw�Ar Rw�Cl Rw�Pr Avg.

RN-50 [55] 34.9 50.0 58.0 37.4 41.9 46.2 38.5 31.2 60.4 53.9 41.2 59.9 46.1

CDAN+E [228] 50.7 70.6 76.0 57.6 70.0 70.0 57.4 50.9 77.3 70.9 56.7 81.6 65.8

SAFN [269] 52.0 71.7 76.3 64.2 69.9 71.9 63.7 51.4 77.1 70.9 57.1 81.5 67.3

CDAN+TN [272] 50.2 71.4 77.4 59.3 72.7 73.1 61.0 53.1 79.5 71.9 59.0 82.9 67.6

FGDA+MDD [52] 57.1 77.5 81.0 68.4 77.2 75.9 65.8 55.8 81.0 74.3 60.5 83.6 71.5

SHOT [51] 57.1 78.1 81.5 68.0 78.2 78.1 67.4 54.9 82.2 73.3 58.8 84.3 71.8

SDAT [223] 58.2 77.1 82.2 66.3 77.6 76.8 63.3 57.0 82.2 74.9 64.7 86.0 72.2

MSGD [266] 58.7 76.9 78.9 70.1 76.2 76.6 69.0 57.2 82.3 74.9 62.7 84.5 72.4

MCC+NWD [54] 58.1 79.6 83.7 67.7 77.9 78.7 66.8 56.0 81.9 73.9 60.9 86.1 72.6

AaD [230] 59.3 79.3 82.1 68.9 79.8 79.5 67.2 57.4 83.1 72.1 58.5 85.4 72.7

CST [234] 59.0 79.6 83.4 68.4 77.1 76.7 68.9 56.4 83.0 75.3 62.2 85.1 73.0

DCAN+SCDA [53] 60.7 76.4 82.8 69.8 77.5 78.4 68.9 59.0 82.7 74.9 61.8 84.5 73.1

KUDA [236] 58.2 80.0 82.9 71.1 80.3 80.7 71.3 56.8 83.2 75.5 60.3 86.6 73.9

Ours (RN-50) 57.5 84.0 83.8 77.8 85.5 84.7 76.3 59.2 85.4 78.1 60.2 86.7 76.6

ViT-B [56] 54.7 83.0 87.2 77.3 83.4 85.5 74.4 50.9 87.2 79.6 53.8 88.8 75.5

SHOT-B [49] 67.1 83.5 85.5 76.6 83.4 83.7 76.3 65.3 85.3 80.4 66.7 83.4 78.1

CDTrans∗[49] 68.8 85.0 86.9 81.5 87.1 87.3 79.6 63.3 88.2 82.0 66.0 90.6 80.5

TVT-B [232] 74.9 86.8 89.5 82.8 88.0 88.3 79.8 71.9 90.1 85.5 74.6 90.6 83.6

SDAT-B [223] 70.8 87.0 90.5 85.2 87.3 89.7 94.1 70.7 90.6 88.3 75.5 92.1 84.3

SSRT-B [48] 75.2 89.0 91.1 85.1 88.3 89.9 85.0 74.2 91.3 85.7 78.6 91.8 85.4

PMTrans [271] 81.2 91.6 92.4 88.9 91.6 93.0 88.5 80.0 93.4 89.5 82.4 94.5 88.9

Ours-B 76.4 90.6 90.8 86.7 92.3 92.0 86.0 74.5 91.5 86.9 79.1 93.1 86.7

Vision backbone. Our method works on both vision language (CLIP), and vision model.

With our method, BiT-M-R101x3 [275] (trained on JFT-300M) achieved 88.1% on VisDA-2017

(comparable to CLIP (90.9%, Tab. 7.4)). However, a small pre-trained dataset is a limitation,

as our method has no effect on ResNet-101 with ImageNet-1K due to the minimal effect of

catastrophic forgetting issues.

7.5.4 Computational complexity

It takes 16.5 hours to train CLIP with ViT-B backbone on an Nvidia Tesla V100 GPU for VisDA-

2017 [67]. Pseudo-label is a standard method in UDA [62, 63, 49, 48] and adding pseudo-label

increases the training times to 23.3 hours. To compute CFM, we forward the entire dataset with

the original CLIP (0.6 hours for VisDA-2017) to cache the original CLIP representation (only

needs to do once). We did not observe any overhead from CFM during training since CFM

simply compare the low dimensional representations (obtain as part of the training). We observe
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Table 7.6: Accuracies (%) on DomainNet. In each sub-table, the column-wise means source

domain and the row-wise means target domain. “-B" indicates ViT-B (except CDTrans uses

DeiT).

ResNet-

101 [55]
clp inf pnt qdr rel skt Avg.

MIMTFL

[273]
clp inf pnt qdr rel skt Avg. CDAN [228] clp inf pnt qdr rel skt Avg.

clp - 19.3 37.5 11.1 52.2 41.0 32.2 clp - 15.1 35.6 10.7 51.5 43.1 31.2 clp - 20.4 36.6 9.0 50.7 42.3 31.8

inf 30.2 - 31.2 3.6 44.0 27.9 27.4 inf 32.1 - 31.0 2.9 48.5 31.0 29.1 inf 27.5 - 25.7 1.8 34.7 20.1 22.0

pnt 39.6 18.7 - 4.9 54.5 36.3 30.8 pnt 40.1 14.7 - 4.2 55.4 36.8 30.2 pnt 42.6 20.0 - 2.5 55.6 38.5 31.8

qdr 7.0 0.9 1.4 - 4.1 8.3 4.3 qdr 18.8 3.1 5.0 - 16.0 13.8 11.3 qdr 21.0 4.5 8.1 - 14.3 15.7 12.7

rel 48.4 22.2 49.4 6.4 - 38.8 33.0 rel 48.5 19.0 47.6 5.8 - 39.4 32.1 rel 51.9 23.3 50.4 5.4 - 41.4 34.5

skt 46.9 15.4 37.0 10.9 47.0 - 31.4 skt 51.7 16.5 40.3 12.3 53.5 - 34.9 skt 50.8 20.3 43.0 2.9 50.8 - 33.6

Avg. 34.4 15.3 31.3 7.4 40.4 30.5 26.6 Avg. 38.2 13.7 31.9 7.2 45.0 32.8 28.1 Avg. 38.8 17.7 32.8 4.3 41.2 31.6 27.7

MDD+

SCDA [53]
clp inf pnt qdr rel skt Avg. ViT-

B [56]

clp inf pnt qdr rel skt Avg.
CD-

Trans[49]
clp inf pnt qdr rel skt Avg.

clp - 20.4 43.3 15.2 59.3 46.5 36.9 clp - 27.2 53.1 13.2 71.2 53.3 43.6 clp - 29.4 57.2 26.0 72.6 58.1 48.7

inf 32.7 - 34.5 6.3 47.6 29.2 30.1 inf 51.4 - 49.3 4.0 66.3 41.1 42.4 inf 57.0 - 54.4 12.8 69.5 48.4 48.4

pnt 46.4 19.9 - 8.1 58.8 42.9 35.2 pnt 53.1 25.6 - 4.8 70.0 41.8 39.1 pnt 62.9 27.4 - 15.8 72.1 53.9 46.4

qdr 31.1 6.6 18.0 - 28.8 22.0 21.3 qdr 30.5 4.5 16.0 - 27.0 19.3 19.5 qdr 44.6 8.9 29.0 - 42.6 28.5 30.7

rel 55.5 23.7 52.9 9.5 - 45.2 37.4 rel 58.4 29.0 60.0 6.0 - 45.8 39.9 rel 66.2 31.0 61.5 16.2 - 52.9 45.6

skt 55.8 20.1 46.5 15.0 56.7 - 38.8 skt 63.9 23.8 52.3 14.4 67.4 - 44.4 skt 69.0 29.6 59.0 27.2 72.5 - 51.5

Avg. 44.3 18.1 39.0 10.8 50.2 37.2 33.3 Avg. 51.5 22.0 46.1 8.5 60.4 40.3 38.1 Avg. 59.9 25.3 52.2 19.6 65.9 48.4 45.2

PMTrans

[271]
clp inf pnt qdr rel skt Avg.

