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Abstract

Deep learning has elicited breakthrough successes on a wide array of machine learning

tasks. Outside of the fully-supervised regime, however, many deep learning algorithms

are brittle and unable to reliably perform across model architectures, dataset types,

and optimization parameters. As a consequence, these algorithms are not easily

usable by non-machine-learning experts, limiting their ability to meaningfully impact

science and society.

This thesis addresses some nuanced pathologies around the use of deep learning for

active and passive online learning. We propose a practical active learning approach for

neural networks that is robust to environmental variables: Batch Active learning by Di-

verse Gradient Embeddings (BADGE). We also discuss the deleterious generalization

effects of warm-starting the optimization of neural networks in sequential environments,

and why this is a major problem for deep learning. We introduce a simple method that

remedies this problem, and discuss some important ramifications of its application.
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Chapter 1

Introduction

1.1 Deep Learning Strengths and Weaknesses

In recent years, terms like deep learning and machine learning have moved from

research jargon to regular vernacular. Cutting-edge deep learning research consistently

garners attention from the media [1, 2, 3], behemoth technology companies allocate

signi�cant resources toward machine learning endeavors [4, 5], and the economic and

sociological consequences of arti�cial intelligence systems are frequent topics of debate

among policymakers and pundits [6, 7, 8, 9].

Is this hype warranted? The recent excitement around deep learning may lead one

to believe it is a relatively new technology, but this is not the case: neural networks

have existed, in some form, along with the tools typically used to optimize them, for

over half a century [10, 11].
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The popularity of deep learning today is due largely to the availability of both

powerful computation and huge, annotated datasets. In 2010, researchers at Stanford

released the ImageNet database, consisting of 1.2 million images of 1,000 object

classes, collected using extensive manual e�ort [12]. Since its inception, the ImageNet

project has run an annual software contest to evaluate image-classi�cation algorithms

on the ImageNet database. In 2012, a deep neural network termed AlexNet drasti-

cally outperformed competing strategies, reinvigorating an otherwise relatively stale

landscape of deep learning research [13].

AlexNet was an engineering triumph, demonstrating that neural network training

could be signi�cantly accelerated by GPUs. Since AlexNet, the ImageNet competition

has been consistently won by convolutional neural networks of varying architecture,

often trained with very speci�c hyperparameter and regularization settings. According

to some measurements, recent winning models surpass even human performance [14].

An optimistic takeaway from the ImageNet competition is that neural networks

can perform extremely well on machine learning problems. A more honest message,

however, is that the success of these models relies more than we would like on their

inclusion of meaningful inductive bias (like convolution), the availability of massive

amounts of annotated data (like ImageNet), and the identi�ability of high-performing

hyperparameters (like learning rates and regularization settings).

Searching for optimal model architectures and hyperparameters is an iterative

process, generally requiring both human expertise and large amounts of computation.

This poses a problem: we want deep learning to enable breakthrough technologies and

accelerate scienti�c innovation, but engineers and scientists may not have the expertise

2



to easily bene�t from research in this space. If deep learning is to make a meaningful

impact on society and science, it is necessary to take steps towards making its

performance less reliant on ideal hyperparameters and large amounts of labeled data.

1.2 Contributions

In this thesis, we attempt to robustify the use of neural networks for sequential

learning scenarios. In particular, we identify and seek to remedy some nuanced

pathologies around the use of deep learning in these passive and active online learning

regimes.

In Chapter 2 we discuss a motivating example, designing a machine learning

solution to a statistical genomics problem. We use convolutional neural networks

and canonical correlation analysis to identify meaningful relationships in paired

genotype and phenotype data. At the end of the chapter, we note that in this space,

labeled data are expensive to acquire, limiting the size of datasets we use and, as a

consequence, the e�ectiveness of models trained on them.

Chapter 3 introduces an algorithm intended to alleviate problems of this variety.

Our hyperparameter-free, batch-mode active learning approach, which we call BADGE,

is built to request labels only for examples that are most informative to the model.

We propose a novel embedding for unlabeled data that somewhat decouples each

sample's identity from the learner's uncertainty about its label. Once in this space,

we use a sampler that can strike a balance between batch diversity and predictive

uncertainty. We show that while the relative performance between baseline acquisition
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functions is often sensitive to things like model architecture, data type, and batch

size, BADGE is consistently high performing.

In Chapter 4 we discuss how, while some active learning acquisition functions

are more e�cient than others, the primary computational bottleneck in deep active

learning is model train time. This is because virtually all deep active learning work

retrains the network from scratch each time new data are appended to the training

set [15, 16, 17]. The more e�cient approach, which is to initialize network parameters

to those found in the previous round of active learning, tends to cause signi�cantly

worse generalization performance in comparison to randomly-initialized models. We

show that this is not just a problem in active learning, but also passive online learning.