SSRT

-B [48]
clp inf pnt qdr rel skt Avg.

Ours

-B
clp inf pnt qdr rel skt Avg.

clp - 34.2 62.7 32.5 79.3 63.7 54.5 clp - 33.8 60.2 19.4 75.8 59.8 49.8 clp - 73.6 75.4 74.6 76.4 76.3 75.3

inf 67.4 - 61.1 22.2 78.0 57.6 57.3 inf 55.5 - 54.0 9.0 68.2 44.7 46.3 inf 55.1 - 54.3 53.6 54.9 54.9 54.6

pnt 69.7 33.5 - 23.9 79.8 61.2 53.6 pnt 61.7 28.5 - 8.4 71.4 55.2 45.0 pnt 71.1 70.6 - 70.0 72.7 71.7 71.2

qdr 54.6 17.4 38.9 - 49.5 41.0 40.3 qdr 42.5 8.8 24.2 - 37.6 33.6 29.3 qdr 36.8 18.0 32.0 - 31.7 34.9 30.7

rel 74.1 35.3 70.0 25.4 - 61.1 53.2 rel 69.9 37.1 66.0 10.1 - 58.9 48.4 rel 84.2 83.5 83.5 83.1 - 83.6 83.6

skt 73.8 33.0 62.6 30.9 77.5 - 55.6 skt 70.6 32.8 62.2 21.7 73.2 - 52.1 skt 68.1 66.6 67.2 66.1 67.5 - 67.1

Avg. 67.9 30.7 59.1 27.0 72.8 56.9 52.4 Avg. 60.0 28.2 53.3 13.7 65.3 50.4 45.2 Avg. 63.1 62.5 62.5 69.5 60.6 64.3 63.7

a training time increase to 23.5 hours from our adaptive debiasing, but the overhead is trivial

with <1% increases from the pseudo-label setting. Our method does not change the test speed.

7.6 Conclusion
We propose CLIP in the UDA setting. We first include a domain name into a prompt, and we

uncover catastrophic forgetting issues when fine-tuning CLIP. We propose to counter this by

adjusting the learning rate according to CFM. We add pseudo-labeling by further extending

DebiasPL (from a single domain to multiple domains in the UDA setting) with our CFM

and DCM to better adjust debias strength and momentum. Our method does not introduce
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Table 7.7: Accuracies (%) on Office-31.

Method A�W D�W W�D A�D D�A W�A Avg.

RN-50 [55] 68.4 96.7 99.3 68.9 62.5 60.7 76.1

DANN [47] 82.0 96.9 99.1 79.7 68.2 67.4 82.2

SAFN+ENT [269] 90.1 98.6 99.8 90.7 73.0 70.2 87.1

SUDA [268] 90.8 98.7 100.0 91.2 72.2 71.4 87.4

CaCo [267] 89.7 98.4 100.0 91.7 73.1 72.8 87.6

SHOT [51] 90.1 98.4 99.9 94.0 74.7 74.3 88.6

CDAN+TN [272] 95.7 98.7 100. 94.0 73.4 74.2 89.3

MDD+SCDA [53] 95.3 99.0 100. 95.4 77.2 75.9 90.5

ViT-B [56] 91.2 99.2 100. 90.4 81.1 80.6 90.4

SHOT-B [51] 94.3 99.0 100. 95.3 79.4 80.2 91.4

CDTrans∗[49] 96.7 99.0 100. 97.0 81.1 81.9 92.6

SSRT-B [48] 97.7 99.2 100. 98.6 83.5 82.2 93.5

TVT-B [232] 96.4 99.4 100. 96.4 84.9 86.1 93.8

PMTrans [271] 99.1 99.6 100.0 99.4 85.7 86.3 95.0

Ours-B 97.9 99.2 100. 98.5 84.6 85.3 94.3

computational overhead, and achieves superior results than the state-of-the-art methods on four

public datasets, with a large improvement (+18.5%) on DomainNet. For future work, CFM and

DCM could be improved to a more sophisticated function or even learnable.
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Chapter 8
Path-CLIP: Efficient Adaptation of CLIP
for Pathology Image Analysis with Limited
Data

Contrastive Language-Image Pre-training (CLIP) has shown its ability of learning distinctive

visual representations and generalization to various downstream vision tasks. However, its

applicability in pathology image analysis with limited labeled data is still under study due to

the giant domain shift (natural photos vs pathology images) and catastrophic forgetting issues.

Furthermore, pathological tasks may need to be separated into multiple learning tasks. Hence, it

is critical to study efficient adaptation schemes in this domain for scalable analysis. In this work,

we propose Path-CLIP to quickly adapt CLIP to multiple pathology tasks. First, we propose

Residual Feature Connection (RFC) with a self-adaptive ratio to fuse and balance the source

and task-specific knowledge. Second, we propose Hidden Representation Perturbation (HRP)

and Dual-view Vision Contrastive (DVC) to alleviate the overfitting issue. Lastly, we propose

Doublet Multimodal Contrastive Loss (DMCL) to adapt CLIP to pathology tasks. We show

Path-CLIP can adapt pre-trained CLIP to downstream pathology tasks and achieve competitive

results. Specifically, Path-CLIP achieves over 19% improvement in accuracy when only using

0.1% of labeled data in PCam with only 10 minutes of fine-tuning while running on a single

GPU.
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8.1 Introduction
Deep learning with better network designs and large-scale well-curated datasets has achieved

significant performance improvement in pathology image analysis tasks [36, 29]. However,

collecting high-quality datasets with reliable annotations for each individual vision task can be

time-consuming and labor-intensive [71, 72]. This may prevent the broad adoption of advanced

deep learning techniques. To relieve the reliance on such datasets, pre-training and fine-tuning

methods (TFT) have been studied in vision tasks: pre-train the model on a large-scale dataset

and then fine-tune the model on different downstream tasks [73]. There are several challenges

of such methods: 1) they may still require a large amount of labeled set to avoid the overfitting

issue when fine-tuning the model for the downstream task [74, 75]; 2) the fine-tuning may not

bring satisfactory performance in the target domain due to the existence of a large domain gap

between the pre-trained data and pathology images [76]. Therefore, a natural question is how to

efficiently fit the model to the new task with minimal overfitting when the new dataset is small.

Figure 8.1. Overview of the traditional computer vision training in medical image analysis task.

To fill the performance gap due to domain shift, Contrastive Language-Image Pre-training
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(CLIP) [59] has shown its power in learning generic and distinctive visual representations via

language supervision. It aligns images and texts in the same feature space and uses a contrastive

loss to formulate the learning objective. CLIP uses two separate encoders for images and texts,

then maximizes the similarity score of positive pairs of images and texts while minimizing it

of negative pairs [59, 241]. It achieves promising results on various image classification tasks

without needing any annotated data, i.e., zero-shot transfer settings. As a language-vision model,

CLIP uses prompts as the supervision, where the visual labels are entered into the hand-crafted

template. By pre-training the model at a large scale, models can learn the visual contents and

easily be transferred to downstream tasks through the prompt-based zero-shot transfer.

However, the manual design of prompts can be a non-trivial and time-consuming task.

In [241], the authors found that even a slight change in the prompt (e.g., one word) can make a

big difference. They introduced Context Optimization (CoOp) to automate prompt engineering

to generate continuous soft prompts instead of using hand-chosen hard prompts [241]. However,

CoOp requires substantial computing resources and the results of CoOp are not interpretable.

Furthermore, CoOp faces performance degradation when there is a significant domain shift, e.g.,

from natural images to pathology images, making it hard to be adapted to medical imaging tasks.

On the other hand, medical image analysis may involve multiple learning tasks simultaneously.

It is impractical if the fine-tuning requires heavy computational resources when the learning

tasks are separated from the analysis objective. As shown in Figure 8.1, multi-tasks need to be

performed for the final analysis of the digital pathology domain: this may involve segmentation,

classification, and/or detection tasks. For example, a recent work [29] quantifies and visualizes

each type of pathology in grey and white matter regions in gigapixel images, respectively. To

achieve such an objective, we need to separate it into two learning tasks: pathology detection

and grey/white matter (GM/WM) segmentation. They collected and annotated two datasets, then

trained two models from scratch to achieve it. Therefore, it will be extremely beneficial if we

can propose an effective way to adapt a big model into multiple downstream tasks quickly so the

final analysis objective can be reached in a reasonable time manner.

In this work, we aim to fine-tune CLIP efficiently with light computing resources for pathol-

ogy image analysis tasks. There are several challenges in fine-tuning CLIP. First, overfitting
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is a severe issue if we adapt CLIP to the downstream tasks directly since CLIP is pre-trained

on a 400M dataset while the new domain dataset can be small [77]. Second, CLIP has shown

its promising zero-shot generalization ability, directly fine-tuning it may lose it and face the

“catastrophic forgetting" issue. In other words, it is unclear how to effectively learn the new

knowledge while retaining the original pre-trained knowledge so that the generalization of CLIP

can be maintained. Third, there are limited studies on benchmarking CLIP’s transferability in

the pathology domain; hence, its applicability remains unclear. To address the above issues,

we first study the applicability of CLIP on two public pathology datasets and benchmark the

zero-shot ability of CLIP on them. Then we did empirical experiments to verify the importance

of the CLIP’s pre-trained knowledge. To address the “catastrophic forgetting" issue, we propose

Residual Feature Connection (RFC) as a lightweight approach for adapting CLIP to pathology

images. In RFC, we design a self-adaptive module to automatically fuse/balance the original

knowledge from CLIP and the new knowledge learned from the new pathological task with

only a few additional trainable weights instead of optimizing the entire encoders in CLIP. To

further alleviate the overfitting, we also incorporate Hidden Representation Perturbation (HRP)

and Dual-view Vision Contrastive (DVC). Lastly, we build an end-to-end adaptation of CLIP

with a proposed loss, Doublet Multimodal Contrastive Loss (DMCL), to pathology tasks, named

Path-CLIP.

We summarize our contributions as follows:

• We explore the applicability of CLIP on pathology images and highlight the catastrophic

forgetting issues when adapting CLIP to downstream pathology tasks

• We propose Path-CLIP to adapt CLIP to pathology tasks with limited data. In Path-CLIP,

we propose Residual Feature Connection (RFC) with Hidden Representation Perturbation

(HRP) and a self-adaptive ratio to alleviate the overfitting and catastrophic forgetting

issues. We also propose Dual-view Vision Contrastive (DVC) and Doublet Multimodal

Contrastive Loss (DMCL) to fine-tune CLIP as an end-to-end pipeline.

• Extensive experiments demonstrate the efficiency and robustness of Path-CLIP. It has the

potential to quickly adapt pre-trained CLIP to multi-tasks with competitive performance
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and light computational cost.

8.2 Related work
8.2.1 Language-vision model

Language-vision models have shown promising performance in learning generic visual repre-

sentations [59, 237, 238, 239]. Recent models advance via text representation learning with

large-scale Transformers [240] and even web-scale training datasets [241]. Transformer-based

multimodal learning has achieved great success in such large-scale datasets [276, 277]. For

example, CLIP [59] was trained on 400 million image-caption pairs and achieved state-of-the-art

results in many fields [58, 59, 60, 61]. In CLIP’s architecture, it has two encoders: the vision

encoder can be ResNet [55] or ViT [278] while the text encoder can be Transformer (e.g.,

BERT [279]). A recent work [280] fine-tuned CLIP for video data and performed competitively

to more complicated methods designed for video processing. PointCLIP [281] applied CLIP to

3D recognition. CLIP is also applied for image generation tasks [282] and shows its power to

reduce data collection. However, the best way to adapt CLIP for downstream tasks is still being

studied, especially when the new domain is far from the pre-trained domains, e.g., the medical

domain.

8.2.2 Language-vision training in medical domain

Language-vision pre-training typically requires near-infinite web images and captions from

general domains, e.g., CLIP uses 400 million image-caption pairs [59]. Such datasets dwarf the

scale of medical datasets. Another challenge is the annotation cost: medical images typically

require domain knowledge from trained personnel [72]. This makes the training cost-expensive

if we have multiple medical tasks. For example, Lai et al. studies the distribution of Amyloid-β

plaques (a hallmark pathology with Alzheimer disease) in grey and white matter, which involves

two learning tasks: image segmentation and object detection. These two tasks require two

different datasets with their required annotation to train two models [29] (more details can be

found in Chapter 2).

Although expert annotation of medical images can be expensive, preparing the captions and

prompts for images will exacerbate the situation if we use language-vision training. For example,
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MedCLIP [283] used 570 thousands of image-text pairs to achieve 60% zero-shot accuracy.

Datasets with such scale are challenging to curate in pathology image tasks, where each slide is

at gigapixel level. The efforts to adapt CLIP for the pathology domain remain limited due to the

large gap between the general and medical image domains. In this work, we aim to design an

efficient adaption framework that can be scalable for multiple downstream tasks.

8.2.3 CLIP fine-tuning and adaptation

Deep learning methods are data-hungry, which can prevent their wide adoption in real-world

scenarios. Pre-training and fine-tuning offer a promising direction for adapting the model to

downstream tasks. Although recent multimodal models (e.g., CLIP [59]) perform astonishing

standard vision tasks without fine-tuning, the gap between CLIP and supervised learning is

still noticeable. Therefore, many works focus on fine-tuning CLIP with a few samples from

the new task provided. For example, CoOp [241] kept the entire pre-trained parameters fixed

but optimized the continuous prompt through a learnable vector. This method closes the gap

between CLIP and supervised learning but the performance gain is limited as it only focuses

on the perspective of prompt design instead of the vision part for the image recognition tasks.

On the other hand, CLIP-Adapter [73] and Tip-Adapter [274] freeze the pre-trained weights

and train additive module, which significantly improves the CLIP’s performance with limited

training data in the new task. These methods require a lower computational cost. However,

both CLIP-Adapter [73] and Tip-Adapter [274] involve tuning a ratio to balance the original

and fine-tuned knowledge manually, which may not be practical when we have multiple target

learning tasks in the medical domain. Therefore, in this work, we propose a scalable approach to

automate this process.

8.3 Methodology
In this section, we introduce the proposed Path-CLIP. We summarize the end-to-end pipeline in

Fig. 8.2: a self-adaptive residual ratio α will be incorporated into Residual Feature Connection

to fuse and balance the original knowledge with the task-specific knowledge from the new

downstream task. We introduce Hidden Representation Perturbation (HRP) and Dual-view

Vision Contrastive to alleviate the overfitting issue. Finally, we propose Doublet Multimodal
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Figure 8.2. Overview of Path-CLIP: the image and text encoders are frozen while RFC (Residual
Feature Connection) is a downsampling-upsampling architecture of fully connected layers.
RFC blends the fine-tuned knowledge with the original knowledge from CLIP’s vision encoder
(F (·)) via a self-adaptive residual ratio α. HRP refers to Hidden Representation Perturbation.