We propose a simple hybrid initialization that remedies this ine�ciency without

sacri�cing performance.

We defer our discussion of related work to Chapter 5. Finally, Chapter 6

overviews our �ndings and identi�es interesting avenues for future work. The main

chapters of this thesis have been published or are in preparation in the following

venues:

[Chapter 2]: Jordan T. Ash� , Gregory Darnell� , Daniel Munro� , and Barbara

E. Engelhardt. Joint analysis of gene expression levels and histological images

identi�es genes associated with tissue morphology. Nature Communications,

2020.

[Chapter 3]: Jordan T. Ash, Chicheng Zhang, Akshay Krishnamurthy, John

4



Langford, and Alekh Agarwal. Deep batch active learning by diverse, uncertain

gradient lower bounds. InInternational Conference on Learning Representations,

2020. (talk)

[Chapter 4]: Jordan T. Ash and Ryan P. Adams. On Warm-Starting Neural

Network Training. arXiv preprint , 2020.
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Chapter 2

A motivating example

The success of deep learning in the past several years has spurred a plethora of

exciting research on its application to problems in medicine [18, 19, 20, 21]. This

chapter broadens research in this space by introducing a machine learning approach

for studying associations between paired genotype and phenotype data.

Our goal is to associate histological image phenotypes with high-dimensional

genomic markers; the limitations to incorporating histological image phenotypes in

genomic studies are that relevant image features are di�cult to identify and extract

in an automated way. We use convolutional autoencoders and sparse canonical

correlation analysis (CCA) on histological images and gene expression levels from

paired samples to �nd subsets of genes whose expression values in a tissue sample

correlate with subsets of morphological features from the corresponding sample image.
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2.1 Introduction

Histological and histopathological images�high-resolution microscopic images of

healthy or diseased tissue samples that have been sectioned and stained�are essential

for identifying and characterizing complex phenotypes. Pathologists study tissues

using histological imaging techniques for scienti�c research on cellular morphology

and tissue structure and for medical practice. For example, visual inspection of

biopsied tissue is a major component of cancer diagnosis, since cancer is known to

a�ect the morphological properties of tissues, including extracellular structure and

cell size, shape, and organization [22].

There has been considerable research in computationally analyzing pathological

image data to develop automated cancer diagnoses. Earlier approaches typically

involved the extraction of predetermined morphological, textural, and fractal image

features from histological images [23]. The resulting image feature vectors then are

used to classify the pathological status of the sample [24]. Because this feature

extraction relies on human-de�ned features, challenges arise as a result of cross-tumor

heterogeneity and the variance inherent in histology and pathology [25].

Complementary to visual inspection of histological images, gene expression can be

measured to study cellular activity on the molecular level. Bulk gene expression levels

have been used to characterize and understand cellular di�erences between sample

tissues [26], disease phenotypes [27], environments [28], or exposures [29]. Current

work has mainly focused on �nding genotypes and gene expression levels associated

with disease phenotypes [30, 26]. Single cell imaging studies have begun to study

the connection between expression and cellular morphology [31, 32], but throughput,

7



number of transcripts imaged, number of cells, and image analysis pose challenges

to this technology as an all-purpose solution currently. More generally, analyses to

identify sets of genes whose expression levels are correlated with cellular physiology

and tissue phenotypes would enable investigation into both basic cellular biology and

drivers of cellular morphology associated with disease. Here, we are interested in

identifying genes and genotypes associated with stained images of tissue sections.

Association studies involving histological image data, in contrast to predictive and

diagnostic studies, have not been broadly undertaken, despite their importance. This

is largely because it is not clear how to identify biologically relevant features auto-

matically from histological images. Previous work on this subject involved extracting

hand-engineered features from images and computing pairwise correlations with gene

expression data [33]. Methods exist to analyze histological images automatically, but

often these methods extract image features that are not associated with genomic

features [34].

In this work, we address this di�culty in a framework called ImageCCA, which

relies on the automatic extraction of image features using a convolutional autoencoder

(CAE) [ 35]. A CAE is an unsupervised deep learning method that produces a small

set of numeric features that can be used to characterize an image [35]. These image

feature representations are intended to capture variance in the image as a whole, but,

as discussed later, we can also produce image features that are predictive of class

labels, such as tumor versus healthy samples.