Contrastive Loss (DMCL) as the loss function for fine-tuning.

8.3.1 Language-Vision Pre-training

We first revisit language-vision pre-training and use CLIP [59] as one example. Note that our

framework is applicable to broader language-vision models. CLIP [59] has a vision encoder

F (·) and a text encoder G(·). The vision encoder maps a high-dimensional image into low-

dimensional image embeddings. The vision encoder can be a CNN like ResNet [55] or a Vision

Transformer (ViT) [278]. The text encoder is built on Transformer [240] and generates text

embeddings from the prompt. Specifically, “prompt” here refers to a sequence of words (tokens),

such as “a neuropathological image of grey matter". We collect annotations from experts and

then convert them into these prompts.

Training. During training, CLIP jointly trains F (·) and G(·) to optimize the similarity score

(e.g., symmetric cross-entropy loss [256]) between the visual and textual embeddings for each

batch. The input consists of an image and its corresponding prompt (e.g., “this is a photo of
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grey matter”). They formulate the learning objective as a contrastive loss to align the visual and

textual embedding spaces. Given a batch of image-prompt pairs, CLIP maximizes the similarity

score for positive pairs while minimizing it for negative pairs in that batch. To learn diverse

and wide visual concepts, CLIP’s team collects a dataset of 400 million image-prompt pairs to

achieve better transferability to downstream tasks.

Contrastive loss function. In CLIP training, the agreement between a positive pair of vision

and text embeddings is maximized by InfoNCE loss [284]:

lv→t
i = − log

exp (sim(vi, ti)/γ)∑B
k=1 exp (sim(vi, tk)/γ)

, (8.1)

where v, t are normalized vectors from vision and text encoders. (vi, ti) is a positive pair. sim is

a function to measure the similarity of two vectors. B is the mini-batch size of the image-text

pairs and γ is the learnable temperature. Therefore, there is only 1 positive text for the input ith

image but N − 1 negative texts. lv→t
i means the InfoNCE loss from an image i to texts, so as the

text loss lt→v
i . Then the loss function for CLIP is as follows:

LCLIP =
1

2B

B∑
i=1

(
lv→t
i + lt→v

i

)
. (8.2)

Inference for classification tasks. For the inference process, an image x is transformed

into a feature manifold f ∈ RD, where D is the feature dimension. Then, f is multiplied with a

classifier weight matrix W ∈ RD×K , where K is the number of classes in the learning task. We

get a K-dimensional logit after matrix multiplication. Then we apply softmax to convert this

logit into a probability vector p ∈ RK over the K classes. The whole process can be summarized

as the following equation:

pi =
exp(Wi

T × f)/γ∑K
i=1 exp(Wi

T × f)/γ
, (8.3)

where γ is the temperature parameter learned by CLIP during training and Wi is the prototype

weight vector for class-i.

Transferability. Compared to traditional classifier learning methods where the supervision

is a fixed one-hot vector, language-vision pre-training utilizes an open-set visual concept that can

be explored through the text encoder to learn a broader semantic space, which in turn makes the

learned representations more diverse and adaptable to various downstream tasks (e.g., zero-shot
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learning). Therefore, we argue that such language-vision pre-training is helpful for medical

problems where the domain is very distinctive from the natural images.

Figure 8.3. Zero-shot pathology image classification.

8.3.2 Residual Feature Connection

In this subsection, we introduce Residual Feature Connection (RFC) to learn the task-relevant

context when we adapt CLIP to the downstream learning tasks. Unlike CoOp’s prompt tuning,

which may not address the domain shift issue between the natural and pathology images, we

focus on fine-tuning the visual features f . However, simple fine-tuning of the entire network

may fail in a new pathological task due to 1) the overfitting issue caused by a large amount of

parameters in CLIP and a shortage of training samples [285]; 2) catastrophic forgetting issue.

Importance of the CLIP’s pre-trained knowledge. CLIP is pre-trained on 400 million

of image-text pairs and has shown its zero-shot ability and transferability to a wide range of

downstream tasks. We argue preserving pre-trained knowledge of CLIP is crucial to maintain

its generalization and alleviate the overfitting issue when the new dataset is small. There are

two reasons behind this. First, one recent NLP work [286] shows large pre-trained language

models (PLMs) are well-calibrated on the masked language modeling tasks. However, such

property cannot be retained through direct fine-tuning due to catastrophic forgetting. Specifically,

the pre-trained features are only used for the initialization and will be distorted by the fine-

tuning [286]. Inspired by this, we investigate whether this issue also appears in language-vision

models. As shown in Table 8.1, "no fine-tuning" but zero-shot gets the best performance in these

datasets compared to fin-tune CLIP on 1% of training data in PCam [221]. We also attempt

to lower the learning rate to 1× 10−6, but the results are still far from satisfactory. Therefore,
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we conclude direct fine-tuning will distort the pre-trained knowledge and result in a severe

catastrophic forgetting issue.

Besides the catastrophic forgetting issue, overfitting is another common challenge when

adapting a big model to a new task. Recent work shows that CLIP’s original knowledge is the

key to preserving its generalization [59]. Therefore, to alleviate the above two issues, we propose

a residual connection architecture to preserve the pre-trained features and acquire rich semantic

information for pathology image analysis.

Table 8.1: Baseline. We fine-tune CLIP (ResNet-50) on PCam [221] with 1% training data. “No

fine-tuning" is the best baseline due to the catastrophic forgetting issue.

# Configuration Accuracy

1 No fine-tuning 56.5%

2 Fine-tune 10 epochs 40.3%

3 Fine-tune 100 epochs 35.9%

4 With a lower learning rate on #3 45.6%

Architecture overview. Inspired by [286] that preserving the pre-trained knowledge help

calibrate the language models in NLP tasks, we argue the importance of retaining the features

from CLIP for computer vision tasks and propose a residual connection architecture to dynami-

cally fuse the fine-tuned knowledge with the original CLIP’s feature. As shown in Fig. 8.2, given

an image x, we get the visual feature f from the image encoder and compute the classifier weight

W from the text encoder. Then we design trainable adaptive layers L to convert f into L(f). L

can be multiple layers of linear transformations in a "down-and-up" architecture. As shown in

Fig. 8.2, we have four layers to transform the feature dimension as “1024-256-64-256-1024".

This is one example: the layers are flexible with other dimensions.

After this architecture, L(f) can be of the same size of f and blended with f as follows:

fi
∗ = (1− αi)L(fi) + αifi, (8.4)

where, i = {1, 2, 3, ..n} and α is the self-adaptive residual ratio to balance the fine-tuned

knowledge and the original CLIP’s knowledge. Specifically, the first term adaptively learns
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knowledge from the new dataset, while the second term preserves the original knowledge from

CLIP.

Then we adopt Eq. (8.3) with the new f ∗ to get the class probability vector and predict

the category with the highest probability. During the fine-tuning, the weights of the trainable

layers are optimized through the symmetric contrastive loss used in CLIP [59]. The prompt can

be “this is a photo of []”, where “[]” is filled with the class name. For example, “[]” can be

“healthy lymph node tissue” or “healthy lymph tumor tissue” in PCam [221]. We can incorporate

pathological descriptions into the prompt to provide more domain information, e.g., “this is a

pathological breast photo of []”.

Hidden Representation Perturbation (HRP). When we fine-tune a pre-trained language-

vision model on a small dataset, overfitting or representation collapse can be a serious issue [287].

To alleviate this issue, we propose Hidden Representation Perturbation (HRP) in this subsection

to complement the trainable layers. We select a “four-layer" architecture with HRP instead of

more profound architectures so that the number of trainable parameters can remain small. More

trainable parameters may tend to overfit the downstream dataset. This issue can be aggravated in

limited-resource scenarios, e.g., only a few data samples are available in the new task [288].

To alleviate the overfitting issue in low-resource settings, we focus on adding noise during

the training process, a widely-used NLP strategy for large language models to smoothen the

optimization landscape. For example, NoisyTune [289] adds the perturbations to the pre-trained

weights to improve the model’s generalization. Inspired by these NLP strategies [289, 287], we

propose to add random noise to the feature f before trainable adapting layers fine-tuning it. The

random noise can be Gaussian noise ε generated fromN (0, σ2). After this, the perturbed feature

f is converted into f̂ = f + ε. Therefore, Eq. (8.4) is converted into:

f ∗
i = (1− αi)L(f̂i) + αifi. (8.5)

Therefore, the residual feature that must be fine-tuned will be perturbed with the Gaussian noise,

designed to alleviate the overfitting issue.
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8.3.3 Self-adaptive residual ratio

In the above section, we introduce residual feature connection and the residual ratio α. α helps

modify the degree of preserving the original knowledge for better performance. Empirically, α

should be small if the domain gap between the source data and the downstream task is enormous,

so more knowledge from the downstream task (L(f)) can be considered. However, if α is too

small, the model can be overfitting as it will heavily rely on the fine-tuned features and disregard

the pre-trained knowledge from CLIP. On the other hand, the model can also be underfitting if α

is too large, as it may prevent learning from the fine-tuned features. Therefore, it is crucial to

quantify the residual ratio α so the model can be well-trained instead of underfitting or overfitting.

Recent works such as Tip-Adapter [274] and CLIP-Adapter [73] involve feature connection

while they set such ratio as a fixed hyper-parameter that needs to be tuned during the training

process. We argue the residual ratio should be dynamic and self-adaptive during training instead

of fixed, as the learning status changes along the training process. The learning status is the key

to measuring the model’s fit for the new tasks. Besides, when we have multiple downstream

tasks, it is time-consuming and computation-inefficient to manually tune the hyper-parameter for

every single task. Hence we propose a self-adaptive residual ratio in this subsection.

DVC: Dual-view Vision Contrastive. Inspired by self-supervised learning (e.g., Sim-

CLR [37]), the composition of data augmentations is relevant to define effective predictive tasks.

Therefore, we propose Dual-view Vision Contrastive (DVC) to measure the model’s learning

status. Given an image x, we leverage two types of augmentations: “weak" and “strong" [17].

“weak" refers to the standard flip-and-shift augmentation strategy while “strong" refers to perturb

the appearance (RandAugment [202] and CTAugment [30]). We propose to measure the dis-

tance between representations from both augmentations, e.g., cosine similarity has shown good

performance in both visual contrastive [37] and textual contrastive [290] tasks.

With the input x, we will get w(x) from the weak augmentation and s(x) from the strong

augmentation. We obtain F (w(x)) and F (s(x)) after the vision encoder F . We define the

distance as τ :

τ =
1

N

N∑
i=1

cos(F (w(xi)), F (s(xi))), (8.6)

where N is the number of samples in the training set, and cos is a cosine similarity. The model’s

139



learning status is relevant to its consistency across different perturbations. We traverse the entire

training set and calculate its mean value to represent the model’s performance.

Bound constraints. In addition to DVC that measures the predictive consistency of the

model, we also select “accuracy" on the training set as a second metric to measure the learning

status, denoted as T . Empirically, “accuracy" alone cannot fully tell if the model is well-fit:

100% of accuracy may indicate overfitting, which is the biggest challenge when we adapt a large

model to a downstream task where the training set is very small. However, “accuracy" is a good

metric to show if the model is underfitting. Therefore, we propose to fuse DVC and “accuracy"

to represent the model’s status during training.

If we look at α and set it fixed, we can find the model is prone to overfit if α is too small

as it will heavily rely on the fine-tuned knowledge; the model tends to underfit if α is too large

as it prevents the model from learning new knowledge (directly use the original pre-trained

knowledge). Therefore, we propose a dynamic way with lower and upper bounds to obtain α

during training:

α = min(max(τ, T ), 1− τ). (8.7)

The bounds are associated with predictive consistency (DVC) and predictive accuracy on the

training set. For example, if the model is overfitting, T will be large and τ will be relatively

small. Then α will be smaller in the next epoch to use less fine-tuned features. Therefore, our

proposed bound constraints can effectively adjust α to alleviate the overfitting issue.

8.3.4 Path-CLIP: end-to-end adaptation of CLIP to pathology tasks

To efficiently adapt CLIP to pathology image tasks, we design a residual feature connection

with a self-adaptive residual ratio to balance the original and fine-tuned knowledge based on

the learning status. To alleviate the overfitting issue, we incorporate Hidden Representation

Perturbation and design bound constraints for the residual ratio. Besides these, to distill more

visual representations from the new image domain, we add a contrastive loss to the loss function

so that the trainable portion has a better classifying ability. We follow SimCLR [37] to define the
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Contrastive Loss (CL) for one image in the batch as:

lci =


− log exp(sim(vi,vi+B)/γ)∑2B

k ̸=i exp(sim(vi,vk)/γ)
, if i < B,

− log exp(sim(vi,vB−i)/γ)∑2B
k ̸=i exp(sim(vi,vk)/γ)

, otherwise.

(8.8)

Differing from SimCLR [37], as shown in Fig. 8.4, here we set image i as the weakly

augmented image and image i+B as the strongly augmented image instead of two randomly

augmented images as the positive pair. We named this loss as LSWAPP. SWAPP here refers to

Strong-Weak Augmented Positive Pair.

Finally, the total loss for fine-tuning CLIP on our pathology datasets is as follows:

Ltotal = LCLIP + LSWAPP.

LCLIP →
1

2B

B∑
i=1

(
lv→t
i + lt→v

i

)
,

LSWAPP →
1

2B

2B∑
i=1

lci

(8.9)

We define this loss as Doublet Multimodal Contrastive Loss (DMCL) because the items

involve both inter-contrastive (image and text) and intra-contrastive (image and image).

Figure 8.4. Doublet Multimodal Contrastive Loss (DMCL) that utilizes the traditional image-
text pair and the proposed image-image pair with the strong and weak augmentation criteria.

8.4 Experiments
8.4.1 Datasets and setup

Pathology image classification tasks. The datasets used to validate our framework are collected

from two distinct pathology projects [221, 222]. Both projects make their data available as
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Table 8.2: Quantitative comparison on PCam. Precision, Recall, and F1-score refer to the

macro-averaged values from all classes.