We use sparse canonical correlation analysis (CCA) to identify correlated sets of

genes and learned histological image features. CCA �nds linear mappings from paired

8



samples into a shared low-dimensional space for which these observations maximally

correlate [36]. Because we expect only a small subset of genes to contribute to a

particular kind of morphological variation, we use a sparse form of CCA to identify

small subsets of genes and image features whose values correlate most strongly

with each other. CCA can be thought of as jointly modeling and partitioning the

contributors to variance in the gene expression levels and image features. A single

CCA component�capturing variation in samples due to a subset of genes and image

features�implicitly removes this variation from signals captured in other components.

We interpret the variation captured in CCA components by examining both the

enriched molecular functions of their selected genes and the cellular morphology of

their selected image features.

This chapter proceeds as follows. First, we give an overview of ImageCCA for

the joint analysis of paired gene expression and histological image data. Next, we

apply this framework to three datasets with histological images and gene expression

levels on paired samples. We demonstrate the biological signi�cance of the resulting

associations using functional analyses of the subsets of genes that correlate with

image features.

2.2 ImageCCA for gene-image associations

ImageCCA correlates extracted image features with paired gene expression levels to

faclilitate the study of associations between cellular morphology and gene expression

levels. In our scenario, the model has access to paired samplesX 2 f x1; x2; :::; xng and
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Y 2 f y1; y2; :::; yng, whereX is a dataset of images of tissues andY is a corresponding

dataset of gene expressions. Each imagex i 2 Rd� d� 3 is a color (three channel),d � d-

pixel photograph of cells from a particular tissue. Gene expressions for those same

cells are represented in the corresponding sampleyi 2 Rm , where each dimension

denotes the amount by which a particular gene is expressed.

The goal of ImageCCA is to correlate image features with gene expression data.

Solving this problem successfully would allow us to garner insight into the genetic

underpinnings of cellular morphologies. We propose to learn concise image represen-

tations of each imagex i , then to use sparse canonical correlation analysis to correlate

this learned representation with the corresponding sampleyi .

2.2.1 Representation Learning

Our method has both supervised and unsupervised variants, which di�er only in

the way image representations are learned. In the unsupervised variant, image

representations are learned using a convolutional autoencoder (Figure 2.1).

The CAE is used to embed these images into a 1,024-dimensional space [13].

Embeddings from the CAE are learned with the objective of reconstructing the

original image as accurately as possible�the model's loss is thè2 distance between

original and reconstructed images, relying on the 1,024 representative image features

learned by the encoder. The low-dimensional representation encodes visual properties

of images without regard to annotations like cancer status or tissue type. In this

feature space, images with similar morphological features tend to be closer to each
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Figure 2.1: A convolutional autoencoder trained to reconstruct tissue samples from
the BRCA dataset. Each convolutional layer of the encoder includes5 � 5 �lters
followed by 2� 2 max pooling and recti�ed linear (ReLU) activations. The �nal layer
of the encoder, which produces our embedding, is fully connected to a layer of1024
units. Each convolutional layer in the decoder is upsampled2� before again applying
ReLU nonlinearities. The �rst convolutional layer of the decoder is linearly projected
and reshaped from the bottleneck layer.

other in Euclidean space, while images with dissimilar features tend to be farther

apart (Figure 2.3).

Many of the datasets we consider also include annotations for each image, specify-

ing, for example, cancer type. The feature representation from the CAE quanti�es

many types of histological variance, but we are often interested primarily in the

morphological di�erences between these kinds of pathological states. To capture these

di�erences in our embeddings, we added a multilayer perceptron (MLP) to the pre-

trained encoding portion of the CAE, and trained the MLP to distinguish histological

images according to the labels in the dataset. The MLP adds a supervision signal

to the feature extraction process. The modi�ed image representation will identify

features that are useful for classi�cation�for example, distinguishing morphological

11



features of tumors versus healthy tissues�rather than for image reconstruction. In

this setting we use penultimate layer activations of the MLP to represent samples.

Figure 2.2: Architecture of the feature extraction model for supervised ImageCCA.
The pre-trained encoder is attached to two fully-connected layers to allow for classi�-
cation. The �rst classi�cation layer features 128 ReLU units, and the second has as
many neurons as there are classes with softmax activation (for multi-class problems)
or a single sigmoid unit (for binary classi�cation problems).

2.2.2 Canonical Correlation Analysis

Canonical Correlation Analysis identi�es linear mappings from paired samples into a

shared low-dimensional space for which these observations maximally correlate [36].

CCA is given ann � d matrix of image embeddingsX e (representingn samples of

dimensionsd produced by the encoding portion autoencoder), and a corresponding

n � g matrix of gene expression levelsY (representingn samples of dimensiong). The

�rst iteration of CCA aims to identify vectors a1 and b1 that maximize corr(X ea1; Y b1).

The procedure is repeatedk � minf d; gg times. Proceeding iterationsi of CCA

12
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