Learning Manner Labeled Ratio Algorithm Accuracy Precision Recall F1-score AUC

Supervised 100% - 92.8 ± 0.30 92.9 ± 0.20 92.6 ± 0.21 92.8 ± 0.20 0.95 ± 0.01

Supervised 0.5% - 45.1 ± 2.27 42.0 ± 2.14 33.6 ± 3.30 37.3 ± 2.86 0.51 ± 0.01

Self-supervised 0.5% SimCLR [37] 60.4 ± 1.45 63.3 ± 1.90 58.5 ± 2.01 60.8 ± 1.20 0.61 ± 0.04

Semi-supervised 0.5%

Pseudo-Label [147] 55.7 ± 2.05 59.2 ± 2.23 54.5 ± 1.97 56.8 ± 1.55 0.58 ± 0.03

FixMatch [17] 73.2 ± 0.76 77.5 ± 0.50 73.7 ± 0.25 75.6 ± 0.37 0.84 ± 0.04

Dash [212] 71.0 ± 0.98 75.3 ± 0.78 70.2 ± 0.45 72.7 ± 0.50 0.82 ± 0.02

FlexMatch [18] 74.0 ± 0.80 78.1 ± 1.15 73.0 ± 0.90 75.5 ± 0.84 0.85 ± 0.03

Multimodal CLIP

- Zero-shot [59] 56.5 ± 0.00 57.4 ± 0.00 50.3 ± 0.00 53.7 ± 0.00 0.60 ± 0.00

0.5%

CoOp [241] 63.6 ± 0.25 63.9 ± 0.42 62.5 ± 0.35 63.0 ± 0.29 0.67 ± 0.02

CLIP-Adapter [73] 72.3 ± 1.02 77.2 ± 0.95 63.2 ± 0.56 69.4 ± 0.84 0.81 ± 0.02

TIP-Adapter [274] 73.9 ± 0.50 70.5 ± 0.85 78.0 ± 0.49 74.0 ± 0.95 0.84 ± 0.02

Path-CLIP 81.9 ± 0.78 79.4 ± 0.35 85.0 ± 0.80 82.1 ± 0.95 0.89 ± 0.02

Supervised 1.5% - 62.8 ± 1.31 69.5 ± 0.67 54.1 ± 2.27 60.8 ± 1.68 0.63 ± 0.02

Self-supervised 1.5% SimCLR [37] 64.9 ± 1.02 65.2 ± 1.45 60.1 ± 1.70 62.5 ± 1.05 0.64 ± 0.03

Semi-supervised 1.5%

Pseudo-Label [147] 67.9 ± 1.85 70.5 ± 1.90 62.2 ± 1.76 66.1 ± 1.42 0.67 ± 0.04

FixMatch [17] 83.9 ± 1.29 85.1 ± 0.85 84.1 ± 0.95 84.6 ± 0.90 0.87 ± 0.01

Dash [212] 82.8 ± 1.09 83.0 ± 0.55 81.2 ± 0.60 82.1 ± 0.78 0.85 ± 0.03

FlexMatch [18] 84.1 ± 1.02 84.9 ± 0.75 84.4 ± 0.80 84.6 ± 0.75 0.86 ± 0.04

Multimodal CLIP 1.5%

CoOp [241] 61.5 ± 0.75 60.5 ± 1.03 65.6 ± 0.90 63.1 ± 0.85 0.65 ± 0.02

CLIP-Adapter [73] 74.1 ± 0.88 79.1 ± 0.34 65.4 ± 0.89 71.6 ± 1.02 0.82 ± 0.01

TIP-Adapter [274] 75.2 ± 0.94 72.3 ± 0.69 79.4 ± 0.86 75.7 ± 0.73 0.83 ± 0.02

Path-CLIP 83.1 ± 0.67 82.8 ± 0.95 82.0 ± 0.75 82.4 ± 0.46 0.91 ± 0.02
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patches, which are extracted from H&E (Hematoxylin and Eosin) stained Whole Slide Images

(WSI) digitized from Formalin-Fixed Paraffin-Embedded (FFPE) slides. Each dataset aims to

detect different cancerous tissue.

PatchCamelyon (PCam) [221]. PCam is a patch dataset extracted from Camelyon16

challenge [291]. The original 400 WSIs from Camelyon16 were digitized breast tissue with

potential metastasized cancerous tissue on the lymph nodes. The original WSIs were scanned

at 40× resolution but later downsampled to 10×. The WSIs were collected from two different

centers. PCam extracted 327,680 patches at 96×96 resolution and labeled them positive or

negative. Positive labeled patches present tumor tissue in the central 32×32 patch region. There

are an equal amount of positive and negative labeled samples.

MHIST [222]. MHIST contains 3,152 patches from colorectal regions at 224× 224 pixel

resolution. These patches were extracted from 328 WSIs scanned at 40× resolution. Each patch

may be labeled Hyperplastic Polyp (HP) or Sessile Serrated Adenoma (SSA). HP is the majority

class with 68.59% of labels. Labeling colorectal polyps between HP and SSA is challenging

due to high inter-pathologist disagreement. Seven pathologists contributed to the ground truth to

ensure reliable labels.

GM/WM segmentation task [29]. Besides the two pathology classification tasks above, we

also evaluate our proposed approach on a grey/white matter segmentation task in pathological

slides. For this dataset, we have 30 gigapixel slides with an average resolution of 50, 000×60, 000

by an Aperio AT2 scanner at 20X magnification. They were collected and annotated by a trained

researcher and expert at the University of California Davis, Alzheimer’s Disease Research Center

(UCD-ADRC). We follow the previous work [29] to split 20 slides into the training/validation set

while 10 slides into the hold-out test set. We tile these gigapixel slides into patches at 256× 256

and convert it into a weakly-supervised task [292].

Experimental setup. For a fair comparison, we use ResNet-50 [55] as the backbone in the

vision encoder f(·) and BERT [279] as the textual encoder. We follow CLIP [59] to use gradient

scaling to facilitate mixed-precision training. We set the learning rate as 0.0001. The batch

size is 32. We use Adam[220] as the optimizer. To compare the computational complexity, we

conduct all experiments on a single GPU (Nvidia RTX 2080Ti).
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Table 8.3: Quantitative comparison on MHIST. Precision, Recall, and F1-score refer to the

macro-averaged values from all classes.
Learning Manner Labeled Ratio Algorithm Accuracy Precision Recall F1-score AUC

Supervised 100% - 86.0 ± 0.36 84.8 ± 0.61 83.5 ± 0.55 84.1 ± 0.58 0.89 ± 0.01

Self-supervised 10% SimCLR [37] 63.2 ± 0.95 63.8 ± 1.20 62.2 ± 1.70 63.0 ± 0.85 0.66 ± 0.04

Semi-supervised 10%

Pseudo-Label [147] 65.4 ± 1.04 66.5 ± 0.98 65.9 ± 0.85 66.2 ± 1.42 0.75 ± 0.03

FixMatch [17] 70.5 ± 1.55 68.8 ± 2.76 69.5 ± 2.97 69.1 ± 2.86 0.79 ± 0.02

Dash [212] 70.2 ± 1.21 70.0 ± 0.85 71.3 ± 0.69 70.6 ± 1.48 0.81 ± 0.04

FlexMatch [18] 73.1 ± 0.84 74.6 ± 1.05 75.1 ± 0.90 74.8 ± 0.89 0.82 ± 0.03

Multimodal CLIP

Zero-shot [59] 36.9 ± 0.00 36.9 ± 0.00 100 ± 0.00 53.9 ± 0.00 0.50 ± 0.00

10%

CoOp [241] 68.9 ± 0.40 56.0 ± 0.65 72.8 ± 0.53 63.3 ± 0.86 0.76 ± 0.01

CLIP-Adapter [73] 65.9 ± 1.45 52.2 ± 1.23 87.2 ± 0.85 65.3 ± 0.95 0.77 ± 0.02

TIP-Adapter [274] 63.1 ± 0.78 49.9 ± 0.90 94.7 ± 1.02 65.4 ± 0.56 0.78 ± 0.03

Path-CLIP 74.8 ± 1.95 63.3 ± 1.40 75.6 ± 0.98 68.9 ± 1.50 0.84 ± 0.02

Baselines. We first implement traditional supervised learning (SL) methods with the entire

dataset to explore the upper-bound performance for each task. Then we reduce the data usage

and investigate the performance change of these SL methods. Then we compare Path-CLIP

with original CLIP [59] and three recent CLIP-based fine-tuning methods: CoOp [241], Tip-

Adapter [274] and CLIP-Adapter [73]. We compare them under the limited data scenarios

to test their ability to do downstream tasks when the new dataset is small. Besides that, we

also incorporate recent self-supervised learning (SimCLR [37]) and semi-supervised learning

(Pseudo-Label [147], FixMatch [17], Dash [212], and FlexMatch [18]). The semi-supervised

training also requires a large amount of unlabeled data, which involves data collection efforts. We

compare our proposed CLIP-based method with semi-supervised learning to show the advantages

of reducing data collection efforts.

8.4.2 Main results

Classification task: PCam [221] and MHIST [222]. The main results for two classification

benchmarks are summarized in Table 8.2 and Table 8.3. First, CLIP shows its promising zero-

shot ability: when we directly test CLIP on PCam [221], it can get 56.5% accuracy. Then, we

compare Path-CLIP with other CLIP-based fine-tuning methods. In PCam [221], we present

0.5% and 1.5% data usage in training set to fine-tune CLIP, respectively. We find all of these
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fine-tuning algorithms [241, 73, 274] can improve the performance of the original CLIP with

the new data from the downstream task presented. Our proposed Path-CLIP can outperform

them in both settings. Specifically, Path-CLIP outperforms TIP-Adapter [274] with 8% and 7.9%

accuracy when only 0.5% and 1.5% data are used, respectively. Path-CLIP also shows similar

improvement in MHIST [222] (Table 8.3). Since MHIST [222] is small, we use 10% of data for

fine-tuning. On the other hand, we implemented several recent semi-supervised learning where

the rest of the data in the training set are used as an unlabeled set. Although Path-CLIP does

not use unlabeled data, it can achieve competitive results with semi-supervised learning. This

indicates the potential of Path-CLIP to reduce the efforts of data collection.

Besides these ratios of data usage, we also visualize the results by varying the ratio to show

the performance of each fine-tuning algorithm. As shown in Fig. 8.5, CoOp [241] may not bring

improvement to PCam when more data are used to fine-tune the prompt. CoOp freezes the

encoders and only fine-tunes the language prompt part, while other algorithms also fine-tune

and vision part. We conclude that visual fine-tuning is more critical compared to language

fine-tuning, which is also reported in [73]. In Fig. 8.5, we also show that our proposed CLIP-Path

can consistently outperform the other three recent fine-tuning methods when we vary the data

usage.

Segmentation task: GM/WM segmentation [29]. Besides two classification tasks, we

follow a recent work [29] to generalize our method to a weakly-supervised segmentation problem.

We select IoU and DICE scores as the measuring metrics for the grey matter (GM) and white

matter (WM) regions. The results are summarized in Table 8.4. We select two supervised

learning (SL) approaches for the segmentation task: FCN [11] and U-Net [27]: we first use

all data in the training set (100%) to train them in a supervised manner, then we reduce the

dataset to 0.1% and 1% setting and train the model again. We can see that both SL algorithms

face performance degradation when the training data is scarce. They require an extensive and

well-curated labeled dataset to get satisfactory results. We then focus on multi-modal training

and fine-tuning CLIP with recent algorithms. Table 8.4 shows Path-CLIP can achieve superior

results among other fine-tuning techniques.
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(a) PCam

(b) MHIST

Figure 8.5. Comparison of different fine-tuning methods by varying data usage for the adapta-
tion.
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Table 8.4: Performance comparison on GM/WM segmentation.

Data Usage Algorithm GM_IoU GM_DICE WM_IoU WM_DICE

100% (SL)
FCN [11] 71.72 83.21 49.09 66.08

U-Net [27] 91.52 95.17 82.02 88.15

0.1% (SL)
FCN [11] 48.25 25.01 24.54 30.02

U-Net [27] 46.13 50.10 5.75 12.23

0.1% (CLIP)

CoOp [241] 62.23 65.70 39.92 48.65

CLIP-Adapter [73] 67.80 74.32 43.25 54.61

TIP-Adapter [274] 69.92 75.50 46.23 56.60

Path-CLIP 78.05 83.70 54.50 63.23

1% (SL)
FCN [11] 51.34 30.20 31.02 35.12

U-Net [27] 50.24 53.23 15.43 25.58

1% (CLIP)

CoOp [241] 63.45 64.12 37.85 45.34

CLIP-Adapter [73] 69.99 76.54 47.95 58.34

TIP-Adapter [274] 72.12 77.30 55.65 63.60

Path-CLIP 80.21 88.70 60.50 70.34

8.4.3 Ablation studies
8.4.3.1 Vision vs prompt fine-tuning

CoOp [241] is the recent state-of-the-art fine-tuning method for CLIP. Hence, we mainly compare

our proposed RFC with its performance and computational complexity. We summarize the results

in Table 8.5. When we range the data usage from 0.1% to 1%, we reveal Path-CLIP can obtain

5.5% improvement in accuracy while only introducing 1 minute of additional training time.

However, CoOp [241] has the overfitting issue and obtains a lower score while using 53 minutes,

which is almost five times compared to the time used by RFC. The situation remains similar

under the 10% of data usage. We conclude our proposed RFC can get over 25% improvement

on CLIP by only using 10 minutes for the fine-tuning on a single GPU, which is promising

for digital pathology research. Table 8.5 demonstrates results revealing vision fine-tuning for a
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Table 8.5: Vision vs prompt fine-tuning on PCam.

Data Usage Algorithm Accuracy Training Time

Zero-shot CLIP [59] 56.5 -

0.1%
CoOp [241] 58.5 7 min 6 sec

Path-CLIP 76.4 10 min 29 sec

1%
CoOp [241] 61.5 53 min 21 sec

Path-CLIP 81.9 11 min 56 sec

10%
CoOp [241] 59.9 2 h 23 min 45 sec

Path-CLIP 83.0 27 min 18 sec

medical domain may be more effective than prompt fine-tuning.

8.4.3.2 Effect of Residual Feature Connection

To show the effect of the Residual Feature Connection (RFC), we use t-SNE [293] to visualize

the manifold of the original CLIP and CLIP with RFC after training it on PCam [221]. The

t-SNE results are presented in Fig. 8.6: it illustrates RFC can show clear separations of image

features belonging to different classes in the high-dimensional classification space. In addition,

as shown in Table 8.6, RFC with the self-adaptive ratio can significantly improve with +15.5%

accuracy.

8.4.4 Importance of alleviating overfitting

Since the new downstream task may have a very limited training set, it is crucial to alleviate

the potential overfitting issue. Besides the RFC with the self-adaptive ratio, we also propose

HRP (Hidden Representation Perturbation), DVC (Dual-view Vision Contrastive), and DMCL

(Doublet Multimodal Contrastive Loss) to cope with the overfitting issue. Table 8.6 summarizes

the contribution of each proposed module: we find HRP can improve with +2.2% accuracy

and DVC can improve with +4.3%. DMCL inspired by self-supervised learning can also aid in
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(a) CLIP

(b) CLIP with RFC

Figure 8.6. Visualization of different learned feature manifolds via t-SNE.

great improvements. We conclude contrastive learning and perturbations on data and hidden

representations are helpful to the overfitting issue when the new dataset is small.

8.5 Discussion
Automated analysis of the pathology image task is an important aspect in providing scalable

objective evaluations of medical images. Limited data availability limits the intensive end-to-end
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Table 8.6: Ablation study on PCam using 0.5% data for fine-tuning.

# RFC HRP DVC DMCL Accuracy F1-score AUC

1 ✗ ✗ ✗ ✗ 56.5 53.7 0.60

2 ✓ ✗ ✗ ✗ 72.0 70.5 0.69

3 ✓ ✓ ✗ ✗ 74.2 75.5 0.78

4 ✓ ✓ ✓ ✗ 78.5 79.3 0.84

5 ✓ ✓ ✓ ✓ 81.9 82.1 0.89

training of deep networks. Also, the requirement of multiple learning tasks for the complete

pathology image analysis is time-consuming and can be resource-hungry. In this work, we explore

the generalization of CLIP in pathology image classification. The Contrastive Language-Image

Pre-training (CLIP) model has shown powerful capabilities in diverse downstream applications.

However, its applicability in pathology image analysis with limited labeled data is still under

study due to the giant domain shift and overfitting issues. We propose Path-CLIP to efficiently

fine-tune CLIP image encoder that extracts the rich semantic information using small datasets

and light computing resources.

We introduce the self-adaptive residual ratio α into Residual Feature Connection (RFC),

which changes dynamically during training and overcomes the overfitting issue. The ablation

studies show the importance of self-adaptive residual ratio, an improvement of 15.5% and

16.8% is observed in accuracy and F1 score, respectively. Additionally, other modules of the

image encoder of the vision-language pre-trained model significantly contribute to improving

the prediction ability of the model and address the overfitting issue as well. The combination of

these modules resulting in an overall improvement of 9.9% in accuracy over RFC. The results

reveal the superiority and effectiveness of the proposed Path-CLIP in comparison to the existing

fine-tuning methods, with respect to the evaluation criteria considered. It is interesting to note

the Path-CLIP outperforms the traditional CLIP by 19.9% when using only 0.1% of the labeled

data in PCam dataset, in addition, the less computational time compliments the efficiency of

150



the method. Hence, we conclude Path-CLIP is more robust and has the potential to bridge the

domain shift between the pre-trained natural images and pathology images in an efficient and

cost-effective manner.
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Chapter 9
Future Work

9.1 Heterogeneity in pathology image analysis tasks
9.1.1 Expanded datasets for robustness analysis

In Chapter 2 and 3, we only evaluated the proposed methods on Amyloid-β stained WSIs from

the temporal cortex neuroanatomical region. To extend the versatility of our approaches, we will

incorporate WSIs from other neuroanatomical regions of the human brain for evaluation, such

as superior middle temporal gyrus, middle frontal gyrus, and superior parietal lobule. Besides

Amyloid-β staining, we plan to evaluate on other staining WSIs, such as Hematoxylin and Eosin

(H&E) staining. Figure 9.1 is one example of the evaluation on region parietal. We also plan to

optimize the entire pipeline to reduce the computational cost and make it more user-friendly.

9.1.2 Extend SSL to more pathology image analysis tasks

Pathology image analysis includes classification, segmentation, and object detection. All of them

heavily rely on a well-curated and fully annotated dataset when training a supervised learning

model. To minimize the labeling efforts, we propose to evaluate the proposed algorithms on

diverse pathology image tasks, such as plaque detection [16] to further evaluate the effectiveness

of the proposed methods.
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(a) Parietal (b) cored (c) diffuse

Figure 9.1. One example from region parietal. (b) and (c) shows the distribution of cored and
diffuse in GM and WM, respectively.

9.1.3 Class-imbalanced and fairness issue in pathology images

Another common issue, data imbalance can also prevent the direct adaption of state-of-the-art

SSL on our pathology images. As we have proposed SAW (in Chapter 4) that never makes

any assumption on the unlabeled data, it is promising to apply the enhanced SSL framework

with SAW to pathology image analysis tasks and achieve well-defined performance with scarce

labeled data. Another challenge of deep learning is the model’s bias and fairness issue: we plan

to propose an optimal trade-off between fairness and accuracy for any deep learning models with

bi-level optimization algorithms.

9.2 Transferability and semi-supervised transfer learning
Transferability. Although we have proved the applicability of semi-supervised learning on some

applications, it still requires a large amount of unlabeled data. As the data extraction process for

pathology images is expensive and less frequent [294], it is expected that the number of labeled

medical images can be limited, which sets an obstacle for applying SSL. Transfer learning can be

an effective way when only a few labeled target images are available for supervision [295, 296].

However, the transferability of pre-trained models to pathology image analysis is still under

exploration [294], especially the transferability measurement. A transferability metric aims to

quantitatively reveal how feasible it is to transfer knowledge learned from a source task to a
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target task [297, 298, 299, 300, 301]. Although several theoretical results in transfer learning

such as [302, 303, 304] indicate that an inevitable generating distribution divergence between the

source and target data can model the task relationship, this relationship is difficult to estimate in

practice when target data is limited. Previous transferability metrics [305, 306] rely on training

loss or validation accuracy to calculate the task relationships. Thus they require to retrain the

source model, which may involve expensive computation. Recent analytical metrics [69, 307, 66]

have strict assumptions on data: NCE [308] assumes that the target tasks share the same input

instances as the source tasks; H-score [307] makes an assumption that the target data are

distributed in the same domain as the source data.

A recent study [301] proposed a novel cross-domain cross-task transferability metric to

learn the domain difference and task difference in a unified framework. This approach is about

75x faster compared to traditional transfer learning, which is promising for applications on

gigapixel pathology images. Hence such a metric has the potential to boost the applicability of

transfer learning in pathology images by selecting an appropriately transferable way to achieve

competitive results even when available data are very limited.

Semi-supervised transfer learning. Although semi-supervised learning algorithms have

shown their promising results in leveraging both labeled and unlabeled data, most of them

assume a general setting where the model is trained with randomly initialized parameters from

scratch [309, 310]. In [310], they consider a more realistic setting by utilizing a pre-trained

model that is powerful and effectively fits on large-scale datasets for general purposes. These

models have been empirically proven to keep good transferability on various down-streaming

tasks [305]. They can achieve significant improvement on the generalization capacity of target

tasks, especially when data are relatively scarce. However, the efforts on the exploration of a

systematic solution on semi-supervised transfer learning remain limited. Abuduweili et al. [310]

proposed a semi-supervised transfer learning algorithm beyond a simple combination of these

two learning schemes. They borrow the compelling idea of consistency loss in semi-supervised

learning and adapt it into inductive transfer learning.
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9.3 From interpretability to continual learning
In pathology image settings, we have WSIs with different staining and from different cases.

Training a recursive model with the process of data collection requires prior knowledge pre-

serve and new knowledge assimilation [311]. Continual learning, also known as incremental

learning or life-long learning, can assimilate new information from new tasks without forgetting

past knowledge learned from previous data and tasks [312, 313, 314]. It has the potential to

achieve such training in pathology image analysis. Traditional continual learning can be roughly

partitioned into three groups: 1) regularization-based methods that may rely on knowledge

distillation [315, 316, 317]; 2) exemplar-based methods that add partial copies of previous data

into the current training set [318, 319, 313]; 3) architecture-based methods that attempt to modify

some components in the architecture for fitting in the task [320, 321]. However, in practice,

these methods suffer from inconsistent performance across different datasets, and their ability to

mitigate the catastrophic forgetting [322] is still questionable [323].

Recently in the interpretability research field, Chan et al. [324] proposed ReDuNet and

claimed it is a “white-box" (purely interpretable) model that does not need any propagation for

each layer. Furthermore, they proved that the iterative gradient ascent scheme for optimizing the

rate reduction objective could naturally lead to building a model with the same structure of a

multi-layer deep network. With such a “white-box" model, they designed the architecture derived

from the principle of rate reduction. They claimed that the model built this way can preserve

knowledge by adequately adjusting the model parameters to preserve knowledge learned from

previous training data and tasks, resulting in the feasibility of continual learning naturally [323].

Therefore, studying the interpretability of deep learning models can be a potential direction to

build a robust and practical continual learning model under real-world settings. On the other

hand, the model’s interpretability is also a critical factor in medical image analysis by providing

meaningful medical features to doctors. The exploration of developing a “white-box" deep

learning model for pathology image tasks is under study. Hence we propose further to study the

interpretability of networks [26] to aid in medical research.
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